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Abstract Documents come naturally with structure: a section contains paragraphs which
itself contains sentences; a blog page contains a sequence of comments and links to related
blogs. Structure, of course, implies something about shared topics. In this paper we take the
simplest form of structure, a document consisting of multiple segments, as the basis for a
new form of topic model. To make this computationally feasible, and to allow the form of
collapsed Gibbs sampling that has worked well to date with topic models, we use the mar-
ginalized posterior of a two-parameter Poisson-Dirichlet process (or Pitman-Yor process)
to handle the hierarchical modelling. Experiments using either paragraphs or sentences as
segments show the method significantly outperforms standard topic models on either whole
document or segment, and previous segmented models, based on the held-out perplexity
measure.
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1 Introduction

Documents come with structure: a section contains paragraphs which itself contains sen-
tences; a blog page contains a sequence of comments and links to related blogs; a paper
contains appendices and references to related work. Some forms of structure are modelled
with links in a document, and many different approaches follow from the key initial pa-
per here (Cohn and Hofmann 2001). Some forms of structure are readily modelled sim-
ply by typing tokens, separating out the words, the links, maybe the names, into different
multinomials in the topic model, easily done with existing theory (Buntine and Jakulin 2006,
Sect. 5.2). Other forms of structure work with the topic space themselves (Blei et al. 2004;
Mimno et al. 2007). However, a different challenge in text analysis is the problem of un-
derstanding the document structure. In this paper, we look at the original layout of each
document as our guide to structure by following the ideas of Shafiei and Milios (2006), who
developed a hierarchical model of the segments in a document.

Given a collection of documents, each of which consists of a set of segments (e.g., sec-
tions, paragraphs, or sentences), each segment contains a group of words, we wish to explore
the latent topic structure of each document by taking into account segments and their layout.
We believe segments in a document not only have meaningful content but also provide pre-
liminarily structural information, which can aid in the analysis of the original text. This idea
actually originates from the way in which people normally compose documents (e.g. essays,
theses or books). Obviously, to write a document, we need first come up with some main
ideas, then organize segments around them, and the ideas for segments could vary around
the main ideas.

We take essay writing as an example. An easily accessible and understandable structure
is very important for an essay. Generally, an essay should have main ideas which indicate
what the essay deals with; then paragraphs, basic structural units in an essay, are organized
around the main ideas. Furthermore, each paragraph should have one or more ideas, called
sub-ideas in our work, which must link to the main ideas. It means they are not isolated, but
sub-ideas can be more specific than the main ideas, and generally be variations of them. The
layout and progression of ideas give the meaningful structure of an essay.

Can we statistically model documents in this manner? We adopt probabilistic generative
models called topic models. The basic idea is that each document is a random mixture over
several latent topics, each of which is a distribution over words. Topic models specify a
simple probabilistic process by which words can be generated. Here, we can consider Latent
Dirichlet Allocation (LDA) model, proposed by Blei et al. (2003), as a way of modelling
“ideas” with topics. However, LDA cannot simultaneously learn main ideas and sub-ideas
under the same latent topic settings.

Extending LDA to involve segments of a document, Shafiei and Milios (2006) presented
a Latent Dirichlet Co-Clustering (LDCC) model. It assumes there are two kinds of topics,
document-topics (i.e., distributions over segments) and word-topics (i.e., distributions over
words). Thus the LDCC model does not share topics between documents and their segments.
It is also assumed that each segment is associated with only one document-topic. We will
argue that these assumptions can be removed by using distributions over topics (i.e., topic
proportions).

There are other topic models that discover the hierarchical structure of topics, for instance
using the Hierarchical Dirichlet Process (HDP) (Teh et al. 2006), Hierarchical LDA (HLDA)
(Blei et al. 2004), and Pachinko Allocation Model (PAM) (Mimno et al. 2007). HDP is built
on data that have been pre-clustered into a hierarchical structure. HLDA organizes topics
into a tree based on the nested Chinese restaurant process (CRP), then generates documents
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by selecting topics along the paths in the tree. PAM uses a directed acyclic graph (DAG)
to model the topic hierarchies. These models attempt to capture the intra-topic correlation
(i.e., the hierarchical structure of topics) that is quite different from the document structure
we deal with. Another model, Dynamic Topic Models (DTM) (Blei and Lafferty 2006),
analyzes the time evolution of topics among document collections, rather than inside each
document.

In this paper, we develop a simple structure topic model using the two-parameter Poisson
Dirichlet process (PDP) (Pitman and Yor 1997; Ishwaran and James 2001), based on recent
theoretical results of the PDP for finite discrete cases (Buntine and Hutter 2010). This has
the advantage of allowing a collapsed Gibbs sampler to be developed for the hierarchical
structure model. The rest of this paper is organized as follows. In Sect. 2, we present our new
Segmented Topic Model (STM), and then elaborate an approximate inference algorithm for
STM in Sect. 3. STM is compared with previous models in Sect. 4, and experiments based
on unbiased evaluations reported in Sect. 5. Our experiments clearly illustrate the superiority
of our STM over previous models.

2 Segmented topic model

Our Segmented Topic Model (STM) is a four-level probabilistic generative topic model: two
levels of topics proportions, a level of topics and a level of words.

Before specifying STM, we list all notations and terminologies used in this paper. Nota-
tions are depicted in Table 1. We define the following terms and dimensions:

— A word is the basic unit of our data, indexed by {1, ..., W}.

— A segment is a sequence of L words. It can be a section, paragraph, or even sentence. In
this work, we assume segments are paragraphs or sentences.

— A document is an assemblage of J segments, as shown in Fig. 1(b).

— A corpus is a collection of I documents.

The basic idea of STM is to assume that each document i has a certain mixture of latent
topics, denoted by probability vector u;, and is composed of meaningful segments; each
of these segments also has a mixture over the same space of latent topics as those for the
document, and these are denoted by probability vector v; ; for segment j of document i.
Both the main ideas of a document and sub-ideas of its segments are modelled here by
these distributions over topics. Sub-ideas are taken as variants of the main ideas, and thus
sub-ideas can be linked to the main ideas, giving correlations between a document and its
segments.

How do the segment proportions v; ; vary around the document proportions ;? The use
of the PDP distribution as v; ; ~ PDP(a, b, ;) distribution is a key innovation here. We
would be happy to use, instead, a distribution such as v; ; ~ Dirichlet(bu;) where b plays
the role of “equivalent sample size”. However, such a distribution makes the prior non-
conjugate to the likelihood so general MCMC sampling is required and parameter vectors
such as p; can no longer be integrated out to yield efficient collapsed Gibbs samplers. We
therefore employ the following lemma adapted from (Buntine and Hutter 2010):

Lemma 1 The following approximations on distributions hold

PDP(0, b, discrete(0)) ~ Dirichlet(b),
PDP(a, 0, discrete(8)) ~ Dirichlet(a®) (as a— 0).
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Table 1 List of notations

Notation Description

K Number of topics

1 Number of documents

Ji Number of segments in document i

L;; Number of words in document i, segment j

w Number of words in dictionary

o Base distribution for document topic probabilities

i Document topic probabilities for document i, base distribution for segment topic probabilities
vij Segment topic probabilities for document i and segment j
P Word probability vectors as a K x W matrix

(078 Word probability vector for topic &, entries in @

y W-dimensional vector for the Dirichlet prior for each ¢
wj j1 Word in document i, segment j, at position /

Zijl Topic for word in document i, segment j, at position /

Fig. 1 The Segmented Topic

Model and the document Y QiQ ¢ e
K
\
\

structure used in this model
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(a) STM (b) Doc-structure

The first approximation is justified because the means and the first two central moments
(orders 2 and 3) of the LHS and RHS distributions are equal. The second approximation is
Justified because the mean and first two central moments (orders 2 and 3) agree with error
0(a?).

The PDP is a prior conjugate to the multinomial likelihoods, as will be shown in a later
section, so allows collapsed Gibbs samplers of the kind used for LDA. Thus, conditioned
on the model parameters o, y, @ and PDP parameters a, b (called discount and strength
respectively), STM assumes the following generative process for each document i:

1. Draw p; ~ Dirichletg (o)
2. For each segments j € {1,..., J;}
(a) draw v; ; ~PDP(a, b, u;)
(b) Foreach w; j;, wherel e {1,...,L; ;}
i. Select a topic z; j; ~ discreteg (v; ;)
ii. Generate a word wy j; ~ discreteW((bZM )

We have assumed the number of topics (i.e., the dimensionality of the Dirichlet dis-
tribution) is known and fixed, and the word probabilities are parameterized by a K x W
matrix @. The graphical representation of STM is depicted in Fig. 1(a), where shaded nodes
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are observed random variables, unshaded nodes are latent random variables, and the plates
indicate repeated sampling.

The complete-data likelihood of each document i (i.e., the joint distribution of all ob-
served and latent variables) can be read directly from the graph using the distributions given
in the above generative process.

3 Approximate inference by collapsed Gibbs sampling

We have described the motivation behind STM. Here, we elaborate the procedures for in-
ference and parameters estimation under STM. In order to use the model, we need to solve
the key inference problem which is to compute the posterior probability of latent variables
(i-e., m, v and z) given the input &, @, a, b and observations w, p(p,v,z|w,a, P, a,b).
Unfortunately, this posterior distribution cannot be computed directly, due to the intractable
computation of marginal probabilities. We must appeal to an approximated inference, where
some of the parameters (e.g. i, v and @) can be integrated out rather than explicitly esti-
mated. Two standard approximation methods have been applied to topic models: variational
inference (Blei et al. 2003) and collapsed Gibbs sampling (Griffiths and Steyvers 2004). We
use the latter taking advantage of the collapsed sampler for the PDP.

Table 2 lists all statistics needed in our algorithm. The statistics #; ; ; and its derivatives
are introduced next.

3.1 Marginalizing the PDP

The necessary data for the model is the assignments of words to topics indicated by z; ; ;, but
also some latent statistics called “table counts of the CRP” indicated by #; ; «, and collectively
referred to as the current state of the CRP. This subsection explains how these table counts
appear. For our purposes, one does not need to know what these table counts are, or how
they are derived, since they can be treated as constrained latent variables that just make the
sampling work (according to the lemma below). An explanation of them, however, appears
in Appendix.

The following lemma, which we adapt from Buntine and Hutter (2010) is used to handle
the PDP. It marginalises the v; ; out of the posterior for our model and leaves u; in conjugate

Table 2 List of statistics

Statistic ~ Description

M jw Topic by word total sum in document i, the number of words with dictionary index w and topic k.

My M; i totalled over documents i, i.e., Y; M; . -

M Vector of W values My .

ni jk Topic total in document i and segment j for topic k.

N j Topic total sum in document i and segment j, i.e., ni k-

n;j Topic total vector, i.e., (1n; j 1,-.., 1 j,K)-

ti .k Table count in the CRP for document i and segment j, for topic k. This is the number of tables
active for the k-th value.

T; j Total table count in the CRP for document i and segment j, i.e., > #;, k-

tij Table count vector, i.e., (¢ j 1,51, j,K)-
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form. Consider that part of the complete data likelihood containing segment topic probabili-
ties v; ;. For each document i, this takes the form p(v;, z;|i;, o, @, a, b). Ideally, we would
like to integrate the vectors v; out for a nice collapsed sampler. We can do this, however, at
the cost of introducing the additional latent statistics ¢;, thus getting p(¢;, z;|u;, &, @, a, b)
where the ¢; are integer vectors rather than real-valued vectors. The lemma explains how.

Lemma 2 Given a probability vector p of dimension K , and the following set of priors and
likelihoods for j =1,...,J

v; ~ PDP(a,b, ),

n; ~ multinomialg (v;, N;),

where N; =), njy, introduce auxiliary latent variables t ; such that t;y <n;; andt;; =0
ifand only if n ; = 0, then the following marginalised posterior distribution holds

N; Bla)y, ;. Nk 1
p(nyy,tiyla, b, ) chni,-jTW HS’j{I;]tlll_[Mk s
. N; .
J J J.k k

The functions introduced in the lemma are as follows: C,,j’ is the multi-dimensional
choose function of a multinomial; (x) v is given by (x|1)y, (x]|y)n denotes the Pochhammer
symbol with increment y, it is defined as

xN if y=0,
xv=x(x+y)---x+(N—-Dy)= Ny LG/ytN) ify>0,

I'(x/y)

where I'(-) denotes the standard gamma function; and S3;  is a generalized Stirling number
given by the linear recursion (Buntine and Hutter 2010; Teh 2006)

S =Si-1.a+ N —Ma)Sy,

for M < N. Itis O otherwise and S(’)Ya = §y.0- These rapidly become very large so computa-
tion needs to be done in log space using a logarithmic addition.

3.2 The model likelihoods

Consequently, to build a collapsed Gibbs sampler, we first need to derive the marginal distri-
bution over w, z and the newly introduced table counts ¢. The Dirichlet priors we put on u;
are conjugate to the multinomial distributions, which make the marginalization much easier.
Thus, the joint conditional distribution of z;, #; 1.;,, w; can be easily computed by integrating
out u;, v; ; and @ respectively as follows:

First, integrating out the segment topic distribution v; ; by using Lemma 2, we have
P, zi, wi, b1y |, ®,a,b)

1 ak+zjt,;jk—l (b|a)7"i,' n,jk ka
M Y - ; o)
BetaK(ot)l:[ ! U ), U Sijea [ [ 90

w,k

where Betag (o) is K dimensional beta function that normalizes the Dirichlet. Then, inte-
grating out the document topic distributions ; and the topic-word matrix @, as is usually

@ Springer



Mach Learn (2010) 81: 5-19 11

done for collapsed Gibbs sampling, gives

Pz, Wiy, by o, y,a,b)

Betag (o + Zj ti;) la)r, _— Betay (y + M)
_ T B R [ (A e
U Betag () l,_,[ B)n;; 1_[ ik U Betay () M

ij.k
3.3 The collapsed Gibbs sampling algorithm

Collapsed Gibbs sampling is a special form of Markov chain Monte Carlo simulation, which
should proceed until the Markov chain has “converged”, though in practice we run it for a
fixed number of cycles. While the proposed algorithm does not directly estimate u, v and @,
we will show how they can be approximated using the posterior sample statistics of z and £.
To apply this algorithm we divides the collapsed Gibbs sampler into two parts. First, given
the current table counts #; ; ,, we sample the z; ;; variables. Second, given all assignments
of words to topics, we sample the table counts 7 ; ; for each topic under each segment.

Now, the full conditional distribution for z; ;; can be obtained by focusing on a z; ;;, and
looking at the proportionalities in (1). For this, #; ; x is mostly constant, as is N; ;. Also, we
have to take care with constraints on #; j x, namely, #; j x <n; ;. We should note 1 ; , can be
forced to decrease when n; ; ; decreases by removing the current z; ; ;. Hereby, to compute
the final conditional distribution we have to distinguish between three cases:

s — ’ — ¢/ — .
1. removing z; j; =k forces n; ; , =1t/ ; , = 0;
2. before removing z; j; =k, n; jx =1 jr > 0, so we should decrease ti/,j,k =tijx— 1
. / Y _
3. adding z; j; forces n; ; , =1; ; , =1,

where the dash indicates statistics after excluding (or including) the current topic assign-
ment z; ;. Taking into account all cases, we obtain the final full conditional distribution
P jo=k|zir —{ziji}, wir, tipg, @, a,b)

ey ]"z/',j.k>0

1, _ /
i, j k=0 e Ywi ji + Mk,wi,_/.l

S”/;.j,k Zw (Yw + Mli,w) ‘

b jkod

< a2ty
x

= —(b+aTl/ A)>
Dot Dt !

Given the current state of topic assignment of each word, the conditional distrib-
ution for table count #; ;; can be obtained by cancelation of terms in (1), yielding
Pl zir, Wi, tigg, —{tij«}, o, a,b)

o o+t k)
F(Zk o + Zj,k tijk)

which stochastically samples the table counts #; ; ; for each restaurant.

From the statistics obtained after the convergence of Markov chain, we can easily esti-
mate the document topic distribution g, the segment topic distribution v, and topic-word
distributions @. They can be approximated from the following posterior expected values via
sampling:

(b|a)T,;j gk

li, j ko>

o+ 30tk } 2

Dok 2 ik

Mik = Ezivti,]:Ji \wi,a,d’,a,b[
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R Niir—axtir T, i xa+b

ik = E, ;. i a = 5 i P ’ 3
Vi jk 2iti 1., | Wi, P, ,b|: b+ N, Hik b+ N;; ®
PR Yw +Mk w ]

¢k,w Giti gy [ i e @ b[zu;(yw + Mk.w)

3.4 Sampling the strength parameter

Initial experiments showed the strength parameter b of the PDP strongly affects perplex-
ity results and seemed difficult to set by optimisation. We therefore developed a simple
sampling method using auxiliary variables as follows. Each segment i, j has an auxiliary
probability g; ; ~ Beta(b, N; ;). From this, using an improper prior for b of the form 1/b,
the posterior for b is given by

blg;,zii, Wiy, by, py,a~ Gamma(Z T ;, Zlogl/fh,/‘>~ Q)

ij iJ
Sampling using these auxiliary variables operates every major Gibbs cycle as follows:

1. Sample ¢;; ~ Beta(b, N; ;) for each document i and segment j and compute

Zi,j log1/g; ;.
2. Sample b according to the condition distribution (5).

4 Comparison with other topic models

In this section we compare STM, in terms of text modelling, with two topic models,' Latent
Dirichlet Allocation (LDA) (Blei et al. 2003) and Latent Dirichlet Co-Clustering (LDCC)
(Shafiei and Milios 2006).

4.1 Latent Dirichlet Allocation

LDA is a three-level probabilistic generative model, the idea of which is that documents are
random mixtures over latent topics, where each topic is a distribution over words. It assumes
the generative process shown in Fig. 2(a), where for each document u; ~ Dirichletg ().
Compared with LDA, instead of sampling a topic z directly from the document topic distrib-
ution ., STM adds another layer between z and p, which is the segment topic distribution v.
Adding this distribution implies a higher fidelity of STM over LDA on modelling the cor-
relation between the document topics and its segment topics (i.e., the topic structure inside
a document). LDA could also model the correlation by having two runs through documents
and their segments separately. Nevertheless, the consistency of underlying topics between
two separate runs cannot be guaranteed, since different runs will come up with different la-
tent topics. Therefore, LDA cannot simultaneously model document topic distributions and
segment topic distributions under the same latent topic space, as does our STM.

1We have changed some notations from the original papers to make them consistent with ours.
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(a) LDA (b) LDCC

Fig. 2 The Latent Dirichlet Allocation (LDA) model and the Latent Dirichlet Co-Clustering Model

4.2 Latent Dirichlet Co-Clustering

LDCC is a four-level probabilistic model, as STM. It tries to extend LDA by assuming
documents are random mixtures over document-topics, each of those topics is characterized
by a distribution over segments; and segments are random mixtures over word-topics, each
word-topic is a distribution over words. The two different kinds of topics are connected by
hyper-parameters ¢, under the assumption that each document-topic is a mixture of word-
topics. It is a kind of nested LDA, as shown in Fig. 2(b). LDCC also assumes that each
segment is associated with only one document-topic (y in Fig. 2(b)), which is a quite strong
assumption in our view.

In contrast, STM allows documents and segments to share same latent topics, rather than
assuming two different kinds, as we believe a document and its segments should be gener-
ated from the same kind of topics. Moreover, STM relaxes the assumption on segments by
assuming each segment still has a topic distribution drawn from its document topic distribu-
tion. Thus, each segment can also exhibit multiple topics, which includes the case that it has
only one topic, if the distribution highly concentrates on one topic. In this sense, STM does
not have the strong assumptions of LDCC.

5 Experimental results

We implemented the three models in C, and ran them on a desktop with Intel(R) Core(TM)
Quad CPU (2.4 GHz), though our code is not multi-threaded. The training time, for instance,
on the NIPS dataset with 100 topics and 1000 Gibbs iterations is approximately 5 hours for
LDA, 33 hours for LDCC and 20 hours for STM. We first present experimental results for
STM, LDA and LDCC on two patent datasets (which will be placed in the UCI Machine
Learning Repository). These results present an in depth study of the characteristics of the
model. We then present perplexity results on the NIPS dataset? and an extract from the
Reuters RCV1 corpus (Lewis et al. 2004). The comparison of the per-word predictive per-
plexity on held-out testing documents evidently demonstrates the advantage of STM over
the other two models.

5.1 Data sets and evaluation criteria

The two patent datasets are randomly selected from 5000 US patents’ granted between Jan.
and Mar. 2009 under the class “computing; calculating; counting” with international patent

21t is available at http://nips.djvuzone.org/txt.html.

3A1 patents are from Cambia, http://www.cambia.org/daisy/cambia/home.html.
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classification (IPC) code G06. Patents in G06-1000 are split into paragraphs according to
the original structure. Patents in G06-990* are split into sentences with a Perl package (Lin-
gua::En:Sentence). All stop-words, extremely common words (e.g., top 40 for G06-1000),
and less common words (i.e., words appear in less than 5 documents) have been removed.
This leads to a vocabulary size of 10385 unique words in G06-1000 and 11518 in G06-990.
The G06-1000 dataset contains 1,000 patents, 60,564 paragraphs, and 2,513,087 words. The
G06-990 dataset contains 990 patents, 249,102 sentences, and 2,832,364 words. We treat
paragraphs or sentences as segments, and hold out 80% of each dataset for training and 20%
for testing.

To evaluate the generalization capability of these models to unseen data, we compute
perplexity which is a standard measure for estimating the performance of probabilistic lan-

guage models. The perplexity of a collection D of I document that is formally defined as:
I .
j—11np(w;)

exp{— Zz_l_l N,
number of words in i. A lower perplexity over unseen documents means better generaliza-
tion capability. In our experiments, it is computed based on the held-out method introduced
in (Rosen-Zvi et al. 2004). In order to calculate the likelihood of each unseen word in STM,
we need to integrate out the sampled distributions (i.e. u, v, and @) and sum over all pos-
sible topic assignments. Here, we approximate the integrals using a Gibbs sampler and (2),
(3) and (4) for each sample of assignments z, £.

}, where w; indicates all words in document i, and ; indicates the total

5.2 Topic variability analysis among segments

We first investigate the variability between topic proportions (i.e., distributions) of docu-
ments and those of their segments. As we discussed before, it is modelled by the PDP with
two parameters, a and b. Due to space limitations, we only present our studies on how b
acting on the diversity among document topic proportions (i.e., #;) and their segment topic
proportions (i.e., v; ;). We have observed in our preliminary experiments that b could sig-
nificantly influence topic proportions. Therefore, we fix a = 0.2 for the G06-1000 dataset
and a = 0 for the G06-990 dataset, change b from 0.1 to 300.0, and then run STM on those
two datasets with k = 50. The standard deviation (Fig. 3(a)) is used to measure the variation
of v; j, and entropy (Fig. 3(c)) to show the expected number of topics in either documents
or segments. The prior mean and variance of v; ; are given by Buntine and Hutter (2010):

1—a

1+b (diagonal(ui) - ﬂiﬂj)-

Evijl=n;; Vv, 1=

As shown in Fig. 3(a), the standard deviation decreases while b is increasing, as we ex-
pect. When b is small, the variance of topic proportions in segments is large. Hereby, the
topic proportion v; ; of a segment could be quite different from that of the corresponding
document (g, ), as indicated in Fig. 3(c) by the different expected number of topics. In con-
trast, when b gets quite large, the variance of segment topic proportions becomes small.
Figure 3(c) shows the expected number of topics in each segment will get close to that of
the document it belongs to. In such a case, there could be no difference between a document
topic proportion and its segment topic proportions, and segments loose their specificity on
topics. We can observe that the perplexity turns out to be larger when b is quite small or quite

We randomly selected 1000 patents, but 10 were deleted after pre-processing, because they were too small.
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Fig. 3 Standard deviation, perplexity and entropy by fixing a and changing b from 0.1 to 300.0. STM_P and
STM_S indicate STM runs on paragraphs (G06-1000) and sentences (G06-990) respectively

T-1 T2 T-3 T-4 T-5 T-6
Security Key Compression Clock Java Word
Authentication Keys Compressed Signals Language String
Protected Encryption Encoding Channel Class Words
Authorization Encrypted Encoded Timing Objects Character
Authorized Content Codes Frequency Environment Frequency
Protection Decryption Symbol Channels Library Text
Computing Secure Video Synchronization Platform Characters
Execution Generated Decoder Generator Native Objects
Trusted Secret Decoding Delay Programming Language
Permission Public Encoder Enable Applications Prefix

Fig. 4 Topic examples from STM for the G06-1000 dataset

large in Fig. 3(b). Consequently, we can conclude that the topic deviation between a doc-
ument and its segments should be neither too small nor too big, which somehow complies
with the way in which people structure ideas in writing. In addition, Fig. 4 lists 6 meaningful
topic examples derived from the G06-1000 dataset by our STM trained on 150 topics, with
a=0.2 and b = 10.

5.3 Perplexity comparison

We follow the standard way in topic modelling to evaluate the per-word predicative perplex-
ity of STM, LDA and LDCC. In the training procedure, each Gibbs sampler is initialized
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2800 2800

2600 2600 :_::82—2

2400 24001 +1DCC
> 2200 > 2200 %
E, 2000 E, 2000
§ 1800 § 1800

1600 1600

1400 1400

1200 1200

1000554525 50 100 150 19005595 25 50 100 150

Number of Topics Number of Topics
(a) Perplexity on the G06-1000 dataset (b) Perplexity on the G06-990 dataset

Fig. 5 Perplexity on the G06-1000 dataset and the G06-990 dataset, for LDA, LDCC, and STM

Table 3 P-values for paired
t-test G06-1000 G06-990

LDCC STM STM_B LDCC STM STM_B

LDA_D 7.0e-5 13e-3 S5de-4  29e-2 4.8e-3 22e-3
LDA_P/S 5.0e-2 1.5e-2 8.0e-3 39e-1 9.1e-3 6.3e-3
LDCC 39e-2 2.8e-2 l.le-2 7.7e-3

randomly and runs for 500 burn-in iterations. We then draw a total number of 5 samples at a
lag of 100 iterations. These samples are averaged to obtain the final trained model, as in Li
et al. (2007).

We set hyper-parameters fairly in order to make a scientific comparison, as they are im-
portant to these models. Symmetric Dirichlet priors (i.e., a for LDA and STM, § for LDCC)
are simply used in our experiments, although we can estimate them from data using, for
instance, the moment-match algorithm proposed in Minka (2000). With y fixed to 200/ W,
we run different settings of « and § (from 0.01 to 0.9) for different number of topics (i.e.
5, 10, 25, 50, 100, and 150), and empirically choose the optimal parameters for LDA and
LDCC. We have observed, for example, the LDA model trained on o = 0.1 is always better
on both G06-1000 and G06-990 datasets than on other settings, but the LDCC model varied
quite a bit (e.g., § = 0.9 for 25 word-topics, § = 0.01 for 100 word-topics). The number of
document-topics in LDCC is fixed to 20 for all experiments and « is estimated using the
moment-match algorithm, as in Shafiei and Milios (2006). We use o = 0.5 in STM for all
number of topics without tuning, and set a = 0.2 and b = 10 for both the G06-1000 dataset
and the G06-990 dataset. Note that we seek to optimize the parameter settings for the two
competitors (LDA and LDCC), which enables us to draw sound conclusions on STM’s per-
formance.

Figure 5(a) presents the results for those models on the G0O6-1000 dataset. LDA has been
run on document level (LDA_D) and paragraph level (LDA_P) separately. It is interesting to
see that LDA_P is better than LDA_D. LDCC exhibits better performance than LDA_D, but
it is only comparable with LDA_P. The paired t-test, shown in Table 3, gives p-value = 0.05
to the slight improvement, which can be rejected at 0.05 significance level. In contrast,
STM (with or without sampling b using the scheme of Sect. 3.4, indicated by STM and
STM_B respectively) consistently performs better than all the other models. The advantage
is especially obvious for large numbers of topics. The superiority of STM over LDA and
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Table 4 Perplexity on the NIPS

dataset and the Reuters dataset K ST™M LDCC LDA_D LDA_S
NIPS 100 1632 2296 1991 2182
150 1516 2335 1881 2186
Reuters 100 1893 2154 1824 2687

LDCC is statistically significant according to the paired t-test with p-values shown in the
third and fourth columns of Table 3.

Similar comparison on the G06-990 dataset is shown in Fig. 5(b). We run LDA (indi-
cated by LDA_S), LDCC and STM on the sentence level. The perplexity of LDCC becomes
slightly larger than LDA_S when the number of topics is greater than 50. It is comparable to
LDA_S, as LDCC v.s. LDA_P in Fig. 5(a). Interestingly, the performance of either LDA or
LDCC on the sentence level turns out to be much worse than LDA on the document level.
However, the paired t-test results in the last two columns of Table 3 show that our STM
is statistically better than both LDA and LDCC. STM can certainly retain its good gener-
alization capability even on sparse text. Evidently, the results illustrated in both Figs. 5(a)
and 5(b) demonstrate that STM can work remarkably well on both the paragraph level and
the sentence level.

5.4 Further experiments

In order to further exhibit the advantage of STM, we also ran it on the NIPS dataset and an
extract of the Reuters dataset using a = 0 and sampling the strength parameter b according
to the scheme of Sect. 3.4. The NIPS dataset is processed to remove bibliography material
(everything after “References”) and header material (everything before “Abstract”) yielding
1,629 documents, 174,474 sentences (as “segments”), and 1,773,365 words. The Reuters
articles are extracted from 20-25/8/1996, and the articles in categories CCAT, ECAT and
MCAT are dropped yielding 2,640 articles with a total of 38,182 sentences (as “segments”)
of average length about 11. Again 80% were used for training and 20% for testing. Perplexity
results appear in the Table 4.

6 Conclusion

In this paper, we have proposed a segmented topic model (STM), a probabilistic genera-
tive model of segments based on the two-parameter Poisson Dirichlet process (PDP). We
have developed for STM an efficient collapsed Gibbs sampling algorithm to sample from
the posterior PDP. The ability of STM to explore correlated segment topics (i.e., the latent
topic structure of a document) has been demonstrated in our experiments by the statisti-
cally significant improvement in terms of per-word predictive perplexity compared with the
standard topic model (LDA) and previous segmented model (LDCC). The primary benefit
of our model is that it allows us to simultaneously model document topic distributions and
segment topic distributions under the same latent topic space, without separate runs as LDA
or introducing different kinds of topics as in LDCC. Though we have restricted ourselves to
paragraphs and sentences, STM readily models other segments, like sections and chapters.
There are many ways that the work described here can be extended. Perhaps the most
promising extension to our STM is to consider the full segmented structure of documents,
such as essay-paragraph-sentence, blog-comments-sentence, etc., since PDPs can be easily
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extended to full trees, e.g., HLDA (Blei et al. 2004), and our collapsed sampling method for
PDPs still applies. In applications, our model can be applied to, for example, topic-based
multi-document summarization (Arora and Ravindran 2008).
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ported by CSIRO’s Water for a Healthy Country Flagship for this work. We would like to thank David
Newman for his valuable comments.

Appendix: Two-parameter Poisson Dirichlet process

The two-parameter Poisson-Dirichlet process (PDP), is a generalization of the Dirichlet
Process. In regard to STM, let v be a distribution over topics (i.e. topic proportion) of a
segment. We place a PDP prior on v: v ~ PDP(a, b, i), where the three parameters are: a
base distribution p (i.e. topic proportion of the document); a (0 <a < 1) and b (b > —a).
The strength parameter b can be understood as controlling the amount of variability around
1 (Teh 2006).

Here, we give a brief discussion of the PDP under the CRP configuration by following the
discussion in Buntine and Hutter (2010). Customers in the CRP are words in our model, and
dishes in the CRP are topics. Consider a sequence of N customers sitting down in a Chinese
restaurant with an infinite number of tables each with infinite capacity. The basic process
with v marginalized out is specified as follows: the first customer sits at the first table; the

(n + 1)th subsequent customer sits at the 7th table (for 1 <t < T') with probability 'f;”a,
or sits at the next empty ((T + 1)th) table with probability % Here, T is the current
number of occupied tables in the restaurant, and n; is the number of customers currently
sitting at table . The customer takes the dish assigned to that table, for table ¢ given by k.

Therefore, the posterior distribution of the (n + 1)th customer’s dish is

b+T xa i nf —a
b+n 'L+; by 0

where k; indicates the distinct dish associated with the 7th table, and yx (-) places probability

one on the outcome k;. A snapshot of this process with n = 15,7 = 5,n] = 5,n3 =3,

ni =4,n; =2,nf =1is shownin Fig. 6.

In general PDP theory, the dishes (or values) at each table can be any measurable quantity,
but in our case they are a finite topic index k € {1, ..., K}. This finite discrete case has some
attractive properties shown in Buntine and Hutter (2010), which follows some earlier work
of Teh (2006). To consider this case we introduce another latent variable: f;, the table count
of dish k (referred to as the multiplicity in Buntine and Hutter 2010). In Fig. 6 with n = 15,
for instance, the first and last table have k = 1 so the table count for #; = 2. The table counts
are ) =2, 1, =2, t3 = 1 and all others zero. Note that Zle tr = T, and table counts are not
observed.

W, Wio W, W, :
W, W7 W Wis
W, W, W, Wy o o o
Wi Wiy
Fig. 6 Analog of Chinese restaurant process for PDP

@ Springer



Mach Learn (2010) 81: 5-19 19

References

Arora, R., & Ravindran, B. (2008). Latent Dirichlet allocation and singular value decomposition based multi-
document summarization. In Proc. of ICDM’08 (pp. 713-718).

Blei, D. M., & Lafterty, J. D. (2006). Dynamic topic models. In Proc. of the 23rd ICML (pp. 113-120).

Blei, D. M., Ng, A. Y., & Jordan, M. I. (2003). Latent Dirichlet allocation. Journal of Machine Learning
Research, 3,993-1022.

Blei, D., Griffiths, T. L., Jordan, M. 1., & Tenenbaum, J. B. (2004). Hierarchical topic models and the nested
Chinese restaurant process. In NIPS 16.

Buntine, W., & Hutter, M. (2010). A Bayesian review of the Poisson-Dirichlet process. http://arxiv4.library.
cornell.edu/abs/1007.0296v1.

Buntine, W., & Jakulin, A. (2006). Discrete components analysis. In Subspace, latent structure and feature
selection techniques. Berlin: Springer.

Cohn, D., & Hofmann, T. (2001). The missing link—a probabilistic model of document content and hypertext
connectivity. In NIPS 13.

Griffiths, T. L., & Steyvers, M. (2004). Finding scientific topics. Proceedings of National Academy of Sciences
of the United States of America, 101(Suppl. 1), 5228-5235.

Ishwaran, H., & James, L. (2001). Gibbs sampling methods for stick-breaking priors. Journal of ASA,
96(453), 161-173.

Lewis, D., Yand, Y., Rose, T., & Li, F. (2004). RCV1: A new benchmark collection for text categorization
research. Journal of Machine Learning Research, 5, 361-397.

Li, W., Blei, D., & Mccallum, A. (2007). Nonparametric Bayes pachinko allocation. In Proc. of the 23rd UAI.

Mimno, D., Li, W., & McCallum, A. (2007). Mixtures of hierarchical topics with Pachinko allocation. In
Proc. of the 24th ICML (pp. 633-640).

Minka, T. P. (2000). Estimating a Dirichlet distribution (Technical report). MIT.

Pitman, J., & Yor, M. (1997). The two-parameter Poisson-Dirichlet distribution derived from a stable subor-
dinator. Annals of Probability, 25(2), 855-900.

Rosen-Zvi, M., Griffiths, T., Steyvers, M., & Smyth, P. (2004). The author-topic model for authors and doc-
uments. In Proc. of the 20th UAI (pp. 487-494).

Shafiei, M. M., & Milios, E. E. (2006). Latent Dirichlet co-clustering. In Proc. of the 6-th ICDM
(pp. 542-551).

Teh, Y. W. (2006). A Bayesian interpretation of interpolated Kneser-Ney (Technical Report TRA2/06). School
of Computing, National University of Singapore.

Teh, Y. W. (2006). A hierarchical Bayesian language model based on Pitman-Yor processes. In Proc. of the
21st ICCL (pp. 985-992).

Teh, Y. W., Jordan, M. 1., Beal, M. J., & Blei, D. M. (2006). Hierarchical Dirichlet processes. Journal of the
American Statistical Association, 101, 1566—-1581.

@ Springer


http://arxiv4.library.cornell.edu/abs/1007.0296v1
http://arxiv4.library.cornell.edu/abs/1007.0296v1

	A segmented topic model based on the two-parameter Poisson-Dirichlet process
	Abstract
	Introduction
	Segmented topic model
	Approximate inference by collapsed Gibbs sampling
	Marginalizing the PDP
	The model likelihoods
	The collapsed Gibbs sampling algorithm
	Sampling the strength parameter

	Comparison with other topic models
	Latent Dirichlet Allocation
	Latent Dirichlet Co-Clustering

	Experimental results
	Data sets and evaluation criteria
	Topic variability analysis among segments
	Perplexity comparison
	Further experiments

	Conclusion
	Acknowledgements
	Appendix: Two-parameter Poisson Dirichlet process
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated v2 300% \050ECI\051)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 1.30
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 1.30
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 600
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e5c4f5e55663e793a3001901a8fc775355b5090ae4ef653d190014ee553ca901a8fc756e072797f5153d15e03300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc87a25e55986f793a3001901a904e96fb5b5090f54ef650b390014ee553ca57287db2969b7db28def4e0a767c5e03300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020d654ba740020d45cc2dc002c0020c804c7900020ba54c77c002c0020c778d130b137c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor weergave op een beeldscherm, e-mail en internet. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents best suited for on-screen display, e-mail, and the Internet.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
    /DEU <FEFF004a006f0062006f007000740069006f006e007300200066006f00720020004100630072006f006200610074002000440069007300740069006c006c0065007200200037000d00500072006f006400750063006500730020005000440046002000660069006c0065007300200077006800690063006800200061007200650020007500730065006400200066006f00720020006f006e006c0069006e0065002e000d0028006300290020003200300031003000200053007000720069006e006700650072002d005600650072006c0061006700200047006d006200480020>
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToRGB
      /DestinationProfileName (sRGB IEC61966-2.1)
      /DestinationProfileSelector /UseName
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing false
      /UntaggedCMYKHandling /UseDocumentProfile
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.276 841.890]
>> setpagedevice


