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INTRODUCTION
Given how fast documents are generated in large
corporations and over the Internet, there is an increasing need for automatic document analysis
technologies, such as cluster-based information retrieval, organization of Internet search results,
document classification, and document vetting (e.g.,
detection of similar, low content-bearing documents).
Topic modeling, as one answer to these needs, automatically extracts common word usage patterns (or
‘topics’), given a group of documents, by using probabilistic generative models. Representing documents
in the low-dimensional topic space rather than the
high-dimensional word space, which results in a
dramatic reduction of the original data, is the key to
‡
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both automatic and manual processing of large
document collections (Wei and Croft, 2006; Walker
and Ringger, 2008; Zhang et al., 2008).
One problem with some topic models is the
correlations among the random variables, which can
easily make inference algorithms like Gibbs sampling
get trapped in local maxima. The resulting topic
structure often has many duplicated or similar topics,
failing to capture all the semantic relationships among
the topics.
We propose a hierarchical generative model for
modeling the hierarchical topic structure in text corpora. The specially designed relationship among
random variables in our model helps sampling algorithms escape local maxima. The proposed model can
produce a more compact topic structure and discover
more fine-grained topic relationships while claiming
similar predictive capacities compared to current
topic models.
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RELATED WORK
The research of learning latent topics and topic
relationship embedded in a corpus of documents has a
longer history than probabilistic topic modeling in
information retrieval. Early work that borrowed a lot
from existing clustering algorithms is often called
‘document clustering’. Distance-based document
clustering algorithms (Boley, 1998; Dhillon and
Modha, 2001) optimize some objective functions of
document distances based on different document
representations, such as the vector space model and
the suffix tree. The wide use of Euclidian distance
often makes these algorithms suffer from the curse of
dimensionality. Model-based document clustering
algorithms (Strehl et al., 2000; Elkan, 2006) assume a
usually simple generative model for the documents,
such as a mixture of multinomial distributions, and
estimate the model parameters.
Latent semantic analysis (LSA) (Deerwester et
al., 1990) assumes that each document is a linear
combination of topics (i.e., eigenvectors of the
term-document matrix). The projection of documents
onto the space spanned by topics can eliminate noise
introduced by word choice or writing styles. The fact
that the discovered topics are mutually orthogonal is
not intuitive and is overly restrictive. LSA cannot deal
with the polysemy problem (i.e., one word with multiple meanings), because each word has only one
coordinate in the reduced space. Also, the topics are
hard to interpret because they often contain negative
components.
Recently probabilistic topic modeling algorithms (Blei et al., 2003b; Griffiths and Steyvers,
2004) have attracted a lot of research interest. These
models share similar assumptions about documents
with LSA: documents are mixtures of topics while
topics are probability distributions over words. This
idea was further developed on the basis of probabilistic generative models. Unlike LSA, probabilistic
generative models do not require topics to be orthogonal to each other. Also, probabilistic generative
models can cope with the polysemy problem because
the same words can appear in multiple topics with a
high probability. They are quite effective in discovering various topic structures, both flat (Blei et al.,
2003b; Griffiths and Steyvers, 2004) and hierarchical
(Blei et al., 2003a). The basic model has been extended in various ways (Rosen-Zvi et al., 2004; Blei

and Lafferty, 2006; 2007; Li and McCallum, 2006;
Wallach, 2006).

HIERARCHICAL DIRICHLET PROCESS
A brief introduction will be given here to the
Dirichlet process (also known as the ‘Chinese restaurant process’) and the hierarchical Dirichlet process (HDP) to make this paper self-contained. The
clustering property of the Dirichlet process (Blackwell and MacQueen, 1973) makes it a good mathematical tool for modeling the clusters within a group
of data. φ1, φ2, …, φn are n independent and
identically-distributed (i.i.d.) random variables distributed according to G. G is distributed as a Dirichlet
process DP(α, G0), where α is the concentration parameter and G0 is the base distribution. Define ψ1,
ψ2, …, ψK as the K distinct values (ψ1, ψ2, …, ψK are
distinct with a probability of 1 if G0 is continuous)
taken on by φ1, φ2, …, φi−1, and let nk be the number of
φi′’s that are equal to ψk for 1≤i′≤i−1. φi has the following conditional distribution with G integrated out:

nk
α
G0 ,
δψ k +
i −1+ α
k =1 i − 1 + α
(1)
K

ϕi |ϕ1 , ϕ2 ,..., ϕi −1 , α , G0 ~ ∑

where δψ is an atom at ψ. The mixture distribution in
Eq.(1) means that φi can be equal to a previously-seen
value ψk with a probability proportional to nk, or that
φn can be equal to a new value distributed according
to the base distribution G0. We call φi’s with the same
value a cluster.
The HDP was designed to enable the sharing of
clusters among multiple groups of random variables
distributed according to a Dirichlet process (Teh et al.,
2006). φ=(φ1, φ2, …, φJ) are J groups of random
variables. φj=(φj1, φj2, …, φjnj) is a group of nj i.i.d.
random variables distributed according to a distribution Gj. Gj is distributed as a Dirichlet process DP(α,
G0). ψj1, ψj2, …, ψjKj, Kj and njk are defined similarly as
in Eq.(1). Given φj1, φj2, …, φj(i−1), with Gj integrated
out, the conditional distribution of φji is

ϕ ji |ϕ j1 ,ϕ j 2 ,..., ϕ j (i −1) ,α , G0
Kj

~∑
k =1

n jk
i −1+ α

δψ +
jk

α
i −1+ α

(2)
G0 .
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In HDP, G0 is distributed as another Dirichlet
process DP(γ, H). When φji is drawn from the last
component in the right-hand side of Eq.(2), we increase Kj by one, and φji will be equal to the new
ψ jK j , which is distributed according to G0. With G0

integrated out, ψ jK j has the following conditional
distribution:

ψ jK |ψ 1 ,ψ 2 ,...,ψ j ( K
j

mk
γ
δθ k +
H.
α
+
+γ
m
m
k =1
(3)
K

j

−1)

,γ , H ~ ∑

Here ψ1=(ψ11, ψ12, …, ψ1K1), ψ j ( K j −1) = (ψj1, ψj2, …,

ψ j(K

j

−1)

), θk (1≤k≤K) are the K distinct values taken

on by ψjk’s in ψ1, ψ2, …, ψ j ( K j −1) , mk is the number of
the ψjk’s that are equal to θk, and m=∑mk. Note that
with a continuous base distribution H, θk (1≤k≤K) are
distinct with a probability of 1. Thus, ψ jK j can take
on a value shared by φj′i′’s in the same or a different
group. Thus, random variables in different groups can
share clusters in HDP.

latent Dirichlet allocation (hLDA) model (Blei et al.,
2003a), we present an equivalent topic tree in the
hLDA model in Fig.1b.
In the hLDA model, each node in an L-level
topic tree represents a topic. A document is generated
by choosing a path from the root to a leaf as determined by the nest Chinese restaurant process (CRP)
and by sampling the words from a document-specific
mixture of the L topics on the path.
Except for the root note, nodes in an L-level
nHDP model topic tree (big nodes with dashed circles
in Fig.1a) represent sub-topics. Each sub-topic node
is assigned to one and only one topic node (Note: the
smaller shaded nodes in Fig.1a represent topics) in its
parent node. Similar sub-topics are assigned to the
same topic node; for example, sub-topic nodes A and
A′ in Fig.1a are assigned to the same topic node contained in the root node. The root node and the other
topic nodes represent topics. To produce the equivalent topic tree, sub-topics (A and A′) assigned to the
same topic node are merged together (Fig.1b).

R

NESTED HIERARCHICAL DIRICHLET PROCESS
In this section we extend the HDP to model hierarchical relationship among the topics embedded in
a corpus of documents.
We are given a corpus c composed of M documents: c=(d1, d2, …, dM). Each document dm (m=1,
2, …, M) contains a sequence of nm words wm=(wm1,
wm2, …, wmnm), and word order in documents is considered unimportant here. The words in a document
are generated by a document-specific mixture of L
topics, and each topic is a multinomial distribution
over words in the vocabulary. Parameters of these
multinomial distributions are independently sampled
from a symmetric Dirichlet distribution with parameter η. The topic mixing proportions for all
documents are independently sampled from a
Dirichlet distribution. A document obtains its L topics
by following a path in an L-level topic tree.
Fig.1a shows a three-level topic tree in the
nested hierarchical Dirichlet process (nHDP) model.
To emphasize the difference with the hierarchical

A

A′

C

D

B

E

F

(a)

R

A

C

B

D

E

F

(b)
Fig.1 A three-level topic tree in nHDP (a) and its
equivalent topic tree in hLDA (b)
In (a) big nodes with dashed circles represent sub-topics and
the smaller shaded nodes represent topics
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A path in the nHDP topic tree is composed of the
root topic and L−1 sub-topics. A document in the
nHDP model is generated by choosing a path in the
topic tree and sampling the words from a document-specific mixture of the root topic and the other
L−1 topics associated with the L−1 sub-topics on the
path.
A topic in hLDA is a cluster of similar documents and a topic tree forms a nested clustering of the
documents. A sub-topic in nHDP is a cluster of similar documents. Except for the root topic, a topic in
nHDP is a cluster of sub-topics. The words for the
documents assigned to a sub-topic are generated by
sampling from the topic associated with the sub-topic.
This two-level clustering in the nHDP model is specially designed to help sampling algorithms such as
Gibbs sampling escape local maxima.
The nHDP determines the nested two-level
clustering in the nHDP model. We can define nHDP
by describing how a group of M documents choose
their paths down the topic tree according to nHDP.
Define jm=(jm1, jm2, …, jmL) to be the path of document
m in the nHDP topic tree. All documents in the nHDP
model share the root topic, therefore jm1=1 (1≤m≤M).
jm2, jm3, …, jmL specify the L−1 sub-topics on the path.
Given the path from the root node to the current node
r on level l−1 as specified by jm(l−1)=(jm1, jm2, …, jm(l−1)),
jml=k (k≥1) means that document m is assigned to the
kth child node (sub-topic) of node r. Let n be the
number of documents that share the node r with
document m. Given j1, j2, …, jm−1 and jm(l−1), jml has the
following mixture distribution according to Eq.(2):

sub-topic is created, the index of its associated topic
node kS+1 has the following mixture distribution according to Eq.(3):

md
γ
δd +
δ D +1 ,
m+γ
d =1 m + γ
D

kS +1 | k , γ , H ~ ∑

(5)

where md is the number of child nodes (sub-topics) of
node r assigned to the topic node indexed by d, and
m=∑md.
Now we develop our generative document model
based on nHDP. The following process describes how
a corpus is generated in the nHDP model:
For each document m:
Step 1: Let jm1 be the root topic.
Step 2: For each level l∈{2, 3, …, L}: (i) Draw a
sub-topic according to Eq.(4), and set jml to be the
sub-topic; (ii) If a new sub-topic is created in step (i),
draw a topic according to Eq.(5), attain parameters of
the multinomial distribution μ for the new topic from
Dir(η), and assign the sub-topic to it.
Step 3: Draw an L-dimensional topic mixing
proportion vector εm from Dir(β).
Step 4: For each word wmi in document m: (i)
Draw level assignment zmi∈{1, 2, …, L} from
Mult(εm). (ii) If zmi=1, draw wmi from the root topic;
otherwise, from the topic to which the sub-topic on
level zmi of path jm is assigned.
Hyper parameters η and β, which can be further
drawn from other suitable distributions to decrease
model dependency on them, are fixed in this work.
While the height of the tree is fixed, the number of
sub-topic nodes on each level and the number of topic
K
nodes are not. After a group of documents are obnk
α
δk +
δ K +1 .
jml | j1 , j2 , ..., jm −1 , jm (l −1) ,α , G0 ~ ∑
served, the above generative process is reversed to
n +α
k =1 n + α
(4) determine the topic tree structure, the contents of the
topics (distribution over words), and the distribution
Here K is the number of child nodes of node r, and nk of documents over the topics without using any other
prior knowledge.
is the number of documents in (d1, d2, …, dm−1) that
Note the difference between the ways by which
are assigned to the sub-topic indexed by k. This means
that document m can be assigned to one of the exist- topics are shared among the documents in the HDP
and nHDP models. Each document in the HDP model
ing child nodes (sub-topics) with a probability proportional to nk, or a new sub-topic (indexed by K+1) is a different restaurant, and HDP is used for assigning words in document m to a local topic and for
with a probability proportional to α.
assigning local topics to one of the global topics. The
Let S be the number of sub-topics in the topic
tree, k=(k1, k2, …, kS) be the index of an internal topic
discreteness of the random base distribution G0 makes
node associated with the sub-topics, and D be the the M documents share some of their topics. In nHDP,
number of topic nodes in node r. When a new a document chooses its way down the topic tree and is
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distributed among all topics along its path down the
tree. The HDPs in nHDP are used for assigning
documents to sub-topics and for assigning sub-topics
to topics. There is no sharing of topics among the
restaurants. Topic sharing among documents is
achieved through the structure of the topic tree.
Documents share topics in the case of sharing some
nodes on their paths.

APPROXIMATE INFERENCE
Given the training documents, we use Gibbs
sampling (Geman and Geman, 1990), an example of
the Markov chain Monte Carlo sampling method, to
approximate the posterior distribution of hidden variables in the model. The section below addresses the
conditional distributions of hidden variables in our
generative model. The conditional distributions are
used by the Gibbs sampler as proposal distributions.
We use the following distribution for sampling
level assignment zmi for word wmi:
p ( zmi | z − mi , w , j , k ) ∝ p ( wmi | w − mi , z , j , k ) p( zmi | zm− i ),

where nlwmi is the number of times that word wmi has
been assigned to the topic associated with the
sub-topic on level l of path jm excluding wmi, nl* is the
number of times that any word in the vocabulary has
been assigned to that topic excluding wmi, nml is the
number of times that the words in document m have
been assigned to level l excluding wmi, and nm* is the
number of times that the words in document m have
been assigned to all topics along path jm excluding wmi.
The conditional distribution used for sampling
path assignment jm of document m is
p ( jm | z , w , j − m , k ) ∝ p ( wm | w − m , z , j , k ) p ( jm | j − m ).

(8)
The first term in the right-hand side of Eq.(8), as
the likelihood of jm with respect to wm, is calculated as
follows:
p ( wm | w − m , z , j , k ) =
⎛ Γ(n*jml + W η ) ∏ w Γ(n wjml + n wjmlm + η ) ⎞ (9)
⎜
⎟,
∏
w
*
*
⎜
⎟
l =1 ⎝ ∏ w Γ ( n jm l + η ) Γ ( n jm l + n jm lm + W η ) ⎠
L

(6)
where z is the set of level assignments for all words in
the corpus, w is the set of all the words in the corpus,
j=(j1, j2, …, jM) is the set of path assignments for all
documents in the corpus, k is the same as defined in
Eq.(5), p ( wmi | w − mi , z , j , k ) is the likelihood of zmi
with respect to wmi, and p ( zmi | zm− i ) is the conditional
prior of zmi determined by the Dirichlet multinomial
distribution. When a superscript starting with a minus
sign is attached to a variable, e.g., x−y, the variable y is
excluded from the set of variables represented by x; or
y is omitted from the count number represented by x.
In Eq.(6), z−mi is the set of level assignments of all
words in the corpus excluding zmi, and zm− i is the set of
level assignments of all words in document m excluding zmi. By integrating out εm for document m and
μk for each topic k,
p ( zmi = l | z

− mi

n wmi + η nml + β
, w , j, k ) ∝ *l
,
nl + W η nm* + L β

(7)

where n*jml is the number of times that all words in the
vocabulary have been assigned to the topic associated
with the sub-topic on level l of path jm excluding wm,
n wjml is the number of times that word w has been
assigned to that topic excluding wm, n*jmlm is the
number of times that all words in document m have
been assigned to that topic, and n wjmlm is the number of
times that word w in document m has been assigned to
that topic.
The second term in the right-hand side of Eq.(8)
is the prior of jm as determined by Eqs.(4) and (5).
The conditional distribution used for sampling ks
for sub-topic s is
p (k s | w , z , j , k − s ) ∝ p ( ws | w − s , z , j , k ) p (k s | k − s ), (10)

where ws is the set of all words assigned to sub-topic s,
p(ws|w−s, z, j, k) is the likelihood of ks with respect to
ws, and p(ks|k−s) is determined by Eq.(5).
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EXPERIMENT AND DISCUSSION
In this section, we demonstrate the effectiveness
of the nHDP model with both synthetic and the
20-newsgroup dataset, which is widely used in topic
modeling research for demonstrating the effectiveness of algorithms (Bast and Majumdar, 2005;
Mimno et al., 2007), and compare the results with
those of the hLDA model.
A corpus of four hundred and fifty 100-word
documents was generated using the model in Fig.2.
Each node in the tree was a 5×5 image. We treated
each of the 25 pixels as a word in a vocabulary and
each node in the tree as a topic. For each document,
we sampled its path from one of the four paths uniformly, and a topic mixing proportion from a
Dirichlet distribution. For each word in a document,
we sampled one topic from the mixing proportion and
extracted the word from that topic.

c

a

b

d

e

f

Fig.2 Model used in the bar example

We implemented the hLDA model with Gibbs
sampling in the Java programming language. We ran
hLDA on the data for 5000 iterations, took one sample,
and restarted the chain several times. The log likelihood p(w|c,z) in hLDA usually stabilizes in the first
100 iterations. Fig.3 is one result obtained after 5000
iterations. It is an interesting demonstration of two
local maxima problems in hLDA that happens commonly in our experiments.
Duplicated parent topic problem
The nodes a and c in Fig.3 should have been
merged into one node, so should the nodes e and g.
Path assignment of each document in hLDA can only
be sampled separately when implemented with Gibbs
sampling. But path assignments for documents on
paths ab and cd are strongly related. The only way to
merge nodes a and c in Fig.3 is to move the

a

c

e

g

i

b

d

f

h

j

Fig.3 One result of hLDA

documents assigned to path cd to a path ad′ (d′ is a
new child node of node a) one by one, or vice versa.
However, when sampling the path assignment for a
document assigned to path cd in the previous iteration,
the conditional probability of path ad′ can be much
lower than that of path cd. That is because the other
similar documents on path cd make the likelihood of
the document being assigned to path cd much higher.
Unless the nested CRP gives path ad′ a prior probability a lot higher than that of path cd (Note: this
happens when there are much more documents assigned to node a than to node c), a document being
moved to path ad′ from path cd will return to path cd
after one iteration or two. One way for hLDA to avoid
being trapped in local maxima like this is to form the
correct tree structure during early iterations of the
Markov chain when there are only a few documents
on each path and small differences in likelihood between paths.
Inverted path problem
Path ij in Fig.3 is path ef with its level-2 and
level-3 topics inverted. This happens for two reasons:
(1) The hidden random variables are randomly initialized. The documents from the same path in the true
model can have their words initialized with different
level assignments. (2) The conditional distribution
used in the Gibbs sampler fixes level assignments zm
of the words in a document m when sampling path
assignment cm for the document. So path ef will have
a quite low likelihood compared to path ij when
sampling path assignment for a document assigned to
path ij in the previous iteration.
The nHDP model was designed with the first
problem in mind. We replace the CRP in the hLDA
model with an HDP. The two-layered clustering (Note:
a sub-topic is a cluster of documents, and a topic is a
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cluster of sub-topics) makes the nHDP a good model
to deal with the duplicated parent topic problem.
Sampling a topic for a sub-topic according to Eq.(10)
is equivalent to sampling a path for a group of
documents together. Thus, when transferring a document from one path to another, we move all other
similar documents assigned to the same path with it.
This solves the duplicated parent topic problem.
The nHDP model can still be trapped in local
maxima as described in the inverted path problem. To
deal with this problem, we introduce the mapped
nHDP (mnHDP) model, an extension to the nHDP
model. The generative model is described as follows:
For each document m:
Step 1: Let jm1 be the root topic.
Step 2: For each level l∈{2, 3, …, L}: (i) Draw a
sub-topic according to Eq.(4), and set jml to be the
sub-topic; (ii) If a new sub-topic is created in step (i),
draw a topic according to Eq.(5), attain parameters of
the multinomial distribution μ for the new topic from
Dir(η), and assign the sub-topic to it.
Step 3: Draw an L-dimensional topic mixing
proportion vector εm from Dir(β).
Step 4: Draw level mapping mm from a prior
distribution.
Step 5: For each word wmi in document m: (i)
Draw level assignment zmi∈{1, 2, …, L} from
Mult(εm). (ii) Map zmi to the mapped assignment z′mi
according to the level mapping mm. (iii) If z′mi=1,
draw wmi from the root topic; otherwise, from the
topic to which the sub-topic on level z′mi of path jm is
assigned.
Instead of assigning wmi to a level according to
the level assignment zmi, we mapped zmi to z′mi according to a document-specific level mapping mm.
For example, in a three-level topic tree, mm=(2, 3, 1)
means that, a word with level assignment zmi=1 is
actually assigned to level 2 on path jm, a word with
zmi=2 to level 3, and a word with zmi=3 to level 1. A
five-word document with zm=(1, 3, 2, 1, 2, 3) and
mm=(2, 3, 1) will have its words assigned to levels (2,
1, 3, 2, 3, 1). We added the constraint that mm is a
one-to-one mapping. The sample space of mm is usually small: on a three-level topic tree, the sample
space size is only 2 if we further add the constraint
that words with zmi=1 are always mapped to level 1.
With such a small sample space, we can jointly sample mm with path assignment jm as in Eq.(11) to help
the Markov chain escape local maxima:

p ( jm , mm | z , w , j − m , m − m , k ) ∝
p( wm | w − m , z , j , m , k ) p ( jm | j − m ) p (mm ),

(11)

where p(wm|w−m, z, j, m, k) is the likelihood of (jm, mm)
with respect to wm. It is similar to Eq.(9) except that
we add the level mapping. p(mm) is the prior of the
document-specific level mapping. We set the probability of a document with its level-2 and level-3
inverted to 1/30 in our experiments of modeling topic
trees of three levels.
In another bar example, we constructed a
three-level hierarchical topic tree with 3 nodes on
level 2, with 5, 2, 2 child nodes on level 3 respectively.
Eight hundred 200-word documents were generated
similarly as in the previous bar example. We ran 4
topic models—hLDA, mhLDA (the hLDA model
enhanced with level mapping), nHDP, and mnHDP—
on the dataset. For each topic model, we let 50 independent randomly initialized Markov chains burn in
for 2000 iterations and took one sample from each
chain. To test how different η values affect the effectiveness of the 4 topic models, especially the ability to
correctly merge level-2 topics, we conducted the
above experiment twice, one with η=(0.1, 0.1, 0.1),
the other with η=(0.1, 1.0, 0.1) [η=(0.1, 1.0, 0.1)
means that parameters of all level-1 and level-3 topics
are sampled from a symmetric Dirichlet distribution
with η=0.1 and parameters of all level-2 topics are
sampled from a symmetric Dirichlet distribution with
η=1.0]. Table 1 shows the number of errors averaged
over 50 samples for each topic model with two different η values. We can see that a larger η value can
help the hLDA model merge topics at level 2. The
nHDP model and the mnHDP model are more capable
of dealing with the duplicated parent problem and the
Table 1 Average error numbers of the four topic models
Average number of errors
η=(0.1, 0.1, 0.1)
η=(0.1, 1.0, 0.1)
Model
hLDA
mhLDA
nHDP
mnHDP

DP
3.70
3.80
0.10
0.08

IP
0.80
0.00
0.24
0.00

O
2.40
2.42
2.52
2.54

DP
1.52
1.42
0.00
0.00

IP
0.02
0.00
0.02
0.00

O
1.28
1.34
1.06
1.38

Each value in the table is the average number of errors over 50
samples for a topic model. DP: number of duplicated parent errors;
IP: number of inverted path errors; O: all other errors. The true data
model is a 3-level hierarchical topic tree with 3 nodes on level 2,
with 5, 2, 2 child nodes on level 3, respectively
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the newsgroup with that document in the vector space
model. Fig.5 shows the inter-newsgroup similarity
measured by Jensen-Shannon divergence (Lin, 1991).
According to Fig.5, we divided the 20 newsgroups
into 8 partitions: (comp.graphics, comp.os.ms-windows.misc, comp.sys.ibm.pc.hardware, misc.forsale,
comp.windows.x, comp.sys.mac.hardware, sci.electronics), (talk.politics.guns, talk.politics.mideast,
talk.politics.misc), (talk.religion.misc, soc.religion.
christian, alt.atheism), (rec.autos, rec.motorcycles),
(rec.sport.baseball, rec.sport.hockey); the other 3
newsgroups, sci.med, sci.space, and sci.crypt, showing little inter-newsgroup similarity, were put in 3
separate partitions.
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Number of level-2 topics

inverted path problem with both η values. Level
mapping can help both hLDA and nHDP escape local
maxima as described in the inverted path problem.
To test our model in real world problems, we
generated a sample of 1105 documents from the
well-known 20-newsgroup dataset by uniformly
sampling documents from each newsgroup. After
removing stop words from the vocabulary, we acquired a total of 93 975 words with a vocabulary size
of 2702. We ran 4 topic models—hLDA, mhLDA,
nHDP, and mnHDP—on the dataset. After burning
the Markov chain for 10 000 iterations, we took 3
samples with a gap of 1000 iterations. We restarted all
chains 5 times. In all models, we set η=0.5 for the
symmetric Dirichlet distribution for all topics (when
η=0.1 all four topic models produced over 300 topics,
and the topics are hard to interpret), while the CRP
parameter in Eq.(1) for hLDA and mhLDA, α in
Eq.(4), and γ in Eq.(5) were all set to 1. The Dirichlet
prior for word level assignments was set to (10, 6, 3)
in both models. It took 8 h to train the mnHDP model
on a workstation with a 2.33 GHz Intel CPU and 2 GB
memory. To determine if the model has stabilized, we
calculated the log likelihood of the 4 models with
respect to the training data by using the empirical
likelihood (Li and McCallum, 2006). The log likelihood of all the 4 models stabilized in the first 100
iterations.
mnHDP produced a much more compact tree
structure than hLDA did. Fig.4 is a histogram for the
size of level-2 topics (number of documents assigned
to level-2 topics) in hLDA and mnHDP. The x-axis is
the number of documents assigned to a level-2 topic,
and the y-axis is the number of level-2 topics of a
certain size. There are 42 level-2 topics in the hLDA
topic tree, as compared with only 16 in mnHDP. The
average number of documents contained in a level-2
topic in hLDA is 26, whereas it is 69 in nHDP.
Many newsgroups in the 20-newsgroup dataset
are similar in word usage. We removed stop words,
i.e., a standard stop word list and the top 200 words in
the root topic in one of the samples, from the hLDA
model (the root topic contains stop words specific to
the newsgroups, such as subject, lines, writes, article,
quote), and kept only the top 400 words with highest
average mutual information with the original newsgroup label. For each newsgroup, we merged all the
contained articles into one document, and represented

Number of documents

Fig.4 Histogram for documents number on level-2 topics
The x-axis is the number of documents assigned to a level-2
topic and the y-axis is the number of level-2 topics of a certain
size. mnHDP produced a much more compact tree structure
comp.graphics
comp.os.ms-windows.misc
comp.sys.ibm.pc.hardware
comp.sys.mac.hardware
comp.windows.x
misc.forsale
sci.electronics
talk.politics.guns
talk.politics.mideast
talk.politics.misc
talk.religion.misc
alt.atheism
soc.religion.christian
sci.med
sci.space
sci.crypt
rec.sport.baseball
rec.sport.hockey
rec.autos
rec.motorcycles

Fig.5 Jensen-Shannon (JS) divergence of the 20newsgroup dataset
The y-axis lists the newsgroup names, and newsgroup
names on the x-axis are in the same order (the leftmost is
comp.graphics and the rightmost is rec.motorcycles). We
can see one large partition about the computer, and 7 other
smaller partitions

Both nHDP and hLDA can capture the large
partition about the computer (Fig.5) with a level-2
topic. But hLDA is not good at capturing
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Number of documents

inter-newsgroup similarity shared by only a small
number of documents in its level-2 topics like topics 1
and 2 in Fig.6a. Such small partitions usually have
separate level-2 topics in topic trees produced by
hLDA in our experiments (Fig.6b).
60
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40
30

(a)

Topic 1
Topic 2

Table 2 NMI and EL of the four topic models
Model
NMI
EL
hLDA
0.348 625
−236 440
mhLDA
0.392 895
−236 321
−234 364
nHDP
0.453 422
−234 177
mnHDP
0.597 039

Topic 3
Topic 4

(b)

20
10

NMI: normalized mutual information as defined in Eq.(12); EL:
empirical likelihood of 378 held-out documents
alt.atheism
comp.graphics
comp.os.ms-windows.misc
comp.sys.ibm.pc.hardware
comp.sys.mac.hardware
comp.windows.x
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rec.sport.baseball
rec.sport.hockey
sci.crypt
sci.electronics
sci.med
sci.space
soc.religion.christian
talk.politics.guns
talk.politics.mideast
talk.politics.misc
talk.religion.misc

0

is 30% better than hLDA with respect to normalized
mutual information, and level mapping can further
improve both models.
Following (Li and McCallum, 2006), we
checked the predictive power of our model with
hLDA by calculating the empirical likelihood (EL) of
378 held-out documents from the 20-newsgroup
dataset. nHDP and mnHDP improved the empirical
likelihood by 1% (Table 2).

Fig.7 shows part of the topic tree produced by
mnHDP. The leftmost level-2 topic corresponds to the
large partition related to the computer in Fig.5, while
the rightmost level-2 topic corresponds to the partition (rec.autos, rec.motorcycles).

Newsgroup

subject
writes
article
NNTP
university

Fig.6 Distribution over newsgroups for two level-2 topics
discovered by mnHDP (a) and hLDA (b)
Topics 1 and 2 in (a) correspond to the partitions (rec.autos,
rec.motorcycles) and (rec.sport.baseball, rec.sport.hockey)
respectively, and topics 3 and 4 in (b) correspond to the split
(rec.autos, rec.motorcycles) partition in Fig.5

Because mutual information does not penalize
results with many similar topics (Manning et al.,
2008), we measured how well the level-2 topics produced by different topic models correspond to the 8
partitions shown in Fig.5 by normalized mutual information (NMI) (Press et al., 1992):

NMI (t , p) =

MI (t , p)
,
H (t )

(12)

where t is the random variable that represents the
level-2 topics produced by the topic models, p is the
random variable that indicates the partitions in Fig.5,
MI(t, p) is the mutual information between t and p,
and H(t) is the entropy of t. The normalized mutual
information between two random variables is between 0 and 1. As shown in Table 2, the nHDP model

windows
driver
card
SCSI
video
motherboard
VGA
IDE
routine
chips
polygon
cache
function
bus
programming

driving
speed
fast
road
accident
car
oil
ABS
tires
engine

bike
gas
rider
tank
cycle

Fig.7 Words with high probabilities in part of the topic
tree produced by mnHDP

CONCLUSION
We extended the hierarchical Dirichlet process
to model latent hierarchical topic structures embedded in text corpora. With a specially designed
two-layered clustering, our model is more likely to
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escape local maxima than the hLDA model. We implemented the model with Gibbs sampling in the Java
programming language. Experiments on both synthetic and real dataset show that, our model not only
produces a more compact tree structure, but also is
able to capture fine-grained topic relationships which
are often missed by hLDA.
There are several possible extensions to the
model. First, we can extend the model by allowing
tree paths of the topic tree to have different lengths.
This extension is useful when part of the corpus has a
richer hierarchical topic structure than the rest. Second, we would like to see if a better sampling algorithm can deal with the duplicated parent problem and
the inverted path problem. Third, we can enrich the
model by introducing more prior knowledge, such as
threading relationship among the documents in
newsgroups.
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