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Abstract
Many of the previous efforts in generalizing over knowledge extracted from text have relied on the
use of manually created word sense hierarchies, such as WordNet. We present initial results on
generalizing over textually derived knowledge, through the use of the LDA topic model framework,
as the first step towards automatically building corpus specific ontologies.
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Introduction

Many of the previous efforts in generalizing knowledge extracted from text (e.g., Suchanek et al.
(2007), Banko and Etzioni (2007), Paşca (2008), and Van Durme et al. (2009)) have relied on the
use of manually created word sense hierarchies, such as WordNet. Unfortunately, as these hierarchies are constructed based on the intuitions of lexicographers or knowledge engineers, rather than
with respect to the underlying distributional frequencies in a given corpus, the resultant knowledge
collections may be less applicable to language processing tasks.
While previous work (such as by Cimiano et al. (2005), or Liakata and Pulman (2008)) has
explored the use of automatically constructed taxonomies, these methods tend to make strong assumptions about word sense, where each surface token is forced to have just a single underlying
meaning.
Our eventual goal is the construction of corpus-specific, probabilistic ontologies, that allow
for multiple word senses, and whose structure reflects the distributional semantics found in text.
Such an ontology will allow for robust generalization of extracted knowledge, providing a softer
alternative to the brittleness of traditional knowledge bases that has thus far largely prevented their
use in real world textual applications.
We present here the first step towards this goal: the application of the LDA Topic Model framework of Blei et al. (2003) in order to derive a set of classes based on underlying semantic data: a
collection of automatically extracted propositions conveying general world knowledge.
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Generalizing Knowledge

2.1

Background Knowledge

Our experiments are based on the data of Van Durme et al. (2009), consisting of a large collection of
general knowledge extracted from the British National Corpus (BNC) through use of those authors’
K NEXT system. K NEXT operates through a set of manually constructed semantic rules, applied to
syntactic parse trees in the style of the Penn Treebank.
Our problem specification starts from that of Van Durme et al.: given a collection of individual
propositions, e.g., A M ALE M AY B UILD A H OUSE, automatically extracted from some corpus,
construct conditional statements that can be viewed as stronger claims about the world, e.g., I F
A M ALE B UILDS S OMETHING , T HEN I T I S P ROBABLY A S TRUCTURE , A B USINESS , O R A
G ROUP. We revise this problem to be: given such a collection, construct conditional probability
distributions that reflect the likelihood of a proposition being expressed with a particular argument,
in text similar to that of the original corpus. For example, if we were to sample values for X, conditioned on a propositional template such as, A M ALE M AY B UILD X, we might see examples such
as: A H OUSE , S OME S TEPS , A N A NIMAL , A H OUSE , A LYRICISM , A C HURCH , K ARDAMILI ,
S ERVICES , A C AGE , A C AMP, ... .1
1

These are the actual first 10 arguments sampled from a 100 topic model during development.
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2.2

Model Description

Let each propositional template or contextual relation be indexed by r ∈ R = {1, ..., M }, limited
in this work to having a single free argument a ∈ A , where A is finite.
Assume some set of observations, taking the form of pairs ranging over R × A . Then the list
of non-unique arguments seen occurring with relation r is written as, a r = (ar1 , ..., arNr ) ∈ A Nr .
For example, the indices in a pair �r, a� might correspond to: �A M ALE M AY B UILD, A H OUSE� ,
while the indices in an argument list, a r , might correspond to:(A H OUSE, A H OUSE, A H OUSE,
S OME S TEPS, ...).
Let

We are concerned here with Pr(a | r): the probability of an argument, a, given a relation, r.
cr (a) =

Nr
�

δ(a = ari )

i=1

be the number of times argument a, was observed with r. The maximum likelihood estimate (MLE)
is then
cr (a)
P̂r(a | r) =
.
Nr
Assume the observation set is sparse, where the resultant MLE may incorrectly assign zero mass
to events that have low (but non-zero) probability. Further assume that the distributions associated
with distinct relations are not independent. For example, I expect the context A F IREFIGHTER
M AY E AT X to have an argument pattern similar to A S ECRET S ERVICE AGENT M AY E AT X.
To capture this intuition I introduce a set of hidden topics, which here represent semantic classes as
probability distributions over unique arguments. Under this model, we imagine a given argument is
generated by first selecting some topic based on the relation, and then selecting an argument based
on the topic.
Where z ∈ Z = {1, ..., T } is a set of topics, let φz (a) = Pr(a | z) be the probability of an
argument given a topic, and θr (z) = Pr(z | r) be the probability of a topic given a context. Both
θr and φz represent multinomial distributions, whose parameters we will estimate based on training
data.
The revised formula for the probability of a given r becomes

Pr(a | r) =

�

φz (a)θr (z) =

z∈ Z

�

z∈ Z

Pr(a | z) Pr(z | r).

I use here the Latent Dirichlet Allocation (LDA) framework2 introduced by Blei et al. (2003), a
generative model for describing the distribution of elements within, e.g., a document collection. Using the terminology of this model, documents are represented as a weighted mixture of underlying
topics, with each topic representing a multinomial distribution over the vocabulary (see Figure 1).
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Specifically, I use the smoothed LDA model of Blei et al. (2003), where the topic multinomials, φ, are also taken to
be draws from a Dirichlet prior, in addition to the document multinomials, θ.

2

α

z

θr

a

Nr
M

β

φz

T

Figure 1: The smoothed LDA Model of Blei et al. (2003), in plate notation: (non)shaded circles
represent (un)observed variables, arrows represent dependence, and boxes with some term x in the
lower right corner represents a process repeated x times.

This model assumes observations are generated by a process in which each document’s topic distribution θr is first sampled from an underlying symmetric3 Dirichlet distribution with parameter
α and then each word of the document is generated conditioned on θr and the multinomial distributions represented by each topic. Those topic distributions are themselves taken as draws from a
symmetric Dirichlet distribution with parameter β:
θ ∼ Dirichlet(α),

z | θr ∼ Multinomial(θr ),
φ ∼ Dirichlet(β),

a | z, φ ∼ Multinomial(φz ).
With respect to topic model terminology, R may be considered a set of indices over documents,
each associated with a list of observed words. In this case Nr is the size of document r.

2.3

Parameter Inference

Based on observations, we must estimate T + M distinct multinomial distributions represented by
the probability functions φ1 , ..., φT and θ1 , ..., θM .
Parameter inference was carried out using the Gibbs sampling procedure described by Steyvers
and Griffiths (2007), the implementation of which is given in Figure 2.
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A Dirichlet distribution over an n-dimensional multinomial is defined by n separate parameters, α1 to αn . A symmetric Dirichlet distribution constrains all n parameters to equal a single value, α.

3

Given:
R : set of relations
a 1 , ..., a M : arguments seen for each relation
C A Z : an |A | × T matrix
C R Z : an M × T matrix
C Z : a vector mapping topic ids to argument counts
ar |
C R : a vector mapping relation ids to argument counts, i.e., |a
c(r, a, z) : a map from a relation, argument, topic triple to a count
Parameters:
T : number of topics
α, β : Dirichlet parameters
n : number of iterations
Initialize:
Initialize c(·, ·, ·), and the cells of C Z , C A Z , and C R Z to 0
For each r ∈ R :
For each a ∈ a r :
Draw a topic id, z, from (1, ..., T ), uniformly at random
AZ
RZ
Increment c(r, a, z), C Z
z , C az , and C rz
Inline-Function S AMPLE:
Let s be 0
Let V be a vector of size T
For t from 1 to T :
� AZ
�� RZ
�
C az + β
C rz + α
Let V t be
CZ
CR
z + |A |β
r + Tα
Increment s by V t
Normalize V by s
Draw a topic id, z � , from (1, ..., T ), at random according to the multinomial V
Algorithm:
For e from 1 to n:
For each r ∈ R :
For each unique a ∈ a r :
For each z such that c(r, a, z) > 0:
Let x be c(r, a, z)
For i from 1 to x:
R , C A Z , and C R Z
Decrement c(r, a, z), C Z
r
z ,C
az
rz
S AMPLE new topic id, z �
R
AZ
RZ
Increment c(r, a, z � ), C Z
z � , C r , C az � , and C rz �
Figure 2: Gibbs sampling procedure used for parameter inference, where snapshots of count matrices C A Z

and C R Z may be taken at even intervals following burn-in, and then averaged and normalized to provide
estimates of φ1 , ..., φT and θ1 , ..., θM .

4

25.5

26.0

3
10
200

●
●

●

●

25.0

●

●

24.5

Cross Entropy

# Topics

●
●

●
●

24.0

●

0

20

40

●

60

80

100

Iterations

Figure 3: Cross entropy of topic models with 3, 10 and 200 topics, evaluated on held out data,
presented as a function of iterations of Gibbs sampling.
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3.1

Experiments
Data

Our dataset was constructed from the propositional templates described by Van Durme et al. (2009).
We considered just those templates with a frequency of 10 or more, which gave approximately
140,000 unique templates (documents), over a vocabulary of roughly 500,000 unique arguments
(words). We held out 5% of this collection, randomly sampled, to use for evaluation, with the rest
being used to train models of varying number of underlying topics.

3.2

Building Models

Following suggestions by Steyvers and Griffiths (2007), we fixed α = 50/T and β = 0.01, then
constructed models across a variety of fixed values for T . As topic distributions showed little
variation after burn-in, for the exploratory work reported here we simply took θ and φ as the final
configurations of the model at the final iteration of the chain.
Figure 3 shows the cross entropy of three models on our held out data, as a function of iteration.
As seen, more underlying topics allow for better predictions of argument patterns in unseen text.
Increasing the number of topics significantly beyond 200 was computationally problematic for this
dataset; further investigation along these lines is a point for future work.
For the resultant models, examples of the most probable arguments given a topic can be seen in
Table 1. Table 2 gives examples for the most probable templates to be observed in the training data,
once the topic is fixed.

3.3

Evaluating Models

From the training corpus, 100 templates were sampled based on their frequency. Each template was
evaluated according to the 5 point scale used by Van Durme et al. (2009): a score of 1 corresponds to
5

0
�a.d end.n�
�a.d part.n�
�a.d problem.n�

A N E ND
A PART
A P ROBLEM

1
(k �plur person.n�)
(k �plur child.n�)
(k �plur woman.n�)

P EOPLE
C HILDREN
W OMEN

6
�sm.q �plur eye.n��
�a.d head.n�
�a.d life.n�

E YES
A H EAD
A L IFE

Table 1: From the model with 10 underlying topics, the 3 most probable arguments from topics 0, 1 and

6. Presented both in the underlying pseudo logical form representation used by K NEXT, along with the
associated English verbalization.

27
A N I NTEREST C AN B E I N X
X M AY U NDERGO A T EACHING
A B OOK C AN B E O N X

62
X M AY H AVE A R EGION
X M AY H AVE A N A REA
X M AY H AVE A C OAST

108
A P ERSON M AY H EAR X
X M AY R ING
X M AY H AVE A S OUND

Table 2: From the model with 200 underlying topics, the 3 most probable templates when conditioned on
topics 27, 62 and 108.

a template that can be combined with some argument in order to form a “Reasonably clear, entirely
plausible general claim”, while a score of 5 corresponds to bad propositions. From the sample,
templates such as X M AY A SK were judged poorly, as they appear to be missing a central argument
(e.g., ... A Q UESTION, or ... A P ERSON), while a few were given low scores because of noise
in K NEXT’s processing or the underlying corpus (e.g., X M AY H M). Examples of high quality
templates can be seen as part of Table 3.
Average assessment of the first 100 templates was 1.99, suggesting that for the majority of our
data there does exist at least one argument for which the fully instantiated proposition would be a
reasonable claim about the world. The distribution of assessments may be seen in Figure 4.
A further 38 propositions were sampled until we had 100 templates judged as 2 or better (this
led to a final mean of 1.94 over the extended sample of 138 templates).
For each of these high quality templates, one argument was drawn from each of three models. These arguments where then used to instantiate complete propositions, presented for evaluation
absent the information of which argument came from which model. Table 3 gives three such (template, argument) pairs, along with the assessed quality. In Table 4 we see that just as cross entropy
decreased with the addition of more topics, the quality of sampled arguments improves as well.

X M AY B E C OOKED
A P ERSON M AY PAY X
A D IVERSITY C AN B E I N X

3
I MPLICATIONS
A D ISPLAY
O PPORTUNITIES

5
5
1

10
A W EB
A W ORKER
A C ENTURY

5
1
3

200
F ISH
A FARE
VOLUME

1
1
1

Table 3: Examples of propositional templates and arguments drawn randomly for evaluation, along with
their judgements from 1 to 5 (lower is better).

6

60
50
40
30
20
10
0

1

2

3

4

5

Figure 4: From a sample of 100 templates, number of those assessed at: 1 (64 of 100), 2 (7), 3 (7), 4 (10)
and 5 (12).

# Topics
Avg. Assessment

3
2.39

10
2.09

200
1.73

Table 4: Starting with 100 templates assessed at 2 or better, results of drawing 100 arguments (1 per template)
from models built with 3, 10 and 200 topics.

3.4

Topic Pruning per Relation

Van Durme et al. (2009) gave an algorithm that assumed the missing argument for a given propositional template was type-restricted by at most a small number of distinct categories. For example,
usually if there is some X such that A P ERSON M AY T RY T O F IND X, then according to evidence
gathered from the BNC, we expect X to usually be either a A P ERSON or A L OCATION. If we take
topics to represent underlying semantic categories, then in order to enforce a similar restriction here,
we need some way to constrain our model such that for each relation we keep track of at most k
relevant topics. This could be achieved simply by post-processing each θˆr by setting to 0 all non-top
k topics, and re-normalizing, but this would be overly severe: the assumption is that an argument
is usually one of a few categories, while the proposed post-processing technique would equate to a
claim that it is always of this restricted set.
Here we investigated the effect of modifying the posterior probability such that Pr(a | r) is
determined by using θr for just the relative top k, with leftover mass uniformly distributed amongst
the remaining categories, weighted by the respective category probability.
Let Z kr be those z ∈ Z such that there are no more than k − 1 such z � ∈ Z where θr (z � ) >
θr (z). Then we define the k-constrained probability of a given r as:
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Figure 5: On a 200 topic model, for k = 0, 1, ..., 10, cross entropy scores on held out data using kconstrained pruning.

Prk (a | r) =
=

�

z∈Z kr

�

z∈Z





φz (a)θr (z) + λ1 

�

z � �∈Z kr

φz (a)θr (z) +

k
r

1 −

�

z∈Z kr



θr (z) 

�

φz � (a)

Pr(z � )
λ2





Pr(z � )
.
φz � (a) �
�)
Pr(z
�
k
z �∈Z r
k

z � �∈Z r

For a model built with 200 underlying topics, Figure 5 contains cross entropy results on held-out
test data, when considering various levels of k. As seen, the majority of the predictive power for
which arguments to expect for a given relation comes from the first two or three topics. If these
topics are taken as (rough) semantic categories, then this agrees with the soft restriction employed
by Van Durme et al. (2009) (where the parameter m in that algorithm is similar in function here to
k).
As an aside, note the relationship between soft restriction, the k-constrained conditional probabilities here, and the use of an abnormality predicate when performing circumscription (McCarthy,
1980, 1986). McCarthy (1986) wrote: Nonmonotonic reasoning has several uses. [... Such as] a
very streamlined expression of probabilistic information when numerical probabilities, especially
conditional probabilities, are unobtainable. In Van Durme et al. (2009) the concern was that textual
frequencies may not directly correlate with human beliefs about the world, in other words, that the
conditional probabilities of interest (human beliefs regarding likelihood) are potentially unobtainable from the given resource (everyday text). Soft restriction, k-constrained probabilities, and the
8

abnormality predicate: all are aimed at getting the “main gist” correct, succinctly, while isolating
the remaining as “other”, or abnormal.

4

Related Work

Suchanek et al. (2007) performed extraction over Wikipedia, using a closed set of manually specified
relations. Results were then automatically affixed to synsets within WordNet through use of the first
sense heuristic.
Banko and Etzioni (2007), along with Paşca (2008), both relied on the first sense heuristic to
generalize discovered knowledge by finding the synset that best covered their observations. The
experiments of Banko and Etzioni were based on their T EXT RUNNER framework, as applied to a
closed domain set of documents dealing with nutrition, while Paşca generalized over class attributes
discovered through the use of search engine query logs. Van Durme et al. (2009) argued against
reliance on the first sense heuristic when generalizing, but retained the use of WordNet.
Cimiano et al. (2005) automatically constructed ontologies based on extracted knowledge using
the principles of Formal Concept Analysis (FCA), while Liakata and Pulman (2008) performed
hierarchical clustering to derive a set of semantic classes as leaf nodes. Both groups focused on
domain specific texts in order to minimize the problems of WSD.
Although evaluated on syntactic constructions rather than logical forms, the work of Pantel
and Lin (2002) on the Clustering By Committee (CBC) algorithm is perhaps the most similar in
motivation to what we’ve presented here. A comparative strength of our model is that it is fully
generative, which should allow for principled integration into existing text processing frameworks
(in particular, as a semantic component in language modeling).
Havasi (2009) explored the use of Singular Value Decomposition (SVD) techniques for clustering terms based on the semantic contexts from the Open Mind Common Sense (OMCS) project
(Singh, 2002). The OMCS initiative has similar goals as the K NEXT project (as expressed by Schubert (2002)), but focuses on the use of human volunteers in the knowledge acquisition process.
Recently Brody and Lapata (2009) independently developed a semantic topic model framework
for the task of word sense disambiguation. The authors built distinct models for each word, with
individual topics standing for an underlying word sense.
Koo et al. (2008) presented results showing that a word hierarchy built in an unsupervised manner could be used to improve accuracy in syntactic parsing. The authors applied an agglomerative
clustering technique that at each merge operation minimized overall divergence between old and
new models, based on token bigram frequencies. We take this work as an example of an automatically acquired “knowledge” base being useful for NLP.

5

Conclusion

Our goal is the construction of probabilistic ontologies, with structure derived from the corpus from
which the underlying knowledge was extracted. Here we have presented the first step towards that
goal: the application of the LDA topic model to a large collection of automatically acquired, general
9

world knowledge. We have validated the applicability of this method when propositional templates
are considered as documents, and semantic arguments being used as words.
By treating the knowledge generalization problem as one of constructing conditional probability
distributions, we have opened the door for automatic evaluation. If one may assume the average
quality of an underlying set of extracted knowledge is high, then measuring the cross entropy of
constructed models against held out data serves as a powerful tool as compared to human evaluation.
Future work may investigate the use of multiple layers of such models as a semantic taxonomy,
along with the use of WordNet as a source of knowledge (instead of a hard constraint). In addition,
while the knowledge over which we built our models has inherent logical structure, here those
propositions were used only as static semantic contexts with a single argument removed. We are
actively considering the use of hierarchical models in order to capture multiple arguments, which
should allow for a more natural model of the underlying semantics, and offer practical assistance in
handling data sparsity. Finally, we plan to use nonparametric priors to infer the number of clusters,
once the aforementioned tractability issues in building very large models is addressed.
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