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Figure 4: Example per-node attribute distribution generated by fsLDA. Light/orange nodes represent

labeled attribute sets attached to WN, and the full hypernym graph is given for each in dark/purple

nodes. White nodes depict the top attributes predicted for each WN concept. These inferred annotations

exhibit a high degree of concept specificity, naturally becoming more general at higher levels of the

ontology. Some annotations, such as for the concepts Agent, Substance, Living Thing and Person have

high precision and specificity while others, such as Liquor and Actor need improvement. Overall, the

more general concepts yield better annotations as they are averaged over many labeled attribute sets,

reducing noise.
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models span 380 annotated concepts on average.

4.3 Constructing Ranked Lists of Attributes
Given an inferred model, there are several ways to
construct ranked lists of attributes:
Per-Node Distribution: In fsLDA and ssLDA,
attribute rankings can be constructed directly for
each WN concept c, by computing the likelihood
of attribute w attaching to c, L(c|w) = p(w|c) av-
eraged over all Gibbs samples (discarding a fixed
number of samples for burn-in). Since c’s attribute
distribution is not dependent on the distributions
of its children, the resulting distribution is biased
towards more specific attributes.
Class-Entropy (CE): In all models, the inferred
latent annotated concepts can be used to smooth
the attribute rankings for each labeled attribute set.
Each sample from the posterior is composed of
two components: (1) a multinomial distribution
over a set of WN nodes, p(c|wd, α) for each at-
tribute set wd, where the (discrete) values of c are
WN concepts, and (2) a multinomial distribution
over attributes p(w|c, η) for each WN concept c.
To compute an attribute ranking for wd, we have

p(w|wd) =
�

c

p(w|c, η)p(c|wd, α).

Given this new ranking for each attribute set, we
can compute new rankings for each WN concept
c by averaging again over all the wd that appear
as (possible indirect) descendants of c. Thus, this
method uses LDA to first perform reranking on the
raw extractions before applying the baseline ontol-
ogy induction procedure (§ 4.2).6

CE ranking exhibits a “conservation of entropy”
effect, whereby the proportion of general to spe-
cific attributes in each attribute set wd remains the
same in the posterior. If set A contains 10 specific
attributes and 30 generic ones, then the latter will
be favored over the former in the resulting distri-
bution 3 to 1. Conservation of entropy is a strong
assumption, and in particular it hinders improving
the specificity of attribute rankings.
Class-Entropy+Prior: The LDA-based models
do not inherently make use of any ranking infor-
mation contained in the original extractions. How-
ever, such information can be incorporated in the
form of a prior. The final ranking method com-
bines CE with an exponential prior over the at-
tribute rank in the baseline extraction. For each
attribute set, we compute the probability of each

6One simple extension is to run LDA again on the CE
ranked output, yielding an iterative procedure; however, this
was not found to significantly affect precision.

attribute p(w|wd) = plda(w|wd)pbase(w|wd), as-
suming a parametric form for pbase(w|wd)

def=
θr(w,wd). Here, r(w,wd) is the rank of w in at-
tribute set d. In all experiments reported, θ=0.9.

4.4 Evaluating Attribute Attachment
For the WN-based models, in addition to mea-
suring the average precision of the reranked at-
tributes, it is also useful to evaluate the assign-
ment of attributes to WN concepts. For this eval-
uation, human annotators were asked to determine
the most appropriate WN synset(s) for a set of gold
attributes, taking into account polysemous usage.
For each model, ranked lists of possible concept
assignments C(w) are generated for each attribute
w, using L(c|w) for ranking. The accuracy of a list
C(w) for an attribute w is measured by a scoring
metric that corresponds to a modification (Paşca
and Alfonseca, 2009) of the mean reciprocal rank
score (Voorhees and Tice, 2000):

DRR = max
1

rank(c)× (1 + PathToGold)

where rank(c) is the rank (from 1 up to 10) of a
concept c in C(w), and PathToGold is the length
of the minimum path along Is-A edges in the con-
ceptual hierarchies between the concept c, on one
hand, and any of the gold-standard concepts man-
ually identified for the attribute w, on the other
hand. The length PathToGold is 0, if the returned
concept is the same as the gold-standard concept.
Conversely, a gold-standard attribute receives no
credit (that is, DRR is 0) if no path is found in
the hierarchies between the top 10 concepts of
C(w) and any of the gold-standard concepts, or if
C(w) is empty. The overalll precision of a given
model is the average of the DRR scores of individ-
ual attributes, computed over the gold assignment
set (Paşca and Alfonseca, 2009).

5 Results

5.1 Attribute Precision
Precision was manually evaluated relative to 23
concepts chosen for broad coverage.7 Table 1
shows precision at n and the Mean Average Preci-
sion (MAP); In all LDA-based models, the Bayes
average posterior is taken over all Gibbs samples

7(Precision evaluation) Attributes were hand annotated
using the procedure in (Paşca and Van Durme, 2008) and nu-
merical precision scores (1.0 for vital, 0.5 for okay and 0.0 for
incorrect) were assigned for the top 50 attributes per concept.
25 reference concepts were originally chosen, but 2 were not
populated with attributes in any method, and hence were ex-
cluded from the comparison.
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and Alfonseca, 2009) of the mean reciprocal rank
score (Voorhees and Tice, 2000):

DRR = max
1

rank(c)× (1 + PathToGold)

where rank(c) is the rank (from 1 up to 10) of a
concept c in C(w), and PathToGold is the length
of the minimum path along Is-A edges in the con-
ceptual hierarchies between the concept c, on one
hand, and any of the gold-standard concepts man-
ually identified for the attribute w, on the other
hand. The length PathToGold is 0, if the returned
concept is the same as the gold-standard concept.
Conversely, a gold-standard attribute receives no
credit (that is, DRR is 0) if no path is found in
the hierarchies between the top 10 concepts of
C(w) and any of the gold-standard concepts, or if
C(w) is empty. The overalll precision of a given
model is the average of the DRR scores of individ-
ual attributes, computed over the gold assignment
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results: re-ranked attribute precision

• nCRP smoothing improves precision over ranked baseline

• hierarchical smoothing is a good surrogate for ranking 
information
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Abstract
We apply hierarchical Latent Dirichlet Allocation (hLDA) to the problem of ontology annotation; 
automatically extending WORDNET with new concepts and annotating existing concepts with generic 
property fields, or attributes. The resulting annotations are evaluated along two dimensions: (1) the 
precision of the ranked lists of attributes at each concept, and (2) the specificity of the attribute 
assignments to WORDNET concepts. We find that hLDA and several variants outperform previously 
proposed heuristic methods, significantly improving the resulting annotation quality, and confirming 
the ability of topic models to reduce extraction noise.

(class, attribute) pairs

antineoplastic agents mechanism of action, solubility, extravasation, contraindications

book publishers adaptation, scientific name, adaptations, online dictionary, definition

federal agencies castle, pay banding, locality pay, history, careers, secretary

mammals digestive system, habitat, life cycle, respiratory system, reproduction

scientific journals journal, impact factor, definition, archive, ranking, process, picture

shipwrecks survivors, shipwreck, story, route, sinking, salvage, passenger list

social issues health risks, cause and effect, definition, cartoons, meaning

special diets definition, meaning, history, symptoms, low fat recipes, vitamins

turkish cities population, history, climate, maps, weather, tourism, sightseeing

turtles respiratory system, life cycle, sickness, habitat, drawing, predators

tyrants autobiography, early life, childhood, mausoleum, bibliography

vulnerabilities definition, history, list, different types, prevention, tutorial, statistics

writers family crest, coat of arms, clan, family tree, bibliography, tartan
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Labeled Attribute Sets
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Models

Results


