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Research Summary

Paramveer S. Dhillon (pasingh@seas.upenn.edu)
Computer and Information Science, University of Pennsylvania

My graduate research has, to date, concentrated on developing Machine Learning methods for
domains with structured data, namely Natural Language Processing and Genomics. The main com-
monality that these domains have is that there is inherent structure in their data. E.g., in language
tasks, features naturally fall into classes based on syntax and semantics, and in genomics the features
are expression levels of genes that can be divided into gene families. Most state-of-the-art learning
models do not take advantage of such structure and they assume, simplistically, that all features be-
long to a single equivalence class. Furthermore, since problems in these domains have large numbers
of potential features, building computationally efficient learning methods is important. Statistical
efficiency is even more important, as there is often paucity of labeled data. For example, there are
only ~ 10 labeled examples per word in SENSEVAL-2 (Word Sense Disambiguation Data) (Florian
and Yarowsky, 2002).

In my Master’s thesis we proposed three related models to tackle the above problems. Firstly,
we introduced an £y — £y sparsity penalty (Dhillon et al., 2008) which allows us to introduce sparsity
at two levels: at the level of feature classes and also at the level of individual features within that
feature class. Secondly, we extended this penalty to the case of feature selection for multiple related
tasks (Dhillon et al., 2009b). The basic idea behind the above methods is similar to the ¢1/fo
penalty for joint regularization (Quattoni et al., 2008; Turlach et al., 2005) and the ¢; /{5 penalty for
enforcing “group sparsity” (Yuan and Lin, 2006; Obozinski et al., 2009), but our methods (£y — £o
penalty) give much sparser models, which is highly desirable in genomics and language. Since solving
the ¢y penalty is NP-Hard our methods select features greedily using a stepwise search in the feature
space. Thirdly, we proposed a way of doing transfer learning by transferring a feature relevance
prior from similar tasks to improve the accuracy of supervised learning algorithms on tasks which
have less labeled data available (Dhillon and Ungar, 2009).

As part of a separate project I have also worked on incorporating a general set of constraints
in Named Entity Recognition (NER) Systems. Generally, the state-of-the-art NER systems use
standard sequence models like Conditional Random Fields, which can only handle local features.
But there are some non-local constraints that are very useful and can give us improved F-measures
like consistency constraints (e.g. every occurence of word “Einstein” in a document should be tagged
as person (PER), list constraints (e.g. if there is a list of seminar speakers they should have the
same entity type i.e PER.), conjunction and disjunction constraints (e.g. If we have John and/or
James then both of them should have same entity type). There has been some previous work in this
direction; (Sutton and McCallum, 2004) use Skip-chain CRFs for this task and (Finkel et al., 2005)
used Gibbs sampling. The main problem with these approaches is that they are custom-tailored
for a particular type of constraint(i.e. consistency constraints) and they do not generalize well to
other set of constraints. We proposed an approach in which we use these consistency constraints to
constrain the model posteriors in generalized EM algorithm (Graca et al., 2008), thereby allowing
us to learn these valuable non-local constraints. We have got some encouraging results by using our
approach on CoNLL ’02 and 03 NER shared tasks and this project is still underway.

Besides this I have also done research in Computer Vision namely in Human Activity Classifica-
tion in videos. Generally, the activity classification algorithms either use only appearance informa-
tion or only motion information for classifying human actions. We proposed a model which uses both
appearance and motion cues to build robust and highly discriminative histograms to classify human
actions in videos and gives state-of-the-art accuracy on KTH Human Action Dataset (Dhillon et al.,
2009a).
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