Learning Better Data Representation using Inference Driven Metric Learning (IDML)
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Problem:
• NLP datasets are high dimensional.
• Reliable parameter estimation from high dimensional data is hard.
• Better data representation is needed for effective learning!

• Supervised distance metric learning
– Uses labeled data to learn a Mahalanobis metric.
– Goal is to reduce distance between instances with the same label, while
separating instances with different labels.
– Information Theoretic Metric Learning (ITML) [1].
– Large Margin Nearest Neighbors (LMNN) [3].

• Classification accuracies on 5 Text Classification and Sentiment Analysis
Datasets, with 1500 total instances for all datasets, and 100 labeled instances. (more results in the paper)
• Data representations compared:
– Original Space: No data transformation
– PCA Space: PCA applied to the original space, resulting in a 250 dimensional space
– Random Projections: Random projection applied to the original space
– ITML: Projection matrix P learned by ITML [1]
– IDML-IT: Projection matrix P learned by IDML with ITML as the
MetricLearner (see Algorithm 2), in the transductive setting.
• Classifiers used:
– SVM with RBF kernel, and Gaussian Random Field (GRF) [4]

We explore the effectiveness of data representations learned
by metric learning algorithms for NLP tasks.
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Metric Learning & Linear Projection
Distance metric learning algorithms [1, 2] learn the Mahalanobis distance,
dA(xi, x j), between instances xi and x j.
dA(xi, x j) = (xi − x j) A(xi − x j)
>

where A is s d × d positive-definite matrix, and d is the data dimension. This
matrix can be written as A = P> P, where P is another matrix of size d × d.
dA(xi, x j) = (xi − x j) A(xi − x j)
> >
= (xi − x j) P P(xi − x j)
>
= (Pxi − Px j) (Pxi − Px j)
= dEuclidean(Pxi, Px j)
>

• Hence, computing Mahalanobis distance in the original space is equivalent
to computing Euclidean distance in the space induced by projection matrix
P.
• Learning can now be performed in the data representation induced by P.
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• However, a limited amount of labeled data, along with vast amounts of
unlabeled data are also available.
• Recently proposed metric learning algorithms [1, 2] make use of such resources to learn a (Mahalanobis) distance metric.
• These metric learning algorithms learn a representation of the data (more
below).

• Semi-Supervised distance metric learning
– Learns Mahalanobis metric using labeled as well as unlabeled data.
– Inference Driven Metric Learning (IDML) [2].
∗ Incorporates unlabeled data via self-training.
∗ Adds high-confidence (low entropy) instances with their predicted labels
for the next iteration of metric learning.
∗ Can be used in conjunction with any supervised metric learning algorithm
(like LMNN, ITML).
∗ Enables to learn a better metric as the amount of supervision is increased.
∗ Guaranteed to converge, as number of available unlabeled instances decrease at each iteration, or else there are no more instances to add.
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Existing Solution:
1. Project data into a lower dimensional space using unsupervised dimensionality reduction methods (e.g. PCA, NMF).
2. Perform learning in the lower dimensional space.
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Summary
Distance metric learning helps in learning better data representations, resulting in better classification accuracies.
IDML is likely to be useful for high dimensional data, e.g.,
problems in NLP, as demonstrated through the experiments
on Text Classification and Sentiment Analysis datasets.
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