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The hierarchical modeling paradigm of parametric and nonparametric Bayesian statistics have found a widespread
application in modeling data in many areas, for instance, text and language processing, computer vision and bioin-
formatics [6, 2]. Most commonly, Bayesian models are fit generatively, ie, by maximum likelihood estimation on
unsupervised data. In many cases, however, we have access to extra side information that is discriminative in nature.
For example, scientific papers group very naturally according to their scientific domains that distinguish one type of
documents from the others. How can we incorporate such discriminative information in our (clustering) models for
these documents?

In this work, we investigate conditional and discriminative training techniques to yield models that can explain
both features that are shared across domains and features that can differentiate them. We have proposed a general
framework to fit the latent Dirichlet allocation (LDA) model for topic modeling of text corpus with discriminative
information such as document categories. Specifically, we show how to estimate the model parameters by maximizing
the conditional likelihood of the categories. Note that, we are interested not only in deriving classification rules to
recognize categories but also modeling these documents jointly to reveal shared structures. Our goal is to come up
with a compact representation of the documents — such as the topics — that are both discriminative and transferrable
between domains [3].

Model In our setting, each document wd in the corpus is associated with a categorical variable or class label yd ∈
{1, 2, . . . , C}, for instance, whether the document is published in the proceedings of NIPS conferences or in the
journal Psychological Review. To model this labeling information, we introduce a simple extension to the standard
LDA model [2]. The graphical model in Figure 1 shows the generative process. For each class label c, we associate it
with a linear transformation matrix T c : <K → <L, which transforms the K−dimensional Dirichlet variable θd to a
mixture of Dirichlet distributions T cθd ∈ <L. To generate a word wdn, we draw its topic zdn from T yd

θd instead of
θd as in the standard LDA model. Intuitively, while every document in the text corpus is represented through θd as a
point in the topic simplex {θ |

∑
k θk = 1}, we hope the linear transformation {T } would be able to reposition these

points such that similar documents — those with same class labels — are represented by points nearby to each other.
Note that these points can not be arbitrarily moved around because all documents — similar or not — share the same
parameters Φ to generate words.

To estimate the parameters {T c}, we maximize the conditional likelihood
∑

d log p(yd |wd; {T c},Φ, α, β) while
holding Φ fixed. This optimization requires computing the gradient of the likelihood with respect to {T c}, which is
intractable (though can be estimated using Gibbs sampling). As a preliminary study, we simplified the optimization
by restricting {T c} to specific forms. A particular restriction for binary labels is given by the following convex
combination of stochastic matrices whose columns sum to one:

T 1 = λ1

 IK 0
0 0
0 IK

 + (1− λ1)

 IK IK

0 0
0 0

 , T 2 = λ2

 0 0
IK 0
0 IK

 + (1− λ2)

 0 0
IK IK

0 0

 (1)

where IK stands for the identity matrix with K rows and columns. These linear transformations have a nice interpre-
tation of sharing the last K topics amongst classes while keeping the other two blocks distinct for each class. Because
we only have two parameters λ1 and λ2, we can do a brute-force grid search to optimize over them. To estimate the
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z | y, θ, {Tc} ∼ Multi(Tyθ)
Φk | β ∼ Dir(β)

w | z,Φ ∼ Multi(Φz)

Generative process:

Figure 1: Extended LDA model for modeling text with discriminative labeling information.
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Figure 2: Embedding using topic assignment θ
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Figure 3: Embedding using topic assignment Tθ

parameters Φ, we hold the transformation matrices fixed and maximize the likelihood of the model, as in standard
LDA models.

Experimental results We tested our extended LDA model with two preliminary experiments which gave promising
results. In the first task, we combine two sets of text corpus – the proceedings of NIPS and the abstracts of the
journal Psychological Review [5] – to form a two-class corpus for classification. It appears that this classification is
easy with near perfect classification for a Naive-Bayes classifier, though we found interesting to validate the output of
our model by visualizing the compact representation of the document that is induced by the model. Specifically, we
embed documents in a 2D space using multidimensional scaling with metrics computed from the symmetrized KL
divergence between documents’ topic assignments (see [5]). Figure 2 shows the embedding using the (untransformed)
topic assignments θd for the documents, with colors indicating the class, and which shows no clear boundary between
the two corpora. On the other hand, figure 3 shows a clearer separation between the two corpora where we have used
the transformed topic assignments T yθd marginalized over the class label y. Since the transformation T is estimated
to maximize the conditional likelihood of (target) class labels, we expect the topic assignment θd is moved around in
the topic simplex such that documents with same class labels are grouped much tighter.

In the second task, we tried to classify the difficult pair alt.atheism vs. talk.religion.misc in the
Newsgroup dataset. A simple NB baseline obtained 84% accuracy. Our preliminary results showed that maximum CL
on our two-parameters model yielded an improvement over NB and LDA.

Related work Recently there have been growing interest in topic modeling with supervised information [1]. The
author-topic model by Rosen-ziv et al is somewhat closer to our model in both modeling philosophy and model
structure [4], with one important distinction: our parameters are trained by maximizing conditional likelihood as
opposed to their maximum likelihood estimation. Our future work includes a fully discriminative framework for
estimating unrestricted transformation matrices.
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