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Topic Models and Classification

• Objective
• Learn a similarity metric from the data
• Embed data points in a lower dimensional space
• Combine kernels for classification

• Motivation
• Technique to compare generative models for classification
• Use topic models as feature extractors
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Latent Dirichlet Allocation (Blei et al., JMLR 2003)

• Represent documents as a set of topics
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Fisher Kernel

• Take an information geometric perspective

• Effect of each data point on the model’s parameters

• Invariant to reparameterization

K (wa,wb) ∝ UT
wa

Uwb
(3)

Uwa = ∇θ logP(wa|θ) (4)

where wa,wb are data points

Gaurav Chandalia and Matthew J. Beal, SUNY - UB 4 / 12



Fisher Kernel for LDA

• L is the lower bound on the marginal likelihood

L(γ, φ; α, β) = Eq[log p(θ|α)] + Eq[log p(z|θ)] + Eq[log p(w|z, β)]

− Eq[log q(θ)]− Eq[log q(z)] (5)
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where αi and γi are the i th component of the topic mixing proportion

• Overlap between the topics of the documents

∂L
∂βij

=
NX

n=1

φni w
j
n

βij
(7)

where βij is the prob. of j th word under the i th component, φni is the variational
posterior prob. that the nth word is generated by the i th topic

• Effect of common words generated from the same topic

• LDA is equivalent to pLSI for classification
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Experiments

• Dataset: 8000 documents from Reuters-21578

• Task: Binary Classification
• EARN vs. NOT EARN
• GRAIN vs. NOT GRAIN
• U.S.A. vs. NOT U.S.A.

• Comparison
• posterior Dirichlet parameters (topics of a document)
• Fisher scores of a document obtained from derivatives w.r.t. the

variational parameters
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Results

Gaurav Chandalia and Matthew J. Beal, SUNY - UB 7 / 12



Results . . .

• Fisher LDA is never less accurate than LDA

• Fisher LDA results in
• Lesser kernel evaluations than LDA
• Lesser training time than LDA

• Fisher LDA results in classifiers that have lower VC dimensions (upper
bound) than those built from LDA

• Large margin hyperplanes
• Tighter bounds of generalization error
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hLDA (Blei et al., NIPS 2003)

• Uses a nested CRP prior to learn topic hierarchies

• FIsher kernel for hLDA
• Compute the topic overlap at each level of the hierarchy
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Conclusions and Ongoing Work

• Fisher kernel results in classifiers with large margins thus ensuring
good generalization

• Embeds features in a low dimensional space

• Preserves accuracy at a lower computational cost

• Obtain data dependent bounds

• Combine similarity functions of different models, for example, LDA
and n-gram models
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Lower Bound

L(γ, φ; α, β) = Eq[log p(θ|α)] + Eq[log p(z|θ)] + Eq[log p(w|z, β)]

− Eq[log q(θ)]− Eq[log q(z)]
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