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We introduce the Spherical Admixture Model (SAM), an efficient Bayesian topic model for
arbitrary L2 normalized data. SAM maintains the same hierarchical structure as Latent

Dirichlet Allocation (LDA), but models documents as points on a high-dimensional 0.5 —_ —_
spherical manifold, allowing a natural likelihood parameterization in terms of cosine
distance. Furthermore, SAM is capable of representing negative topic features and word 00

presence/absence, unlike previous models. Performance is evaluated empirically across

several disparate classification tasks, from natural language processing and computer vision. LDA SAM (tf) SAM (tf-idf)
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In LDA, collapsing out the latent variable z leads to a smoothed document representation = def " '
drawn from a single multinomial that is a weighted average over the topics. ¢d = AVg(¢, od) = (top) Boxplot showing summary of human rater accuracy at

detecting word-intrusion. (bottom) Examples of word
intrusion questions that human raters found easy or difficult.

Cosine Distance Parameterization
In SAM, L2-normalized documents are drawn from a von Mises-Fisher distribution Exam ple T0p|CS DlmenS|OnaI |ty Red UCtion Eval uatior

defined on the unit hypersphere:

. _ T — 1d/2 1 Model Accuracy (%)
FX k) = ca(k)exp rp' X ca(k) = M—| NIPS , Jracy
P s2r 1(1)
- | | d 21 ' (+) (1) | (+) (1) different similar same
Documents are represented as explicit weighted spherical averagesf their topics. : Bag-of-Words (tf) 913+04 853407 759+06
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1. Draw a set ofl" topics¢ on the unit hypersphere; submarines  bus chart players indian  france SAM (tf-idf) 94.1+03 88.1+0.5 78.1+0.6
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2. For each documert, draw topic weightg3, from a Dirichlet with hyperparametey;

3. Draw a document vectorg from a vMF with meanp = Avg(¢, B4) and concentratior. Top positive and negative term weights learned by SAM on Using SAM to generate features for document classification
the NIPS corpus and Wikipedia. (+) shows the highest (L1 regularized logistic regression). Three different three-
weighted words and (—) shows lowest weighted within each way classification tasks were derived from the 20-news

. . ; topic. dataset with increasing difficulty (i.e. classes become
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semantically similar).
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