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Abstract
We present an extension to the Hierarchical Dirichlet Process (HDP), which allows
for the inclusion of supervision. Our model marries the non-parametric benefits
of HDP with those of Supervised Latent Dirichlet Allocation (SLDA) to enable
learning the topic space directly from data while simultaneously including the la-
bels within the model. The proposed model is learned using variational inference
which allows for the efficient use of a large training dataset. We also present the
online version of variational inference, which makes the method scalable to very
large datasets. We show results comparing our model to a traditional supervised
parametric topic model, SLDA, and show that it outperforms SLDA on a number
of benchmark datasets.
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β:s are general decreasing but not strictly
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Softmax Function
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Classification: ŷj = argmaxyj∈{1,...,C}E[µT
yj
θ̄j ]

Variational Inference

q(β′,π′, c, z,φ) = q(β′)q(π′)q(c)q(z)q(φ),

The supervision term in the lower bound:
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Online: L =
∑M

j Lj = Ej [MLj ].
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Confusion Matrix 86.68% Scene Classification performance
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