
Example learned topics and document model

Train on 160K documents, subset of TREC AP corpus; use variational EM,
with 100 topics: compute γ and φn for test document



Example topics learned from corpus

• learned topics reveal hidden, implicit
semantic categories in the corpus

• in many cases, can represent doc-
uments with 102 topics instead of
105 words

• especially important for short docu-
ments, e.g., emails – topics overlap
when words don’t



How to evaluate model?

Standard topic model results entail showing some suggestive groupings of
words into topics; quantitative evaluation not easy

One popular approach in language models: measure perplexity of test doc-
uments
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Can also consider document classification, representing document using
its posterior Dirichlet parameters φ(w): can obtain advantage when only
small proportion of dataset labeled



Author-Recipient-Topic model (McCallum et al., 2007)

extend LDA: analyze roles and relationships between people by analyzing
email words wrt topic distributions



Inference in Author-Recipient-Topic model

models message content, and directed social network in which messages
are sent

generative process, for each message d:

1. observe author ad and set of recipients rd

2. for each word in message d

(a) pick recipient r from rd

(b) pick topic from author-recipient pair-specific multinomial θad,r

(c) pick word w from topic-specific multinomial φz

Aim: calculate posterior distribution of topic and recipient assignments
given words – P (z, r|w) = P (w, z, r)/

∑

z,r P (w, z, r)

can compute joint, by integrating out unknown φ and θ distributions (tak-
ing advantage of conjugate Dirichlet priors), but denominator cannot be
calculated directly

instead use Gibbs sampling (see tutorial)



Enron email corpus

250K email messages, 147 people, 23K unique words



Topics and prominent sender/receivers



ART: Learns roles

ART implicitly finds roles of individuals



Discovering role similarity

reflects jobs: Blair (’gas pipeline logistics’) ≈ Watson (’pipeline facility plan-
ning’); Geaconne (’executive assistant’) vs. McCarty (’vice-president’)



Dynamic Topic Models (Blei & Lafferty, 2006)

imagine topics evolve over time, so order of documents important; assume
data divided by time-slice (e.g., year)

both Dirichlet distributions (over document topic proportions, and topic
word proportions) replaced by simple dynamic model

1. Draw topics
βt|βt−1 ∼ N (βt−1, σ

2I)

2. αt|αt−1 ∼ N (αt−1, γ
2I)

3. for each document
(a) θ ∼ N (αt, a

2I)

(b) for each word
i. Z ∼

Mult(softmax(θ))

ii. Wtdn ∼

Mult(softmax(βtz))



Dynamic Topic Models: Results

Science corpus: 30K articles, 1881-1999, 250/yr; 16K vocabulary; 20-topic
dynamic model; trained using Kalman filter variational approximation



Infinite Topic Models

So far all the topic models require specification of the number of topics

now consider infinite version, where the number of topics is potentially infi-
nite

non-intuitive, yet fundamental idea underlying nonparametric Bayesian statis-
tics

represent only as many topics as needed for a given dataset

examples of infinite models: Gaussian processes, Dirichlet process mix-
ture models


