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Topic Models
• Analyze the words of texts to discover the topics
and how each document exhibits the topics
• Unsupervised learning
• Probabilistic models for uncovering the
underlying semantic/thematic structure of a
document collection based on a hierarchical
Bayesian analysis
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Tobacco smoking on Twitter

Twitter Search API, 14 days in Oct 2010 (Prier et al. 2011)

3

Outline
o Latent Dirichlet Allocation
o Notation and terminology
o Generative process
o How to summarize a corpus
o Parameter Estimation
o Limitations and extensions
o Applications
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Latent Dirichlet Allocation
• LDA models documents as arising from
multiple topics – generative process
• What is a topic?
A distribution over a fixed vocab of terms

• Hidden structure (latent topical structure) in
the observed data (words of each document)
are learned using posterior probabilistic
inference
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Notation & Terminology
• Topic

Distribution over words

• Word

Basic unit of data
A word is an item from a vocab {1, …, V}

• Document

A sequence of words {1,…,N}

• Corpus

A collection of documents {1,…,D}
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Multinomial Distribution
• The outcome of each trial falls into one of K classes
• For a K-dim random variable y
(∑𝑖𝑖 𝑦𝑦𝑖𝑖 )!
𝑦𝑦
𝑦𝑦
𝑝𝑝 𝑦𝑦 𝜃𝜃 =
𝜃𝜃1 1 … 𝜃𝜃𝐾𝐾 𝐾𝐾
𝑦𝑦1 ! 𝑦𝑦2 ! … 𝑦𝑦𝐾𝐾 !

• 𝑦𝑦𝑖𝑖 =num of trials for which the outcome falls into class 𝑖𝑖
• 𝜃𝜃 =class probabilities

• e.g. Classify people into 5 income brackets; Throw a
dice and observe which number shows up; assign a
topic to a word
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Dirichlet Distribution
• Distribution over non-negative numbers that sum
to 1.
• For a K-dim random variable 𝜃𝜃
Γ ∑𝑖𝑖 𝛼𝛼𝑖𝑖
𝛼𝛼1 −1
𝛼𝛼𝐾𝐾 −1
𝜃𝜃1
𝑝𝑝 𝜃𝜃|𝛼𝛼 =
⋯ 𝜃𝜃𝐾𝐾
∏𝑖𝑖 Γ(𝛼𝛼𝑖𝑖 )

• 𝜃𝜃𝑖𝑖 ≥ 0, ∑𝐾𝐾
1 𝜃𝜃𝑖𝑖 = 1
• 𝛼𝛼 =parameter vector with 𝛼𝛼𝑖𝑖 > 0
• Used as a distribution over discrete distributions
(more on this in next slide)
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LDA Generative Process
K = num of topics; V = size of vocab
N = num of words in each document d, d ∈ {1, … , 𝐷𝐷}, D = size of corpus
K = num of topics (fixed)

1. For each topic 𝑘𝑘
a.

Draw a distribution over words 𝛽𝛽𝑘𝑘 ~𝐷𝐷𝑖𝑖𝑟𝑟𝑉𝑉 (𝜂𝜂)

𝛽𝛽 = 𝐾𝐾 × 𝑉𝑉 matrix of per-topic word probabilities; represents the relationship
between words and topics

2. For each document 𝑑𝑑
a.

b.
i.
ii.

Draw a vector of topic proportions 𝜃𝜃𝑑𝑑 ~𝐷𝐷𝑖𝑖𝑟𝑟 𝛼𝛼
𝜃𝜃𝑑𝑑 and 𝛼𝛼 are K-dim vectors

For each word

Draw a topic assignment 𝑍𝑍𝑑𝑑,𝑛𝑛 ~ 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑖𝑖𝑀𝑀𝑀𝑀𝑀𝑀 𝜃𝜃𝑑𝑑 , 𝑍𝑍𝑑𝑑,𝑛𝑛 ∈ 1, … , 𝐾𝐾
Draw a word 𝑊𝑊𝑑𝑑,𝑛𝑛 ~𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑖𝑖𝑀𝑀𝑀𝑀𝑀𝑀 𝛽𝛽𝑍𝑍𝑑𝑑,𝑛𝑛 , 𝑊𝑊𝑑𝑑,𝑛𝑛 ∈ 1, … , 𝑉𝑉
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LDA Generative Process
• Graphical model (plate notation)

o Each node is a random variable
o The latent nodes (topic proportions, topic assignments,
topics) are unshaded
o The observed nodes (words) are shared
o The “plates” indicate replications
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Seeking Life’s Bare (Genetic) Necessities

Probabilistic topic models. Blei 2012
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Exploring a corpus
• Visualize a topic
o
o

Per-topic word probabilities 𝛽𝛽̂
̂ downTerm-score for 𝑘𝑘 𝑡𝑡𝑡 topic, 𝑣𝑣 𝑡𝑡𝑡 word: function of 𝛽𝛽,
weights words that have high prob under all topics

• Visualize a document
o
o

Which topics the document is about: plot posterior topic
proportions 𝜃𝜃
Most likely topic assigned to each word: posterior topic
assignment 𝑧𝑧

• Find similar documents
o
o

Document similarity: topic-based similarity btwn documents
2
𝐾𝐾
Hellinger distance (d,d’) = ∑1
𝜃𝜃�𝑑𝑑 − 𝜃𝜃�𝑑𝑑𝑑
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Seeking Life’s Bare (Genetic) Necessities

𝜃𝜃𝑑𝑑

Probabilistic topic models. Blei 2012

Ranked by term-score
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Parameter Estimation
• Posterior inference
o
o
o

𝑝𝑝(𝜃𝜃, 𝑧𝑧, 𝛽𝛽|𝑤𝑤)= conditional distribution of the topic structure
given the documents
Intractable ⇒ need approximation
Compute posterior means of 𝜃𝜃, 𝑧𝑧, 𝛽𝛽

• Variational method
o
o

Mean field variation inference (Blei et al 2003, Hoffman et al 2010)
Minimize Kullback-Leibler divergence btwn the variational
distribution and the true posteriors

• Sampling-based method
o
o

Gibbs sampling (Steyvers and Griffiths 2006)
Approximate the posterior with samples
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Limitations & Extensions
• Bag of words: the words are exchangeable in the document
– e.g. The words in “The William Randolph Hearst Foundation”
assigned to multiple topics (Blei, Ng, Jordan 2003)

• The documents are exchangeable in the corpus
– Unrealistic when the topics change over time
– Dynamic topic model

• The topics are not correlated

– Correlated topic model (Blei and Lafferty 2007)

• The num of topics is known and fixed

– Nonparametric topic model using hierarchical Dirichlet
processes (Teh, Jordan, Beal, Blei 2012)

• The authors are ignored
– Author-topic model
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Dynamic Topic Model
Sequentially organize corpus of documents
Divide the data by time slice, e.g. by year
Model the documents of each slice
Topics associated with slice t depend on the
topics associated with slice t-1
• Logistic-normal distribution for topic proportions
• Blei and Lafferty (2009) analyzed the entire
archive of Science from 1880-2002. The corpus
had 140K documents.
•
•
•
•
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Dynamic Topic Model
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Author-Topic Model
• Explore authors and topics
• Which topics an author writes about? Which
authors produce similar work?
• Extension of LDA
• Rosen-Zvi et al. 2004
x = author of a given word, chosen
uniformly from the set of authors ad
Each author is associated with a
distribution over topics 𝜃𝜃,
which is used to select a topic z

𝜂𝜂

𝜷𝜷
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Author-Topic Model

Analyzed 162K abstracts from CiteSeer, 85K authors, >11M word tokens
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Dimension Reduction
• LDA as a dimensionality reduction
• LDA reduces any document to a set of real-valued
features 𝛾𝛾 ∗ (𝒘𝒘) in low-dim
• But, how much information is lost?
• Blei, Ng, and Jordan (2009)
Conducted two binary classification experiments using
the Reuters dataset: 8,000 documents and 15,818 words
i. Estimated 𝛾𝛾 ∗ (𝒘𝒘) using an 50-topic LDA and fit SVM
on those LDA-based features
ii. Fit SVM on all the word features
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Dimension Reduction
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Tools
• https://www.cs.princeton.edu/~blei/topicmod
eling.html
• MALLET toolkit http://mallet.cs.umass.edu/
• R package mallet – operate MALLET within R
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Other Applications
• Genetic data: to find ancestral populations; to
characterize the genetic patterns and identify how
each individual expresses them
• Image analysis: each image exhibit a combination
of visual patterns, which recur throughout a
collection of images
• Social networks: author-recipient topic model; to
characterize topic distributions based on the
direction-sensitive messages sent between people
(McCallum et al. 2007)
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Comments
• LDA is a useful exploratory tool. Topical
structures found with topic models are not
definitive.
• New key terms to retrieve social media data
can be discovered using topic models.
• The “LDA” can mean another method!
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