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Topic modeling

• Large electronic archives of document collections require new
statistical tools for analyzing text.

• Topic models have emerged as a powerful technique for
unsupervised analysis of large document collections.

• Topic models posit latent topics in text using hidden random
variables, and uncover that structure with posterior inference.

• Useful for tasks like browsing, search, information retrieval, etc.



Examples of topic modeling
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Examples of topic modeling
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Examples of topic modeling
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Examples of topic modeling
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Supervised topic models

• These applications of topic modeling work in the same way.

• Fit a model using a likelihood criterion. Then, hope that the
resulting model is useful for the task at hand.

• Supervised topic models and relational topic models fit
topics explicitly to perform prediction.

• Useful for building topic models that can
• Predict the rating of a review
• Predict the category of an image
• Predict the links emitted from a document



Outline

1 Unsupervised topic models

2 Supervised topic models

3 Relational topic models



Probabilistic modeling

1 Treat data as observations that arise from a generative
probabilistic process that includes hidden variables

• For documents, the hidden variables reflect the thematic
structure of the collection.

2 Infer the hidden structure using posterior inference
• What are the topics that describe this collection?

3 Situate new data into the estimated model.
• How does this query or new document fit into the estimated

topic structure?



Intuition behind LDA

Simple intuition: Documents exhibit multiple topics.



Generative model
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• Each document is a random mixture of corpus-wide topics
• Each word is drawn from one of those topics



The posterior distribution

Topics Documents Topic proportions and
assignments

• In reality, we only observe the documents
• Our goal is to infer the underlying topic structure



Latent Dirichlet allocation
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Each piece of the structure is a random variable.



Latent Dirichlet allocation

θd Zd,n Wd,n
N
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βk ∼ Dir(η) k = 1 . . .K
θd ∼ Dir(α) d = 1 . . .D

Zd ,n | θd ∼ Mult(1, θd ) d = 1 . . .D, n = 1 . . .N
Wd ,n | θd , zd ,n, β1:K ∼ Mult(1, βzd,n ) d = 1 . . .D, n = 1 . . .N



Latent Dirichlet allocation

θd Zd,n Wd,n
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1 Draw each topic βk ∼ Dir(η), for k ∈ {1, . . . ,K}.
2 For each document:

1 Draw topic proportions θd ∼ Dir(α).
2 For each word:

1 Draw Zd ,n ∼ Mult(θd ).
2 Draw Wd ,n ∼ Mult(βzd,n ).



Latent Dirichlet allocation
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• From a collection of documents, infer
• Per-word topic assignment zd ,n
• Per-document topic proportions θd
• Per-corpus topic distributions βk

• Use posterior expectations to perform the task at hand, e.g.,
information retrieval, document similarity, etc.



Latent Dirichlet allocation
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• Computing the posterior is intractable:

p(θ |α)
∏N

n=1 p(zn | θ)p(wn | zn, β1:K )∫
θ p(θ |α)

∏N
n=1

∑K
z=1 p(zn | θ)p(wn | zn, β1:K )

• Several approximation techniques have been developed.



Latent Dirichlet allocation
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• Mean field variational methods (Blei et al., 2001, 2003)
• Expectation propagation (Minka and Lafferty, 2002)
• Collapsed Gibbs sampling (Griffiths and Steyvers, 2002)
• Collapsed variational inference (Teh et al., 2006)



Example inference
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Example topics

“Genetics” “Evolution” “Disease” “Computers”
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Used in exploratory tools of document collections



LDA summary

• LDA is a powerful model for
• Visualizing the hidden thematic structure in large corpora
• Generalizing new data to fit into that structure

• LDA is a mixed membership model (Erosheva, 2004) that builds
on the work of Deerwester et al. (1990) and Hofmann (1999).

• For document collections and other grouped data, this might be
more appropriate than a simple finite mixture.

• The same model was independently invented for population
genetics analysis (Pritchard et al., 2000).



LDA summary

• Modular : It can be embedded in more complicated models.
• General : The data generating distribution can be changed.
• Variational inference is fast; lets us to analyze large data sets.

• See Blei et al., 2003 for details and a quantitative comparison.
See my web-site for code and other papers.

• Jonathan Chang’s excellent R package “lda” contains Gibbs
sampling code for this model and many others.



Supervised topic models

• But LDA is an unsupervised model. How can we build a topic
model that is good at the task we care about?

• Many data are paired with response variables.
• User reviews paired with a number of stars
• Web pages paired with a number of “diggs”
• Documents paired with links to other documents
• Images paired with a category

• Supervised topic models are topic models of documents and
responses, fit to find topics predictive of the response.



Supervised LDA
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1 Draw topic proportions θ |α ∼ Dir(α).
2 For each word

• Draw topic assignment zn | θ ∼ Mult(θ).
• Draw word wn | zn, β1:K ∼ Mult(βzn ).

3 Draw response variable y | z1:N , η, σ
2 ∼ N

(
η>z̄, σ2), where

z̄ = (1/N)
∑N

n=1 zn.



Supervised LDA
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• The response variable y is drawn after the document because it
depends on z1:N , an assumption of partial exchangeability.

• Consequently, y is necessarily conditioned on the words.

• In a sense, this blends generative and discriminative modeling.



Supervised LDA
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• Given a set of document-response pairs, fit the model
parameters by maximum likelihood.

• Given a new document, compute a prediction of its response.

• Both of these activities hinge on variational inference.



Variational inference (in general)

• Variational methods are a deterministic alternative to MCMC.

• Let x1:N be observations and z1:M be latent variables

• Our goal is to compute the posterior distribution

p(z1:M | x1:N) =
p(z1:M , x1:N)∫

p(z1:M , x1:N)dz1:M

• For many interesting distributions, the marginal likelihood of the
observations is difficult to efficiently compute



Variational inference

• Use Jensen’s inequality to bound the log prob of the
observations:

log p(x1:N) = log
∫

p(z1:M , x1:N)dz1:M

= log
∫

p(z1:M , x1:N)
qν(z1:M)

qν(z1:M)
dz1:M

≥ Eqν [log p(z1:M , x1:N)]− Eqν [log qν(z1:M)]

• We have introduced a distribution of the latent variables with free
variational parameters ν.

• We optimize those parameters to tighten this bound.

• This is the same as finding the member of the family qν that is
closest in KL divergence to p(z1:M | x1:N).



Mean-field variational inference

• Factorization of qν determines complexity of optimization

• In mean field variational inference qν is fully factored

qν(z1:M) =
M∏

m=1

qνm (zm).

• The latent variables are independent.
• Each is governed by its own variational parameter νm.

• In the true posterior they can exhibit dependence
(often, this is what makes exact inference difficult).



MFVI and conditional exponential families

• Suppose the distribution of each latent variable conditional on all
other variables is in the exponential family:

p(zm | z−m,x) = hm(zm) exp{gm(z−m,x)T zm − am(gi(z−m,x))}

• Assume qν is fully factorized, and each factor is in the same
exponential family as the corresponding conditional:

qνm (zm) = hm(zm) exp{νT
mzm − am(νm)}



MFVI and conditional exponential families

• Variational inference is the following coordinate ascent algorithm

νm = Eqν [gm(Z−m,x)]

• Notice the relationship to Gibbs sampling.



Variational inference

• Alternative to MCMC; replace sampling with optimization.

• Deterministic approximation to posterior distribution.

• Uses established optimization methods
(block coordinate ascent; Newton-Raphson; interior-point).

• Faster, more scalable than MCMC for large problems.

• Biased, whereas MCMC is not.

• Emerging as a useful framework for fully Bayesian and empirical
Bayesian inference problems. Many open issues!

• Good papers: Beal’s Ph.D. thesis, Wainwright and Jordan (2009)



Variational inference in sLDA
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• In sLDA the variational bound is

E[log p(θ |α)] +
∑N

n=1 E[log p(Zn | θ)]

+
∑N

n=1 E[log p(wn |Zn, β1:K )] + E[log p(y |Z1:N , η, σ
2)] + H(q)

• As in Blei, Ng, and Jordan (2003), we use the fully-factorized
variational distribution

q(θ, z1:N | γ, φ1:N) = q(θ | γ)
∏N

n=1 q(zn |φn),



Variational inference in sLDA

• The distinguishing term is

E[log p(y |Z1:N , η, σ
2)]

= −1
2

log
(
2πσ2)− y2 − 2yη>E

[
Z̄
]

+ η>E
[
Z̄ Z̄>

]
η

2σ2

• The first expectation is

E
[
Z̄
]

= φ̄ := 1
N
∑N

n=1 φn.

• The second expectation is

E
[
Z̄ Z̄>

]
= 1

N2

(∑N
n=1

∑
m 6=n φnφ

>
m +

∑N
n=1 diag{φn}

)
.

• Linear in φn, which leads to an easy coordinate ascent algorithm.



Maximum likelihood estimation

• The M-step is an MLE under expected sufficient statistics.

• Define
• y = y1:D is the response vector
• A is the D × K matrix whose rows are Z̄>d .

• MLE of the coefficients solve the expected normal equations

E
[
A>A

]
η = E[A]>y ⇒ η̂new ←

(
E
[
A>A

])−1
E[A]>y

• The MLE of the variance is

σ̂2
new ← (1/D){y>y − y>E[A]

(
E
[
A>A

])−1
E[A]>y}



Prediction

• We have fit SLDA parameters to a corpus, using variational EM.

• We have a new document w1:N with unknown response value.

• First, run variational inference in the unsupervised LDA model, to
obtain γ and φ1:N for the new document.
(LDA⇔ integrating unobserved Y out of SLDA.)

• Predict y using SLDA expected value:

E
[
Y |w1:N , α, β1:K , η, σ

2
]
≈ η>Eq

[
Z̄
]

= η>φ̄.



Example: Movie reviews
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• 10-topic sLDA model on movie reviews (Pang and Lee, 2005).
• Response: Number of stars associated with each review

• Each component of coefficient vector η is associated with a topic.



Predictive R2

(SLDA is red.)
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Held out likelihood

(SLDA is red.)
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Diverse response types with GLMs

• Want to work with response variables that don’t live in the reals.
• binary / multiclass classification
• count data
• waiting time

• Model the response response with a generalized linear model

p(y | ζ, δ) = h(y , δ) exp
{
ζy − A(ζ)

δ

}
,

where ζ = η>z̄.

• Complicates inference, but allows for flexible modeling.



Example: Multi-class classification
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Figure 4. Example results from the LabelMe dataset. For each class, left side contains examples with correct classification and predicted
annotations, while right side contains wrong ones (the class label in the bracket is the right one) with the predicted annotations. The italic
words indicate the class label, while the normal words are associated predicted annotations.

[28] J. Vogel and B. Schiele. A semantic typicality measure for
natural scene categorization. In DAGM-Symposium, 2004. 5

[29] Y. Wang and S. Gong. Conditional random field for natural
scene categorization. In BMVC, 2007. 5

[30] Z.-H. Zhou and M.-L. Zhang. Multi-instance multi-label
learning with application to scene classification. In NIPS,
2006. 5
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Figure 2. Comparisons of average accuracy over all classes based on 5 random train/test subsets. multi-class sLDA with annotations and
multi-class sLDA (red curves in color) are both our models. left. Accuracy as a function of the number of topics on the LabelMe dataset.
right. Accuracy as a function of the number of topics on the UIUC-Sport dataset.

3. multi-class sLDA: This is the multi-class sLDA model,
described in this paper.

4. multi-class sLDA with annotations: This is multi-class
sLDA with annotations, described in this paper.

Note all testing is performed on unlabeled and unannotated
images.

The results are illustrated in the graphs of Figure 2 and
in the confusion matrices of Figure 3.2 Our models—multi-
class sLDA and multi-class sLDA with annotations— per-
form better than the other approaches. They reduce the error
of Fei-Fei and Perona, 2005 by at least 10% on both data
sets, and even more for Bosch et al., 2006. This demon-
strates that multi-class sLDA is a better classifier, and that
joint modeling does not negatively affect classification ac-
curacy when annotation information is available. In fact, it
usually increases the accuracy.

Observe that the model of [5], unsupervised LDA com-
bined with KNN, gives the worst performance of these
methods. This highlights the difference between finding
topics that are predictive, as our models do, and finding
topics in an unsupervised way. The accuracy of unsuper-
vised LDA might be increased by using some of the other
visual features suggested by [5]. Here, we restrict ourselves
to SIFT features in order to compare models, rather than
feature sets.

As the number of topics increases, the multi-class sLDA
models (with and without annotation) do not overfit until
around 100 topics, while Fei-Fei and Perona, 2005 begins
to overfit at 40 topics. This suggests that multi-class sLDA,
which combines aspects of both generative and discrimina-
tive classification, can handle more latent features than a

2Other than the topic models listed, we also tested an SVM-based ap-
proach using SIFT image features. The SVM yielded much worse perfor-
mance than the topic models (47% for the LabelMe data, and 20% for the
UIUC-Sport data). These are not marked on the plots.

purely generative approach. On one hand, a large number
of topics increases the possibility of overfitting; on the other
hand, it provides more latent features for building the clas-
sifier.

Image Annotation. In the case of multi-class sLDA with
annotations, we can use the same trained model for image
annotation. We emphasize that our models are designed for
simultaneous classification and annotation. For image an-
notation, we compare following two methods,

1. Blei and Jordan, 2003: This is the corr-LDA model
from [2], trained on annotated images.

2. multi-class sLDA with annotations: This is exactly the
same model trained for image classification in the pre-
vious section. In testing annotation, we observe only
images.

To measure image annotation performance, we use an
evaluation measure from information retrieval. Specifi-
cally, we examine the top-N F-measure3, denoted as F-
measure@N , where we set N = 5. We find that multi-
class sLDA with annotations performs slightly better than
corr-LDA over all the numbers of topics tested (about 1%
relative improvement). For example, considering models
with 100 topics, the LabelMe F-measures are 38.2% (corr-
LDA) and 38.7% (multi-class sLDA with annotations); on
UIUC-Sport, they are 34.7% (corr-LDA) and 35.0% (multi-
class sLDA with annotations).

These results demonstrate that our models can perform
classification and annotation with the same latent space.
With a single trained model, we find the annotation per-
formance that is competitive with the state-of-the-art, and
classification performance that is superior.

3F-measure is defined as 2 ∗ precision ∗ recall/(precision + recall).

6

# of components

(SLDA for image classification, with Chong Wang)



Supervised topic models

• SLDA enables model-based regression where the predictor
“variable” is a text document.

• It can easily be used wherever LDA is used in an unsupervised
fashion (e.g., images, genes, music).

• SLDA is a supervised dimension-reduction technique, whereas
LDA performs unsupervised dimension reduction.

• LDA + regression compared to sLDA is like principal components
regression compared to partial least squares.

• Paper: Blei and McAuliffe, NIPS 2007.
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We address the problem of 
finding a subset of features that 
allows a supervised induction 
algorithm to induce small high-
accuracy concepts...

Irrelevant features and the 
subset selection problem

In many domains, an appropriate 
inductive bias is the MIN-
FEATURES bias, which prefers 
consistent hypotheses definable 
over as few features as 
possible...

Learning with many irrelevant 
features

In this introduction, we define the 
term bias as it is used in machine 
learning systems. We motivate 
the importance of automated 
methods for evaluating...

Evaluation and selection of 
biases in machine learning

The inductive learning problem 
consists of learning a concept 
given examples and 
nonexamples of the concept. To 
perform this learning task, 
inductive learning algorithms bias 
their learning method...

Utilizing prior concepts for 
learning

The problem of learning decision 
rules for sequential tasks is 
addressed, focusing on the 
problem of learning tactical plans 
from a simple flight simulator 
where a plane must avoid a 
missile...

Improving tactical plans with 
genetic algorithms

Evolutionary learning methods 
have been found to be useful in 
several areas in the development 
of intelligent robots. In the 
approach described here, 
evolutionary...

An evolutionary approach to 
learning in robots

Navigation through obstacles 
such as mine fields is an 
important capability for 
autonomous underwater vehicles. 
One way to produce robust 
behavior...

Using a genetic algorithm to 
learn strategies for collision 

avoidance and local 
navigation

...

...

...

...

...

...

...

...

...

...

• Many data sets contain connected observations.

• For example:
• Citation networks of documents
• Hyperlinked networks of web-pages.
• Friend-connected social network profiles
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We address the problem of 
finding a subset of features that 
allows a supervised induction 
algorithm to induce small high-
accuracy concepts...

Irrelevant features and the 
subset selection problem

In many domains, an appropriate 
inductive bias is the MIN-
FEATURES bias, which prefers 
consistent hypotheses definable 
over as few features as 
possible...

Learning with many irrelevant 
features

In this introduction, we define the 
term bias as it is used in machine 
learning systems. We motivate 
the importance of automated 
methods for evaluating...

Evaluation and selection of 
biases in machine learning

The inductive learning problem 
consists of learning a concept 
given examples and 
nonexamples of the concept. To 
perform this learning task, 
inductive learning algorithms bias 
their learning method...

Utilizing prior concepts for 
learning

The problem of learning decision 
rules for sequential tasks is 
addressed, focusing on the 
problem of learning tactical plans 
from a simple flight simulator 
where a plane must avoid a 
missile...

Improving tactical plans with 
genetic algorithms

Evolutionary learning methods 
have been found to be useful in 
several areas in the development 
of intelligent robots. In the 
approach described here, 
evolutionary...

An evolutionary approach to 
learning in robots

Navigation through obstacles 
such as mine fields is an 
important capability for 
autonomous underwater vehicles. 
One way to produce robust 
behavior...

Using a genetic algorithm to 
learn strategies for collision 

avoidance and local 
navigation

...

...

...

...

...

...

...

...

...

...

• Research has focused on finding communities and patterns in
the link-structure of these networks (Kemp et al. 2004, Hoff et
al., 2002, Hofman and Wiggins 2007, Airoldi et al. 2008).

• By adapting supervised topic modeling, we can build a good
model of content and structure.

• RTMs find related hidden structure in both types of data.



Relational topic models

α

Nd
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K
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η
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• Binary response variable with each pair of documents

• Adapt variational EM algorithm for sLDA with binary GLM
response model (with different link probability functions).

• Allows predictions that are out of reach for traditional models.



Predictive performance of one type given the other
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Note: Traditional models of networks cannot perform these tasks.
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Predicting links from documents

16 J. CHANG AND D. BLEI

Table 2
Top eight link predictions made by RTM (ψe) and LDA + Regression for two documents
(italicized) from Cora. The models were fit with 10 topics. Boldfaced titles indicate actual

documents cited by or citing each document. Over the whole corpus, RTM improves
precision over LDA + Regression by 80% when evaluated on the first 20 documents

retrieved.

Markov chain Monte Carlo convergence diagnostics: A comparative review

Minorization conditions and convergence rates for Markov chain Monte Carlo

R
T

M
(ψ

e
)

Rates of convergence of the Hastings and Metropolis algorithms
Possible biases induced by MCMC convergence diagnostics

Bounding convergence time of the Gibbs sampler in Bayesian image restoration
Self regenerative Markov chain Monte Carlo

Auxiliary variable methods for Markov chain Monte Carlo with applications
Rate of Convergence of the Gibbs Sampler by Gaussian Approximation

Diagnosing convergence of Markov chain Monte Carlo algorithms

Exact Bound for the Convergence of Metropolis Chains L
D

A
+

R
e
g
r
e
ssio

n

Self regenerative Markov chain Monte Carlo
Minorization conditions and convergence rates for Markov chain Monte Carlo

Gibbs-markov models
Auxiliary variable methods for Markov chain Monte Carlo with applications

Markov Chain Monte Carlo Model Determination for Hierarchical and Graphical Models
Mediating instrumental variables

A qualitative framework for probabilistic inference
Adaptation for Self Regenerative MCMC

Competitive environments evolve better solutions for complex tasks

Coevolving High Level Representations

R
T

M
(ψ

e
)

A Survey of Evolutionary Strategies
Genetic Algorithms in Search, Optimization and Machine Learning

Strongly typed genetic programming in evolving cooperation strategies
Solving combinatorial problems using evolutionary algorithms

A promising genetic algorithm approach to job-shop scheduling. . .
Evolutionary Module Acquisition

An Empirical Investigation of Multi-Parent Recombination Operators. . .

A New Algorithm for DNA Sequence Assembly

L
D

A
+

R
e
g
r
e
ssio

n

Identification of protein coding regions in genomic DNA
Solving combinatorial problems using evolutionary algorithms

A promising genetic algorithm approach to job-shop scheduling. . .
A genetic algorithm for passive management

The Performance of a Genetic Algorithm on a Chaotic Objective Function
Adaptive global optimization with local search

Mutation rates as adaptations

Table 2 illustrates suggested citations using RTM (ψe) and LDA + Regres-
sion as predictive models. These suggestions were computed from a model fit
on one of the folds of the Cora data. The top results illustrate suggested links
for “Markov chain Monte Carlo convergence diagnostics: A comparative re-

Given a new document, which documents is it likely to link to?
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Spatially consistent topics18 J. CHANG AND D. BLEI
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Fig 5. A comparison between RTM (left) and LDA (right) of topic distributions on local
news data. Each color/row depicts a single topic. Each state’s color intensity indicates the
magnitude of that topic’s component. The corresponding words associated with each topic
are given in Table 3. Whereas LDA finds geographically diffuse topics, RTM, by modeling
spatial connectivity, finds coherent regions.
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Fig 5. A comparison between RTM (left) and LDA (right) of topic distributions on local
news data. Each color/row depicts a single topic. Each state’s color intensity indicates the
magnitude of that topic’s component. The corresponding words associated with each topic
are given in Table 3. Whereas LDA finds geographically diffuse topics, RTM, by modeling
spatial connectivity, finds coherent regions.

• Links are the adjacency matrix of states

• Documents are geographically-tagged news articles from Yahoo!
Not exchangeable.

• RTM finds spatially consistent topics.



Summary

• Relational topic modeling allows us to analyze connected
documents, or other data for which the mixed-membership
assumptions are appropriate.

• Traditional models cannot predict with new and unlinked data.

• RTMs allow for such predictions
• links given the new words of a document
• words given the links of a new document

• Paper: Chang and Blei, AISTATS 2009.



JSTOR Discipline Analysis

• Another kind of “supervised” topic model is where the topics
have external meaning (Rammage and Manning, 2009)

• JSTOR attaches each journal to a discipline

• E.g., JASA is in Statistics; PNAS is in General Science

• We can how interdisciplinary the articles are
• Compute a distribution over terms for each discipline
• Find topic proportions for each article

• (Work done by Sean Gerrish)
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● Business
● Economics
● Finance
● Mathematics
● Statistics



“We should seek out unfamiliar summaries of observational material,
and establish their useful properties... And still more novelty can
come from finding, and evading, still deeper lying constraints.”

(John Tukey, The Future of Data Analysis, 1962)


