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Last time:  
Clustering —> Mixture Models —> 

Expectation Maximization (EM)



Today:  
Topic models



Data: 

Assumewe are given data, D, consisting ofN fully unsupervised ex-
amples in M dimensions:

D = {t(i)}N
i=1 where t(i) � RM

Model: p�,�(t, z) = p�(t|z)p�(z)

p�,�(t) =
K�

z=1

p�(t|z)p�(z)

Joint:

Marginal:

Generative Story: z � Multinomial(�)

t � p�(·|z)

(Marginal) Log-likelihood:
�(�) = HQ;

N�

i=1

p�,�(t(i))

=
N�

i=1

HQ;
K�

z=1

p�(t(i)|z)p�(z)

Mixture models
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Naive Bayes

evaluate the classifier. One good evaluation metric is accuracy, which is defined as

# correctly predicted labels in the test set
# of instances in the test set

(6)

2.2 Naive Bayes model

The naive Bayes model defines a joint distribution over words and classes–that is, the prob-
ability that a sequence of words belongs to some class c.

p(c, w1:N |⇡, ✓) = p(c|⇡)
NY

n=1

p(wn|✓c) (7)

⇡ is the probability distribution over the classes (in this case, the probability of seeing spam
e-mails and of seeing ham e-mails). It’s basically a discrete probability distribution over
the classes that sums to 1. ✓c is the class conditional probability distribution–that is, given
a certain class, the probability distribution of the words in your vocabulary. Each class has
a probability for each word in the vocabulary (in this case, there is a set of probabilities for
the spam class and one for the ham class).
Given a new test example, we can classify it using the model by calculating the conditional
probability of the classes given the words in the e-mail p(c | wn) and see which class is
most likely. There is an implicit independence assumption behind the model. Since we’re
multiplying the p(wn | ✓c) terms together, it is assumed that the words in a document are
conditionally independent given the class.

2.3 Class prediction with naive Bayes

We classify using the posterior distribution of the classes given the words, which is propor-
tional to the joint distribution since P (X|Y ) = P(X, Y)/P(Y) / P(X, Y). The posterior
distribution is

p(c|w1:N , ⇡, ✓) / p(c|⇡)
NY

n=1

p(wn|✓c) (8)

Note that we don’t need a normalizing constant because we only care about which proba-
bility is bigger. The classifier assigns the e-mail to the class which has highest probability.

2.4 Fitting a naive Bayes model with maximum likelihood

We find the parameters in the posterior distribution used in class prediction by learning
on the labeled training data (in this case, the ham and spam e-mails). We use the maxi-
mum likelihood method method in finding parameters that maximize the likelihood of the
observed data set. Given data {wd,1:N , cd}D

d=1, the likelihood under a certain model with
parameters (✓1:C , ⇡) is

p(D|✓1:C , ⇡) =
DY

d=1

 

p(cd|⇡)
NY

n=1

p(wn|✓cd)
!
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The model



Slide credit: Matt Gormley and Eric Xing (CMU)

Initialize parameters randomly
while not converged

1. E-Step:
Create one training example for 
each possible value of the latent 
variables 
Weight each example according 
to model’s confidence
Treat parameters as observed

2. M-Step:
Set the parameters to the values 
that maximizes likelihood
Treat pseudo-counts from above as observed

(Soft) EM
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TOPIC MODELS

Some content borrowed from:  
David Blei 
(Columbia)



Topic Models: Motivation

• Suppose we have a giant dataset (“corpus”) of text, e.g., all of the 
NYTimes or all emails from a company 

❖ Cannot read all documents 
❖ But want to get a sense of what they contain



Topic Models: Motivation
• Topic models are a way of uncovering, well, 

“topics” (themes) in a set of documents 

• Topic models are unsupervised 

• Can be viewed as a type of clustering, so follows 
naturally from prior lectures; will come back to this. 
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Topic Models: Motivation
• Topic models are a way of uncovering, well, 

“topics” (themes) in a set of documents 

• Topic models are unsupervised 

• Can be viewed as a sort of soft clustering of 
documents into topics. 



Topic Modeling: Beyond Bag-of-Words

in this paper. To enable a direct comparison, Dirichlet
hyperpriors could also be placed on the hyperparame-
ters of the priors described in section 3.

7. Conclusions

Creating a single model that integrates bigram-based
and topic-based approaches to document modeling has
several benefits. Firstly, the predictive accuracy of the
new model, especially when using prior 2, is signifi-
cantly better than that of either latent Dirichlet al-
location or the hierarchical Dirichlet language model.
Secondly, the model automatically infers a separate
topic for function words, meaning that the other top-
ics are less dominated by these words.
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Key outputs
• Topics Distributions over words; we hope these are 

somehow thematically coherent 

• Document-topics Probabilistic assignments of 
topics to documents



https://en.wikipedia.org/wiki/Enron_scandal

Example: Enron emails

https://www.cs.cmu.edu/~enron/

https://en.wikipedia.org/wiki/Enron_scandal
https://www.cs.cmu.edu/~enron/


Example: Enron emails1.3. Foundations 5

Table 1.1: Five topics from a twenty-five topic model fit on Enron e-mails. Example
topics concern financial transactions, natural gas, the California utilities, federal
regulation, and planning meetings. We provide the five most probable words from
each topic (each topic is a distribution over all words).

Topic Terms
3 trading financial trade product price
6 gas capacity deal pipeline contract
9 state california davis power utilities
14 ferc issue order party case
22 group meeting team process plan

and stock prices (Figure 1.1).
The first half of a topic model connects topics to a jumbled “bag

of words”. When we say that a topic is about X, we are manually
assigning a post hoc label (more on this in Chapter 3.1). It remains the
responsibility of the human consumer of topic models to go further and
make sense of these piles of straw (we discuss labeling the topics more
in Chapter 3).

Making sense of one of these word piles by itself can be di�cult.
The second half of a topic model links topics to individual documents.
For example, the document in Figure 1.1 is about a California utility’s
reaction to the short-term electricity market and exemplifies Topic 9
from Figure ??. Considering examples of documents that are strongly
connected to a topic, along with the words associated with the topic,
can give us a more complete representation of the topic. If we get a
sense that Topic 9 is of interest, we can explore deeper to find other
documents.

1.3 Foundations

You might notice that we are using the general term “topic model”.
There are many mathematical formulations of topic models and many
algorithms that learn the parameters of those models from data. Al-

Example from Boyd-Graber, Hu and Mimno, 2017https://en.wikipedia.org/wiki/Enron_scandal

https://en.wikipedia.org/wiki/Enron_scandal


Document-topic probabilities
6 The What and Wherefore of Topic Models

Yesterday, SDG&E filed a motion for adoption of an electric
procurement cost recovery mechanism and for an order short-
ening time for parties to file comments on the mechanism. The
attached email from SDG&E contains the motion, an executive
summary, and a detailed summary of their proposals and rec-
ommendations governing procurement of the net short energy
requirements for SDG&E’s customers. The utility requests a
15-day comment period, which means comments would have to
be filed by September 10 (September 8 is a Saturday). Reply
comments would be filed 10 days later.

Topic Probability
9 0.42
11 0.05
8 0.05

Figure 1.1: Example document from the Enron corpus and its association to topics.
Although it does not contain the word “California”, it discusses a single California
utility’s dissatisfaction with how much it is paying for electricity.

M × VM × K K × V ≈×

Topic Assignment

Topics

Dataset

Figure 1.2: A matrix formulation of finding K topics for a dataset with M documents
and V unique words. While this view of topic modeling includes approaches such as
latent semantic analysis (lsa, where the approximation is based on svd), we focus
on probabilistic techniques in the rest of this survey.

Example from Boyd-Graber, Hu and Mimno, 2017



Topics as Matrix Factorization

• One can view topics as a kind of matrix factorization
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• We will try and take a more probabilistic view, but 
useful to keep this in mind

Figure from Boyd-Graber, Hu and Mimno, 2017

Topics as Matrix Factorization



Probabilistic Word Mixtures

Topics:Words:

Idea: Model text as a mixture over words (ignore order)
Generative model for LDA

gene     0.04

dna      0.02

genetic  0.01

.,,

life     0.02

evolve   0.01

organism 0.01

.,,

brain    0.04

neuron   0.02

nerve    0.01

...

data     0.02

number   0.02

computer 0.01

.,,

Topics Documents
Topic proportions and

assignments

• Each topic is a distribution over words
• Each document is a mixture of corpus-wide topics
• Each word is drawn from one of those topics

Latent Dirichlet allocation (LDA)

Simple intuition: Documents exhibit multiple topics.



Topic Modeling

Idea: Model corpus of documents with shared topics 
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Topic Proportions
(document-specific)
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LDA’s view of a document

Slide credit: William Cohen (CMU)



Example: Discovering 
scientific topics



Example InferenceExample inference

“Genetics” “Evolution” “Disease” “Computers”

human evolution disease computer
genome evolutionary host models

dna species bacteria information
genetic organisms diseases data
genes life resistance computers

sequence origin bacterial system
gene biology new network

molecular groups strains systems
sequencing phylogenetic control model

map living infectious parallel
information diversity malaria methods

genetics group parasite networks
mapping new parasites software
project two united new

sequences common tuberculosis simulations



Example InferenceExample inference
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Example InferenceExample inference (II)

problem model selection species
problems rate male forest

mathematical constant males ecology
number distribution females fish

new time sex ecological
mathematics number species conservation
university size female diversity

two values evolution population
first value populations natural

numbers average population ecosystems
work rates sexual populations
time data behavior endangered

mathematicians density evolutionary tropical
chaos measured genetic forests

chaotic models reproductive ecosystem



climate change, gene knockout techniques, and apoptosis (pro-
grammed cell death), the subject of the 2002 Nobel Prize in
Physiology. The cold topics were not topics that lacked preva-
lence in the corpus but those that showed a strong decrease in
popularity over time. The coldest topics were 37, 289, and 75,
corresponding to sequencing and cloning, structural biology, and
immunology. All these topics were very popular in about 1991
and fell in popularity over the period of analysis. The Nobel
Prizes again provide a good means of validating these trends,
with prizes being awarded for work on sequencing in 1993 and
immunology in 1989.

Tagging Abstracts. Each sample produced by our algorithm con-
sists of a set of assignments of words to topics. We can use these
assignments to identify the role that words play in documents. In
particular, we can tag each word with the topic to which it was
assigned and use these assignments to highlight topics that are
particularly informative about the content of a document. The
abstract shown in Fig. 6 is tagged with topic labels as superscripts.
Words without superscripts were not included in the vocabulary
supplied to the model. All assignments come from the same
single sample as used in our previous analyses, illustrating the

kind of words assigned to the evolution topic discussed above
(topic 280).

This kind of tagging is mainly useful for illustrating the content
of individual topics and how individual words are assigned, and
it was used for this purpose in ref. 1. It is also possible to use the
results of our algorithm to highlight conceptual content in other
ways. For example, if we integrate across a set of samples, we can
compute a probability that a particular word is assigned to the
most prevalent topic in a document. This probability provides a
graded measure of the importance of a word that uses informa-
tion from the full set of samples, rather than a discrete measure
computed from a single sample. This form of highlighting is used
to set the contrast of the words shown in Fig. 6 and picks out the
words that determine the topical content of the document. Such
methods might provide a means of increasing the efficiency of
searching large document databases, in particular, because it can
be modified to indicate words belonging to the topics of interest
to the searcher.

Conclusion
We have presented a statistical inference algorithm for Latent
Dirichlet Allocation (1), a generative model for documents in

Fig. 5. The plots show the dynamics of the three hottest and three coldest topics from 1991 to 2001, defined as those topics that showed the strongest positive
and negative linear trends. The 12 most probable words in those topics are shown below the plots.

Fig. 6. A PNAS abstract (18) tagged according to topic assignment. The superscripts indicate the topics to which individual words were assigned in a single
sample, whereas the contrast level reflects the probability of a word being assigned to the most prevalent topic in the abstract, computed across samples.

5234 ! www.pnas.org"cgi"doi"10.1073"pnas.0307752101 Griffiths and Steyvers
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From Naive Bayes to 
Topic Models (board)
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How to estimate parameters in PLSA?



Let’s implement… 
(in class exercise)



Evaluation:  
Are these topics any good?

• As for clustering: a bit tricky. Thoughts on how we 
might evaluate topics?



Likelihood of held-out data
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“Intrusion detection”

Word Intrusion Topic Intrusion

Figure 2: Screenshots of our two human tasks. In the word intrusion task (left), subjects are presented with a set
of words and asked to select the word which does not belong with the others. In the topic intrusion task (right),
users are given a document’s title and the first few sentences of the document. The users must select which of
the four groups of words does not belong.

word is selected at random from a pool of words with low probability in the current topic (to reduce
the possibility that the intruder comes from the same semantic group) but high probability in some
other topic (to ensure that the intruder is not rejected outright due solely to rarity). All six words are
then shuffled and presented to the subject.

3.2 Topic intrusion

The topic intrusion task tests whether a topic model’s decomposition of documents into a mixture of
topics agrees with human judgments of the document’s content. This allows for evaluation of the
latent space depicted by Figure 1(b). In this task, subjects are shown the title and a snippet from a
document. Along with the document they are presented with four topics (each topic is represented by
the eight highest-probability words within that topic). Three of those topics are the highest probability
topics assigned to that document. The remaining intruder topic is chosen randomly from the other
low-probability topics in the model.

The subject is instructed to choose the topic which does not belong with the document. As before, if
the topic assignment to documents were relevant and intuitive, we would expect that subjects would
select the topic we randomly added as the topic that did not belong. The formulation of this task
provides a natural way to analyze the quality of document-topic assignments found by the topic
models. Each of the three models we fit explicitly assigns topic weights to each document; this task
determines whether humans make the same association.

Due to time constraints, subjects do not see the entire document; they only see the title and first
few sentences. While this is less information than is available to the algorithm, humans are good
at extrapolating from limited data, and our corpora (encyclopedia and newspaper) are structured to
provide an overview of the article in the first few sentences. The setup of this task is also meaningful
in situations where one might be tempted to use topics for corpus exploration. If topics are used
to find relevant documents, for example, users will likely be provided with similar views of the
documents (e.g. title and abstract, as in Rexa).

For both the word intrusion and topic intrusion tasks, subjects were instructed to focus on the
meanings of words, not their syntactic usage or orthography. We also presented subjects with the
option of viewing the “correct” answer after they submitted their own response, to make the tasks
more engaging. Here the “correct” answer was determined by the model which generated the data,
presented as if it were the response of another user. At the same time, subjects were encouraged to
base their responses on their own opinions, not to try to match other subjects’ (the models’) selections.
In small experiments, we have found that this extra information did not bias subjects’ responses.

4 Experimental results

To prepare data for human subjects to review, we fit three different topic models on two corpora.
In this section, we describe how we prepared the corpora, fit the models, and created the tasks
described in Section 3. We then present the results of these human trials and compare them to metrics
traditionally used to evaluate topic models.

4

From Chang et al., 2009
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Summing up

• PLSA is a simple ad-mixture model that uncovers 
topics (distributions over words) and soft-assigns 
instances to these. 

• We saw parameter estimation via Expectation-
Maximization.  

• Next time: Introducing priors into topic models — 
Latent Dirichlet Allocation (LDA). 

★ This will motivate sampling-based estimation
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