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Modeling Science
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Science, June 24, 1994
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How can I automatically organize and browse a large, 
unstructured collection of OCR’ed docuuments?



Topic models

• Generative probabilistic models of text

• Use distributions over the vocabulary, called topics, to 
describe the collection

• Useful for many kinds of tasks

- Organization

- Classification

- Collaborative filtering

- Information retrieval
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Discover topics from a corpus
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Annotate unlabeled images

scotland, water, flower, hills, tree

birds, nest, leaves, branch, tree

people, market, pattern, textile, display

Automatic image annotation

birds nest leaves branch tree
predicted caption: predicted caption:

people market pattern textile displaysky water tree mountain people
predicted caption:

fish water ocean tree coral sky water buildings people mountain
predicted caption: predicted caption: predicted caption:

scotland water flowers hills tree

Probabilistic modelsof text and images – p.5/53

Automatic image annotation

birds nest leaves branch tree
predicted caption: predicted caption:

people market pattern textile displaysky water tree mountain people
predicted caption:

fish water ocean tree coral sky water buildings people mountain
predicted caption: predicted caption: predicted caption:

scotland water flowers hills tree

Probabilistic modelsof text and images – p.5/53

Automatic image annotation

birds nest leaves branch tree
predicted caption: predicted caption:

people market pattern textile displaysky water tree mountain people
predicted caption:

fish water ocean tree coral sky water buildings people mountain
predicted caption: predicted caption: predicted caption:

scotland water flowers hills tree

Probabilistic modelsof text and images – p.5/53
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Connections between topics

wild type
mutant

mutations
mutants
mutation

gene
yeast

recombination
phenotype

genes

p53
cell cycle
activity
cyclin

regulation
protein

phosphorylation
kinase

regulated
cell cycle progression

amino acids
cdna

sequence
isolated
protein

amino acid
mrna

amino acid sequence
actin
clone

gene
disease

mutations
families
mutation

alzheimers disease
patients
human

breast cancer
normal

development
embryos

drosophila
genes

expression
embryo

developmental
embryonic

developmental biology
vertebrate

mantle
crust

upper mantle
meteorites

ratios
rocks
grains

isotopic
isotopic composition

depth

co2
carbon

carbon dioxide
methane

water
energy

gas
fuel

production
organic matter

earthquake
earthquakes

fault
images

data
observations

features
venus

surface
faults

ancient
found
impact

million years ago
africa
site

bones
years ago

date
rock

climate
ocean

ice
changes

climate change
north atlantic

record
warming

temperature
past genetic

population
populations
differences
variation
evolution

loci
mtdna
data

evolutionary

males
male

females
female
sperm

sex
offspring

eggs
species

egg

fossil record
birds

fossils
dinosaurs

fossil
evolution

taxa
species

specimens
evolutionary

synapses
ltp

glutamate
synaptic
neurons

long term potentiation ltp
synaptic transmission

postsynaptic
nmda receptors
hippocampus

ca2
calcium
release

ca2 release
concentration

ip3
intracellular calcium

intracellular
intracellular ca2

ca2 i

ras
atp

camp
gtp

adenylyl cyclase
cftr

adenosine triphosphate atp
guanosine triphosphate gtp

gap
gdp

neurons
stimulus
motor
visual

cortical
axons
stimuli

movement
cortex
eye

ozone
atmospheric

measurements
stratosphere

concentrations
atmosphere

air
aerosols

troposphere
measured

brain
memory
subjects

left
task

brains
cognitive
language

human brain
learning



Topic evolution over time
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Probabilistic modeling 

• Probabilistic modeling is a mainstay in ML research

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

- For documents, the hidden variables will reflect the 
themes or topics which the document is about
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Probabilistic inference

• Learn the hidden structure based on data

- For documents, inference amounts to learning the 
topics from a collection of documents

• Situate new data points into a learned model

- E.g., how does this query or new document fit in to 
the discovered topic structure?
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High level strategy

• Develop probabilistic models of observed data

• Cast tasks as statistical questions about the model

- Classification

- Information retrieval

• Pay attention to computational concerns

- Apply to large datasets

- Provide fast answers to desired questions
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Outline

• Introduction

• The Latent Dirichlet allocation (LDA) topic model

• Posterior inference in LDA

• Correlated topic models

• Dynamic topic models

• Images and captions (if there’s time)

• Summary
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Latent Dirichlet allocation
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Modeling document collections

• Probabilistic model of document collections 

- Capture recurring patterns of word co-occurrences

• Facilitate activities such as classification, clustering, 
information retrieval, collaborative filtering
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Combination of topics

Different topics highlighted by different colors
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Latent Dirichlet allocation (LDA)

• Model the data with a probabilistic generative process

• Each document is a random mixture of topics



Graphical models

• Nodes are random variables

• Edges denote possible dependence

• Observed variables are shaded

• Plates denote repeated structure

· · ·

Y

X1 X2 XN

Xn

Y

N

≡
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• Structure of the graph defines the pattern of conditional 
dependence between random variables

• Graph corresponds to a factorization of the joint

Graphical models

p(y, x1, . . . , xN) = p(y)
N∏

n=1

p(xn | y)

· · ·

Y

X1 X2 XN

Xn

Y

N

≡
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θd Zd,n Wd,n
N

D K
βk

α
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• For each document

- Choose topic proportions

- For each word

• Choose a topic index    

• Choose a word

Latent Dirichlet allocation (LDA)

θ ∼ Dir(α)

Z ∼ Mult(θ)

W ∼ Mult(βz)



The Dirichlet distribution

• The parameter to a multinomial distribution is a positive 
vector that sums to one

• This space is called the simplex

• The Dirichlet distribution is a distribution on the simplex

p(θ | α) =
Γ

(∑K
i=1 αi

)
∏K

i=1 Γ(αi)
θα1−1
1 · · · θαK−1

K ,



The Dirichlet distribution

(0,0,1)

(0,1,0)

(0,0,1)



LDA and “bag of words”

• Exchangeability: statistical term for “bag of words”

• If                       are exchangeable, then

for any permutation      of 

• Not the same as independent and identically distributed

{x1, . . . , xN}
p(x1, . . . , xN) = p(xπ(1), . . . , xπ(N)).

π {1, . . . , N}
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Representation theorem

• De Finetti’s theorem says: it is conditionally IID

• If                     are exchangeable, then the joint 
distribution can be represented as a continuous mixture
{x1, . . . , xN}

p(x1, . . . , xN) =

∫ N∏
n=1

p(xn | θ)P (dθ)

θθ θθ

X1 XN

...

Xn N

≡
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Representation theorem

• Exchangeability is a weaker assumption than independent 
and identically distributed

• For many statisticians, de Finetti’s theorem provides a 
solid justification of the Bayesian perspective

θθ θθ

X1 XN

...

Xn N

≡
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Hierarchical models

• Suppose our data is grouped

- E.g., Gaussian data sets from a different means

• The data within each group is exchangeable

• Often we don’t want to treat these groups independently

X11 X1N X2N X3NX31X21

... ... ...

θ2 θ3θ1
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Hierarchical models

• A hyperparameter can be shared by all the groups

• Information about one group propagates to the other 
groups through the hyperparameter

• Groups are not independent, but they are exchangeable

X11 X1N X2N X3NX31X21

... ... ...

θ2 θ3θ1

α
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X11 X1N X2N X3NX31X21

... ... ...

θ2 θ3θ1

α

Documents are grouped data!
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LDA posterior inference

• Posterior inference : reverse the generative process

• For a collection, infer the topics which describe it

• For a document, infer proportions and assignments

p(θ, z1:N | w1:N , α, β)



Organizing a corpus
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(Dave, switch to Firefox.)



θd Zd,n Wd,n
N

D K
βk

α

• Computing the posterior is intractable:

• (For now, assume the model is fixed.)
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LDA posterior inference

p(θ, z1:N | w1:N , α, β1:K) =
p(θ | α)

∏N
n=1 p(zn | θ)p(wn | zn, β1:K)∫

θ p(θ | α)
∏N

n=1

∑
z p(zn | θ)p(wn | zn, β1:K)
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Variational inference

• Fast approximate technique for estimating posterior 
distributions (alternative to MCMC)

• Basic idea

- Posit a factorized distribution of the latent variables 
with free parameters

- Minimize the distance between the factorized 
distribution and the true posterior
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Variational inference for LDA

• Define a factorized distribution of latent variables

• Minimize KL divergence by iterating between

• Each iteration is O(N(K+1))

q(θ, z1:N | γ, φ1:N) = q(θ | γ)
N∏

n=1

q(zn | φn)

φni ∝ βiwn exp{Eq[log(θi) | γ]}
γi = αi +

∑N
n=1 φni.
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Modeling Science

• Collection from JSTOR

- 17,000 OCR’ed articles from the journal Science

- 30,000 unique terms

• Estimated a 100-topic LDA model (~ 20 hours)

- 100 distributions over words

- Dirichlet parameters

βk

α
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An article from Science
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Approximate topic proportions

• Low dimensional representation of the document

• Most probable words from the likely topics reflect 
themes of the document

1 8 16 26 36 46 56 66 76 86 96

Topics
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a
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0
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“Genetics” “Evolution” “Research” “Disease” “Computers”
human evolution says disease computer
genome evolutionary researchers host models

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

sequence origin like bacterial system
gene biology new new network

molecular groups work strains systems
sequencing phylogenetic years control model

map living called infectious parallel
information diversity dont malaria methods

genetics group say parasite networks
mapping new get parasites software
project two see united new

sequences common university tuberculosis simulations
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Another article
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“Mathematics” “Modeling” “Populations” “Ecology”
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



Learning the topics from data

• Variational expectation-maximization algorithm

• Iterate between

- E step: For each document, estimate the posterior

- M step: Estimate the topics from expected sufficient 
statistics, where the expectation is taken with respect 
to the variational distributions for each document
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Quantitative evaluation

• Estimate latent variable models from a collection

• Compute likelihood of a held-out set of documents

- Better models assign higher likelihood

• We use perplexity

- Related to inverse likelihood, effective vocabulary size

- (I.e., lower numbers are better)
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Empirical evaluation
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Corpora

• Biology collection

- 5,000 abstracts about nematode biology

- 500,000 words

- 25,000 unique terms

• Associated Press collection

- 16,000 document subset of the TREC AP collection

- 775,000 words

- 22,000 unique terms
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Nematode held-out perplexity
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AP held-out perplexity
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For further reading

• LDA (Blei et al., 2003)

• Latent semantic indexing (Deerwester et al., 1990)

• PLSI (Hofmann, 1999)

• Hierarchical Modeling (Gelman et al., 2001)

• Expectation propagation (Minka and Lafferty, 2002)

• Gibbs sampling (Griffiths and Steyvers, 2002)

• Sequential data (Girolami et al., 2004)

• Authors and topics model (Steyvers et al., 2004)

• Vision applications (Freeman et al., 2005)
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Summary (so far)

• LDA is a powerful model for

- discovering structure in otherwise unstructured

- generalizing new data to fit into that structure

• Graphical models are modular

- Can be embedded in more complicated models

• Graphical models are (somewhat) general

- LDA is primarily about the independence assumptions

- Functional form of the data distribution can change

• Now, on to some extensions...
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Correlated topics
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• The Dirichlet is an exponential family distribution on the 
simplex, positive vectors which sum to one.

• However, the near independence of components makes it 
a poor choice for modeling topic proportions.

- An article about fossil fuels is more likely to also be 
about geology than about genetics.



• The logistic Normal is a distribution on the simplex, with 
a dependence between components.

• The natural parameters of the multinomial are drawn 
from a Gaussian distribution,

Logistic normal

47

(Aitchison and Shen, 1980)

θi = exp{xi − log(1 +
∑K−1

j=1 exp{xj})}
X ∼ NK−1(µ, Σ)



Correlated topic models

• Draw topic proportions from a logistic normal

• Useful for:

- providing a “map” of topics and how they are related

- better prediction via correlated topics

• We have lost conjugacy between the topic proportion 
model and the multinomial over topic indicators

48
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Modeling Science
 (1990-1999)
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Modeling the evolution of Science

• In LDA, documents are assumed to be exchangeable

- Order doesn’t matter

• This doesn’t make sense; topics evolve over time

- “Cleaning Birds” (1883)

- “Interspecific Brood Parasitism in Blackbirds 
(Icterinae): A Phylogenetic Perspective” (1992)

• Many document collections have such dynamics

- Emails, news articles, query logs, ... 
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Science (1880-1883)
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Science 1880-1893

Administration Limnology Astronomy Psychology

association water observatory mind

meeting lake observations nature

american sea stars say
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Science (1970-1976)
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Science 1970-1976

Administration Limnology Astronomy Psychology
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bill fish astronomy learning

nsf samples xray ideas
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budget lake astronomical memory
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new waters observatory complex
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Chained topic models
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Chained correlated topic models
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Variational distribution
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Variational Kalman filters
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“Atomic physics”
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“Atomic physics”
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“Atomic physics”

•1881 On Matter as a form of Energy
•1892 Non-Euclidean Geometry
•1900 On Kathode Rays and Some Related Phenomena
•1917 ``Keep Your Eye on the Ball''
•1920 The Arrangement of Atoms in Some Common Metals
•1933 Studies in Nuclear Physics
•1943 Aristotle, Newton, Einstein. II
•1950 Instrumentation for Radioactivity
•1965 Lasers
•1975 Particle Physics: Evidence for Magnetic Monopole Obtained
•1985 Fermilab Tests its Antiproton Factory
•1999 Quantum Computing with Electrons Floating on Liquid Helium
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“Philosophy”
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“Philosophy”
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“Philosophy”

•1881 On the Truthfulness of Human Knowledge Considered in the Light of 
the Unity of Nature

•1890 The Method of Multiple Working Hypotheses
•1901 A Final Word on Discord
•1911 The Meaning of Vitalism
•1921 The Spirit of Research
•1930 The Organic World and the Causal Principle
•1942 Evolution and Knowledge
•1950 Social Responsibility in Science
•1963 Decision Theory in Law, Science, and Technology
•1974 Speaking of Science: Creativity: Can It Be Dissected? Can It Be Taught?
•1989 Chaos Theory: How Big an Advance?
•1991 Science, Slogans, and Civic Duty
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“Neuroscience” and “Disease”
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disease
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aids
immune

2000
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human
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virus
cancer
tumor
host
vaccine
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Annotated data

• Data with multiple types

- One type  is a description

• For example

- Images and captions

- Gene expression and function

• Tasks

- Clustering, classification

- Annotation, image retrieval

Corel data

house, sky, trees, mountain

penguins, water tiger, ground sky, clouds, rocks

• 6,500 images from the Corel database

• Each image has been:

• Annotated with 2-6 words (a vocabulary size of 168)
• Segmented into regions with n-cuts

• Each region reduced to a 45-dimensional feature vector

• 5000 training instances/1500 test instances

• (Thanks to Kobus Barnard and David Forsyth)
Probabilistic modelsof text and images – p.28/53

house, sky, trees
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Documents to images

• Document: bag of words from a 
discrete vocabulary

- multinomial data

• Image: bag of regions described 
by continuous feature vectors

- Gaussian data
<-0.61  0.63 -0.31>
< 0.19  0.21 -0.48>
< 0.06  1.15  0.05>

Corel data

house, sky, trees, mountain

penguins, water tiger, ground sky, clouds, rocks

• 6,500 images from the Corel database

• Each image has been:

• Annotated with 2-6 words (a vocabulary size of 168)
• Segmented into regions with n-cuts

• Each region reduced to a 45-dimensional feature vector

• 5000 training instances/1500 test instances

• (Thanks to Kobus Barnard and David Forsyth)
Probabilistic modelsof text and images – p.28/53
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Correspondence LDA

• Image is generated from a Gaussian LDA model

• For each caption word

- Choose a region                           uniformly at random

- Choose the word from

Y ∈ {1, . . . , Nd}
W ∼ Mult(βzy)
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Corel data

sky, clouds, rock

Corel data

house, sky, trees, mountain

penguins, water tiger, ground sky, clouds, rocks

• 6,500 images from the Corel database

• Each image has been:

• Annotated with 2-6 words (a vocabulary size of 168)
• Segmented into regions with n-cuts

• Each region reduced to a 45-dimensional feature vector

• 5000 training instances/1500 test instances

• (Thanks to Kobus Barnard and David Forsyth)
Probabilistic modelsof text and images – p.28/53
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Corel data

house, sky, trees, mountain

penguins, water tiger, ground sky, clouds, rocks

• 6,500 images from the Corel database

• Each image has been:

• Annotated with 2-6 words (a vocabulary size of 168)
• Segmented into regions with n-cuts

• Each region reduced to a 45-dimensional feature vector

• 5000 training instances/1500 test instances

• (Thanks to Kobus Barnard and David Forsyth)
Probabilistic modelsof text and images – p.28/53

penguins, water
house, sky, trees

tiger, ground

• 6,500 images and captions from the Corel database

- Annotated with 2 - 6 words

- Segmented with N-cuts (Shi and Malik, 2000)

- Each region reduced to 45 continuous features

• 5000 training instances, 1500 held-out instances
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Application: annotationAutomatic image annotation

birds nest leaves branch tree
predicted caption: predicted caption:

people market pattern textile displaysky water tree mountain people
predicted caption:

fish water ocean tree coral sky water buildings people mountain
predicted caption: predicted caption: predicted caption:

scotland water flowers hills tree

Probabilistic modelsof text and images – p.5/53
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birds nest leaves branch tree
predicted caption: predicted caption:

people market pattern textile displaysky water tree mountain people
predicted caption:

fish water ocean tree coral sky water buildings people mountain
predicted caption: predicted caption: predicted caption:

scotland water flowers hills tree

Probabilistic modelsof text and images – p.5/53

sky water tree 
mountain people

scotland water 
flower hills tree

sky water buildings
people mountain

fish water ocean
tree coral

people market
pattern textile display

birds nest
leaves branch tree



68

Application: image retrieval

• Given a collection of unannotated images

• Find images relevant to a text query

- Rank according to p(query | image) for each image

• A form of the language modeling retrieval approach
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Sample queriesText-based image retrieval

Candy People & FishSunset

Probabilistic modelsof text and images – p.36/53



Precision/recall curves

• For a ranking of N images (out of M images)

- Precision = # relevant items / list size

- Recall = # relevant items / total # relevant items
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Summary

• Generative probabilistic models of collections that 
represents the heterogeneous nature of documents

- Documents can exhibit multiple topics

• Inference

- Variational inference allows large scale analysis

- Variational EM is a natural map-reduce application

• Advantages of graphical models formalism

- Modular: Can plug LDA into more complicated models

- General: Applicable to different kinds of data
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Summary

• C code to play with the basic LDA model

- http://www.cs.cmu.edu/~lemur/science

• Explore a correlated topic model

- http://www.cs.cmu.edu/~lemur/science/
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