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The GraphLab Framework
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Matrix Completion as a Graph
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Coordinate Descent for Matrix
Factorization: Alternating Least-Squares
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Alternating Least Squares Update Function
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Bayesian PMF Gibbs Sampler
" S

m Outline of Bayesian PMF sampler
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Bayesian PMF Example
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PMF Gibbs Sampling in GraphLab
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&
GraphLab\

Release 2.2 available now
http:/graphilab.org

Documentation... Code... Tutorials... (more on the way)

GraphChi 0.1 available now
http:/graphchi.org

What you need to know...
" JEE——

m Data-parallel versus graph-parallel computation

m Bulk synchronous processing versus asynchronous
processing

m GraphlLab system for graph-parallel computation
Data representation
Update functions

Scheduling cﬂ[l ABorM—\VA

Consistency model L/ Cu“'""_‘ﬁ

m ALS, SGD and Gibbs for matrix factorization/PMF in
GraphLab

ooooooooooooo




Reading
" JEE

m Papers under “Case Study IV: Parallel Learning with
GraphLab”

m Optional:

Parallel Splash BP
http://www.ml.cmu.edu/research/dap-papers/dap-gonzalez.pdf

©Emily Fox 2014 15

Acknowledgements
"

m Slides based on Carlos Guestrin’s GraphLab talk

©Emily Fox 2014 16




Case Study 5: Mixed Membership Modeling

Clustering Documents

Reuvisited,
Latent Dirichlet Allocation

Machine Learning for Big Data
CSES47/STAT548, University of Washington

Emily Fox
February 27, 2014
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Document Retrieval
= JEE
m Goal: Retrieve documents of interest

m Challenges:
Tons of articles out there
How should we measure similarity?

ooooooooooooo




Task 1: Find Similar Documents
= JEE
m First considered:

O Input: Query article ¥ W g )(W"
1 Output: Set of k similar articles X/ Py
AL

FIFA WORLD CUP
Brasil
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Task 2: Cluster Documents
" JEEE
m Then examined:
1 Cluster documents based on topic

wo( 4 newS
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Document Representation
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A Generative Model
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Bayesian Document Model
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The Simplex in 3D
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m The simplex defines the hyperplane of vectors that sum to 1
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Dirichlet Distributions
= JEE

m The Dirichlet distribution is defined on the simplex
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Dirichlet Probability Densities
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Dirichlet Samples Eafm] = -

" JEE
m Samples are sparse for small values of «; ( 59 D<M‘P(&>

Samples from Dir (alpha=0.1) Samples from Dir (alpha=1)
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Model Summary
* JEE—

m Prior on model parameters
E.g., symmetric Dirichlet for 7T

Dirichlet prior for topic parameters
’——_}p picp Bk’

m Sample observations as
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Posterior Inference via Sampling
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= What form do these complete conditionals take?

1 First a look at statements of conditional independence in_directad
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Conditional Independence in
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