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Apache Mahout

+ A scalable machine
learning library
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Apache Mahout

+ A scalable machine
learning library

+ Built on Hadoop
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Apache Mahout

+ A scalable machine
learning library

+ Built on Hadoop

+ Philosophy of
Mahout (and
Hadoop by proxy)
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What does Mahout do?
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Recommendation

Here's a daily sample of items recommended for you. Click here to see all recommendations.
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Classification

ki 0d pglua g0 yl=inaly,

Carnegie Mellon Qatar




Clustering

Figure 3




Other Mahout Algorithms

+ Dimensionality Reduction
+ Regression

+ Evolutionary Algorithms
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Mahout

1. Recommendation

Family Guy Picard and
Troi
by CristoofRomania

QOur three Guinea pigs
fighting for a cucumber
- - by Gerald56

1:18 2,752 485 views

"Technichally | outrank
you"-WEST WING
by Phoenixfreake?

CJ CREGG TESTS YOUR
MATH

by joaodxs

Bt 60,157 views
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Recommendation Overview

+ Help users find items they might like
based on historical preferences

Here's a daily sample of items recommended for you. Click here to see all recommendations.
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Recommendation Overview

+ Mathematically
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Overview
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Overview
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Overview

Bob ? 2 5

4 3 2 *based on example by

Sebastian Schelter
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Bob

Overview

2 *based on example by

Sebastian Schelter
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Recommendation in Mahout

+ 15t Map phase: process input

o (Aiice Matrix.5)  <Alice, (Matrix,5)>

. [(mice Alien.)  <Alice (Alien.1)>
— _— e —

. (BobAlien2)  <Bob (Alien2)>

*pbased on example by
Sebastian Schelter
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Recommendation in Mahout

*based on example by

+ 15t Map phase: process input  Sebastian Schelter
L (MiceMatix.5)  <Alice (Matrix.5)>
L (Mice.Aien.t)  <Alice (Allen. 1>
. (Wice.incestion.4)  <Alice, (inception 4>

. <Bob(Aen.2>

+ 15t Reduce phase: list by user




Recommendation in Mahout

+ 2"d Map phase: Emit co-occurred ratings

*pbased on example by
Sebastian Schelter
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Recommendation in Mahout

*based on example by

Sebastian Schelter

+ 2"d Map phase: Emit co-occurred ratings

S <MatixAlien, (1>
~ <Matixinception. (5:4>
~ sAlieninception. (1:4)>
 <Bob, (Alien 2)lInception. 5> <Allen:inception. (2:5)>

+ 2"d Reduce phase: Compute similarities

ERIMED ewsem




Mahout

2. Classification
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Classification Overview

+ Assigning data to
discrete categories
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Classification Overview

+ Assigning data to
discrete categories

+ Train a model on
labeled data

4%

Spam Not spam
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Classification Overview

4%

Spam

Not spam

+ Assigning data to
discrete categories

+ Train a model on
labeled data

+ Run the model on
new, unlabeled
data
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Nalve Bayes Example
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Nalve Bayes Example

Prob (token | label) =
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Nalve Bayes Example

Not spam
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Nalve Bayes Example

Not spam
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Nalve Bayes Example

Spam
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Nalve Bayes Example

Spam
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Nalve Bayes Example

=
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Nalve Bayes Example

“Order a trial Adobe chicken daily
EAB-List new summer savings, welcome!”
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Nalve Bayes in Mahout

+ Complex!
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Nalve Bayes in Mahout

+ Complex!
+ Training
1. Read the features
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Nalve Bayes in Mahout

+ Complex!
+ Training
1. Read the features
2. Calculate per-document statistics
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Nalve Bayes in Mahout

+ Complex!
+ Training
1. Read the features

2. Calculate per-document statistics
3. Normalize across categories
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Nalve Bayes in Mahout

+ Complex!
+ Training

bR

Read the features

Calculate per-document statistics
Normalize across categories

Calculate normalizing factor of each label
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Nalve Bayes in Mahout

+ Complex!
+ Training
1. Read the features
2. Calculate per-document statistics

3. Normalize across categories
4. Calculate normalizing factor of each label

+ Testing
+ Classification
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Other Classification Algorithms

+ Stochastic Gradient Descent
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Other Classification Algorithms

+ Stochastic Gradient Descent
+ Support Vector Machines
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Other Classification Algorithms

+ Stochastic Gradient Descent
+ Support Vector Machines
+ Random Forests
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Figure 3




Clustering Overview

+ Grouping
unstructured data
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Clustering Overview

. Googl cats [ a |
+ Grouping e

u I l St r u Ct u r( d d ata Everything Related searches: funny cats cute cats cats musical cats and kittens fat cat
v o \ y

Images

+ Small intra-cluster =
distance

Any color
Full color
Black and white
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Clustering Overview

. Google dogs [ a |
+ Grouping

unstructured data -

||||||

+ Small intra-cluster =
distance
+ Large inter-cluster =
distance

oooooooo
|||||||||
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K-Means Clustering Example
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K-Means Clustering Example
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K-Means Clustering Example

A
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K-Means Clustering Example
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K-Means Clustering Example
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K-Means Clustering Example
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K-Means Clustering Example
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K-Means Clustering Example
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K-Means Clustering Example
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K-Means Clustering Example

A
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K-Means Clustering in Mahout
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Figure from lecture 6: MapReduce
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K-Means Clustering in Mahout

+ Assume: # clusters <<< # points
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K-Means Clustering in Mahout

+ Assume: # clusters <<< # points

©Q 0O
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K-Means Clustering in Mahout

+ Assume: # clusters <<< # points

©Q 0O

<clusterID, observation>

v

© @
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K-Means Clustering in Mahout

+ Map phase: assign cluster IDs
_(1,v1), centroid1, centroid2.... ~ <cluster n.(x1.v>
— - e
— _ B = —
_(x4,v4) , centroid1, centroid2, ... <cluster k (x4, v4)>
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K-Means Clustering in Mahout

+ Map phase: assign cluster IDs

_Oct.v1) centroid1, centroid2....  <cluster n,(xt.y>
| (X2,v2), centroidt, centroid2, .. <cluster m.(2,v2>
| (x3,v3). centroidt, centroid2, .. <cluster i,63.v3>
(x4, v4), centroidt, centroid2, .. <cluster k (x4, v4I>
+ Reduce phase: reset centroids

. <clustern.(dvi>  <cluster n,centroid n>
. scluster m.(2v2>  <cluster m.centroid m>




K-Means Clustering in Mahout

+ [mportant notes
+ --maxlter
+ --convergenceDelta
+ method
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Other Clustering Algorithms

+ Latent Dirichlet Allocation
+ Topic models
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Other Clustering Algorithms

+ Latent Dirichlet Allocation
+ Topic models

+ Fuzzy K-Means
+ Points are assigned multiple clusters
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Other Clustering Algorithms

+ Latent Dirichlet Allocation
+ Topic models

+ Fuzzy K-Means
+ Points are assigned multiple clusters

+ Canopy clustering
+ Fast approximations of clusters
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Other Clustering Algorithms

+ Latent Dirichlet Allocation
+ Topic models

+ Fuzzy K-Means
+ Points are assigned multiple clusters

+ Canopy clustering
+ Fast approximations of clusters

+ Spectral clustering

+ Treat points as a graph
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Other Clustering Algorithms

+ Latent Dirichlet Allocation
+ Topic models

+ Fuzzy K-Means
+ Points are assigned multiple clusters

+ Canopy clustering
+ Fast approximations of clusters

+ Spectral clustering
+ Treat points as a graph
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Mahout In Summary

Carnegie Mellon Qatar



Mahout In Summary

+ Scalable library
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Mahout In Summary

+ Scalable library

+ Three primary
areas of focus
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Mahout In Summary

+ Scalable library
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+ Other algorithms

+ All In your friendly
neighborhood
MapReduce




Mahout In Summary

http://mahout.apache.org/

+ Scalable library

+ Three primary
areas of focus

+ Other algorithms

+ All In your friendly
neighborhood
MapReduce

Carnegle MellonQ ar



Thank you!

relevant
to myiinterests!
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