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How does Google Translate work?

Does not use Rules
Uses Statistical Machine Translation
Statistical models are trained from large corpora
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What is BigData
(Source: Wikipedia)
Sloan Digital Sky Survey has amassed data of 1.4 TeraBytes.
Need to process 200GB per night.
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Examples of BigData

Large Hadron Collider 13000 Terabytes
Walmart handles 1 million customer transactions
every hour, 2.5 petabytes
Biology Human genome project took 10 years,
now it can be done in one week
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What is Big Data?

No precise definition

Working Definition
Datasets so large and complex that they become awkard using
on-hand database management tools

Challenges
capture
storage
sharing
analysis
visualization
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The era of Big Data is upon us

Message from the president(June 2011)
(International Society for Bayesian Analysis)
Prof. M. I. Jordan, Dept of Statistics, UC Berkeley

In science, massive streams of data have become the norm in areas
such as astronomy, high-energy physics, ecology, genetics and
molecular biology.

Companies are increasingly looking to hire people who have expertise
in data analysis.While the job descriptions sometimes refer to statistics
they often refer to data analytics, data mining and machine learning.
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Are you ready for big data?

Mckinsey Report

Businesses can gain more if they exploit and
understand BigData
Huge Demand for Engineers who can effectively
address issues related to Big Data.
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Big Data needs Data Scientist

Posted on LinkedIn, 25th June 2012
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Skill Set

Responsibilities
Solve complex large-data problems in online advertising fraud space
using data mining,machine learning and statistical analysis. Design
algorithms which can handle Tera-Bytes of data on a daily basis in a
cloud computing.

PhD/Masters in CS/Maths/Statistics
Knowledge of Hadoop and other distributed computing platform
Experience with Analysis on large scale datasets
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Takeaway

Need firm grounding in
Machine Learning
Statistics
Distributed Optimization

Ability to build systems

Why not come to IISc?
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What is Machine Learning?
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What is Machine Learning?(CMU ML Dept)

Machine Learning is a scientific field addressing the
question
How can we program systems to automatically learn
and to improve with experience?
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Scope of Machine Learning
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Predictive models

y = {1,−1} binary Classification

y = {1, . . . ,k} multi-category classification
Ordinal regression
Regression
Reinforcement learning
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Predictive models

Need to quantify the fit between the target y and the prediction
f (x) on D

the model should hold for all x , even on data not present in D
sometimes called generalization ability.
The problem now becomes finding a model f , which generalizes
well and fits the training data
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What we do at IISc
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What we do at IISc

Large Scale convex
optimization for
learning problems,
Design of Kernels
Robust decision
making under
uncertainty
Probabilistic inference

Computational Biology,
Image and Video
Processing,
Statistical modeling of
Computer Systems
Large Scale Text
Mining
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Discovery of Application Workloads from Network File Traces
Yadwadkar N. , Bhattacharyya C., K. Gopinath, N. Thirumale, S.
Susarla
FAST 2010
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Focusing on the Opcode Sequence
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Workload Identification
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Workload Identification
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Trace Annotation
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Trace Annotation
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Challenges

Variability in the traces of the same workload

cp contacts.csv con.csv
ACCESS Call, FH:0xe003db8b
LOOKUP Call, DH:0xe003db8b/con.csv
LOOKUP Reply Error:NFS3ERR_NOENT
LOOKUP Call, DH:0xe003db8b/contacts.csv
LOOKUP Reply, FH:0x71d9fc7c
GETATTR Call, FH:0x71d9fc7c
ACCESS Call, FH:0x71d9fc7c
CREATE Call, DH:0xe003db8b/con.csv
SETATTR Call, FH:0x58d9d57c
GETACL Call
GETATTR Call, FH:0x58d9d57c
READ Call, FH:0x71d9fc7c ...
WRITE Call, FH:0x58d9d57c ...

COMMIT Call, FH:0x58d9d57c

cp contacts.csv dir/con.csv
LOOKUP Call, DH:0xe003db8b/dir

LOOKUP Reply, FH:0x0eb18814

ACCESS Call, FH:0x0eb18814
LOOKUP Call, DH:0x0eb18814/con.csv
LOOKUP Reply Error:NFS3ERR_NOENT
LOOKUP Call, DH:0xe003db8b/contacts.csv
LOOKUP Reply, FH:0x71d9fc7c
GETATTR Call, FH:0x71d9fc7c
ACCESS Call, FH:0x71d9fc7c
CREATE Call, DH:0x0eb18814/con.csv
SETATTR Call, FH:0x14b19214
GETACL Call
GETATTR Call, FH:0x14b19214
READ Call, FH:0x71d9fc7c ...
WRITE Call, FH:0x14b19214 ...

COMMIT Call, FH:0x14b19214
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Key Contributions

Identifying workloads from NFS opcodes
Identifying transitions between workloads in a trace sequence
Small snippets of traces are sufficient!
Exploited the analogy with Biological sequence analysis problem
Use of Profile Hidden Markov Models(Profile HMMs)
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Analogy with Problem in Computational Biology

Unfortunately,
DP formulations for aligning r sequences, each of length n are

expensive, O(nr ), time and space complexity

Computational Biology

Conserved in critical regions

Diverge due to chance muta-
tions

Problem at Hand

Similarity to a large extent

Additions, deletions and replace-
ments of symbols observed

Proposal
To use Profile HMM for representing Profile of a workload
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Profile HMMs Training and Usage Workflow: An
Overview
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Experimental Set-up

Unix Commands
I tar, untar, make, edit, copy, move, grep, find, compile
I Accessing a subset of 14361 files and 1529 directories up to 7

levels deep
TPC-C

I 1 to 5 warehouses with 1 to 5 database clients per warehouse
Postmark

I a workload approximating a large internet email server
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Experimental Results

Workload Identification Confusion Matrix

Trace Models

Command make find grep tar untar copy move edit tpcc

make 91.7 1.2 1.2 2.4 3.6

find 91.8 2.1 3.1 1 2.1

grep 1.3 1.3 85 1.3 11.3

tar 100

untar 1.2 98.8

copy 1 1 6 82 1 9

move 5.6 0.8 0.8 2.4 89.6 0.8

edit 100

tpcc 100

http://mllab.csa.iisc.ernet.in (ML lab) IISc Aug 08, 2012 29 / 39



Opinion mining

Best paper award
Exploiting Coherence in Reviews for Discovering Latent Facets and
associated Sentiments
Himabindu L., Bhattacharyya C., Bhattacharya I., Merugu Srujana.
Siam Data Mining Conference 2011
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Mining Customer Reviews

Facet Sentiment

Memory -

Screen -

Appearance Positive

Facet Sentiment

Memory -

Screen Negative

Appearance -

Facet Sentiment

Memory -

Screen -

Appearance Positive

Facet Sentiment

Memory -

Screen Negative

Appearance -

Central Problem: Facet based sentiment analysis of customer
reviews
Applications

I E-commerce : product recommendation for customers
I Business Analytics : aiding product managers and decision makers

in understanding the product’s market standing
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FACeT Sentiment extraction model (FACTS)

The pictures i took during my last trip with this camera were 
absolutely great. The picture quality is amazing and the pics come 
out clear and sharp. I am also very impressed with its battery life,
unlike other cameras available in the market, the charge lasts long
enough. However, I am unhappy with the accessories.

The pictures i took during my last trip with this camera were 
absolutely great. The picture quality is amazing and the pics come 
out clear and sharp. I am also very impressed with its battery life,
unlike other cameras available in the market, the charge lasts long
enough. However, I am unhappy with the accessories.

FACTS aims at extracting both facets as well as associated
sentiments from customer reviews
Captures both the syntactic and semantic dependencies
Loosely based on HMM LDA
Facet and Sentiment classes comprise of topics
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FACTS Model
Extends HMM-LDA to include topics within another syntactic class for
sentiments

cd ,i = 1⇒ facet

cd ,i = 2⇒ sentiment
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Coherence based FACTS model (CFACTS)

The pictures i took during my last trip with this camera were 
absolutely great. The picture quality is amazing and the pics come 
out clear and sharp. I am also very impressed with its battery life,
unlike other cameras available in the market, the charge lasts long
enough. However, I am unhappy with the accessories.

The pictures i took during my last trip with this camera were 
absolutely great. The picture quality is amazing and the pics come 
out clear and sharp. I am also very impressed with its battery life,
unlike other cameras available in the market, the charge lasts long
enough. However, I am unhappy with the accessories.

Coherence is an important aspect of user generated content
In case of reviews, facet and sentiment coherence are usually
prevalent
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CFACTS Model

Modeling Coherence
Each review comprises of basic units of coherence windows
Each window is associated with a single facet and sentiment
Continuity of topics across windows governed by parameter ψ

I ψ = 0 : fd ,x = fd ,x−1 and sd ,x = sd ,x−1
I ψ = 1 : fd ,x = θ f

d and sd ,x = sd ,x−1
I ψ = 2 : fd ,x = θ f

d and sd ,x = θ s
d
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CFACTS Model

Extends FACTS to incorporate coherence in facets/sentiments
Also, enables loose coupling of the facet and sentiment classes
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Incorporating ratings - CFACTS-R

Review ratings are valuable pointers to the sentiments expressed
in reviews
Does incorporating these review ratings help us extract
sentiments better ?

I Review ratings turn out be of immense help for ’ordering sentiment
topics’

The flash washes out the photos, and the camera takes very long 
to turn on....................................................................................

Negative ?

flash washes out photos ??

The flash washes out the photos, and the camera takes very long 
to turn on....................................................................................

Negative ?

flash washes out photos ??
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Experimental results
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Thanks !
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