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Graphs in the Blologlcal Smences

~— A convenient way to represent certain

types of data!
Product Graph -
uses FCOOd Ted may like
R Graph ""1 al bicycle-powered food cart
~—Recommender systems are atings Grap = llkes ‘\ ks
frequently powered by a I'kes I ikes
graph-centric analysis ke ke N f“en -
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~— Analogous networks of information can be found in

biology!

PAF1 complex
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Graphs as Data Models
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There are advantages and <

disadvantages to each!
Bipartite

v

ML 1s more than
just algorithms!

Directed

Would you represent a connectome

as a big table?
g) mayée...

Tree




Some Open Questions in Distributed Graph

[1] Distributed computing framework T i N i -

[2] Graph abstraction == _'_' NP e,

[3] Building a useable toolkit oot PN -_-'_ U] .
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Dlstrlbuted Frameworks 65 Tools

— MPI
— MapReduce/Hadoop

— Next generation

J
4.-- Y



Distributed Frameworks: 47pi7
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— Messages can be...

—collective or peer-to-peer
—synchronous or asynchronous

—blocking or non-blocking



Distributed Frameworks: 4zpr;

woo!

—

".9_-‘_ :

—good if you're writing a parallel library
—scalability, compatibility, and portability

—mature and well-understood
—can be quite fast

lame!

/
— — -

—
—no fault tolerance

—hard to learn | . ,
—most commonly implemented 1n

FORTRAN, C, or C++

/*

“Hello World" MPI Test Program
*/
#include <mpi.h>
#include <stdio.h>
#include <string.h>

#define BUFSIZE 128
#define TAG 0

int main(int argc, char *argv(])
{

char idstr[32)];

char buff[BUFSIZE);

int numprocs;

int myid;

int i;

MPI_Status stat;

/* MPI programs start with MPI Init; all 'N' processes exist thereafter */

MPI_Init(&argc,&argv);

/* find out how big the SPMD world is */
MPI_Comm_size(MPI_COMM_WORLD, snumprocs) ;
/* and this processes' rank is */
MPI_Comm_rank(MPI_COMM_WORLD, &myid);

/* At this point, all programs are running equivalently, the rank
distinguishes the roles of the programs in the SPMD model, with
rank 0 often used specially... */

(myid == 0)
{
printf(“%d: We have %d processors\an", myid, numprocs);
“(i=1;i<numprocs;i++)
{
sprintf(buff, "Hello %®d! ", 1i);
MPI_Send(buff, BUFSIZE, MPI_CHAR, i, TAG, MPI_COMM _WORLD);
}
r(i=1;i<numprocs;i++)
{
MPI_Recv(buff, BUFSIZE, MPI_CHAR, i, TAG, MPI_COMM_WORLD, &stat);
printf("%d: %s\n", myid, buff);
}
}
{
/* receive from rank 0: */
MPI_Recv(buff, BUFSIZE, MPI_CHAR, 0, TAG, MPI_COMM WORLD, &stat);
sprintf(idstr, "Processor %d ", myid);
strncat(buff, idstr, BUFSIZE-1);
strncat(buff, "reporting for duty\n", BUFSIZE-1);
/* send to rank 0: */
MPI_Send(buff, BUFSIZE, MPI_CHAR, 0, TAG, MPI_COMM_WORLD);
}

/* MPI programs end with MPI Finalize; this is a weak synchronization po
MPI Finalize();

int */



Distributed Frameworks: MapReduce!

Unordered, randomly
binned data

—, Data binned by key
and optionally
ordered within bins

woo!

/ Unordered, randomly
ﬂ binned data

~ Nodes can’t talk to each other
~ Fault tolerant! lamel — Batch processing

~— Great for MRable problems ﬂ/ ~— No real-time processing

~— Overhead for shuffling large amounts of

data over network

~— Not super great for graphs

—



Distributed Frameworks: Everyone and their elephant has one

Unordered, randomly
binned data

Data binned by key
and optionally
ordered within bins

REDUCE ’ REDUCE ’

Unordered, randomly
binned data

Pivotal

@ ‘Cloudera

amazon
webservices”

— ————————_____ ~ e — = — ——— = —_—
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Distributed Frameworks: gpq

e

RDD

RDD

External World

¥

RDD

RDD

RDD

v
action

¥

External World —

~ Immutable, partitioned collections of objects
stored in RAM across the cluster!

~ Built through lazy parallel transformations

~— Automatically rebuilt on failure!

Development was motivated by lack of —
stream-processing applications

Runs streams as small, deterministic batch jobs =

One Framework!

Interactive Streaming

ampcamp.berkeley.edu; social.technet.microsoft.com
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e

Spor

Some operatlons

sc.para11e1ize(

I

val pets =
List((“cat”, 1), (“dog”, 1), ("cat”, 2)))
pets.reduceByKey(_ + _) // => {(cat, 3), (dog, 1)}

pets.groupByKey() // => {(cat, Seq(l, 2)),

pets.sortBykKey() // => {(cat, 1),

val 1lines = sc.textFile(“hamlet.txt”)

(dog, Seq(1l)}

(cat, 2),

L=

| messages.filter(_.contains(“hadoop”)).count

(dog, 1)}

7“4‘

| Log thng Example |

' val lines = spark.textF ile(“hdfs://test.txt”)

val errors = lines.filter(_.startsWith(“"ERROR"))
val messages = errors.map(_.split(\t")(2))
messages.cache()

messages.filter(_.contains(“graphbuilder”)).count §

val counts = lines.flatMap(line => Tine.split(" "))
.map(word => (word, 1))
.reduceByKey(_ + _)
"to” (to, 1) (be, 2)
“tobe or* —» 'De”" ——» (be 1) d
“"or” (or, 1) (not, 1)
“not” (not, 1) (or, 1)
“notto be” — “to” — (to,1) (t '1)
“be” (be, 1) 0,2

scales to 1TB data in 5-7s!
(170s for on-disk data)

ampcamp.berkeley.edu
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Some Open Questions in Distributed Graph

[1] Distributed computing framework T i N i -

[2] Graph abstraction X _'_' S

[3] Building a useable toolkit oot L e '_ U] .
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Graph Abstractions: Bulk

Cost
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synchronous parallel

— Generally, a model of parallel computation
“~——> Vertical and Horizontal structure

— Open source version of Google’s Pregel
“~—>  Vertex-centric

e 0@6 Superstep 0
o oo Superstep 1
e 0@0 Superstep 2

:

0 Superstep 3

Figure 2: Maximum Value Example. Dotted lines
are messages. Shaded vertices have voted to halt.

dalaff.ocience.uu.nl/~brsvel01/Book/PSC/pscl _2.pdf; cs.duke.edu/courses/springl5/compoct590.2/slides/lecld.pdf

-— = = -~
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Graph Abstractions: Gather, apply, scatter

“——> Exploits graph locality to achieve parallel computation

“~——> Based on BSP, but each vertex is decomposed into
three phases

(1)scattter

dalaff.ocience.uu.nl/~brsvel01/Book/PSC/pscl _2.pdf; cs.duke.edu/courses/springl5/compoct590.2/slides/lecld.pdf
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Some Open Questions in Distributed Graph

[1] Distributed computing framework T i N i -

[2] Graph abstraction == _'_' NP e,

[3] Building a useable toolkit oot S '_ U] e
e e
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Overview of the Graph Analytics Pipeline

Parse Prepare graph data Basic Analysis Run LDA

FN/N/\N/

Parse and :
Create Article/ Build Graph Query/ Detect Clusters

E\,)\(/g%gt Word List Visualize Data Using LDA

Insightful Result
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A Motivating Example: Topic Modeling the Hard Way

B U v

Jouergl of The jossnal of

y <
: %.u, T p'\YSIO'Ogy Hearing Rescarch

s

~ 161 full text neuroscience publications were acquired (pdf).
~ The pdfs were converted to plain text, and cleaned up.

~— The data set was merged and reshaped to a tab-delimited file.

~— A bipartite graph was created in static files

~— LDA (a=1, B=5, nwis=5) was run in using the GraphLab topic modeling toolkit

@, python g Q
Gra@hLab\. “
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A MOth&tlng Example TOPlC Modehng the Hard Way

. file://localhost/Users/khambert/hgWD/graphlab/Code/graphlab/toolkits/topic_modeling/http/index.html

WordCloud Visualizer
http://localhost: 8090 | Change Domain
NTopics NWords NDocs NTokens  Alpha Beta
5 1725 161 3798 1 5

labeled cells
expression neurons granule cell reduced significantly ganglion
application RGNS o increased dendrites cells Cells neurons receptors layer

cell fig pyramidal pr

~— Reasonably interesting, but follow-up experiments

would be helptul

~— So I need to re-write my software for the new use-

— pméably.

case”?




Overview of the Graph Analytics Pipeline

Parse Prepare graph data Data Validation  Guess LDA Settings

Parse and :
Create Article/ : Query/ Detect Clusters
Cxtract Word List Bulld Graph Visualize Data Using LDA

Tune and rerun
Correct Mistake Correct Schema Mistake

Correct Aggregation Mistake

Detect bias in dataset

Correct Dataset Mistake

bttp://imgs.xcked.com/comics/self description.png
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Graph Analytics Pipe

line

> What if there was a re-useable

framework for graph analytics?

b WEKA

The University
\ of Waikato

“~——> What components would we include?

Hall et al., 2009: Ambert e5 Coben, /2015, 2012, 2011]
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Data Extraction

~——> An important step for getting your data

into a format for scalable operations

- — .
f’ Relational
- | Database
T — —
—




Data Extraction

~— Python, et al.

“——> Data scientists tend to be scripting experts

“~—> Domain expertise leads to effective script

development

> Thisis not likely to change, and a self-

contained software pipeline should leverage
this.

— e.g., Python API for text-processing.

python




Data Extraction

~— Python, et al.
~— Apache Pig

ting
“embarrassingly parallel” tasks

— s A high-level language for e
—

Example: look for a regular expression in a set

Of messages

messages = LOAD 'messages’,;
warns = FILTER messages BY SO MATCHES '.*WARN+.*';
STORE warns INTO ‘warnings';

Table 1. Incomplete list of Pig Latin relational operators

Operator  Description > Good for processing semi-

FILTER Select a set of tuples from a relation based on a condition Structured da,ta, over Hadoop

FOREACH Iterate the tuples of a relation, generating a data transformation

GROUP Group the data in one or more relations g GOOd fOI’ ﬁltering and

JOIN Join two or more relations (Inner or outer join) merg‘ing data efﬁciently Y
LOAD Load data from the file system

ORDER Sort a relation based on one or more fields

SPLIT Partition a relation into two or more relations

STORE Store data in the file system

bttp://4vector.com/t/free-vector-pig-clip-art 119575 Pig clip _art bight.png
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Data Extraction

~— Python, et al.
~— Apache Pig
~— Sqoop

— TN

—_ ) Data transfer!

e

Relational
Database

~——

| sqoop import --connect <JDBC connection string> --

table <tablename> --username <username> --password
|

‘<password>

= E—— —

|

“~——> Incremental loading
“~—> Can be used to populate tables in HBase




Data Extraction

~— Python, et al.
~— Apache Pig
~— Sqoop

~— Flume

Channel

e

Agent

Specifically designed for moving large

amounts of log files

SOUI’CG consumes events from external source

Data is stored in one or more channels until 1t
1s consumed by the Flume sink, which puts it
in an external repository (e.g., HDFS)




~ To analyze with standard graph libraries, data must
be formatted in a way they understand

~— Encompasses pre-processing, additional formatting,
and partitioning

More than 108 vertices

1 08(}.../ have one neighbor.

O
Q -
= High-Degree
g 10°
“ Vertices
b 4
(]
g 10
=
S
Z 10°
AltaVista WebGraph
o | 1.4B Vertices, 6.6B Edges

10100 10
Degree ;




Building Graphs

0 0 e
0 4 LI “<wordid> <word>
1 2 3 0 present
1 1 5 1 study
2 2 3 2 investigated
2 3 7 3 anatomical
4 distribution
S cannabinoid-1
6 receptor
. 7 cbir
GraphBuilder 8 =
TP, N ————— 9 association
10 mu-opioid
Graph Traversal Graph Statistics . .
Graphical Machine Learning — Offloads domain expertise

Graph Analytics

~— Written 1n Java for

convenient integration with
Hadoop MapReduce and

applications

— Apache 2.0 OS code

available at:

www.01.org/graphbuilder



The GraphBuilder world view

/ Extract \

Graph formation from
data source(s)

<

XML

 Docs J

—

/ Transform \

Apply cleaning and
transformation

5 L .}.;E....;K.

Feature Extraction
and Tabulation

Graph Checks

Qnd Transformatiory
Y

/ Load

Prepare for graph
analytics

( N[

*o*o-»j: i::

Graph Normalization,

Partitioning, and

k Serialization /
J

!
App-Specific
Code

GraphBuilder

Library




Storing Graphs

— Why not use a relational database?

“—> Graph databases provide index-free

adjacency

“~—> every node knows what it’s connected with!

-
g
iy
g A .
- I ) v
e o
{w s »
- o =y
s bae!
s -

~— Useful for making sequence
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— FlockDB

~— Titan

ACID ¢5 eventual consistency

executing complex graph traversals

“~—> Can support thousands of concurrent users

Scalability!

St,
~ PQ@@
~ Bél
~ o . OA@DQI 5
~ ~ N Opl‘j w>
N OQS
~
~

~. cassandra
L

HBASE
ORACLE’

. BERKELEY DB
=» Supports property graphs

G=(‘7)E))")




Storing Graphs

name*:satum
age: 10000 name*:sky name*:sea
type:titan type:location type:location
reason:loves fresh breezes lives
father g :

%
8

lives reason:loves waves
name*:jupiter Y
age:5000 name*:neptu
type:god brother age:4500
type:god
name*:hercules /
‘demigod father

brother brother
) N

3

:;::;:alcmene name*:pluto
: age:4000 y
battled | battled type:human type:god
/ \
place:38.1,23.7) place:[39,22] pet lives
time:2 l

reason:no fear of death

v

place:(37.7,23.9] /
— +

gremlin> saturn = g.V('name’, 'saturn’').next() . .—p—lives—b
==>v[4]

gremlin> saturn.map() — - Y

name*:tartarus
type:location

me*:hydra name"* cerberus
==>name=saturn \e:monster type:monster
==>age=10000
==>type=titan
gremlin> saturn.in('father').in('father').name

==>hercules




HBASE

cassandra
BigTable (Google) DynamoDB (Amazon)
Hadoop Storm or Hadoop
Optimized for reads Optimized for writes
Optimized for reads, Excellent single-row reads,
range-based scans selecting rows based on
column-value index

Easily scales horizontally Rows larger than 10’s MB

are problematic

Pig integration Pig integration




Graph Analyses

tbm.com/developerworks/library/os-giraph/
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Graph Analysis Pipeline

Y

MEDLINE® Graph Edge Graph Graph Web
XML List Construction Query Visualization

python gremlin D3js

ApachePig  GraphBuilder [ETHaRNIE

HDFS HBase

Y

[=]
c
K
o
-

Y

tbm.com/developerworks/library/os-giraph/

————— —— = —  __————— — — == — = — -
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Graph Analy

Approach

Algorithm

Loopy Belief Propagation (LBP)
Label Propagation

Alternating Least Squares (ALS)
Conjugate Gradient Descent (CGD)
Connected Components

Latent Dirichlet Allocation (LDA)
Structure Attribute

QIS

KNN*

Logistic Regression*

Random Forest*

Generalized Linear Model (Binomial, Poisson)
Association Rule Mining

Frequent Pattern Mining*

sis Pipeline

Category
Structured Prediction
Structured Prediction
Collaborative Filtering
Collaborative Filtering
Graph Analytics

Topic Modeling
Clustering

Clustering
Clustering
Classification

Classification
Non-linear Curve Fitting
Data Mining

Data Mining

Applications/Use Cases
Personalized recs, image de-noising
Personalized recommendations
Recommenders

Recommenders

Network manipulation, image analysis

Document Clustering

Network analysis, consumer seg

Social network analysis
Recommenders

Fraud detection

Fraud detection, consumer seg
Forecasting, pricing, market mix models
Market basket analysis, recommenders

Pattern Recognition

tbim.com/developerworks/library/os-qiraph/
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