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1. Introduction

Machine Learning for Big Data Analytics

Languages,
Tools & Software

DataCamp DATA

Scientist

Learn Data Science By Doing

solve a busines

W UNIVERSITY OF
SystemML.: Declarative Machine Learning on Spark PAGE 4 @ WATERLOO



https://www.datacamp.com/community/blog/data-scientist-vs-data-engineer
https://www.datacamp.com/community/blog/data-scientist-vs-data-engineer

1. Introduction

The problem, and the SystemML approach

Usual workflow i SystemML approach wpile s
nAIAmM[ AT

Data Systems

Scientist Programmer Sc?:rtwiist DML l
&_» R or > ‘ -> R or
Python SpQrK ;2" Python SpQrK
\ Results 4/ \ Results
gir Time consuming 9 Accelerates model development
giic Errorprone <9 Simplifies deployment
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1. Introduction

SystemML background

2010 2015 2017 2018

Creation Open-source Top Level Project Currentrelease 1.2

Spark Summitin Apache Software Deep learning functions

By researchers at
Foundation Board Ultra-sparse data

the IBM Almaden San Francisco
Research Center
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2. SystemML core features

Optimizer integration

+ Parsing

« Live variable
analysis

» Validation

Construct HOP DAGs

Static Rewrites HOP DAGs
HOPs Intra- Inter-Procedural Analysis
Dynamic Rewrites HOP DAGs

Compute Memory Estimates

Dynamic \
Recompile

Construct LOP DAGs (incl
operator selection, bop-lop rewrites .
LOPs \
Generate Runtime Program

incl piggvbacking

‘ o \\

U = rand(nrow(X), r, min = -1.0, max = 1.0);
V = rand(r, ncol(X), min = -1.0, max = 1.0);

while(i < mi) {
L1 4+ 111 =11}
if (s U)
b= (W* (UXXV -
else
b= t(U) ¥*X (W * (U X*XA V - X)) + lambda * V]
horm_G2 = sum(G * 2); norm_RZ2 = norm_
L= -G: S = R:
while(norm_R2 > 10E-9 * norm G2 & ii <= mii) {
if (is U) {

X)) %*% t(V) + lambda * U]

- / +
alpha = norm_R2 / sum (S * HS);

=+ algha - 2.
} else {

alpha = norm_R2 / sum (S * HS);

=V s+ aloha * S:

R =R - alpha * HS;

old_norm_R2 = norm_R2; norm_R2 = sum(R ~ 2)
S =R + (norm_R2 / old_norm_R2) * S;
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Source: Spark Summit. Inside Apache SystemML
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2. SystemML core features

Optimizer integration
t(U) %*% (W * (U %*% S))

\J
Parsing (svmactic analvsis)

* Construct HOPs

Language Live Variable Analysis

Validate (semantic analysis ® Propagate statistics
| » Determine distributed operations
| 800MB

Construct LOP DAGs (inc! Re

operator selection, hop-lop rewrites

LOPs
Generate Runtime Program

incl plggybacking

. v

1.2GB

8OOMB U BOOMBS W Sparse

dense dense

Source: Spark Summit. Inside Apache SystemML
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2. SystemML core features

Optimizer integration

t(U) %*% (W * (U %*% S)
Parsing (syntactic analysis)

o T T I Convert HOPs to Low-Level
T T Operations (LOPs)

Construct HOP DAGs

Static Rewrites HOP DAGs

HOPs Intra- Inter-Procedural Analysis
’
Dynamic Rewrites HOP DAGs .
= — Single-Node
ompute Memory Estimates ®
WDivMM

Source: Spark Summit. Inside Apache SystemML
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2. SystemML core features

Runtime integration

Distributed Matrix Representation Buffer Pool Integration
hash partitioned: e.g., hash(3,2) 2 99,994 % 2 =0 2
(1,1) || (1,2) [|(1,3) 2 N\ l}DDOb_]est .
(3,2) (2,3) (2,1) (1,2) (4,2) (4,1) Lazy JavaPairRDD:; MatrixObject
S Us WriteBuffer #refs=0: checkpoint
e || @2 |3 D S S D -7 (shared per JVM) List (:fLig(-;z{e,(-()l>j(~(-l‘::>
, ' ’ partition 0 acquireRead o Matrix~
- < ireModif Object DID (RDDObject [Broadcast()bjectj
« acquireiniodily e ! r RPN S
3.1) || 3.2) |3.3) (2,2) (1,1) (1,3) (3.3) (3.1) (43) 1 - Lt MdrixBlock i Hrefs=1 ek
- ' ? UsS release - Meta .
D Us | | Us S S Data * [~ RDDObject
exportData e ) o—+—— BroadcastObject R‘I).I,)().b']?(’t
(4,1) || (4,2) ||(4,3) L partition 1) HDFS; #refs=1
(a) Logical (b) Physical Partitioning (a) MatrixObject / WriteBuffer  (b) Lineage Tracking
Figure 2: Distributed Matrix Representation. Figure 3: Buffer Pool Integration.
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2. SystemML core features

Runtime integration

e Adapt the runtime planto changing or
initially unknown data characteristics

+ Dynamic recompilation

Partitionine Operations e Partitioning-Preserving Operations
& “P e Partitioning-Exploiting Operations

e |azySpark-Context Creation

e Short-Circuit Read

e Short-Circuit Collect

Specific Runtime
Optimizations

_|_
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3. Experiments

End-to-End Performance
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Figure 4: End-to-End Performance of Different Algorithms with Different Execution Modes.
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3. Experiments

Runtime per lteration
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Figure 5: Runtime per Iteration of LinregCG and L2SVM with Different Execution Modes.
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4. Conclusions

Takeaways and paper contributions

v/ Importance of DML as a high-level language to improve
interoperability and scalability of Machine Learning models on Spark

v/ Multiple layers of abstraction and optimizations make SystemML a

powerful tool for accelerating the development of Machine Learning
models over Big Data

v/ Experimental evaluation on multiple ML models and datasets
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Thanks for your attention
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Discussion 6
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5. Discussion

Research

1. Optimizer. How to optimize ML models over data streams?
Runtime. In dynamic recompilation, what could be unknown data
characteristics?

3. Experiments. How SystemML might perform for the KNN algorithm?

Industry

5. Current capabilities compared to other tools such as Numpy, Scikit
Learn, or TensorFlow?

6. Adoptionin the current ML and Big Data user base?

7. SystemML in Cloud computing infrastructure. Beyond IBM?

W UNIVERSITY OF
SystemML: Declarative Machine Learning on Spark PAGE 20 @ WATERLOO



