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Artificial
“Artificial is Made or
produced by human
beings rather than
occurrln? naturally,
especially as a copy

of something
natural

|ntel|igence

“Intelligence is the
ability

to think, reason,

and understand Instea

d of doing things

automatically or
by Instinct.
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A Proposal for the
Dartmouth Summer
Research Project on

Artificial Intelligence

August 31, 1955

John McCarthy, Marvin L. Minsky,
Nathaniel Rochester,
and Claude E. Shannon
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Google Trend (2012 ~ ¢ %l)
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Learning 24

Test Data

Cleansing/ Model
Transform Training/
ation Building

H|O[E
Ingestion

Model

HI0IE Deployment

Train Test Loop

Model Feedback
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Engineering vs. Data

CioFet HiA] /HIH | earning Algorithm
« Memory Based

*  Winnow
 Perception

-

.+ SVM &

/¢ It's not who has the best
algorithm that wins. It's who
has the most data. ,,

Andrew Ng

RO

Training Data Size (#2F)
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“We don’t have better
algorithms. We just have more
data.”

PETER NORVIG

Google Research Director

() PURESTORAGE



CojE] 283710l it HIo|[EH E31E S248

HI=2|x2|H[E

Data Set Size
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CHERFI0 & _
LHEFI0EY  cpuatezyt CHEE 10 Y GPUEE 37t AEE 0L

=0 O

<

> < > < > ¢ >
A X S
M

sequential or

HIo|E{ A SAE i

J10|E{ HHEY sequential candom random random
|o|E 24 write read & write read read
EIOIE] 93 /3 metad;ata is small

ol 1}0|§Z/11E| data is small to small to large small to large small to large

- large
ZENAEE 10 Bound CPU GPU CPU
EA| AFR depends on # of . . Depends on # of
DR2NA £ sources el A target
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=48, TA2] O+

’
m
T =
Low Data
I Transform Time Fast Data Clensmg I
Concurrency :
HIO|E| & A|A |§.$ HIOJE] 21 2{2] Al §7f|

Concurrency

CPUZ{2|A|H

A I of)d
+HES (0292 2| Hlo|E] =2 MM A|ZF =7}
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Ofz{ 10| 2CtA = H 2 (Stabili OiojE{ {2] 5= 2tE (Performance)

ATA / SCSI / NVMe Latency Comparison ATA / SCSI / NVMe IOPS Comparison
0.800 800,000

739,713

0.700 700,000

641,175

0.600 600,000
“» 0.500 500,000
£ =
z B SATA 55D N W SATA SSD
$ 0.400 7} 400,000 387,629
5 M SAS SSD o B SASSSD
w NVMe (flash) =) NVMe (flash)
Z 0.300 300,000

H NVMe (RAM) B NVMe (RAM)
197,430
0.200 200,000
0.100 100,000

0.000

T4-QD4 T8-QD8 T16-QD16 T32-QD32 T4-QD4 T8-QDS T16-QD16 T32-QD32
Threads & Outstanding 1/Os

Threads & Outstanding I/Os
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Input

Feature
—> —> Features ¥

Extractor

Traditional
ML
Algorithm

v

Output

Traditional Machine Leaming Flow

Input

Output

Deep Learning Flow

Ay
==

Caffe
(cuDNN)
14x

Caffe
(CPU)
1x

Baseline Caffe compared to Caffe
accelerated by cuDNN on K40
(CPU is 24 core E5-2697v2 @ 2.4GHz)

O PuresTORAGE
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Multi-Core CPU Thousands-Core GPU Millions—-Core GPU

LT L T T T T LT
CHE22F 4|O|E| M& U= st
mwmmmmmw

CHE% tilo]
2| A4

NVMe 7|8t AE2|R]
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BOTH A TRUCK AND A RACE CAR

CAPACITY, THROUGHPUT, CONCURRENCY, LATENCY,
SEQUENTIAL ACCESS RANDOM ACCESS
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FLASHBLADE

INDUSTRY’S FIRST FLASH PURPOSE-BUILT FOR MODERN DATA ANALYTICS

(T T
10PB

75GB/sec
7.5M/IOPS

Blades

0 aill &

LY )L FAST BIG SIMPLE

10’s of Thousands of Clients Evergreen

' I ' Elastic Performance Up to 75 GB/s L rl I : :
i ( ' , ‘ ) ' ) ' ) i Always-Fast, Sm IItopLarge Files 10’s of Billions of Objects & Files ~ NoManua | Tunin g
| s "

8 Petabytes with Single IP Just Add Blades for Performance
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=0 MZ=2

71 =7t

In-field performance validation
Activation

Iterative testing and improvement

20 © 2017 PURE STORAGE INC. & — electrek.co, tesla-autopilot-billion-miles-data-self-driving-program o PURESTORAGE’
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21

oI5t e &5 Q7

CAR Firmware Build

Hundreds of SW engineers
writing code

Individual modules must be
compiled together to form a full

image

Traditional Storage(NAS)
systems are challenged

© 2017 PURE STORAGE INC.

Average Runtime (min)

60

50

40

30

20

10

Concurrent Software Builds (Car Firmware)

-~Leading Vendor

™S

[Productivity killer: ]

Increasing wall clock times

10 20 30 40 50 60 70
# of Concurrent Builds

Wt T e
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FOAEL RS e NE S Y

O L

Concurrent Software Builds (Car Firmware)

60
~~Leading Vendor
= 50
é o7 Blade FB
(0]
£ 40
€ =15 Blade FB
3
or
o 30
% o] Scale to more
g 20 Build times 33% fu‘rther‘bmld time Hosts
< < 10min reduction with 15 Blades
N o
10 .

80GB/sec Read
SSGBlsec Write ° 0 10 20 30 40 50 60 70

# of Concurrent Builds
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THE COMING LO0D OF DATA IN AUTONOMOUS VERICLES

SONAR
RADAR ~1n- , GPS
00K\ e 50KR

CAMERAS ""'_/ L ¥ LIDAR
210w 54000 GBI, v

—— PERDAY...EACHDAY — -
“ v (intel' — ,'




Cr&et Ci|OJE], HIO]E| AFZZ (SILO)

INGEST Transform CLEAN Explorer Application

24 0200 pure stomacE G, O PureSTORAGE
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BUILDING A DATA PIPELINE IS CRITICAL

{¢Building and managing data pipelines is {(1f your boss asks you, tell them that |
typically one of the most costly pieces of said [to] build a unified data
a complete machine learning solution. warehouse. )
7)
Andrew Ng

Jeremy Hermann & Mike Del Balso
Uber Machine Learning Platform
https://eng.uber.com/michelangelo/

Former head of Baidu Al/Google Brain
Nuts and Bolts of Applying Deep Learning

LI — O PuresTORAGE



OLD WAY T Glo|Ejto| 2}l

12 Hours per Car 2.5 Hours per Car

O PuresTORAGE



TensorFlow—-Base Product E2Hi=

[ Integrated Frontend for Job Management, Monitoring, Debugging, Data/Model/Evaluation Visualization ]
[ Shared Configuration Framework and Job Orchestration ]
Tuner
{ Data } [ Data ] [ Data } [ Data } r Trainer ) [ Model Ev'aluevutian ] [Sewing } [ Logging }
Ingestion Analysis Transformation Validation : ) and Validation :
[ Shared Utilities for Garbage Collection, Data Access Controls ] :
=t CI[O]E] mjo| Z2fQl i
Xt

2125 - TFX: A TensorFlow-Based Production-Scale Machine Learning Platform

27 0201 pure stomaGEIC, O PureSTORAGE



GOl mo] =2}l Hres}

TENSORFLOW TRAINING BENCHMARK WITH RESNET-50

toload 8TB
into SSDs
3x Faster

Time to Training

TIME TO SOLUTIONS (HOURS)

to process

to process

10M images 10M images

NVIDIA DGX-1 + Local SSDs NVIDIA DGX-1 + Pure FlashBlade

28 0201 puRe stoRAGEIC, O PureSTORAGE



£

Make it real.

POSSIBLE BY 2021

Zenuity, a joint venture of Volvo
and Autoliv, chose NVIDIA DGX-1
.and Pure FlashBlade systems for
~their deep learning infrastructure.
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Tightly-Coupled OF7|Ell 34
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74 SHAICH 2F | Al =
EE, °—||'I O0-1o O'I HS
Value information-driven
1 Enterprise
Transformative
FB7|4t
Stabilized
big data ohlgal.yﬂﬂ
infrastructure Strategic
z21=
Y AS
Opportunistic
Experimental
Unaware Aware

- Time
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FLASHBLADE, HDFS 45 U QA gkl

Teragen (Write-throughput) Completion

= HDFS (lazy)

== FlashBlade
(NFS)

—— HDFS (fsync)

Completion Time (seconds)

74

100 150 200 250 300 350 400

Output Size (GB)
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-

i 10X FASTER

.+ INVESTMENT DECISIONS

80 =
75! —
70 ;i_ v —
65
5 progn =~ WI|TH PURE FLASHBLADE
ol = £
3500 —'— ]
g ol | o
0000, 2 = sl g ;
s o ] L a8 ([P Z. R SRR [ |
#708 TTTr e—— P
RN EEE o ‘
°o o |0 il e P 1 Pae b o A o= 3 l
L1t [ R ZEIe T quants want to test a model, get the results,
L T RS N L m D
S i ORI R IR and then test another one — all day long.”
o |1 e b 5 ! : ..,".. Pl

Gary Collier, co-CTO, Man AHL
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f;-\\ - §€ kafka — Spoﬁ(\z — HEHZE — % elastic — ‘
(@» 1T | kibana

RS 0QOOp = E — Sb"‘o”r{(\z — @

& Apache Zeppelin
Ml_-l sau: SOL Server
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EDA, HPCY|tdl 1145 A|ABI EHO

) S 4 MY A

L ERE
CHEEF | ESQ| 3 CHE = HighThroughputComputing
SA| M4 AR H P C
_ ighl erformance \..,omputing
=40 [ Chfet &
H igh ConcurrencyComputing
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-1 H -

https://www.researchgate.net/figure/278847153 figl Fig-6-a-Lustre-
37 000 ruRErORAGE M Architecture-b-GPFS-Architecture-c-Ceph-Architecture 0 PURESTORAGE®



e —

Disks and

Enclosures
@
) Storage ~ HBA/| 8| NAS | R Cluster .
é Controller m NIC | m|Servers | m NIC Network ICIlents
2
&

Performance falls with each
/ component added to the pipeline

>
Components in the Storage Pipeline

cT S — O PuresTORAGE



TIN5 HRY AER|Z| 3712 27 2 A

» The ability to scale out in a clustered architecture to cater for increased I/0 and
L]

capacity requirements.
L]

* The use of obiect storaﬁe technolu% which organises files as objects in a flat directory
rather than a traditional tree hierarchy. This boosts gerformance for very Iarge

collections of files because the storage system does not have to navigate a tree
structure to locate a file but instead consults an index, often held entirely in memory.

+ Use of parallel file systems across multiple nodes and in some cases driven by custom
N
siliconI which allows more raBid access fo Iarﬁe files than when using a single node,

which can become a bottleneck.

T ——". O PureSTORAGE



-4‘ R‘ NE TEAM - ‘ : J — u

DESIGNED WITH PureStorage
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[3.2x10°bp x 2 bit ]

* http://sandwalk.blogspot.kr/2011/03/how-big-is-human-genome.html
* https://www.technologyreview.com/s/427720/bases-to-bytes/

41 ommmestomeene O PuresTORAGE



C

g

AGCCCCTCAGGAGTCC
GGCCACATGGAAACTC

CTCATTCCGGAGGTCA
GTCAGATTTACCCTGG
CTCACCTTGGCGTCGC
GTCCGGCGGCAAACTA
AGAACAC

L

42 © 2017 PURE STORAGE INC.

Raw Data

800MB

@SEQ_ID
GATTTGGGGTTCAAAG
CAGTATCGATCAAA
+SEQ_ID(Optional)

12 ((((#22+)) %% %++) (
%% %%).1%*

300GB

r001 99 chr173017M
=3739
TTAGATAAAGGATACT
G [

r002 0 chrX 9 30
3S6M1P114M =00
AAAAGATAAGGATA
HininmeIBI NM:i:1

130GB

el 742t =4 HIO|EE A

= [FASTQ | — T — B:TYY —

SAM Tools

BCF Tools

570GB 10G
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* Workload characteristics of DNA Sequence Analysis : from storage system’s perspective ==0{|A] &

1 3s +HAHHI0IH Al2lsH 22

FASTQ-)VCFMH Total Data Size : 2f 1100GB

Table 3: NGS Analysis Pipeline Configuration Table 4: # of File Operation and Write/Delete File Size
NGS sequence mapping SNP Calling # of Files Created/Deleted/Opend | Write size (GByte) | Delete size (GByte)

Application bwa samtools beftools bwa aln 14/0/2979 91.0 0
Option aln sampe view | sort | index | flagstat | merge | index mpilenp view _bwa S?mp"’ ﬁZé n/: ;‘:’4'{2 ;igg 9;'0

Input fastq sal, fastq Sam .bam bam | .bam | bam | .merged .bam | .bef H:;“gz;lqmq:rr;c‘ - "2%/1}6 = 4 5

- - g . - . S s merge 9.

Ql‘ltpllt sai sam Jbam | bam.bai | Hagstat | .bam | bam.bai et . el samtools mpileup 52/0/108 934 0

Term bwa aln | bwa sampe samtools sort samtools merge samtools mpileup total B31/535/4756 10317 914

bwa aln bwa sampe samtools sort_samtools samtools mpileup
T T ] T T3 T —T

T 111 = T T
FiE H 1 1 | B
i 2 | B
5 | | i | n
H | r i
g ; B | N
i | | |
| H H 2is | it ]
i H ME | i =l
d. 1 1 | HE . piidi
40 50 80 90 100
Snapshot time (Hour)
(a) Read Bandwidth
samtools sort_samtools samtools mpileup
> 1 TITeTger T T T T T FET T
i B e il H ’ ]
1 il i
i E Pl ]
B Uk kRl 7
- i | H | i g
- i i3 ‘| ! siile B
= i : 3 O HEHE e
L L I . 1 : H | 10t 5 il
43 . 40 50 80 90 100
© 2017 PURE STORAGE INC. Snapshot time (Hour)

(b) Write Bandwidth



NGS CYet A 2E S=

PRIMARY
ANALYSIS

Create Base Pairs And

SECONDARY
ANALYSIS

Align Reads to Assemble Sequence, Map to

INFORMATICS

Interpretation, Discovery

Quality Scores

SMB/CIFS
100TB+
100GB - 200GB

Reference Genome and Variant Calling

NFS
10PB+
200GB - 500GB

and Reporting

NFS/Objects
100PB+
GB - TB

Medium Performance
Fast writes, Medium BW
Scratch

Single Server

FASTQ files

Very High Performance

High IOPS/Metadata, Low Latency, High
Aggregate BW

Scratch -) Enterprise
Large Server farms - 100K cores
BAM files, VCF files

Medium Performance
Med IOPs/BW
Enterprise, Hybrid/Cloud
Enterprise Servers
Word/PDF/proprietary

44
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4riselab

UC Berkeley

. 3X FASTER SPARK FOR
| GENOMICS

If\lour HDFS system, our cluster typically runs at 10-30% utilization of compute
capacity, but at 80-85% of storage capacity... trying to increase storage capacity
built out around HDFS would have been impractical.

We’ve been able to take some workloads that we couldn’t run on our existing
hardware, move them to FlashBlade and run them with no problem. While

that’s huge for our team, it’s even more important to the lives we might impact in
the future. 7/

Frank Austin Nothaft, UC Berkeley RISELab



The Alconics
Awards 2017

Best InnNnovation in Al Hardwoare
). WINNER _,
B a8

P !
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