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Applications of Genome Sequence Analysis
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DNA Under Electron Microscope

human chromosome #12
from a Hela cell

SAFARI 3




Digital Format for Analysis

CCTCCTCAGTGCCACCCAGCCCACTGGCAGCTCCCA
AACAGGCTCTTATTAAAACACCCTGTTCCCTGCCCC
TTGGAGTGAGGTGTCAAGGACCTAAACTAAAAAAAA
AAAAAGAAAAAGAAAAGAAAAAGAATTTAAAATTTA
AGTAATTCTTTGAAAAAAACTAATTTCTAAGCTTCT
TCATGTCAAGGACCTAATGTGCTAAACAGCACTTTT
TTGACCATTATTTTGGATCTGAAAGAAATCAAGAAT
AAATGAAGGACTTGATACATTGGAAGAGGAGAGTCA
AGGACCTACAGAAAAAAAAAAAAAAGAAAAAGAAAA
GAAAAAGAATTTAAAATTTAAGTAATTCTTTGAAAA
AAACTAATTTCTAAGCTTCTTATGTCAAGGACCTAA
TGTCTGTGTTGCAGGTCTTCTTGCATCTTCCCTGTC



High-Throughput Sequencers
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High-Throughput Sequencers

Current sequencing technologies
cannot sequence very long DNA molecules end-to-end

Instead, they extract smaller fragments of the original DNA
sequence, known as reads
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Genomic Data is Growing at a Fast Pace

Important Role
in Many Fields

Significant Drop
‘ In Sequencing Cost

Fast growth in genomic data size
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Large Efforts in Handling Fast-Growing Genomic Data

Accelerate Store Genome Sequence Data
Genome Sequence Analysis in Highly-Compressed Formats
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Data Preparation Bottleneck

Accelerate

Genome Sequence Analysis

Store Genome Sequence Data
in Highly-Compressed Formats

oﬁ

SAFARI

Genomic data is

decompressed and formatted first

before an accelerator can operate on it



Effect of the Data Preparation Bottleneck
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Mitigating Data Preparation Bottleneck

We need to effectively mitigate the data preparation bottleneck
while meeting four key requirements:

O \ High performance @ High energy efficiency

High compression ratio ‘% Low overhead

==

N ¢
A K

Meeting all these requirements is challenging

Even more challenging in genome analysis systems used
in hardware resource-constrained environments
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An algorithm-architectur co-design for highly-compressed storage
and high-performance access of large-scale genomic sequence data

* Key insight: information encoded in genomic data follows specific properties
* We leverage these properties to co-design

- Alossless (de)compression algorithm

- Hardware for decompression with lightweight operations

- Storage data layout & Interface commands to access data

(’ ' " Higher performance @ Higher energy efficiency
(by 3.0x—32.1x) (by 13.0x—34.0x)

: g High compression ratio i\% Low overhead
12
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Genomics-Specific Compression

Read Set (A set of reads from a sample)

ATACGTAGAAAAAGT
TCGATGCTTGCATAA
AGCAAATGTACGATG
CATAAGTCGATAGTT
AAAAAGTCGATGCTT

Cg:;jgggg ATACGTAGAAAAAGTCGATGCTTGCATAAGTCGATAGTT.)

Mismatch
Information
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Genomics-Specific Compression

Consensus
Sequence

Mismatch
Information

SAFARI

Read Set (A set of reads from a sample)

ATACGTAGAAAAAGT

TCGATGCTTGCATAA
AGCAAATGTACGATG

CATAAGTCGATAGTT

AAAAAGTCGATGCTT

ATACGTAGAAAAAGTCGATGCTTGCATAAGTCGATAGTT..]
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Genomics-Specific Compression

Read Set (A set of reads from a sample)

ATACGTAGAAAAAGT
TCGATGCTTGCATAA
AQCRAATIGTRICGATG
[[]]| [CATAAGTCGATAGTT
[ARRRRGTJGATECTT

A 4
Cg:;jgrft’: ATACGTAGAAAAAGTCGATGCTTGCATAAGTCGATAGTT..

Mismatch Matching Pos. | Mismatch Pos. | Mismatch Char.. Mismatch Type

Information

] U

Compressed with General-Purpose Compression Techniques
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Genomics-Specific Compression

Genomics-specific compressors
attain higher compression ratio (e.g., typically from ~2 to ~40)

than general-purpose compressors (e.q., typically from ~2 to ~6)

SAFARI 17



Outline

SAFARI

Background

Motivation and Goal

SAGe

Evaluation

Conclusion




Effect of the Data Preparation Bottleneck

O Baseline Prep. OBaseline Analysis O Accelerated Analysis OlIdeal Prep.
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Data Preparation Bottleneck

* End-to-end performance of a genome analysis application, which includes
both data preparation and genome analysis

- Genome Analysis: GEM , a state-of-the-art hardware
accelerator for read mapping (a fundamental task in genome analysis)
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> )
o [
834 i
=< 3 [ =
© O i ~N
€32 ¢} i
o £ - i
A | i
0 | ol | ] | i | i | ] i 1
RS1 RS2 RS3 RS4 RS5 GMean
Read Set

Data preparation greatly limits end-to-end performance
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Challenges

* Mitigating the data preparation bottleneck is challenging when aiming to achieve
high performance, energy efficiency, , & low overhead

* Thisis because prior approaches rely on
* Expensive computational units

* Large buffers, or large DRAM bandwidth or capacity

* This challenge is exacerbated in genome analysis systems used in hardware
resource-constrained environments

Portable Systems Near-Data Processing Systems
(e.g., in Main Memory or Storage System)

o1
E 00«
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Our Goal

Effectively mitigate the data preparation bottleneck,
while meeting four key requirements:

0 \ High performance

@ Energy efficiency

N K
A KN

% Low overhead
\_ §=

SAFARI
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An algorithm-architecture co-design for highly-compressed storage
and high-performance access of large-scale genomic sequence data

* Key insight: information encoded in genomic data follows specific properties

We leverage these properties in our algorithm-architecture co-design

Genome
Analysis
System

Request Data with SAGe’s Interface Commancds

SAGe-Compressed
Genomic Data

SAFARI

in Desired Format

(>

H SAGe | Decompress
& Reformat
HW | & Ref
Send Receive
Prepared Data Compressed Data

Operate w/SAGe
Data Layout
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SAGe’s Algorithm Architecture Co-Design

Genome
Analysis
System

Request Data with SAGe’s Interface Commands

SAGe-Compressed
Genomic Data

SAFARI

in Desired Format

(>

H SAGe | Decompress
& Reformat
HW | & Ref
Send Receive
Prepared Data Compressed Data

Operate w/SAGe
Data Layout
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SAGe’s Algorithm Architecture Co-Design

SAGe-Compressed
Genomic Data

SAFARI 26



Compression Algorithm and Data Structures

Consensus
Sequence

Mismatch

Information &

SAFARI

ATACGTAGAAAAAGTCGATGCTTGCATAAGTCGATAGTT...

Matching Pos. | Mismatch Pos. | Mismatch Base Mismatch Type
7/ 1,0,9 |

10 1,1,0
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Compression Algorithm and Data Structures

Consensus

Sequence ATACGTAGAAAAAGTCGATGCTTGCATAAGTCGATAGTT..,

Matching Pos. | Mismatch Pos. | Mismatch Base Mismatch Type
7/ 1,0,9 |

Mismatch
Information

10 1,1,0

Sequentially Encode 1 0 9 1 1 0
Mismatch Information 0001 | 0000 | 1001 | 0001 | 0001 | 0000
in Lightweight Structures

Mismatch Pos. Array (1|0] 1001 |1(1]0]...

Tune the Bit Counts _ _
Based on Mismatch Pos. Guide Array |0

Read Set Properties
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Compression Algorithm and Data Structures

This is effective since the mismatch information in genomic datasets
tends to follow specific properties

and by using a limited set of bit widths tailored to these properties,
SAGe significantly reduces data size

Sequentially Encode 1 0 9 1 1 0
Mismatch Information 0001 | 0000 | 1001 | 0001 | 0001 | 0000
in Lightweight Structures

Mismatch Pos. Array (1|0] 1001 |1(1]0]...

Tune the Bit Counts , _
Based on Mismatch Pos. Guide Array |0

Read Set Properties

p

.0
*
.
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Example Properties of Mismatch Information

= 30

= - Most mismatch positions

C c 20 | < | .

£ o need only a few bits to store
2 5 -

= 2 B

52 |

S 0 ——

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
Needed #Bits

Based on the information encoded in histograms of
each read set,

SAGe systematically searches for
the best bit-counts for arrays and guide arrays

that minimize the total encoded size for that specific read set
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Example Properties of Mismatch Information

Observations regarding properties of
other parts of the mismatch information

are in the paper

Based on the information encoded in histograms of
each read set,

SAGe systematically searches for
the best bit-counts for arrays and guide arrays

that minimize the total encoded size for that specific read set
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Example Walkthrough of Decompression

Mismatch Pos.
array 1111010101100101010...
Mismatch Pos.
Guide Array [00111011000110...
Reaci;éfl Mismatch Count
(Fixed width)
Association
Table
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Example Walkthrough of Decompression

Mismatch Pos.
Array

1110/10101100101010...

Sequential Scan

Mismatch Pos.

Guide Array [001111011000110...
Read#l Mismatch Count Read#z\Mismatch Count
(Fixed width) (Fixed width)
Association Encoding of #Bits for

Table | Guide Array Entry Array Entry

10
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SAGe’s Algorithm Architecture Co-Design

SAFARI

SAGe
HW
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Hardware for Data Preparation

Array Config.
Parameters

Position
Arrays

Position

Guide Arrays_’

Consensus
Sequence
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Hardware for Data Preparation

SAGe’s hardware units
decompress and reformat data into the desired format
using lightweight operations and streaming accesses

SAFARI
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Case Studies of SAGe’s Hardware Integration

Due to its lightweight design, SAGe can seamlessly integrate with
genome analysis systems

Host System Host System
Genome Genome
: ._|SAGe
Analysis SAGe SSD Analysis HW SSD
ACC HW ACC
Host System
SSD
Genome . Ge
Analysis HW
ACC
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SAGe’s Algorithm Architecture Co-Design

Request Data with SAGe’s Interface Commands

Decompress
& Reformat '
Receive
Send Compressed Data
Prepared Data
in Desired Format Operate w/SAGe
Data Layout
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Evaluation Methodology Overview (I)

Performance, Energy, and Power Analysis

* Synthesized Verilog model for the hardware units Measure on a real system:
* MQSim [Tavakkol+, FAST’18] for SSD's internal operations ¢ AMD® EPYC® CPU with

 Ramulator [Kim+, CAL’15] for SSD’s internal DRAM 128 physical cores
* 1 TB DRAM

Datasets: Read sets (RS)
* From a variety of species (i.e., H. sapiens, T. cacao, M. acuminata malaccensis)

» Sequenced with different sequencing technologies (i.e., lllumina and Oxford
Nanopore Technologies)

of a genome analysis application, which includes
both data preparation and genome analysis

SAFARI
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Recall: Case Studies of SAGe’s Hardware Integration

Due to its lightweight design, SAGe can seamlessly integrate with

genome analysis systems

SAFARI

Host System
Genome
Analysis SAGe SSD
ACC HW
Host System
SSD

Genome g e
Analysis HW
ACC
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Evaluation Methodology Overview (ll)

Genome Analysis

* A state-of-the-art hardware accelerator (GEM

* A state-of-the-art NDP accelerator (GenStore

- Filters reads that do not require expensive computation in the SSD =»
Alleviates the burden of moving and analyzing a large amount of low-reuse data
from the rest of the system

), for read mapping
)

- Implemented in the resource-constrained environment of the SSD

SSD’s
Internal
DRAM

Channel#o =l Channel#N-1
| i
Flash Cntrl. SSD Flash Cntrl.
Controller
Genome Analysis ACC Genome Analysis ACC
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Evaluation Methodology Overview (ll)

Data Preparation

. Commonly-used general-purpose software ( )

. Genomics-specific software for short (Spring ) and
long reads (NanoSpring

. (N)Spring hardware-accelerated

. an idealized decompressor (with zero decompression time), but

inefficient for integration in resource-constrained environments
SAGe implemented as an standalone accelerator for data preparation
SAGe inside the SSD, for integration with the NDP analysis system

SSD

SSD’s Channel#o Channel#N-1
Internal | 1
DRAM Flash Cntrl. SSD Flash Cntrl.
Dou blle-Req. Controller Dou blle-Reg.
SAGe SAGe HW SAGe HW
FTL
Metadata Genome Analysis ACC Genome Analysis ACC
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Speedup

Wpigz O(N)Spr O(N)SprAcc B SAGe [OO0TimeDec [OSAGeg,,+NDP
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SAGe provides significant speedup over both
general-purpose and baselines

SAGe achieves the same speedup as 0TimeDec

By efficiently integrating SAGe¢s, with NDP
SAGec;,+NDP leads to large speedups
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Reduction in Energy Consumption

Normalized to (N)SprAcc (higher is better)

100 :
~ i c><>
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SAGe provides significant energy reduction over both
general-purpose and baselines
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Compression Ratio

Uncompressed ‘ Compression Ratio

Size (MB) pigz ’ (N)Spr SAGe

Read Set

2.9x better average compression ratio than general-purpose baseline

comparable compression ratio to genomics-specific baseline
(with a modest 4.6% average reduction)
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Area and Power

* Based on Synthesis of SAGe’s hardware units using the Synopsys
Design Compiler @ 22nm technology node

Logic unit ‘ # of instances Area [mm?] | Power [ mW]
Comparator 1 per channel 0.000045 0.014
Read Construction Unit 1 per channel 0.000017 0.023
Double Registers 1 per channel 0.00020 0.035
Control Unit 1 per channel 0.000029 0.025
[ Total for an 8-channel SSD - 0.002 0.77

SAGe’s hardware units consume small area and power

SAFARI




More In the Paper

* Observations on different parts of mismatch information
- Matching positions
- Mismatch bases and types
- Mismatch counts

* SAGe’s performance in software

* Sensitivity analysis with varying the number of SSD

* Impact of each of SAGe’s optimizations on compression ratio
* SAGe’s performance for quality scores

* SAGe’s resource requirements compared to other
(de)compression accelerators

* SAGe’s compression time
SAFARI 49
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Conclusion

Data preparation bottleneck
greatly limits end-to-end performance of genome analysis

An algorithm-architecture co-design for highly-compressed storage
and high-performance access of large-scale genomic sequence data

N4
AR High compression ratio

2.9x better than general-purpose baseline
and comparable to genomics-specific baseline
(with a modest 4.6% average reduction)

0‘ Improves performance

Improves the end-to-end performance of
two state-of-the-art genome analysis accelerators

by 3.0x-32.1x

% Low overhead
@ Area: 0.002 mm?

Power: 0.77 mW

@ Reduces energy consumption

Improves the end-to-end energy efficiency of
two state-of-the-art genome analysis accelerators

by 13.0x—34.0x

SAFARI



A Lightweight Algorithm-Architecture Co-Design
for Mitigating the Data Preparation Bottleneck
in Large-Scale Genome Sequence Analysis

Nika Mansouri Ghiasi
Talu Guloglu Harun Mustafa CanFirtina Konstantina Koliogeorgi
Konstantinos Kanellopoulos  HaiyuMao  Rakesh Nadig

Mohammad Sadrosadati  Jisung Park  Onur Mutlu

SAFARI

ETHzirich & Gissiikt [ rosTecs




Backup Slides

* Genomic Workflow « Summary
. e Background
* SAGe Compressmn e Motivation and Goal
e SAGe

* Properties of Mismatch Information

e Evaluation

* Tuning Arrays and Guide Arrays

» Hardware Details

» Data Preparation Performance

* End-to-End Performance
* Performance with Multiple SSDs

* Compression Ratio Details

* Effect of Different Optimizations

* Resource Requirements

* Compression Time
SAFARI 54




Genomic Workflow 7
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SAGe Compression High-Level Overview /ﬂ\

SAGe-Compressed
Host & Write Data Genomic Data

System with SAGe’s

Compress
o ﬂﬂtg fn:e?)‘aceh__’
with SAGe’s Command

Compression (§5.4)
Sch = 1 ‘ € Operate w/ SAGe
cheme (§3:1) Data Layout ($5.3)
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Properties of Mismatch Information (1)

Distribution of mismatch counts per short read

100

% of Reads
N S (o)) 00
o o o o

o

SAFARI
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#Mismatches per Read

4+

A
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Properties of Mismatch Information (Il) 4

Cumulative distribution of
(a) indel block lengths and
(b) #bases in indel blocks of different lengths

v 100 O—0—0" v 100
()] - g B
'880'//0/0—0—0—% % 80 |
—_— . m I
S 60 | gsoj
S 40 £ 40
— Y B
gzo— © 20
o L
S 0 — i 0 ———————+—
1234567 8 910 g 12345678 910
-
Indel Length v Indel Length
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Properties of Mismatch Information (lll) 4

Distribution of #bits needed to store the delta-encoded

matching position.

% of Matching
Positions

SAFARI
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Example of a chimeric read /ﬂ\

Chimeric reads: reads with sequences joined from
different regions of the genome due to sequencing/library
preparation errors, or structural variations

ACGTAGAAAAAGTAGT .. CGCTTTCAGACCTAG
Matching Position#1 Matching Position#2

Chimeric

Rons | GTAAAAGTATGAGA
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Tuning Arrays and Guide Arrays

Algorithm 1 Tuning Bit Counts

Input: Histogram of mismatch position bit counts H, where |H| < 32, and
a tuning convergence threshold ¢.
Output: List of bit counts W for encoding mismatch positions.

9:

10:
L1

12:

S W RE

b in < OO > Initialize min. encoding size
xo +— 0
: foralld € {1,...,8} do > Find optimal |W |.
ast — Crin > Best result from previous d values
for all (z1,...,24) € |H|%st. 20 < x1 < -+ < 24 do

¢ <— total length of encoded mismatch positions and guide arrays

s.t. positions with bit counts € (x;, x;+1] are encoded with x; 1 bits.

gmin =4

break
return W

if ¢ < ¢pin then

W (:Ul,...,md)
if (Dlast — fmin) /#min < € then

> Exit loop when £min converges, typically atd < 8

SAFARI
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Hardware for Data Preparation

-

@ Scan Unit (50U}
Arra
E““ﬂg Config. Registers || & ZITu A T gins far Scan
Parameters E El.uu:il:ll; E:;:- Lfﬂ-‘l‘.‘ . E
Guide Arrays Registers E B z =]
+ e
ros MMPCA Rogirer n [ Mismenct =| |E
Guide Arrays g NPCA é &
{]'-'[MPEA-& e = :%
MPGA) HIE
E E
Arrays Registers s||&
Position MMPA N E
Arrays - E
(MPA & MFA Register , E
MMPA) S %
& Read Construction Unit {RE‘U} ]1:';,““1 :'ﬂ;’ﬂ,‘,’f‘;hn, Mizmatch E
Consensus Tonsensus Seq. +
Sequence Register __[1] ii |--°I H It
Mismatch Array Register = Beads J
Base Type ﬁ" MBTA Register _..[ armat Encoder ||| [pecomprersed
Array [2-bit, T, ... T
(META) Eﬂﬂi
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Data Preparation Performance

Only data preparation throughput, normalized to pigz
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End-to-End Performance /ﬂ\

Speedup, with different SSDs

| mpigz m (N)Spr O (N)SprAC O0TimeDec mSAGeSW OSAGe OSAGeSSD O SAGeSSD+ISF |

12 6

PCle SSD ~ I I SATASSD U U

10 | o H 5 - 3

[ (fy E - :
g0 :
i 6 F 3
w 4 F 2

0 i et T, O § B - | |

RS1 RS2 RS3 RS4 RS5 GMean RS1 RS2 RS3 RS4 RS5 GMean
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Performance with Multiple SSDs /ﬂ\

100 ¢ "
. OSG 0OSG+ISF B B

Q — [ | pr—
=
3 _
8 10 E ] ] [ ]
= C
m :|—H |_H |_H

1 DL

#SSDS| 1x 2x 4x | 1x 2x 4x | 1x 2x 4x | 1x 2x 4x| 1x 2x 4x

Read Set RS1 RS2 RS3 RS4 RS5
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Compression Ratio

A

Table 2: Compression ratios for different read sets.

Uncomp. Compression Ratio
Read Set .
Label (Short, Long) Size (MB)|  pig7 [167] (Nano)Spring [48] SAGe

. DNA+Qual DNA  Qual. | DNA Qual. DNA  Qual
RS1 SRR870667 2 [342] (S) 10 000 3.39 2.23 24.8 2.80 22.8 2.80
RS2 ERR194146_1[343] (S) | 158000 | 1255 249 | 40.2 3.4 368 34
RS3 SRR2052419 1 [344] (S) 8 000 3.41 3.45 7.2 5.07 7.1 5.07
RS4  |PAO89685_sampled [345] (L) 24 000 3.93 1.79 4.8 2.19 4.5 2.19
RS5 ERR5455028 [346] (L) 176 800 3.5 1.57 7.6 1.82 7.8 1.82

SAFARI
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Effect of Different SAGe Optimizations

NO: no optimization on the raw mismatch information

Oa: matching position optimization added to NO

O2: mismatch positions and count optimizations added to O1

O3: mismatching base and type optimizations added to O2
Og4: corner case optimizations added to O3
1 [ —
09 [ i O Unmapped
= 08 [ O Rev
E 07 E O Read Length
T 06 : — B Contains N
g 0.5 - 1 m O Mismatch Bases
m 04 f o = E Mismatch Types
dJ 0 3 [ || H . . i
_VE’ 2 T B O Mismatch Pos.
gi [ = = B Mismatch Counts
. o k O Matching Pos.
Optimization|  INO|01]|02]|03|04 NO|01]/02]|03|04
o Short Read Set Long Read Set
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Resource Requirements
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Compression Time
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A Lightweight Algorithm-Architecture Co-Design
for Mitigating the Data Preparation Bottleneck
in Large-Scale Genome Sequence Analysis

When: Tuesday (Feb 3) @ 17:35 AEDT
Where: ICC Sydney, Coogee Room



Effect of the Data Preparation Bottleneck
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An algorithm-architectur co-design for highly-compressed storage
and high-performance access of large-scale genomic sequence data

* Key insight: information encoded in genomic data follows specific properties
* We leverage these properties to co-design

- Alossless (de)compression algorithm

- Hardware for decompression with lightweight operations

- Storage data layout & Interface commands to access data

Higher performance Higher energy efficienc
7\ g 9 gy Y

(by 3.0x—32.1x) (by 13.0x—34.0x)

: g High compression ratio i\% Low overhead
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