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DNA Sequencing
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Cleveland Clinic. “DNA, Genes, and Chromosomes”, 2022.
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Cost per Human Genome
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Exploding Applications
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DNA sequencing by synthesis Single molecule DNA sequencing

Polymerase-based DNA sequencing

Sanger DNA sequencing Massively parallel DNA sequencing Nanopore DNA sequencing
Sequence 500 - 700 DNA bases per reaction Sequence 100 - 5,000 DNA bases per reaction Sequence 10 thousand to 4 million DNA bases per pore
16 reactions per gel 10 thousand to 10 billion reactions per slide 40,000 - 250,000 pores per device
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Sequence 10,000 DNA bases per gel Sequence 2 trillion DNA bases per slide Sequence upwards of 200 billion DNA bases per device

Credit: DNA Sequencing (genome.gov)



https://www.genome.gov/genetics-glossary/DNA-Sequencing

DNA Sequencing: Long reads are the future

Chromosome: 50 to 300 Million bases
CAGAGCTATCTAGCGACTATTATATCGTATATAGCCTATTATATCGTATATAGCTTATATCGTATATAGC

—
n

~—lllumina NovaSeq

Short Reads: 100 - 1,000 bases TAATATCG = 6000, 2021

* inexpensive ®

« currently dominate the market I |U mina 3 Tbhases/per day
* 99.9% accurate * pm—

$10-35 per Gb

Long Reads: 1,000 - 1,000,000 bases AGCCTATTATATCGTATATAGCTTATATCGTATAT
* more expensive
Oxford

* niche industry applications NANOPORE

e 90% ->99.9% accurate Technologies

400 bases/sec
per flow-cell

Pa C B i . $30-90 per Gigabase



Oxford Nanopore Sequencers
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Precision Health Platform

Electronic
Health
Records

Genome

Epigenome
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Data Sources
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Computing System Design Considerations

Electronic i
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Homomorphic encryption, Intel SGX
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CS Challenges and opportunities

—_—  _-— -
Reference Genome ACCCCCAAAAGGTTTTT CACACCAAGATGACAGCCAA GACAGCGGCATGACAGCGGCGTTTTA
e [IT I oo ) o0

AAAAAA Type /, |
promemmee e oo

Abundant data parallelism =

Irregular memory accesses; Memory bandwidth bound

Diverse constantly evolving kernels

Credits: Created from BioRender.com



Highlights: Custom computing solutions for genomics

................

| Sillax ASIC

fabricated
====== ! (55nm)
wenory |
i
| Pruning
Scan” machines j paerMM ASIC
(40nm)

“Scan” machines

ccccccccccccc

Xilinx
UltraScale+
FPGA

e Confidential Computing

Whole Genome Sequencing
(WGS)

Pathogen detection

Intra-operative cancer
diagnosis

Privacy

using trusted hardware
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Nanopore Sequencing
Lab at UM EECS

Biosafety Level -2 Certification for tissue and RNA work

Standard molecular biology equipment
Small -20C freezer
Enables tight coupling of informatics with nanopore sequencer






Acceleration Study: Whole Genome Sequencing

Reference genome

Reference genome
ATCGTQUAGTTT

CGTGAAG

AGTTT
ATCGT

CGT GT
Aligned reads

Variant Calling Diagnosis

13.9 hr (445 CPU hrs)

— i
AN \‘\mixm T E
* ‘ \ ATCGTGCAGT r—
T —— GTGCATCTAC 5
D CAGTACATCG ! - Read
ATCGTGCTAC 1
\ :
Human Genome Sequenced reads Read Alignment
6 G bases (~billions) i
Time (hr) ,O IS 1,10 i15
Baseline I S S R
m352.8\;<CITDrS: m Seeding == Sorting / Mark Duplicates

m= Seed Extension ™ pairHMM

B Other 17



Seeding: Memory Bandwidth Bottieneck

Reference % 7 FM-index — widely used seeding data structure
/\)\ /‘4\,( /,Seeds
/ \(/\

00 64 32 21.3 16 12.8
«— Data Fetched (KB / Read)

/7 /\ \ *77***‘1 .
red REEE PR FM-index
et 4.2 GB
: MESSEEE | Memory-
Seeding * bandwidth human
bottleneck
12
m A CPU FMD-index (BWA-MEM) [IData fetched (KB/Read)
~ A CPU FMD-index (BWA-MEM?2)
5 10 | ® !deal BWA-MEM?2 accelerator -=-|ndex Size (GB)
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Seeding: ERT [ISCA’21)

— —Data fetched (KB/Read) _1 H 1
Reference % e FM-index — widely used seeding data structure
\ NS 120 - - 120
A/ seeds B 100 - L 100
A o ™
, \(/ \\ B 80 41 - 80 0] i
s > ] | - “«— <«— «— .
——ti = o 60 g Lk PR i FM-index
Read ki 40 - 40 -
Seedi S 20 - L 20 § Memory- : o 4.2 GB
E a0 e & bottleneck
S ottlenec
_ | Enumerated
Read ‘X. ‘X|+1
| | ;
Reference Genome ACCCCCAAAAGGTTTTT CACACCAAGATGACAGCCAA GACAGCGGCATGACAGCGGCGTTTTA Pivot 0 Forward )
1 s 4 o y\\ .o ;\\ o — v
R — e T @ roerntial — o ERT
i :__c’_‘f"_cf _______ ‘@m/""/ ", \\\'\’a‘h“m"’e“m“ € Alternate backward and forward search Lower e ~60 GB
e sackuars e bandwidth human
oo Index tabl T
e 13 &:n:ie:) . Foward | smem 2
,—‘I—\ :—:—u—l‘—\ Backward — Skipbaclfward
Rea d AACACAAACACACCTGACAGCGGACTACACAGGGTTT - - d P extensions T d ff t
orward rades-off memory capacity
. . _ o _ for memory bandwidth
Bandwidth-efficient data structure Bandwidth-efficient search algorithm
2 3% over BWA-MEM2 Open-source: https://github.com/bwa-memz2/bwa-mem?2/tree/ert

with SeedEx



https://github.com/bwa-mem2/bwa-mem2/tree/ert

ERT software integration with
Broad Institute / Intel’s BWA-MEM 2

& bwa-mem2 / bwa-mem2 ®Unwatch ~ 39 ¥ Unstar 386 % Fork 47

<> Code Issues 12 1) Pull requests 1 (¥) Actions (1) Security |~ Insights

¥ master ~ ¥ 5branches © 4 tags Go to file Add file ~ About

The next version of bwa-mem

yuk12 added info about ert solution in readme 25e3ccd 8 daysago O 219 commits
bioinformatics genomics

bwa-mem2 seeding speedup with Enumerated Radix Trees (Code in ert
branch)

The ert branch of bwa-mem?2 repository contains codebase of enuerated radix tree based acceleration of bwa-
mem2. The ert code is built on the top of bwa-mem2 (thanks to the hard work by @arun-sub). The following are the
highlights of the ert based bwa-mem?2 tool:

. Exact same output as bwa-mem(2)

. The tool has two additional flags to enable the use of ert solution (for index creation and mapping), else it runs
in vanilla bwa-mem2 mode

. It uses 1 additional flag to create ert index (different from bwa-mem2 index) and 1 additional flag for using that

N =

w

ert index (please see the readme of ert branch)

4, The ert solution is 10% - 30% faster (tested on above machine configuration) in comparison to vanilla bwa-
mem2 -- users are adviced to use option -K 1000000 to see the speedups

o

. The memory foot print of the ert index is ~60GB

. The code is present in ert branch: https://github.com/bwa-mem2/bwa-mem?2/tree/ert

o

BWA-MEM is the gold standard read aligner used worldwide

20



Read Alignment: SeedEx [MICRO’20]

Full-band implementation Query sing Query strng
i
Query String Query string g R g et
2 Narrow @ PE array 7 PE array Edit machi
o Wid £ PE array Calculate theoretical 8 g aachine
c iae & o ti ma I it g upper-bound score 5 g /
% PE array p y 5 outside the band. 2 2 4
2 x o /
8 2 Threshold scores // ~
c (a ;
o « - Low utilization , p
2|\ B (ici : MaxE /Edit
&) \ \- Area ingfficient / Narrow band score score / score
o \ N\
N @ O
b
Eliminate paths entering Eliminate paths entering
from the top boundary. from the left boundary.

Banded implementation .
P ﬁ Speculatively compute with ~ SeedEx check algorithm

Query string a narrow band PE array Uses admissive heuristics. If optimality cannot
Narrow be guaranteed, fall back to CPU/full-band
+ Area .
PE array machine

Efficiency

Reference string

100% equivalent results on AWS cloud FPGA
Accuracy when integrated with BWA-MEM software

- Miss Optimal path

6 higher throughput over banded Smith-
Waterman FPGA (w = 101) for same area



Variant Calling: pairHMM Acceleration

[VLSI Circuits’20]

On-demand Job Schedﬂer
Reduce idle machines due to work load imbalancef
Only need to Haplotype between pruning machine & precise machine
compute this _interJob o~
accurately A T G C A T T T T T Parallelis -
Pruning Machine (Approximate Calculation) | Output
A o
—-| | .| upperbound “Refinement”

Read Redfile |+ !

T Approximate Ung;:.::ed

b= G PEs in Parallel P 3 = -
I~ —IHaplotype Regfile|~ Scan” machines
C Intra Job L
Parallelism
A [interdob o~
N . Parallelismy
Result = sum of last row D](‘)mlnatetd by this Precise Machine (Floating Point) P i| “Scan” machines
algnmen !
. - i Qutput

. Squares need to be Squares processed —°| Read Regfile |" " lower bound

processed by floating by pruning - Floating Point P
point machine machine —.lHapIotype Regfllel-o PE
_'l Unpruned Cells I—-

Pruning pairHMM

i i Accelerator Architecture
Pruning Algorithm ASIC (40nm)

Bit equivalent A3x  fewer cells computed in precise floating point
output 8.3x higher throughput (GCUPS) than floating-point ASIC of the same area
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Summary:
Accelerating Short-Read WGS

B aWws
Baseline 1 | | 13.9 hr
m5.8xlarge
32 vCPUs
4
FPGA system v 2.5 hr '
f1.4xlarge
+ 16 vCPUs Xilinx
UltraScale+
FPGA
ASIC system o 1.9hr
ERT integrated with
= Seeding == Sorting / Mark Duplicates

m= Seed Extension ™ pairHMM

Heng Li's
™ Other BWA-MEMZ2 open-source

23
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@BioSys Workshop'24

mm2-gb: GPU Accelerated Minimap?2
for Long Read DNA Mapping

Juechu Dong*', Xueshen Liu*!, Harisankar Sadasivan?, Sriranjani
Sitaraman?, Satish Narayanasamy’

1. University of Michigan 2. AMD Inc.

+*Both authors contributed equally to this research.




U
Long Read Mapping is slow

Reference Genome

‘. TCAAACA CCATATTA /
NN AT AT TN ET N, oo GGTGAAAGAGGCCATATTAGCTAGGCTGAATTTTTGCTCA reeveeeeeerrnnes
AACA CCATATTACCTA
TTAGCTAGCGCTCGAATTTTT TAGGCTGAATTTTTGCTCA
CATATTAGCTA CTGAATT

% \% ATATTAGCTAGGCTGAATTT e AAAC AL CEATATTA
‘ CATATTAGCTAGGCTGAATT TTACCTAGGCTCAATTTTT
N (B e ATATTAGCTAGGCTGAATTT
DNA Sequences
/ reads
BWA-MEM <1kb
— Minimap2 1kb-100kb
lllumina: 150F :
PacBio: 15-
20kb

Oxford Nanopore 10-
100kb —

Sequencer

Aligner / Mapper
MICHIGAN ENGINEERING 25

AI I D l UNIVERSITY OF MICHIGAN

[llustrations: ClevalLab, Youtube *https://www.youtube.com/watch?v=WKAUtJQ69n8




U
Long Read Mapping is slow

Reference Genome

‘. TCGAAACA CCATATTA /
§ AACA CCATATTACCTACCG  rroemmeemeeemw GGTGAAAGAGGCCATATTAGCTAGGCTGAATTTTTGCTCA roormeeereneees
AACA CCATATTACCTA
TTAGCTAGGCTGAATTTTT TAGGCTGAATTTTTGCTCA
% ATATTAGCTAGGCTGAATTT A A cE:RH‘: CTAGGCTGAATT
‘ CATATTAGCTAGGCTGAATT TTAGCTACCCTOAATTTTT
N TAGCCTCAATTTTTGCTCA ATATTAGCTAGGCTGAATTT
DNA Sequences
/ reads
B: -| Challenging to map: EWAMEM! <1Kb
e Irregular, noisy, long Reads. Minimap2 1kb-100kb
lllumina: 150E '
PacBio: 15-
20kb
Oxford Nanopore 10- SOA runs on CPU,
] .
100kb Sequencer Aligner / Mapper  Slow.

MICHIGAN ENGINEERING 26

AI I D l UNIVERSITY OF MICHIGAN

[llustrations: Clevalab, Youtube *https://www.youtube.com/watch?v=WKAUtJQ69n8




Accelerating minimap2 on GPU

__________________________________________________________________

Build / Load [ Segment Auto-Load
Ref Index . \_ Cutting Balancmg

l SENG Ranges (SESIZI Optimal [ Back- _ o i
S [ kg | Y e

‘ Chaining L !
Bases

Mapplng Mapplng
Load Query Output Output
/ Sequence / . performed on GPU (.paf) (.sam)

AMD ¢t

MICHIGAN ENGINEERING -7

UNIVERSITY OF MICHIGAN




mm2-gb offers 5.33x faster chaining No accuracy loss

Open sourced

160 Throughput [G scores/s] Speedup over mm2-fast 6
140 - GPU Full Utilization (Sol) 5
56 ' CPU AVX512 (mm2-fast)

A GPU (before optimization) 4
100 ) B GPU (mm2-gb)

Speedup (Mm2-gb/mm?2-fast)

80" 3
60
2
. I l
1
20"
0 -0

1kto10k 10kto20k 40kto50k 90kto100k 100kto300k

Read Length AM Da MICHIGAN ENGINEERING s

UNIVERSITY OF MICHIGAN




Real-Time
Pathogen
Detection

Dunn et al. MICRO 2021

ACM/IEEE MICRO
Top Picks Award Honorable Mention

Artifact badges



Viral Pandemics & Rise of Superbugs

Ehe New Hork Times AMR in 2050

DEADLY GERMS, LOST CURES Tetanus

A Mysterious Infection, Spanning
the Globe in a Climate of Secrecy

Road traffic

The rise of Candida auris embodies a serious and growing a((lde‘ms 53 f:n m
public health threat: drug-resistant germs. AMRnow
Coronavirus Cases:
P T 2050, ill reas!
Deaths: ¥ shanuss - o
561,225 %) L1 I0Million
I} People a Year

Diarrhoeal
disease Diabetes

1.4 million 1.5 million

% Superbugs will kill more

Coronaviruses than cancer by 2050
SARS, MERS and 2019-nCoV 2019 UN report: “No Time To Wait”

VO
O



https://www.who.int/docs/default-source/documents/no-time-to-wait-securing-the-future-from-drug-resistant-infections-en.pdf?sfvrsn=5b424d7_6

It Took Months For Mass COVID Testing Capabilities

Daily US COVID Tests

Custom primers time-consuming to

* Design
* Verify g

e Manufacture
e Distribute

Initial Primers Released
Final Pnimers Released

1 million -

1)}

3

&
o
O
Py

‘&Y-
Ah@%
I
noon

l I 100,000 W

T T
+ Jan 1 2020 Mar 24 July 15 Jan 1 2021
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How can we be ready for the next pandemic?

Portable Virus Detector

* Digitally programmable using the target virus’s genome

when novel pathogen is digitally distribute
identified pathogen’s genome

distribute detectors

32



MinlON: Portable Nanopore Sequencer

e Recent-to-market
e Portable

* Fast (real-time)
* 512 sequencing channels
* 450 bases per second, each

* Relatively Low Cost
* Long Reads

33

[3] Jain et al. “Improved data analysis for the MinlON nanopore sequencer”. Nature Methods, 2015.



Portable Virus Detection

—

>3 = *ATTAAAGTT
j - ACGTT *ATTAACGTT
\ ATTA
nasal swab isolate DNA sequence compare to identify the
reference variant

[4] Tyson et al. “Improvements to the ARTIC multiplex PCR method for SARS-CoV-2 genome sequencing using nanopore”. bioRxiv, 2020. 34


https://www.google.com/url?sa=i&url=https%3A%2F%2Fpgc.up.edu.ph%2Findex.php%2Fservices%2Fdna-extraction%2F&psig=AOvVaw2ldShjXH9TRmZW6vdYstRw&ust=1611098250168000&source=images&cd=vfe&ved=0CAIQjRxqFwoTCKCSmJG6p-4CFQAAAAAdAAAAABAK

Problem: >99% of a sample is non-viral DNA

[5] Greninger et al. “Rapid metagenomic identification of viral pathogens in clinical samples by real-time nanopore sequencing analysis”.
Genome Medicine, 2015. 35



Problem: >99% of a sample is non-viral DNA

* PCR amplification bog

b 2, b, 2y L N S S Y Q,@é
o1 % EE 0 1 ‘2,5 8 N ‘o, 5 § o
A AT TR T B

[5] Greninger et al. “Rapid metagenomic identification of viral pathogens in clinical samples by real-time nanopore sequencing analysis”.
Genome Medicine, 2015. 36



Problem: >99% of a sample is non-viral DNA

* PCR amplification boq

w2 w2 N
VU T e e ‘e, § § rox
%425»;;"& wjf»@:m v@%vm é@@“’ %ﬁfwﬂwﬁ

* Sequencing

ACTTGGAC
A%V CAGCGGC
D@q TTAGCACCA
A%V DDA CACAATTGG
§ \V@A AGCCCGATAA
AACGTT

%ﬁ%ﬂ AATCGCA

GGAGAAACT

[5] Greninger et al. “Rapid metagenomic identification of viral pathogens in clinical samples by real-time nanopore sequencing analysis”.
Genome Medicine, 2015. 37



Solution: Read Until - skip sequencing non-viral reads

If not viral DNA,
skip sequencing

!
PO EMY

sequence potential sequencing and compute savings

[6] Payne et al. “Nanopore adaptive sequencing for mixed samples, whole exome capture, and targeted panels”. Nature Biotechnology, 2020. 38



Challenge: Requires low latency computing

decision latency actual savings

A A
[ L1 1

pEP@EREEE@@RE@@

| )
|

sequence potential sequencing and compute savings
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Challenge: Requires high throughput computing

>000000000DO
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2000000000R0 i
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200000000000
2OC000TDOPO
200000000
2000000 DOR0
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)OG000TDOPO
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40



Challenge: Portability

4  Problem: No compute capability

Goal: Efficient data analysis for portable detection

41



Read Until pipeline

decision

99% filtered

sequencer basecaller aligner

ACTGCATTG

1% virus

target virus
genome

[6] Payne et al. “Nanopore adaptive sequencing for mixed samples, whole exome capture, and targeted panels”. Nature Biotechnology, 2020.



Read Until pipeline

decision

99% filtered

sequencer basecaller aligner

ACTGCATTG

1% virus

target virus
genome

[6] Payne et al. “Nanopore adaptive sequencing for mixed samples, whole exome capture, and targeted panels”. Nature Biotechnology, 2020.



Read Until pipeline

decision

99% filtered

sequencer basecaller aligner

ACTGCATTG

1% virus

target virus
genome

[6] Payne et al. “Nanopore adaptive sequencing for mixed samples, whole exome capture, and targeted panels”. Nature Biotechnology, 2020.



Read Until pipeline

decision

99% filtered

sequencer basecaller aligner

ACTGCATTG

1% virus

target virus
genome

[6] Payne et al. “Nanopore adaptive sequencing for mixed samples, whole exome capture, and targeted panels”. Nature Biotechnology, 2020.



Read Until pipeline

decision

99% filtered

sequencer basecaller aligner

ACTGCATTG

1% virus

target virus
genome

[6] Payne et al. “Nanopore adaptive sequencing for mixed samples, whole exome capture, and targeted panels”. Nature Biotechnology, 2020.
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Read Until pipeline

decision

99% filtered

sequencer basecaller aligner

ACTGCATTG

1% virus

target virus
genome

[6] Payne et al. “Nanopore adaptive sequencing for mixed samples, whole exome capture, and targeted panels”. Nature Biotechnology, 2020.
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Read Until pipeline

decision

99% filtered

aligner

ACTGCATTG

sequencer basecaller

3e

1% virus

A
| ey
DNA squiggles bases

target virus
genome

[6] Payne et al. “Nanopore adaptive sequencing for mixed samples, whole exome capture, and targeted panels”. Nature Biotechnology, 2020.
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Read Until pipeline

decision

99% filtered

aligner

ACTGCATTG

sequencer basecaller

3e

1% virus

A
| ey
DNA squiggles bases

target virus
genome

[6] Payne et al. “Nanopore adaptive sequencing for mixed samples, whole exome capture, and targeted panels”. Nature Biotechnology, 2020.
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Read Until pipeline

decision

99% filtered

aligner

ACTGCATTG

sequencer basecaller

3e

1% virus

A
| ey
DNA squiggles bases

target virus
genome

[6] Payne et al. “Nanopore adaptive sequencing for mixed samples, whole exome capture, and targeted panels”. Nature Biotechnology, 2020.
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Read Until pipeline

decision

99% filtered

aligner

ACTGCATTG

sequencer basecaller

3e

1% virus

A
| ey
DNA squiggles bases

target virus
genome

[6] Payne et al. “Nanopore adaptive sequencing for mixed samples, whole exome capture, and targeted panels”. Nature Biotechnology, 2020.
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Problem: Basecalling is compute-intensive

1% Virus 0.1% Virus

4

B Basecalling (87.72%) Bl Basecalling (95.95%)
Alignment (2.75%) Alignment (3.01%)
e Variant Calling (9.53%) B Variant Calling (1.04%)

Dunn et al. “SquiggleFilter: an accelerator for portable virus detection”. MICRO, 2021.



ldea: Skip basecalling, align squiggles

decision

sequencer

DNA squiggles

[7] Loose et al. “Real-time selective sequencing using nanopore technology”. Nature Methods, 2016.

99% filtered

1% virus

target virus
genome
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Contribution: Accelerated squiggle-level non-viral filter

decision

99% filtered

SquiggleFilter

—
)
O
c
)
35
oy
)
2]

% virus

1

O
Q
)
(1)
| -
L
Q
®)
(&)
4]
Q
| -
)
=
O
| -
O
I

Dynamic Time

Warping (DTW)

target virus

genome
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Filtering: Alignment Cost Threshold

Read Count

F

100 A

50 A

1000 Samples

0

|
=== threshold
I |ambda
human

5000

3000 Samples 5000 Samples

r

10000 0 20000 40000 O 20000 40000 60000

DTW Alignment Cost

Read Until: alignment cost < threshold?

NO

YES

Eject Sequence



Results: SquiggleFilter Throughput

. 10°;

= Jetson Titan

k= i Xavier XP

0 1094 350mm? — == MinlION output

= 5 — Future MinlON output
a :

e |
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Ultra Rapid
Cancer
Diagnosis

Wadden et al.
Communications Biology 2022




Intra-operative sequencing for accurate cancer diagnostics

* Intra-operative histology can help Frozen Section Histology can return a diagnosis in ~20-40 min
guide surgical decision making and
combine surgeries

* Histology is subjective, and does not
contain molecular information

* Genetic information is becoming
increasingly important for diagnosis
and targeted, personalized treatment!

“For the first time, the WHO classification of CNS
The 2016 World Health Organization Classification of Tumors  tumors uses molecular parameters in addition to

of the Central Nervous System: a summary histology to define many tumor entities, thus

David N, Louis' - Arie Perry? - Guido Reifenberger™ - Andreas von Deimling®* - formulating a concept for how CNS tumor diagnoses

Dominigue Figarella-B « Webster K. Cavenee” - Hiroko O i .
Dominique Flgarells-Branger’ - Webster K- Cavence’ - Hiroko Ohgakd should be structured in the molecular era.”

Can we sequence a tumor’s DNA within the intra-operative time frame? (i.e. <1hr)



How does a sequencing-based molecular diagnostic work?

£ I
é. ____________ T ?r_es_h(zl(j }\WM lef i\m‘(““‘
Time
\ \ \ ) \\ \ \\ \
.\\ \ \ \\ \ . \ \ \ \ \.\
) DNA Extraction \/ ) Gem? Tarqet ) ) L|brar¥ ) ) Sequencing ) ) Informatics ) ; ;
/ / / Amplification / / Preparation / V 4 / Diagnostic
/ o / / y 4 / / Report
PCR amplifies a small cancer gene target
Amplified targets are sequenced to detect cancer mutation
= DNA Extraction B Target Amplification BLibrary Preparation OSequencing B Analysis
Baseline
Protocol
0 10 20 30 40 50 60 70 80 90 100

Time (minutes)

Target amplification is the obvious bottleneck. How can we attack this?



Threshold Sequencing

Co-optimize amplification time and sequencing time to minimize time-to-result

1) Build a model to estimate
total diagnostic time

Tm = Tiy + Tcyckchyck+beml g
Fiarget 2 g
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T Niepin X 1
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2) Augment model with

experimentally derived parameters
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3) Run diagnostic with final
optimal parameters
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Co-optimization allowed for a world-first demonstration of a sub-1 hour sequencing-based diagnostic

- Target
DNA Extract
raction Amplification
10 min 26 min

Library .
Preparation Sequencing
11 min 5 min

but target amplification is still a large bottleneck...

Informatics
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52 min
Diagnostic
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Loop-Mediated Isothermal Amplification (LAMP) Technology
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https://doi.org/10.1016/j.trac.2019.01.015

Benefits

 LAMP amplifies targets much more
rapidly than PCR (14min vs 26min)

* LAMP generates concatemeric
reads that contain redundant, and
complementary information

Downsides

—(— ™ * Difficult to analyze and reason
" about complex product

e e * No LAMP specific bioinformatics
Y e tools

-

3
m
2':

We leverage LAMP’s rapid amplification
and redundant information to further
reduce diagnostic time

N=6 concatemer



LAMPrey: a new bioinformatics tool to analyze
and “polish” LAMP concatemer product

LAMP Concatemer Schema File
ONT Library preparation sequences Primer Sequences, target sequence,
and other sequences of interest and expected ordering
AL AL
N r

LAMPrey identifies concatemer onT adapter seavence | |oocoieon| | arcodeca | @ N R

“sub-reads” in noisy amplicons

[ Sequenced LAMP Concatemer

Sequence of Interest
Alignment

Barcode

LAMPrey is able to recover about

50% more information than
o, o . . Sequence Chaining to
traditional informatics tools b dentiy suReads
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resulting in a more rapid and
accurate diagnostic
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LAMPrey + Threshold Sequencing = <30min Sequencing-based Diagnostic
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LAMPrey and other optimizations allowed for a world-first demonstration

of a sub-30 minute sequencing-based diagnostic

. Target
DNA Extraction
! | Amplification
5.5 min 15 min

Open source: https//www.github.com/jackwadden/lamprey

Library

Preparation

5 min

3.5min

Sequencing

Informatics

<30 min

Real-Time Diagnostic



LAMPrey + Threshold Sequencing = <30min Sequencing-based Diagnostic

B DNA Extraction @Target Amplification mLibrary Preparation ©OSequencing mAnalysis

Baseline Protocol

Baseline + Rapid Library Prep .
Sets record for fastest time-to-result

Baseline + Rapid Extraction

Optimized PCR. End-point

T o o o - e o o o o o e  Em Em m m mm mm mm w]

————————————————

0 10 20 30 40 S50 60 70 80 90 100 110 120 130 140 150 160

End-to-end Time (minutes)

LAMPrey and other optimizations allowed for a world-first demonstration
of a sub-30 minute sequencing-based diagnostic

i Target ; Library , L _
DNA Extraction
! | Amplification /" Preparation Sequencing & Informatics
>->min 1= min 5 min 3.5 min Real-Time

<30 min
Diagnostic



vciDist -

A new tool to
analyze
variant callers

Dunn and Narayanasamy
Nature Communications 2023




nature communications

Article https://doi.org/10.1038/s41467-023-43876-x

vcfdist: accurately benchmarking phased
small variant calls in human genomes

Tim Dunn, Satish Narayanasamy; 2023

Reference ACCCTTTTTTG Query ACCTTTG Truth ACCCTTTG
Query VCF Query VCF
Representation 1 Representation 2 Truth VCF
POS  REF ALT POS  REF ALT POS  REF ALT
3 CCTTT C 1 AC A 4 CTTT C

4 CTTT C

vcfeval Summary Statistics
TP FP FN PP  Precision Recall F1 F1 Q-score

Query Repr. 1 0 1 1 0 0.00 0.00 0.00 0.00
Query Repr. 2 1 1 0 0 0.50 1.00 0.67 4.77
vcfdist Summary Statistics
TP FP FN PP Precision Recall F1 F1 Q-score
Query Repr. 1 0 0 0 1 0.67 0.67 0.67 4.77

Query Repr. 2 1 1 0 0 0.50 1.00 0.67 4.77

Which variant caller is better?

Many ways to represent adjacent variants
(SNP <-> INDEL)

Challenge:

Same sequencing output (query)

with different representation (w.r.t reference)
yields different conclusions.

Solution:

Representation independent alignment for
comparing variant caller accuracy



Result ) nhitps://github.com/timd 1ivcfdist

NIST v4.2.1 SNPs NIST v4.2.1 INDELs
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1.0000
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L™ _"":"-o-u
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Same sequencing output, but different

Before ... N\\\ representations (A, B, C, D)
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o
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® D
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B
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Privacy-
preserving
collaborative
genomics




~70,000 patients Powerful analysis on

aggregated large data sets

A

Azure Confidential Computing

bigradvarabin’e
WEIZMANN INSTITUTE OF SCIENCE PHV a Cy W a” ] ]
~10,000 patients (e.g., GDPR) Prlvacy-preservmg
collaborative analysis

In cloud

69



Small Enclave Memory

Main Memory

GWAS Dataset (few GB)
T patent | patents | .
Var. 1
Var. 2
Var. 3 a Enclave
= 100s GB >> 100-200 MB | Memory | —yp o &
Diabetes Yes No No

Smoker No No Yes




Optimizations

Streaming
Batching
Data parallelism

Compression

71



Artifact

: : : @
Privacy-preserving Hail for ha‘él
Supports linear and logistic regression ’
o A

Azure Confidential Computing

Open-source end-to-end GWAS system

§ .. o4 @ a2l b [T sialdy §n
£ g £ 3% B %5 osedzocowopfigry pel 5 3oiBzachad
- B 8 F @80 E 2% goad Eof RubiEd RER 38 :zéasreg?’:tuaq.?\

Scales to >1000 cores on Azure

Efficient: < 1 min for a regression analysis Genomic data (VCF)

>4 million variants, 1 million patients, 12 cov. (£ 150 GB) -



How Can You
Kick-Start
Genomics
Research?




#@ GenomicsBench W/ kermels drawn fromwell

maintained software tools
[ISPASS 21]

Covers the major steps of

g > modern sequence analysis
M ‘ l n tel pipelines

4K
il

UNIVERSITY OF

MICHIGAN

Open-source:

https://github.com/arun-sub/genomicsbench

@ Includes both short and long read
analysis algorithms

Small/large input datasets
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https://github.com/arun-sub/genomicsbench

How Benchmarks
Leads to Ideas




* GenomicsBench Pipelines

i Sequencing Basecalling Read Alignment Variant Calling
L TE squiggle CGTGAAG Referance gename (R) Ref.() ATCSTGHASTTT
(a)Reference- PN | dme AAAl | caacrTr | 7 7 CETaE
Guided :}/{: —- = — Reads | — ! ead £, Y- m caraly
| | ; J | 5 -
Assembly : y t [~millions-billions) o ! relals e
Human Genome O T |
~§ Gigabases -EEH,, fasts fastqg .bam wef
. I Short Reads Bustard BWA-MEMZ [~30-40 ‘H-l GATE Haplotype Caller, Platypus [~40%)
e Long Reads Bonito Minkmap2 Clair
Sequencing Basecalling Overlap Identification Error Correction and Polishing
%F - Raacs @@/@«1‘}@
= S-qulggle — [
ﬂ A EﬂEJEJE GAGTCTG  GAGTTTE  GAG "’-"I'ﬁ | ‘b‘@"ﬂ*@
Porr——— ] 1 i o
(b) De-Novo — — GAATGTC Ltk GTCTETC  GTCTGTC | -
Assemhl'v le | Reads Coamimean Owerap
Genome sizes: = e o f"mlll oes) seecs Fegen SENEUS L ' T
~Mega — Glgaha.;pes | —— fasth [fastq ‘bam bly GAGTCTGTC fasta
Software tools: Long Reads Bonito Fhye, Minirmap2 Racon, Nanopaolish
" i_::i 5 Sequencing Basecalling Abundance Estimation
Reads
() : Bacterial + Viral + Human Reference
& Squiggle R urmian EEnomes
a i, LH‘I.E el E ! T T Ty ] L]
Meh.gmu.mlcs x .'E—_- AW GTCTGTC 5 o Loy
Classification Genome sizes: — GAATGTC -
“Miegabases i
. [~millions)
Software tools:

Long Reads

Subramaniyan, Arun, et al. "GenomicsBench: A Benchmark Suite for Genomics." 2021 IEEE International Symposium on Performance Analysis of Systems and Software (ISPASS). IEEE, 2021

fasth E

Ewiral

HBEacteral
fastg

WLRrE 1

b 1

R

T bk 3
Feeads ¥Human

Read Alignment _bam
Bonito

Phyvlogenetic Tree
Centrnfuge, Minimapd
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Dynamic Programming Kernels in GenomicsBench

Benchmark Input Datatype Applications Chosen Tool % Time Spent in Tool Parallelism Motif
(single-thread)
fmi Short reads Read Alignment BWA-MEM?2 38% Tree Traversal
Metagenomics Classification
bsw Short reads Read Alignment BWA-MEM?2 31% Dynamic Programming
De-Novo Assembly
dbg Short reads Variant Calling Platypus 65% Graph Construction
De-Novo Assembly Hash Table
phmm Short reads Variant Calling GATK Haplotype Caller 70% Dynamic Programming
Error Correction
chain Long reads De-Novo Assembly Minimap2 47.4 % Dynamic Programming (1D)
Read Alignment
spoa Long reads Error Correction Racon 75 % Dynamic Programming
Graph Construction

abea Long reads Basecalling Nanopolish 71.4% Dynamic Programming

Dynamic programming Is the fundamental algorithm in genome

seguencing analysis and motivates a domain specific accelerator

Subramaniyan, Arun, et al. "GenomicsBench: A Benchmark Suite for Genomics.” 2021 IEEE International Symposium on Performance Analysis of Systems and Software (ISPASS). IEEE, 2021.



Genomics DP Kernels

)
g L
e
o A Hiija | Eiaj
=]
g A N |
3 T _IN !
g G Fija H;;
=]
e} A
c
G [l Bands
A [[] completed cells
[] Untouched cells
\\ A O—@ Cell dependency

—# Cells computed in different PEs [ cells that can be computed in parallel

H(i, ) =max{H(i— 1,7 — 1)+ S(X@, YD), EGDFGN} F1G, 1) = amef MG —1,)) + auf — 1,))

E(l r 1-}) = max{H(t,]) - ga:E(i:j) —Jer 0}
F(@i,j+1) = max{H(i,j) — 9o, F(i,)) — ge. 0}

(a) Banded Smith-Waterman

; New sequences p—
Haplotype sequences ) o
i AlGlA[T|T| i~
A|T|T | C|T|G|A]| =
i N A , :
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v T . - u
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1] c = .
o ] Completed cells < A - 1-
T [[] Untouched cells [] completed cells
O—+@ Cell dependency G| [ [[] Untouched cells
# Cells computed in different PEs ] cells that can be computed in parallel C O—@ Cell dependency
O—@ Long dependency

fM (l’]) =p: ([Imme (I - l'j - 1) + aimfl (l - l'j - 1) —=» Cells computed in different PEs
+aamfP(—1,j— 1))

FPG)) = tpaf™Gj— 1) + agaf° G — 1)
Result = fM(N,,N,) + f° (N, N,,)

(b) Pairwise Hidden Markov Model

. Cells that can be computed in par
H(i, j) = max{H (p(©),q())) + S(X (@D, Y (D),
H(p(d),j) + g(),
H(i,q()) + g ()}
(c) Partial Order Alignment

#1 | #2 #7

#0

score(i) = max{glj%xl {score(i) + weight(i, j)}, w;}

(ii) Anchor dependency

#4 | #5 | #6 | #7

|:| Completed cells D Untouched cells i Cells that can be computed in parallel
fori<j<i+N,do
score(j) = max{score(i) + weight(i, j), w;}
(iii) Reordered anchor dependency
(d) Chain

Dimension and Size

Kernel

Application

Dependency

Data Type

Difference
)

Similarity

4
Customization Programmability
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GenDP: A Framework of Dynamic Programming
Acceleration for Genome Sequencing Analysis

« DPAX: programmable dynamic programming (DP) accelerator.
« DPMap: map the objective function of DP algorithm to DPAXx accelerator.

Inter-Cell Analysis

| | ISCA 2023

i Inter-Cell Configure DPAX i

: Dependenc Interconnection and ; CACM

' |y Pattern generate control instructions || Research Highlights

A 4

Kernel DPAX
DP Kernel :
Analysis Accelerator
m oo oo oo oooo-oo-o oo | A
| Intra-Cell DPMap: Map Data-floyv i
! o Graph to Compute Units :
> Objective > .
I . and generate compute [
| Function . : !
! Instructions |
: Intra-Cell Analysis
Gu, Yufeng, et al. "GenDP: A Framework of Dynamic Programming Acceleration for Genome Sequencing Analysis." Proceedings of the 50th Annual International Symposium on Computer 79

Architecture. ISCA 2023.



Design Choice Take Away

Y

Local dependency

v' 1-Dimension systolic PE array with FIFO

v' Compute unit — 2-level reduction tree

v Software managed scratchpad memory

Objective func. and datapath v Custom ISA for control and computation

7

Memory Controljer

\
\

r

Data Bu

Integer PE Array
| (e Lrez}—{rea] [
| Integer PE Array le
7 [ )
N e x16

Integer PE Array

Floating Point PE Array

‘FFPEDHFPPEIHFPPEZHFPPES'

Similarity :
» Reduction tree data path
» Precision requirement
. » Dependency patterns
Difference
» Long dependency
A LS _
~
PE Arra Data Flow REN =
v Control Flow RN < g ?
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Control ., PE Array [i+1] ; 5“
- Instruction [ — s
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store data »| Scratchpad Memory J
control k ‘ load data
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N Control
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Compute Decoder - -
Instruction == - -
compute Buffer ComputeUnitArray | | [ |7 == ==—w___

instruction

=

in[0:3] in[4:5]
.

v' 16 Integer PE array (SIMD compute unit) and 1 FP PE array
v PE arrays could execute separately or combined

£Hi-1, j) 2 £, 3)

fM-1,3) >

(a) Reduction Data-Flow in PairHMM
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0 —»
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XEN

H(i, j)

(b) Reduction Data-Flow in BSW
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GenDP Performance

* Metrics: Throughput/Area — Million Cell Updates per Second/mm?2 (MCUPS/mm?2)
* GenDP achieves 157.8x throughput/mm? over GPU
* GenDP has 2.8x slowdown when compared to custom accelerators

* Generality on DP algorithms in other domains
* Dynamic time warping — speech recognition
* Bellman-Ford — Robot motion planning

100000 100000
10000 ~ 10000
« £
£ 1000 £ 1000
E (V)
> 100 5 100
: S
O 10
1 1
BSW PairHMM OA Chain BSW PairHMM

EmCPU mGPU mGenDP B GenDP m Custom Accelerator



GenomicsBench

[ISPASS 21]

UNIVERSITY OF

MICHIGAN

Open-source:

https://github.com/arun-sub/genomicsbench

4K
il

@
FH

12 computationally intensive kernels
drawn from well maintained software
tools

Covers the major steps of modern
sequence analysis pipelines

Includes both short and long read
analysis algorithms

Small/large input datasets
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https://github.com/arun-sub/genomicsbench
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