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Four Key Problems + Directions 

◼ Fundamentally Secure/Reliable/Safe Architectures

◼ Fundamentally Energy-Efficient Architectures

❑ Memory-centric (Data-centric) Architectures

◼ Fundamentally Low-Latency and Predictable Architectures

◼ Architectures for AI/ML, Genomics, Medicine, Health
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A Motivating Detour:

Genome Sequence Analysis
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Our Dream (circa 2007)

◼ An embedded device that can perform comprehensive 
genome analysis in real time (within a minute)

❑ Which of these DNAs does this DNA segment match with?

❑ What is the likely genetic disposition of this patient to this 
drug?

❑ What disease/condition might this particular DNA/RNA piece 
associated with?

❑ . . . 
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What Is a Genome Made Of?
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Cell
Nucleus

The discovery of DNA’s double-helical structure (Watson+, 1953) 
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human chromosome #12
from HeLa’s cell

DNA Under Electron Microscope



Genome Sequencing

◼ Goal: 

❑ Find the complete sequence of A, C, G, T’s in DNA (or RNA).

◼ Challenge: 

❑ There is no machine that takes long DNA as an input, and gives 
the complete sequence as output

❑ All sequencing machines chop DNA into pieces and identify 
relatively small pieces (but not how they fit together)
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Large DNA molecule

Small DNA fragments

Reads

ACGTACCCCGT

GATACACTGTG

TTTTTTTAATT

CTAGGGACCTT ACGACGTAGCT

AAAAAAAAAAACGAGCGGGT

Genome Sequencing



Untangling Yarn Balls & DNA Sequencing
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Genome Sequencers

… and more! All produce data with 
different properties.

Roche/454

Illumina HiSeq2000

Ion Torrent PGM
Ion Torrent Proton

AB SOLiD

Oxford Nanopore GridION

Oxford Nanopore MinION

Complete
Genomics

Illumina MiSeq

Pacific Biosciences RS
Illumina 
NovaSeq
6000



The Genomic Era

◼ 1990-2003: The Human Genome Project (HGP) provides a complete 
and accurate sequence of all DNA base pairs that make up the 
human genome and finds 20,000 to 25,000 human genes.
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13 year-long
$3,000,000,000



The Genomic Era (continued)
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development of high-throughput 
sequencing (HTS) technologies

http://www.economist.com/news/21631808-so-much-genetic-data-so-many-uses-genes-unzipped

Number of Genomes 
Sequenced

http://www.economist.com/news/21631808-so-much-genetic-data-so-many-uses-genes-unzipped


Cost of Sequencing

*From NIH (https://www.genome.gov/about-genomics/fact-sheets/DNA-Sequencing-Costs-Data)

https://www.genome.gov/about-genomics/fact-sheets/DNA-Sequencing-Costs-Data


Cost of Sequencing (cont.)

*From NIH (https://www.genome.gov/about-genomics/fact-sheets/DNA-Sequencing-Costs-Data)

https://www.genome.gov/about-genomics/fact-sheets/DNA-Sequencing-Costs-Data


Genome 
Analysis
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Billions of Short Reads

1 2Sequencing Read Mapping

3 4Variant Calling Scientific Discovery
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Example Question: If I give you a bunch of 
sequences, tell me where they are the same 

and where they are different.

Multiple sequence alignment



Genome Sequence Alignment: Example

17Source: By Aaron E. Darling, István Miklós, Mark A. Ragan - Figure 1 from Darling AE, Miklós I, Ragan MA (2008). 
"Dynamics of Genome Rearrangement in Bacterial Populations". PLOS Genetics. DOI:10.1371/journal.pgen.1000128., CC BY 2.5, https://commons.wikimedia.org/w/index.php?curid=30550950

https://commons.wikimedia.org/w/index.php?curid=30550950


The Genetic Similarity Between Species
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99.9%

96%

Human ~ Chimpanzee

Human ~ Human

90%

Human ~ Cat

80%

Human ~ Cow

50-60%

Human ~ Banana



19

Metagenomics, genome assembly, de novo sequencing

http://math.oregonstate.edu/~koslickd

uncleaned de Bruijn graph

Question 2: Given a bunch of short sequences, 
Can you identify the approximate species cluster 

for genomically unknown organisms?

http://math.oregonstate.edu/~koslickd
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300 M
bases/min

Illumina HiSeq4000  

2 M
bases/min

on average

(0.6%)

Bottlenecked in Mapping!!



Problem

Need to construct 

the entire genome 

from many reads
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Large DNA molecule

Small DNA fragments

Reads

ACGTACCCCGT

GATACACTGTG

TTTTTTTAATT

CTAGGGACCTT ACGACGTAGCT

AAAAAAAAAAACGAGCGGGT

Genome Sequencing



Read Mapping, method of aligning the 
reads against a known reference genome 

to detect matches and variations.

ACGTACCCCGT

GATACACTGTG

TTTTTTTAATT

CTAGGGACCTT ACGACGTAGCT

AAAAAAAAAAACGAGCGGGT Reads

De novo Assembly, method of 
merging the reads in order to construct

the original sequence.

Reference
Genome

Original
Sequence

Genome Sequence Analysis



Read Mapping

◼ Map many short DNA fragments (reads) to a known 
reference genome with some differences allowed
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Reference genome

Reads
DNA, logicallyDNA, physically

Mapping short reads to reference genome is 
challenging (billions of 50-300 base pair reads)



Read Alignment/Verification

◼ Edit distance is defined as the minimum number of edits 
(i.e. insertions, deletions, or substitutions) needed to make 
the read exactly match the reference segment.

N E - T H E R L A N D S

S W I T Z E R L A N D -

NETHERLANDS x SWITZERLAND

match
deletion
insertion

mismatch



Challenges in Read Mapping

◼ Need to find many mappings of each read

❑ How can we find all mappings efficiently?

◼ Need to tolerate small variances/errors in each read

❑ Each individual is different: Subject’s DNA may slightly differ from 
the reference (Mismatches, insertions, deletions)

❑ How can we efficiently map each read with up to e errors present?

◼ Need to map each read very fast (i.e., performance is important)

❑ Human DNA is 3.2 billion base pairs long → Millions to billions of 

reads (State-of-the-art mappers take weeks to map a human’s DNA)

❑ How can we design a much higher performance read mapper?
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Our First Step: Comprehensive Mapping

◼ + Guaranteed to find all mappings → sensitive

◼ + Can tolerate up to e errors
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http://mrfast.sourceforge.net/

Alkan+, "Personalized copy number and segmental duplication 
maps using next-generation sequencing”, Nature Genetics 2009.

http://mrfast.sourceforge.net/


candidate alignment 
locations (CAL)

4%

Read Alignment
(Edit-distance comp)

93%

SAM printing
3%

Read Mapping Execution Time Breakdown 



The Read Mapping Bottleneck
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ACGTACGTACGTACGT

TATATATACGTACTAGTACGT

ACGACTTTAGTACGTACGT
TATATATACGTACTAGTACGT

ACGTACGCCCCTACGTA

ACGACTTTAGTACGTACGT
TATATATACGTACTAAAGTACGT

CCCCCCTATATATACGTACTAGTACGT

TATATATACGTACTAGTACGT

TATATATACGTACTAGTACGT

ACGTTTTTAAAACGTA

ACGACGGGGAGTACGTACGT
TATATATACGTACTAAAGTACGT

150X slower

Illumina HiSeq4000  

Million 
bases/minute300 Million 

bases/minute2



Idea

Filter fast before you align

Minimize costly 

“approximate string comparisons”
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Our First Filter: Pure Software Approach

◼ Download the source code and try for yourself

❑ Download link to FastHASH
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http://mrfast.sourceforge.net/


Shifted Hamming Distance: SIMD Acceleration

32

Xin+, "Shifted Hamming Distance: A Fast and Accurate SIMD-friendly Filter 
to Accelerate Alignment Verification in Read Mapping”, Bioinformatics 2015.

https://github.com/CMU-SAFARI/Shifted-Hamming-Distance

https://github.com/CMU-SAFARI/Shifted-Hamming-Distance
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High throughput DNA 
sequencing (HTS) technologies 

Read Pre-Alignment Filtering 
Fast & Low False Positive Rate

1 2
Read Alignment
Slow & Zero False Positives
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Billions of Short Reads

Hardware Acceleratorx1012

mappings
x103

mappings

Low Speed & High Accuracy

Medium Speed, Medium Accuracy

High Speed, Low Accuracy

GateKeeper: FPGA-Based Alignment Filtering

Alignment 
Filter

st

1
FPGA-based 

Alignment Filter.



GateKeeper: FPGA-Based Alignment Filtering

◼ Mohammed Alser, Hasan Hassan, Hongyi Xin, Oguz Ergin, Onur 
Mutlu, and Can Alkan
"GateKeeper: A New Hardware Architecture for 
Accelerating Pre-Alignment in DNA Short Read Mapping"
Bioinformatics, [published online, May 31], 2017.
[Source Code]
[Online link at Bioinformatics Journal]
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https://people.inf.ethz.ch/omutlu/pub/gatekeeper_FPGA-genome-prealignment-accelerator_bionformatics17.pdf
http://bioinformatics.oxfordjournals.org/
https://github.com/BilkentCompGen/GateKeeper
https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btx342


MAGNET Accelerator [Alser+, TIR 2017]
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Newest Work: Shouji [Alser+, Bioinformatics 2019]
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Mohammed Alser, Hasan Hassan, Akash Kumar, Onur Mutlu, and Can Alkan,
"Shouji: A Fast and Efficient Pre-Alignment Filter for Sequence Alignment"
Bioinformatics, [published online, March 28], 2019.
[Source Code]
[Online link at Bioinformatics Journal]

https://people.inf.ethz.ch/omutlu/pub/shouji-genome-prealignment-filter_bionformatics19.pdf
http://bioinformatics.oxfordjournals.org/
https://github.com/CMU-SAFARI/Shouji
https://doi.org/10.1093/bioinformatics/btz234


DNA Read Mapping & Filtering

◼ Problem: Heavily bottlenecked by Data Movement

◼ GateKeeper FPGA performance limited by DRAM bandwidth 
[Alser+, Bioinformatics 2017]

◼ Ditto for SHD on SIMD [Xin+, Bioinformatics 2015]

◼ Solution: Processing-in-memory can alleviate the bottleneck

◼ However, we need to design mapping & filtering algorithms 
to fit processing-in-memory
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In-Memory DNA Sequence Analysis

◼ Jeremie S. Kim, Damla Senol Cali, Hongyi Xin, Donghyuk Lee, Saugata Ghose, 
Mohammed Alser, Hasan Hassan, Oguz Ergin, Can Alkan, and Onur Mutlu,
"GRIM-Filter: Fast Seed Location Filtering in DNA Read Mapping Using 
Processing-in-Memory Technologies"
BMC Genomics, 2018.
Proceedings of the 16th Asia Pacific Bioinformatics Conference (APBC), 
Yokohama, Japan, January 2018.
arxiv.org Version (pdf)
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http://www.biomedcentral.com/bmcgenomics/
http://apbc2018.bio.keio.ac.jp/
https://arxiv.org/pdf/1711.01177.pdf


Alser et al., “GateKeeper: A New Hardware Architecture for Accelerating Pre-Alignment in DNA 
Short Read Mapping,” Bioinformatics 2017.
Kim et al., “Genome Read In-Memory (GRIM) Filter,” BMC Genomics 2018.

Quick Note: Key Principles and Results

◼ Two key principles:

❑ Exploit the structure of the genome to minimize computation

❑ Morph and exploit the structure of the underlying hardware to 
maximize performance and efficiency

◼ Algorithm-architecture co-design for DNA read mapping

❑ Speeds up read mapping by ~300X (sometimes more)

❑ Improves accuracy of read mapping in the presence of errors
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Xin et al., “Accelerating Read Mapping with FastHASH,” BMC Genomics 2013.

Xin et al., “Shifted Hamming Distance: A Fast and Accurate SIMD-friendly Filter to Accelerate 
Alignment Verification in Read Mapping,” Bioinformatics 2015.



New Genome Sequencing Technologies
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Senol Cali+, “Nanopore Sequencing Technology and Tools for Genome 
Assembly: Computational Analysis of the Current State, Bottlenecks 
and Future Directions,” Briefings in Bioinformatics, 2018.
[Preliminary arxiv.org version]

Oxford Nanopore MinION

https://arxiv.org/pdf/1711.08774.pdf


Future of Genome Sequencing & Analysis

41

SmidgION from ONT

MinION from ONT



Nanopore Genome Assembly Pipeline

42
Senol Cali+, “Nanopore Sequencing Technology and Tools for Genome 
Assembly,” Briefings in Bioinformatics, 2018.



Recall Our Dream (from 2007)

◼ An embedded device that can perform comprehensive 
genome analysis in real time (within a minute)

◼ Still a long ways to go

❑ Energy efficiency

❑ Performance (latency)

❑ Security

❑ Huge memory bottleneck
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Why Do We Care? An Example from 2020
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Source: https://nanoporetech.com/about-us/news/200-oxford-nanopore-sequencers-have-left-uk-china-support-rapid-near-sample

https://nanoporetech.com/about-us/news/200-oxford-nanopore-sequencers-have-left-uk-china-support-rapid-near-sample


Sequencing of COVID-19

◼ Whole genome sequencing (WGS) and sequence 
data analysis are important

❑ To detect the virus from a human sample such as saliva, 
Bronchoalveolar fluid etc.

❑ To understand the sources and modes of transmission of the virus

❑ To discover the genomic characteristics of the virus, and compare 
with better-known viruses (e.g., 02-03 SARS epidemic)

❑ To design and evaluate the diagnostic tests

◼ Two key areas of COVID-19 genomic research

❑ To sequence the genome of the virus itself, COVID-19, in order to 
track the mutations in the virus. 

❑ To explore the genes of infected patients. This analysis can be used 
to understand why some people get more severe symptoms than 
others, as well as, help with the development of new treatments in 
the future.
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COVID-19 Nanopore Sequencing (I)

• From ONT (https://nanoporetech.com/covid-19/overview)

46

https://nanoporetech.com/covid-19/overview


COVID-19 Nanopore Sequencing (II)

• From ONT (https://nanoporetech.com/covid-19/overview)
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https://nanoporetech.com/covid-19/overview


Future of Genome Sequencing & Analysis

48

SmidgION from ONT

MinION from ONT



More on Genome Analysis: Another Talk
◼ Onur Mutlu,

"Accelerating Genome Analysis: A Primer on an Ongoing Journey"
Keynote talk at 2nd Workshop on Accelerator Architecture in Computational Biology and 
Bioinformatics (AACBB), Washington, DC, USA, February 2019.
[Slides (pptx)(pdf)]
[Video]

49
https://www.youtube.com/watch?v=hPnSmfwu2-A

https://people.inf.ethz.ch/omutlu/pub/onur-AcceleratingGenomeAnalysis-AACBB-Keynote-Feb-16-2019-FINAL.pptx
https://aacbb-workshop.github.io/
https://people.inf.ethz.ch/omutlu/pub/onur-AcceleratingGenomeAnalysis-AACBB-Keynote-Feb-16-2019-FINAL.pptx
https://people.inf.ethz.ch/omutlu/pub/onur-AcceleratingGenomeAnalysis-AACBB-Keynote-Feb-16-2019-FINAL.pdf
https://www.youtube.com/watch?v=hPnSmfwu2-A
https://www.youtube.com/watch?v=hPnSmfwu2-A


Recall Our Axiom

To achieve the highest energy efficiency and performance:

we must take the expanded view
of computer architecture
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Micro-architecture

SW/HW Interface

Program/Language

Algorithm

Problem

Logic

Devices

System Software

Electrons

Co-design across the hierarchy:
Algorithms to devices

Specialize as much as possible
within the design goals



Our Axiom Applies Well to Genome Analysis
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Micro-architecture

SW/HW Interface

Program/Language

Algorithm

Problem

Logic

Devices

System Software

Electrons

Computer Architecture 

(expanded view)



Algorithm-Arch-Device Co-Design is Critical
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Micro-architecture

SW/HW Interface

Program/Language

Algorithm

Problem

Logic

Devices

System Software

Electrons

Computer Architecture 

(expanded view)



GenASM [MICRO 2020]

◼ Damla Senol Cali, Gurpreet S. Kalsi, Zulal Bingol, Can Firtina, Lavanya Subramanian, Jeremie S. 
Kim, Rachata Ausavarungnirun, Mohammed Alser, Juan Gomez-Luna, Amirali Boroumand, 
Anant Nori, Allison Scibisz, Sreenivas Subramoney, Can Alkan, Saugata Ghose, and Onur Mutlu,
"GenASM: A High-Performance, Low-Power Approximate String Matching 
Acceleration Framework for Genome Sequence Analysis"
Proceedings of the 53rd International Symposium on Microarchitecture (MICRO), Virtual, 
October 2020.
[ARM Research Summit Talk Video (21 minutes)]
[ARM Research Summit Short Talk Video (15 minutes)]
[ARM Research Summit Short Talk Video and Q&A (31 minutes)]
[ARM Research Summit Talk Slides (pptx) (pdf)]
[ARM Research Summit Short Talk Slides (pptx) (pdf)]
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https://people.inf.ethz.ch/omutlu/pub/GenASM-approximate-string-matching-framework-for-genome-analysis_micro20.pdf
http://www.microarch.org/micro53/
https://www.youtube.com/watch?v=oKYqVo1UTdE
https://www.youtube.com/watch?v=omqCTHlnMA0
https://www.youtube.com/watch?v=y1S6gtGz2bo
https://people.inf.ethz.ch/omutlu/pub/GenASM-approximate-string-matching-framework-for-genome-analysis_ARMSummit20-long-talk.pptx
https://people.inf.ethz.ch/omutlu/pub/GenASM-approximate-string-matching-framework-for-genome-analysis_ARMSummit20-long-talk.pdf
https://people.inf.ethz.ch/omutlu/pub/GenASM-approximate-string-matching-framework-for-genome-analysis_ARMSummit20-short-talk.pptx
https://people.inf.ethz.ch/omutlu/pub/GenASM-approximate-string-matching-framework-for-genome-analysis_ARMSummit20-short-talk.pdf


Damla Senol Cali

Problem & Our Goal

❑Multiple steps of read mapping require approximate string matching

o ASM enables read mapping to account for sequencing errors and 

genetic variations in the reads

❑ ASM makes up a significant portion of read mapping (more than 70%)

❑ One of the major bottlenecks of genome sequence analysis

Our Goal:
Accelerate approximate string matching by 

designing a fast and flexible framework, 
which can be used to accelerate multiple steps of 

the genome sequence analysis pipeline
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Damla Senol Cali

GenASM: Hardware Design
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GenASM-DC:
generates bitvectors 

and performs edit 
Distance Calculation

GenASM-TB:
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and assembles the 
optimal alignment 
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Damla Senol Cali

GenASM-DC: Hardware Design
❑ Linear cyclic systolic array based accelerator

o Optimized to reduce memory bandwidth and memory footprint

56

Processing Block (PB), DC-SRAM 
and TB-SRAMs for each PE

Processing Core (PC)



Damla Senol Cali

GenASM-TB: Hardware Design

❑ Very simple logic: 

1) Reads the bitvectors from one of the TB-SRAMs using the computed 
address 
2) Performs the required bitwise comparisons to find the traceback output 
for the current position
3) Computes the next TB-SRAM address to read the new set of bitvectors
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Damla Senol Cali

GenASM [MICRO 2020]
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Damla Senol Cali, Gurpreet S. Kalsi, Zulal Bingol, Can Firtina, Lavanya Subramanian, 

Jeremie S. Kim, Rachata Ausavarungnirun, Mohammed Alser, Juan Gomez-Luna, 

Amirali Boroumand, Anant Nori, Allison Scibisz, Sreenivas Subramoney, Can Alkan, 

Saugata Ghose, and Onur Mutlu,

"GenASM: A High-Performance, Low-Power Approximate String Matching 

Acceleration Framework for Genome Sequence Analysis”

Proceedings of the 53rd International Symposium on Microarchitecture (MICRO), 

Virtual, October 2020.

https://people.inf.ethz.ch/omutlu/pub/GenASM-approximate-string-matching-framework-for-genome-analysis_micro20.pdf
http://www.microarch.org/micro53/


Recall Our Dream (from 2007)

◼ An embedded device that can perform comprehensive 
genome analysis in real time (within a minute)

◼ Still a long ways to go

❑ Energy efficiency

❑ Performance (latency)

❑ Security

❑ Huge memory bottleneck
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Four Key Directions

◼ Fundamentally Secure/Reliable/Safe Architectures

◼ Fundamentally Energy-Efficient Architectures

❑ Memory-centric (Data-centric) Architectures

◼ Fundamentally Low-Latency and Predictable Architectures

◼ Architectures for AI/ML, Genomics, Medicine, Health
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Memory & Storage

61
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