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Problem

Computing
is Bottlenecked by Data
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Data is Key for AI, ML, Genomics, …

n Important workloads are all data intensive

n They require rapid and efficient processing of large amounts 
of data

n Data is increasing
q We can generate more than we can process
q We need to perform more sophisticated analyses on more data
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Huge Demand for Performance & Efficiency

4Source: https://youtu.be/Bh13Idwcb0Q?t=283

~4 orders of magnitude increase 
in memory requirement in 

just a few years!



Huge Demand for Performance & Efficiency
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development of new 
sequencing technologies

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

Number of Genomes 
Sequenced

Oxford Nanopore MinION

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


Challenge and Opportunity for Future

High Performance,
Energy Efficient,

Sustainable
(All at the Same Time)
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The Problem

Data access is the major performance and energy bottleneck

Our current
design principles 

cause great energy waste
(and great performance loss)
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Today’s Computing Systems
n Processor centric

n All data processed in the processor à at great system cost
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Perils of Processor-Centric Design
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Most of the system is dedicated to storing and moving data 
Yet, system is still bottlenecked by memory & storage



Processor-Centric System Performance
n All of Google’s Data Center Workloads (2015): 

10Kanev+, “Profiling a Warehouse-Scale Computer,” ISCA 2015.



Data Movement vs. Computation Energy
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Han+, “EIE: Efficient Inference Engine on Compressed Deep Neural Network,” ISCA 2016.



Data Movement vs. Computation Energy
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6400X

A memory access consumes 6400X 
the energy of a simple integer addition 



n Amirali Boroumand, Saugata Ghose, Youngsok Kim, Rachata Ausavarungnirun, Eric Shiu, Rahul 
Thakur, Daehyun Kim, Aki Kuusela, Allan Knies, Parthasarathy Ranganathan, and Onur Mutlu,
"Google Workloads for Consumer Devices: Mitigating Data Movement Bottlenecks"
Proceedings of the 23rd International Conference on Architectural Support for Programming 
Languages and Operating Systems (ASPLOS), Williamsburg, VA, USA, March 2018.
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62.7% of the total system energy 
is spent on data movement

Energy Waste in Mobile Devices

https://people.inf.ethz.ch/omutlu/pub/Google-consumer-workloads-data-movement-and-PIM_asplos18.pdf
https://www.asplos2018.org/
https://www.asplos2018.org/


Energy Waste in Accelerators
n Amirali Boroumand, Saugata Ghose, Berkin Akin, Ravi Narayanaswami, Geraldo F. Oliveira, 

Xiaoyu Ma, Eric Shiu, and Onur Mutlu,
"Google Neural Network Models for Edge Devices: Analyzing and Mitigating Machine 
Learning Inference Bottlenecks"
Proceedings of the 30th International Conference on Parallel Architectures and Compilation 
Techniques (PACT), Virtual, September 2021.
[Slides (pptx) (pdf)]
[Talk Video (14 minutes)]
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> 90% of the total system energy 
is spent on memory in large ML models

https://people.inf.ethz.ch/omutlu/pub/Google-neural-networks-for-edge-devices-Mensa-Framework_pact21.pdf
https://people.inf.ethz.ch/omutlu/pub/Google-neural-networks-for-edge-devices-Mensa-Framework_pact21.pdf
http://pactconf.org/
http://pactconf.org/
https://people.inf.ethz.ch/omutlu/pub/Google-neural-networks-for-edge-devices-Mensa-Framework_pact21-talk.pptx
https://people.inf.ethz.ch/omutlu/pub/Google-neural-networks-for-edge-devices-Mensa-Framework_pact21-talk.pdf
https://www.youtube.com/watch?v=A5gxjDbLRAs&list=PL5Q2soXY2Zi8_VVChACnON4sfh2bJ5IrD&index=178


Example Energy Breakdowns
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In LSTMs and Transducers used by Google, 
>90% energy spent on off-chip interconnect and DRAM 

https://arxiv.org/pdf/2109.14320 

https://arxiv.org/pdf/2109.14320


Fundamental Problem

Processing of data 
is performed 

far away from the data

16



We Need A Paradigm Shift To …

n Enable computation with minimal data movement

n Compute where it makes sense (where data resides)

n Make computing architectures more data-centric

17



Process Data Where It Makes Sense 

18https://www.gsmarena.com/apple_announces_m1_ultra_with_20core_cpu_and_64core_gpu-news-53481.php

Apple M1 Ultra System (2022)

DRAM DRAM
A lot of
SRAMStorage Storage

Sensors



Goal: Processing Inside Memory/Storage

n Many questions … How do we design the:
q compute-capable memory & controllers?
q processors & communication units?
q software & hardware interfaces?
q system software, compilers, languages?
q algorithms & theoretical foundations?

Cache

Processor
Core

Interconnect

Memory/Storage Database

Graphs

Media 

ML modelQuery

Results

Micro-architecture
SW/HW Interface

Program/Language
Algorithm
Problem

Logic
Devices

System Software

Electrons



An Overview Paper
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Onur Mutlu, Saugata Ghose, Juan Gomez-Luna, and Rachata Ausavarungnirun,
"A Modern Primer on Processing in Memory"
Invited Book Chapter in Emerging Computing: From Devices to Systems - 
Looking Beyond Moore and Von Neumann, Springer, to be published in 2021.

https://arxiv.org/pdf/2012.03112.pdf 

https://people.inf.ethz.ch/omutlu/pub/ModernPrimerOnPIM_springer-emerging-computing-bookchapter21-extended.pdf
https://people.inf.ethz.ch/omutlu/projects.htm
https://people.inf.ethz.ch/omutlu/projects.htm
https://arxiv.org/pdf/2012.03112.pdf


Processing in Storage:
Two Types

1. Processing near Storage Devices
2. Processing using Storage Devices

21



22

Processing-in-Memory: Two Types

Processing-Near-Bank

DRAM BankDRAM
(e.g., 3D-Stacked Memory)

Vault
Controller

PHY Processing-
Near-Vault

DRAM Vault

Two main approaches for Processing-in-Memory:

1 Processing-Near-Memory: Computation logic is added to the    
same die as memory or to the logic layer of 3D-stacked memory

2 Processing-Using-Memory: uses the operational principles of 
memory cells & circuitry to perform computation

Processing-
Using-DRAM

…

…



Processing-in-Memory Landscape Today 
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[UPMEM	2019][Samsung	2021][SK	Hynix	2022]

[Samsung	2021]

And, many other experimental chips and startups

[Alibaba	2022]



Processing-in-Memory Landscape Today

24



Processing-in-Memory Landscape Today

25https://www.servethehome.com/samsung-processing-in-memory-technology-at-hot-chips-2023/ 

https://www.servethehome.com/samsung-processing-in-memory-technology-at-hot-chips-2023/


Opportunity: 3D-Stacked Logic+Memory

26

Logic

Memory

Other “True 3D” technologies
under development



Tesseract System for Graph Processing

Crossbar Network

…
…

…
…

DRAM
 Controller

NI

In-Order Core

Message Queue

PF Buffer

MTP

LP

Host Processor

Memory-Mapped
Accelerator Interface

(Noncacheable, Physically Addressed)

Interconnected set of 3D-stacked memory+logic chips with simple cores

Logic

Memory

Ahn+, “A Scalable Processing-in-Memory Accelerator for Parallel Graph Processing” ISCA 2015.



Evaluated Systems

HMC-MC
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DDR3-OoO Tesseract

32 
Tesseract 

Cores

Ahn+, “A Scalable Processing-in-Memory Accelerator for Parallel Graph Processing” ISCA 2015.



Tesseract Graph Processing Performance

+56% +25%
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11.6x

13.8x

0

2

4

6

8

10

12

14

16

DDR3-OoO HMC-OoO HMC-MC Tesseract Tesseract-
LP

Tesseract-
LP-MTP

Sp
ee

du
p

>13X Performance Improvement

Ahn+, “A Scalable Processing-in-Memory Accelerator for Parallel Graph Processing” ISCA 2015.

On five graph processing algorithms



Tesseract Graph Processing System Energy
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> 8X Energy Reduction

Ahn+, “A Scalable Processing-in-Memory Accelerator for Parallel Graph Processing” ISCA 2015.



More on Tesseract
n Junwhan Ahn, Sungpack Hong, Sungjoo Yoo, Onur Mutlu, and 

Kiyoung Choi,
"A Scalable Processing-in-Memory Accelerator for Parallel 
Graph Processing"
Proceedings of the 42nd International Symposium on Computer 
Architecture (ISCA), Portland, OR, June 2015.
[Slides (pptx) (pdf)] [Lightning Session Slides (pptx) (pdf)]
Top Picks Honorable Mention by IEEE Micro.
Selected to the ISCA-50 25-Year Retrospective Issue 
covering 1996-2020 in 2023 (Retrospective (pdf) Full 
Issue).
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https://people.inf.ethz.ch/omutlu/pub/tesseract-pim-architecture-for-graph-processing_isca15.pdf
https://people.inf.ethz.ch/omutlu/pub/tesseract-pim-architecture-for-graph-processing_isca15.pdf
http://www.ece.cmu.edu/calcm/isca2015/
http://www.ece.cmu.edu/calcm/isca2015/
https://people.inf.ethz.ch/omutlu/pub/tesseract-pim-architecture-for-graph-processing_isca15-talk.pptx
https://people.inf.ethz.ch/omutlu/pub/tesseract-pim-architecture-for-graph-processing_isca15-talk.pdf
https://people.inf.ethz.ch/omutlu/pub/tesseract-pim-architecture-for-graph-processing_isca15-lightning-talk.pptx
https://people.inf.ethz.ch/omutlu/pub/tesseract-pim-architecture-for-graph-processing_isca15-lightning-talk.pdf
https://people.inf.ethz.ch/omutlu/pub/Tesseract_50YearsOfISCA-Retrospective_isca23.pdf
https://sites.coecis.cornell.edu/isca50retrospective/
https://sites.coecis.cornell.edu/isca50retrospective/


A Short Retrospective @ 50 Years of ISCA

32https://arxiv.org/pdf/2306.16093 

https://arxiv.org/pdf/2306.16093


Accelerating Graph Pattern Mining
n Maciej Besta, Raghavendra Kanakagiri, Grzegorz Kwasniewski, Rachata Ausavarungnirun, Jakub 

Beránek, Konstantinos Kanellopoulos, Kacper Janda, Zur Vonarburg-Shmaria, Lukas Gianinazzi, 
Ioana Stefan, Juan Gómez-Luna, Marcin Copik, Lukas Kapp-Schwoerer, Salvatore Di Girolamo, 
Nils Blach, Marek Konieczny, Onur Mutlu, and Torsten Hoefler,
"SISA: Set-Centric Instruction Set Architecture for Graph Mining on Processing-in-
Memory Systems"
Proceedings of the 54th International Symposium on Microarchitecture (MICRO), Virtual, 
October 2021.
[Slides (pdf)]
[Talk Video (22 minutes)]
[Lightning Talk Video (1.5 minutes)]
[Full arXiv version]
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https://people.inf.ethz.ch/omutlu/pub/SISA-GraphMining-on-PIM_micro21.pdf
https://people.inf.ethz.ch/omutlu/pub/SISA-GraphMining-on-PIM_micro21.pdf
http://www.microarch.org/micro54/
https://people.inf.ethz.ch/omutlu/pub/SISA-GraphMining-on-PIM_micro21-talk.pdf
https://www.youtube.com/watch?v=VL5K1t2qTDU&list=PL5Q2soXY2Zi--0LrXSQ9sST3N0k0bXp51&index=9
https://www.youtube.com/watch?v=6k89Ph2qgRA&list=PL5Q2soXY2Zi--0LrXSQ9sST3N0k0bXp51&index=4
https://arxiv.org/abs/2104.07582


In-Storage Genomic Data Filtering [ASPLOS 2022] 

n Nika Mansouri Ghiasi, Jisung Park, Harun Mustafa, Jeremie Kim, Ataberk Olgun, Arvid 
Gollwitzer, Damla Senol Cali, Can Firtina, Haiyu Mao, Nour Almadhoun Alserr, Rachata 
Ausavarungnirun, Nandita Vijaykumar, Mohammed Alser, and Onur Mutlu,
"GenStore: A High-Performance and Energy-Efficient In-Storage Computing 
System for Genome Sequence Analysis"
Proceedings of the 27th International Conference on Architectural Support for 
Programming Languages and Operating Systems (ASPLOS), Virtual, February-March 
2022.
[Lightning Talk Slides (pptx) (pdf)]
[Lightning Talk Video (90 seconds)]

34https://arxiv.org/abs/2202.10400 

https://people.inf.ethz.ch/omutlu/pub/GenStore_asplos22-arxiv.pdf
https://people.inf.ethz.ch/omutlu/pub/GenStore_asplos22-arxiv.pdf
https://asplos-conference.org/
https://asplos-conference.org/
https://people.inf.ethz.ch/omutlu/pub/GenStore_asplos22-lightning-talk.pptx
https://people.inf.ethz.ch/omutlu/pub/GenStore_asplos22-lightning-talk.pdf
https://www.youtube.com/watch?v=Vi1af8KY0g8
https://arxiv.org/abs/2202.10400


We Need Faster & Scalable Genome Analysis

35

Predicting the presence and relative 
abundance of microbes in a sample

Understanding genetic variations, 
species, evolution, …

Rapid surveillance of disease outbreaks Developing personalized medicine

And, many, many other applications …
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Genome Sequence Analysis
• Read mapping: first key step in genome sequence analysis

…GCCCATATGGTTAAGCTTCCATGGAAATGGGCTTTCGCTTCCACAATG…

- Aligns reads to potential matching locations in the reference genome

Reference Genome

Differences Differences

- For each matching location, the alignment step finds the degree of 
similarity (alignment score)

AAGCTTCCATGG
GCCCAAATGGTT

GCTTCCAGAATG

AAATGGGCTTTC
• Calculating the alignment score requires computationally-expensive 

approximate string matching (ASM) to account for differences between 
reads and the reference genome due to:

- Sequencing errors
- Genetic variation
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Genome Sequence Analysis

Computation overhead
 

Data movement overhead 

Computation 
Unit

(CPU or 
Accelerator)

Cache
Main 

Memory

AAGCTTCCATGG

AAAATTCCATGG

TTTTTTCCAAAA
GCTTCCAGAATG

GGGCCAGAATG

GAATGGGGCCA
TCCCCGGGGCCA

CCTTTGGGTCCA

CGTTCCTTGGCA

Alignment

Data Movement from Storage

Storage
System
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Heuristics Accelerators Filters

 Computation overhead
 

AAGCTTCCATGG

AAAATTCCATGG

TTTTTTCCAAAA
GCTTCCAGAATG

GGGCCAGAATG

GAATGGGGCCA
TCCCCGGGGCCA

CCTTTGGGTCCA

CGTTCCTTGGCA Computation 
Unit

(CPU or 
Accelerator)

Cache
Main 

Memory
Storage
System

Data movement overhead 

✓

Compute-Centric Accelerators
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Storage
System

Key Idea: In-Storage Filtering

Non-matching reads
Do not have potential matching locations and can skip alignment

Filter reads that do not require alignment
inside the storage system

AAGCTTCCATGG

AAAATTCCATGG

TTTTTTCCAAAA
GCTTCCAGAATG

GGGCCAGAATG

GAATGGGGCCA
TCCCCGGGGCCA

CCTTTGGGTCCA

CGTTCCTTGGCA

Filtered Reads

Computation 
Unit

(CPU or 
Accelerator)

Cache
Main 

Memory

Exactly-matching reads
Do not need expensive approximate string matching during alignment
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GenStore

SSD	Controller

CoreCoreCore

In-SSD	DRAM
L2P

Mappings

Flash
Ctrl.#1

Flash
Ctrl.#N

⋯

NAND
Die#4

NAND
Die#1 ⋯

NAND
Die#4

NAND
Die#1 ⋯

Host	System

FTL

ACC

ACC

ACC GenStore
Metadata		

GenStore
FTL

Reads	that	need	
substantial	processing

• Key idea: Filter reads that do not require alignment inside the 
storage system

• Challenges
- Different behavior across read mapping workloads
- Limited hardware resources in the SSD
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Filtering Opportunities

• Sequencing machines produce one of two kinds of reads 
- Short reads: highly accurate and short

- Long reads: less accurate and long

• High sequencing error rates (long reads) or
• High genetic variation (short or long reads)

Non-matching reads
Do not have potential matching locations, so they skip alignment

• Low sequencing error rates (short reads) combined with
• Low genetic variation

Exactly-matching reads
Do not need expensive approximate string matching during alignment

Reads that do not require the expensive alignment step:
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GenStore

GenStore-EM for Exactly-Matching Reads

GenStore-NM for Non-Matching Reads
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GenStore

Computation overhead
 

Data movement overhead 

GenStore provides significant speedup (1.4x - 33.6x) and  
energy reduction (3.9x – 29.2x) at low cost

Filter reads that do not require alignment
inside the storage system

Computation 
Unit

(CPU or 
Accelerator)

Cache
Main 

Memory

GenStore-Enabled
Storage
System

✓
✓
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Performance – GenStore-EM
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Performance – GenStore-NM
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Area and Power Consumption
• Based on Synthesis of GenStore accelerators using the Synopsys 

Design Compiler @ 65nm technology node

Logic unit # of instances Area [mm2] Power [mW]

Comparator 1 per SSD 0.0007 0.14

K -mer Window 2 per channel 0.0018 0.27

Hash Accelerator 2 per SSD 0.008 1.8

Location Buffer 1 per channel 0.00725 0.37375

Chaining Buffer 1 per channel 0.008 0.95

Chaining PE 1 per channel 0.004 0.98

Control 1 per SSD 0.0002 0.11

Total for an 8-channel SSD - 0.2 26.6

Only 0.006% of a 14nm Intel Processor, less than 9.5% of the three 
ARM processors in a SATA SSD controller



In-Storage Genomic Data Filtering [ASPLOS 2022] 

n Nika Mansouri Ghiasi, Jisung Park, Harun Mustafa, Jeremie Kim, Ataberk Olgun, Arvid 
Gollwitzer, Damla Senol Cali, Can Firtina, Haiyu Mao, Nour Almadhoun Alserr, Rachata 
Ausavarungnirun, Nandita Vijaykumar, Mohammed Alser, and Onur Mutlu,
"GenStore: A High-Performance and Energy-Efficient In-Storage Computing 
System for Genome Sequence Analysis"
Proceedings of the 27th International Conference on Architectural Support for 
Programming Languages and Operating Systems (ASPLOS), Virtual, February-March 
2022.
[Lightning Talk Slides (pptx) (pdf)]
[Lightning Talk Video (90 seconds)]

47https://arxiv.org/abs/2202.10400 

https://people.inf.ethz.ch/omutlu/pub/GenStore_asplos22-arxiv.pdf
https://people.inf.ethz.ch/omutlu/pub/GenStore_asplos22-arxiv.pdf
https://asplos-conference.org/
https://asplos-conference.org/
https://people.inf.ethz.ch/omutlu/pub/GenStore_asplos22-lightning-talk.pptx
https://people.inf.ethz.ch/omutlu/pub/GenStore_asplos22-lightning-talk.pdf
https://www.youtube.com/watch?v=Vi1af8KY0g8
https://arxiv.org/abs/2202.10400


Tight Integration of Genome Analysis Tasks
n Haiyu Mao, Mohammed Alser, Mohammad Sadrosadati, Can Firtina, Akanksha Baranwal, 

Damla Senol Cali, Aditya Manglik, Nour Almadhoun Alserr, and Onur Mutlu,
"GenPIP: In-Memory Acceleration of Genome Analysis via Tight Integration of 
Basecalling and Read Mapping"
Proceedings of the 55th International Symposium on Microarchitecture (MICRO), 
Chicago, IL, USA, October 2022.
[Slides (pptx) (pdf)]
[Longer Lecture Slides (pptx) (pdf)]
[Lecture Video (25 minutes)]
[arXiv version]

48https://arxiv.org/pdf/2209.08600.pdf 

https://arxiv.org/pdf/2209.08600.pdf
https://arxiv.org/pdf/2209.08600.pdf
http://www.microarch.org/micro55/
https://people.inf.ethz.ch/omutlu/pub/GenPIP_micro22-talk.pptx
https://people.inf.ethz.ch/omutlu/pub/GenPIP_micro22-talk.pdf
https://people.inf.ethz.ch/omutlu/pub/GenPIP_comparch22-lecture-slides.pptx
https://people.inf.ethz.ch/omutlu/pub/GenPIP_comparch22-lecture-slides.pdf
https://youtu.be/PWWBtrL60dQ?t=8290
https://arxiv.org/abs/2209.08600
https://arxiv.org/pdf/2209.08600.pdf


Accelerating Sequence-to-Graph Mapping
n Damla Senol Cali, Konstantinos Kanellopoulos, Joel Lindegger, Zulal Bingol, Gurpreet S. 

Kalsi, Ziyi Zuo, Can Firtina, Meryem Banu Cavlak, Jeremie Kim, Nika MansouriGhiasi, 
Gagandeep Singh, Juan Gomez-Luna, Nour Almadhoun Alserr, Mohammed Alser, 
Sreenivas Subramoney, Can Alkan, Saugata Ghose, and Onur Mutlu,
"SeGraM: A Universal Hardware Accelerator for Genomic Sequence-to-Graph 
and Sequence-to-Sequence Mapping"
Proceedings of the 49th International Symposium on Computer Architecture (ISCA), New 
York, June 2022.
[arXiv version]

49https://arxiv.org/pdf/2205.05883.pdf

https://people.inf.ethz.ch/omutlu/pub/SeGraM_genomic-sequence-mapping-universal-accelerator_isca22.pdf
https://people.inf.ethz.ch/omutlu/pub/SeGraM_genomic-sequence-mapping-universal-accelerator_isca22.pdf
http://iscaconf.org/isca2022/
https://arxiv.org/pdf/2205.05883.pdf
https://arxiv.org/pdf/2205.05883.pdf


In-Storage Metagenomics [ISCA 2024] 
n Nika Mansouri Ghiasi, Mohammad Sadrosadati, Harun Mustafa, Arvid Gollwitzer, 

Can Firtina, Julien Eudine, Haiyu Mao, Joel Lindegger, Meryem Banu Cavlak, 
Mohammed Alser, Jisung Park, and Onur Mutlu,
"MegIS: High-Performance and Low-Cost Metagenomic Analysis with 
In-Storage Processing"
Proceedings of the 51st Annual International Symposium on Computer 
Architecture (ISCA), Buenos Aires, Argentina, July 2024.
[Slides (pptx) (pdf)]
[arXiv version]

50https://arxiv.org/pdf/2406.19113 

https://arxiv.org/pdf/2406.19113
https://arxiv.org/pdf/2406.19113
https://iscaconf.org/isca2024/
https://iscaconf.org/isca2024/
https://safari.ethz.ch/wp-content/uploads/MegIS-ISCA24-V6.pptx
https://safari.ethz.ch/wp-content/uploads/MegIS-ISCA24-V6.pdf
https://arxiv.org/abs/2406.19113
https://arxiv.org/pdf/2406.19113


MegIS 
High-Performance, Energy-Efficient, and Low-Cost 

Metagenomic Analysis with In-Storage Processing

Nika Mansouri Ghiasi

Mohammed Alser    Jisung Park    Onur Mutlu

Mohammad Sadrosadati    Harun Mustafa    Arvid Gollwitzer    Can Firtina 

Julien Eudine   Haiyu Mao    Joël Lindegger    Meryem Banu Cavlak 



52

What is Metagenomics?
• Metagenomics: Study of genome sequences of diverse organisms
   within a shared environment (e.g., blood, ocean, soil)

• Overcomes the limitations of traditional genomics
- Bypasses the need for analyzing individual species in isolation
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What is Metagenomics?

Has led to groundbreaking advances

• Precision medicine

• Understanding microbial diversity of an environment

• Discovering early warnings of communicable diseases 

• Metagenomics: Study of genome sequences of diverse organisms
   within a shared environment (e.g., blood, ocean, soil)
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Metagenomic Analysis
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(e.g., > 100 TBs in emerging databases)
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Challenges of In-Storage Processing
No metagenomic analysis tool can run in-storage due to SSD limits

- Long latency of NAND flash chips

- Limited DRAM capacity inside the SSD

- Limited DRAM bandwidth inside the SSD

SSD DRAM

⋯

SSD 
ControllerCoresFTL

⋯

SS
D

 

CntrlCntrl

Channel#NChannel#1
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MegIS: Metagenomics In-Storage
• First in-storage system for end-to-end metagenomic analysis

• Idea: Cooperative in-storage processing for metagenomic analysis

- Hardware/software co-design between the storage system and host system
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MegIS’s Steps
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MegIS Hardware-Software Co-Design
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MegIS Hardware-Software Co-Design
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Step 1

Task partitioning and mapping
•  Each step executes 

in its most suitable system 

Step 2 Step 3
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MegIS Hardware-Software Co-Design
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Data/computation flow coordination
• Reduce communication overhead
• Reduce #writes to flash chips

Step 1 Step 2 Step 3

Task partitioning and mapping
•  Each step executes 

in its most suitable system 
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MegIS Hardware-Software Co-Design
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Storage-aware algorithms
• Enable efficient 

access patterns to the SSD 

Step 1 Step 2 Step 3

Data/computation flow coordination
• Reduce communication overhead
• Reduce #writes to flash chips

Task partitioning and mapping
•  Each step executes 

in its most suitable system 
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MegIS Hardware-Software Co-Design
H

os
t S

ys
te

m

SSD DRAM

Standard
Metadata

⋯

SSD 
ControllerCoresFTL

⋯

M
eg

IS
-E

na
bl

ed
 S

SD
 

ACCACC
CntrlCntrl

Channel#NChannel#1

Lightweight in-storage accelerators 
• Minimize SRAM/DRAM buffer spaces 

needed inside the SSD

Step 1 Step 2 Step 3

Storage-aware algorithms
• Enable efficient 

access patterns to the SSD 

Data/computation flow coordination
• Reduce communication overhead
• Reduce #writes to flash chips

Task partitioning and mapping
•  Each step executes 

in its most suitable system 
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MegIS Hardware-Software Co-Design
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Data mapping scheme and Flash Translation Layer (FTL) 
• Specialize to the characteristics of metagenomic analysis

• Leverage the SSD’s full internal bandwidth

Step 1 Step 2 Step 3

Storage-aware algorithms
• Enable efficient 

access patterns to the SSD 

Lightweight in-storage accelerators 
• Minimize SRAM/DRAM buffer spaces 

needed inside the SSD

Data/computation flow coordination
• Reduce communication overhead
• Reduce #writes to flash chips

Task partitioning and mapping
•  Each step executes 

in its most suitable system 

ACCACC
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Evaluation Methodology Overview 
Performance, Energy, and Power Analysis

Baseline Comparison Points

• Performance-optimized software, Kraken2 [Genome Biology’19]
• Accuracy-optimized software, Metalign [Genome Biology’20]
• PIM hardware-accelerated tool (using processing-in-memory), Sieve [ISCA’21]

SSD Configurations
• SSD-C: with SATA3 interface (0.5 GB/s sequential read bandwidth)

• SSD-P: with PCIe Gen4 interface (7 GB/s sequential read bandwidth)

Hardware Components

• Synthesized Verilog model for the in-storage accelerators

• MQSim [Tavakkol+, FAST’18] for SSD’s internal operations

• Ramulator [Kim+, CAL’15] for SSD’s internal DRAM

Software Components

Measure on a real system: 

• AMD® EPYC® CPU with 
128 physical cores

• 1-TB DRAM 
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Speedup over Software (with Cost-Optimized SSD)

MegIS provides significant speedup over both 

Performance-Optimized and Accuracy-Optimized baselines
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MegIS provides significant speedup over both 

Performance-Optimized and Accuracy-Optimized baselines

Sp
ee

du
p

Performance-Optimized MegISAccuracy-Optimized

Sample Genetic Diversity

0
1
2
3
4
5
6
7

Low Med High GMean

SSD-P

4.
0x

12
.1
x

MegIS improves performance on both 

cost-optimized and performance-optimized SSDs

Speedup over Software (with Performance-Optimized SSD)
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• On average across different input sets and SSDs

0

1

2

3

4

5

6

Perf-Opt Acc-Opt PIM MegISG
eo

M
ea

n 
En

er
gy

 R
ed

uc
ti

on
(H

ig
he

r i
s 

B
et

te
r)

MegIS provides significant energy reduction over 

the Performance-Optimized, Accuracy-Optimized, and PIM baselines

5.
4x

15
.2
x

1.
9x

Reduction in Energy Consumption

Same 
accuracy



69

Accuracy, Area, and Power
Accuracy
• Same accuracy as the accuracy-optimized baseline

• Significantly higher accuracy than the performance-optimized and 
PIM baselines
- 4.6 – 5.2× higher F1 score
- 3 – 24% lower L1 norm error

Area and Power
Total for an 8-channel SSD:

• Area: 0.04 mm2 

• Power: 7.658 mW

(Only 1.7% of the area and 4.6% of the power consumption 

of three ARM Cortex R4 cores in an SSD controller)
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System Cost-Efficiency
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System Cost-Efficiency
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More in the Paper

• MegIS’s performance with the cores in the SSD controller

• MegIS’s performance outside SSD

• Sensitivity analysis with varying 

- Database sizes

- Memory capacities

- #SSDs

- #Channels

- #Samples

• MegIS’s performance for abundance estimation
https://arxiv.org/abs/2406.19113

https://arxiv.org/abs/2406.19113


More to Come…



Processing in Storage:
Two Types

1. Processing near Storage Devices
2. Processing using Storage Devices

74



In-Flash Bulk Bitwise Execution
• Jisung Park, Roknoddin Azizi, Geraldo F. Oliveira, Mohammad Sadrosadati, Rakesh 

Nadig, David Novo, Juan Gómez-Luna, Myungsuk Kim, and Onur Mutlu,
"Flash-Cosmos: In-Flash Bulk Bitwise Operations Using Inherent 
Computation Capability of NAND Flash Memory"
Proceedings of the 55th International Symposium on Microarchitecture (MICRO), 
Chicago, IL, USA, October 2022.
[Slides (pptx) (pdf)]
[Longer Lecture Slides (pptx) (pdf)]
[Lecture Video (44 minutes)]
[arXiv version]

75https://arxiv.org/pdf/2209.05566.pdf 

https://arxiv.org/pdf/2209.05566.pdf
https://arxiv.org/pdf/2209.05566.pdf
http://www.microarch.org/micro55/
https://people.inf.ethz.ch/omutlu/pub/FlashCosmos_micro22-talk.pptx
https://people.inf.ethz.ch/omutlu/pub/FlashCosmos_micro22-talk.pdf
https://people.inf.ethz.ch/omutlu/pub/FlashCosmos_SSD-lecture-slides.pptx
https://people.inf.ethz.ch/omutlu/pub/FlashCosmos_SSD-lecture-slides.pdf
https://www.youtube.com/watch?v=ioPERTy7bz4
https://arxiv.org/abs/2209.05566
https://arxiv.org/pdf/2209.05566.pdf


In-Storage Processing (ISP)
§Uses in-storage compute units (embedded cores or FPGA) to send 
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§ Performs computation inside NAND flash chips
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§ Flash-Cosmos enables
• Computation on multiple operands with a single sensing operation
• Accurate computation results by eliminating raw bit errors in stored data

Our Proposal: Flash-Cosmos
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Simultaneous	sensing



Key Ideas of Flash-Cosmos

Multi-Wordline Sensing (MWS)
to enable in-flash bulk bitwise operations

via a single sensing operation

Enhanced SLC-Mode Programming (ESP)
to eliminate raw bit errors in stored data

(and thus in computation results)



Multi-Wordline Sensing (MWS): Bitwise AND
§ Intra-Block MWS: 

Simultaneously activates multiple WLs in the same block 
   à Bitwise AND of the stored data in the WLs
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bitwise AND of multiple pages in the same block 

via a single sensing operation



§ Inter-Block MWS: 
Simultaneously activates multiple WLs in different blocks 
   à Bitwise OR of the stored data in the WLs
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§ Inter-Block MWS: 
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Other Types of Bitwise Operations

Flash-Cosmos also enables 
other types of bitwise operations 
(NOT/NAND/NOR/XOR/XNOR) 

leveraging existing features of NAND flash memory

https://arxiv.org/abs/2209.05566.pdf

https://arxiv.org/abs/2209.05566.pdf


Key Ideas

Multi-Wordline Sensing (MWS)
to enable in-flash bulk bitwise operations

via a single sensing operation

Enhanced SLC-Mode Programming (ESP)
to eliminate raw bit errors in stored data

(and thus in computation results)



Enhanced SLC-Mode Programming (ESP)
§Goal: eliminate raw bit errors in stored data (and computation results)

§Key ideas
• Programs only a single bit per cell (SLC-mode programming)

o Trades storage density for reliable computation
• Performs more precise programming of the cells

o Trades programming latency for reliable computaion

Maximizes the reliability margin
between the different states of flash cells 



Enhanced SLC-Mode Programming (ESP)
§ To eliminate raw bit errors in stored data (and computation results)

§Key ideas
• Programs only a single bit per cell (SLC-mode programming)

o Trades storage density for reliable computation
• More precise program-voltage control

o Trades programming latency for reliable computaion

Maximizes the reliability margin
between the different states of flash cells 

Flash-Cosmos (ESP) enables 
reliable in-flash computation 

by trading storage density & programming latency

Storage & latency overheads affect
only data used in in-flash computation



Evaluation Methodology
§ Real-device characterization
• To validate the feasibility and reliability of Flash-Cosmos
• Using 160 48-WL-layer 3D Triple-Level Cell NAND flash chips

o 3,686,400 tested wordlines 
• Under worst-case operating conditions 

o Under a 1-year retention time at 10K P/E cycles
o Worst-case data patterns

§ System-level evaluation
• Using the state-of-the-art SSD simulator (MQSim [Tavakkol+, FAST’18])
• Three real-world applications

o Bitmap Indices (BMI): Bitwise AND of up to ~1,000 operands
o Image Segmentation (IMS): Bitwise AND of 3 operands
o K-clique Star Listing (KCS): Bitwise OR of up to 32 operands

• Baselines
o Outside-Storage Processing (OSP): A multi-core CPU (Intel i7-11700K)
o In-Storage Processing (ISP): An in-storage hardware accelerator
o ParaBit [Gao+, MICRO’21]: State-of-the-art in-flash processing mechanism



Results: Real-Device Characterization

No changes to the cell array 
of commodity NAND flash chips

Can have many operands
(AND: up to 48, OR: up to 4)

with small increase in sensing latency (< 10%) 

ESP significantly improves
the reliability of computation results

(no observed bit error in the tested flash cells)
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Results: Performance & Energy

Flash-Cosmos provides significant performance & 
energy benefits over all the baselines

The larger the number of operands,
the higher the performance & energy benefits
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In-Flash Bulk Bitwise Execution
• Jisung Park, Roknoddin Azizi, Geraldo F. Oliveira, Mohammad Sadrosadati, Rakesh 

Nadig, David Novo, Juan Gómez-Luna, Myungsuk Kim, and Onur Mutlu,
"Flash-Cosmos: In-Flash Bulk Bitwise Operations Using Inherent 
Computation Capability of NAND Flash Memory"
Proceedings of the 55th International Symposium on Microarchitecture (MICRO), 
Chicago, IL, USA, October 2022.
[Slides (pptx) (pdf)]
[Longer Lecture Slides (pptx) (pdf)]
[Lecture Video (44 minutes)]
[arXiv version]

104https://arxiv.org/pdf/2209.05566.pdf 

https://arxiv.org/pdf/2209.05566.pdf
https://arxiv.org/pdf/2209.05566.pdf
http://www.microarch.org/micro55/
https://people.inf.ethz.ch/omutlu/pub/FlashCosmos_micro22-talk.pptx
https://people.inf.ethz.ch/omutlu/pub/FlashCosmos_micro22-talk.pdf
https://people.inf.ethz.ch/omutlu/pub/FlashCosmos_SSD-lecture-slides.pptx
https://people.inf.ethz.ch/omutlu/pub/FlashCosmos_SSD-lecture-slides.pdf
https://www.youtube.com/watch?v=ioPERTy7bz4
https://arxiv.org/abs/2209.05566
https://arxiv.org/pdf/2209.05566.pdf


More to Come…



Concluding Remarks



Challenge and Opportunity for Future

Fundamentally
Energy-Efficient
(Data-Centric)

Computing Architectures
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Challenge and Opportunity for Future

Fundamentally
High-Performance
(Data-Centric)

Computing Architectures
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Challenge and Opportunity for Future

Computing Architectures
with 

Minimal Data Movement
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We Need to Revisit the Entire Stack

n With a storage-centric mindset

110

Micro-architecture
SW/HW Interface

Program/Language
Algorithm
Problem

Logic
Devices

System Software

Electrons

We can get there step by step



111Source: http://spectrum.ieee.org/image/MjYzMzAyMg.jpeg



An Overview Paper

112

Onur Mutlu, Saugata Ghose, Juan Gomez-Luna, and Rachata Ausavarungnirun,
"A Modern Primer on Processing in Memory"
Invited Book Chapter in Emerging Computing: From Devices to Systems - 
Looking Beyond Moore and Von Neumann, Springer, to be published in 2021.

https://arxiv.org/pdf/2012.03112.pdf 

https://people.inf.ethz.ch/omutlu/pub/ModernPrimerOnPIM_springer-emerging-computing-bookchapter21-extended.pdf
https://people.inf.ethz.ch/omutlu/projects.htm
https://people.inf.ethz.ch/omutlu/projects.htm
https://arxiv.org/pdf/2012.03112.pdf


Referenced Papers, Talks, Artifacts

n All are available at

https://people.inf.ethz.ch/omutlu/projects.htm 

https://www.youtube.com/onurmutlulectures 

https://github.com/CMU-SAFARI/ 
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https://people.inf.ethz.ch/omutlu/projects.htm
https://www.youtube.com/onurmutlulectures


Open Source Tools: SAFARI GitHub

114https://github.com/CMU-SAFARI/

https://github.com/CMU-SAFARI/
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SAFARI Newsletter June 2023 Edition
n https://safari.ethz.ch/safari-newsletter-june-2023/

116

https://safari.ethz.ch/safari-newsletter-june-2023/


SAFARI Newsletter July 2024 Edition
n https://safari.ethz.ch/safari-newsletter-july-2024/
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https://safari.ethz.ch/safari-newsletter-july-2024/


PIM Tutorial November 2024 Edition

118https://events.safari.ethz.ch/micro24-memorycentric-tutorial/ 
https://www.youtube.com/watch?v=KV2MXvcBgb0 

https://events.safari.ethz.ch/micro24-memorycentric-tutorial/
https://www.youtube.com/watch?v=KV2MXvcBgb0


Onur Mutlu
omutlu@gmail.com 

https://people.inf.ethz.ch/omutlu
1 December 2024

CCF China Storage Keynote Talk

Storage-Centric Computing
Enabling 

Fundamentally-Efficient Computers

mailto:omutlu@gmail.com
https://people.inf.ethz.ch/omutlu


Backup Slides
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Processing in Memory:
Two Types

1. Processing near Memory
2. Processing using Memory

121



Processing using DRAM
n We can support 

q Bulk bitwise AND, OR, NOT, MAJ
q Bulk bitwise COPY and INIT/ZERO
q True Random Number Generation; Physical Unclonable Functions
q More complex computation using Lookup Tables

n At low cost
n Using analog computation capability of DRAM

q Idea: activating (multiple) rows performs computation
n Even in commodity off-the-shelf DRAM chips!

n 30X-257X performance and energy improvements
       Seshadri+“RowClone: Fast and Efficient In-DRAM Copy and Initialization of Bulk Data,” MICRO 2013.
        Seshadri+, “Fast Bulk Bitwise AND and OR in DRAM”, IEEE CAL 2015.
        Seshadri+, “Ambit: In-Memory Accelerator for Bulk Bitwise Operations Using Commodity DRAM Technology,” MICRO 2017.
        Hajinazar+, “SIMDRAM: A Framework for Bit-Serial SIMD Processing using DRAM,” ASPLOS 2021.
        Oliveira+, “MIMDRAM: An End-to-End Processing-Using-DRAM System for High-Throughput, Energy-Efficient and Programmer-Transparent        

Multiple-Instruction Multiple-Data Processing,” HPCA 2024.
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In-DRAM Acceleration of Database Queries

123

Seshadri+, “Ambit: In-Memory Accelerator for Bulk Bitwise Operations using Commodity DRAM Technology,” MICRO 2017.

>4-12X Performance Improvement



Real Processing Using Memory Prototype
n End-to-end RowClone & TRNG using off-the-shelf DRAM chips
n Idea: Violate DRAM timing parameters to mimic RowClone

https://arxiv.org/pdf/2111.00082.pdf 
https://github.com/cmu-safari/pidram

https://www.youtube.com/watch?v=qeukNs5XI3g&t=4192s  
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https://arxiv.org/pdf/2111.00082.pdf
https://github.com/cmu-safari/pidram
https://www.youtube.com/watch?v=qeukNs5XI3g&t=4192s


Real Processing-using-Memory Prototype

https://arxiv.org/pdf/2111.00082.pdf 
https://github.com/cmu-safari/pidram

https://www.youtube.com/watch?v=qeukNs5XI3g&t=4192s  
 125

Host Machine

FPGA Board

RISC-V System
PiM-Enabled DIMM

https://arxiv.org/pdf/2111.00082.pdf
https://github.com/cmu-safari/pidram
https://www.youtube.com/watch?v=qeukNs5XI3g&t=4192s


Real Processing-using-Memory Prototype

https://arxiv.org/pdf/2111.00082.pdf 
https://github.com/cmu-safari/pidram

https://www.youtube.com/watch?v=qeukNs5XI3g&t=4192s  
 

https://arxiv.org/pdf/2111.00082.pdf
https://github.com/cmu-safari/pidram
https://www.youtube.com/watch?v=qeukNs5XI3g&t=4192s
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Microbenchmark	Copy/Initialization	Throughput

In-DRAM Copy and Initialization 
improve throughput by 119x and 89x



More on PiDRAM
n Ataberk Olgun, Juan Gomez Luna, Konstantinos Kanellopoulos, Behzad Salami, 

Hasan Hassan, Oguz Ergin, and Onur Mutlu,
"PiDRAM: A Holistic End-to-end FPGA-based Framework for 
Processing-in-DRAM"
ACM Transactions on Architecture and Code Optimization (TACO), March 2023.
[arXiv version]
Presented at the 18th HiPEAC Conference, Toulouse, France, January 2023.
[Slides (pptx) (pdf)]
[Longer Lecture Slides (pptx) (pdf)]
[Lecture Video (40 minutes)]
[PiDRAM Source Code]
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https://people.inf.ethz.ch/omutlu/pub/PiDRAM_taco23.pdf
https://people.inf.ethz.ch/omutlu/pub/PiDRAM_taco23.pdf
http://taco.acm.org/
https://arxiv.org/abs/2111.00082
https://www.hipeac.net/2023/toulouse/
https://people.inf.ethz.ch/omutlu/pub/PiDRAM_hipeac23-talk.pptx
https://people.inf.ethz.ch/omutlu/pub/PiDRAM_hipeac23-talk.pdf
https://people.inf.ethz.ch/omutlu/pub/PiDRAM_comparch22-lecture-slides.pptx
https://people.inf.ethz.ch/omutlu/pub/PiDRAM_comparch22-lecture-slides.pdf
https://www.youtube.com/watch?v=JyWxkeQA0W8
https://github.com/CMU-SAFARI/PiDRAM


DRAM Chips Are Already (Quite) Capable!
n Appears at HPCA 2024
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https://arxiv.org/pdf/2402.18736.pdf 

https://arxiv.org/pdf/2402.18736.pdf


The	Capability	of	COTS	DRAM	Chips

130

We	demonstrate	that	COTS	DRAM	chips:

Can	copy	one	row	into	up	to	31	other	rows	
with	>99.98%	success	rate1
Can	perform	NOT	operation	
with	up	to	32	output	operands2
Can	perform	up	to	16-input

AND,	NAND,	OR,	and	NOR	operations3



Eliminating the Adoption Barriers

How to Enable Adoption 
of Processing in Memory

131



Potential Barriers to Adoption of PIM
1. Applications & software for PIM

2. Ease of programming (interfaces and compiler/HW support)

3. System and security support: coherence, synchronization, 
virtual memory, isolation, communication interfaces, …

4. Runtime and compilation systems for adaptive scheduling, 
data mapping, access/sharing control, …

5. Infrastructures to assess benefits and feasibility

132

All can be solved with change of mindset



We Need to Revisit the Entire Stack

n With a memory-centric mindset
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Micro-architecture
SW/HW Interface

Program/Language
Algorithm
Problem

Logic
Devices

System Software

Electrons

We can get there step by step



Concluding Remarks
n We must design systems to be balanced, high-performance, 

energy-efficient (all at the same time) à intelligent systems 
q Data-centric, data-driven, data-aware

n Enable computation capability inside and close to memory

n This can
q Lead to orders-of-magnitude improvements 
q Enable new applications & computing platforms
q Enable better understanding of nature
q …

n Future of truly memory-centric computing is bright
q We need to do research & design across the computing stack
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We Need to Revisit the Entire Stack

n With a data-centric mindset
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Micro-architecture
SW/HW Interface

Program/Language
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Problem

Logic
Devices
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Electrons

We can get there step by step
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Thank you!


