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Processing in Memory:
Two Approaches

1. Processingnear Memory
2. Processing using Memory
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When to Employ PNM

Mobile consumer workloads
(GoogleWL 2)

Graph processing
(Tesseract 1)

Neural networks
(GoogleWL ?2)

Processing-

Databases
near-Memory

(Polynesia®)

DNA

sequence mapping

Time series analysis (GenASM 3 GRIM-Filter 4)

(NATSA )
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Processing Nedlemory (PNM)

A Processing NearMemory (PNM)
¢ Move computation closer to where the data resides

Logic layer Memory controller Memory module
3D stacked DRAM (DIMM)
CPU CPU

Through-Silicon Via
< (TSV)

SAFARI



PNM: Design Challenges

Limited power & area budget with 3D -stacked memories

¢ e.g., areaand powerbudgetof t he wvaultds ur
layer is just 4.4mm? and 312mW (circa HMC 2.0)

Strict thermal constraints

¢ It requires cooling solutions to remove heat throughout a 3D
stack (i.e., volume -wise) instead of a 2D surface

Challenging manufacturing of logic+tDRAM

¢ Logic process has been developed forspeed performance,
DRAM process fordensity and memory reliability

¢ e.g., Logic gates implemented with memory process
slowdowns by ~21.5% [Kim+, Integration'99]
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Tesseract System for Graph Processing

A 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 I[EEE Micro.
Selected to the ISCA -50 25 - Year Retrospective Issue

covering 1996 -2020in 2023 ( Retrospective (padf)  Full
/ssue ).

A Scalable Processing-in-Memory Accelerator for Parallel Graph Processing

Junwhan Ahn  Sungpack Hong®  Sungjoo Yoo Onur Mutlu’ Kiyoung Choi

junwhan@snu.ac.kr, sungpack.hong @oracle.com, sungjoo.yoo @ gmail.com, onur@cmu.edu, kchoi@snu.ac.kr

Seoul National University $Oracle Labs fCarnegie Mellon University
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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/

Accelerating Neural Network Inference

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)]

Google Neural Network Models for Edge Devices:
Analyzing and Mitigating Machine Learning Inference Bottlenecks

Amirali Boroumand '™ Saugata Ghose* Berkin Akin® Ravi Narayanaswami®
Geraldo F. Oliveira* Xiaoyu Ma?® Eric Shiu® Onur Mutlu*"

Y Carnegie Mellon Univ. °Stanford Uniyv. *Univ. of Illinois Urbana-Champaign YGoogle *ETH Ziirich
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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

PIM for Mobile Devices

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 SystemsASPLOS), Williamsburg, VA, USA,
March 2018.

[Slides (pptx) (pdf)] [ Lightning Session Slides (pptx) (pdf) ] [ Poster (pptx) (pdf)]
[Lightning Talk Video (2 minutes)]

[Full Talk Video (21 minutes)]

Google Workloads for Consumer Devices:
Mitigating Data Movement Bottlenecks

Amirali Boroumand* Saugata Ghose' Youngsok Kim*
Rachata Ausavarungnirun’ Eric Shiv>  Rahul Thakur’  Daehyun Kim*?
Aki Kuusela®  Allan Knies®>  Parthasarathy Ranganathan®  Onur Mutlu™!
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https://people.inf.ethz.ch/omutlu/pub/Google-consumer-workloads-data-movement-and-PIM_asplos18.pdf
https://people.inf.ethz.ch/omutlu/pub/Google-consumer-workloads-data-movement-and-PIM_asplos18.pdf
https://www.asplos2018.org/
https://www.asplos2018.org/
https://people.inf.ethz.ch/omutlu/pub/Google-consumer-workloads-data-movement-and-PIM_asplos18-talk.pptx
https://people.inf.ethz.ch/omutlu/pub/Google-consumer-workloads-data-movement-and-PIM_asplos18-talk.pdf
https://people.inf.ethz.ch/omutlu/pub/Google-consumer-workloads-data-movement-and-PIM_asplos18-lightning-talk.pptx
https://people.inf.ethz.ch/omutlu/pub/Google-consumer-workloads-data-movement-and-PIM_asplos18-lightning-talk.pdf
https://people.inf.ethz.ch/omutlu/pub/Google-consumer-workloads-data-movement-and-PIM_asplos18-poster.pptx
https://people.inf.ethz.ch/omutlu/pub/Google-consumer-workloads-data-movement-and-PIM_asplos18-poster.pdf
https://www.youtube.com/watch?v=pklgnQ3ejZ4
https://www.youtube.com/watch?v=OTB_72HYIn0

Possible PNM Designs

Generalpurpose programmable cores

¢ Wimpy cores (possibility of running any workload)

¢ E.g. from academia: Tesseract PIM for Graph Processing
¢ E.g. from industry: UPMEM PIM

Fixed-function units

¢ Hardware/software co-designed PIM for efficiency

¢ E.g. from academia: Mensa for NN Edge Inference

¢ E.g. from industry: Samsung HBM-PIM, SKhynix AIM

Reconfigurable architectures
¢ PNM cores coupled with FPGAs, CGRA
¢ E.g. from academia: NERO for Weather Prediction
¢ E.g. from industry: Samsung AxDIMM
SAFARI
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Possible PNM Designs

A General -purpose programmable cores ( O)
[ PIM Core }

¢ Wimpy cores (possibility of running any workload)
¢ E.g. from academia: Tesseract PIM for Graph Processing

¢ E.g. from industry: UPMEM PIM ([ cane ]

SAFARI 11



Accelerating MMemory Graph Processir

A Large graphs are everywhere (circa 2015)

oo [

36 Million 1.4 Billion 300 Million 30 Billion
Wikipedia Pages Facebook Users Twitter Users  Instagram Photos

A Scalable large scale graph processing is challenging

0 1 2 3 4
Speedup

SAFARI 12




Key Bottlenecks in Graph Processing

for (v:graph.vertice}¥{
for (w: v.successols
w.next_rank+= weight *v.rank

1. Frequent random memory accesses

w.rank

w.next_rank
w.edges
X

2. Little amount of computation

SAFARI 13



Opportunity: 3DStacked.ogic+Memory

Logic

Ot her fATrue 3DO
under development

SAFARI 14



Tesseracdystem for Graph Processing

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

Host Processor

Memory-Mapped

Accelerator Interface :
Noncacheablg Physically Addressed):
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SAFARI A h n +A Scafable Processingin-Memory Accelerator for Parallel Graph Processing | SCA 2015 .
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Communications via
Remote Function Calls

Message Queue



Prefetching

LP » PF Buffer

MTP




Tesseradbraph Processing Performanc

" >13X Performance Improvement

14
12

10 9.0x
+56% 42504 I
= BB =

DDR3-O0MMC-O00 HMC-MC TesseractTesseract-Tesseract-
LP LP-MTP

On five graph processing algorithms 13.8x

11.6x

Speedup

o N B~ OO ©

SAFARI A h n +A Scafable Processingin-Memory Accelerator for Parallel Graph Processing | SCA 20 1& .



Tesseract Graph Processing System Er

m Memory Layers m Logic Layers 1 Cores
1.2

0.8
0.6
0.4

0.2 > 8X Energy Reduction

HMC-OoO Tesseract with Prefetching

SAFARI A h n +A Scafable Processingin-Memory Accelerator for Parallel Graph Processing | SCA 201% .



More on Tesseract

A 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 I[EEE Micro.

Selected to the ISCA -50 25 - Year Retrospective Issue

covering 1996 -2020 in 2023

(Retrospective (pdf)  Full Issue ).

A Scalable Processing-in-Memory Accelerator for Parallel Graph Processing

Junwhan Ahn  Sungpack Hong®  Sungjoo Yoo Onur Mutlu’ Kiyoung Choi

junwhan@snu.ac.kr, sungpack.hong @oracle.com, sungjoo.yoo @ gmail.com, onur@cmu.edu, kchoi@snu.ac.kr

Seoul National University $Oracle Labs fCarnegie Mellon University
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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/

Possible PNM Designs

A General -purpose programmable cores ( O)
{ PIM Core }

¢ Wimpy cores (possibility of running any workload)
¢ E.g. from academia: Tesseract PIM for Graph Processing

¢ E.g. from industry: UPMEM PIM ([ cane ]

SAFARI 21



UPMEM Processing-DRAM Engine (201

Processing in DRAM Engine

Includes standard DIMM modules , with a large
number of DPU processors  combined with DRAM chips.

Replacesstandard DIMMs

¢ DDR4 RDIMM modules
8GB+128 DPUs (16 PIM chips)
Standard 2x-nm DRAM process

¢ Large amounts of compute & memory bandW|dth

% 28GB/128xDPU PIM R-DIMM Module

LIFMER LIPRAERA LIPRAE M LIPBERA LIPshAERA LIPMIERA UPRAERA UPMEN
Bl P PR PR Pt P Pl PIRA



https://www.anandtech.com/show/14750/hot-chips-31-analysis-inmemory-processing-by-upmem
https://www.upmem.com/video-upmem-presenting-its-true-processing-in-memory-solution-hot-chips-2019/

Accelerator Model (1)
AUPMEM DIMMs coexist with conventional DIMMs

Alntegration of UPMEM DIMMs in a system follows an
accelerator model

AUPMEM DIMMs can be seen adgasely coupled
accelerator

- Explicit data movement between the main processor (host
CPU) and the accelerator (UPMEM)

- Explicit kernel launch onto the UPMEM processors

AThis resembles GPU computing

SAFARI 23



System Organization (l)

A FIG. schematically illustrates a computing system comprising DRAM circuits
having integrated processors according to an example embodiment

100
x,..._/
.. 102
)
lDDR MASTER INTERFACE
2N\
|
[/,-’
- 3 oed
DRAMO % DRAE:/H \/ DRAM2 X 7 DRA&)/B
- |DDRS.L DDR S.1. " |DDRS.L DDR S.1L
108 =118 =128 =138
103 13 P | P
907 106 917116 27 926 137 936
MA MA MA MA
2 ; ; ;
( [ ( (
104 114 124 134

Fig 1
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System Organization (ll)

Aln a UPMEMased PIM system PMEM DIMMSs coexist
with regular DDR4 DIMMs
Main Memory

o [EEEE SEEe
CEEEEEEE ),

HE TEEE) w@[w@@mj@@]
R,

PIM-enabled Memory

)@
e

)G
)

Ho st
CPU
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System Organization (ll1)

AA UPMEM DIMM contain8 or 16 chips
- Thus,1 or 2 rank®f 8 chips each

Alnside each PIM chip there are:
- 8 64MB banksper chip:Main RAM (MRAM panks
- 8 DRAM Processing Units (DPUm) each chip, 64 DPUs per

Main Memory
—CEEEERER
EEEEEREEE,
Ho st
CPU
‘ ........]W
N
PIM-enabled Memory  ~~_
\
~

SAFARI

e

~

PIM Ch ip
Control/Status Interface 4—>{ DDR4 Interface ]
A : N
1 1 1 \\\
ﬁi ¥ SN\
DI \\
HHHHH
24-KB
HHHHH g —
o) (_FETCHs IRA M o
T| | READOP1 c
©| ([ READOP2 B D 64bits %‘;&AMB
2| | READOP3 ' ¢ I
§’ VVVVVVV i Ban k
ALUL
v T 64-KB § (M RAM )
—_ ALU3
© ALU4 WRAM Y
2 [ MERGE1L :5;
Q o MERGE2 )] ' PL%8
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2,560DPU System (lI)

Main Memory

@ PIM-enabled.

' memory--
Ho st ; A
CPU O 2 (R
N
N
PIM-enabled
PIM-enabled Memory
Main Memory
e
Ho st
CPU 1
N
N

PIM-enabled Memory
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CPUDPU/DPWCPU Data Transfers

A CPUDPU and DPWCPU transfers
"AOxAAT ET OO0 #0560 I AET 1T AITOU AT A

Main Memory

P

y =
Pau
Pau

t{ﬁ Jeoker
2 1= cnp | cnip | cnip | cni
= =) ‘

cru | \ oot omy £
o ;_zp  BBaE %J(%%J(a%JE]
CEEEERER,

PIM-enabled Memory

A Serial CPLDPU/DPUCPUtransfers:
- A single DPU (i.e., 1 MRAM bank)

A Parallel CPUDPU/DPUCPUtransfers:
- Multiple DPUs (i.e., many MRAM banks)

A Broadcast CPtDPUtransfers:
- Multiple DPUs with a single buffer

J>
©°<Z
\“@//
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Inter-DPU Communication

A There isno direct communication channel between DPUs

Main Memory

on<—:{( I J( A m

P 2EaE 3

b ;«Q([ﬁ B ]]]
888 s,

PIM-enabled Memory

A Inter-DPU communication takes places via the host CB&ing CPLDPU
and DPUCPU transfers

A Example communication patterns:

- Merging of partial results to obtain the final result
A Only DPUCPU transfers

- Redistribution of intermediate results for further computation
A DPUCPU transfers and CRDPU transfers

SAFARI 29




DRAM Processing Unit (1)

A FIG. 4chematically illustrates part of the computing systenfFG. in more
detail according to an example embodiment

100

SOC 143 | 102 - [
( _ - 416 412 DRAM 0
DR MASTER INTERFACE - { 410
140 - ’ 408 +
1L, - 4065, -1
DRAEV[O{; lev Dwzv DRA&\H& ”’ — \[
[Dl:oRs,le8 IDDRS,LI118 ’|szs.1.l128 |1)Dks.1._|lJS 102 RLi'RLSI'I T
|(I| 5 [ 7 | > | u_ m ( CONTROLLER 1424
107106 417116 427 926 137L"ﬁ‘t4 SOC (103 < DRAM
MA MA MA e CESS
, ) ; 7 > REFRESH PROLbSbOR425
104 14 {24 34 N CONTROL| 420 ]
el Pl b DDR BUS 4 TNSTRUCTION
\ A M
DDR v
\ AN 426-———\ 1
\ INTERFACE]| p v " PIPELINE L]
2 lesl ‘RFACE < Pl h
NP b MEMORY :i:zz‘ h
N\ < ARRAY i
\ DDR CONTROL! |LOCALMEMORY| | i} | I
N SLAVE l i 4 —
N INTERFACE L“I Y ~422 g
=423 -
S 415
\ { A 4 418 v
\ Y AR
\ G.I MEMORY ] -
\ BANK
S ) %
\ 414 )

Fig4
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DRAM Processing Unit (1)
PIM Ch ip

-

\_

SAFARI
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DPU: Arithmetic Throughput vs. Operational Intensity
PIM Ch ip

4 )

DISP ATCH
FETCH1
FETCH?2
FETCH3

READOP1

READOP2 >

READOP3
FORMAT ( h

ALU1
ALUZ 64 -KB
ALU3 4P WRAM
ALU4
MERGE1
MERGE?2

64-M B
DRAM
Ban k

(M RAM )

64 bits

gister File

y

DMA Engine

ipeline (Re

[

\_
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DPU Pipeline

Aln-order pipeline
- Upto 425 MHz

AFinegrain multithreaded
- 24 hardware threads

A14 pipeline stages
HThread selection
HInstruction fetch
- READOPRegqister file
I Operand formatting
- ALU: Operation and WRAM
- MERGEResult formatting

SAFARI
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DPU Instruction Set Architecture

L L L]
AS p e C Ifl C 3 m It I SA U instruction Set Architecture — UPMEM DPU SDK 2021.2.0 Documentation

- Aiming at scalar, in
order, and # » nstructon set Arcitctur
multithreaded
Implementation

- AI I OWI n g C 0 m p I I atl O n processor as a software developer. It is also providing an exhaustive list of the available processor
f 64 b . C d instructions.
Software developers should use this section as a reference manual to develop or debug assembly

- LLVM/Clang compiler =

Resources overview

UPMEM development tools documentation

Instruction Set Architecture

Thread registers

The system is composed of 24 hardware threads. Each of them owns a set of private resources:

e 24 general purpose 32-bits registers named re through r23

e A 16-bits wide program counter, named PC. Notice that the PC value does not address an
instruction in memory, but the index of such an instruction directly. For example, a PC
equal to 1 represents the second instruction in the DPU’s program memory.

e Two persistent flags, keeping information about the previous result of an arithmetic or
logical instruction:
o ZF: last result is equal to zero

Nienlaw a mani —— . -

https://sdk.upmem.corf2021.2.0/201_IS.html#
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More on the UPMEM PIM System

DRAM Processing Unit (1)

PIM Chip

Control/Status Interface

-

DDR4 Interface

DISPATCH

FETCH1

FETCH2

FETCH3

READOP1

READOP2

>

24-KB

Instruction =

Memory

>

READOP3

Register File

FORMAT

ALU1

ALU2

ALU3

ALU4

MERGE1

Pipeline

MERGE2

64-KB
WRAM

DMA Engine

64 bits
> 64-MB DRAM

Bank

Q ETH ZURICH HAUPTGEBAUDE

Computer Architecture - Lecture 12d: Real Processing-in-DRAM with UPMEM (ETH Ziirich, Fall 2020)

1,120 views * Oct 31, 2020

- Onur Mutlu Lectures
& 16.7K subscribers

«T >
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https://www.youtube.com/watch?v=Sscy1Wrr22A&list=PL5Q2soXY2Zi9xidyIgBxUz7xRPS-wisBN&index=26

Experimental Analysis of the UPMEM PIM Engin

Benchmarking a New Paradigm: An Experimental Analysis of
a Real Processing-in-Memory Architecture

JUAN GOMEZ-LU NA, ETH Ziirich, Switzerland

IZZAT EL HA)J, American University of Beirut, Lebanon

IVAN FERNANDEZ, ETH Ziirich, Switzerland and University of Malaga, Spain
CHRISTINA GIANNOULA, ETH Ziirich, Switzerland and NTUA, Greece
GERALDO F. OLIVEIRA, ETH Zirich, Switzerland

ONUR MUTLU, ETH Ziirich, Switzerland

Many modern workloads, such as neural networks, databases, and graph processing, are fundamentally
memory-bound. For such workloads, the data movement between main memory and CPU cores imposes a
significant overhead in terms of both latency and energy. A major reason is that this communication happens
through a narrow bus with high latency and limited bandwidth, and the low data reuse in memory-bound
workloads is insufficient to amortize the cost of main memory access. Fundamentally addressing this data
movement bottleneck requires a paradigm where the memory system assumes an active role in computing by
integrating processing capabilities. This paradigm is known as processing-in-memory (PIM).

Recent research explores different forms of PIM architectures, motivated by the emergence of new 3D-
stacked memory technologies that integrate memory with a logic layer where processing elements can be
easily placed. Past works evaluate these architectures in simulation oz, at best, with simplified hardware
prototypes. In contrast, the UPMEM company has designed and manufactured the first publicly-available
real-world PIM architecture. The UPMEM PIM architecture combines traditional DRAM memory arrays with
general-purpose in-order cores, called DRAM Processing Units (DPUs), integrated in the same chip.

This paper provides the first comprehensive analysis of the first publicly-available real-world PIM architec-
ture. We make two key contributions. First, we conduct an experimental characterization of the UPMEM-based
PIM system using microbenchmarks to assess various architecture limits such as compute throughput and
memory bandwidth, yielding new insights. Second, we present PrIM (Processing-In-Memory benchmarks),
a benchmark suite of 16 workloads from different application domains (e.g., dense/sparse linear algebra,
databases, data analytics, graph processing, neural networks, bioinformatics, image processing), which we
identify as memory-bound. We evaluate the performance and scaling characteristics of PrIM benchmarks
on the UPMEM PIM architecture, and compare their performance and energy consumption to their state-
of-the-art CPU and GPU counterparts. Our extensive evaluation conducted on two real UPMEM-based PIM
systems with 640 and 2,556 DPUs provides new insights about suitability of different workloads to the PIM
system, programming recommendations for software designers, and suggestions and hints for hardware and
architecture designers of future PIM systems.

SAFARI https://arxiv.org/pdf/2105.03814.pdf 36



https://arxiv.org/pdf/2105.03814.pdf

Recent SRC TECHCON Presentation

A Dr. Juan GomezLuna
¢ Benchmarking Memory-Centric Computing Systems: Analysis of Real
Processingin-Memory Hardware
¢ Based on two major works
A https://arxiv.org/pdf/2105.03814. pdf
A https://arxiv.org/pdf/2207.07886.pdf

Workshop o with L ies (CUT 2021)

Memory Hardware
Benchmarking Memory-Centric

Year: 2021, Pages: 1-7 Computing Systems:
DOI Bookmark: 10.1109/1GSC54211.2021.9651614 Analysis of Real Processing-in-Memory Hardwa

Juan Gémez Luna, Izzat El Hajj,
AUth ors Ivan Fernandez, Christina Giannoula,

Juan Goémez-Luna. ETH Ziirich Geraldo F. Oliveira, Onur Mutlu

Izzat El Hajj, American University of Beirut
Ivan Fernandez, University of Malaga
Christina Giannoula, National Technical University of Athens
Geraldo F. Oliveira, ETH Zurich

. nchmarking Memory-Centric Computing Systems: Analysis of Real PIM Hardware - CUT'21 Invited Talk
Onur MUtIU, ETH Zurlch Premiered Dec 6, 2021 il 22 GPDISLIKE /) SHARE L DOWNLOAD S CLP =4 SAVE ...
e
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UPMEM PIM System Summary & Analy

A Juan GomezLuna, Izzat El Hajj, lvan Fernandez, Christina Giannoula Geraldo
F. Oliveira, and Onur Mutlu,
"Benchmarking Memory -Centric Computing Systems: Analysis of Real
Processing -in-Memory Hardware"
Invited Paper at Workshop on Computing with Unconventional
Technologies (CUT), Virtual, October 2021.
[arXiv version]
[PrIM Benchmarks Source Codg¢
[Slides (pptx) (pdf)]
[Talk Video (37 minutes)]
[Lightning Talk Video (3 minutes)]

Benchmarking Memory-Centric Computing Systems:
Analysis of Real Processing-in-Memory Hardware

Juan G6émez-Luna Izzat El Hajj Ivan Fernandez Christina Giannoula Geraldo F. Oliveira Onur Mutlu
ETH Ziirich American University University National Technical ETH Ziirich ETH Ziirich
of Beirut of Malaga University of Athens
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https://www.youtube.com/watch?v=SrFD_u46EDA&list=PL5Q2soXY2Zi8_VVChACnON4sfh2bJ5IrD&index=152

Understanding a Modern PIM Architecture

Benchmarking a New Paradigm:
Experimental Analysis and
Characterization of a Real
Processing-in-Memory System

JUAN GOMEZ-LUNA', IZZAT EL HAJJ?, IVAN FERNANDEZ'-3, CHRISTINA GIANNOULA'-4,
GERALDO F. OLIVEIRA', AND ONUR MUTLU!

"ETH Ziirich

% American University of Beirut

3 University of Malaga

“National Technical University of Athens

Corresponding author: Juan Gémez-Luna (e-mail: juang @ethz.ch).

https://arxiv.ora/pdf/2105.03814.pdf
https://github.com/CMU-SAFARI/prim-benchmarks
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PrIM Benchmarks: Application Domains

Domain Benchmark Short name
_ Vector Addition VA
Dense linear algebra : :
Matrix-Vector Multiply GEMV
Sparse linear algebra Sparse MatrixVector Multiply SpMV
Select SEL
Databases :
Unique UNI
Binary Search BS
Data analytics : : :
Time Series Analysis TS
Graph processing Breadth-First Search BFS
Neural networks Multilayer Perceptron MLP
Bioinformatics NeedlemanWunsch NW
_ Image histogram (short) HSTS
Image processing :
Image histogram (large) HSTH
Reduction RED
o Prefix sum (scarscanadd) SCANSSA
Parallel primitives :
Prefix sum (reducescanscan) SCANRSS
Matrix transposition TRNS
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PrIM Benchmarks are Open Source

AAIl microbenchmarks, benchmarks, and scripts
A https://github.com/CMUSAFARI/prirbenchmarks

& CMU-SAFARI/ prim-benchmarks & Unwatch ~ 2 Y7 Star 2 % Fork 1
<> Code Issues Pull requests Actions Projects Wiki Security Insights Settings
¥ main ~  prim-benchmarks / README.md Go to file
Juan Gomez Luna PrIM -- first commit Latest commit 3de4b49 9 days ago V) History

A 1 contributor

‘= 168 lines (132 sloc) 5.79 KB Raw Blame LJ Z O

PriM (Processing-In-Memory Benchmarks)

PrIM is the first benchmark suite for a real-world processing-in-memory (PIM) architecture. PrIM is developed to evaluate,
analyze, and characterize the first publicly-available real-world processing-in-memory (PIM) architecture, the UPMEM PIM
architecture. The UPMEM PIM architecture combines traditional DRAM memory arrays with general-purpose in-order cores, called
DRAM Processing Units (DPUs), integrated in the same chip.

PrIM provides a common set of workloads to evaluate the UPMEM PIM architecture with and can be useful for programming,
architecture and system researchers all alike to improve multiple aspects of future PIM hardware and software. The workloads
have different characteristics, exhibiting heterogeneity in their memory access patterns, operations and data types, and
communication patterns. This repository also contains baseline CPU and GPU implementations of PrIM benchmarks for
comparison purposes.

Prim also includes a set of microbenchmarks can be used to assess various architecture limits such as compute throughput and
memory bandwidth.

SAFARI
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Understanding a Modern PIM Architectur

Understanding a Modern
Processing-in-Memory Architecture:
Benchmarking and Experimental Characterization

Juan Gomez Luna, lzzat El Hajj,
Ivan Fernandez, Christina Giannoula,
Geraldo F. Oliveira, Onur Mutlu

https://arxiv.org/pdf/2105.03814.pdf
https://github.com/CMU-SAFARI/prim-benchmarks

SAFAL

SAFARI Live Seminar: Understanding a Modern Processing-in-Memory Architecture

2,579 views * Streamed live on Jul 12, 2021 |‘ 93 CJllo A} SHARE =+ SAVE
@ Onur MutIu'Lectures SUBSCRIBED Q
&> 18.7K subscribers =
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More on Analysis of the UPMEM PIM Engin

Inter-DPU Communication

* There is no direct communication channel between DPUs

Main Memory
A
= =

ORAM DRAM|[ORAM |DRAN| DRAM I DRAM| DRAMN|
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ORAM||DRAM DRAM | ORAM| DRAMN DRAM DRAM| DRAN|
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o )| Caip )| g J|l Chip | Onip )| Op |

DA AL
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PIM-enabled Memory

* Inter-DPU communication takes places via the host CPU using CPU-DPU
and DPU-CPU transfers

* Example communication patterns:

- Merging of partial results to obtain the final result
* Only DPU-CPU transfers

- Redistribution of intermediate results for further computation
* DPU-CPU transfers and CPU-DPU transfers

SAFARI Live Seminar: Understanding a Modern Processing-in-Memory Architecture

1,868 views * Streamed live on Jul 12, 2021 l. 81 Jlo ) SHARE SAVE

A Qnur Mutlu Lectures ANALYTICS EDIT VIDEO
&> 17.6K subscribers

Talk Title: Understanding a Modern Processing-in-Memory Architecture: Benchmarking and
Experimental Characterization

Dr. Juan Gémez-Luna, SAFARI Research Group, D-ITET, ETH Zurich
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More on Analysis of the UPMEM PIM Engin

Data Movement in Computing Systems

* Data movement dominates performance and is a major system
energy bottleneck

* Total system energy: data movement accounts for
- 62% in consumer applications™,
- 40% in scientific applications*,

- 35%in mobile applications*
Data Movement

¢

Video Video Display
| _Encoder || Decoder | (I Engine

* Boroumand et al., “Google Workloads for Consumer Devices: Mitigating Data Movement Bottlenecks,” ASPLOS 2018
* Kestor et al.,, “Quantifying the Energy Cost of Data Movement in Scientific Applications,” IISWC 2013
* Pandiyan and Wu, “Quantifying the energy cost of data movement for emerging smart phone workloads on mobile platforms,” ISWC 2014

SAFARI
> bl W) 227/2128 O @ & (= O ]

Understanding a Modern Processing-in-Memory Arch: Benchmarking & Experimental Characterization; 21m

3,482 views * Premiered Jul 25, 2021 |. 38 0 SHARE SAVE

@ ?7!1;: Zl;tsl;itz:::llfes ANALYTICS EDIT VIDEO
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ML Training on Real PIM Systems

Juan Gomez Luna,Yuxin Guo, Sylvan Brocard, JulienLegriel, Remy Cimadomo,
Geraldo F. Oliveira, Gagandeep Singh, andOnur Mutlu,

"Evaluating Machine Learning Workloads on Memory -Centric
Computing Systems"

Proceedings of the 2023 |EEE International Symposiuim on Performance
Analysis of Systems and Software(ISPASS ), Raleigh, North Carolina, USA,
April 2023.

[arXiv version, 16 July 2022.]

[PIM-ML Source Codé

Best paper session.

An Experimental Evaluation of Machine Learning Training
on a Real Processing-in-Memory System

Juan Gémez-Luna! Yuxin Guo! Sylvan Brocard® Julien Legriel®

Remy Cimadomo? Geraldo F. Oliveira! Gagandeep Singh! Onur Mutlu?
'ETH Zirich *UPMEM

https://github.com/CMU -SAFARI/pim _-ml
SAFARI https://arxiv.org/pdf/2207.07886.pdf 49
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ML Training on a Real PIM System

Machine Learning Training on
a Real Processing-in-Memory System

Juan Gémez-Luna! Yuxin Guo! Sylvan Brocard* Julien Legriel®

Remy Cimadomo? Geraldo F. Oliveira! Gagandeep Singh! Onur Mutlu'
'ETH Ziirich “UPMEM

An Experimental Evaluation of Machine Learning Training
on a Real Processing-in-Memory System

Juan Gémez-Luna! Yuxin Guo! Sylvan Brocard® Julien Legriel?

Remy Cimadomo? Geraldo F. Oliveira! Gagandeep Singh! Onur Mutlu?
1ETH Ziirich *UPMEM

Short versionhttps://arxiv.org/pdf/2206.06022. pdf
Long versiorhttps://arxiv.ordpdf/2207.07886.pdf
https://www.youtube.cormfwatch?v-geukNs5XI13g&t=11226s
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ML Training on a Real PIM System

ANeed to optimize data representation
(1) fixedpoint
(2) quantization
(3) hybrid precision

AUselookup tables (LUTs)Yo implement complex functions
(e.g., sigmoid)

AOptimize data placement & layout forstreaming

AlLarge speedups2.8X/27X vs. CPU, 1.3x/3.2x vs. GPU
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ML Training on Real PIM Talk Video

Machine Learning Training
on a Real Processing-in-Memory System

Juan Gémez Luna, Yuxin Guo, Sylvan Brocard,
Julien Legriel, Remy Cimadomo, Geraldo F. Oliveira,
Gagandeep Singh, Onur Mutlu

https://arxiv.org/pdf/2206.06022.pdf

juang@ethz.ch

up
mza'rich SAFAR' mem

> }' ‘b 3:07:11/ 3:36:35 + Dr. Juan Gémez-Luna, "Machine Learning Training on a Real Processing-In-Memory System" >

ISVLSI 2022 Special Session on Processing-in-Memory

1,345 views + Premiered Aug 9, 2022 e 61 G DISLIKE > SHARE | DOWNLOAD ¢ CLIP =+ SAVE

m Onur Mutlu Lectures
‘t » 269K subscribers ANALYTICS EDIT VIDEO
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SpMVMultiplication on Real PIM Syster

Appears at SIGMETRICS 2022

SparseP: Towards Efficient Sparse Matrix Vector
Multiplication on Real Processing-In-Memory Systems

CHRISTINA GIANNOULA, ETH Ziirich, Switzerland and National Technical University of Athens,
Greece

IVAN FERNANDEZ, ETH Ziirich, Switzerland and University of Malaga, Spain
JUAN GOMEZ-LUNA, ETH Ziirich, Switzerland

NECTARIOS KOZIRIS, National Technical University of Athens, Greece
GEORGIOS GOUMAS, National Technical University of Athens, Greece
ONUR MUTLU, ETH Ziirich, Switzerland

https://arxiv.org/pdf/2201.05072.pdf
https://github.com/CMU -SAFARI/SparseP
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https://github.com/CMU-SAFARI/SparseP
https://www.youtube.com/watch?v=5kaOsJKlGrE

Transcendental Functions on Real PIM Sys

A Maurus Item, Juan Gémez Luna, Yuxin Guo, Geraldo F. Oliveira, Mohammad
Sadrosadat, and Onur Mutlu,
"TransPimLib: Efficient Transcendental Functions for Processing -in -
Memory Systems"
Proceedings of the 2023 |EEE International Symposiuim on Performance
Analysis of Systems and Software(ISPASS ), Raleigh, North Carolina, USA,
April 2023.
[arXiv version]
[Slides (pptx) (pdf)]
[TransPimLib Source Codég
[Talk Video (17 minutes)]

TransPimLib: Efficient Transcendental Functions
for Processing-in-Memory Systems

Maurus Item Juan Gémez-Luna Yuxin Guo
Geraldo F. Oliveira Mohammad Sadrosadati Onur Mutlu
ETH Ziirich

https://github.com/CMU -SAFARI/transpimlib
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https://ispass.org/ispass2023/
https://ispass.org/ispass2023/
https://arxiv.org/abs/2304.01951
https://people.inf.ethz.ch/omutlu/pub/TransPIMLib_ispass23-talk.pptx
https://people.inf.ethz.ch/omutlu/pub/MLonUPMEM-PIM_ispass23-talk.pdf
https://github.com/CMU-SAFARI/transpimlib
https://www.youtube.com/watch?v=lqqf4eaaEE4
https://arxiv.org/pdf/2304.01951.pdf
https://github.com/CMU-SAFARI/transpimlib

Sequence Alignment on Real PIM Systems

A SafaaDiab, Amir Nassereldine Mohammed Alser, Juan Goémez Luna, Onur
Mutlu, and lzzat El Hajj,
"A Framework for High  -throughput Sequence Alignment using Real
Processing -in-Memory Systems"
Bioinformatics _, [published online on] 27 March 2023.
[Online link at Bioinformatics Journall
[arXiv preprint]
[AIM Source Codé

A Framework for High-throughput Sequence Alignment using
Real Processing-in-Memory Systems

Safaa Diab! Amir Nassereldine! Mohammed Alser? Juan Gémez Luna ?
Onur Mutlu? Izzat El Hajj '

! American University of Beirut 2ETH Ziirich

https://github.com/CMU -SAFARI/alignment _ -in -memory

SAFARI https://arxiv.org/pdf/2208.01243.pdf o1



https://arxiv.org/pdf/2208.01243.pdf
https://arxiv.org/pdf/2208.01243.pdf
http://bioinformatics.oxfordjournals.org/
https://doi.org/10.1093/bioinformatics/btad155
https://arxiv.org/abs/2208.01243
https://github.com/CMU-SAFARI/alignment-in-memory
https://arxiv.org/pdf/2208.01243.pdf
https://github.com/CMU-SAFARI/alignment-in-memory

Homomorphic Operations on Real PIM Syst

A Harshita Gupta, Mayank Kabra, Juan GomezLuna, Konstantinos Kanellopoulos
and Onur Mutlu,
"Evaluating Homomorphic Operations on a Real -World Processing _-1In -
Memory System"
Proceedings of the 2023 IEEE International Symposium on Workload
Characterization Poster Session (ISWC ), Ghent, Belgium, October 2023.
[arXiv version]
[Lightning Talk Slides (pptx) (pdf)]
[Poster (pptx) (pdf)]

Evaluating Homomorphic Operations
on a Real-World Processing-In-Memory System

Harshita Gupta* Mayank Kabra* Juan Gémez-Luna Konstantinos Kanellopoulos = Onur Mutlu
ETH Zirich
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https://people.inf.ethz.ch/omutlu/pub/HEonRealPIM_iiswc23.pdf
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https://arxiv.org/abs/2309.06545
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https://people.inf.ethz.ch/omutlu/pub/HEonRealPIM_iiswc23-poster.pptx
https://people.inf.ethz.ch/omutlu/pub/HEonRealPIM_iiswc23-poster.pdf
https://arxiv.org/pdf/2309.06545.pdf

Accelerating Reinforcement Learning

Kailash Gogineni, Sai Santosh Dayapule, Juan GomezLuna, Karthikeya Gogineni, Peng
Wei, Tian Lan, Mohammad Sadrosadati Onur Mutlu, Guru Venkataramani,

"SwiftRL: Towards Efficient Reinforcement Learning on Real Processing -1n -
Memory Systems"

Proceedings of the 2024 |EEE International Symposium on Performance Analysis of
Systems and Software (ISPASS), Indianapolis, Indiana, May 2024.

[Slides (pptx) (pdf)]

[arXiv version]

SwiftRL: Towards Efficient Reinforcement Learning on Real
Processing-In-Memory Systems

Kailash Gogineni' Sai Santosh Dayapule' Juan Gémez-Luna® Karthikeya Gogineni’
Peng Wei! Tian Lan! Mohammad Sadrosadati* Onur Mutlu? Guru Venkataramani'

!George Washington University, USA  2ETH Ziirich, Switzerland  *Independent
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Accelerating ML Training on Real PIM Systé

A Steve Rhyner, Haocong Luo, Juan GOmezLuna, Mohammad Sadrosadati Jiawei
Jiang, Ataberk Olgun, Harshita Gupta, Ce Zhang, and Onur Mutlu,
"PIM -Opt: Demystifying Distributed Optimization Algorithms on a
Real -World Processing -In -Memory System"
Proceedings of the 33rd International Conference on Parallel Architectures and
Compilation Techniques(PACT), Long Beach, CA, USA, October 2024.
[Preliminary arXiv version

PIM-Opt: Demystifying Distributed Optimization Algorithms
on a Real-World Processing-In-Memory System

Steve Rhyner! =~ Haocong Luo!  Juan Gémez-Luna?  Mohammad Sadrosadati!
Jiawei Jiang®> Ataberk Olgun! Harshita Gupta! Ce Zhang* Onur Mutlu!

1ETH Zurich NVIDIA 3Wuhan University ~ *University of Chicago
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Accelerating GNNs on Real PIM Systems

https://arxiv.org/pdf/2402.16731

PyGim : An Efficient Graph Neural Network Library for Real
Processing-In-Memory Architectures

CHRISTINA GIANNOUVLA, University of Toronto, Canada, ETH Ziirich, Switzerland, Vector Institute,
Canada, and CentML, Canada

PEIMING YANG, University of Toronto, Canada

IVAN FERNANDEZ, Barcelona Supercomputing Center, Spain, Universitat Politécnica de Catalunya,
Spain, and ETH Ziirich, Switzerland

JIACHENG YANG, University of Toronto, Canada and Vector Institute, Canada

SANKEERTH DURVASULA, University of Toronto, Canada and Vector Institute, Canada

YU XIN LI, University of Toronto, Canada

MOHAMMAD SADROSADATI, ETH Ziirich, Switzerland

JUAN GOMEZ LUNA, NVIDIA, Switzerland

ONUR MUTLU, ETH Ziirich, Switzerland

GENNADY PEKHIMENKO, University of Toronto, Canada, Vector Institute, Canada, and CentML,

Canada
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SpMVMultiplication on Real PIM Syster

Appears in SIGMETRICS 2022

SparseP: Towards Efficient Sparse Matrix Vector
Multiplication on Real Processing-In-Memory Systems

CHRISTINA GIANNOULA, ETH Ziirich, Switzerland and National Technical University of Athens,
Greece

IVAN FERNANDEZ, ETH Ziirich, Switzerland and University of Malaga, Spain
JUAN GOMEZ-LUNA, ETH Ziirich, Switzerland

NECTARIOS KOZIRIS, National Technical University of Athens, Greece
GEORGIOS GOUMAS, National Technical University of Athens, Greece
ONUR MUTLU, ETH Ziirich, Switzerland

https://arxiv.org/pdf/2201.05072.pdf
https://github.com/CMU -SAFARI/SparseP
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Sequence Alignment on Real PIM Systems

Safaa Diab, Amir Nassereldine Mohammed Alser, Juan GoOmez Luna,Onur
Mutlu, and lzzat El Hajj,

"A Framework for High  -throughput Sequence Alignment using Real
Processing -in-Memory Systems"

Bioinformatics _, [published online on] 27 March 2023.

[Online link at Bioinformatics Journall

[arXiv preprint]

[AIM Source Codé

A Framework for High-throughput Sequence Alignment using
Real Processing-in-Memory Systems

Safaa Diab! Amir Nassereldine! Mohammed Alser? Juan Gémez Luna ?
Onur Mutlu? Izzat El Hajj '

! American University of Beirut 2ETH Ziirich

https://github.com/CMU -SAFARI/alignment _ -in-memory
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VoY UNIVERST Yo BEIRUT m / U [ [C h SA F AR’

SAFARI Research Group
FACULTY OF ARTS & SCIENCES safari.ethz.ch

Summary

A Sequence alignment on traditional systems is limited by the memory bandwidth bottleneck
A Processing -in-memory (PIM)  overcomes this bottleneck by placing cores near the memory

A Our framework, Alignment -in-Memory (AIM) , is a PIM framework that supports multiple
alignment algorithms (NW, SWG, GenASM WFA)

¢ Implemented on UPMEM, the first real PIM system
A Results showsubstantial speedups over both CPUs (1.8X -28X) and GPUs (1.2X -2.7X)

A AIM is available at:
¢ https://github.com/CMU -SAFARI/alignmentin-memory
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Possible PNM Designs

A Fixed -function units
¢ Hardware/software co-designed PIM for efficiency
¢ E.g. from academia: Mensa for NN Edge Inference
¢ E.g. fromindustry: Samsung HBM-PIM, SKhynix AiM

M-

PIM -Accelerator
N

{

),

SAFARI
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Drawbacks and Limitations of PIM

PIM designs are restricted by low area and power budgets,

manufacturing challenges , and limited clock frequencies

\

To avoid subpar performance , an efficient PIM architecture needs
to take into consideration PIM constraints

CPU-Only m PIM-Core m PIM-Acc

1.0 N N N N N :
q) |}
%’ 0.8 | § § § §
2 N | N N ™=
T 04 §5 %& 5§ §s :
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8 021 =\ §§ \a \; :
ESIN NN NN
% Texture Color Comp- Decomp- Sub-Pixel Deblocking Motion TensorFlow E
Z Tiling Blitting ression ression Interpolation Filter Estimation

Chrome Browser Video Playback and Capture
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HW/SW Co -Design for PIM

We follow a two -step approach to co -design software
and hardware to efficiently take advantage of PIM paradigm

Target Application

Step 1: Step 2:

Application Profiling Co-design SW and HW

v ! v
HW/SW performance energy
requirements  bottleneck bottleneck

high-performance
and energy -efficient
PIM architecture

We showcase our two -step approach for several applications:

1 Machine learning inference models for edge devices

) Genome sequence alignment & filtering
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HW/SW Co -Design for PIM

We follow a two -step approach to co -design software
and hardware to efficiently take advantage of PIM paradigm

Target Application

Step 1: Step 2:

Application Profiling Co-design SW and HW

v ! v
HW/SW performance energy
requirements  bottleneck bottleneck

high-performance
and energy -efficient
PIM architecture

We showcase our two -step approach for several applications:

1 Machine learning inference models for edge devices
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Google Edge Neural Network Models

We analyze inference execution using 24 edge NN models

Language Translation

r o~ - | ZRe

& V- Google Edge TPU \\N'V l_m—l

v U T A
L

Face Detection Image Captioning
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Diversity Across the Models

Insight 1 :there is significant variation

FLOP/Byte

In terms of

layer characteristics across the models

Layers from
;'CNNS and RCNNs

100000 W - NN
10000 o %308 \ ~--CNN4
10 o ¢ &

. oo S SP Do ) ~-CNN11
SR L2 e/@’y ~-CNN9
10 g >0 ®

~-CNN13
1 ‘ *>— 0o
0001  0.01 0.1 1 100 ®LSTMI
Parameter Footprint (MB) \\A
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Layers from
LSTMs and Transducers
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Diversity Within the Models

Insight 2 : even within each model, layers exhibit

significant variation

In terms of layer characteristics

For example, our analysis of edge CNN models shows:

CNN5 CNN13

6000

------

4000

FLOP/Byte

(

1

I
2000 \\:___ ]
0 ++—— ‘

1

SAFARI

Layers

Variation in MAC intensity: up to 200x across layers

Variation in FLOP/Byte: up to 244x across layers
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Mensa High -Level Overview

Edge TPU Accelerator Mensa
Model A Model B Model C Model A Model B Model C
Q o
O S
Family 1

PLLTY

S Ny,

Monolithic Accelerator
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ldentifying Layer Families

Key observation: the majority of layers group into

a small number of layer families

~<=CNN3=0=CNN4=0=CNN11=0=CNN9=e=CNN13
100000

100000 :
N Family 1 Eamil
10000 - % 10000 y TR L
‘ | Family 2 Family 5
o 1000 - G 3 01000
S 10 “‘ 29 1 & 10
“ amlly O Famlly 3 Family 4
LL L 1 -

| Famly
0.001 O. 01 0. 1 100 0.01 1 - 00
MAC (|\/|I||I0nS])

Parameter Footprlnt

Families 1 & 2: low parameter footprint, high data reuse and MAC intensity
Y compute -centric layers

Families 3,4 & 5: high parameter footprint, low data reuse and MAC intensity
Y data-centric layers
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Mensa Runtime Scheduler

The goalof Me n s a 0 srunsme Scheader as to identify
which accelerator each layer in an NN model should run on

Generated once
during initial setup

of a system
R\\\ D -
I‘x """""""" N NN model
)
[l Accelerator | | l
i characteristics | |
|
E | —{ Scheduler H Layer }
. ] Mapping
: Layer '
I | characteristics | i
\\~ ‘I‘s~ ,/l
----- ’ 7 -----‘=:~~
,// s~~~~~
‘_/ ‘~~~)
Each of the accelerators Layers tend to group
caters to together into a small
a specific family of layers number of families
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Mensa: Energy Reduction

W Total Static mPE @ Param Buffer+NoC
mAct :I?uffer+NoC m Off-chip Interconnect O DRAM
0.75 ||| ||

Normalized Energy
o
o1

0.25 - -
O*CD Dcu Dcu Da) [B) Llicu ) ) )
Cr e R E R R EcERScEESED
0D+t 50T 0T g0 g0t EDt DT DT H5OE GOt G
anJCDcnwwmwmwmmwmmmwmmwmmGJCDU)CDCDU)GJCD
cd%2ngngngngngngngngcdgE
mCD mm mm mm mm mm mm mm mm mm
LSTM1Transd.ITransd.2CNN5 | CNN9 CNN10 CNN12 RCNN1 RCNN3 Average

Mensa-G reduces energy consumption by 3.0X
compared to the b aseline Edge TPU
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Mensa: Throughput Improvement

H Base O Base+HB B Mensa

Normalized Throughput
D

LSTM1 Trans.1 Trans.2 CNN5 CNN9 CNN10 CNN12 RCNN1 RCNN3 Average

Mensa-G improves inference throughput by 3.1X
compared to the baseline Edge TPU
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Mensa: HighNzfficient ML Inference

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 Technigues(PACT), Virtual, September 2021.

[Slides (pptx) (pdf)]

[Talk Video (14 minutes)]

Google Neural Network Models for Edge Devices:
Analyzing and Mitigating Machine Learning Inference Bottlenecks

Amirali Boroumand '™ Saugata Ghose* Berkin Akin® Ravi Narayanaswami®
Geraldo F. Oliveira* Xiaoyu Ma?® Eric Shiu® Onur Mutlu*"

Y Carnegie Mellon Univ. °Stanford Uniyv. *Univ. of Illinois Urbana-Champaign YGoogle *ETH Ziirich
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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

HW/SW Co -Design for PIM

We follow a two -step approach to co -design software
and hardware to efficiently take advantage of PIM paradigm

Target Application

Step 1: Step 2:

Application Profiling Co-design SW and HW

v ! v
HW/SW performance energy
requirements  bottleneck bottleneck

high-performance
and energy -efficient
PIM architecture

We showcase our two -step approach for several applications:

) Genome sequence alignment & filtering
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Agenda

ProcessingNear-Memory Systems: Developments from
Academia & Industry

Invited Talk by Dr. Brian Schwedock :
Architectures and Programming Models for GeneralPurpose
Near-Data Computing

ProcessingUsing-Memory Systems for Bulk Bitwise Operations
Coffee Break

Ataberk Olgun:
Infrastructure for Processing-Using-Memory Research

Invited Talk by Dr. Christina Giannoula :
System Software and Libraries for Sparse Computational Kernels
In PIM Architectures

Nika Mansouri Ghiast
Storage-Centric Computing for Genomics and Metagenomics

Research Challenges for PIM & Closing Remarks
SAFARI 73



Possible PNM Designs

A Fixed -function units
¢ Hardware/software co-designed PIM for efficiency
¢ E.g. from academia: Mensa for NN Edge Inference
¢ E.g. fromindustry: Samsung HBM-PIM, SKhynix AiM

M-

PIM -Accelerator
N

{

),

SAFARI
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Samsung Functian-Memory DRAM (2021

SAFAR’ https://news.samsung.com/global/sa g-develops-ind



