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Processing-in-Memory:

Overview

Two main approaches for Processing-in-Memory:

1 Processing-Near-Memory: PIM logic is added to the same die as memory ¢

to the logic layer of 3D-stacked memory

2 Processing-Using-Memory: uses the operational principles of

memory cells to perform computation
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Processing-in-Memory:
Overview

Two main approaches for Processing-in-Memory:

2 Processing-Using-Memory: uses the operational principles of
memory cells to perform computation
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Inside a DRAM Chip
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DRAM Cell Operation
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DRAM Cell Operation (1/3)

1. raise wordline 1 YoWNpp+ 6

1. ACTIVATE (ACT)

3. capacitor tisagelhiargstorbitline

4. amplify deviation
in the bitline

3. enable
sense amplifier
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DRAM Cell Operation (2/3)

2. READ/WRITE

. =) read/write charge

latched in sense amplifier
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DRAM Cell Operation (3/3)

1. lower

wordline

3. disable
sense amplifier
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2. precharge bitline for next access
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RowClone: In-DRAM Row Copy

Transfer
row

4 Kbytes

I8 bits

Idea: Two consecutive ACTivates

Negligible HW cost

Step 1: Activate row A

Step 2: Activate row B

DRAM subarray

PUTPPP PPV IT PRV PP PT T IITT] Row Buffer (4 Kbytes)

[ 11.6X latency reduction, 74X energy reduction ]




RowClone: Intra-Subarray
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RowClone: Inter-Bank
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Generalized RowClone

Inter Subarray Copy )
(Use Inter-Bank Copy Twice) —
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RowClone: Latency and Energy Savings

M Baseline
W Inter-Bank

M Intra-Subarray
M Inter-Subarray

1.2

[N
|

A

74x

o
(00)
|

o
~
|

Normalized Savings
o
(@)

O
o
|

Latency Energy

Seshadri et al., "RowClone: Fast and Efficient In-DRAM Copy and
Initialization of Bulk Data,” MICRO 2013.
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More on RowClone

Vivek Seshadri, Yoongu Kim, Chris Fallin, Donghyuk Lee, Rachata
Ausavarungnirun, Gennady Pekhimenko, Yixin Luo, Onur Mutlu, Michael A.
Kozuch, Phillip B. Gibbons, and Todd C. Mowry,

"RowClone: Fast and Energy-Efficient In-DRAM Bulk Data Copy and
Initialization"

Proceedings of the 46th International Symposium on Microarchitecture

(MICRO), Davis, CA, December 2013. [Slides (pptx) (pdf)] [Lightning Session
Slides (pptx) (pdf)] [Poster (pptx) (pdf)]

RowClone: Fast and Energy-Efficient
In-DRAM Bulk Data Copy and Initialization

Vivek Seshadri Yoongu Kim Chris Fallin” Donghyuk Lee

vseshadr@cs.cmu.edu yoongukim@cmu.edu cfallin@cif.net donghyuki@cmu.edu

Rachata Ausavarungnirun Gennady Pekhimenko Yixin Luo
rachata@cmu.edu gpekhime@cs.cmu.edu  yixinluo@andrew.cmu.edu

Onur Mutlu Phillip B. Gibbons? Michael A. Kozucht Todd C. Mowry

onur@cmu.edu phillip.b.gibbons@intel.com michael.a.kozuch@intel.com tcm@cs.cmu.edu

Carnegie Mellon University fIntel Pittsburgh
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Lecture on RowClone & Processing using DRAM
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https://www.youtube.com/watch?v=n6Pwg1qax_E&list=PL5Q2soXY2Zi_7UBNmC9B8Yr5JSwTG9yH4&index=4

RowClone Extensions and Follow-Up Work

= Can we do faster inter-subarray copy?
o Yes, see LISA [Chang et al., HPCA 2016]

= Can we enable data movement at smaller granularities
within a bank?

o Yes, see FIGARO [Wang et al., MICRO 2020]

= Can we do better inter-bank copy?
a Yes, see Network-on-Memory [CAL 2020]

= Can similar ideas and DRAM properties be used to perform
computation on data?

a Yes, see Ambit [Seshadri et al., CAL 2015, MICRO 2017]
o Yes, see SIMDRAM [Hajinazar & Oliveira, ASPLOS 2021]
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Network-On-Memory: Fast Inter-Bank Copy

Seyyed Hossein SeyyedAghaei Rezaei, Mehdi Modarressi, Rachata
Ausavarungnirun, Mohammad Sadrosadati, Onur Mutlu, and Masoud
Daneshtalab,

"NoM: Network-on-Memory for Inter-Bank Data Transfer in
Highly-Banked Memories"”

[EEE Computer Architecture Letters (CAL), 2020.

NoM: NETWORK-ON-MEMORY FOR INTER-BANK DATA TRANSFER IN HIGHLY-BANKED MEMORIES

Seyyed Hossein SeyyedAghaei Rezaei’ Mehdi Modarressi®:3 Rachata Ausavarungnirun?
Mohammad Sadrosadati?® Onur Mutlu# Masoud Daneshtalab®
"University of Tehran 2King Mongkut's University of Technology North Bangkok 3Institute for Research in Fundamental Sciences
4ETH Zurich *Malardalens University
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LISA: Increasing Connectivity in DRAM

= Kevin K. Chang, Prashant J. Nair, Saugata Ghose, Donghyuk Lee,
Moinuddin K. Qureshi, and Onur Mutlu,
"Low-Cost Inter-Linked Subarrays (LISA): Enabling Fast
Inter-Subarray Data Movement in DRAM"
Proceedings of the 22nd International Symposium on High-
Performance Computer Architecture (HPCA), Barcelona, Spain,
March 2016.
[Slides (pptx) (pdf)]
[Source Code]

Low-Cost Inter-Linked Subarrays (LISA):
Enabling Fast Inter-Subarray Data Movement in DRAM

Kevin K. Chang, Prashant J. Nair*, Donghyuk Lee', Saugata Ghose', Moinuddin K. Qureshi*, and Onur Mutlu'
T Carnegie Mellon University — *Georgia Institute of Technology
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Moving Data Inside DRAM?

IIIII

Goal: Provide a new substrate to enable

Bank = _ 5l2'
gl rows

Bank DRAM
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DRAM

wide connectivity between subarrays




Key Idea and Applications

* Low-cost Inter-linked subarrays (LISA)
— Fast bulk data movement between subarrays
— Wide datapath via isolation transistors: 0.8% DRAM chip area

| Subarray | |

—1 —| —|

AL AL --- AL A

| Subarray 2 |
* LISA is a versatile substrate — new applications
Fast bulk data copy: Copy latency 1.363ms—0.148ms (9.2x)
— 66% speedup, -55% DRAM energy

In-DRAM caching: Hot data access latency 48.7ns—21.5ns (2.2x)
— 5% speedup

Fast precharge: Precharge latency 13.1ns—5.0ns (2.6x)
— 8% speedup
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More on LISA

Kevin K. Chang, Prashant J. Nair, Saugata Ghose, Donghyuk Lee,
Moinuddin K. Qureshi, and Onur Mutlu,

"Low-Cost Inter-Linked Subarrays (LISA): Enabling Fast
Inter-Subarray Data Movement in DRAM"

Proceedings of the 22nd International Symposium on High-
Performance Computer Architecture (HPCA), Barcelona, Spain,
March 2016.

[Slides (pptx) (pdf)]

[Source Code]

Low-Cost Inter-Linked Subarrays (LISA):
Enabling Fast Inter-Subarray Data Movement in DRAM

Kevin K. Chang, Prashant J. Nair*, Donghyuk Lee', Saugata Ghose', Moinuddin K. Qureshi*, and Onur Mutlu'
T Carnegie Mellon University — *Georgia Institute of Technology
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FIGARO: Fine-Grained In-DRAM Copy

Yaohua Wang, Lois Orosa, Xiangjun Peng, Yang Guo, Saugata Ghose,
Minesh Patel, Jeremie S. Kim, Juan Gomez Luna, Mohammad
Sadrosadati, Nika Mansouri Ghiasi, and Onur Mutlu,

"FIGARO: Improving System Performance via Fine-Grained In-
DRAM Data Relocation and Caching”

Proceedings of the 53rd International Symposium on

Microarchitecture (MICRO), Virtual, October 2020.

FIGARO: Improving System Performance
via Fine-Grained In-DRAM Data Relocation and Caching

Yaohua Wang* Lois Orosal  Xiangjun Peng®* Yang Guo* Saugata Ghose®* Minesh Patel
Jeremie S. Kim Juan Gomez Lunal Mohammad Sadrosadati® Nika Mansouri Ghiasi! Onur Mutluf?

*National University of Defense Technology TETH Ziirich  © Chinese University of Hong Kong
©University of Illinois at Urbana—Champaign iC.tzrm;’gie Mellon University 8 Institute of Research in Fundamental Sciences
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In-Memory Bulk Bitwise Operations

We can support in-DRAM COPY, ZERO, AND, OR, NOT, MAJ
At low cost

Using inherent analog computation capability of DRAM

o Idea: activating multiple rows performs computation

30-60X performance and energy improvement

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

New memory technologies enable even more opportunities
o Memristors, resistive RAM, phase change mem, STT-MRAM, ...
o Can operate on data with minimal movement
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In-DRAM AND/OR: Triple Row Activation
YV ppto
P 0 l .4; . 2Vppt

Final State
AB + BC + AC

| %,

SAFARI Seshadri+, “Fast Bulk Bitwise AND and OR in DRAM" IEEE CAL 2015. 24




More on In-DRAM Bulk AND/OR

Vivek Seshadri, Kevin Hsieh, Amirali Boroumand, Donghyuk
Lee, Michael A. Kozuch, Onur Mutlu, Phillip B. Gibbons, and
Todd C. Mowry,

"Fast Bulk Bitwise AND and OR in DRAM"

IEEE Computer Architecture Letters (CAL), April 2015.

Fast Bulk Bitwise AND and OR in DRAM

Vivek Seshadri*, Kevin Hsieh*, Amirali Boroumand*, Donghyuk Lee*,
Michael A. Kozuchf, Onur Mutlu*, Phillip B. Gibbons', Todd C. Mowry*

*Carnegie Mellon University fIntel Pittsburgh
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In-DRAM NOT": Dual Contact Cell

d-wordline

dual-contact
cell (DCC)

n-wordline | = Id €a.

I ’ Feed the
amplifir ANV negated value
in the sense amplifier
into a special row

|_ IE
bitline

bitline
Figure 5: A dual-contact

cell connected to both
ends of a sense amplifier

Seshadri+, "Ambit: In-Memory Accelerator for Bulk Bitwise Operations using Commodity DRAM Technology,” MICRO 2017.
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In-DRAM NOT Operation

Initial State After Charge Sharing Activated d-wordline Activated n-wordline

Figure 5: Bitwise NOT using a dual contact capacitor

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

SAFARI 27



Ambit vs. DDR3: Performance and Energy

Performance Improvement
B Energy Reduction

/0
gg 32X 35X
40 I \ﬁ
30
20
10 I I

0

& \OK & & 3
& & N
& +

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

BitWeaving
Bitmap indices (database queries)
(database indexing)
| BitFunnel
Bulk Bitwise (web search)
Set operations Operations
DNA
sequence mapping

Encryption algorithms

[1] Li and Patel, BitWeaving, SIGMOD 2013
SAFAR’ [2] Goodwin+, BitFunnel, SIGIR 2017



Example Data Structure: Bitmap Index

Alternative to B-tree and its variants
Efficient for performing range queries and joins
Many bitwise operations to perform a query

age<18 18<age<25 25<age<60 age>60
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Performance: Bitmap Index on Ambit

=
Y
o

|

00 _: [ 1 Baseline I Ambit ool b,

Execution Time
of the Query (ms)

2-weeks 3-weeks 4-weeks 2-weeks 3-weeks 4-weeks
8 million users 16 million users

Figure 10: Bitmap index performance. The value above each
bar indicates the reduction in execution time due to Ambit.

>5.4-6.6X Performance Improvement

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

‘select count(*) from T where cl <= val <= c2’

13 _ ROW Count (]") _ D 1m . 2m D 4m . 8m ..................................

Speedup offered by Ambit

16 24
Number of Bits per Column (b)

Figure 11: Speedup offered by Ambit over baseline CPU with
SIMD for BitWeaving

Seshadri+, "Ambit: In-Memory Accelerator for Bulk Bitwise Operations using Commodity DRAM Technology,” MICRO 2017.
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More on In-DRAM Bulk AND/OR

Vivek Seshadri, Kevin Hsieh, Amirali Boroumand, Donghyuk
Lee, Michael A. Kozuch, Onur Mutlu, Phillip B. Gibbons, and
Todd C. Mowry,

"Fast Bulk Bitwise AND and OR in DRAM"

IEEE Computer Architecture Letters (CAL), April 2015.

Fast Bulk Bitwise AND and OR in DRAM

Vivek Seshadri*, Kevin Hsieh*, Amirali Boroumand*, Donghyuk Lee?,
Michael A. Kozuchf, Onur Mutlu*, Phillip B. Gibbons', Todd C. Mowry*

*Carnegie Mellon University fIntel Pittsburgh
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More on In-DRAM Bitwise Operations

Vivek Seshadri et al., "Ambit: In-Memory Accelerator
for Bulk Bitwise Operations Using Commodity DRAM

Technology,” MICRO 2017.

Ambit: In-Memory Accelerator for Bulk Bitwise Operations
Using Commodity DRAM Technology

Vivek Seshadri’® Donghyuk Lee?® Thomas Mullins®>® Hasan Hassan! Amirali Boroumand®
Jeremie Kim*® Michael A. Kozuch® Onur Mutlu®® Phillip B. Gibbons® Todd C. Mowry”®

'Microsoft Research India “NVIDIA Research 3Intel ?ETH Ziirich °Carnegie Mellon University
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More on In-DRAM Bulk Bitwise Execution

Vivek Seshadri and Onur Mutlu,

"In-DRAM Bulk Bitwise Execution Engine"

Invited Book Chapter in Advances in Computers, to appear
in 2020.

[Preliminary arXiv version]

In-DRAM Bulk Bitwise Execution Engine

Vivek Seshadri Onur Mutlu
Microsoft Research India ETH Zurich

visesha@microsoft.com onur .mutlu@inf.ethz.ch
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Outline

Processing-Using-Memory (PUM) Solutions
o Review of DRAM Background, RowClone, and Ambit

o SIMDRAM & MIMDRAM: Generalizing PUM Computing
o pLUTo: Extending Operation Support with LUTs

o PUM in Off-the-Shelf DRAM Chips

o PUM Beyond Boolean/Arithmetic and DRAM

Processing-Near-Memory (PNM) Solutions
o Overview

o Accelerating Neural Networks & Databases
o Real PNM Systems

Barriers for Adoption (and Current Solutions)
Conclusion
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SIMDRAM Framework

= Nastaran Hajinazar, Geraldo F. Oliveira, Sven Gregorio, Joao Dinis Ferreira, Nika Mansouri
Ghiasi, Minesh Patel, Mohammed Alser, Saugata Ghose, Juan Gomez-Luna, and Onur Mutlu,
"SIMDRAM: An End-to-End Framework for Bit-Serial SIMD Computing in DRAM"
Proceedings of the 26th International Conference on Architectural Support for Programming
Languages and Operating Systems (ASPLOS), Virtual, March-April 2021.
[2-page Extended Abstract]
[Short Talk Slides (pptx) (pdf)]
[Talk Slides (pptx) (pdf)]
[Short Talk Video (5 mins)]
[Full Talk Video (27 mins)]

SIMDRAM: A Framework for
Bit-Serial SIMD Processing using DRAM

*Nastaran Hajinazar!2 *Geraldo F. Oliveira' Sven Gregorio® Jodo Dinis Ferreira’
Nika Mansouri Ghiasi' Minesh Patel’ Mohammed Alser! Saugata Ghose?
Juan Gémez-Luna! Onur Mutlu?
1ETH Ziirich 2Simon Fraser University 3University of Illinois at Urbana—Champaign
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https://people.inf.ethz.ch/omutlu/pub/SIMDRAM_asplos21-talk.pptx
https://people.inf.ethz.ch/omutlu/pub/SIMDRAM_asplos21-talk.pdf
https://www.youtube.com/watch?v=g0fE1c7w0xk&list=PL5Q2soXY2Zi8_VVChACnON4sfh2bJ5IrD&index=115
https://www.youtube.com/watch?v=bas9U7djW_8&list=PL5Q2soXY2Zi8_VVChACnON4sfh2bJ5IrD&index=116
https://arxiv.org/abs/2105.12839

SIMDRAM Key Idea

* SIMDRAM: An end-to-end processing-using-DRAM
framework that provides the , the
,and the for:

- Efficiently computing complex operations in DRAM

- Providing the ability to implement arbitrary operations as
required

- Using an in-DRAM massively-parallel SIMD substrate that
requires minimal changes to DRAM architecture
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SIMDRAM: PuM Substrate

* SIMDRAM framework is built around a DRAM substrate
that enables two techniques:

(1) Vertical data layout (2) Majority-based computation
most significant bit (MSB) C,.=AB + AC,, + BC,,
; A
§ § B Cout
g 2
h 3 Cin
- 2 \_ -

least significant bit (LSB)

Pros compared to AND/OR/NOT-
based computation:

Pros compared to the
conventional horizontal layout:

* Implicit shift operation * Higher performance
* Massive parallelism * Higher throughput
SAFARI * Lower energy consumption 39



SIMDRAM Framework: Overview

’————~ p = = mm =

User Input [ Step 1: Generate { Step 2: Generate \ SIMDRAM Output
- ; MA] logic sequence o
. Desired operation | Mgl L sequenceof | T e SIMDRAM pProgram
.:b. "‘: I ;. ‘E : lllllllllllllllllllllllllllllllllllllllllllllllll :
. i1l [acT/PRE uProgram I
B () I Py e W I...E
: o o I'| acT/prE Main memory
S [ —— ‘11 | act/acT/PRE g :
AND/OR/NOT logic \ MAJ/NOTlogic J 1 | done | bbop-new e
- - - New SIMDRAM

Program
N\ _'u_ _g — — ¢ | instruction

—_—_—_—_—_——~

User Input 7  Step 3: Execution according to pProgram  \ SIMDRAM Output
SIMDRAM-enabled application ! e —— . | Instruction result
"“Eg-c.)"""(")- ..... ‘.[ .................................... y g I ;: _? ACT/PRE I in memory

I E ACT/PRE I :“ -------------------------
I:%I i_, | AcT/PRE 1| m B
bbop_new ACT/PRE/PRE E g
H S LLLLELLE D>
i} E o e done | S |
et eeeteeseseasaseneasenenanennanennanenennanennanenns? i l Control Unit UProgram | 2 <<
\ y 2 s
N - — - Memory Controller ___ _
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SIMDRAM Framework: Step 1

N N N - .y

User Input f Step1 Generate

Desired operation 1 ...MAlogic |

............................................... ’ L -
1 @ 'Ii>

E’_LDD M -

RSV 4 | e I

AND/OR/NOT logic \ MA]/NOTIOQI'C, l
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Step 1: Naive MA]J/NOT Implementation

A — — A

— ( amw B @ C outputis “1” only when A=B =“1"
B o i) 0
C outputis “0” only when A =B =“0"

w >
e
- >

SAFARI



Step 1: Efficient MAJ/NOT Implementation

rTTTTTTTT TS S Greedy r-T T T m= .
( \I optimization | :
(@ Al | algorithm* A ,
| Be | | |
| Part 2 B Cout I
T ) (' ol I, :
\ G — ! '

e e e o e e e e e e o e / \ -~ o e e e e o e . - /

Step 1 generates an optimized
MAJ/NOT-implementation of the desired operation

4 L. Amaru et al, “Majority-Inverter Graph: A Novel Data-Structure and Algorithms for Efficient Logic Optimization”, DAC, 2014.
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SIMDRAM Framework: Step 2

User Input

Desired operation

---------------------------------------------
.
o,

‘‘‘‘‘
------------------------------------------

AND/OR/NOT logic

SAFARI

---------------------------------
. .

0
. o
TamssssssssssEssEssmsnnEnmnnnns®

’____~

[ Step 2: Generate \ SIMDRAM Output
| sequence of [
| DRAM commands | NeWSIMDRAM,uProgram
I ACT/PRE ul uProgram I
| Act/ere | R N ———— i
I ACT/PRE I Main memory
I ACT /ACT/ PRE 4 R .
bep_neW E ......... D>
| | done | :
)| New SIMDRAM
\ uProgram . .
= = = = | [nstruction
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Step 2: uProgram Generation

* uProgram: A series of microarchitectural operations
(e.g., ACT/PRE) that SIMDRAM uses to execute SIMDRAM
operation in DRAM

* Goal of Step 2: To generate the uProgram that executes
the desired SIMDRAM operation in DRAM

Task 1: Allocate DRAM rows to the operands

Task 2: Generate pProgram

SAFARI 45



Step 2: uProgram Generation

* pnProgram: A series of microarchitectural operations
(e.g., ACT/PRE) that SIMDRAM uses to execute SIMDRAM
operation in DRAM

* Goal of Step 2: To generate the Program that executes
the desired SIMDRAM operation in DRAM

Task 1: Allocate DRAM rows to the operands

Task 2: Generate pProgram
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Task 1: Allocating DRAM Rows to Operands

* Allocation algorithm considers two constraints specific to
processing-using-DRAM

0000000000060¢
100 000000000000
50006606566 0668
0000000000000
000000006006008
PIIIIIIVIILRT
FO!O!0!0!&0!0!0!0!0!0!0!0!0
20TV IDL
(OGS OS S S S DS S

OO0 0000000

Constraint 1:
Limited number of rows
reserved for computation

regular
row decode

Compute
rows

subarray organization
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Task 1: Allocating DRAM Rows to Operands

* Allocation algorithm considers two constraints specific to
processing-using-DRAM

05606600606 00¢
999900009909 999
OO O OO OO0 OOOO0O0
00 080860000008
000000006006008
2090900909090 0099¢
FO!O!@!O!&0!0!0!0!0!0!0!0!0
DOV OV OG
(OGS OS S S S DS S

OO0 0000000

Constraint 2:
Destructive behavior
of triple-row activation

regular
row decode

Overwritten
with MAJ output

subarray organization
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Task 1: Allocating DRAM Rows to Operands

* Allocation algorithm:

* Assigns as many inputs as the number of free compute rows

* All three input rows contain the MA]J output and can be reused

0000000990000
2009000090022¢

pmmmEEEEEEEEEES « Allocation .”.’......’.’
Il A : algorithm ...".””.’.
: o 2900099992222
' " SO OHEPH SO

00000000 GO0 &
POOPOOOP P00
20RO POOC
OOV RIIID2T

\

——————————————

. COllt
Triple-row C
. . out
activation
COUt

SAFARI
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Step 2: uProgram Generation

* pnProgram: A series of microarchitectural operations
(e.g., ACT/PRE) that SIMDRAM uses to execute SIMDRAM
operation in DRAM

* Goal of Step 2: To generate the Program that executes
the desired SIMDRAM operation in DRAM

Task 1: Allocate DRAM rows to the operands

Task 2: Generate pProgram

SAFARI 50



Task 2: Generate an Initial pProgram

( , )
o-
BJ* >
B4y
~ / 1. Generate
uProgram

SAFARI
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Task 2: Optimize the pProgram

4 )
A
B Cout
Cin
- J
SAFARI

)

1. Generate
uProgram

Initial pProgram

1. Copy A to reserved row

3. Copy C,, to reserved row

(ACT/ACT/PRE)

2. Copy B to reserved row

(ACT/ACT/PRE)

(ACT/ACT/PRE)

4. Execute MA]
(ACT/PRE)

5. Copy C,, to destination row

(ACT/PRE)

/

*

2. Optimize
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Task 2: Optimize the pProgram

Initial pProgram

1.

2.

4 ™
A
B Cout
Cin
\_ Y,
SAFARI

)| .

.

A to reserved row

(ACT/ACT/PRE)

B to reserved row

(ACT/ACT/PRE)

C,, toreserved row

(ACT/ACT/PRE)

/

*

2. Optimize

53



Task 2: Optimize the pProgram

Initial pProgram

T ~

4 N

A

B Cout >

Cin
- ) |

4. Execute MA]
(ACT/PRE)
> Merge
5. Copy C,, to destination row MA] + row copy

(ACT/PRE) / y

2. Optimize
SAFARI 3



Task 2: Optimize the pProgram

Optimized pProgram
4 A\
1. CopyA, B, G,

4 ) toreserved rows Coalesce
A (ACT/ACT/PRE) row copies
B COllt
Cip ,l: J

g /

2. Execute MAJ and
copy C,,; to destination row
(ACT/ACT/PRE)

\ /

*

Merge
MA] + row copy

2. Optimize
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Task 2: Generate N-bit Computation

* Final pProgram is optimized and computes the desired
operation for operands of N-bit size in a bit-serial fashion

Optimized pProgram

/ Repeat N times: \

1. CopyA B, G,

4 ) to reserved rows
A (ACT/ACT/PRE)
B Cout >
Cin

\ J

2. Execute MAJ and
copy C,,; to destination row
(ACT/ACT/PRE)

. J

T 4

2. Optimize 3. Generate N-bit
computation

SAFARI



Task 2: Generate pProgram

* Final pProgram is optimized and computes the desired
operation for operands of N-bit size in a bit-serial fashion

Final pProgram

e

Stored in a reserved DRAM
region
for future use

A new SIMDRAM

| instruction (called bbop_new)
added to CPU ISA
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SIMDRAM Framework: Step 3

User Input Step 1: Generate Step 2: Generate SIMDRAM Output
; ; MA] logic sequence of
Desired operation | —  ...ilidl i
Legslred operation -, DRAM commands NeWSIMDRAM,uProgram
ACT/PRE | | #Program I
oy ) o e [ T §
ACT/PRE Main memory
............................................... ACT/ACT/PRE faf grrmmerewmsmeesees
. b s bhbon new  tesssssess >
AND/OR/NOT logic MAJ/NOT logic done || i.. bbop-new
New SIMDRAM
uProgram
instruction
User Input 7 Step 3: Execution according to uProgram \ SIMDRAM Output
SIMDRAM-enabled application | I | Instruction result
‘,foo() ..... { .................................... - I ; ACT/PRE I in memory
E I E ; ACT/PRE I :“ -------------------------
N i _, | acT/PRE N
bbop_new I::>I : ACT/PRE/PRE > |
: : DT >
} I i—— done N H
............................................................. I Control Unit puProgram 1 | <
\ Memory Controller / L .

SAFARI
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Step 3: uProgram Execution

« SIMDRAM control unit: handles the execution of the
uProgram at runtime

* Upon receiving a bbop instruction, the control unit:

1. Loads the pProgram corresponding to SIMDRAM operation

2. Issues the sequence of DRAM commands (ACT/PRE) stored
in the pProgram to SIMDRAM subarrays to perform the in-

DRAM operation
User Input Step 3: Execution according to uProgram SIMDRAM Output
SIMDRAM-enabled application (Instruction resuT?\l
“foo() ..... { .................................... ACT /PRE in memory
RO PR ——
ACT /PRE 1
bbop new E'1> ACT/ACT/PRE E
E : ] : : \ ......... >
: : 5 i done B~ :
: } I D e * QO :
............................................................. Control Unit UProgram j k“ J
K Memory Controller j '
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System Integration

Efficiently transposing data
Programming interface

Handling page faults, address translation,
coherence, and interrupts

Handling limited subarray size

Security implications

Limitations of our framework

SAFARI
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Transposing Data

* SIMDRAM operates on vertically-laid-out data

* Other system components expect data to be laid

out horizontally

Challenging to share data between SIMDRAM and CPU
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Transposition Unit

Transforms the data layout from horizontal to vertical, and vice versa

Last-Level Cache

1 — |

4: Object Tracker grosssensey

= ! |— 5 (0T)

- Horizontal — Vertical I

= Transpose : Vertical — Horizontal
e Transpose

u o E | e Rem———

— Transpose Buffer : :
8 ' Transpose Buffer |
2. L ..........................

VA Y L teessssssssssssssssasnssnanast?

o Store Unit : $

E ' — Fetch Unit

Memory Controller
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Efficiently Transposing Data

Low impact on the throughput of
SIMDRAM operations
Low area cost (0.06 mm?in 22nm tech. node)
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Throughput Analysis
Average normalized throughput across all 16 SIMDRAM

operations
O SIMDRAM - 1 Bank D SIMDRAM - 4 Banks @ SIMDRAM - 16 Banks
5 100.0 - 88.0
Q.
=
D 22.0 516
S =
= 5 7.9
= #0079 55 5.8
85
S = 15 2.0
S& 10 04
) CPU GPU Ambit
T
2
<C

<
p—
|

SIMDRAM significantly outperforms
all state-of-the-art baselines for a wide range of operations
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Energy Analysis

Average normalized energy efficiency across all 16
SIMDRAM operations

O SIMDRAM - 1 Bank O SIMDRAM - 4 Banks 0 SIMDRAM - 16 Banks

_ J000 -
§ g 257
S &
£ ~100 -
. 2
L ©
S =2
=5 10 -
S 2.6
5 :
=35
1
CPU GPU Ambit

SIMDRAM is more energy-efficient than
all state-of-the-art baselines for a wide range of operations

SAFARI
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Real-World Applications

Average speedup across 7 real-world applications

OSIMDRAM - 1 Bank  OSIMDRAM - 4 Banks @ SIMDRAM - 16 Banks
100.0 -

kS
S
go 21.0 17.5
. 100 - 8.7 7.3
Q.
§ 3.0 21 25
S 0.3 09
ED 1.0 —
@ CPU GPU Ambit
Z
0.1 -

SIMDRAM effectively and efficiently accelerates
many commonly-used real-world applications
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SIMDRAM Conclusion
« SIMDRAM:

- Enables efficient computation of a flexible set and wide range
of operations in a PuM massively parallel SIMD substrate

- Provides the hardware, programming, and ISA support, to:

» Address key system integration challenges

* Allow programmers to define and employ new operations without
hardware changes

SIMDRAM is a promising PuM framework
 (Can ease the adoption of processing-using-DRAM

architectures
* Improves the performance and efficiency of processing-
using-memory architectures

SAFARI
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Lecture on SIMDRAM

Step 3: pProgram Execution s

» SIMDRAM control unit: handles the execution of the EE S
uProgram at runtime

* Upon receiving a bbop instruction, the control unit:

1. Loads the pProgram corresponding to SIMDRAM operation

2. Issues the sequence of DRAM commands (ACT/PRE) stored
in the pProgram to SIMDRAM subarrays to perform the in-

DRAM operation
User Input Step 3: Execution according to uProgram SIMDRAM Output
SIMDRAM-enabled application | | v, (1nstruction requZ\
1 k ACT/PRE

: : : | act/ere
2 i | acT/PRE
f | i | AcT/ACT/PRE

{00 () {

bbop new

Processing-in-Memory Course: Lecture 13: Bit-Serial SIMD Processing using DRAM - Spring 2022

512 views « Streamed live on Jun 2, 2022 E& 33 gj:l DISLIKE A> SHARE % CLIP =+ SAVE
e Onur Mutlu Lectures SUBSCRIBED A
< ‘ )»  25.9Ksubscribers =

SAFARI https://youtu.be/pmZoAAhvkRQ



https://youtu.be/pmZoAAhvkRQ

SIMDRAM: Follow-Ups

Limitations of current substrate?
Computing granularity

Data layout conversion
High-latency bit-serial operations
Assembly-like programming model
Application scope

o 0o O 0o O O

We are working on even better processing-using-memory
substrates

2 One step at a time!

SAFARI

69



27d Workshop on
Memory-Centric Computing:
Processing-Using-Memory - Part 1

Dr. Geraldo F. Oliveira
https://geraldofojunior.github.io

ICS 2025
08 June 2025
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