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Two PIM Approaches

5.2. Two Approaches: Processing Using Memory
(PUM) vs. Processing Near Memory (PNM)

Many recent works take advantage of the memory
technology innovations that we discuss in Section 5.1/
to enable and implement PIM. We find that these works
generally take one of two approaches, which are cat-
egorized in Table 1: (1) processing using memory or
(2) processing near memory. We briefly describe each
approach here. Sections 6 and 7 will provide example
approaches and more detail for both.

Table 1: Summary of enabling technologies for the two approaches to
PIM used by recent works. Adapted from [341] and extended.

Example Enabling Technologies

SRAM

DRAM
Processing Using Memory Phase-change memory (PCM)
Magnetic RAM (MRAM)
Resistive RAM (RRAM)/memristors
Logic layers in 3D-stacked memory
Silicon interposers
Logic in memory controllers
Logic in memory chips (e.g., near bank)
Logic in memory modules
Logic near caches
Logic near/in storage devices

Approach

Processing Near Memory

Onur Mutlu, Saugata Ghose, Juan Gomez-Luna, and

Rachata Ausavarungnirun,
" H

A Modern Primer on Processing in Memory"
Invited Book Chapter in Emerging Computing: From
VYon Neumann, Springer, 2022.

[ . . " ~

Systems" (1 hour 51 minutes)]

. . ]
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https://people.inf.ethz.ch/omutlu/pub/ModernPrimerOnPIM _springer-emerging-computing-bookchapter21.pdf



https://people.inf.ethz.ch/omutlu/pub/ModernPrimerOnPIM_springer-emerging-computing-bookchapter21.pdf
https://people.inf.ethz.ch/omutlu/projects.htm
https://people.inf.ethz.ch/omutlu/projects.htm
https://people.inf.ethz.ch/omutlu/projects.htm
https://www.youtube.com/watch?v=H3sEaINPBOE
https://www.youtube.com/watch?v=H3sEaINPBOE
https://people.inf.ethz.ch/omutlu/pub/ModernPrimerOnPIM_springer-emerging-computing-bookchapter21.pdf

Processing-Using-Memory (PUM)

* PUM: Exploits analog operational principles of the
memory circuitry to perform computation
- Exploits internal connectivity to move data
- Leverages the large internal bandwidth and parallelism

available inside the memory arrays

* A common approach for PUM architectures is to

perform bulk bitwise operations
- Simple logical operations (e.g., AND, OR, XOR)

- More complex operations (e.g., addition, multiplication)
SAFARI



DRAM Operation



Inside a DRAM Chip

Subarray
(2D Array
of DRAM Cells)

Sense Amplifiers

Row Buffer

DRAM Chips
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DRAM Cell Operation

wordline
1
bitline
ac
storage . ce.s:
. ransistor
capacitor
enable
sense
amplifier
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DRAM Cell Operation (1)

1. raise wordline Y Wpp+ 6

1. ACTIVATE (ACT)

4. capacitor bsageliargstorbitline

4. amplify deviation
in the bitline

3. enable
sense amplifier
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DRAM Cell Operation (II)

2. READ/WRITE

. &) g /write charge

latched in sense amplifier
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DRAM Cell Operation (llI)

1. lower
wordline 5Npy 2- Precharge bitline for next access

3. PRECHARGE (PRE)

3. disable .

sense amplifier
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Starting Simple:
Data Copy and Initialization



Starting Simple: Data Copy and Initialization

Bulk Data .
Copy

Bulk Data
Initialization
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Bulk Data Copy and Initialization

stem Performance

The Impact of Architectural Trends on Operating Sy

Mendel Rosenblum, Edouard Bugnion, Stephen Alan Herrod,
1t Witchel, and Anoop Gupta

B a0', Ravi Iver® Srihar
Dep yer® Srihari Makineni?, .

axmi f

e Bhuyan™ and Don Newel
| ail: {ot cenng, University of C
‘} a0, bhuyan } @cs.ucr.edy

artme
artment of Computer Science
Em

alifornia, Riverside, CA 92521

L‘

Co .
mmunications Technolo

ving Bulk Memory Copying and Initi
Performance

Architecture Support for Impro alization

Xiaowei Jiang, Yan Solihin Li Zhao. Ravishankar Iyer

Dept. of Electrical and Computer Engineering Intel Labs
North Carolina State University Intel Corporation
Raleigh. USA Hillsboro. USA
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Starting Simple: Data Copy and Initialization

memmove & memcpy: 5% cycles in Google’s datacenter [Kanev+ ISCA'15]

00000
00000
00000 C—-

Zero initialization R
(e.g., security)  Checkpointing

....... . .

VM Cloning
Deduplication

Forking

Page Migration

SAFARI 13



Today’s Systems: Bulk Data Copy

1) High latency
3) Cache pollution \\

2) High bandwidth utilization

4) Unwanted data movement

1046ns, 3.6ul (for 4KB page copy via DMA)

SAFARI
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Future Systems: In-Memory Copy

3) No cache pollution ) 1) Low latency

2) Low bandwidth utilization

4) No unwanted data movement

1046ns, 3.6u) -2 90ns, 0.04u)

SAFARI
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RowClone: In-DRAM Row Copy

4 Kbytes Idea: Two consecutive ACT
Negligible HW cost

Step 1: Activate row A

Step 2: Activate row B

Transfer DRAM subarray

row

Transfer|
row

CEEP PP PPV VTV T TTTEPTIPPPTTTITTT] Row Buffer (4 Kbytes)

I8 bits
[ 11.6X latency reduction, 74X energy reduction ]
SAFARI 16




RowClone: In-DRAM Row Copy (1)

source A

——————————————

Row copy
command sequence?:

destination B

sense
enable amplifier
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RowClone: In-DRAM Row Copy (II)

—_ Y VDD

1. ACTIVATE source row A

bitline

Row copy
command sequence?:

3. BiREneIwRGBeopukihed
to clfiergrektadagissow A

3. ACTIVATE destination row B

4. charge level of source row A will
be copied to destination row B

sense
enable amplifier

SAFARI - 18



RowClone: Intra-Subarray (1)

Row Buffer

1. Activate src row (copy data from src to row buffer)

\.

[ 2. Activate dst row (disconnect src from row buffer,

connect dst — copy data from row buffer to dst)

\
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RowClone: Inter-Bank

\4

A (—— A
TC) 4 N\ [ N
- B (1] Bank
E O \_ J J
U = Shared
—T Q_—I_l—e-—.
P = internal bus
'®) W, 4 N\ [ N
= ]
S
\\ )\ J /)

-

Overlap the latency of the read and the write

. 1.9X latency reduction, 3.2X energy reduction )

\

SAFARI
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Generalized RowClone 0.01% area cost

Inter Subarray Copy )
(Use Inter-Bank Copy Twice) —~
Sllle [ ] [BankJ ([ Bankiyo J| '
@) ~— P — \ o I' I
>.o— | :
2=
)
z v \ J

Inter Bank Copy  Intra Subarray

(Pipelined Copy (2 ACTs)
Internal RD/WR)
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RowClone: Latency and Energy Savings

1.2

(Y

o
00

Normalized Savings
o o
I o))

o
N

M Baseline W Intra-Subarray
W Inter-Bank Inter-Subarray
A A
11.6x 74X

Latency

Energy

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

SAFARI

22



RowClone: Fast Row Initialization

Vv

Fix a row at Zero
(0.5% loss in capacity)

SAFARI
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Copy and Initialization in Workloads

H Read

W Zero Hm Copy W Write

[

—
b
©
= 0.8 -
>~
| -
£
S 0.6 -
=
S
e 0.4
R
)
(O
© 0.2
L
o)

bootup compile forkbench mcached mysql shell
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RowcClone: Application Performance

m |PC Improvement m Energy Reduction

% Compared to Baseline

bootup compile forkbench mcached mysql shell
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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. Gibbonst 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
SAFARI 26


http://users.ece.cmu.edu/~omutlu/pub/rowclone_micro13.pdf
http://www.microarch.org/micro46/
http://users.ece.cmu.edu/~omutlu/pub/rowclone_seshadri_micro13-talk.pptx
http://users.ece.cmu.edu/~omutlu/pub/rowclone_seshadri_micro13-talk.pdf
http://users.ece.cmu.edu/~omutlu/pub/rowclone_seshadri_micro13_lightning-talk.pptx
http://users.ece.cmu.edu/~omutlu/pub/rowclone_seshadri_micro13_lightning-talk.pdf
http://users.ece.cmu.edu/~omutlu/pub/rowclone_seshadri_micro13-poster.pptx
http://users.ece.cmu.edu/~omutlu/pub/rowclone_seshadri_micro13-poster.pdf

Lecture on RowClone & Processing using DRAM

Mindset: Memory as an Accelerator

1
o
mecE {1 GPU GPU [
CPU CPU Lol : [throughput)] kthroughput)| :
core core :| core core |:
video :
core
CPU CcPU  hvoughput] kensughput]
5 3 : [throughput)| Kthroughput)| :
core core 'mczgrg\g i| core core |: Memory
LLC
X Specialized
Memory Controller compute-capability
In memory

Memory Bus

A\Y

PRGN | Memory similar to a “conventional” accelerator

© DEPARTMENT OF INFORMATION TECHNOLOGY AND ELECTRICAL ENGINEERING (D-ITET)
Seminar in Computer Arch. - Meeting 3: RowClone: In-Memory Data Copy and Initialization (Fall 2021)

292 views * Streamed live on Oct 7, 2021 ik 21 GP 0 ) SHARE =+ SAVE
@ Onur Mutlu Lectures SUBSCRIBED 7\
&> 19.1K subscribers M

SA FARI https://www.youtube.com/watch?v=n6Pwglgax E&list=PL502s0XY2Zi 7UBNmC9B8Yr5JSWTG9yH4&index=4


https://www.youtube.com/watch?v=n6Pwg1qax_E&list=PL5Q2soXY2Zi_7UBNmC9B8Yr5JSwTG9yH4&index=4

Generalized RowClone 0.01% area cost

Inter Subarray Copy P
(Use Inter-Bank Copy Twice) —~
Sllle [ ] [BankJ ([ Bankiyo J| '
@) ~— P — \ o I' I
> .e— | ;'
2=
)
z v . J

Inter Bank Copy  Intra Subarray

(Pipelined Copy (2 ACTs)
Internal RD/WR)
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Moving Data Inside DRAM?

< 8 >
,5}2"#
DA I I 1 I I
\\ Sy,

N\

w W W w

DLA

Goal: Provide a new substrate to enable

wide connectivity between subarrays
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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 AL

— — — —

| 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
SAFARI 30



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. ChangT, Prashant J. Nair*, Donghyuk Leel, Saugata Ghose', Moinuddin K. Qureshi*, and Onur Mutlu'
fCarnegie Mellon University — *Georgia Institute of Technology

SAFARI 31


https://users.ece.cmu.edu/~omutlu/pub/lisa-dram_hpca16.pdf
https://users.ece.cmu.edu/~omutlu/pub/lisa-dram_hpca16.pdf
http://hpca22.site.ac.upc.edu/
http://hpca22.site.ac.upc.edu/
https://users.ece.cmu.edu/~omutlu/pub/lisa-dram_kevinchang_hpca16-talk.pptx
https://users.ece.cmu.edu/~omutlu/pub/lisa-dram_kevinchang_hpca16-talk.pdf
https://github.com/CMU-SAFARI/RamulatorSharp

FIGARO: Fine-Grained In-DRAM Copy

* Yaohua Wang, Lois Orosa, Xiangjun Peng, Yang Guo, Saugata Ghose, Minesh
Patel, Jeremie S. Kim, Juan GOdmez 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 iCarnegie Mellon University 8 Institute of Research in Fundamental Sciences
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https://people.inf.ethz.ch/omutlu/pub/FIGARO-fine-grained-in-DRAM-data-relocation-and-caching_micro20.pdf
https://people.inf.ethz.ch/omutlu/pub/FIGARO-fine-grained-in-DRAM-data-relocation-and-caching_micro20.pdf
http://www.microarch.org/micro53/

In-Memory
Bulk Bitwise Operations



In-Memory Bulk Bitwise Operations

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

* Using inherent analog computation capability of DRAM
- ldea: activating multiple rows performs computation

* 30-60X performance and energy improvement

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

* New memory technologies enable even more opportunities
- Memristors, resistive RAM, phase change memory, STT-MRAM, ...
- Can operate on data with minimal movement

SAFARI 34



Triple-Row Activation: Majority Function (I)

A
bitline
I Majority function |
B : command sequence3: :
— | |
I |
| I
I |
I |
I I
c— | memmmmmmemm——
sense
enable amplifier

SAFARI: 35



Triple-Row Activation: Majority Function (II)

1 \"/
1. ACTIVATE three rows 7% Yoo
simultaneously .
— triple-row activation e : bll_tlln_e __________ .
e | Majority function |
""""""" ' : command sequence3: :
— | |
I I
MAJ(A, B, C) = | |
............. : | |
MAJ(Vaar Vaar 0) = Vyq - I :
: ‘e | |
3.valuesin cells A, B, C -
will be overwritten
with the majority output RS . ‘
LTIy E
4. PRECHARGE bitline Moo ’: e sense
for next access enable amplifier

SAFARI: 36



Ambit: In-DRAM Bulk Bitwise AND/OR

—— 72 Vpp

bitline

MAJ (A, B, 0) = AND (A, B)

MAJ (A, B, 1) = OR (A, B)

sense
enable amplifier

SAFARI 37



Ambit: Subarray Organization

Less than 1% of overhead
in existing DRAM chips

SAFARI 38



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"
I[EEE Computer Architecture Letters (CAL), April 2015.

Fast Bulk Bitwise AND and OR in DRAM

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

*Carnegie Mellon University TIntel Pittsburgh

SAFARI 39


http://users.ece.cmu.edu/~omutlu/pub/in-DRAM-bulk-AND-OR-ieee_cal15.pdf
http://www.computer.org/web/cal

In-DRAM NOT: Dual Contact Cell

d-wordline

dual-contact T §
cell (DCC) | ”l‘_]_u | 5 Idea:
n-wordlme:_\__I_—_l__"_,I Feed the
mpz,:l A Lx7 negated value
in the sense amplifier
bitline into a special row

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

Vbbb

VoD VoD
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
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Performance: In-DRAM Bitwise Operations

Figure 9: Throughput of bitwise operations on various systems.

SAFARI

Skylake B GTX 745 HMC 2.0 Ambit [l Ambit-3D
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Energy of In-DRAM Bitwise Operations

Design not and/or nand/nor xor/xnor

DRAM & DDR3 93.7 137.9 137.9 137.9
Channel Energy ~ Ambit 1.6 3.2 4.0 5.5
(nJ/KB) (}) 595X 439X 35.1X 25.1X

Table 3: Energy of bitwise operations. () indicates energy
reduction of Ambit over the traditional DDR3-based design.

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
[2] Goodwin+, BitFunnel, SIGIR 2017

SAFARI
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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

Execution Time
of the Query (ms)

Baseline I Ambit

8 million users

16 million users

2-weeks 3-weeks 4-weeks 2-weeks 3-weeks 4-weeks

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

SAFARI
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Performance: BitWeaving on Ambit

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

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

1 >4-12X Performance Improvement

32

Speedup offered by Ambit

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 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 2NVIDIA Research ®Intel “ETH Ziirich °Carnegie Mellon University
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https://people.inf.ethz.ch/omutlu/pub/ambit-bulk-bitwise-dram_micro17.pdf
https://people.inf.ethz.ch/omutlu/pub/ambit-bulk-bitwise-dram_micro17.pdf
https://people.inf.ethz.ch/omutlu/pub/ambit-bulk-bitwise-dram_micro17.pdf

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, 2020.
[Preliminary arXiv version]

In-DRAM Bulk Bitwise Execution Engine

Vivek Seshadri Onur Mutlu
Microsoft Research India ETH Zirich

visesha@microsoft.com onur .mutlu@inf.ethz.ch
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https://arxiv.org/pdf/1905.09822.pdf
https://arxiv.org/pdf/1905.09822.pdf

A Framework for PUM
in DRAM



PUM: Prior Works

* DRAM and other memory technologies that are capable
of performing computation using memory

Shortcomings:
* Support only basic operations (e.g., Boolean
operations, addition)
- Not widely applicable

* Support a limited set of operations

- Lack the flexibility to support new operations

* Require significant changes to the DRAM
- Costly (e.g., area, power)
SAFARI 51



PuM: Prior Works

Need a framework that aids general adoption of PuM, by:

- Efficiently implementing complex operations

- Providing flexibility to support new operations

SAFARI 52



Our Goal

Goal: Design a PuM framework that

- Efficiently implements complex operations

- Provides the flexibility to support new desired
operations

- Minimally changes the DRAM architecture

SAFARI 53



Key Idea

* SIMDRAM: An end-to-end processing-using-DRAM
framework that provides the programming interface,
the ISA, and the hardware support 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

SAFARI
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SIMDRAM: PUM Substrate

e SIMDRAM framework is built around a DRAM substrate

that enables two techniques:
(1) Vertical data layout (2) Majority-based computation

most significant bit (MSB) Cout= AB + AC;, + BCy,

5 § A

8 P 5 B Cout
2 o

S R

= : Cin

- H - /

least significant bit (LSB)

Pros compared to the
conventional horizontal layout:

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

* Implicit shift operation
e Massive parallelism

* Higher performance
* Higher throughput
* Lower energy consumption
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SIMDRAM Framework

O~ ™= mm mm Em oy ’_____

User Input [ Step 1: Generate Y ( Step 2: Generate > SIMDRAM Output
Desired operation . MA]Iogzc ........ I sequence of
.............................................. I ; .“: I I DRAM CommandS
. i | | [acT/PRE
|:> |_—_:> ACT/PRE
i i1 1| acT/PRE
................................................ | e || ACT/BCT/PRE
AND/OR/NOT logic \ MAJ/NOTlogic j I | done
————— | II' New SIMDRAM
wProgram | ,
N L = = 7 |linstruction
- —_— —_— —_— —_— —_— —_— —_— —_— —_— —_— —_— ~
User Input 7 Step 3: Execution according to uProgram \ SIMDRAM Output
SIMDRAM-enabled application f — ‘ | Instruction result
.“---f--o--;.....(..). ..... i .................................... y s I g. __é ACT/PRE I ln memory
: I ACT/PRE I :“ ....................... .
H ] | ACT/PRE 1|
bbop_new I::>I i | ACT/PRE/PRE S H
: : : S N LLLLLID >
) H I ;[ done R H
etessesses s “| 1| Control Unit uProgram | < ;
\ Memory Controller / D M

\____________,
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SIMDRAM Framework: Step 1

’____~

User Input [ Step 1: Generate Y

MA] logic |

-------------------------------------------
. ‘e

CN o
--------------------------------------------

1 .
AND/OR/NOT logic \ MAJ/NOT logic

L —
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Step 1: Naive MAJ/NOT Implementation

A - A
B o—_>_‘ C —_— ]3 @ C outputis “1” only when A =B = “1
C Output IS HO" Only When A — B — {(0"

o =
)
-

0
A & MA]
B e

SAFARI =



Step 1: Efficient MAJ/NOT Implementation

e S Greedy roT T N

( \I optimization Il :
0 ; 4 A

: A - MA]J : algorithm : I
B | | B Cout |

| , Part 2 I o

: 1e-{MAJ 1 @ out | I Ci '
\ln— ——————————— / \ —————————— - /

Step 1 generates an optimized
MA]/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

-------------------------------------------
. ‘e

CN o
--------------------------------------------

AND/OR/NOT logic

SAFARI

Step 1: Generate
MA] logic

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

. o
« .
-------------------------------

MA]J/NOT logic

’____~

[ Step 2: Generate \ SIMDRAM Output
| sequenceof |
DRAM commands | NeWSIMDRAMuProgram
I uProgram :
F ACT/PRE L}
) | act/exe | A ] E——— B
i | | ACT/PRE I Main memory
I ACT /ACT/ PRE + gatsasasssasazazacanas, A
bbop_new E --------- D>
| | done | :
]| New SIMDRAM
\ uProgram _ ,
S = == =« | [nStruction
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Step 2: yProgram 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 pProgram that executes
the desired SIMDRAM operation in DRAM

Task 1: Allocate DRAM rows to the operands

Task 2: Generate pProgram
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Step 2: yProgram 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 pProgram 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

560006000060606G
esssssssssases
22222222 DD

Constraint 1:
number of rows
reserved for computation

regular
row decode

$3333iieieese

000000V DODVOT
5003006606000006c

\dh b b b b b b b . b b .

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

P”””””.”
’000’0”””’ Constraint 2:

&

P.0.0.0.0.0,00000000 _ behavior
@ . . o . O . . . O . . . of triple-row activation
100666660000004
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S
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e
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e
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e
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o
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* &
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OO0 000000008 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 MAJ output and can be reused

000000000000

000000000000
pmTmmmmEEEEEES v Allocation ............
|l " | algorithm "””......’
: . 299000909092¢
. " S OSSO CSS O SO
" ' 0.00.00.00..

POOVOVVOVOOOE
S -0-9-0-0-0-0-0-0-0-0-0--
Co. S G SGGO O

activation
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Step 2: yProgram 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 pProgram 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 2: Generate an initial pProgram

1. Generate
uProgram

SAFARI
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Task 2: Optimize the pProgram

2NN

Cout

SAFARI

)

1. Generate
uProgram

Initial pProgram

1. Copy A to reserved row

(ACT/ACT/PRE)

2. Copy B to reserved row

(ACT/ACT/PRE)

3. Copy C;, to reserved row

(ACT/ACT/PRE)

4. Execute MA]
(ACT/PRE)

5. Copy C,,; to destination row

(ACT/PRE) j

N
L)

2. Optimize



Task 2: Optimize the pProgram

Initial pProgram

1. A to reserved row
(ACT/ACT/PRE)
/ \ 2. B to reserved row
A (ACT/ACT/PRE)
B Cout > | 3. C,, to reserved row
Cin (ACT/ACT/PRE)
\ J

. /

L]

2. Optimize
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Task 2: Optimize the pProgram

2NN

SAFARI

)

Initial pProgram

/1.

5.

.

4. Execute
(ACT/PRE)

~

C,y to destination row

(ACT/PRE)

/

L]

2. Optimize



Task 2: Optimize the pProgram

Optimized pProgram

-~

1. CopyA B, C,

~

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

G / N

2. Execute MAJ and
copy C,, to destination row
(ACT/ACT/PRE) > Merge
MA]J + 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

N\ J

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

. /

T+ 4

2. Optimize 3. Generate N-bit
SAFARI computation




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

Stored in a reserved
DRAM region
for future use

A new SIMDRAM
instruction (called bbop)
added to CPU ISA
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SIMDRAM Framework: Step 3

User Input

-------------------------------------------
. ‘e

CN o
--------------------------------------------

AND/OR/NOT logic

User Input

SIMDRAM-enabled application

----------------------------------------------------------
03 *,
o o,

c -
g tS
----------------------------------------------------------
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Step 1: Generate Step 2: Generate SIMDRAM Output
MA] logic sequence of
"""""""""""""""""""" " DRAM commands NeWSIMDRAM,uProgram
ACT/PRE > - uProgram :
= 5 | acr/ere Program | T §
ACT/PRE Main memory
.................................... | e
MAJ/NOT logic dore | | W
uProgram New SIMDRAM
instruction
- —_— —_— —_— —_— —_— —_— —_— —_— —_— —_— —_— N
7 Step 3: Execution according to pProgram \ SIMDRAM Output
l .................................. ] Instruction result
I 5 ACT/PRE I in memory
I ACT/PRE I :“ ...................... ..“
ACT/PRE T i
=) T SHE= -
I ACT/PRE/PRE I - 3
4 ; ......... > .
1 I S— one ' S - E
l Control Unit UProgram 1| < :
\ Memory Controller l D »*
\ —_— —_— _— —_— _— —_— _— —_— _— —_— _— _— /
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Step 3: uProgram Execution

* SIMDRAM control unit: handles the execution of the
HProgram 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 pyProgram to SIMDRAM subarrays to perform the in-
DRAM operation

User Input

SIMDRAM-enabled application

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

o, o
g o
----------------------------------------------------------

Step 3: Execution according to uProgram

SIMDRAM Output

, .
. o
..............................

Control Unit
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ACT/PRE
ACT/PRE
ACT/PRE
ACT/ACT/PRE

done

uProgram

\ Memory Controller /

ﬂ?zstruction resuN

in memory

----------------------------------
03 O
o e,




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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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
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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

SAFARI /8



Transposition Unit

Last-Level Cache

1 |

= Object Tracker | I

g | (0T) I
Horizontal - Vertical : :

(- T Vertical — Horizontal

(= N ranspose ... Transbose

IE B P ...................

] Buffer : :

g Transpose Bufler Transpose Buffer !

o T

) S [

g Store Unit : 1 :

S | — Fetch Unit

ot

Memory Controller
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Efficiently Transposing Data

Low impact on the throughput of
SIMDRAM operations
Low area cost (0.06 mm?)
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Programming Interface

e Four new SIMDRAM I[SA extensions

Type ISA Format
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Programming Interface

e Four new SIMDRAM ISA extensions

Type ISA Format

Initialization bbop trsp init address, size, n
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Programming Interface

e Four new SIMDRAM ISA extensions

Type ISA Format

Initialization bbop trsp init address, size, n

1-Input Operation bbop_op dst, src, size, n
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Programming Interface

e Four new SIMDRAM ISA extensions

Type ISA Format

Initialization bbop trsp init address, size, n
1-Input Operation bbop_op dst, src, size, n

2-Input0peration bbop op dst, src 1, src 2, size, n
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Programming Interface

e Four new SIMDRAM ISA extensions

Type ISA Format

Initialization bbop trsp init address, size, n
1-Input Operation bbop_op dst, src, size, n
2-Input0peration bbop op dst, src 1, src 2, size, n

Predication bbop 1f else dst, src 1, src 2, select,
size, n
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Code Using SIMDRAM Instructions

1 int size = 65536;

2 int elm _size = sizeof (uint8_t);

3 uint8 t *A , *B , *C = (uint8 t *) malloc(size * elm_size);
I uint8 t *pred = (uint8 t *) malloc(size * elm_size);
5 .

6 for (int i = @0; i < size ; ++ i){

7 bool cond = A[i] > pred[i];

8 if (cond)

£l C [i] = A[i] + B[i];

10 else

11 C [i] = A[i] - B [i];

12 }

« Ccode for vectoradd/sub
with predicated execution

Equivalent code using
SIMDRAM operations —

SAFARI
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10
11

int size = 65536;
int elm_size = sizeof(uint8_ t);
uint8 t *A , *B , *C = (uint8_t *) malloc(size * elm_size);

bbop trsp init(A , size , elm_size);

bbop trsp init(B , size , elm_size);

bbop trsp init(C , size , elm_size);

uint8 t *pred = (uint8_t *) malloc(size * elm_size);

// D, E, F store intermediate data

uint8 t *D , *E = (uint8_ t *) malloc (size * elm_size);
bool *F = (bool *) malloc (size * sizeof(bool));

12 ..

13

14 bbop sub(E , A ,

15
16

bbop add(D , A , , size , elm_size);
, size , elm_size);
pred , size , elm_size);

, E, F, size , elm_size);

bbop greater(F ,
bbop if else(C ,

O > w w
-
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Code Using SIMDRAM Instructions

1 int size = 65536;

2 int elm _size = sizeof (uint8_t);
3 uint8 t *A , *B , *C = (uint8 t *) malloc(size * elm_size);
I uint8 t *pred =

5 .

6 for (int i = @0; i < size ; ++ i){
7 bool cond = A[i] > pred[i];

8 if (cond)

£l C [i] = A[i] + B[i];

10 else

11 C [i] = A[i] - B [i];
12 }

(uint8_t *) malloc(size * elm_size);

« C code for vector add/sub
with predicated execution

Equivalent code using
SIMDRAM operations —
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int size = 65536;
int elm_size = sizeof(uint8_ t);
uint8 t *A , *B , *C = (uint8_t *) malloc(size * elm_size);

bbop_trsp_init(A , size , elm_size);

bbop_trsp_init(B , size , elm_size);

bbop_trsp_init(C , size , elm_size);

uint8 t *pred = (uint8_t *) malloc(size * elm_size);

// D, E, F store intermediate data

10 uint8 t *D , *E = (uint8_t *) malloc (size * elm_size);
11 bool *F = (bool *) malloc (size * sizeof(bool));

12 ...

13 bbop_add(D , A ,
14 bbop sub(E , A ,
15 bbop_greater(F ,

O 0N O U1 A WIN B

, size , elm_size);
, size , elm_size);
pred , size , elm_size);

O > wm w
-

16 bbop_if else(C , , E, F, size , elm_size);
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Code Using SIMDRAM Instructions

1 int size = 65536;

2 int elm _size = sizeof (uint8_t);
3 uint8 t *A , *B , *C = (uint8 t *) malloc(size * elm_size);
I uint8 t *pred =

5 .

6 for (int i = @0; i < size ; ++ i){
7 bool cond = A[i] > pred[i];

8 if (cond)

&) C [i] = A[i] + B[i];

10 else

11 C [i] = A[i] - B [i];
12 }

(uint8_t *) malloc(size * elm_size);

« C code for vector add/sub
with predicated execution

Equivalent code using
SIMDRAM operations —
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int size = 65536;
int elm_size = sizeof(uint8_ t);
uint8 t *A , *B , *C = (uint8_t *) malloc(size * elm_size);

bbop trsp init(A , size , elm_size);

bbop trsp init(B , size , elm_size);

bbop trsp init(C , size , elm_size);

uint8 t *pred = (uint8_t *) malloc(size * elm_size);

// D, E, F store intermediate data

10 uint8 t *D , *E = (uint8_t *) malloc (size * elm_size);
11 bool *F = (bool *) malloc (size * sizeof(bool));

12 ..

13 bbop_add(D , A ,
14 bbop sub(E , A ,
15 bbop_greater(F ,
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, size , elm_size);
, size , elm_size);
pred , size , elm_size);

O > w ™
-

16 bbop_if else(C , , E, F, size , elm_size);
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Code Using SIMDRAM Instructions

1 int size = 65536;

2 int elm _size = sizeof (uint8_t);
3 uint8 t *A , *B , *C = (uint8 t *) malloc(size * elm_size);
I uint8 t *pred =

5 .
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« C code for vector add/sub
with predicated execution

Equivalent code using
SIMDRAM operations —
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int size = 65536;
int elm_size = sizeof(uint8_ t);
uint8 t *A , *B , *C = (uint8_t *) malloc(size * elm_size);
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, size , elm_size);
, size , elm_size);
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Code Using SIMDRAM Instructions

1 int size = 65536;

2 int elm _size = sizeof (uint8_t);
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12 }
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« C code for vector add/sub
with predicated execution

Equivalent code using
SIMDRAM operations —
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int size = 65536;
int elm_size = sizeof(uint8_ t);
uint8 t *A , *B , *C = (uint8_t *) malloc(size * elm_size);

bbop trsp init(A , size , elm_size);

bbop trsp init(B , size , elm_size);

bbop trsp init(C , size , elm_size);

uint8 t *pred = (uint8_t *) malloc(size * elm_size);

// D, E, F store intermediate data

10 uint8 t *D , *E = (uint8_t *) malloc (size * elm_size);
11 bool *F = (bool *) malloc (size * sizeof(bool));
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13 bbop_add(D , A ,
14 bbop sub(E , A ,
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O 00 NO uT A WIN B

, size , elm_size);
, size , elm_size);
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Code Using SIMDRAM Instructions

1 int size = 65536;

2 int elm _size = sizeof (uint8_t);
3 uint8 t *A , *B , *C = (uint8 t *) malloc(size * elm_size);
I uint8 t *pred =

5 .

6 for (int i = @0; i < size ; ++ i){
7 bool cond = A[i] > pred[i];

3 if (cond)

£l C [i] = A[i] + B[i];

10 else
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12 }

(uint8_t *) malloc(size * elm_size);

« C code for vector add/sub
with predicated execution

Equivalent code using
SIMDRAM operations —
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int size = 65536;
int elm_size = sizeof(uint8_ t);
uint8 t *A , *B , *C = (uint8_t *) malloc(size * elm_size);

bbop trsp init(A , size , elm_size);

bbop trsp init(B , size , elm_size);

bbop trsp init(C , size , elm_size);
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// D, E, F store intermediate data

10 uint8 t *D , *E = (uint8_t *) malloc (size * elm_size);
11 bool *F = (bool *) malloc (size * sizeof(bool));

12 ..

13 bbop_add(D , A ,
14 bbop sub(E , A ,
15 bbop_greater(F ,
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, size , elm_size);
, size , elm_size);
pred , size , elm_size);
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16 bbop_if else(C , , E, F, size , elm_size);
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Code Using SIMDRAM Instructions

1 int size = 65536;

2 int elm _size = sizeof (uint8_t);
3 uint8 t *A , *B , *C = (uint8 t *) malloc(size * elm_size);
I uint8 t *pred =

5 .

6 for (int i = @0; i < size ; ++ i){
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10 else
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12 }

(uint8_t *) malloc(size * elm_size);

« C code for vector add/sub
with predicated execution

Equivalent code using
SIMDRAM operations —
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int size = 65536;
int elm_size = sizeof(uint8_ t);
uint8 t *A , *B , *C = (uint8_t *) malloc(size * elm_size);

bbop_trsp_init(A , size , elm_size);

bbop_trsp_init(B , size , elm_size);

bbop_trsp_init(C , size , elm_size);

uint8 t *pred = (uint8_t *) malloc(size * elm_size);

// D, E, F store intermediate data

10 uint8 t *D , *E = (uint8_t *) malloc (size * elm_size);
11 bool *F = (bool *) malloc (size * sizeof(bool));

12 ...

13 bbop_add(D , A ,
14 bbop _sub(E , A ,
15 bbop_greater(F ,
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, size , elm_size);
, size , elm_size);
pred , size , elm_size);
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More in the Paper

* 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
Prggramming_anguages and Operating Systems (ASPLOS), Virtual, 2021

2-page Extended Abstract]
hort 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
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Methodology: Experimental Setup

* Simulator: gems

* Baselines:
- A multi-core CPU (Intel Skylake)
- A high-end GPU (NVidia Titan V)
- Ambit: a state-of-the-art in-memory computing mechanism

* Evaluated (all using a DDR4
device):
SIMDRAM exploits 65’536 SIMD lanes (an 8 kB row
buffer)
SIMDRAM exploits 262’144 SIMD lanes
SIMDRAM exploits 17048’576 SIMD lanes
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Methodology: Workloads

Evaluated:
- Absolute - Predication
- Addition/Subtraction - ReLU
- BitCount - AND-/OR-/XOR-Reduction

Equality/ Greater/Greater Equal - Division/Multiplication

BitWeaving (databases) - LeNET (neural networks)
TPH-H (databases) -VGG-13/VGG-16 (neural networks)
kNN (machine learning) - Brightness (graphics)
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Throughput Analysis

Average normalized throughput across all 16 SIMDRAM operations

OSIMDRAM -1 Bank  OSIMDRAM -4 Banks @O SIMDRAM - 16 Banks
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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 O SIMDRAM - 16 Banks
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CPU GPU Ambit

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

Average speedup across 7 real-world applications
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SIMDRAM effectively and efficiently accelerates
many commonly-used real-world applications
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More in the Paper

* Evaluation:
- Reliability
- Data movement overhead
- Data transposition overhead
- Area overhead

- Comparison to in-cache computing
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SIMDRAM: Conclusion

* SIMDRAM: An end-to-end processing-using-DRAM framework
that provides the programming interface, the ISA, and the
hardware support for:

1. Efficiently computing complex operations

2. Providing the ability to implement arbitrary operations as required
3. Using a massively-parallel in-DRAM SIMD substrate

SIMDRAM provides:

and the throughput and and 31x the energy efficiency of a
baseline CPU and a high-end GPU, respectively, for 16 in-DRAM operations

and the performance of the CPU and GPU over seven real-world
applications

* Conclusion: SIMDRAM is a promising PuM framework
* (an ease the adoption of processing-using-DRAM architectures

* Improve the performance and efficiency of processing-using-DRAM
architectures
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Extending PUM Operations



Limitations of Processing-using-DRAM

RowClone, Seshadri+ 2013

Data Movement

LISA, Chang+ 2013
Bitwise Operations Ambit, Seshadri+ 2017
Bit Shifting DRISA, Li+ 2017
Arithmetic Operations SIMDRAM, Hajinazar & Oliveira+ 2021

Existing Processing-using-DRAM architectures

only support a limited range of operations
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The Goal of pLUTo

Extend Processing-using-DRAM to support

the execution of arbitrarily complex operations
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pLUTo: Key Idea
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pLUTo: Key Idea
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pLUTo: Key Idea

Replace computation with memory accesses

— pLUTo LUT Query operation

SAFARI Task ID: 3157.001 106




In-DRAM pLUTo LUT Query: Setup

LUT Query: input
Return {219, 15t 2nd, 4th vector[ 1 O 1 3 ]
prime numbers
Prime
numbers - o
irlqcljJ:x | f(i) 1
5 L " row
nd decoder| |2
1 2 3
2 e 5 3
3 A
lookup table | | | |

10| 1|3 [ -~ 1 -
input vector )I )I )I )I
3 12|37 output[ 1. ]

output vector vector
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In-DRAM pLUTo LUT Query: Setup

LUT Query: input
Return {219, 15t 2nd, 4th vector[?‘ O 1 3]
prime numbers
Prime :
numbers ;0
LUT . 2|1 2| 2|2 O
index ! (i) 1 ;
15t ) row > 3 3 3 3 <
1 nd | 3 decoder : sl5]|5]5 %
2| 3T 7171717]1[F
3 | 4" |7
lookup table [ | | |

A (BE
input vector )I)I)I)I

3 12|37 output[ ]
output vector vector
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In-DRAM pLUTo LUT Query: Setup

DRAM array

N (oW N
N oW N
N oW N
N (oW N

Multiple copies of the lookup table
— exploit DRAM parallelism
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In-DRAM pLUTo LUT Query: Setup

LUT Query: input
Return {29, 15t 2nd ,th vector
prime numbers

1013]

Prime
numbers
LUT . pLUTo
index row sweep
—

W N B O

Aelie NVIQ

2
1 3
2 3rd 5
3 A
lookup table

SO L L
input vector )| )I )I )|

3 12|37 output[ ]
output vector vector
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In-DRAM pLUTo LUT Query: Step 1

LUT Query: input
Return {219, 15t 2nd, 4th vector[?‘ O 1 3]
prime numbers
Prime :
numbers ;o
LUT| . pLUTo 22(2|2||9
index, i row sweep = 3333 S
1St 2 ﬁ 5 ng)
1 | 2% |3 L5 151515 (|3
2 35 7171717]1F
3 A
lookup table | | | |

A (BE
input vector )I)I)I)I

3 12|37 output[ ]
output vector vector
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In-DRAM pLUTo LUT Query: Step 1

Accessing
the 2M (1)

LUT Query: input
Return {29, 15t 2nd ,th vector
prime numbers

prime number?

)
)
>
=
Q
=
Q
<

Prime
numbers
LUT . . pLUTo
index row sweep

0 1st ﬁ

W N |k O

2
1 3
2 3rd 5
3 A
lookup table

1|0 |13 [

input vector

N[N [N [ w8

NN [N w [N

Ny [~ o w e

—\—{p [N o W |
 S—

312 |3]7 output[
output vector vector
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In-DRAM pLUTo LUT Query: Step 1

pLUTo =

row sweep
ﬁ




In-DRAM pLUTo LUT Query: Step 1

Accessing

LUT Query: input nd
P N 2 [ 1]o[2]3 ] .thez (1)
eturn {2"¢, 1>, 2"9 4 vector . prime number?
prime numbers
Prime :
numbers —_— o
LUT _ _ pLUTo 2 (2122 (19
: i f(i) 1 0
index row sweep 3(3([3]/3 >
1St 2 ﬁ 2 Qg)
1 2nd 3 3 515|5|5 3
2 | 3¢ |5 717171715
3 AL
lookup table I I I I
row buffer[ 22122 ]
10| 1] 3
input vector ) ) ) )
L 11 1
s l21317 output[ ]
output vector vector
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In-DRAM pLUTo LUT Query: Step 1

Accessing

LUT Query: input st
P N E [ 1]o[2]3 ] _the1 (0)
eturn {2"¢, 1>, 2"9 4 vector . prime number?
prime numbers
Prime :
numbers - o
LUT _ _ pLUTo 2 (2122 (19
: i f(i) 1 0
index row sweep 3(3([3]/3 >
1St 2 ﬁ 2 Qg)
1 2nd 3 3 515|5|5 3
2 | 37 |5 71717175
3 A
lookup table I I I I
row buffer[ 2 (222 ]
10| 1] 3
input vector ) ) ) )
L 1 1 |
s l21317 output[ ]
output vector vector

SAFARI



In-DRAM pLUTo LUT Query: Step 1

pLUTo —

row sweep
ﬁ




In-DRAM pLUTo LUT Query: Step 1

Accessing

LUT Query: input st
Ret nd ,st ond ,th P [ 1(0]|1 |3 ] .the1 ()
eturn {2"9, 15t 2nd 4t vector . prime number?
prime numbers
Prime
numbers —_— o
LUT _ _ pLUTo 2 (2122 (19
: i f(i) 1 0
index row sweep 3(3([3]/3 >
o) 15t 2 ﬁ 2 Qg)
1 2nd 3 3 515|5|5 3
2 | 3¢ |5 717171715
3 AL
lookup table I I I I
row buffer[ 21222 ]
1|0 |13
input vector ) ) ) )
L 11 1
s l21317 output[ ]
output vector vector
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In-DRAM pLUTo LUT Query: Step 1

Accessing

LUT Query: input st
Ret nd ,st ond ,th P [ 1(0]|1 |3 ] .the1 ()
eturn {2"9, 15t 2nd 4t vector . prime number?
prime numbers
Prime
numbers - o
LUT _ _ pLUTo 2 (2122 (19
: i f(i) 1 0
index row sweep 3(3([3]/3 >
o) 15t 2 ﬁ 2 Qg)
1 2nd 3 3 515|5|5 3
2 | 37 |5 717171715
3 4" | 7
lookup table I I I I
row buffer[ 21222 ]
1|0 |13
input vector ) )l )
I I
s l21317 output[ To]-]- ]
output vector vector
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In-DRAM pLUTo LUT Query: Step 1

Accessing

LUT Query: input i
Return {2nd, 15t 2nd ,thy vector[ 1]0 1 3 ] primenurrfb)er?
prime numbers
Prime
numbers ;o
Lt . - pLUTo 2|2(2(|2]|]9
index, i row sweep = >
3/3[3/3]|2
1St 2 ﬁ 5 =
1] 2% |3 L5 151515 (|3
I 717]7]7]F
3 | 4™ |7
lookup table | | | |
row buffer[ 212212 ]
1 (0| 1] 3
input vector ) ) ) )
| 1 1 1
3 2|3 ]|7 output[ 15 ]- _]
output vector vector
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In-DRAM pLUTo LUT Query: Step 1

Accessing

LUT Query: :
Return {2nd, 15t Z“d A \::cth:r[ 1|/0(|1 3] .the"th(g) ,
T : prime number?
prime numbers
Prime
numbers ;o
Lt . - pLUTo 2|2(2(|2]|]9
index, i row sweep = >
3/3[3/3]|2
0 15t 2 SRS > =
1| 2™ |3 L5 151515 (|3
A 717]7]7]F
3 | 4" | 7
lookup table [ | | |
rowbuffer[ 212 (2 2]
1 (0| 1] 3
input vector ) ) ) )
| 1 1 1
3 2|3 ]|7 output[_z__]
output vector vector
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In-DRAM pLUTo LUT Query: Step 2

LUT Query: input
Return {29, 15t 2nd ,th vector
prime numbers

1013]

Prime
numbers
LUT . pLUTo
index row sweep
—

W N B O

Aelie NVIQ

2
1 3
2 3rd 5
3 A
lookup table

1| 0| 1| 3 [- _
input vector )| )I )I )|
2

3 12|37 output[
output vector vector
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In-DRAM pLUTo LUT Query: Step 2

LUT Query: input
Return {219, 15t 2nd, 4th vector[ 1 O 1 3 ]
prime numbers
Prime
numbers ;o
Lt . - pLUTo 2|2(2]2]]|T
: i f(i) 1 0
index row sweep 31333 >
1St 2 ﬁ 5 ng)
N B L5 151515 (|3
2 | 35 71717171[F
3 | 4™ |7
lookup table [ | | |
10|13 [3 3|3 3]
input vector ) ) ) )
| 1 1 1
32|37 output[ 5] - _]
output vector vector
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In-DRAM pLUTo LUT Query: Step 2

LUT Query: input
Return {2nd, 15t 2nd ,thy vector[ 1 0 1 3 ]
prime numbers
Prime
numbers = o
LUT _ _ pLUTo 2(212(2]]9
. | f(i) a
index row sweep 1 3(3(3]/3 >
1St 2 ﬁ 2 Qg)
1 2nd 3 3 515|5|5 3
2 | 3" |5 7171717]|F
3 | 4" |7
lookup table I I I I
ol [ 3(3|3]|3 ]
input vector )l )
I
2 output
’ 1 vector[ 3/2]3]- ]
output vector
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In-DRAM pLUTo LUT Query: Step 3

LUT Query: input
Return {29, 15t 2nd ,th vector
prime numbers

1013]

Prime
numbers
LUT . pLUTo
index row sweep
—

W IN |k O

Aelie NVIQ

2
1 3
2 3rd 5
3 A
lookup table

1|0 |13 [-

input vector )
|
3

3 12|37 output[
output vector vector
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In-DRAM pLUTo LUT Query: Step 3

LUT Query: input
Return {29, 15t 2nd ,th vector
prime numbers

1/0(1]3 ]

Prime
numbers
LUT . . pLUTo
index row sweep
—

W IN |k O

Aelie NVIQ

2
1 3
2 3rd 5
3 A
lookup table

SO LsLs[ss]
input vector )|
3

3 12|37 output[
output vector vector
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In-DRAM pLUTo LUT Query: Step 3

LUT Query: input
Return {219, 15t 2nd, 4t vector[ 1 (? 1 3 ]
prime numbers
Prime
numbers ;o
Lt . - pLUTo 2|2(2]2]]|T
: i f(i) 1 0
index row sweep 31333 >
1°t 2 — > ng)
1| 2 |3 S5 151515 (|3
230 S 7171717]F
3 | 4" |7
lookup table [ | | |
10|13 [5 515 5]
input vector ) ) ) )
| 1 1 |
3 12|37 output[ ]
2 -
output vector vector 3 3
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In-DRAM pLUTo LUT Query: Step 4

LUT Query: input
Return {29, 15t 2nd ,th vector
prime numbers

1013]

Prime
numbers
LUT . pLUTo
index row sweep
—

W N |B O

Aelie NVIQ

2
1 3
2 3rd 5
3 A
lookup table

1|0 |13 [-

input vector )
|
3

3 12|37 output[
output vector vector
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In-DRAM pLUTo LUT Query: Step 4

LUT Query: input
Return {219, 15t 2nd, 4th vector[ 1 O 1 3 ]
prime numbers
Prime
numbers - o
LUT . . pLUTo 2(2|2(2(]9S
index| 0 row sweep 1 §
3|13[3[3]|2
1St 2 ﬁ 5 <
1 ond 3 3 5 5 5 5 2
e 7171717]|F
3 | 4" |7
lookup table | | | |
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input vector ) ) ) )
| | | |
312|317 output[ - ]
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In-DRAM pLUTo LUT Query: Step 4

LUT Query: input
Return {219, 15t 2nd, 4th vector[?‘ O 1 3]
prime numbers
Prime :
numbers ;0
LUt - pLUTo 2(2|2|2]|]|©
index| 0 row sweep 1 §
3/3|3[3]|2
1St 2 ﬁ 5 :
1 ond 3 3 5 5 5 5 5
2 | 35 7171717]|F
3 | 4" |7
lookup table | | | |
[7 7|7 7]
10|13
input vector )I)I)I
312|317 output[ ]
output vector vector 3(2|3[7
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pLUTo Designs

* Match Logic: shared by the three pLUTo designs

m-c
\’]swn‘ch
Imatchline
wordline
Ll
T O
S
_‘I.g
<
enable 3 4
match//ne}_s"i-—/lGH

BSA
Buffered Sense Amplifier
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pLUTo Designs

* Match Logic: shared by the three pLUTo designs

m-C
\’]swn‘ch
Imatchline
wordline wordline
1L T
<
_L_I_I_ _L_'_I_ 0:
T o T =
< S
= m-c
S switch
Elmatchlme
_I< N B«
enable|® 4 enable' &

BSA GSA
Buffered Sense Amplifier Gated Sense Amplifier
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pLUTo Designs

* Match Logic: shared by the three pLUTo designs

m-c
\’]swn‘ch
Imatchline
wordline wordline
1L T
<
g e is
T 2 matchline T |5
= m-c |
_swn‘ch matchline
S - By - __
enable enable

BSA GSA
Buffered Sense Amplifier Gated Sense Amplifier
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pLUTo Designs

* Match Logic: shared by the three pLUTo designs

m-c
\’]swn‘ch
Imatchline
wordline wordline wordline
L L L L
) 1 \
__::_rl_ __::_rl_ g Py 5
S| matchline 3 T “switch £| S
= S| S
3 gl S
m-c _ =
|switch matchline S
S I B B TS 1 <
enable® — enable enable %

BSA GSA GMC
Buffered Sense Amplifier Gated Sense Amplifier Gated Memory Cell
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pLUTo Designs

* Match Logic: shared by the three pLUTo designs

m-c
\’]swn‘ch
Imatchline
wordline wordline
T T
<
fup g
T 2 matchline Ty I8
= m-c
S m-c switch
|switch E | matchline
S o B B TS <
enable® - enable!|2

BSA GSA GMC
Buffered Sense Amplifier Gated Sense Amplifier Gated Memory Cell
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pLUTo Designs

* Match Logic: shared

oy the three pLUTo designs

m-c
\’]swn‘ch
Imatchline
wordline wordline wordline
L L L L
O 1 \
__::_I‘I_ _I-':_'_L S il m-c of o
2| matchline = T “switch £| S
= m-c 5| 3
S m-c switch =
|switch E | matchline S
I ju < <
enable|? = enable|% enable|?
BSA GSA GMC
Buffered Sense Amplifier Gated Sense Amplifier Gated Memory Cell
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pLUTo Designs: Tradeoff Space

Performance

et Qated
Memory Cell

» Buffered
Sense Amplifier

.
**
.
.

Area Efficiency Energy Efficiency

pLUTo designs cover a broad design space and provide
different performance, energy, and area efficiency
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System Integration

pLUTo Compiler pLUTo Controller

Execution in

C-Like Code with :

Ty e he oRAM
pLUTo API calls ptYio S Substrate

) . ACT

pluto_subarray_alloc PRE

api_pluto_mul pluto_bit_shift_| ACT

— — pluto_or ACT

k pluto_op A PRE
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More in the Paper

pLUTo: Enabling Massively Parallel Computation
in DRAM via Lookup Tables
Jodo Dinis Ferreirat Gabriel Falcao® Juan Gémez-Luna® Mohammed Alser?

Mohammad Sadrosadati$ Jeremie S. Kim$ Geraldo F. Oliveira’
Taha Shahroodi* Anant Nori* Onur Mutlu$

IT, University of Coimbra ¥V Galicia Supercomputing Center ~ *TU Delft ~ *Intel

Lois Orosa$V

SETH Ziirich

uint2_t *A,*B,*C = (uint2_t *)malloc(input_size*2); // Inputs
uint4_t xout = (uint4_t *)malloc(input_sizex4); // Output

// Array initialization

I coo

// Multiply-and-add loop

for (int i = 0; i < input_size; i++) {
out[i] = A[i]*B[i] + C[i];

© Reference C Code

// Array allocation

uint2_t %A, *B = pluto_malloc(size=input_size, bitwidth=2);
uint2_t *C, *tmp = pluto_malloc(size=input_size, bitwidth=4);
uint4_t xout = pluto_malloc(size=input_size, bitwidth=5);

// Multiply-and-add loop
for (int i = @; i < input_size/row_size; i++){
api_pluto_mul(inl = A, in2 = B, out = tmp, bitwidth

= 2);
api_pluto_add(inl = C, in2 = tmp, out = out, bitwidth

4);

AT BLITT]B

T

[II1T]e

tmp [ [ [ ][]
v

v

out [[TTT]

© pLUTo API Code

0 Data Dependency Graph

# Array allocation

pluto_row_alloc $prg@, input_size, 2 # Allocate A
pluto_row_alloc $prgl, input_size, 2 # Allocate B
pluto_row_alloc $prg2, input_size, 4 # Allocate C
pluto_row_alloc $prg3, input_size, 4 # Allocate tmp
pluto_row_alloc $prg4, input_size, 5 # Allocate out

# Allocate and load LUTs
pluto_subarray_alloc $lut_rg®, “mul2_lut_file.dat”
pluto_subarray_alloc $lut_rgl, “add4_lut_file.dat”

# Allocate temporary row for OR operation
pluto_row_alloc $prg5, input_size, 8

# Multiply-and-add loop
div $r@, input_size, row_size # Initialize loop counter
LOOP:
pluto_bit_shift_1 $pgr@®, 4 # Shift A 4 bits to the left
pluto_or $prg5, $prg®, $prgl # $prg5 <- A | B
pluto_op $prg3, $prg5, $lut_rgd, 256, 4 # tmp <- LUT[A|B]
pluto_bit_shift_1 $pgr3, 4 # Shift tmp 4 bits to the left
pluto_or $prg5, $prg3, $prg2 # $pgr5 <- tmp | C
pluto_op $prg4, $prg5, $lut_rgl, 256, 8 # out <- LUT[tmp|C]
# Update input addresses
subi $r@, 0 # decrement loop counter
bne $r@, LOOP # next loop iteration

1
source
subarray

1

1

source row buffer
1

pLUTo-enatl)led

subarray
1
pLUTo-enabled
row buffer
1
|
“ 1
() 1
23 -
>SS (.
s 12
28 RS
= (s
E\gl s
g o1 3
e
288

———

Row Sweep Ambit-OR Row Sweep Ambit-OR

QpLUTo ISA Instructions

SAFARI

Q pLUTo Controll

er & Execution

pLUTo
SAFARI
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Performance

Average speedup across 7 real-world workloads
OpLUTo-GSA  OpLUTo-BSA  @EpLUTo-GMC

10000
1413
i 713

S 1000 357
o
T,
L 100 A 36.2
A 18.3
v 9.2
g? 10 -
— 2.3
Q
S 1.2
< 1 L__Jr——1lll

CPU 0.6GPU PnM

0.1

pLUTo significantly outperforms CPU, GPU and PnM baselines
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Performance (normalized to area)

Average speedup normalized to area across 7 real-world workloads

OpLUTo-GSA @O pLUTo-BSA  @EpLUTo-GMC

10000
150 1558
e ] 801 ke 830 >
8 8 1000 426 L4
8
%g 100 -
S g
:% Q- 10 -
1
CPU GPU

pLUTo provides substantially higher performance per unit area
than both the CPU and the GPU
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Energy Consumption

Average energy consumption across 7 real-world workloads

OpLUTo-GSA @O pLUTo-BSA EpLUTo-GMC

10000

o)) 3071
= 1362 1855
© 1000 -
(Vp)
>
ok
v 00 -
LICJ 1 29 39
()]
(@)
© 10 -
Q
>
<

1

CPU GPU

pLUTo significantly reduces enerqgy consumption compared to
processor-centric architectures for various workloads
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More Results in the Paper

* Comparison with FPGA * Subarray-Level Parallelism

* Area Overhead Analysis * LUT Loading Overhead
* Circuit-Level Reliability & Correctness ¢ Range of Supported Operations

pLUTo: Enabling Massively Parallel Coputation

in DRAM via Lookup Tables
Jodo Dinis Ferreira® Gabriel Falcao® Juan Gémez-Luna$ Mohammed Alser®
Lois Orosa’V Mohammad Sadrosadati$ Jeremie S. Kim$ Geraldo F. Oliveira$
Taha Shahroodif Anant Nori* Onur Mutlu®

SETH Ziirich  TIT, University of Coimbra V Galicia Supercomputing Center  *TU Delft  *Intel
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SRC TECHCON Presentation

Geraldo F. Oliveira
o pLUTo: Enabling Massively Parallel Computation in DRAM via Lookup Tables

o https://arxiv.org/pdf/2104.07699.pdf

In-DRAM pLUTo LUT Query: Setup

LUT Query: input

Return {2M, 15, 27, 4th} vector
prime numbers

Prime

[2]ofa]3]

numbers

LUT i )

index

1 3
L
3 Ll | 7,
lookup table

dalEonluaaleg

iriput vector

- 3 | 7 | output
: vector
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pLUTo: Enabling Massively Parallel Computation in DRAM via Lookup Tables
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RowClone in Off-the-Shelf DRAM Chips

* |[dea: Violate DRAM timing parameters to mimic
RowClone

ComputeDRAM: In-Memory Compute Using Off-the-Shelf

DRAMs
Fei Gao Georgios Tziantzioulis David Wentzlaff
feig@princeton.edu georgios.tziantzioulis@princeton.edu wentzlaf@princeton.edu
Department of Electrical Engineering Department of Electrical Engineering Department of Electrical Engineering
Princeton University Princeton University Princeton University
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RowClone & Bitwise Ops in Real DRAM Chips

MICRO-52, October 12-16, 2019, Columbus, OH, USA

~~__-_ ~——

Vdd ...................................................................
2
N T) 1 L] L [ [
T [T 7 B | 7 7
sz [ [ IF =1 L
11 13 11 ) 1)
sh Ay AY AY &Y
@)
-

Figure 4: Timeline for a single bit of a column in a row copy
operation. The data in R; is loaded to the bit-line, and over-
writes Rj.

SAFARI

Gao et al.
Vaa . S I F N i — i — .
2
_ il il changing = = [
R3=00; row
1
Qperand 1] 11 address ¥ I 11
— 01R 1 =
R,;=01, \
Constant:0

R,=10, j L l
0 d:0
peran T 10 Rz ¥ HJ .‘L T |
SRY Y &Ly
”@ —”"® —------:::::@-----—@ ’@
ACT(R;) PRE ACT(R;) time

Figure 5: Logical AND in ComputeDRAM. R; is loaded with
constant zero, and R, and R3; store operands (0 and 1). The
result (0 = 1 A 0) is finally set in all three rows.
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Row Copy in ComputeDRAM

e Ml
B M

— activated.
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o o o
5 R
PRE
J v

ACT(R;) ACT(R,) time
| Y Y J
T 75
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Bitwise AND in ComputeDRAM

L2 0 o 1S e USSP W S T —
2
R;=00, changing \#
Operand:1 row
address
R,=01, l \
Constant:0
: -y | 00 Ry |
T2 very short ‘ I l w ‘ |
PRE cannot close R1 10 R !
R3 will appear on the address bus L AC & K Zk_
ACT(R2) will activate R3 and R2 | ‘ :f ‘ :f }’
T1 very short '—"@2_(-——';\@,__--;;\;:::::11@---“"@ /\,@
Sense amps are not -O—0—0C—® o
activated | ACT(Ri) PRE ACT(R,) time
T; = T, = 0idlecycle
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Experimental Methodology

SAFARI

Host
PC

SoftMC software

ComputeDRAM Library

Application

Figure 9: (a) Schematic diagram of our testing framework. (b)
Picture of our testbed. (c) Thermal picture when the DRAM

is heated to 80 °C.

PCle | FPGA MSoftMC hardware
3
I DDR3 PHY l
DRAM +
Peltier plate heater IJ
(a) —
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Experimental Methodology

SAFARI

Table 1: Evaluated DRAM modules

Group ID:

Vendor_Size_Freq(MHz) Part Num # Modules
SKhynix_2G_1333 HMT325S6BFR8C-H9 6
SKhynix_4 2
SKhynix_4 2
SKhynix_4 4
SKhynix_4 32 DDR3 Modules 2
Samsung 4 . 2
Samsunii ~2 56 DRAM ChlpS 2
Micron_2G 2
Micron_2G 2
Elpida_2G_1333 EBJ21UE8BDS0-D]J-F 2
Nanya 4G_1333 NT4GC64B8HGONS-CG 2
TimeTec_4G 1333 78 AP10NUS2R2-4G 2
Corsair 4G 1333 CMSA8GX3M2A1333C9 2
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Proof of Concept

* How they test these memory modules:
- Vary T, and Tz, observe what happens

< ACT >< ACT
(R1) IDLE j\K IDLE X PRE >< IDLE XK IDLE >< (R2) >

T T

e
- A

I
e
1

SoftMC Experiment
1. Select a random subarray
2. Fill subarray with random data
3. Issue ACT-PRE-ACTs with given T, & T,
4. Read out subarray
5

. Find out how many columns in a row support either
operation

Row-wise success ratio
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Proof of Concept

T2 T2 T2 T2 T2 T2
0123456789 0123456789 0123456789 0123456789 0123456789 0123456789
O_llllllllll ) I NN TN N N (N S _—— § I N N N N S S _—— llllllll‘/l/l ) T (NN N N N N N _—— 11 | I T T N S —
1 n 4// y.
2 A XA (/
3 A A/ XA 7
T1 4 - e XA /
5 VA X/
6 VA g 4%
7 1 A/ /
8 7 //' A
9 / | | (/
Micron_2G_1066 Micron_2G_1333 Elpida_2G_1333 Nanya_4G_1333 Corsair_4G_1333 TimeTec_4G_1333
g) ,// '/ | |71 ||
% . ,/// / /
. A /
T1 4 - /] // A
5 4 /] /
6 A i 2]
7 1 (/] (/ A A
8 - / // VA
9 (A 7 A A

SKhynix_2G_1333 SKhynix_4G_1333C SKhynix_4G_1066 SKhynix 4G_1600 Samsung_4G_1333 Samsung_4G_1600
SKhynix_4G_1333B

N L — i i L7777 7777 77 7 R 7 T 7 7 7
AND/OR on AND/OR on Open R3, Nothing Row copy on Row copy on Row copy on
all cols (0,100%) cols but no ops changed (0,80%) cols [80%,100%) cols all cols

* Each grid represents the success ratio of operations
for a specific DDR3 module.
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Real Processing-Using-Memory Prototype

* End-to-end RowClone & TRNG using off-the-shelf DRAM chips
* |dea: Violate DRAM timing parameters to mimic RowClone

PiDRAM: A Holistic End-to-end FPGA-based Framework
for Processing-in-DRAM

Ataberk Olgun®™  Juan Gémez Luna®  Konstantinos Kanellopoulos®  Behzad Salami®”
Hasan Hassan®  Oguz ErginT  Onur Mutlu®

SETH Zdrich fTOBB ETU "BSC

https://arxiv.org/pdf/2111.00082.pdf

https://github.com/cmu-safari/pidram
https://www.youtube.com/watch?v=gqeukNs5XI3g&t=4192s
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PiDRAM

Goal: Develop a flexible platform to explore
end-to-end implementations of PuM techniques

* Enable rapid integration via key components

Hardware Software

o Easy-to-extend o Extensible
Memory Controller Software Library
@ ISA-transparent Custom
PuM Controller Supervisor Software
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Real Processing-Using-Memory Prototype

N\ Host Machine

-Enabled DIMM

—— )

T s IS
e ‘ Y X i ' e\
TN T ;

https://arxiv.org/pdf/2111.00082.pdf
https://github.com/cmu-safari/pidram
https://www.youtube.com/watch?v=geukNs5XI3g&t=4192s
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PiDRAM Workflow

DRAM Module

User Application Rocket POC @ CRF
0 Ch|p Instruction Start Ack Finish §
System Calls I [copyA>B | [1 ][ [ | Command t
A A /?\ lt\ "Tlmings ‘qE)

Custom Supervisor Software RISC-V | A-p------ Lo---== --- 8 42ER3 b ;-
. CPU Core | Scheduler [ 2
pumolib (2] L | S . PerOps | X =

( STORE instruction | Module | g
sefpy (Ueniy e © PiDRAM Memory Controller

1- User application interfaces with the OS via system calls

2- OS uses PUM Operations Library (pumolib) to convey operation
related information to the hardware using

3- STORE instructions that target the memory mapped registers of
the PUM Operations Controller (POC)

4- POC oversees the execution of a PUM operation (e.g.,
RowClone, bulk bitwise operations)

5- Scheduler arbitrates between regular (load, store) and PUM
operations and issues DRAM commands with custom timings
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Real Processing-Using-Memory Prototype

‘= README.md £

Building a PiDRAM Prototype

To build PIDRAM's prototype on Xilinx ZC706 boards, developers need to use the two sub-projects in this
directory. fpga-zynq is a repository branched off of UCB-BAR's fpga-zynq repository. We use fpga-zynq to
generate rocket chip designs that support end-to-end DRAM PuM execution. controller-hardware is where we
keep the main Vivado project and Verilog sources for PIDRAM's memory controller and the top level system
design.

Rebuilding Steps

1. Navigate into fpga-zynq and read the README file to understand the overall workflow of the repository
o Follow the readme in fpga-zyng/rocket-chip/riscv-tools to install dependencies

2. Create the Verilog source of the rocket chip design using the ZynqCopyFPGAConfig
o Navigate into zc706, then run make rocket CONFIG=ZynqCopyFPGAConfig -j<number of cores>

3. Copy the generated Verilog file (should be under zc706/src) and overwrite the same file in controller- . .
hardware/source/hd1/impl/rocket-chip httpS //a rXIV.Org/pdf/Z 111.00082. pdf

. Open the Vivado project in controller-hardware/Vivado_Project using Vivado 2016.2 https//glth u b.Com/Cm u-safa rl/pld ram
. Generate a bitstream https://www.youtu be.com/watch?v=qeu stSXI3g&t=41925

. Copy the bitstream (system_top.bit) to fpga-zynq/zc706

N O o b

.Use the ./build_script.sh to generate the new boot.bin under fpga-images-zc706 , you can use this file
to program the FPGA using the SD-Card
o For details, follow the relevant instructions in fpga-zynq/README.md

You can run programs compiled with the RISC-V Toolchain supplied within the fpga-zynq repository. To install the
toolchain, follow the instructions under fpga-zynq/rocket-chip/riscv-tools .

Generating DDR3 Controller IP sources

We cannot provide the sources for the Xilinx PHY IP we use in PIDRAM's memory controller due to licensing
issues. We describe here how to regenerate them using Vivado 2016.2. First, you need to generate the IP RTL files:

1- Open IP Catalog
2- Find "Memory Interface Generator (MIG 7 Series)" IP and double click
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Microbenchmark Copy/Initialization Throughput

150

- = [ Initialize O Copy
2 2 100
g 5
o0
3§wﬂﬂii
s 2 0
I_g 0O O O 0O O OO o M NN M
T T T T T v s 5 5 S
3 S 3T X B O NS o
— &N
Array Size

In-DRAM Copy and Initialization

improve throughput by 119x and 89x
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PiDRAM is Open Source

[PIDRAM

https://github.com/CMU-SAFAR

@ CMU-SAFARI/ PiDRAM (X Editpins « | [ @Watch G) ~ | [ ¥ Fork @ | [ % s @) | - |

<> Code (© Issues 3% Pullrequests ® Actions [ Projects [ wiki @ Security |~ Insights €83 Settings

olgunataberk Fix small mistake in README 46522cc on Dec 5,2021 Y 11 commits
BB controller-hardware Add files via upload 7 months ago
B fpga-zynq Adds instructions to reproduce two key results 7 months ago
(3 README.md Fix small mistake in README 7 months ago
‘= README.md V4

PiDRAM

PiDRAM is the first flexible end-to-end framework that enables system integration studies and evaluation of real
Processing-using-Memory (PuM) techniques. PIDRAM, at a high level, comprises a RISC-V system and a custom
memory controller that can perform PuM operations in real DDR3 chips. This repository contains all sources
required to build PIDRAM and develop its prototype on the Xilinx ZC706 FPGA boards.

About e

PiDRAM is the first flexible end-to-end
framework that enables system
integration studies and evaluation of real
Processing-using-Memory techniques.
Prototype on a RISC-V rocket chip system
implemented on an FPGA. Described in
our preprint:
https://arxiv.org/abs/2111.00082

J Readme
¢ 21stars

® 3 watching
% 2 forks

Releases

No releases published
Create a new release

SAFARI
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PiDRAM: Long Talk and Tutorial
https://youtu.be/s z S6FYpCS8

Alloc_align Example

A = alloc_align(16*1024, 0); B = alloc_align(16*1024, 0

Array A Array B
16 KBs 16 KBs

ks

Virtual Addresses: 0x0000 0x1000 0x2000

Processing in Memory Course: Meeting 6: End-to-end Framework for Processing-using-Memory - Fall'21

615 views  Streamed live on 9 Nov 2021 - Project & Seminar, ETH Ziirich, Fall 202 Show more e 25 GP Dislike /> Share L Download % Clip =+ Save

E\ Onur Mutlu Lectures
&> 2

25.7K subscribers

SUBSCRIBED

SAFARI
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PUM
in Non-Volatile Memories



Pinatubo: Row Copy and Bitwise Ops in PCM

Pinatubo: A Processing-in-Memory Architecture for Bulk
Bitwise Operations in Emerging Non-volatile Memories

Shuangchen Li*; Cong Xu?, Qiaosha Zou**, Jishen Zhao?, Yu Lu*, and Yuan Xie*

University of California, Santa Barbara®, Hewlett Packard Labs?
University of California, Santa Cruz?, Qualcomm Inc.*, Huawei Technologies Inc.?
{shuangchenli, yuanxie}ece.ucsb.edu*
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Pinatubo: Row Copy and Bitwise Ops in PCM

All data via the
Narrow DDR bus

D &,

Row-ADR

Operand Row 1
\\ Operand Row 2 Operand Row 1
Q . Operand Row 2
1| Operand Row n | Operand Row n
Result Row Result Row </

VM-based Main Memory
(a) Conventional Approach (b) Pinatubo

Figure 2: Overview: (a) Computing-centric ap-

proach, moving tons of data to CPU and write back.

(b) The proposed Pinatubo architecture, performs

n-row bitwise operations inside NVM in one step.
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In-Memory Crossbar Array Operations

* Some emerging NVM technologies have crossbar array
structure

- Memristors, resistive RAM, phase change mem, STT-MRAM,

* Crossbar arrays can be used to perform dot product
operations using “analog computation capability”
- Can operate on multiple pieces of data using Kirchoff’s laws
* Bitline current is a sum of products of wordline V x (1/ cell R)
- Computation is in analog domain inside the crossbar array

* Need peripheral circuitry for D->A and A-> D conversion
of inputs and outputs
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In-Memory Crossbar Computation

—-DAC 0\/14\.
= DAC ."I/%
=DAC i\/’/‘\

—DAC .\’lzk?

S&H [S&H s&ﬂ S&H
| | | |

Vi

Y

11=V1.G1

V2
G2

12 =V2}

EEEE
A

l=11+12= fL All)C
(a) Multiply-Accumulate operation (b) Vector-Matrix Multiplier

Fig. 1. (a) Using a bitline to perform an analog sum of products operation.
(b) A memristor crossbar used as a vector-matrix multiplier.

Shafiee+, “ISAAC: A Convolutional Neural Network Accelerator with In-Situ Analog Arithmetic in Crossbars”, ISCA 2016
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In-Memory Crossbar Computation
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In-Flash Bulk Bitwise Execution

» Jisung Park, Roknoddin Azizi, Geraldo F. Oliveira, Mohammad Sadrosadati, Rakesh Nadig, David Novo,
Juan Gémez- Luna, Myungsuk Kim, and Onur Mutlu Mutlu

"Flash-Cosmos: In Flash Bqu Bitwise Operatlons 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]

Flash-Cosmos: In-Flash Bulk Bitwise Operations Using
Inherent Computation Capability of NAND Flash Memory

Jisung Park®V Roknoddin Azizi® Geraldo F. Oliveira® Mohammad Sadrosadati®
Rakesh Nadig® David Novo' Juan Gémez-Luna® Myungsuk Kim* Onur Mutlu®

SETH Ziirich VPOSTECH  TLIRMM, Univ. Montpellier, CNRS ~ *Kyungpook National University
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NAND Flash Basics: A Flash Cell

* A flash cell stores data by adjusting the amount of
charge in the cell

Erased Cell Programmed Cell
(Low Charge Level) (High Charge Level)

‘ Activation ‘
AN o o

Operates as a resistor Operates as an open switch

SAFARI
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NAND Flash Basics: A NAND String

* A set of flash cells are serially connected to form a

NAND String Bitline (BL)

Jomololoe

NAND String
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NAND Flash Basics: A NAND Flash Block

* NAND strings connected to different bitlines comprise a NAND
block

o
=
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w
\
|
|
|
|
|
|
|
|
|
|
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|
|
|
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|
|
|
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|
|
|
|
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|
|
|
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|
|
|
|
|
|
|
|
|
|
|
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4

WL,— A single wordline (WL) controls a large number L.
of flash cells: High bit-level parallelism

»
\----------------—'
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Multi-Wordline Sensing (MWS): Bitwise
AND

* Intra-Block MWS: Simultaneously activates multiple WLs
in the same block
- Bitwise AND of the stored data in the WLs

BL, BL, BL, BL,
4 r A
Target Cells: !
Operate J WL,— —_- —- —1 é
as resistors (1) ;
or open switches (0) \WLZ__ —_- —_— — é

WL— = — - § — = —

Non-Target Cells:
TETETETS

Operate <
as resistors
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Multi-Wordline Sensing (MWS): Bitwise
AND

* Intra-Block MWS: Simultaneously activates multiple WLs
in the same block

- Bitwise AND of the stored data in the WLs

BL,

N\
A bitline reads as ‘1’ only when all the target cells store ‘1’
—> Equivalent to the bitwise AND of all the target cells

AW ’W\/—J\Nv—‘
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Multi-Wordline Sensing (MWS): Bitwise
AND

Flash-Cosmos (Intra-Block MWS) enables
bitwise AND of multiple pages in the same block
via a single sensing operation
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Multi-Wordline Sensing (MWS): Bitwise OR

* Inter-Block MWS: Simultaneously activates multiple WLs

in different blocks

- Bitwise OR of the stored data in the WLs

BL,

BL,

WL, in Block,

WL, in Block; —

\

|

?

:

E

SAFARI
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Multi-Wordline Sensing (MWS): Bitwise OR

* Inter-Block MWS: Simultaneously activates multiple WLs
in different blocks

BL,

N\
A bitline reads as ‘0’ only when all the target cells store ‘0’
—> Equivalent to the bitwise OR of all the target cells

L]
[ |

(o)
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Multi-Wordline Sensing (MWS): Bitwise OR

Flash-Cosmos (Inter-Block MWS) enables

bitwise OR of multiple pages in different blocks

via a single sensing operation

SAFAKI
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Processing-Using-Memory (PUM)

* PUM: Exploits analog operational principles of the
memory circuitry to perform computation
- Exploits internal connectivity to move data
- Leverages the large internal bandwidth and parallelism

available inside the memory arrays

* A common approach for PUM architectures is to

perform bulk bitwise operations
- Simple logical operations (e.g., AND, OR, XOR)

- More complex operations (e.g., addition, multiplication)
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MICRO 2023 Tutorial
Real-world Processing-in-Memory Systems for Modern Workloads

Processing-Using-Memory

Exploiting the Analog Operational
Properties of Memory Components

Geraldo F. Oliveira
Professor Onur Mutlu
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