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Barriers to Adoption of PIM

1. Functionality of and applications & software for PIM

2. Ease of programming (interfaces and compiler/HW support)
3. System support: coherence & virtual memory

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

5. Infrastructures to assess benefits and feasibility

All can be solved with change of mindset
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We Need to Revisit the Entire Stack

SW/HW Interface

We can get there step by step
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1. Introduction

Main memory, built using the Dynamic Random Ac-
cess Memory (DRAM) technology, is a major compo-
nent in nearly all computing systems, including servers,
cloud platforms, mobile/embedded devices, and sensor
systems. Across all of these systems,the data working
set sizes of modern applications are rapidly growing,
while the need for fast analysis of such data is increas-
ing. Thus, main memory is becoming an increasingly
significant bottleneck across a wide variety of computing

12,113, 14,15, 16]. Alleviating the main memory bot-

tleneck requires the memory capacity, energy, cost, and
performance to all scale in an efficient manner across
technology generations. Unfortunately, it has become
increasingly difficult in recent years, especially the past
decade, to scale all of these dimensions [1,2, 17, 18, 19,
20, 21,22, 23,24, 25,[26, 27,28, 29,130, 31, 32,/33, 34,
35,136,/37,138,39, 40, 41, 42,/43,|44, 45, 46, 47, 48,49],
and thus the main memory bottleneck has been worsen-
ing.

A major reason for the main memory bottleneck is the
high energy and latency cost associated with data move-
ment. In modern computers, to perform any operation
on data that resides in main memory, the processor must
retrieve the data from main memory. This requires the
memory controller to issue commands to a DRAM mod-
ule across a relatively slow and power-hungry off-chip
bus (known as the memory channel). The DRAM mod-
ule sends the requested data across the memory channel,
after which the data is placed in the caches and regis-
ters. The CPU can perform computation on the data
once the data is in its registers. Data movement from the
DRAM to the CPU incurs long latency and consumes
a significant amount of energy [7, 50, 51, 52, 53, 54].
These costs are often exacerbated by the fact that much
of the data brought into the caches is not reused by the
CPU [52, 53, 55,/56], providing little benefit in return
for the high latency and energy cost.

The cost of data movement is a fundamental issue
with the processor-centric nature of contemporary com-
puter systems. The CPU is considered to be the master
in the system, and computation is performed only in the
processor (and accelerators). In contrast, data storage
and communication units, including the main memory,
are treated as unintelligent workers that are incapable of
computation. As a result of this processor-centric design
paradigm, data moves a lot in the system between the
computation units and communication/ storage units so
that computation can be done on it. With the increasingly
data-centric nature of contemporary and emerging appli-
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UPMEM Processing-in-DRAM Engine (2019)

Processing in DRAM Engine

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

Replaces standard DIMMs

o DDR4 R-DIMM modules

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

o Large amounts of compute & memory bandW|dth

% 8GB/128xDPU PIM R-DIMM Module

CPU

UPMEM UPMEM LUPMEM UPMEM UPMEM UPMIEM UPMEM UPMEM
PiM Pring PiM P P} PN PiM PIM

(x86, ARM, RV...) chip chip chip chip chip ehip chip chip
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UPMEM PIM Architecture: Meetings 2 & 3

o
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Samsung Function-in-Memory DRAM (2021)

B FIMDRAM based on HBM2

SID1
Core-die -
(HBM2)

SIDO
Core-die -
(FIMDRAM)

Buffer-die —»

[3D Chip Structure of HBM with FIMDRAM]

Chip Specification

128DQ / 8CH / 16 banks / BL4
32 PCU blocks (1 FIM block/2 banks)

1.2 TFLOPS (4H)

FP16 ADD /
Multiply (MUL) /
Multiply-Accumulate (MAC) /
Multiply-and- Add (MAD)
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Samsung Function-in-Memory DRAM (2021)

hip Implementation

B Mixed design
methodology to
implement FIMDRAM

® Full-custom + Digital RTL

[Digital RTL design for PCU block]
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FIMDRAM: System Organization (I1I)

= PIM units respond to standard DRAM column commands
(RD or WR)

o Compliant with unmodified JEDEC controllers

= They execute one wide-SIMD operation commanded by a
PIM instruction with deterministic latency in a lock-step
manner

= A PIM unit can get 16 16-bit operands from I0SAs, a
reqgister, and/or the result bus

From
HBM DRAM Die B Bank / ;
LS / From \LReglsters
) /’ IOSA
/’ (Cell)

BANK BANK

PIM PIM
UNIT  UNIT

Column Decoder
Write Drivers
I/O Sense Amps

Result Bus

BANK BANK

\ Registers 3 | To
TSVs & Periphery % PIM Unit To Write

SIMD FPUs Registers

BANK BANK Driver

d

(b) (c)
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Lecture on FIMDRAM/HBM-PIM

FIMDRAM: Bank-level Parallelism o o

Unlike standard DRAM devices, all banks can be accessed iy
concurrently for 8x higher bandwidth (with 16 pCHs)

In AB-PIM mode, a memory command triggers a PIM
instruction in the CRF

Single Bank All Bank

MODE (SB) MODE (AB) AB-PIM Mode
PIM CRF area
PIM GRF area
PIM SRF

AB enter sequence AB-PIM enter
—_——

-

ACT/PRE row 0x27ff PIM_OP_MODE=1
of bank 0,1,8,9 |

AB exit sequence AB-PIM exit
A————

ACT/PRE row 0x2fff PIM_OP_MODE=0
of bank 0,1 b

Processing-in-Memory Course: Lecture 4: Real-world PIM: Samsung HBM-PIM Architecture - Spring
2022
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AiM: Chip Implementation

= 4 Gb AiM die with 16 processing units (PUs)

AiM Die Photograph 1 Process Unit (PU) Area
; Total 0.19mm?

MAC 0.11mm?

Activation Function (AF) 0.02mm?

Reservoir Cap. 0.05mm?2

Etc. 0.01mm?

Lee et al., A 1ynm 1.25V 8Gb, 16Gb/s/pin GDDR6-based Accelerator-in-Memory supporting 1TTFLOPS MAC Operation and Various Activation Functions for 15
Deep-Learning Applications, ISSCC 2022



A1M: System Organization

= GDDR6-based AiM architecture
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Lecture on Accelerator-in-Memory

AiM: Adder Tree: Bank-wide Mantisa Shift £

Bank-wide Mantisa Shift (BWMS) [&& ... v augl ]
o Find MAX EX of 16 EXs L = e
o Obtain the differences = = = ‘
o Shift all MAs by the differences = uﬁ — 1
a Perform MA additons = '
6 () (6 () () ) () (&) e ) () ) ) ) ) ) ) i i
e T B o TR B 1 o £ 7 O A = s1s
Shifte , ) L_“i\‘ e 1
moee NN NN NN N @444 E WA SN A R Comparer | i
T T i e — I JDFF';”)
o T e e I,
2 Adder Tree Out S0_SFT, MAO_SFT (FP32)
Before Shifter After Shifter
MUL | Exponont(EX) | Sign (5), Mantissa MA) | U e "™ | Exponent (EX) Sign(S), Mantissa(MA)
ouT (8 bits) (1,16 bits) (8 bits) (1, 24 bits)
wvioR | 00001100 +1.111110011111011 3 +0.00111111001111101100000
wv1) 00001111 +1.000000011111011 Max EX . 1111101
wv[2) 00000100 -1.111110000000000 1 00001111 ~1.41111111111111110000000
vy .'Wl" i "om't?oov l.?.?m_n_ﬂﬂ:n: :- - > t:c-| 1 - D E . -

Processing-in-Memory Course: Lecture 6: Real-world PIM: SK Hynix AiM - Spring 2022
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Samsung AXDIMM (2021)

m DIMM-based PIM o Baseline Systm
o DLRM recommendation system

CHo! CH1! CH3!
1 1

CH2!
1
OS/FC/Others SLS Offload OS/FC/Others

AxDIMM System

_ AxDIMM

CHO! CH2!
1 1

OS/FC/Others SLS Offload OS/FC/Others

Ke et al. "Near-Memory Processing in Action: Accelerating Personalized Recommendation with AxDIMM", IEEE Micro (2021) 18



AxXDIMM Design: Hardware Architecture

- ————
§f ammes

Standard DIMM Interface

e Rank-0.NMP
= [P m e s Se e s S e >
n g Non-Acceleration Mode w —
- L = HelE
|2 5 = 4CONF REG| Acceleration Mode | g o
8l > 2 Sl
& i m =
pd =
o < 0
¥ O _é
E e = (_D > ©
= 2 Rank-1.NMP d Sl o

DDR4 slave PHY receives DRAM commands and NMP instructions
(via DQ pins) from the host side

SAFARI
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AxDIMM Design: Execution Flow

Emb Table Rank-0.NMP N
Data - d
Acc Mode et I-I=1*[ CONF REG| S <
e Enable a = Decode Inst 5 o =
Write Inst % 21| INST BUF || DEC HCMDGENI—%%AM TE’;J o &
Set SLS N - RD Psum
— 2 PSUM BUF | ADDER |+ -
ExeReg < R!I) Emb
[0 Accumulate Psum,,
o Read o
StatusReg a —
(D 1
Read Psum Rank-1.NMP = =
©
o
(b)
Host WR Mode WR SLS RD RD
Emb Table Change Inst Execute Status Reg Psum
Decode |Decode |Decode |Decode | _ _ _ _ ___ _ _ ___ | Decode
Decoder Inst Inst Inst Inst Inst
RD RD RD RD RD
Data Fetch Psum | Psum | Psum | Psum |~ 7 Psum
ank: RD RD RD
RD RD |
NMP Data Fetch Emb | Emb | Emb | Emb Emb
Adder ADD | ADD | ADD | ADD | = o o i o i o ADD
WR WR WR WR WR
Accumulate Psum | Psum | Psum | Psum [~~~ "~ T TTT T Psum
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Lecture on AxDIMM

AxDIMM Design: Execution Flow

o ' . . '_“ [_,l Rank-0 NMP TH i
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d il

o | 5 -
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Processing-in-Memory Course: Lecture 9: Real-world PIM: Samsung AxDIMM - Spring 2022
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HB-PNM: Overall Architecture (I)

= 3D-stacked logic die and DRAM die vertically bonded by
hybrid bonding (HB)

3D-stacked illustration of A 1Gb DRAM Core

the DRAM die and logic die = =
128Mb | @ T | 128Mb
+8MbY) | 5 5| @8mb)
Decoder/Control/Buffer
. 128Mb || |& | 128Mb
~ +8Mb) | B 5| (+8Mb)
i @ @
; 128Mb | B | |®| 128Mb
; “8Mb) |5 5| @8mb)
| o 173
: Decoder/Control/Buffer
; 128Mb | B % | 128Mb
! +8Mb) | 5 5| @amb)
E x4
*On-die ECC

DRAM array layout illustration and its imposed
design constraints on logic die
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L. Match Engine e ||
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00 e0e® i [l ol | £
iowel [BE o[
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Cross-section illustration of the logic die and DRAM die Logic die physical constraints due to hybrid
vertically bonded by HB in a chip package bonding PHY and MC

Niu et al., 184QPS/W 64Mb/mm2 3D Logic-to-DRAM Hybrid Bonding with Process-Near-Memory Engine for Recommendation System, ISSCC 2022
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HB-PNM: Overall Architecture (IT)

Match engine and neural engine for matching and ranking in a
recommendation system

DRAM Die
Image / ltem Query* i
9 v Bottleneck ! 16b | 1Gb |11 1Gb |11 1Gb |
Fomssssssmsmoe- | B ; DRAM [ii| DRAM || DRAM | ! ! DRAM ||
: : i Zx 1 E Zx 1 i 74N 1 i 74N 1
; Classification ; c
| |
(]
: ; 1 =
: D : 5 8x Memory 8x Memory 8x Memory 8x Memory
: ?5 Object Detection } g_ Controllers Controllers Controllers Controllers
| |
I | [e) .
i E i o -
|
: Feature Extraction 1 Dual-mode Dual-mode Dual-mode Dual-mode
: } Interface Interface Interface Interface
| ; -: { i i i
|
: . . | —> Match Engine (ME) Neural Engine (NE)
- | Coarse-grained Matching = el
D ' o
o s ‘L : e Control Dataflow Control Activation
'O : [}
: Fine-grained Ranking .-:/
S j; ___________ § Matching Top-K GEMM Transpose
Top-K Results
Logic Die

Niu et al., 184QPS/W 64Mb/mm2 3D Logic-to-DRAM Hybrid Bonding with Process-Near-Memory Engine for Recommendation System, ISSCC 2022



Lecture on HB-PNM

Match Engine: Distance Calculator

obtains similarity between input query and
feature vectors
» It computes Hamming distance of two 512-bit vectors
, Distance is filtered by root of max-heap

=y 2 ¥ = ) L)
b - = - Addr | Data Query Data
Wowe - " trige ST - i S v
| Bit-wise Hamming Distance
- A
| aasGe |° | Partial Partial
(Popcount 0] |Popcount 1)
[ wmcm o !

Processing-in-Memory Course: Lecture 10: Real-world PIM: Alibaba HB-PNM - Spring 2022
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Processing-using-Memory in Real DRAM Chips

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

DRAMs
Fei Gao Georgios Tziantzioulis David Wentzlaff
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SottMC: Open Source DRAM Infrastructure

= Hasan Hassan et al., "SoftMC: -
A Flexible and Practical Heat/ i
Open-Source Infrastructure Chamber '
for Enabling Experimental ’\
DRAM Studies,” HPCA 2017

= Flexible

= Easy to Use (C++ API) ,. 7 "

= Open-source ' o ) Controller
github.com/CMU-SAFARI/SoftMC Heate LN + 5

v,

\i“’"‘” R~

-
| L =
[ D f
{ 35 = /~
7 4
X r
™
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RowClone & Bitwise Ops 1n Real DRAM Chips

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

Gao et al.
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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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PIDRAM

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

* Enable rapid integration via key components

Hardware Software
0 Easy-to-extend 0 Extensible
Memory Controller Software Library
(2 ISA-transparent Custom
PuM Controller Supervisor Software
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PiDRAM Workflow

DRAM Module
User Application Rocket POC @ CRE
0 Chip Instruction Start Ack Finish §
System Calls I [_copyA>B | [11[ [ | Command T
A A A A { Timings =
ustom Supervisor Softwar RISC-V | d-p------ L----== —-- Qg DDRS
. CPU Core Scheduler [ £
pumolib @ T = PerOps | . =
( STORE instruction | Module | g
copy (rowA, rowB) © 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 PuUM 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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PiDRAM FPGA Prototype

el

Xilinx ZC70
| TR ]

“¥ae=aa Single core RISC-V CPU @ 50MHz
in-order, single-issue

g | 16KB 4-way L1 DS

4KB 1S

-----

Compute-Enabled DIMM RISC-V System
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IL.ecture on PIDRAM
PiDRAM Workflow

[ User Application I

System Calls 0

Physical Interface

ustom Supervisor Softwar

Scheduler
pumolib &

S TORE instruct

[_copy (rowa, rous) | PIDRAM Memory Controlier

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 arbltrates between regular (load, store) and PuM

Processing-in-Memory Course: Lecture 12: End-to-End Framework for PuM - Spring 2022

543 views - Streamed live on May 26, 2022 e 25 GJ DISLIKE > SHARE $¢ CLIP =+ SAVE
@ Onur Mutlu Lectures
£ SUBSCRIBED
25.9K subscribers

=

https://youtu.be/jWkdcdMAVrQ

n
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PiDRAM Paper and Repo

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 Ergin®  Onur Mutlu®
SETH Zarich ~ fTOBBETU  "BSC

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

& CMU-SAFARI/PiDRAM ' Public

<> Code © Issues 1 Pull requests (® Actions [ Projects

¥ master ~ ¥ 1branch © 0 tags

olgunataberk Fix small mistake in README

[ controller-hardware Add files via upload

fpga-zynq

[ README.md Fix small mistake in README

README.md

PiDRAM

07 wiki

Adds instructions to reproduce two key results

& Unwatc

3 Se

@ Security [~ Insights

Go to file

46522cc 23 hours ago O 11 commits

25 days ago
23 hours ago

23 hours ago

7

https://github.com/CMU-SAFARI/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.
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Programming Models and
Code Generation for PIM




UPMEM System Organization

* AUPMEM DIMM contains 8 or 16 chips
- Thus, 1 or 2 ranks of 8 chips each

* Inside each PIM chip there are:

- 8 64MB banks per chip: Main RAM (MRAM) banks

- 8 DRAM Processing Units (DPUs) in each chip, 64 DPUs per
rank

Main Memory PIM Ch ip
= ye ~\
/ Control/Status Interface <—>[ DDR4 Interface ]
DRAM||DRAM||DRAM||DRAM||DRAM||DRAM||DRAM||DRAM /
( \—p ’ A A
/
Chip || Chip || Chip || Chip || Chip || Chip || Chip || Chip \
/
/:M / ( — (#\\\
Host / DISPATCH
CcPU / FETCHI 24-KB
y= / FETCH2 )@ —
f T FETCH3 IRAM ()]
i READOP1 £ 64-MB
PIM PIM PIM PIM PIM PIM PIM PIM o READOP2 [=)) 64 bit =
< Chip || chip || chip || chip || chip || chip || chip || chip ) % - (CREADOP3 P IE Its DRAM
- o) <+>
chip || chip || chip || chip )| chip || chip || chip || chip
‘/4xN g AW 64-KB = (D)
~ = ALU3 <P WRAM <€+ QO
PIM-enabled Memory S [7] ALU4 —;/
S 2 MERGEL _537
CI:. MERGE2 ) L8
- J

SAFARI
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Accelerator Model (1)
* UPMEM DIMMs coexist with conventional DIMMs

* Integration of UPMEM DIMMs in a system follows an
accelerator model

* UPMEM DIMMs can be seen as a loosely coupled
accelerator

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

- Explicit kernel launch onto the UPMEM processors

* This resembles GPU computing

SAFARI 35



Accelerator Model (IlI)

* FIG. 6 is a flow diagram representing operations in a method of delegating a
processing task to a DRAM processor according to an example embodiment

SOC LOADS DATA TO BE PROCESSED
TO DRAM MEMORY BANK
SOC TRANSMITS DATA PROCESSING
A 602
COMMAND TO DRAM PROCESSOR(S)
l B—__603
DATA PROCESSING BY DRAM PROCESSOR(S)
f 604
DATA PROCESSIN
COMPLETE 2
5)5
, ~
MEMORY BANK ACCESSIBLE BY SOC
Fig 6

SA FAR, Fabrice Devaux, Jean-Francois Roy. “Memory circuit with integrated processor.” US 10,324,870 B2.



Inter-DPU Communication

* There is no direct communication channel between DPUs

Main Memory

P
y =
y =

y =

DRAM||DRAM||DRAM||DRAM||DRAM||DRAM||DRAM|[DRAM
\)‘ == | | 1P J\ Chip )| Chip |\ Chip J{ Chip )| chip |\ chip )| chip

,OQ - = DRAI‘ﬂ[DRAI‘ﬂ[DRAﬂ[DRAﬂ[DRAﬂ[DRAﬂ[DRAﬂ[DRAﬂ
Q\>/ fpm— Chip || Chip || Chip || Chip || Chip || Chip || Chip || Chip
S/ M
Host I
P _

~ I -
pim || pim || PIM || PIM || PIM || PIM || PIM || PIM
@e=p-| ( Chip || Chip || Chip )\ chip )| chip |\ chip || chip || chip
J
pim || pim || PIM || PIM || PIM || PIM || PIM || PIM
chip || chip || chip || chip || chip )| chip || chip || chip

PIM-enabled Memory

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

* Example communication patterns:

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

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

SAFARI 37

N




Lecture on Programming UPMEM PIM

Programming a DPU Kernel (111)

* A tasklet is the software abstraction of a hardware
thread

* Each tasklet can have its
- Tasklets can also share data in WRAM by sharing pointers

* Tasklets within the same DPU can synchronize

- Mutual exclusion
* mutex lock(); mutex unlock();
- Handshakes
* handshake wait for(); handshake notify():;
- Barriers
* barrier wait();

Processing-in-Memory Course: Lecture 7: Programming PIM Architectures - Spring 2022

420 views « Premiered Apr 21, 2022 5 15 CJ DISLIKE 2> SHARE §¢ CLIP =+ SAVE

€3 Onur Mutlu Lectures SRR Q
< - > 25.9K subscribers =

SA FA R I https://youtu.be/RaOIloOQ5EgE
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SIMDRAM Framework

oS ™= mm mm == oy ’_____

User Input [ Step 1: Generate Y ( Step 2: Generate > SIMDRAM Output
Desired operation . MA]Iogzc ........ I sequence of
.............................................. I .: .“: I I DRAM CommandS
. i1 1 [acT/PRE
|:> @ { > | ACT/PRE
i i1l | acT/PRE
................................................ | e’ | 1| ACT/ACT/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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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
24nput0penﬁkn1 bbop op dst, src 1, src 2, size, n

Predication bbop i1f 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)

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

10 else

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

12 }

« C code for vector add/sub
with predicated execution

Equivalent code using
SIMDRAM operations —

SAFARI

O 0NN O U1 A W IN B

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 ™
-
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Lecture on SIMDRAM

Step 3: pProgram Execution -

« SIMDRAM control unit: handles the execution of the EEE "
pProgram 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 | | e, ﬂnstruction resu??\
§ b ACT/PRE :
; . i in memory
foo () { : : 3 ACT/PRE
Q —» | AcT/PRE
bhep, pex 5 . | act/acT/eRE

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

512 views « Streamed live on Jun 2, 2022 ‘ﬁ 33 g] DISLIKE A) SHARE &0 CLIP =+ SAVE
E} Onur Mutlu Lectures SUBSCRIBED A
< ! »»  25.9Ksubscribers o

SA FA R I https://youtu.be/pmZoAAhvkRQ
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PIM Runtime:
Scheduling and Data Mapping




Simple PIM Operations as ISA Extensions (I)

for (v: graph.vertices) { PageRank algorithm (Page et al. 1999)
value = weight * v.rank;
for (w: v.successors) {

w.next_rank += value;

Host Processor Main Memory

64 bytes in - A ——— e,
64 bytes out |

Conventional Architecture

SAFARI 4



Simple PIM Operations as ISA Extensions (II)

for (v: graph.vertices) { PageRank algorithm (Page et al. 1999)

—_ H * .
value = weight * v.rank; oim.add rl, (r2)

for (w: v.successors) {
___pim_add(&w.next_rank, value);

Main Memory

w.next_rank

8 bytes in T
0 bytes out |

In-Memory Addition
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Example PEI Microarchitecture

Host Processor

Out-Of-Order

) () K3
Core S Yo &=
(4] (q0] - O
@) @) 4~ (@©
— ~ e
PCU (PEl = = -
Computation Unit)
PMU (PEI[—
Mgmt Umt) Directory
Locality
Monitor

HMC Controller

3D-stacked Memory

DRAM
PCU Controller

DRAM
PCU Controller

Network

DRAM
PCU Controller

Example PEI uArchitecture

SAFARI
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PEI Performance Delta: Large Data Sets

(Large Inputs, Baseline: CPU-Only)

70%
5
£ 60%
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S
© ~
g:é; 50%
g3
%3 40%
€ o
o £
to 30%
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q6 om
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M PIM-Only [ Localitv-Aware

Locality-Aware = PIM or CPU
depending on data location 47
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PEI Energy Consumption

Host-Only (CPU)

1.5
PIM-Only
S Locality-Aware
Q
E 1
S
5
5 0.5
S
0
Small Medium Large
M Cache B HMC Link M DRAM | Breakdown of Energy
) . Consumption on Different
[0 Host-side PCU [0 Memory-side PCU [JPMU | system Components
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More on PIM-Enabled Instructions

= Junwhan Ahn, Sungjoo Yoo, Onur Mutlu, and Kiyoung Choi,
"PIM-Enabled Instructions: A Low-Overhead,
Locality-Aware Processing-in-Memory Architecture"”
Proceedings of the 42nd International Symposium on
Computer Architecture (ISCA), Portland, OR, June 2015.
[Slides (pdf)] [Lightning Session Slides (pdf)]

PIM-Enabled Instructions: A Low-Overhead, Locality-Aware
Processing-in-Memory Architecture

Junwhan Ahn  Sungjoo Yoo Onur Mutlu’ Kiyoung Choi
junwhan@snu.ac.kr, sungjoo.yoo@gmail.com, onur@cmu.edu, kchoi @snu.ac.kr

Seoul National University TCarnegie Mellon University
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Key Challenge 1: Code Mapping

* Challenge 1: Which operations should be executed
in memory vs.in CPU!? ey

void applyScaleFactorsKernel( uint8 T * const out,

? {

3D-stacked memory
(memory stack)

JIIIIIIIIIIII

SM (Streaming Multiprocessor)

uint8_T const * const in, const double *factor,
size_t const numRows, size_t const numCols )

// Work out which pixel we are working on.

const int rowIdx = blockIdx.x * blockDim.x + threadIdx.x:;
const int colldx = blockIdx.y:

const int sliceldx = threadIdx.z;

// Check this thread isn't off the image
if( rowIdx >= numRows ) return;

// Compute the index of my element

size_t linearIdx = rowIdx + colIdx*numRows +
sliceIdx*numRows*numCols;

?

/@
/ /

Main GPU

_______________ Logic layer

\ 4

Logic layer
SM
I

Crossbar switch
[ [

Vault| .... |Vault
Ctrl Ctrl




Key Challenge 2: Data Mapping

* Challenge 2: How should data be mapped to

different 3D memory stacks!?

3D-stacked memory

(memory stack) SM (Streammg Multiprocessor)

Logic layer

SM

I

Crossbar switch

Vault
Ctrl

Vault
Ctrl




How to Do the Code and Data Mapping?

= Kevin Hsieh, Eiman Ebrahimi, Gwangsun Kim, Niladrish Chatterjee, Mike
O'Connor, Nandita Vijaykumar, Onur Mutlu, and Stephen W. Keckler,

"Transparent Offloading and Mapping (TOM): Enablin
Programmer-Transparent Near-Data Processing in GPU

Systems”
Proceedings of the 43rd International Symposium on Computer

Architecture (ISCA), Seoul, South Korea, June 2016.
[Slides (pptx) (pdf)]
[Lightning Session Slides (pptx) (pdf)]

Transparent Offloading and Mapping (TOM):
Enabling Programmer-Transparent Near-Data Processing in GPU Systems

Kevin Hsieh! Eiman Ebrahimi Gwangsun Kim*  Niladrish Chatterjee1L Mike O’Connor'
Nandita Vij aykumari Onur Mutlu$? Stephen W. Keckler!

fCarnegie Mellon University NVIDIA *KAIST SETH Ziirich
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http://isca2016.eecs.umich.edu/
https://users.ece.cmu.edu/~omutlu/pub/TOM-programmer-transparent-GPU-near-date-processing_kevinhsieh_isca16-talk.pptx
https://users.ece.cmu.edu/~omutlu/pub/TOM-programmer-transparent-GPU-near-date-processing_kevinhsieh_isca16-talk.pdf
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How to Schedule Code? (I)

Ashutosh Pattnaik, Xulong Tang, Adwait Jog, Onur Kayiran, Asit K.
Mishra, Mahmut T. Kandemir, Onur Mutlu, and Chita R. Das,
"Scheduling Techniques for GPU Architectures with Processing-
In-Memory Capabilities”

Proceedings of the 25th International Conference on Parallel
Architectures and Compilation Techniques (PACT), Haifa, Israel,
September 2016.

Scheduling Techniques for GPU Architectures
with Processing-In-Memory Capabilities

Ashutosh Pattnaik®  Xulong Tang*  Adwait Jog>  Onur Kayiran?
Asit K. Mishrat  Mahmut T. Kandemir®  Onur Mutlu®¢  Chita R. Das!

'Pennsylvania State University =~ *College of William and Mary
3Advanced Micro Devices, Inc. “Intel Labs SETH Zirich ¢Carnegie Mellon University
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https://users.ece.cmu.edu/~omutlu/pub/scheduling-for-GPU-processing-in-memory_pact16.pdf
http://pactconf.org/

How to Schedule Code? (1)

= Milad Hashemi, Khubaib, Eiman Ebrahimi, Onur Mutlu, and Yale N. Patt,

'Accelerating Dependent Cache Misses with an Enhanced

Memory Controller”
Proceedings of the 43rd International Symposium on Computer

Architecture (ISCA), Seoul, South Korea, June 2016.
[Slides (pptx) (pdf)]
[Lightning Session Slides (pptx) (pdf)]

Accelerating Dependent Cache Misses with an
Enhanced Memory Controller

Milad Hashemi*, Khubaib', Eiman Ebrahimit, Onur Mutlu$, Yale N. Patt*

*The University of Texas at Austin TApple *NVIDIA SETH Ziirich & Carnegie Mellon University
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https://users.ece.cmu.edu/~omutlu/pub/enhanced-memory-controller-for-dependent-loads_isca16.pdf
http://isca2016.eecs.umich.edu/
https://users.ece.cmu.edu/~omutlu/pub/enhanced-memory-controller-for-dependent-loads_milad_isca16-talk.pptx
https://users.ece.cmu.edu/~omutlu/pub/enhanced-memory-controller-for-dependent-loads_milad_isca16-talk.pdf
https://users.ece.cmu.edu/~omutlu/pub/enhanced-memory-controller-for-dependent-loads_milad_isca16-lightning-talk.pptx
https://users.ece.cmu.edu/~omutlu/pub/enhanced-memory-controller-for-dependent-loads_milad_isca16-lightning-talk.pdf

How to Schedule Code? (111)

= Milad Hashemi, Onur Mutlu, and Yale N. Patt,

'Continuous Runahead: Transparent Hardware Acceleration for

Memory Intensive Workloads"
Proceedings of the 49th International Symposium on

Microarchitecture (MICRO), Taipei, Taiwan, October 2016.
[Slides (pptx) (pdf)] [Lightning Session Slides (pdf)] [Poster (pptx) (pdf)]

Continuous Runahead: Transparent Hardware Acceleration
for Memory Intensive Workloads

Milad Hashemi*, Onur Mutlu®, Yale N. Patt*

*The University of Texas at Austin SETH Ziirich
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http://www.microarch.org/micro49/
https://people.inf.ethz.ch/omutlu/pub/continuous-runahead-engine_micro16-talk.pptx
https://people.inf.ethz.ch/omutlu/pub/continuous-runahead-engine_micro16-talk.pdf
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Research Questions

What are simple mechanisms to enable and disable PIM execution?
How can PIM execution be throttled for highest performance gains?
How should data locations and access patterns affect
where/whether PIM execution should occur?

Which parts of a given application’s code should be executed on
PIM? What are simple mechanisms to identify when those parts of
the application code can benefit from PIM?

What are scheduling mechanisms to share PIM engines between
multiple requesting cores to maximize benefits obtained from PIM?

What are simple mechanisms to manage access to a memory that
serves both CPU requests and PIM requests?

SAFARI >



Memory Coherence




Coherence for Hybrid CPU-PIM Apps

Challenge

Traditional
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How to Maintain Coherencer (I)

Amirali Boroumand, Saugata Ghose, Minesh Patel, Hasan
Hassan, Brandon Lucia, Kevin Hsieh, Krishna T. Malladi,
Hongzhong Zheng, and Onur Mutlu,

"LazyPIM: An Efficient Cache Coherence Mechanism
for Processing-in-Memory"

TEEE Computer Architecture Letters (CAL), June 2016.

LazyPIM: An Efficient Cache Coherence Mechanism for Processing-in-Memory

Amirali Boroumand', Saugata Ghose', Minesh Patel’, Hasan Hassan'$, Brandon Lucia’,
Kevin Hsieht, Krishna T. Malladi*, Hongzhong Zheng*, and Onur Mutlu*f

f Carnegie Mellon University *Samsung Semiconductor, Inc. $TOBB ETU *ETH Ziirich
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https://users.ece.cmu.edu/~omutlu/pub/LazyPIM-coherence-for-processing-in-memory_ieee-cal16.pdf
http://www.computer.org/web/cal

How to Maintain Coherencer (I1)

Amirali Boroumand, Saugata Ghose, Minesh Patel, Hasan
Hassan, Brandon Lucia, Kevin Hsieh, Krishna T. Malladi,
Hongzhong Zheng, and Onur Mutluy,

"CoNDA: Efficient Cache Coherence Support for Near-
Data Accelerators”
Proceedings of the 46th International Symposium on Computer
Architecture (ISCA), Phoenix, AZ, USA, June 2019.

CoNDA: Efficient Cache Coherence Support
for Near-Data Accelerators

Amirali Boroumand" Saugata Ghose' Minesh Patel* Hasan Hassan™
Brandon Lucia’ Rachata Ausavarungnirun’* Kevin Hsieh'
Nastaran Hajinazar®" Krishna T. Malladi® Hongzhong Zheng® Onur Mutlu*"

TCarnegie Mellon University *ETH Zurich *KMUTNB
°Simon Fraser University $Samsung Semiconductor, Inc.
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CoNDA:

Efficient Cache Coherence Support
for Near-Data Accelerators

Amirali Boroumand

Saugata Ghose, Minesh Patel, Hasan Hassan,
Brandon Lucia, Rachata Ausavarungnirun, Kevin Hsieh,
Nastaran Hajinazar, Krishna Malladi, Hongzhong Zheng,

Onur Mutlu

““““
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Specialized Accelerators

Specialized accelerators are now everywhere!

L] FPGAs — =

FPGA ASIC

Recent advancement in 3D-stacked technology
enabled Near-Data Accelerators (NDA)
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Coherence For NDAs

Challenge: Coherence between NDAs and CPUs

(1) Large cost of
off-chip communication

(2) NDA applications generate NDA
a large amount of off-chip data movement

It is impractical to use traditional coherence protocols
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Existing Coherence Mechanisms

We extensively study existing NDA coherence
mechanisms and make three key observations:

1 These mechanisms eliminate
a significant portion of NDA'’s benefits

2 The majority of off-chip coherence traffic
generated by these mechanisms is unnecessary

Much of the off-chip traffic can be eliminated
3 if the coherence mechanism has insight
into the memory accesses
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An Optimistic Approach

We find that an optimistic approach to coherence can
address the challenges related to NDA coherence

| Gain insights before any coherence checks happens

2 Perform only the necessary coherence requests
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CoNDA

We propose CoNDA, a mechanism that uses optimistic
NDA execution to avoid unnecessary coherence traffic

CPU NDA
ECPU Thread
Execution || 1OfMoad npa o | |
. Concurrent Optimistic
. CPU + NDA ¢
. Execution execution

v
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CoNDA

We propose CoNDA, a mechanism that uses optimistic
NDA execution to avoid unnecessary coherence traffic

CPU NDA

——————————————————————————————————————————————————————————————————————————————————————————

ECPU Thread
. Execution

____________________________________________________________________________

—————————————————————————————————————————————————————————————————————————————————

. Concurrent
. CPU + NDA
. Execution

| Signature | S'e"ﬁd‘ si nat

Coherence Request
ures_

CoNDA comes within 10.4% and 4.4% of performance

and energy of an ideal NDA coherence mechanism
7 Ne-execyt,



CoNDA:

Efficient Cache Coherence Support
for Near-Data Accelerators

Amirali Boroumand

Saugata Ghose, Minesh Patel, Hasan Hassan,
Brandon Lucia, Rachata Ausavarungnirun, Kevin Hsieh,
Nastaran Hajinazar, Krishna Malladi, Hongzhong Zheng,
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How to Maintain Coherencer (I1)

Amirali Boroumand, Saugata Ghose, Minesh Patel, Hasan
Hassan, Brandon Lucia, Kevin Hsieh, Krishna T. Malladi,
Hongzhong Zheng, and Onur Mutluy,

"CoNDA: Efficient Cache Coherence Support for Near-
Data Accelerators”
Proceedings of the 46th International Symposium on Computer
Architecture (ISCA), Phoenix, AZ, USA, June 2019.

CoNDA: Efficient Cache Coherence Support
for Near-Data Accelerators

Amirali Boroumand" Saugata Ghose' Minesh Patel* Hasan Hassan™
Brandon Lucia’ Rachata Ausavarungnirun’* Kevin Hsieh'
Nastaran Hajinazar®" Krishna T. Malladi® Hongzhong Zheng® Onur Mutlu*"

TCarnegie Mellon University *ETH Zurich *KMUTNB
°Simon Fraser University $Samsung Semiconductor, Inc.
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How to Support Synchronization?

= Christina Giannoula, Nandita Vijaykumar, Nikela Papadopoulou, Vasileios Karakostas, Ivan
Fernandez, Juan Gdmez-Luna, Lois Orosa, Nectarios Koziris, Georgios Goumas, Onur Mutlu,
"SynCron: Efficient Synchronization Support for Near-Data-Processing
Architectures"”
Proceedings of the 2/th International Symposium on High-Performance Computer
Architecture (HPCA), Virtual, February-March 2021.
[Slides (pptx) (pdf)]
[Short Talk Slides (pptx) (pdf)]
[Talk Video (21 minutes)]
[Short Talk Video (7 minutes)]

SynCron: Efficient Synchronization Support
for Near-Data-Processing Architectures

Christina Giannoula™ Nandita Vijaykumar** Nikela Papadopoulou’ Vasileios Karakostas’ Ivan Fernandez®*
Juan Gémez-Luna* Lois Orosa* Nectarios Koziris' Georgios Goumas' Onur Mutlu*

"National Technical University of Athens ~ *ETH Ziirich *University of Toronto $University of Malaga
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SynCron

Efficient Synchronization Support
for Near-Data-Processing Architectures

Christina Giannoula

Nandita Vijaykumar, Nikela Papadopoulou, Vasileios Karakostas
Ivan Fernandez, Juan GoOmez Luna, Lois Orosa
Nectarios Koziris, Georgios Goumas, Onur Mutlu

OO QQ National Technical University of Athens
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Executive Summary

Problem:

I Synchronization support is challenging for NDP systems

Prior schemes are not suitable or efficient for NDP systems

Contribution:

SynCron: the first end-to-end synchronization solution for
NDP architectures

Key Results:

SynCron comes within 9.5% and 6.2% of performance and
energy of an Ideal zero-overhead synchronization scheme
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Synchronization is Necessary

Bioinformatics

Databases

Graph Analytics

N
N

N

1

3 Jjoe weight[v, u] < distance[u]
lock_acquire(u)
if distance[v] + edge_weight[v, u] < distance[u]

distance|u] = distance[v] + edge_weight[v, u]
lock_release(u)

for vin Graph:
for u in neighbors|[v]:
ifdj : :

Single Source Shortest Path (SSSP) | ks  Barriers

L

Image Processing

Concurrent
Data Structures
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Baseline NDP Architecture

NDP System NDP Unit
o N N . | _ W -4 ™
-4~ Programmable
NDP Core -
I l l | J o |a-=" Core /
>_( >_( \ =~ Main Accelerator
\ [ NDP Core
| X | \ '~ - . Memory { Private J
~~~~~ Cache
— — \\ DP === ~\ /
| [ NDP Core ]—\ ]

Synchronization challenges in NDP systems:

(1) Lack of hardware cache coherence support

(2) Expensive communication across NDP units

(3) Lack of a shared level of cache memory

SAFARI
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NDP Synchronization Solution Space

4/\

(1) Shared Memory ( (2) Message-passing J
Hardware Remote Specialized Software- Specialized
Cache Atomics Hardware based Hardware
Coherence Support Schemes \_Support |
SynCron’s Key Techniques: /,NDPs: A

1. Hardware support for synchronization acceleration

2. Direct buffering of synchronization variables

3. Hierarchical message-passing communication

4. Integrated hardware-only overflow management
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1. Hardware Synchronization Support

NDP Unit 0 NDP Unit 1

) (O D e ) D
NDP Core 0 ~— NDP Core 0 —
J g J
> Main - > Main
NDP Core 1 — ' ' NDP Core1 —
\ ~ Memory L 7~ Memory
Engine 0 \_ ) Engine 1 _ Y,

Local
lock acquire

v" No Complex Cache Coherence Protocols
v" No Expensive Atomic Operations
v" Low Hardware Cost
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2. Direct Buffering of Variables

NDP Unit O NDP Unit 1
4 N O B\ 4 N O N\
>4}|| NDP Core 0 — NDP Core 0 —
& ) & )
‘ N Main ‘ > Main
NDP Core1 ' | NDPCorel —
L 7~ Memory N ~ Memory
Synchronization
Engine 0 ~._ U ) Engine 1 \ )
// ~~~~~~~
/ == ~ -~
/ T=< -~
, -
r N _ -
Synchronization ACRIERS
. Table Local
Synchronization - lock acquire

Processing Unit \

Indexing >
Counters Y

A\
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2. Direct Buffering of Variables

NDP Unit O NDP Unit 1
e N O N\ e N O N\
NDP Core 0 — NDP Core 0 —
& ) & )
‘ N Main ‘ N Main
NDP Core1 ' > NDPCorel —
5 ~ Memory L 7~ Memory
Synchronization
Engine 0 ~._ U ) Engine 1 \_ Y
Synchronization T ACRIERS
Table  — Local

v" No Costly Memory Accesses

v" Low Latency
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3. Hierarchical Communication

NDP Unit 0 NDP Unit 1

' N N ' N N
NDP Core 0 ~— NDP Core 0 —

A J (S J

‘ \ Main ‘ ) Main
NDP Core1 ~— NDP Core1 —

L ore L = Memory § ore L = Memory

Engine 0 Y ) Engine 1 \ )

NDP Unit 2 ><NDP Unit 3

e N\ [ N\ a N\ O N\
NDP Core 0 — NDP Core 0 —
\§ J \§ J
a > Main - N Main
NDP Core1l — ' ' NDP Core1 ~—
L '~ Memory 5 7~ Memory
Engine 2 S Y, Engine 3 N J
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3. Hierarchical Communication

NDP Unit 0

e N O
2= NDP Core 0 —

A J

X NDP Core1l ~

(S %

Synchronization
Engine 0 \_

Main
Memory

NDP Unit 2

b NDP Core 0 —

A\ )

X NDP Core1l —

A\ )

Synchronization
Engine 2 \_

Main
Memory

SAFARI

NDP Unit 1

><]

Local

e

NDP Core 0

(&

N

%

i

NDP Unit 3

/

NDP Core 1

AU

\

)

Synchronization syncronVar
Engine 1 o

~—

Main

~

Memory

Z

Master

e

NDP Core 0

(&

N

%

b 2.

e

NDP Core 1

(&

~

%

Synchronization
Engine 3 N\

Main

Memory

lock acquire
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3. Hierarchical Communication

Global
NDP Unit 0 NDP Unit 1 lock acquire
e ) D e ) D
NDP Core 0 — NDP Core 0 —
N\ J \ J
- N Main - N Main
NDP Core1l ~ ' ' NDP Core1 ~—
5 ~ Memory L 7~ Memory
Synchronization
Engine 0 S \_ ) Engine 1 \ y)

~—

NDP Unit 2 ><NDP Unit3 [ Master
( NDP Core 0 M W ( NDP Core O M W

v' Minimize Expensive Traffic
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SynCron

The first end-to-end synchronization solution for
NDP architectures

SynCron’s Benefits.
1. High System Performance

2. Low Hardware Cost

SynCron comes within 9.5% and 6.2% of performance
and energy of Ideal zero-overhead synchronization
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How to Support Synchronization?

= Christina Giannoula, Nandita Vijaykumar, Nikela Papadopoulou, Vasileios Karakostas, Ivan
Fernandez, Juan Gdmez-Luna, Lois Orosa, Nectarios Koziris, Georgios Goumas, Onur Mutlu,
"SynCron: Efficient Synchronization Support for Near-Data-Processing
Architectures"”
Proceedings of the 2/th International Symposium on High-Performance Computer
Architecture (HPCA), Virtual, February-March 2021.
[Slides (pptx) (pdf)]
[Short Talk Slides (pptx) (pdf)]
[Talk Video (21 minutes)]
[Short Talk Video (7 minutes)]

SynCron: Efficient Synchronization Support
for Near-Data-Processing Architectures

Christina Giannoula™ Nandita Vijaykumar** Nikela Papadopoulou’ Vasileios Karakostas’ Ivan Fernandez®*
Juan Gémez-Luna* Lois Orosa* Nectarios Koziris' Georgios Goumas' Onur Mutlu*

"National Technical University of Athens ~ *ETH Ziirich *University of Toronto $University of Malaga
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Lecture on Synchronization Support for PIM

o . - a \."
1. Hardware Synchronization Support .» H:"
Chnistina'Gian...
NDP Unit O NDP Unit 1
NDP Core 0 — NDP Core 0 —

Main Main
NDP Core 1 — Memory . " NDPCore1 -— Memory

==

-~

synchronization

¥ Sy Tabie
v" No Complex Cache Coherence Protocols
v" No Expensive Atomic Operations

v" Low Hardware Cost

-

o3 |11 24 5 I I R

P Pl W) 1947/10455 -0

Processing in Memory Course: Meeting 11: Synchronization Support for PIM Architectures - Fall'21

360 views * Streamed live on Dec 14, 2021 i 20 CJ DISLIKE 4> SHARE =+ SAVE
@ Onur MutIu'Lectures SUBSCRIBED Q
&b 20.9K subscribers -
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https://youtu.be/GHZkRHp_AG0

How to Design Data Structures tor PIM?

= Zhiyu Liu, Irina Calciu, Maurice Herlihy, and Onur Mutlu,

'Concurrent Data Structures for Near-Memory Computing"
Proceedings of the 29th ACM Symposium on Parallelism in Algorithims
and Architectures (SPAA), Washington, DC, USA, July 2017.

[Slides (pptx) (pdf)]

Concurrent Data Structures for Near-Memory Computing

Zhiyu Liu Irina Calciu
Computer Science Department VMware Research Group
Brown University icalciu@vmware.com
zhiyu_liu@brown.edu
Maurice Herlihy Onur Mutlu
Computer Science Department Computer Science Department
Brown University ETH Zirich
mph@cs.brown.edu onur.mutlu@inf.ethz.ch
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Accelerating linked Data Structures

Kevin Hsieh, Samira Khan, Nandita Vijaykumar, Kevin K. Chang, Amirali
Boroumand, Saugata Ghose, and Onur Mutlu,

"Accelerating Pointer Chasing in 3D-Stacked Memory:

Challenges, Mechanisms, Evaluation”
Proceedings of the 34th IEEE International Conference on Computer

Design (ICCD), Phoenix, AZ, USA, October 2016.

Accelerating Pointer Chasing in 3D-Stacked Memory:
Challenges, Mechanisms, Evaluation

Kevin Hsieh! Samira Khan* Nandita Vijaykumar!
Kevin K. Chang' Amirali Boroumand' Saugata Ghose! Onur Mutlu®!

"Carnegie Mellon University — *University of Virginia SETH Ziirich

SAFARI 89
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Executive Summary

Our Goal: Accelerating pointer chasing inside
main memory

Challenges: Parallelism challenge and Address
translation challenge

Our Solution: In-Memory Polnter Chasing Accelerator
(IMPICA)

o Address-access decoupling: enabling parallelism in the
accelerator with low cost

o IMPICA page table: low cost page table in logic layer

Key Results:

o 1.2X — 1.9X speedup for pointer chasing operations, +16%
database throughput

a 6% - 41% reduction in energy consumption
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Linked Data Structures

Linked data structures are widely
used in many important applications

Key Value |

Data Storacs w

ked data structures are

Lin .
connected by pointers
k s Key 1m————_ ]
fﬁ—‘zu& 'Keyz,__/ :_’l N |
d.1 d2 %TLLJ/}SBG}I7 Key 3b— E
B-Tree Hash Table
SAFARI
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The Problem: Pointer Chasing

Traversing linked data structures
requires chasing pointers

Serialized and irregular access pattern
6X cycles per instruction in real workloads
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Our Goal

Accelerating pointer chasing

inside main memory

Find(A)

O
) @ b

Logic layer
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Parallelism Challenge

> Time

CPU core  |Comp

CPU core
In-Memory
Accelerator
@ |
slower for two operations |
_J
L _
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Parallelism Challenge and Opportunity

= A simple in-memory accelerator can still be
slower than multiple CPU cores

CPU core CPU core CPU core

T

Accelerator

= Opportunity: a pointer-chasing accelerator
spends a long time waiting for memory
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Our Solution: Address-Access Decoupling

ng enables
with low cost

> Time
CPU core  |Comp

N

CPU core Pz
Address-access decoupli

Addr parallelism in both engines
Engink - ) A :

Access
Engine
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IMPICA Core Architecture

DRAM

DRAM Layers

Logic Layer

Memory
Controller
Access Queue t
Request Qllle_ui Ad dl:'eSS > |_’ Access
Traversal Englne 4_-| ] Englne

Response Queue



Address Translation Challenge

The page

multiple memory

table walk requires

accesses

0. ‘Q
------------------------------------

-----------------------------------------------------------------------------------------------------------------------------
A d ~
* L4

* *

___Virtual Address

‘I4L#P.ML4 $ #PDPT _1 arReYare - de
~  NoTLB/MMU on the memory s:: ;
Duplicating ¢ is costly and create
ompat|b|||ty issue sJ
K . PML4 i [ PGT B :
[ Page fable Walk .
SAFARI
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Our Solution: IMPICA Page Table

= Completely decouple the page table of
IMPICA from the page table of the CPUs

INERO/R Rodablele

i \
g re into IMPICA regions

inked data structu
Tr:lla’llgxepage tableis a partial-to-any mapping

k 7N
WITHUE) (PR i Physical Page

Virtual Address Space | Physical Address Space
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IMPICA Page Table: Mechanism

Virtual Address

Flat page table
saves one memory access

----------------

-----------------------------
* 3

. Region Table |

¥
*

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

—

Tiny region table is almost:
always in the cache

Small Page Table °
5‘(2M B) (4KB)

LN o*
---------------------------

.

Physical Address

SAFARI 100



Evaluation Methodology

Simulator: gem5
System Configuration
a CPU
4 000 cores, 2GHz
Cache: 32KB L1, 1MB L2
o IMPICA
1 core, 500MHz, 32KB Cache
o Memory Bandwidth
12.8 GB/s for CPU, 51.2 GB/s for IMPICA
Our simulator code is open source
o https://github.com/CMU-SAFARI/IMPICA

SAFARI
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Result — Microbenchmark Performance

0 Baseline + extra 128KB L2 ®IMPICA

1.9X

2.0

1.3X

1.5 1.2X

10 -

Speedup

0.5

0.0

Linked List Hash Table B-Tree
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Result — Database Performance

+16%

—
N
o

O = =
O O =
o O O

Database
Throughput

Baseline + extra Baseline + extra
128KB L2 1MB L2

1.00 = — 0%
0.95
0.90 -13%
0.85
0.80

Database
Latency

Baseline + extra Baseline + extra IMPICA
128KB L2 1MB L2
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System Energy Consumption

1.0

O
U

Normalized Energy

Linked Hash B-Tree DBx1000
List Table
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Area and Power Overhead

CPU (Cortex-A57)

5.85 mm? per core

cache)

L2 Cache 5 mm? per MB
Memory Controller 10 mm?
IMPICA (+32KB 0.45 mm?

Power overhead: average power

increases by 5.6%

SAFARI
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How to Support Virtual Memory?

Kevin Hsieh, Samira Khan, Nandita Vijaykumar, Kevin K. Chang, Amirali
Boroumand, Saugata Ghose, and Onur Mutlu,

"Accelerating Pointer Chasing in 3D-Stacked Memory:

Challenges, Mechanisms, Evaluation”
Proceedings of the 34th IEEE International Conference on Computer

Design (ICCD), Phoenix, AZ, USA, October 2016.

Accelerating Pointer Chasing in 3D-Stacked Memory:
Challenges, Mechanisms, Evaluation

Kevin Hsieh! Samira Khan* Nandita Vijaykumar!
Kevin K. Chang' Amirali Boroumand' Saugata Ghose! Onur Mutlu®!

"Carnegie Mellon University — *University of Virginia SETH Ziirich
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https://users.ece.cmu.edu/~omutlu/pub/in-memory-pointer-chasing-accelerator_iccd16.pdf
http://www.iccd-conf.com/

Rethinking Virtual Memory

Nastaran Hajinazar, Pratyush Patel, Minesh Patel, Konstantinos Kanellopoulos, Saugata Ghose, Rachata
Ausavarungnirun, Geraldo Francisco de Oliveira Jr., Jonathan Appavoo, Vivek Seshadri, and Onur Mutlu,
"The Virtual Block Interface: A Flexible Alternative to the Conventional Virtual Memory
Framework"

Proceedings of the 4/th International Symposium on Computer Architecture (ISCA), Virtual, June 2020.
[Slides (pptx) (pdf)]

[Lightning Talk Slides (pptx) (pdf)]

[ARM Research Summit Poster (pptx) (pdf)]

[Talk Video (26 minutes)]

[Lightning Talk Video (3 minutes)]

[Lecture Video (43 minutes)]

The Virtual Block Interface: A Flexible Alternative
to the Conventional Virtual Memory Framework

Nastaran Hajinazar"‘]L Pratyush Patel® Minesh Patel* Konstantinos Kanellopoulos* Saugata Ghose!
Rachata Ausavarungnirun®  Geraldo F. Oliveira* Jonathan Appavoo® Vivek Seshadri’ Onur Mutlu*¥

*ETH Ziirich  TSimon Fraser University —* University of Washington ~*Carnegie Mellon University
©King Mongkut’s University of Technology North Bangkok  °Boston University Y Microsoft Research India
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http://iscaconf.org/isca2020/
https://people.inf.ethz.ch/omutlu/pub/VBI-virtual-block-interface_isca20-talk.pptx
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https://www.youtube.com/watch?v=PPR7YrBi7IQ

VBI: Overview

Processes
L4 . .

o O

VAS1 VAS2 VAS n
Virtual Address Space (VAS)

Page Tables
managed by the OS

Physical Memory

Conventional Virtual Memory

SAFARI

VB1 VB2 VB3
VBI Address Space

Memory Translation Layer

in the memory controller

Physical Memory

VBI
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Lecture on Virtual Block Interface

Challenges

* Three examples of the challenges in adapting
conventional virtual memory frameworks for
increasingly-diverse systems:

- Requiring a rigid page table structure
- High address translation overhead in virtual machines

- Inefficient heterogeneous memory management

Q ETH ZURICH HAUPTGEBAUDE
Computer Architecture - Lecture 12c: The Virtual Block Interface (ETH Ziirich, Fall 2020)

726 views *+ Oct 31, 2020 ip1s Jlo SHARE =i SAVE

@ 106I'1l51}: Ml;ﬂu Lectures ANALYTICS EDIT VIDEO
&> .5K subscribers
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DRAM Latency PUF Key Idea

* A cell’s latency failure probability is inherently related to
random process variation from manufacturing

* We can provide repeatable and unique device
signatures using latency error patterns

High % chance to fail Low % chance to fail

with reduced typ J with reduced tgcp
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DRAM Latency Physical Unclonable Functions

= Jeremie S. Kim, Minesh Patel, Hasan Hassan, and Onur Mutlu,

'The DRAM Latency PUF: Quickly Evaluating Physical Unclonable
Functions by Exploiting the Latency-Reliability Tradeoff in Modern DRAM
Devices"

Proceedings of the 24th International Symposium on High-Performance Computer
Architecture (HPCA ), Vienna, Austria, February 2018.

[Lightning Talk Video]

[Slides (pptx) (pdf)] [Lightning Session Slides (pptx) (pdf)]

[Full Talk Lecture Video (28 minutes)]

The DRAM Latency PUF:

Quickly Evaluating Physical Unclonable Functions
by Exploiting the Latency-Reliability Tradeoff in Modern Commodity DRAM Devices

Jeremie S. Kim'$ Minesh Patel® Hasan Hassan® Onur Mutlu$t
TCarnegie Mellon University SETH Ziirich
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https://hpca2018.ece.ucsb.edu/
https://www.youtube.com/watch?v=Xw0laEEDmsM&feature=youtu.be
https://people.inf.ethz.ch/omutlu/pub/dram-latency-puf_hpca18_talk.pptx
https://people.inf.ethz.ch/omutlu/pub/dram-latency-puf_hpca18_talk.pdf
https://people.inf.ethz.ch/omutlu/pub/dram-latency-puf_hpca18_lightning-talk.pptx
https://people.inf.ethz.ch/omutlu/pub/dram-latency-puf_hpca18_lightning-talk.pdf
https://www.youtube.com/watch?v=7gqnrTZpjxE

D-RaNGe Key Idea

* A cell’s latency failure probability is inherently related to
random process variation from manufacturing

* We can extract random values by observing DRAM
cells’ latency failure probabilities

High % chance to fail Low % chance to fail

with reduced typ J with reduced tg




DRAM Latency True Random Number Generator

= Jeremie S. Kim, Minesh Patel, Hasan Hassan, Lois Orosa, and Onur Mutlu,
"D-RaNGe: Using Commodity DRAM Devices to Generate True Random
Numbers with Low Latency and High Throughput”
Proceedings of the 25th International Symposium on High-Performance Computer
Architecture (HPCA ), Washington, DC, USA, February 2019.

[Slides (pptx) (pdf)]
[Full Talk Video (21 minutes)]

[Full Talk Lecture Video (27 minutes)]
Top Picks Honorable Mention by ITEEE Micro.

D-RaNGe: Using Commodity DRAM Devices
to Generate True Random Numbers
with Low Latency and High Throughput

Jeremie S. Kim?$ Minesh PatelS Hasan Hassan® Lois Orosa’ Onur Mutlu$?
fCarne gie Mellon University SETH Ziirich
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https://people.inf.ethz.ch/omutlu/pub/drange-dram-latency-based-true-random-number-generator_hpca19.pdf
http://hpca2019.seas.gwu.edu/
https://people.inf.ethz.ch/omutlu/pub/drange-dram-latency-based-true-random-number-generator_hpca19-talk.pptx
https://people.inf.ethz.ch/omutlu/pub/drange-dram-latency-based-true-random-number-generator_hpca19-talk.pdf
https://www.youtube.com/watch?v=g_GtYdzIPK4&list=PL5Q2soXY2Zi8_VVChACnON4sfh2bJ5IrD&index=19
https://www.youtube.com/watch?v=Y3hPv1I5f8Y&list=PL5Q2soXY2Zi-DyoI3HbqcdtUm9YWRR_z-&index=16

Quadruple Activation (QUAC)

New Observation

Carefully-engineered DRAM commands
can activate four rows in real DRAM chips

Vlolated

<3ns <3ns

Default

Activate four rows with two ACT commands
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Generating Random Values via QUAC
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Generating Random Values via QUAC
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Generating Random Values via QUAC
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QUAC-TRNG

Key Idea: Leverage random values on sense amplifiers
generated by QUAC operations as source of entropy

DRAM
Segment

Sense
Amplifiers

S OB (BT P4 Random
Initialize QUAC Values [ Logic-0
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QUAC-TRNG

Key Idea: Leverage random values on sense amplifiers
generated by QUAC operations as source of entropy

256-bit Shannon Entropy Blocks

Sense
Amplifiers

4 Memory Controller A

]——> 256-bit TRN

\
Step 1 Step 2
Initialize QUAC

Step 3 Step 4
Read Post-process
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QUAC-TRNG

Key Idea: Leverage random values on sense amplifiers
generated by QUAC operations as source of entropy

Sense
;:] Amplifiers

@ Memory Controller N

[ ]——> 256-bit TRN
\ v,

Generates a 256-bit random number
for every 256-bit Shannon Entropy block
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In-DRAM True Random Number Generation

Ataberk Olgun, Minesh Patel, A. Giray Yaglikci, Haocong Luo, Jeremie S. Kim, F. Nisa
Bostanci, Nandita Vijaykumar, Oguz Ergin, and Onur Mutlu,

"QUAC-TRNG: High-Throughput True Random Number Generation Using
Quadruple Row Activation in Commodity DRAM Chips"

Proceedings of the 45th International Symposium on Computer Architecture (ISCA),
Virtual, June 2021.

[Slides (pptx) (pdf)]

[Short Talk Slides (pptx) (pdf)]

[Talk Video (25 minutes)]

[SAFARI Live Seminar Video (1 hr 26 mins)]

QUAC-TRNG: High-Throughput True Random Number Generation
Using Quadruple Row Activation in Commodity DRAM Chips

Ataberk Olgun®’  Minesh Patel>  A. Giray Yaglikci®®  Haocong Luo®
Jeremie S. Kim® F. Nisa Bostanci®f Nandita Vijaykumar®® Oguz Ergin' Onur Mutlu®

SETH Ziirich "TOBB University of Economics and Technology ©University of Toronto
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https://people.inf.ethz.ch/omutlu/pub/QUAC-TRNG-DRAM_isca21.pdf
http://iscaconf.org/isca2021/
https://people.inf.ethz.ch/omutlu/pub/QUAC-TRNG-DRAM_isca21-talk.pptx
https://people.inf.ethz.ch/omutlu/pub/QUAC-TRNG-DRAM_isca21-talk.pdf
https://people.inf.ethz.ch/omutlu/pub/QUAC-TRNG-DRAM_isca21-short-talk.pptx
https://people.inf.ethz.ch/omutlu/pub/QUAC-TRNG-DRAM_isca21-short-talk.pdf
https://www.youtube.com/watch?v=QtBrq0WVOmQ&list=PL5Q2soXY2Zi8_VVChACnON4sfh2bJ5IrD&index=132
https://www.youtube.com/watch?v=snvF3g3GfkI&list=PL5Q2soXY2Zi_tOTAYm--dYByNPL7JhwR9&index=6

Benchmarks and
Simulation Infrastructures




PrIM Benchmarks: Application Domains

Domain Benchmark Short name
Vector Addition VA
Dense linear algebra
Matrix-Vector Multiply GEMV
Sparse linear algebra Sparse Matrix-Vector Multiply SpMV
Select SEL
Databases
Unique UNI
Binary Search BS
Data analytics
Time Series Analysis TS
Graph processing Breadth-First Search BFS
Neural networks Multilayer Perceptron MLP
Bioinformatics Needleman-Wunsch NW
Image histogram (short) HST-S
Image processing
Image histogram (large) HST-L
Reduction RED
Prefix sum (scan-scan-add) SCAN-SSA
Parallel primitives
Prefix sum (reduce-scan-scan) SCAN-RSS
Matrix transposition TRNS

SAFARI
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PriIM Benchmarks are Open Source

* All microbenchmarks, benchmarks, and scripts
e https://github.com/CMU-SAFARI/prim-benchmarks

H CMU-SAFARI/ prim-benchmarks ® Unwatch ~ 2 {7 star 2 % Fork 1
<> Code () Issues 11 Pull requests (*) Actions [T1] Projects [ wiki () Security [~ Insights 51 Settings
¥ main v prim-benchmarks / README.md Go to file
Juan Gomez Luna PrIM -- first commit Latest commit 3de4b49 9 days ago O History

A 1 contributor

168 lines (132 sloc) 5.79 KB Raw Blame L;I Va u

PrIM (Processing-In-Memory Benchmarks)

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

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

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

SAFARI
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https://github.com/CMU-SAFARI/prim-benchmarks

Lecture on PrIM Benchmarks

[The amount of time spent on CPL

DPU and DPU-CPU transfers is low

compared to the time spent on DPU
execution

N

4
/TRNS performs step 1 of the matrix\
transposition via the CPU-DPU
transfer.
Using small transfers (8 elements)

does not exploit full CPU-DPU

\hm:‘,»'.\dth /

KEY OBSERVATION 13

Transferring large data
chunks from/to the host
CPU is preferred for input
data and output results due
to higher sustained CPU-

\ DPU/DPU-CPU bandwidths.)

#tasklets per DPU

Processing-in-Memory Course: Lecture 8: Benchmarking and Workload Suitability on PIM - Spring

2022

213 views * Premiered Apr 28, 2022 55 CJ DISLIKE > SHARE K CLIP =+ SAVE
EA Onur Mutlu Lectures CUBSeRIBED a
< - > 25.9K subscribers i
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https://youtu.be/S1h1yw-94iw

DAMOYV Analysis Methodology & Workloads

DAMOV: A New Methodology and Benchmark Suite
for Evaluating Data Movement Bottlenecks

GERALDO F. OLIVEIRA, ETH Ziirich, Switzerland

JUAN G OMEZ-LUN A, ETH Ziirich, Switzerland

LOIS OROSA, ETH Ziirich, Switzerland

SAUGATA GHOSE, University of Illinois at Urbana-Champaign, USA

NANDITA VIJAYKUMAR, University of Toronto, Canada

IVAN FERNANDEZ, University of Malaga, Spain & ETH Ziirich, Switzerland

MOHAMMAD SADROSADATI, Institute for Research in Fundamental Sciences (IPM), Iran & ETH

Zirich, Switzerland

ONUR MUTLU, ETH Ziirich, Switzerland

Data movement between the CPU and main memory is a first-order obstacle against improving performance,
scalability, and energy efficiency in modern systems. Computer systems employ a range of techniques to
reduce overheads tied to data movement, spanning from traditional mechanisms (e.g., deep multi-level cache
hierarchies, aggressive hardware prefetchers) to emerging techniques such as Near-Data Processing (NDP),
where some computation is moved close to memory. Prior NDP works investigate the root causes of data
movement bottlenecks using different profiling methodologies and tools. However, there is still a lack of
understanding about the key metrics that can identify different data movement bottlenecks and their relation
to traditional and emerging data movement mitigation mechanisms. Our goal is to methodically identify
potential sources of data movement over a broad set of applications and to comprehensively compare traditional
compute-centric data movement mitigation techniques (e.g., caching and prefetching) to more memory-centric
techniques (e.g., NDP), thereby developing a rigorous understanding of the best techniques to mitigate each
source of data movement.

With this goal in mind, we perform the first large-scale characterization of a wide variety of applications,
across a wide range of application domains, to identify fundamental program properties that lead to data
movement to/from main memory. We develop the first systematic methodology to classify applications based
on the sources contributing to data movement bottlenecks. From our large-scale characterization of 77K
functions across 345 applications, we select 144 functions to form the first open-source benchmark suite
(DAMOV) for main memory data movement studies. We select a diverse range of functions that (1) represent
different types of data movement bottlenecks, and (2) come from a wide range of application domains.
Using NDP as a case study, we identify new insights about the different data movement bottlenecks and
use these insights to determine the most suitable data movement mitigation mechanism for a particular

application. We open-source DAMOV and the complete source code for our new characterization methodology

S A FA R l at https://github.com/CMU-SAFAR/DAMOV. httos: / /arxiv.or df/2105.03725.pdf


https://arxiv.org/pdf/2105.03725.pdf
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More on DAMOYV

= Geraldo F. Oliveira, Juan Gomez-Luna, Lois Orosa, Saugata Ghose, Nandita
Vijaykumar, Ivan Fernandez, Mohammad Sadrosadati, and Onur Mutlu,
"DAMOV: A New Methodology and Benchmark Suite for Evaluating
Data Movement Bottlenecks"
Preprint in arXiv, 8 May 2021.

[arXiv preprint]

[DAMOQV Suite and Simulator Source Code]

[SAFARI Live Seminar Video (2 hrs 40 mins)]

[Short Talk Video (21 minutes)]

DAMOV: A New Methodology and Benchmark Suite
for Evaluating Data Movement Bottlenecks

GERALDO F. OLIVEIRA, ETH Ziirich, Switzerland

JUAN GOMEZ-LUNA, ETH Ziirich, Switzerland

LOIS OROSA, ETH Ziirich, Switzerland

SAUGATA GHOSE, University of Illinois at Urbana—Champaign, USA
NANDITA VIJAYKUMAR, University of Toronto, Canada

IVAN FERNANDEZ, University of Malaga, Spain & ETH Ziirich, Switzerland
MOHAMMAD SADROSADATI, ETH Ziirich, Switzerland

ONUR MUTLU, ETH Ziirich, Switzerland
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http://people.inf.ethz.ch/omutlu/pub/DAMOV-Bottleneck-Analysis-and-DataMovement-Benchmarks_arxiv21.pdf
https://arxiv.org/abs/2105.03725
https://arxiv.org/pdf/2105.03725.pdf
https://github.com/CMU-SAFARI/DAMOV
https://www.youtube.com/watch?v=GWideVyo0nM&list=PL5Q2soXY2Zi8_VVChACnON4sfh2bJ5IrD&index=156
https://www.youtube.com/watch?v=HkMYuYMuZOg&list=PL5Q2soXY2Zi8_VVChACnON4sfh2bJ5IrD&index=161

Lecture on DAMOV

Step 3: Memory Bottleneck Classification (2/ ]

* Goal: identify the specific sources of data movement
bottlenecks

DAMOV-SIM Simulator

o

# Cores

Scalability Analysis

Integrated ZSim and Ramulator Losl Lt

 Scalability Analysis:
- 1,4,16, 64, and 256 out-of—order/m-order host and NDP CPU cores

Processing-in-Memory Course: Lecture 5: How to Evaluate Data Movement Bottlenecks - Spring

2022

346 views * Streamed live on Apr 7, 2022 75 12 CJ DISLIKE A) SHARE % CLIP =+ SAVE
@ Onur Mutlu Lectures SUBSGRIBED A
>  25.9Ksubscribers =

SAFARI https://youtu.be/SOYGTIRO7UA 130



https://youtu.be/8OYGTIR07uA

Simulation Infrastructures for PIM

Ramulator extended for PIM

Q

Q

Q

Flexible and extensible DRAM simulator
Can model many different memory standards and proposals

Kim+, "Ramulator: A Flexible and Extensible DRAM
Simulator”, IEEE CAL 2015.

https://qgithub.com/CMU-SAFARI/ramulator-pim

https://github.com/CMU-SAFARI/ramulator
[Source Code for Ramulator-PIM]

Ramulator: A Fast and Extensible DRAM Simulator

Yoongu Kim!  Weikun Yang!-?  Onur Mutlu®
1Carnegie Mellon University 2peking University
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https://github.com/CMU-SAFARI/ramulator-pim
https://github.com/CMU-SAFARI/ramulator
https://github.com/CMU-SAFARI/ramulator-pim

Simulation Infrastructures for PIM (in SSDs)

= Arash Tavakkol, Juan Gomez-Luna, Mohammad Sadrosadati,
Saugata Ghose, and Onur Mutluy,

"MQOSim: A Framework for Enabling Realistic Studies of
Modern Multi-Queue SSD Devices"
Proceedings of the 16th USENIX Conference on File and Storage

[echnologies (FAST), Oakland, CA, USA, February 2018.
Slides (pptx) (pdf)]

[Source Code]

MQSim: A Framework for Enabling Realistic Studies of
Modern Multi-Queue SSD Devices

Arash Tavakkol®, Juan Gémez-Luna’, Mohammad Sadrosadati’, Saugata Ghose*, Onur Mutlu*
YETH Ziirich *Carnegie Mellon University
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https://people.inf.ethz.ch/omutlu/pub/MQSim-SSD-simulation-framework_fast18.pdf
https://www.usenix.org/conference/fast18
https://people.inf.ethz.ch/omutlu/pub/MQSim-SSD-simulation-framework_fast18-talk.pptx
https://people.inf.ethz.ch/omutlu/pub/MQSim-SSD-simulation-framework_fast18-talk.pdf
https://github.com/CMU-SAFARI/MQSim

Funded by the Horizon 2020 Framework
Programme of the European Union
MSCA-ITN-EID

NAPEL: Near-Memory Computing

Application Performance Prediction
via Ensemble Learning

Gagandeep Singh, Juan Gomez-Luna, Giovanni Mariani, Geraldo E Oliveira,

Stefano Corda, Sander Stuijk, Onur Mutlu, Henk Corporaal

56 Design Automation Conference (DAC), Las Vegas
4t-June-2019

EINDHOVEN \
TU/e e ETH ... ENEEEIRS



Executive Summary

« Motivation: A promising paradigm to alleviate data movement bottleneck is near-
memory computing (NMC), which consists of placing compute units close to the
memory subsystem

« Problem: Simulation times are extremely slow, imposing long run-time especially
in the early-stage design space exploration

« Goal: A quick high-level performance and energy estimation framework for NMC
architectures

e Our contribution: NAPEL

- Fast and accurate performance and energy prediction for previously-unseen applications using
ensemble learning

« Use intelligent statistical techniques and micro-architecture-independent application features to
minimize experimental runs

- Evaluation
« NAPEL is, on average, 220x faster than state-of-the-art NMC simulator
« Error rates (average) of 8.5% and 11.5% for performance and energy estimation

We open source Ramulator-PIM: https://github.com/CMU-SAFARI/ramulator-pim/
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NMC Simulators

 Simulation for:
 Design space exploration (DSE)
« Workload suitability analysis

« NMC Simulators:
 Sinuca, 2015
« HMC-SIM, 2016
« CasHMC, 2016
« Smart Memory Cube (SMC), 2016
« CLAPPS, 2017
« Gem5+HMC, 2017
« Ramulator-PIM?, 2019

1Ramulator-PIM: https://github.com/CMU-SAFARI/ramulator-pim/
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NMC Simulators

Simulation of real workloads can be 10000x slower

than native-execution!!!
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NMC Simulators

Idea: Leverage ML with statistical techniques for

quick NMC performance/energy prediction
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NAPEL: Ncar-Memory Computing Application

Pertormance Prediction via Ensemble Learning

NAPEL Model

p
( k Tuning
Application Instruction’  Memory 0 Application
l DA e Mix Behavior U Features (3] l
d ) Ensemble ‘
Code . . . . - Training . Model
- Microarchitecture Simulation @ L. . :
Instrumentation " Dataset ;Iearr.ltlrr: g Generation
] Pro Instructions b gorithm
gram -
— Execution Trace Per Cycle
T Simulation + Hardware
races Features Validation
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Phase 1: LLVM Analyzer

-
) § LLVM Kernel Analyzer o
Application Instruction = Memory LP
;’; Mix Behavior
Code
Instrumentation
Program
Execution . )
Simulation
Traces
N\

139



Phase 2: Microarchitecture Simulation

(" N
Application Instruction | Memory ILP
l D Mix Behavior - "
Code N R . . .
. Microarchitecture Simulation @ L . .
I\nstrumentatlon
Program
A 2 q Trace
viax Y Execution . - - |
Traces Simulation
High—+
Central + :. J
Central composite design of experiments technique to minimize the number of
Low— . . .
win - « experiments while data collection

‘. \ +—»
Min Low Central ~ High Max
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Phase 3: Ensemble ML Training

Application Features

Instruction Mix

p ILP s )
Reuse distance /
Hyper-parame er,
Memory traffic | Tuning )

Register traffic Application e\\\ /
Features I
Memory footprint I AN

( .. Ensemble
Training

B Architecture ' Dataset AI:Ie?)rrriltlrr:i
Program Features Instructions - | g )
‘ Per Cycle o

Secution | core type | +Hardware

Traces Features
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Model
Generation

Validation

Core frequency

Cache line size
DRAM layers

Cache access
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DRAM access
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NAPEL Framework

Application

Code
Instrumentation

LLVM Kernel Analyzer o

Instruction | Memory

Mix Behavior ILP

Microarchitecture Simulation @

Program
A Trace
Execution Simulation
Traces

NAPEL Model Training

_.( Application
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NAPEL Prediction

AAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAA N
New Code Instruction | Memory ILP ‘Application p l\(letC
Application Instrumentation Mix Behavior — | Features - r:z/1 c;z eul)n
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LLVM Kernel Analyzer ®
e 4o Energy
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Experimental Setup

» Host System
- IBM POWER9

+ Power: AMESTER /NMC Subsystem) _Application
/"~ Host CPU I I
3D
« NMC Subsystem Stacked
« Ramulator-PIM! Memory
Cache I /
\Hierarchy | / i
« Workl NMC Cores|
orkloads L “

- PolyBench and Rodinia

 Heterogeneous workloads such as image processing, machine learning, graph
processing etc.

 Accuracy in terms of mean relative error (MRE)

lhttps://github.com/CMU-SAFARI/ramulator-pim/
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NAPEL Accuracy: Performance and
Energy Estimates

100 M Decisiontree EANN ® NAPEL

~N

M~

N
w

o 14.7

Mean
Relative Error
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Speed of Evaluation

Application Training/Prediction Time

Name #DOE conf. DoE run (mins) Train+Tune (mins) Pred. (mins)
atax 11 522 34.9 0.49
bfs 31 1084 34.2 0.48
bp 31 1073 43.8 0.47
chol 19 741 34.9 0.49
gemv 19 741 24.4 0.51
gesu 19 731 36.1 0.51
gram 19 773 36.5 0.52
kme 31 742 36.9 0.55
lu 19 633 37.9 0.51
mvt 19 955 38.0 0.54
syrk 19 928 35.7 0.51
frmm 19 898 37.6 0.48

NAPEL's Prediction Speedup

over Ramulator

1200
1000
800
600
400
200

1

256 DoE
configurations for
12 evaluated
applications

DoE configurations

256
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Speed of Evaluation

Application

Training/Prediction Time

1200

220x (up to 1039x) faster than NMC simulator

kme
lu
mvt
syrk
trmm

31
19
19
19
19

742
633
955
928
898

36.9
37.9
38.0
35.7
37.6

0.55
0.51
0.54
0.51
0.48

DoE configurations

256
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Use Case: NMC Suitability Analysis

6
« Assess the potential of c |
offloading a workload to NMC -2 . [0 Actual B NAPEL
S
« NAPEL provides accurate ey -
prediction of NMC suitability & 1 l e _____ BB ____]
Ll
O _
x L Qo A > > Q o0 ¥ Aé
ES S 2 EESETESE
« MRE between 1.3% to 26.3% o %0 @ =

(average 14.1%)
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Performance & Energy Models for PIM

= Gagandeep Singh, Juan Gomez-Luna, Giovanni Mariani, Geraldo F.
Oliveira, Stefano Corda, Sander Stujik, Onur Mutlu, and Henk Corporaal,

"NAPEL: Near-Memory Computing Application Performance
Prediction via Ensemble Learning”

Proceedings of the 56th Design Automation Conference (DAC), Las Vegas,
NV, USA, June 2019.

[Slides (pptx) (pdf)]

[Poster (pptx) (pdf)]

[Source Code for Ramulator-PIM]

NAPEL: Near-Memory Computing Application Performance
Prediction via Ensemble Learning

Gagandeep Singh®¢ Juan Gémez-Luna® Giovanni Mariani® Geraldo F. Oliveira®
Stefano Corda®‘ Sander Stuijk® Onur Mutlu? Henk Corporaal®
%Eindhoven University of Technology bETH Ziirich “IBM Research - Zurich
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https://people.inf.ethz.ch/omutlu/pub/NAPEL-near-memory-computing-performance-prediction-via-ML_dac19.pdf
https://dac.com/
https://people.inf.ethz.ch/omutlu/pub/NAPEL-near-memory-computing-performance-prediction-via-ML_dac19-talk.pptx
https://people.inf.ethz.ch/omutlu/pub/NAPEL-near-memory-computing-performance-prediction-via-ML_dac19-talk.pdf
https://people.inf.ethz.ch/omutlu/pub/NAPEL-near-memory-computing-performance-prediction-via-ML_dac19-poster.pptx
https://people.inf.ethz.ch/omutlu/pub/NAPEL-near-memory-computing-performance-prediction-via-ML_dac19-poster.pdf
https://github.com/CMU-SAFARI/ramulator-pim

Applications that
Benetit from PIM




New Applications and Use Cases for PIM

Jeremie S. Kim, Damla Senol Cali, Hongyi Xin, Donghyuk Lee, Saugata Ghose,
Mohammed Alser, Hasan Hassan, Oguz Ergin, Can Alkan, and Onur Mutlu,
"GRIM-Filter: Fast Seed Location Filtering in DNA Read Mapping Using
Processing-in-Memory Technologies"

BMC Genomics, 2018.

Proceedings of the 16th Asia Pacific Bioinformatics Conference (APBC),
Yokohama, Japan, January 2018.

arxiv.org Version (pdf)

GRIM-Filter: Fast seed location filtering in
DNA read mapping using

processing-in-memory technologies

Jeremie S.Kim'®”, Damla Senol Cali', Hongyi Xin?, Donghyuk Lee?, Saugata Ghose',
Mohammed Alser*, Hasan Hassan®, Oguz Ergin®, Can Alkan*" and Onur Mutlu®'”
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Executive Summary

Genome Read Mapping is a very important problem and is the first
step in many types of genomic analysis

o Could lead to improved health care, medicine, quality of life

Read mapping is an approximate string matching problem
o Find the best fit of 100 character strings into a 3 billion character dictionary

o Alignment is currently the best method for determining the similarity between
two strings, but is very expensive

We propose an in-memory processing algorithm GRIM-Filter for
accelerating read mapping, by reducing the number of required
alignments

We implement GRIM-Filter using in-memory processing within 3D-
stacked memory and show up to 3.7x speedup.
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Anant Nori, Allison Scibisz, Sreenivas Subramoney, Can Alkan, Saugata Ghose, and Onur Mutlu,
"GenASM: A High-Performance, Low-Power Approximate String Matching
Acceleration Framework for Genome Sequence Analysis"

Proceedings of the 53rd International Symposium on Microarchitecture (MICRO), Virtual,
October 2020.
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Accelerating Climate Modeling

= Gagandeep Singh, Dionysios Diamantopoulos, Christoph Hagleitner, Juan
Gomez-Luna, Sander Stuijk, Onur Mutlu, and Henk Corporaal,
"NERO: A Near High-Bandwidth Memory Stencil Accelerator for
Weather Prediction Modeling"
Proceedings of the 30th International Conference on Field-Programmable Logic
and Applications (FPL), Gothenburg, Sweden, September 2020.
[Slides (pptx) (pdf)]
[Lightning Talk Slides (pptx) (pdf)]
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Nominated for the Stamatis Vassiliadis Memorial Award.
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Proceedings of the 38th IEEE International Conference on Computer
Design (ICCD), Virtual, October 2020.

NATSA: A Near-Data Processing Accelerator
for Time Series Analysis

Ivan Fernandez® Ricardo Quislant® Christina Giannoula' Mohammed Alser?
Juan Gémez-Lunat Eladio Gutiérrez® Oscar Plata® Onur Mutlu?
SUniversity of Malaga T National Technical University of Athens YETH Ziirich

SAFARI 158


https://people.inf.ethz.ch/omutlu/pub/NATSA_time-series-analysis-near-data_iccd20.pdf
http://www.iccd-conf.com/

tlogue




PIM Review and Open Problems

A Modern Primer on Processing in Memory

Onur Mutlu®?, Saugata Ghose®™°, Juan Gémez-Luna?, Rachata Ausavarungnirun®

SAFARI Research Group

ETH Ziirich
bCarnegie Mellon University
¢University of Illinois at Urbana-Champaign
4King Mongkut’s University of Technology North Bangkok

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

"A Modern Primer on Processing in Memory"

Invited Book Chapter in Emerqging Computing: From Devices to Systems -
Looking Beyond Moore and Von Neumann, Springer, to be published in 2021.

SAFARI https: / /arxiv.org/pdf/1903.03988.pdf 160


https://people.inf.ethz.ch/omutlu/pub/ModernPrimerOnPIM_springer-emerging-computing-bookchapter21.pdf
https://people.inf.ethz.ch/omutlu/projects.htm
https://arxiv.org/pdf/1903.03988.pdf

SAFARI

Contents

1 Introduction 2
2 Major Trends Affecting Main Memory| 4
3 The Need for Intelligent Memory Controllers

to Enhance Memory Scaling 6
|4 Perils of Processor-Centric Design| 9
5 Processing-in-Memory (PIM): Technology

Enablers and Two Approaches| 12

[5.1  New Technology Enablers: 3D-Stacked |
[ Memory and Non-Volatile Memory| . . 12

|52 Two Approaches: Processing Using
Memory (PUM) vs. Processing Near

Memory (PNM)[. . . . ... ... ... 13
|6 Processing Using Memory (PUM)| 14
6.1 RowClone, 14
6.2 _Ambit 15
[6.3 Gather-Scatter DRAM| . . . ... ... 17
[6.4  In-DRAM Security Primitives| . . . . . 17
|7 Processing Near Memory (PNM) 18
[7.1  Tesseract: Coarse-Grained Application-
Level PNM Acceleration of Graph Pro-
CeSSINPliici o v 3 & ok wrahs it s 19
7.2 _Function-Level PNM Acceleration of
...... 20

[7.3 Programmer-Transparent  Function-
Level PNM Acceleration of GPU
Applications|. . . . ........... 21

[7.4  Instruction-Level PNM Acceleration ]

[ with PIM-Enabled Instructions (PEI)| . . 21

7.5 Function-Level PNM Acceleration of J
Genome Analysis Workloads| . . . . . . 22

~[7.6 Application-Level PNM Acceleration of

Time Series Analysis| . . . . ... ... 23

'8 Enabling the Adoption of PIM| 24
[8.1  Programming Models and Code Genera-

[ tionfor PIM|. . . . .. . . . ... ... 24
[8.2 PIM Runtime: Scheduling and Data

[ Mapping|. . . . . . .. ......... 25

8.3 Memory Coherence . . . . ....... 27

8.4 Virtual Memory Support| . . . .. ... 27

8.5 Data Structures for PIM|. . . . .. ... 28

~ [8.6__Benchmarks and Simulation Infrastruc-

................... 29

8.7 Real PIM Hardware Systems and Proto- '
typesk: soiis o s e R vl ShEa 30

|8.8  Security Considerations|. . . . ... .. 30

9 _Conclusion and Future Outlook 31

1. Introduction

Main memory, built using the Dynamic Random Ac-
cess Memory (DRAM) technology, is a major compo-
nent in nearly all computing systems, including servers,
cloud platforms, mobile/embedded devices, and sensor
systems. Across all of these systems,the data working
set sizes of modern applications are rapidly growing,
while the need for fast analysis of such data is increas-
ing. Thus, main memory is becoming an increasingly
significant bottleneck across a wide variety of computing
systems and applications [1}2,3,/4, 5, 6,(7, 8, 9,10, 11,

12,113, 14,/15, 16]. Alleviating the main memory bot-

tleneck requires the memory capacity, energy, cost, and
performance to all scale in an efficient manner across
technology generations. Unfortunately, it has become
increasingly difficult in recent years, especially the past
decade, to scale all of these dimensions [1,2,/17, 18, 19,
20, 21,22, 23,24, 25,[26, 27,28, 29,130, 31, 32,/33, 34,
35,136,/37,138,39, 40, 41, 42,/43,|44, 45, 46, 47, 48,49],
and thus the main memory bottleneck has been worsen-
ing.

A major reason for the main memory bottleneck is the
high energy and latency cost associated with data move-
ment. In modern computers, to perform any operation
on data that resides in main memory, the processor must
retrieve the data from main memory. This requires the
memory controller to issue commands to a DRAM mod-
ule across a relatively slow and power-hungry off-chip
bus (known as the memory channel). The DRAM mod-
ule sends the requested data across the memory channel,
after which the data is placed in the caches and regis-
ters. The CPU can perform computation on the data
once the data is in its registers. Data movement from the
DRAM to the CPU incurs long latency and consumes
a significant amount of energy [7, 50, 51, 52, 53, 54].
These costs are often exacerbated by the fact that much
of the data brought into the caches is not reused by the
CPU [52, 53, 55,/56], providing little benefit in return
for the high latency and energy cost.

The cost of data movement is a fundamental issue
with the processor-centric nature of contemporary com-
puter systems. The CPU is considered to be the master
in the system, and computation is performed only in the
processor (and accelerators). In contrast, data storage
and communication units, including the main memory,
are treated as unintelligent workers that are incapable of
computation. As a result of this processor-centric design
paradigm, data moves a lot in the system between the
computation units and communication/ storage units so
that computation can be done on it. With the increasingly
data-centric nature of contemporary and emerging appli-
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