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- mE{b 3>/ 2 (IBM Java, LLVM)
- CGO 2011, OOPSLA 2012 etc

—WHAIB 7))L TY X L (FICSIMDa S ER)
- PACT 2007, VLDB 2015 etc

~ XEUEE (malloc, GC)
- PLDI 2009, ISMM 2012 etc

— DM, VAT LMEEFHE, OSKRE

— (#BK) deep learning 7L I X L
- AISTATS 2019 etc FEICEEM ¢ http://ibm.co/inouehrs
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= Topic 1: Software stack for a deep learning
accelerator

= Topic 2: Algorithms for SIMD (vector) instructions
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A New Golden Age for Computer Architecture

= John L. Hennessy and David A. Patterson
201 7F TuringEXR EC 258 E
~FEARPENOREFBICLD AV E 21— VAT LADMEREF
RAHIEDNTWNS

- 2000FRIcAD, L= DRAPTF— RPN TET
W5

— Domain-specific architecture (DSA)IC & 5 EZE L DERF
NEE =D A2 —57—F T 7 F v DEFIRIEETE
L EERA

OF —FT I F v DFELBEESBRICY 7N 7DEENL?



https://cacm.acm.org/magazines/2019/2/234352-a-new-golden-age-for-computer-architecture/fulltext
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Free lunch is Over

= Herb Sutter (Software architect @ Microsoft)
The Free Lunch Is Over
A Fundamental Turn Toward Concurrency in

Software (2005 & Intel Pentium D5 D)
BKEMOBETTOEYHDOY VIR Ly RETIAE
NEETZDOT, VIMNIT7Z7HAEREZZEZLGSTHEEWL
(free lunch = 7% 8R) BERIE&b -7
—MEEm EDf=HIciZ7OT T LADOAFELA A

QEHCILEICES, DSADKHLICIE, BICHFET HETT
72<, DSADFIUWEEBEZ ERI 272DV 7 b = 771l
DREBENEICIE > TWLWS (hardware-software co-design)



http://www.gotw.ca/publications/concurrency-ddj.htm
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BER{LDThDIN— KD 7 DH

= 5WIEHEONAEOE Y Y

— AL v RiAE: ¥JLFA7, SMT

— F—HMHE: SIMD&S (B Z EIntelOAVX, SSE#A E), 1THETESRS (Intel AMX)
= GPU

- FPGA
= ASIC (domain-specific accelerator& WS &7fzWTWZ 2 %&3EY)

— Deep Learning7Z7 73> L —% (Google®TPU, PEN®DMN-Core7i &)
— Bitcoin mining7 7> L —% -BE5r7/t>L—%

s BFAVE1—H
~- J—rAXEFIE1—% (IBM Q, Google#z &)

— quantum annealer (D-Wave’ix &)
= spiking neural network chip, analog neural network chip
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= CPUR D@ & U TRRE
~fl : SIMDas % (Intel AVX7 &), ES0ERT (AES-NI)

= CPUE XA XTEY ZcoherenticEBEI 2170y
& LUTER
— 5l : AMD®DAPU, OpenCAPIERDFPGA

= CPUEANEIERED A VT — 7 1 — A% RH U TERE
— %l : PCI-E#Z#H=DGPU, USB#E#H iDEdge TPU
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X DCPU domain-specific accelerator
|
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ShFESERIEDIHDT IV EFL—TDETIH

= 7Oy Y OESIEIEREERICEE S &L

— TF—HRED-HDTrusted execution environment
(B Z.(EIntel SGX, ARM TrustZone)

» EER(EEAMTIE 7Oty BICRE S5 %0
- ERBEAERATEY (Intel 3D XPoint)
—LEEB X1 XEY (HBM)
~EERAVY—AX I Ry NT—=7 (R - EEDTofu)
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= Topic 1: Software stack for a deep learning
accelerator

= Topic 2: Algorithms for SIMD (vector) instructions
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Deep Learning 77 t5L—%

s Za—ZI)IRY NT—=TDUNBIEE THHFRETH, %<
DEERE % B &AM (convolution) PITHEETEICEY T

EEDRE:
—EEOLIENEL

~-EREOFE/NGR (FEICL> TIFEH EETH, 7)ILJUX
LREBTRENGHFERE UL TEFToBEBENME SN

D> EEE (fpb4) PERBE (fp32) DFEN/NE SR TH <, MEL¥EBE
(fp16)DEEREEZETINS Z & TEE{LHAEE

DIRRBT VLI L—IDREZINTWS (fl TPU, MN-Core)
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IBM RaPiD Al Accelerator

1st generation core design

2-D compute arra#ton#
ﬁ

—

o
4
o

e
I

8KB L0 Scratchpad (X)
192+192 GB/s R+W

-Blg-
~a~¢-

ik

8 KB L0 Scratchpad (Y)
192 + 192 GB/s R+W

!

2MB Lx Scratchpad
192 + 192 GB/s R+W

<-> CMU

= I\— R 7D

— Convolution& TABEHERDY A KU v
JF7 LAEEREZDOMmDUERDvector
HERERED

- FT=AIBRHEY TN T 7P TIOIRENL

% {E

— DLFloat16: 28/ =7 #—~ v N Z#FH

= Y IR T7HhSRIEEH

- EEHS T —YBHL eIy MOV S

NI, —D20aA7 Hl=h444E(2"d gen)!!
—~WmeStEyhbIZ Y NOBEEEIEDS
>/\—RDMEEZS|IZEITICIE (WS KD
HEIMTICIE) , AVINATREEZESHIEY T
N 7Ry DY R—KNHDAE

= Ref: B. Fleischer,et a/, VLS| 2018, J. Oh, et a/, VLSI 2020
‘ Core /O ‘
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DeepTools: RaPiDD=HDY TNV TP ATV

User Input

DNN
Specification
(Python, ...)

Al SoC for
Inference & Training

Bkl

simulator

’.4-—-|?-st-

Software Stack For Al Core

Deep Learnin

Transfer Programs for

Al Core Compiler Runtime

f

Framework
1?' O @ ++ Generic graph format
0 0 o E— Sraeh;
5 Optimization
|
| T CPU p (Ordering,
Graph Execution Opt. graph w/ Al core & DMA nodes fusion,..)
Al Core | DMA \ CPU | \.\-'——*@ ~ Scratchpad
.y E Management
Launch || Host< || Exec. 7 (Inter-node data
Al core || Al core on CPU DMA Al Core . reuse, tiling, ...)
runtime || transfers || CPU
fo?\ach Al Core node
o

progs & PT, SFU-16,
Init Core SFU-32,
L1 (LU/SU),

MNI (LU/SU)

Al Core Exec. Runtime

i

Code ] Work
Generation Assignment
(Hand- optlmlzed (Dataflow, Loop

templates, . ordering, ...)

N

= TensorFlowDst&E
T227D%/—R
zRaPiDRICaY>
\1ILT %

g ‘//\‘"()l/énfc

—RKR&ETFT—4%

RaPlD ICErIk U E
795

= Ref: S. Venkataramani

et al. |IEEE Micro 2019,
E . Ogawa et al.,
COOLChips 2019
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TensorFlow MR/ — FDIEH _ 5 . 1
SHEIST -conv2d, kernel=3x3 - ‘// \’]/ 4 0) x%“
o w=224, h=224, c=64, ..
i:% *padding = same
ﬂ\é strlde={1,1,} /\05)(_&
\ - —7DIES
25U 7 —5 - JAvFYIOYAX
~Z1”7 L BRUSYFIY RO
- ALIBDEE AT NDE| XEYE D YT
L 2T T YFINY RAEY OEE . 7
=T 0lEE, JOvFUY, N
T — Y IR EDRE aAVISLS

ATV 1—5DHNT B/
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_ ////’ebﬁmw—ij—P(?y7m-\\\\
T 7L—hk ~
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DeepToolsTD VN1 T D5

s BRI —TETENDI—RKREREbtEncFEZT7
VIoSDTF>TL—NZ2HWS
—>/\—RKD4kEZRFELTIIEHT

s AMUADI—TF P F—FErx, 1= MNEREIE IV /INA S
WINT X =TI U TEEIMICERKT S

=N A=Y DZALICEKERICH LT
SIXETHEEDERELELREDER I =Y MNMZEHI S
(b H A e
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r FRERRER (frontend)
S XS A—HEFYTFL—
SHEFRFOFER ICEERT

\

IR&KIE (JREFI)

program 111u:0:0 {
sync recv llsu
loop imm=64 ({
loop imm=224 ({
loop imm=224 ({
asm {
T 7L —hkomssl
}
}
}
}
return

}
program pt:0:0:0 {...

Ri#E1L3s (optimizer)
o REXDOTOTS L%ERTIERE
[ EY°O— K1 XEIRD =6
ICET S

\) d— R &Rk (backend)

IREXO 7O LH5S, &
Iy hDanwilzERT 5

y

\\\\~§~“‘—————___

£1=v NEFETI—R

2 K wAs P48
NG GEEI=w hA |

T—HEEIZ Y N
J—NK
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BB b s DR

= FE{E DA
~ IL—F O
CEHEBOI—TRARDY—Y
- ARERII—T (BIZIFETEE ] BDIL—TF) OfFERE
— RERAHSDHIER
- dead code (fEENZFDEFELNBZWVGS)DEIER
- AV I VRIS IR A D HEE TE 2K EFDIRDEIER
GEEONY—Y (rT+=1,r1 +=2>r1 += 3)
= @DV INA T D b EERRICRE U
— SNy 77BN EWeHRERLEID S I— KT 1 IHIBEINEE
(@BE/INY T F7ICASHWE, ZHEFHLETTERL)
~ ey MDBESNTWREOHTESZZENRESENTWVS
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FiE{LIc LS d— KU1 XDHIB D

0.7
"T 0.6
I .
I 0.5 m Convolution(2nd layer)
% ou ® Relu (2nd layer)
fon \Pé m Max pooling (2nd layer)
::l>’:<' i 0.3 m Convolution (last layer)
E 02 m RelLU (lastlayer)
= m Max pooling (last layer)
) 0.1
I

0
%“B%:E'Jb\'o@ A5y FIRy i NV EER Ny BEE
—AEEEI1=y b OT—REFE1=v b A=y M aA=w k2
ERAE

OYVIA ZTwEEH D ERBELFZLDOI—KRZ, vggl6dD
2 BB & &#E DConvolution, Relu, Max poolinglZ 2> W<T
VAL, 2=y k&l d— Ry A &K = Ref: AlEM, IPSJ) 707537 MHRs 2020

20 |
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= \N— RO 7HEKITDEICY TN 7OREFEZTOIHICHER
= ZNEEINSEH
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—~ YZal—Y g UEE
- N—RO 77O AMAZFETUREBOETHREOBEDEWTANG S &
ZILTY XL EE{EERDORREICER
— T\ T kEE
CERENEDLBWESBIEEIC, FAZYMNTEDELSHEE, XEUFZ7I7EX
NI z2RBNEEL5ICTB2ET, VI P7HEBEONRLZX S

= IRNTCOE#Z—EITHETDITHRE# R -H, ERODI 2L —FD
ESns55HH5
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&

= Domain-specific architecturezZR3 57HDY 7 U 7 D &
LT, RaPDAI 727 tE5L—%RATDY T NI 7RI YT DHEREIC
DWTDOEFZBN

—BAONEICEb->TWAIAV/INAMZEYZIa L —FICcDWTERE

Qu

%< @iﬂ%ﬁ 7|=ﬁbL\DSA ii]‘}f\@'%‘/ kD IT@Faﬁ%b‘/ N

7#'71) 7l/ A'? ’775\&%%3%?%?\,\% (B Z I EMLIR,
TVM, LLVM#% &)

—JL—ALT— /J%aiﬂﬁznat;rﬁmeSAJ#ﬁf% N7
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= ) \—RFKDJx7
— B. Fleischer et al, “A Scalable Multi-TeraOPS Deep Learning
Processor Core for Al Training and Inference” VLS| 2018

— Jinwook Oh, et al, “A 3.0 TFLOPS 0.62V Scalable Processor Core
for High Compute Utilization Al Training and Inference” VLSI 2020

YAVA Nk 4 & AR/

— S. Venkataramani et al, “DeepTools: Compiler and Execution
Runtime Extensions for RaPiD Al Accelerator” IEEE Micro 2019

— E. Ogawa et al, “A Compiler for Deep Neural Network Accelerators
to Generate Optimized Code for a Wide Range of Data Parameters
from a Hand-crafted Computation Kernel” IEEE COOLChips 2019

~ AlEft, VIRV PICLBAXAEYBEEEZITO T+ —7=21—7ILX
vND—=0 7S L—FRDOIV/\14ZDOHE", IPSJ PRO 2020
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—-=ftic K> TEMEB (FERR - &) 1H5HH
= BLICEHEEFITZ2OEHNT XY v
~TEUDDRDTEZEFRIFFEFHEICFEL
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~ FFHAVICEF I ELS D
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N—=ROzT7DEIFVTRILTICEST
M RYDERE FARTITHY)

s FHUWN—KRT 1 7HhHETLBE, SETORVAAND-LK DIRS
CENELHD. FNHRB/BIXDRIICHD
= BODEEDFHI DA :

~ VYT ILAL Y RIE&E&E VW region-baseD X EYEED, VYILFX
Ly RiZENZ > TEW (AF7HDIEINT, SHEEE->XEY/INY
NigE=EICZ{k) PLDI 2009
— AL Z WYY THhDOCPUFIHEEMEWNGS (BT S ICK¥E

DY —/)\) [CEWTIE, SMT (HyperThreadlng) NHdEMNZ >
TH—INDL ARV AT A LADEIT S, IISWC 2014

~ XEFYF I IDBHMLGEY—IY — NISIMDEGESZ S ELES &
TJA4v oY) —cEDHEL LS, PACT 2007, VLDB 2015
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Goal

= Develop a fast sorting algorithm by exploiting the
following features of today’s processors

— SIMD instructions (data parallelism)
— Multiple cores (thread-level parallelism)

= We think about sorting of an integer array here. Refer
to our VLDB 2015 paper for extending this algorithm
for sorting larger records.
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Benefit and limitation
of SIMD instructions for sorting

= Benefits: SIMD selection instructions (e.g. 4-wide SIMD instruction
select minimum instruction) can accelerate (e.g. 32-bit integers on
sorting by 128-bit vector register)

input 1 A0 [A1 [A2 [A3]

— parallelizing comparisons

input 2 |

30 |

31 |

3D |

33 |

— avoiding unpredictable conditional

branches ‘

Iy

Iy

Iy

I

op X op X op X op

= Limitation SIMD load / store instructions

are most effective when they access a

output [CO[C1]C2]C3|

properly-aligned contiguous memory block
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Existing sorting algorithms
suitable for SIMD instructions

= Sorting networks, such as bitonic merge sort, odd-even merge
sort [Batcher 1968], and their variants such as GPUTeraSort
[Govindaraju 2005], are suitable for SIMD

— They are easy to implement with SIMD without gather or
scatter memory accesses since they compare data pairs in
a sequential manner

— However, they are slower than widely-used algorithms such
as mergesort or quick sort for large datasets; their
computational complexity is O(N (log (N))?)
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Our approach: hybrid merge operation of
odd-even merge and usual merge

= SIMD instructions are effective for sorting networks
(e.g. odd-even merge and bitonic merge)

= However, their computational complexity are higher
than usual (branch-based) merge operations

= Our solution

—Integrate sorting network into the usual merge
operation to take advantage of SIMD instructions while
keeping the computational complexity of usual merge
operation
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Odd-even merge for values in two vector
registers

Input
l two vector registers contain four
sorted I sorted .
ol presorted values in each
1]4]7]8] «+ [2]3]s

SIMD merging

one SIMD comparison and
e “shuffle” operations for each
stage without conditional

\ ( branch
AR
1|2

— Output

sorted eight values in two vector
assuming four values in a vector

(e.g. 32-bit integer in 128-bit vector)
|

registered are now sorted
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Our technique to integrate odd-even
merge into usual merge

sorted

sortedarray1 | 1 | 4 [ 7 [ 9 |10 (11 (12|14 |21 |23 | *°*

sortedarray2 | 2 | 3 | 5| 6 | 8 [13[15]16|17 |18 e

sorted
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Our technique to integrate odd-even
merge into usual merge

sortedarray1 | 1 | 4 | 7 | 9 |10 (11 [12 |14 |21 |23 | *°*

sortedarray2 | 2 | 3 | 5 6 | 8 [13[15]16|17 |18 e

sorted sorted

- T
vectorregisters |1 [ 4 [ 7 [ 9 2 | 3|56
g

Odd-even merge
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Our technique to integrate odd-even
merge into usual merge

sortedarray1 | 1 | 4 | 7 | 9 |10 (11 [12 |14 |21 |23 | *°*

sortedarray2 | 2 | 3 | 5 6 | 8 [13[15]16|17 |18 e

sorted B

vectorregisters |1 | 2 | 3 | 4 5/16]71]9
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Our technique to integrate odd-even
merge into usual merge

sorted array 1

sorted array 2

vector registers

merged array

4 1719
31 5] 6
use a scalar comparison
to select array to load
516719
/\ output smaller four values
2 1314 as merged array

sorted
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Our technique to integrate odd-even

merge into usual merge

sorted array 1

10

11

12

14

21

23 XX

sorted array 2

8

13

15

16

17

18 eeoe

vector registers

13

16

5

6

7/

—

Odd-even merge

merged array

2 | 3

4

sorted
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Our technique to integrate odd-even
merge into usual merge

sortedarray1 | 1 | 4

9 (10

sortedarray2 | 2 | 3

618

1[12]14 os
13]15] 15417 )18 ***

vector registers

mergedarray | 1 | 2

4 ] 5

sorted
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Comparing merge operations

our integrated

odd-even merge

usual (scalar)

merge implemented with merae operation
operation SIMD 9e op
Number of
harredéﬁ_ 1 for every 0 1 for every
prec output vector output element
conditional
branches
Computational
complexity O(N) O(N log(N)) O(N)
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Single-thread performance
with various number of records

—— Our mergesort (with SIMD) .
—— bitonic mergesort (with SIMD) . o
100 =G~ radix sort N _5:
S - STL std::sort
()
£ 10
()
£
S 1
©
-]
o
&
0.1
001 1 1 1 1 1 1 1 1 1 1

™M 2M 4M 8M 16M 32M 64M 128M 256M 512M 1G
data size (number of elements)

for sortini random 32-bit inteiers for ui to 1 billion records
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Scalability with multiple cores

80
70
60
50
40
2 30
20
10

relative performance over
STL's std::sort on 1 core

for sortini 1 billion random 32-bit inteiers

—o— Our mergesort (with SIMD)
—/— bitonic mergesort (with SIMD)
=G~ radix sort
—» -STL std::sort

13.9x
by 16 cores Ny
\

loisey

11.5x%

by 16 cores

-
- o=
- e =
-
-—
- o=
- o=

number of cores
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Related work: papers that implemented or
enhanced my SIMD mergesort

= Chhugani et al. (VLDB 2008)

— first implementation of the algorithm on Intel architecture (using
bitonic merge as SIMD merge kernel)

— showed the SIMD merge larger than vector register size increased
the instruction-level parallelism

= Satish et al. (SIGMOD 2010)

— first implementation on NVIDIA GPUs
= Kim et al. (VLDB 2009), Balkesen et al. (VLDB 2013)

— adaptation to database management systems (sort-merge join)
= Kim et al. (SIGMOD 2012), Sundar et al. (ICS 2013)

— adaptation for in-memory kernel of distributed sorting systems
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=Y —TF 4 > DSIMD1t
— Hiroshi Inoue et al.,, "AA-Sort: A New Parallel Sorting Algorithm for
Multi-Core SIMD Processors"”, PACT 2007

— Hiroshi Inoue et al., "SIMD- and Cache-Friendly Algorithm for
Sorting an Array of Structures"”, VLDB 2015

= Join®SIMDA1t,

— Hiroshi Inoue et al., "Faster Set Intersection with SIMD instructions
by Reducing Branch Mispredictions", VLDB 2015
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