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Review: SIMD extensions

« EEBEMIISARRII—LREKERENEDSEIRIFES
- 15288 04-bit FTEEIFS T 2x32b or 4x16b or 8x8b
— 19575, Lincoln Labs TX-2 48§36bit datapath $593-/92x18b or 4x9b
- FHIRTEERENSFE
* 128b for PowerPC Altivec, Intel SSE2/3/4 (Sreaming SIMD Extensions)
e 256D for Intel AVX (Advanced Vector Extensions)
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GPUiEEIR

FEFHEINERE. 1960&FZEIvan SutherlandfSketchpadliBHREizET
SNERE

— HHj, +%mlﬁ5f%‘—ﬁﬁ$ﬂ$§£bﬂ"%%%}a P, LAREERPRISCRTE .
fEHZiFER. BRIAF1981£F IBM Monochrome Display Adapter (MDA),
[E3k3Z#5 2D, 3DINiE;
BHARY3DINE+R (Graphics Processing Unit) : FEERERAERYERS

— 019994 NVIDIA GeForce 256 IHEEIRXIEE

- BHMGPURIEF A SR FRIsTEMY. T 3DEIFAIEBEIEIIsERE IR

& (mid-late 1990s)
— AT EEANE K, TRTRIEREs

GPURYnI4RiZE
— 2001FENVIDIAKE 7 GPUIY T YRt (GeForce3)

— 2003 ZARARIGIEESIEFE IR AR EIEF{FEFHshaders5eiizE, MMEGPU_LSE
BAITE, XWE LA T GPUFIESHEEIHERITE.

— I IFERITERIGPURGeForce 8 &7

— Fermi architecture: EBEFIZEHIENEE

— AMDHUESEEH (GPUFICPUERME— N ORH, ithreadIsiSEE)
Volta architecture: 5| ATensor Cores Bl B3XINIEN 282> N

IMAGPU(GP-GPU) IRz, AT EMItH
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GPURRIEERE,

42 Years of Microprocessor Trend Data
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Criginal data up to the year 2010 collected and plotted by M. Horowitz, F. Labonte, ©. Shacham, K. Olukotun, L. Hammond, and C. Batten
New plot and data collected for 2010-2017 by K. Rupp

* Moore's law: BHR:ICHRRAERINSERE2X; HE: EEME

- 2THELAR: RIppasR, PERYEEEIRMNGIR, HaiRAEEEKBTFRA L
B9 “core” MIENE; WANKITHITRITRINE

Source: https://www.karlrupp.net/2018/02/42-years-of-microprocessor-trend-data/
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Theoretical Peak Performance, Single Precision

GFLOP/sec
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%

INTEL Xeon CPUs =—fie— -]
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LY 1 &
4 @ ® NVIDIA GeForce GPUs —{ilF—
: AMD Radeon GPUs —{)—
INTEL Xeon Phis ==t
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End of Year

ScputBtt, gpuiRftTEERI32(LF LN IERE
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Figures source: https://www.karlrupp.net/2013/06/cpu-gpu-and-mic-hardware-characteristics-over-time/
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Theoretical Peak Memory Bandwidth Comparison

Xeon Phi 7120 (KNC)

INTEL Xeon CPUs ——sle—
NVIDIA Tesla GPUs —{ll—
AMD Radeon GPUs —@)—

INTEL Xeon Phis =g
: :

T
Tesla:P100

S
@2@9

Watt

GPURSIGEFHERIERE

2016

Thermal Design Power

Xeon Phi 7120 (KNC)

: : : INTEL Xeon CPUs ——dle—
_____________ s SERSRSRES RN e RSOSSN b SISEEEEE NIDIATesla GPUs il T
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x /
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Figures source: https://www.karlrupp.net/2013/06/cpu-gpu-and-mic-hardware-characteristics-over-time/
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X86 Intel8180 vs Nvidia V100 GPU

Aggregate performance Dual socket

numbers (FLOPs, BW)

Intel 8180 28-core
(56 cores per node)

Nvidia Tesla V100, dual
cards in an x86 server

Peak DP FLOPs
Peak SP FLOPs
Peak HP FLOPs
Peak RAM BW
Peak PCle BW
Power / Heat

Code portable?

4 TFLOPs
8 TFLOPs

N/A
~ 200 GB/sec
N/A

~ 400 W

Yes

14 TFLOPs (3.5x)
28 TFLOPs (3.5x)

224 TFLOPs
~ 1,800 GB/sec (9x)
32 GB/sec

2x250 W (+~400 Wor
server) (~ 2.25x)

5/28/2021
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Yes (OpenACC, OpenCL)
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ASCI White (LLNL)

« 12.3 TFLOP/sec — #1 Top 500, November 2001.
« Cost— $110 Million USD (in 2001!)

SDSC Comet
« 2.8 PFLOP/sec aggregate

« 36 nodes 2 x Nvidia K80
5.5 TFLOP/sec DP, 16.4 TFLOP/sec SP (each node)
« 36 nodes 4 x Nvidia P100

18.8 TFLOP/sec DP, 37.2 TFLOP/sec SP (each node)
« Cost — $25 Million USD ($14 Million Hardware)

DIY 4 x Nvidia RTX 2080 box

e 1.3 TFLOP/sec DP

* 40.0 TFLOP/sec SP

¢« Cost—~ $5 Thousand USD
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 Exhautive list on https://www.nvidia.com/en-us/data-center/gpu-

accelerated-applications/
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Machine learning and GPUs

wimonTien

Machine learning o
» Estimate / predictive model based on reference Trcim’ni Data
- Many different methods and algorithms. B o B
Algorithm
« GPUs are particularly well suited for deep ’
learning workloads ot
I ]
—5—Q
. w
Deep |eal’n|ng Input Data Moc:;;gﬁl_tﬁ%rning Prediction
* Neural networks with many hidden layers.

* Tensor operations (matrix multiplications). Simple Neural Network Deep Learning Neural Network

* GPUs are very efficient at these (4x4 matrix
algebra is used in 3D graphics)

« Half-precision arithmetic can be used for many ML

applications, at least forinference. @inputlayer @ HiddenLayer @ Output Layer

* ML frameworks provide GPU support (E.g. PyTorch,
TensorFlow)
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GPUEARFEALE

- CPU+GPUBMIZIZES S o
—  EEMESIEIR BN RS ESE AU ALY |

+ HEFICPU AT L ER THILAR CACE {
- SBTHUTIR

—~ %”ﬁcacheL ifil‘ﬂﬁﬁ%_%%ﬁﬁﬂfﬁ
-  GPUBEEHITAKEHITEE
AT oraw

- Bl FITIEE CPU GPU

sEfzdl. S9ItE g5i=Hl, 'ItE

[ R R .

System Graphics
Memaory Memaory CPU GPU
CPU GPU Cache
[
[
bus Memory
(a) System with discrete GPU (b} Integrated CPU and GPU

Figure 1.1: GPU computing systems include CPUs.

PCle
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Single-Instruction, Multiple- Threads

GPU
SIMT Core Cluster SIMT Core Cluster SIMT Core Cluster
SIMT SIMT SIMT SIMT i SIMT SIMT
Core Core Core Core Core Core
Interconnection Network
Memory Memory Memory
. 2 000 =
Partition Partition Partition

'ﬁr w L]

GDDR3/GDDRS | GDDR3/GDDRS5 | Off-chip DRAM | GDDR3/GDDRS

Figure 1.2: A generic modern GPU architecture.
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Multicore vs. Multithreaded

MC MT
Region Valley Region

Performance

Number of Threads

Figure 1.3: An analytical model-based analysis of the performance tradeoff between multicore
(MC) CPU architectures and multithreaded (MT) architectures such as GPUs shows a “perfor-
mance valley” may occur if the number of threads is insufficient to cover off-chip memory access

latency (based on Figure 1 from Guz et al. [2009]).

- S IESREUEELEARIIEMS BN IERERD
— CacheBREARERS, 4BEFIE TR,

- HERHRVHNSEESNE (GPU) A EGRKA
— TEHREX R IMFEEIRIRYZERS
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General-Purpose GPUs (GP-GPUs)

fE&Dennard ScalingZEBEaIK, EBidiRSEINEHEaeHRBEN, FER
FEBAURIEHEE- B € RSB I se RS Ee 04— H 500 +

- BUEEREWEY (FIaNGP), FMESIERIEINTE, AISRIS10XRIRERIETT.
- BI5IANEXIBERAES MALVIZEER KE1hiNFiEes /R

- FEBRE: ST R IR RN RERA S R FENER N B E
ETF @ IESNRAIER AP REEILRNEELRRZ—

- BRSNS : BiR270. BJR100

— Google: Tensor Processing Unit

- NBEFINAPARENTTEESTRENETAME:S LiEfT

MVGPURR T 235N Z LA, RILISIFEIRITRIEE, AEEIFAISEAE
- ERBRIFMEIEAN, RREBRIBER LSRR

— BTSN AESRAGPU, LUESRSAHIRE (1ERE/EL)

GP-GPURIE AR

- KRIEGPUITERISMREFER IS H R INE—LEATTEFIZL (Kernels)

— —FPipALIEEEAEES (GPUIESBIINIRES)  CPUARGIEUEF 1THIKernels EIGP-GPU_LIETT
— BIUCGPULIEFIRIEIREY, THIBINEMEERIERT, HERFRE

20064E, Nvidia iy GeForce 8800 GPU Zi5—#hifil%misiGs: CUDA

— “Compute Unified Device Architecture”

— MEETF#EHOpenCL, 5cUDAEBBRENIdeas, (B3R NS
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GPU “Core”

5/28/2021

Nvidia/CUDA AMD/OpenCL

CUDA Processing
Processor Element

CUDA Core SIMD Unit

Streaming Computer
Multiprocessor Unit

GPU Device  GPU Device

xhzhou@USTC

Derek¢ CPU
Analogy

Lane

Pipeline

Core

Device
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0.3 GPU

GPU GPU GPU
EM) TR FhEsE
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SIM L Fronr En

_ Heunch Targs U

SIMT-Stack

Pred.

= W

ALLD "I

Operand [+

Collector

o

Figure 3.1: Microarchitecture of a generic GPGPU core.

ESRIKEXTFSIMDRITRIKZ:.
— FREMASIMDIESYRTE
- EBETFRRaYES,
BMEE

N FAER— B ZA2 ARk,

— Programming Model (Software) vs Execution Model (Hardware)

5/28/2021 xhzhou@USTC

wIEEE: IBEFRRUUMANE (MNMEFRAESIINEEIRE)

— 530, ImFFARE (von Neumann), E3EFT(SIMD), #IERIREL, ZLFEREL (MIMD, SPMD), ...
ITIEE: 1SEERENERTEE

—  f5an, ELREHAT.
MITIRBSHRIEEE A IAERIRX

— g0, nRtEE el AR TR IR RS YT,
SPMD #&BIa] A FHSIMDAMERSESCI (a GPU)

FENL. HIERGEN. S8, SEAENENF




SRl AR TIE?

for (i=0; i < N; i++)

C[i] = A[i] + BI[i]-

= AR TR Z IR AR P B AT 1

1. Sequential (SISD)
2. Data-Parallel (SIMD)

5/28/2021

3. Multithreaded (MIMD/SPMD)
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R FARZRE R
 Pipelined processor

« Out-of-order execution processor
- HEEREETXRATES
- AEBEHIESEFEESENT, £
NIIREEMA AT LAFHTHT
— Bp: MM R
« Superscalar or VLIW processor
— 8 cycleA] LIFEBFIRITES KI5

for (i=0; i < N; i++)
C[i] = A[i] + B[1i];

5/28/2021 xhzhou@USTC 22



Vectorized Code

VLD A-> V1

VLD B> V2

VADD V1+V2->V3

VST V3->C

Realization: f@¥RNEI2HEEINZAY, EINELIREEUREMKE
|dea: 2 A ImFEREMSIMDIES, FiEM (BBE&X
SIMDIESHY) BMMAITHERIES, LIEARRIEHE
TESIMDALMESE (vector, array) _BiEfT

for (i=0; i < N; i++)
C[i] = A[i] + B[1i];

Iter. 2:

5/28/2021 xhzhou@USTC 23



Scalar Sequential Code

5/28/2021

for (i=0; i < N; i++)
C[i] = A[i] + B[i];

Realization: fEEREIZHEEIRZAY, EREIRBEUEAKER
|dea: TEFFREIRIFSRNEXERER— N EKIE. 87

EHITRERIESR, LIEARRIEEE
B LAFEMIMDAH 28 HiEfT
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for (i=0; i < N; i++)
C[i] = A[i] + B[1i];

Reali
|dea:

171E)

X PRIV AR
SPMD: Single Program Multiple Data

aly |

o] LAESIMT #leg bisfT
Single Instruction Multiple Thread

xhzhou@USTC 25




 Single procedure/program, multiple data
- B MREEAEMAZITETAR

- BAMIERETTTRIENERE, LIEARNEEE
- XEIEALIEREFFRIENR LEZE, FIa0 barriers

- ZFRESHAITHRNER
- BNER/ e
. BERRRR
BRI HREE
- RS BRI, (BT EMIMDEEHE L

(multiprocessors)

— X GPUs LUXFSHURISTUIRAE, Im1T{ESIMDAEA |
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GPU #riEtess

CUDA - Compute Unified Device Architecture
—  Nvidia iffHIFF &R9EFEtREY
— % "GPGPU/RFZIIE
C++ AMP - C++ Accelerated Massive Parallelism
- ERHASIF A
— CUDA/OpenCLIVEEEHSR
OpenACC - Open Accelerator
—  Like OpenMP for GPUs (semi-auto-parallelize serial code)
—  CUDA/OpenCLNES =S
OpenCL
- RERERQGIWEIFE, EREEFRBNSEEERENT
- SIFEIREELR, OpenCL AXREEIRE M
—  OpenCLT{FERIRLREIE: 3Dlabs. AMD, B, ARM. Codeplay. ZBiZf5. KER/R. HH. HSARER.

GraphicRemedy. IBM. Imagination Technologies. Intel. B, NVIDIA, EEIEEZHI. QNX. BiE, =&. Seaweed,
BEINYEE. HEIHERAE. IKEUmeXE

GPU Architecture OpenCL Model
GPU NDRange

GPU “Core”| | GP Workgroup * Workgroup

U “Core”
l‘l.v'l Y LY Y ‘}-!I} W LY W
o | | e W P X % |1
[‘J1I-1ff' :”,. i g S sy 'Z‘@ l'r"-f'lf
Vrbh  H W O Wkt b Ve || Vv
! — il ’ . ... .-'ll.

PV —

e

W

Wor k-item Wm&mm
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CUDA/Nvidia | OpenCL/AMD | Henn&Patt

Thread Work-item Sequence of S.IMD
Lane Operations
% Warp Wavefront Thread Of.SIMD
Instructions

GPU “Core”

Body of vectorized

Block Workgroup -

Grid NDRange Vectorized loop
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Threads and Blocks

. —ARENR— MRS - —
. KRNARAMARRS AR i S
(Block)

. BEISREAR—RHE (Grid) Aot

/ { \ N
/  Block(1,1)  \

Block (0, 1) Block (1,1) Nglock {2, 1)

- GPU A Z%iEH{TEIE
— Thread Block Scheduler
— SIMD Thread Scheduler
— Warp

- SIMDZAR
 ZEREERNEARRA

Figure 6 Grid of Thread Blocks
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G| 2 JE 8 ) 2%
FEBR DLIE I F
NG

(Nvidia H7 ¥ H
ZNNERFEHL
JXH). 1EGPU
AT A
¥roNGrid, Grid
A L2 2 1))

~

5/28/2021

blockldx O

threadld O

threadld 1

threadld 255

blockDim = 256
(programmer can
choose)

blockldx 1

threadld O

threadld 1

threadld 255

Conditional (i<n) turns
|~ off unused threads in
last block

threadld O
blockldx threadld 1
(n+255)/256) '
threadld 255

xhzhou@USTC
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Simplified CUDA Programming Model

- MTERXESMREMNIAZEIE(CUDA threads
or microthreads) 5Sp), XL IEHE LTS

R (thread blocks)

// C version of DAXPY loop.
void daxpy(int n, double a, double*x, double*y)

{ for (int i=0; i<n; i++)
yl[i] = a*x[1] + y[i]; }

// CUDA version.
__host  // Piece run on host processor.
int nblocks = (n+255)/256; // 256 CUDA threads/block

daxpy<<<nblocks,256>>>(n,2.0,x,y) ;

__device  // Piece run on GP-GPU.

void daxpy(int n, double a, double*x, double*y)

{ int i1 = blockIdx.x*blockDim.x + threadId.x;
if (i<n) yl[il=a*x[il+y[i]; }

5/28/2021 xhzhou@USTC 31



NVIDIA Instruction Set Arch.

+ ISA EiR{HE<SERIHZR
— Parallel Thread Execution (PTX)

— (ERHENSFS

— B S EHERE R 2S5
— Example:
shl.s32 RS8, blockldx, 9 : Thread Block ID * Block size (512 or 29)

add.s32 RS, R§, threadldx ; R8 =i = my CUDA thread ID
|d.global.f64 RDO, [X+R8] ; RDO = X[i]

|d.global.f64 RD2, [Y+R8] ; RD2 = YI[i]

mul.f64 RDO, RDO, RD4 ; Product in RDO = RDO * RD4 (scalar a)
add.f64 RDO, RDO, RD2 ; Sum in RDO = RDO + RD2 (Y[i])
st.global.f64 [Y+R8], RDO ; Y[i] = sum (X[i]*a + Y[i])

5/28/2021 xhzhou@USTC 32



AL o J1=BL 0 1*c[ 0o ]

SIMD Al 1 1=8[ 1 1=C[L 1 ]
Thread(

Al 31 1=B[ 31 1=cC[ 31 ]
Al 32 1=8BT 32 1 *c[ 32 ]
SIMD AL 33 1=8[ 33 1*c[ 33 ]

. Thread | i B =
Thread n
Ftl:_u_'k af 63 1] =B[ 63 1 = C[ &3 1
Al ; A 64 =B a4 * C[ 64
REFE R B K 8192 R 4H kel i il
Vi al 4791 =B[ 479 1 = c[ 479 ]
AN af 2801 =B 480 1 * C[ 480 ]
ﬁﬂﬂlﬁ Al 4817 -8B 481 ] * C[ 481 ]
Grid 15 16 & (5124 L St SO EL A |
—a - F, ] 21
P s T Al 7679] =B [ 7679 1 = c[ 7679 ]
Blocktl, & 16 1NSIMD 6 F& AL 7680] < B [ 7680 1 = C[ 7680 |
32/I\CUDA Qﬂ%%%/S”\AD@%%% Ti[?ﬂﬁn af 7681] =B [ 7681 1 * C[ 7681 ]
. — AN | Al 77111 =B[7711 ] = c[ 7711 ]
&\I\fi I E%’%/CUDAQ?‘%EE A 77121 =B [ 7712 1 * c[ 7712 ]
sMp | AL 77131 =B [ 7713 ] * C[ 7713 ]
Thread Thread | =
Block al 77431 =B [ 7743 1 = C[ 7743 ]
13 Al 77441 =B [ 7744 1 = C[ 7744 ]

A[ 8159] =B [ 8159 1 = [ 8159 ]
Al 8160] =B [ 8160 1 * C[ 8160 ]

SIMD [Tar a1 — -
Thread 15 [ 8161] [ 8161 ] C[ Blel ]

A0 81917 B[ 6191 1 * C[ 8191 ]

Figure 4.13 The mapping of a Grid (vectorizable loop), Thread Blocks (SIMD basic blocks), and threads of SIMD
instructions to a vector-vector multiply, with each vector being 8192 elements long. Each thread of SIMD instruc-
tions calculates 32 elements per imstruction, and in this example, each Thread Block contains 16 threads of SIMD
instructions and the Grid contains 16 Thread Blocks. The hardware Thread Block Scheduler assigns Thread Blocks
to multithreaded SIMD Processors, and the hardware Thread Scheduler picks which thread of SIMD instructions
to run each clock cycle within a SIMD Processor. Only SIMD Threads in the same Thread Block can communicate
via local memory. (The maximum number of SIMD Threads that can execute simultaneously per Thread Block is
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0.3 GPU

GPU GPU GPU
&7 tzi=Ey FigER
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A GPU is a SIMD (SIMT) Machine

+ GPUAREHSIMDIES Rz
- [EHSZEIERE (—HSPMD RIEER)
—- BNEAEPITRIERINGS, (B EAERIEIETER
- B SiEE H O L X EIRT LURIM S5/ TH)

— A THERIE SREIEHREENSHLR Rwarp
— — M warp2HEEERZEAISIMDIRE

=

== S /—
— locksteptE=(H1T
MIMDE PMD SIMD/Vector SIMT
> {3 &
2 (¢ ﬁ?zj
RY Vb
b
Multiple ind ependent One thread with wide rultiple lockstep threads
threads execution datapath

HIEAITARRAITIEL
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SHREF T AR TIRIVEEER

MIMD/SPMD SIMD/Vector SIMT
L %
033 ;
0 .
(3 RN
1
Multiple independent One thread with wide M ultiple lockstep threads
threads execution datapath

Example Multicore CPUs x86 SSE/AVX GPUs
Architecture
Pros EAME: TiF%iE LB HITREE B RIZHIT
WAEREZ) FHIT Gather/Scatter 321
Cons HIEHITERBK N iE&Gather/Scatter X4 EEZ MRS
B®IE
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0.3 GPU

GPU GPU GRU
BT YntstE Ry MITIERY
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kernel func<<<nblk,
nthread>>> (param, .. );

Host Thread Grid of Thread Blocks

g DI DI DI DI

PCle




GPU Memory Hierarchy

Thread block
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Summary- [[Z4bEH] vs. GPU
AREREERARIEELE

Official
Descriptive Closest old term  CUDA/NVIDIA
Type name outside of GPUs  GPU term Short explanation
Veclorizable Vectorizable Loop  Grd A vectorizable loop, executed on the GPU, made up
Loop of one or more Thread Blocks (bodies of vectonzed
E loop) that can execule in parallel
k3 Body of Body of a (Strip-  Thread Block A vectorized loop executed on a multithreaded
E Veclonzed Mined) SIMD Processor, made up of one or more threads of
o Loop Vectorized Loop SIMD instructions. They can communicale via local
E MEMOry
5iy Sequence ol One ileration of a  CUDA Thread A vertical cut of a thread of SIMD instructions
é SIMD Lane acalar Loop corresponding 10 one element execuled by one SIMD
Operations Lanc. Result is stored depending on mask and
predicate register
= A Thread of Thread of Vector Warp A traditional thread, but it only contains SIMD
%- SIMD Instructions mstructions thal are execuled on a multithreaded
o Instructions SIMI? Processor. Resulls stored depending on a per-
E clement mask
é SIMD Vector Instruction PTX A single SIMD instruction execuled across SIMD
Instruction Instruction Lanes
5/28/2021 xhzhou@USTC 40



Summary-E=R-E4] vs. GPU

5/28/2021

Official
Descriptive Closest old term  CUDA/NVIDIA
Type name outside of GPUs  GPU term Short explanation
Multithreaded (Muhtithreaded) Streaming A multithreaded SIMD Processor execues threads of
SIMD Vector Processor  Multiprocessor  SIMD instructions, independent of other SIMD
ﬁ Processor Processors
= ‘Thread Block Scalar Processor Giga Thread Assigns multiple Thread Blocks (bodies of
E Scheduler Engine vectorized loop) o multithreaded SIMD Processors
b SIMD Thread Thread Scheduler  Warp Hardware unit that schedules and issues threads of
@ Scheduler in a Multithreaded ~ Scheduler SIMD instructions when they are ready 1o execute;
8 CPU includes a scorchoard 1o track SIMD Thread
E execulion
SIMID Lane Veclor Lane Thread A SIMD Lane execuies the operations in a thread of
Processor SIMD instructions on a single element. Results
stored depending on mask
GPLU Memory Main Memory Global DRAM memory accessible by all multithreaded
Memory SIMD Processors in a GPU
§ Private Memory  Stack or Thread Local Memory  Portion of DEAM memory private o each SIMD
.g Local Storage Lane
E (05)
E‘ Local Memory  Local Memory Shared Fast local SRAM for one multithreaded SIMD
E Memory Processor, unavailable 1o other 5IMD Processors
= SIMD Lane Vector Lang Thread Regisiers in a single SIMD Lane allocated across a
Registers Registers Processor full Thread Block (body of vectorized loop)
Registers

Figure 4.12 Quick guide to GPU terms used in this chapter. We use the first column for hardware terms. Four
groups cluster these 11 terms. From top to bottom: program abstractions, machine objects, processing hardware,
and memory hardware. Figure 4.21 on page 312 associates vector terms with the closest terms here, and
Figure 4.24 on page 317 and Figure 4.25 on page 318 reveal the official CUDA/NVIDIA and AMD terms and definitions
along with the terms used by OpenCL.
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