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DL TRAINING: FROM SINGLE GPU TO MULTI-NODE

1.33 Minutes on

MLPerf
At Scale | 2019
6.3 Minutes on MLPerf 1 DGX SuperPOD
At Scale | 2018 52.7 Minutes on
DGX Cluster MLPerf
DGX-2H | 2019
70 Minutes on MLPerf NVSwitch
DGX-2H | 2018
NVSwitch
480 Mins (8 Hours)
DGX-1V | 2017
36000 Mins (25 1200 Mins (20 Hours) Tensor Core
Days) DGX-1P | 2016
1xK80 | 2015 NVLink
CUDA
I e & N e
2015 2016 2017 2018 2019

ResNet50 v1.5 training
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NVIDIA Tesla V100

NVIDIA Tesla V100 s 80 SM jednotkami

Memory Controller
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Memory Controller

Memory Controller

Celkem 5 120x FP32, 2 560x FP64 jader,

https://images.nvidia.com/content/volta-architecture/pdf/volta-architecture-whitepaper.pdf

PCI Express 3.0 Host Interface

NVLink

640x tensor jader

19jj03u0) Aiowapy 19jj03u0) Aiowap 19ranuo) Koway

18jjo3u0) fiowapy

SM
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Warp Scheduler (32 thread/clk)
Dispatch Unit (32 thread/clk)

Register File (16,384 x 32-bit)

FP64 INT INT FP32 FP32
FP64 INT INT FP32 FP32
FP64 INT INT FP32 FP32

FP64 INT INT FP32 FP32 TENSOR TENSOR

FP64 INT INT |FP32 FP32 K (RN

FP64 INT INT FP32 FP32
FP64 INT INT FP32 FP32

FP64 INT INT FP32 FP32

LD/ LD/ LD/ LD/ LD/ LD/ LD/ LD/ SFU
ST ST ST ST ST ST ST ST

Warp Scheduler (32 thread/clk)
Dispatch Unit (32 threadiclk)

Register File (16,384 x 32-bit)

FP64 INT INT FP32 FP32
FP64 INT INT FP32 FP32
FP64 INT INT FP32 FP32

FP64 INT INT FP32 FP32 TENSOR TENSOR

FP64 INT INT FP32 FP32 KD K-

FP64 INT INT FP32 FP32
FP64 INT INT FP32 FP32

FP64 INT INT FP32 FP32

Lb/ LD/ LD/ LD/ LD/ LD/ LDI LD/ SFU
ST ST ST ST ST ST ST ST

Warp Scheduler (32 thread/clk)
Dispatch Unit (32 thread/clk)

Register File (16,384 x 32-bit)

FP64 INT INT FP32 FP32
FP64 INT INT FP32 FP32
FP64 INT INT FP32 FP32

FP64 INT INT [FP32 FP32 TENSOR TENSOR

FP64 INT INT FP32 FP32 L -

FP64 INT INT |FP32 FP32
FP64 INT INT FP32 FP32

FP64 INT INT FP32 FP32

LD/ LD/ LD/ LD/ LD/ LD/ LD/ LD/ SFU
ST ST ST ST ST ST ST ST

Warp Scheduler (32 thread/clk)
Dispatch Unit (32 threadi/clk)

Register File (16,384 x 32-bit)

FP64 INT INT FP32 FP32
FP64 INT INT FP32 FP32
FP64 INT INT FP32 FP32

FP64 INT INT FP32 FP32 TENSOR TENSOR

FP64 INT INT FP32 FP32 IS -

FP64 INT INT FP32 FP32
FP64 INT INT FP32 FP32

FP64 INT INT FP32 FP32

LD/ LD/ LD/ LD/ LD/ LD/ LD/ LD/ SFU
ST ST ST ST ST ST ST ST

Streaming Multiprocessor (SM) jednotka:

64x FP32 jader, 32x FP64 jader

Www.mcomputers.cz
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Tensor jadra NVIDIA Tesla V100

Pascal Volta Tensor Core

D =

FP16 FP16 or FP32

FP16 or FP32

Figure 8. Tensor Core 4x4 Matrix Multiply and Accumulate

® P100 (CUDA B)

B PLOO (CUDM B) & w100 [CUDE 9) g V100 Tensor Cores [ELII}.& 91
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A NEW GENERATION OF GPUS

NVIDIA A100

1t

i

S NVIDIA

Www.mcomputers.cz
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NVIDIA AMPERE GPU ARCHITECTURE

V100 A100
SMs 80 108
Tensor Core FP64, TF32, BF16,

Precision FP16, 18, 14, B1 FP16, 18, 14, B1

Shared Memory 96 kB 160 kB

per Block
L2 Cache Size 6144 kB 40960 kB
Memory Bandwidth 900 GB/sec 1600 GB/sec
NVLink Interconnect 300 GB/sec 600 GB/sec

www.mcomputers.cz
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NVIDIA A100 e

Warp Scheduler (32 thread/clk) Warp Scheduler (32 thread/clk)
Dispatch Unit (32 thread/clk) Dispatch Unit (32 thread/clk)

NVIDIA A100 se 108 SM jednotkami Registe il 16,354 x 321 Registor Fil 16,384 x 3251

INT32 INT32 FP32 FP32 FP64 INT32 INT32 FP32 FP32 FP64

INT32 INT32 FP32 FP32 FP64 INT32 INT32 |[FP32 FP32 FP64
PCI Express 4.0 Host Interface

GigaThread Engine with MIG Control i INT32 INT32 FP32/[FP32  FP64 INT32 INT32 |FP32 FP32  FP64

TPC TPC
M M

INT32 INT32 FP32 FP32  FP64 INT32 INT32 |FP32 FP32  FP64
TENSOR CORE TENSOR CORE

INT32 INT32 FP32 FP32  FP64 INT32 INT32 |FP32 FP32  FP64

INT32 INT32 FP32 FP32  FP64 INT32 INT32 |FP32 FP32  FP64

INT32 INT32 FP32 FP32  FP64 INT32 INT32 |FP32 FP32  FP64

INT32 INT32 FP32 FP32  FP64 INT32 INT32 |FP32 FP32  FP64

Lb/ LD/ LD/ LD/ LD/ LD/ LD/ LD/ SFU Lb/ LD/ LD/ LD/ LD/ LD/ LD/ LD/ SFU
ST ST ST ST ST ST ST ST ST ST ST ST ST ST ST ST

LO Instruction Cache LO Instruction Cache
Warp Scheduler (32 thread/clk) Warp Scheduler (32 thread/clk)
Dispatch Unit (32 thread/clk) Dispatch Unit (32 thread/clk)

Register File (16,384 x 32-bit) Register File (16,384 x 32-bit)
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INT32 INT32 FP32 FP32 FP64 INT32 INT32 FP32 FP32 FP64
INT32 INT32 [FP32 FP32 FP64 INT32 INT32 FP32 FP32 FP64
INT32 INT32 [FP32 FP32 FP64 INT32 INT32 FP32 FP32 FP64
INT32 INT32 FP32 FP32 FP64 INT32 INT32 [FP32 FP32 FP64

TENSOR CORE TENSOR CORE
INT32 INT32 FP32 FP32 FP64 INT32 INT32 FP32 FP32 FP64

Memory Controller

INT32 INT32 FP32 FP32 FP64 INT32INT32 FP32 FP32 FP64

13jjo3u0 Aiowspy | Jajjonuod Aowapy

Memory Controller

INT32 INT32 FP32 FP32 FP64 INT32 INT32 FP32 FP32 FP64

INT32 INT32 [FP32 FP32 FP64 INT32INT32 FP32 FP32 FP64

NVEInk NVEIK v | LD LD/ LD/ LD/ | LD/ LDF | LD Lo/ Lo/ | Lb/ | LD/ LD/ LD/ LD/

ST ST ST ST ST ST ST ST SFU ST ST ST ST ST ST ST

192KB L1 Data Cache / Shared Memory

Celkem 6 912x FP32, 432x tensor jader

Streaming Multiprocessor (SM) jednotka:
64x FP32 jader, 4x tensor jadra

WWW.mcomputers.cz
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A100 TENSOR-CORE GPU N

54 billion transistors in 7nm

- = ' e S vi ¥ e ~ i
[ NVLink | [NVLink | [ NVLink | [NvLink | [ NVLink | [ NVLink | [ NVLink | [NVLink | [ NVLink | [ NVLink | [ NVLink | [ NVLink |

3rd gen.
108 SMs 40MB L2 1.56 TB/s HBM2 NVLINK

6912 CUDA Cores 8l 6.7x capacity 1.7x bandwidth

WWW.mcomputers.cz



Third-generation Tensor Core

Faster and more efficient

-~ | Comprehensive data types
. ITENSOR} ' . |TENSOR . o
CORE | | s i~ Sparsity acceleration

Asynchronous data movement
and synchronization

3rd Gen.

::;; TENSOR Ef;ff; L TR Increased L1/SMEM capacity

WWW.mcomputers.cz
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NEW TF32 TENSOR CORES
. Sign Range Precisio
W, n
..:.E.
. TF32 Range
~~~~~ TENSOR FLOAT 32 (TF32) - 10 BITS
TF32 Precision

Range of FP32 and Precision of FP16
Input in FP32 and Accumulation in FP32 FP16 - 10 BITS

No Code Change Speed-up for Training
BFLOAT16 - 7 BITS

A nviDa

Www.mcomputers.cz
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INSIDE A100 TensorFloat-32 (TF32)

FP32 FP32
g i RN i Out-of-the-box
g, Range Prec1_510n |
° Iexpu:nt mar::sa Format to TF32 | tensor core
FP32 BTN I T and multiply acceleration for DL
- e8 | m10 |
TF32 EEUDJ]JEI: ”1|0 FP32 accumulate Easy step towards maximizing
S tensor core performance with
FP16 BTy v mixed-precision (FP16, BF16)
BF16 §[IITIIIT 11111+ FP32
Matrix
Range c_Jf FP32 with FP32 input/output Up to 4x speedup
precision of FP16 FP32 storage and math for all l l
activations, gradients, ... on tinear sotvers
everything outside tensor cores for HPC

WWW.mcomputers.cz



V100 TENSOR CORE

X-factor
INPUT OPERANDS ACCUMULATOR TOPS | vs. FFMA

FP32 oD FP32 oo 15.7

V100

125 8Xx vs.
TOPS FFMA

FF16/FP32
Mixed-
precision

WWW.mcomputers.cz
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A100 TENSOR CORE

X-factor
INPUT OPERANDS ACCUMULATOR TOPS | vs. FFMA

15.7

125 8x

19.5 1Xx
IO FP32 OO 156 8x
OO FP32 OOMMODOTIIIIIIITIIIIID 312 16X
DO FP32 OOIDOTIOICIIIIIITIID 312 16X

TF32 accelerates FP32 in/out data - 10x vs. V100 FP32
BFloat16 (BF16) at same rate as FP16

WWW.mcomputers.cz
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A100 TENSOR CORE

SPARSE
INPUT OPERANDS

FP32 15.7 1x - -

FP16 125 8x - -

FP32 19.5 1x - -

TF32 156 8x 312 16X

FP16 312 16X 624 32x

BF16 312 16X 624 32x

FP16 312 16X 624 32x

INT§ mmm INT32 I 624 32x 1248 64x

INT4 oo INT32 ommmmmmmmmm 1248 64x 2496 128x
V100=>A100

BINARY 0 INT32 I 411?:52 2:)6()( 2 By FLOPS
for HPC ., ...

Www.mcomputers.cz
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INSIDE A100 SPARSE TENSOR CORE

Sparse Input
2Xx Tensor Core throughput Tensor Core 4 activations
Structured-sparsity for efficient HW and SW e g; 2?
~2X reduction in weights RN
. . dot-product
footprint and bandwidth o

T~ 3
o 1 [

) m

Fine-grained
structured

Compress

pruning |
Dense (2:4 non-zero) c: N\ Non- Non- Output
trained . . Z€ero Zero zero activations
weights Fine-tuning data indices

weights

~No loss in inferencing accuracy

Evaluated across dozens of networks: vision, object detection, segmentation, natural language modeling, translation

Www.mcomputers.cz
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A100 FP64 Tensor Cores

For even more Performance

NVIDIAV100 FPé&4 NVIDIA A100 Tensor Core FP64
A100 Speedup vs. V100 (FP64)
2X
r z
'= :‘Eg 1.5x
-
1
- |EEE FP64
* Drop-in acceleration via cuBLAS, cuTensor, .
and cusolver LSMS  BerkeleyGW

lication [Benchmarks]: BerkeleyGW [Chi Sum + MTXEL] using DGX-1V (8xV100) and DGX-A100 (8xA100) | LSMS [Fe128] single V100 SXM2 vs. A100 SXM4 (5 <ANVIDIA

www.mcomputers.cz



ACCELERATING HPC

Molecular Dynamics Phyfics Engineering Geo Science

A A
I A I A [ A\ A

2.0x 2.1X
m A100

1.5x

1.0x

Speedup

. . .

0.5x

0.0x

AMBER GROMAGCS LAMMPS NAMD Chroma BerkeleyGW FUN3D RTM SPECFEM3D

All results are measured
Except BerkeleyGW, V100 used is single V100 SXM2. A100 used is single A100 SXM4
More apps detail: AMBER based on PME-Cellulose, GROMACS with STMV (h-bond), LAMMPS with Atomic Fluid LJ-2.5, NAMD with v3.0a1 STMV_NVE

Chroma with szscl21_24_128, FUN3D with dpw, RTM with Isotropic Radius 4 1024”3, SPECFEM3D with Cartesian four material model
BerkeleyGW based on Chi Sum and uses 8xV100in DGX-1, vs BxA100in DGX A100

WWW.mcomputers.cz



Porovnani NVIDIA GPU akceleratoru

PARAMETRY

Architektura

# CUDA jader

# Tensor jader

GPU pamét

Pameti

Propustnost paméti

ECC paméti
Max. prikon
Provedeni

Pro datacentra

Oznameni

Listova cena

GEFORCE
RTX 2080TI

Turing
4 352
544
11 GB
GDDR6

616 GB /s

neni
250 W
PCle gen3
Ne
2018

1249 USD

TITAN RTX

Turing
4 608
576
24 GB
GDDR6

672GB /s

neni
280 W
PCle gen3
Ne
2018

2499 USD

QUADRO RTX

5000
Turing
3072
384
16 GB
GDDR6

448 GB /s

ECC
265 W
PCle gen3
Ano

2018

2 809 USD

QUADRO RTX
6000 / 8000

Turing
4 608
576
24 /48 GB
GDDR6

624 GB /s

ECC
295 W
PCle gen3
Ano
2018

5949/
8 269 USD

TESLA T4

Turing
2 560
320
16 GB
GDDR6

300GB /s

ECC

70 W
PCle gen3

Ano

2018

2 909 USD

TESLA V100 /
V100S PCIE

Volta
5120
640
32 GB
HBM2

900 GB/s /
1134 GB/s

ECC
250 W
PCle gen3

Ano

2017 / 2019

11 839 USD

TESLA V100

SXM2
Volta
5120
640
32 GB
HBM?2

900GB /s

ECC
300 W
SXM2

Ano

2017

11 839 USD

A100

Ampere
6912
432
40 GB
HBM?2

1,5TB/s

ECC
400 W
SXM4

Ano

2020

soucast systému

WWW.mcomputers.cz



Porovnani NVIDIA GPU akceleratoru

PARAMETRY

FP64 (TFlops)
FP64 tensor (Tflops)
FP32 (TFlops)

TF32 tensor (Tflops)

FP16 (Tflops)

FP16 tensor (TFlops)
BF16 tensor (Tflops)
INT8 tensor (TFlops)
INT4 tensor (TFlops)
INT Binary (Tflops)

Max. prikon

Listova cena

i eon | TmANRTx A o a0 TESIATS  Uihar  sxmz | Al00
@ 0,5 0,4 0,5 0,25 7/8,2 7,8 9,7
@ 16,3 11,2 16,3 8,1 14/ 16,4 15,7 19,5

- - - - = ~23x - 156 (312
31,4 78
@ 130 89,2 130 65 112 / 130 125 312 @
~Gx 125 312 / 624*
130 62 624 / 1 248*
260 i 1248 / 2 496*
i 4992
250 W 280 W 265 W 295 W 70 W 250 W 300 W 400 W
1249 USD 2 499 USD 2 809 USD DI LIy 2 909 USD 11839USD 11839 USD soucast
8 269 USD systemu

* Sparcity — vypocty s ridkymi maticemi

Www.mcomputers.cz
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DL STRONG SCALING

Weak scaling Strong scaling

DL networks:
Long chains of sequentially-
dependent compute-intensive layers

Each layer is

parallelized I
across GPU - Output
: . Tile: work g5 EEE Fixed
ii::::‘_-i "‘ fOl' 1 SM mah taaas taaas tanas iman network
ocis runs ~2.5x
e i i o faster

~2.5x larger network
runs in same time

19 S IMVIDIA

WWW.mcomputers.cz



HOW TO KEEP TENSOR CORES FED?

Required
Math bandwidth ‘ data bandwidth
(MACs/clock/SM) (A+B operands B/clock/SM)

1:::: o KE 1 | % 3x vs.
200c > KB V100
2048 e ' 2X Vs.
1024 3 KB V100

512 I I 2 KB
256
128 I 1 KB
64 0 KB
TF32 FP16 BF16 INT8 INT4 BIN TF32 FP16 BF16 INT8 INT4 BIN
m A100 dense m V100 m A100 dense m A100 sparse

WWW.mcomputers.cz
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A100 STRONG SCALING INNOVATIONS

| Math Improve speeds & feeds
and efficiency across all

SM levels of compute and
- memory hierarchy

GPU memory system
_ DRAM

+ Multi-GPU systems

21 I MVIDIA

Www.mcomputers.cz
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A100 TENSOR CORE
2x throughput vs. V100, >2x efficiency

A100 TC Instruction
(2048 MACs, 8 cycles)

V100 TC Instruction 39-Thread

| Math (1024 MACs, 8 cycles)
Operand
FFMA 8-Thread 8-Thread 8-Thread 8-Thread Shaﬁng
(32 MAGs, 2 cycles) 8x

gisters

Re

32 Threads (Warp)

22 - I MVIDIA

WWW.mcomputers.cz
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A100 TENSOR CORE
2x throughput vs. V100, >2x efficiency

A100 TC Instruction

. (2048 MACs, 8 cycles)
V100 TC Instruction 39-Thread

m (1024 MACs, 8 cycles) S

FFMA 8-Thread 8-Thread 8-Thread 8-Thread Shar‘ing

(32 MACs, 2 cycles) x4 HHE
A100 vs. | A100 vs.
16x16x16 matrix multiply FFMA | VIOOTC | A100TC (im;}:c;lvgn?ent) (impl:-rfumnt;
1 8 32 4x 32X

Thread sharing

RF

IO T T W —

=
1":'
’ir.
'La
Iﬁ-i‘
'I--
I‘.l
5

gisters

I T T T I

Re

32 Threads (Warp)

Hardware instructions 128 16 2 8x 64x
Register reads+writes (warp) 512 80 28 2.9x 18x
Cycles 256 32 16 2X 16x
Tensor Cores assume FP16 inputs with FP32 accumulator, V100 Tensor Core instruction uses 4 hardware instructions 22—

WWW.mcomputers.cz
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A100 SM DATA MOVEMENT EFFICIENCY
3x SMEM/L1 bandwidth, 2x in-flight capacity

5 reads
1 write

Reserved for
in-flight data ™

Tensor Cores

:ﬁ;d-Shared 2 reads '“ """""""

Store-Shared Reserﬁ;ed for
in-flight data
Load-Global

L2

o] ¢

Tensor Cores

Load-Shared
(2x)

Load-Global-
Store-Shared

l (Async-Copy)

IMWIDlA

WWW.mcomputers.cz



Parallelize
across GPU

I
I
I

Tile: work'
for 1 SM !
]

128

256

128

i
128ﬁ

[l computers”

A100 L2 BANDWIDTH

80 SMs
V100 TC
64 L2 slices
32 B/clk/slice

12 B/clk/SM
47%

16 B/clk/SM
63%

24 B/clk/SM
94%

V100++
(hypothetical)

108 SMs
A100 TC
64 L2 slices
32 B/clk/slice

24 B/clk/SM
127%

32 B/clk/SM
169%

48 B/clk/SM
253%

A100

108 SMs
A100 TC
80 L2 slices
64 B/clk/slice

24 B/clk/SM
51%

32 B/clk/SM
68%

48 B/clk/SM
101%

Split L2 with
hierarchical crossbar -
2.3X increase in
bandwidth over V100,

lower latency

WWW.mcomputers.cz
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A100 DRAM BANDWIDTH

Faster HBM2 Larger and smarter L2
25% more pins, 38% faster clocks 40MB L2, 6.7x vs. V100
> 1.6 TB/s, 1.7x vs. V100 L2-Residency controls

kernel kernel kernel kernel kernel
buffer A buffer B Jl buffer A buffer B buffer C
kernel l kernel I kernel

buffer D buffer E

Keep data resident in L2 to
_DRAM_ reduce DRAM bandwidth

25 S AMVIDIA

- $21819: Optimizing Applications for NVIDIA Ampere GPU Architecture, 5/21 10:15am PDT

WWW.mcomputers.cz



A100 NVLINK BANDWIDTH

Third Generation NVLink

50 Gbit/sec per signal pair
Math 12 links, 25 GB/s in/out, 600 GB/s total

2x vs. V100

e
4 -

: i | ' 3 | | 4 1 L

ez oy ptdaliats > = e i ze 'y
— ! | ana .- -

! g ; -
| —

—>S521884: Under the Hood of the new DGX A100 System Architecture (recording available soon) 7. -—

WWW.mcomputers.cz



A100 ACCELERATES CUDA GRAPHS

CPU-to-GPU Launch GPU Grid-to-Grid
20x 4x
£ £
& — e &
G £ 15 i G 5 ¥
- ¢ = O
23 -
o S 10x 23
- . 2 é 3 Eg 1.5x%
Grid launches: 2% 7.2x s, B
- CPU-to-GPU Ez i =
. . = 3
* GPU grid-to-grid “ o ” o
V100 A100 V100 A100
. . . W Straight-line = Fork-Join W Straight-line ™ Fork-Join
WIth Strong Scahng CPU and gnd 32-node graphs of empty grids, DGX1-V, DGX-A100
launch overheads become
increasingly important One-shot CPU-to-GPU Microarchitecture
(Amdahl’s law) graph submission and improvements for
graph reuse grid-to-grid latencies

28 - I MVIDIA

—S21760: CUDA New Features And Bevond, 5/19 10:15am PDT

WWW.mcomputers.cz
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A100 STRONG SCALING INNOVATIONS

Delivering unprecedented levels of performance

A100 improvements over V100

m 2.’ Tensor Core math BW (FP16) 5» Sparse Tensor Core (FP16)
2.9x - Effective RF BW with A100 Tensor Core
2.’ Effective RF capacity with Async-Copy bypassing RF
3.0x - Effective SMEM BW with A100 Tensor Core and Async-Copy
2.’ SMEM capacity
2.3x L2BW 9.2x
6.' L2 capacity, +Residency Control 13’ Compute Data Compression (max)
1.7x ~ DRAM BW 6.8x
m 1.' DRAM capacity
2.0x ~ NVLINK BW

CIMViDIA

WWW.mcomputers.cz



CLOUD SMALL INSTANCE USAGE

> Small workloads can under-utilize GPU cloud instances, provisioned at whole GPU level

> CSPs can’t use MPS for GPU space-sharing, because it doesn’t provide enough isolation

Volta security boundary.

Switch security
& containment

WWW.mcomputers.cz
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NEW: MULTI-INSTANCE GPU (MIG)

> Up to 7 instances total, dynamically reconfigurable

» Compute instances: compute/fault isolation, but share/compete for memory

> GPU instances: separate and isolated paths through the entire memory system

MIG security &
containment

WWW.mcomputers.cz
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ELASTIC GPU COMPUTING

. Each A100 is 1 to 7 GPUS UNIFIED Al ACCELERATION

BERT-LARGE TRAINING BERT-LARGE INFERENCE
s (FP32) (FP16)
~ Each DGX A100 is 1 to 56 GPUs -~
foe
» Each GPU can serve a different  §~ }
user, with full memory isolation B i
and QoS “ ﬂ A100 V100 A100 V100 uEm At00

WWW.mcomputers.cz



2,400

2,100

1,800

o
iy
=
=

1,200

Sequences/s

All results are measured

UNIFIED Al ACCELERATION

BERT-LARGE TRAINING

(FP32) (FP16) 000
3X
6,000
5,000
§ 4,000
6X E
ug,' 3,000
¥y
™ 2 000
1,000
V100 A100 V100 A100

BERT-LARGE INFERENCE

T4 V100  1/7t" A100 A100
(7 MIG)

BERT Large Training (FP32 & FP16) measures Pre-Training phase, uses PyTorch including (2/3) Phase1 with Seq Len 128 and (1/3) Phase 2 with 5eq Len 512,
V100 is DGX1 Server with 8xV100, A100 is DGX A100 Server with 8xA100, A100 uses TF32 Tensor Core for FP32 training 3 Tnvioia
BERT Large Inference uses TRT 7.1 for T4/V100, with INT8/FP16 at batch size 256. Pre-production TRT for A100, uses batch size 94 and INT8 with sparsity

WWW.mcomputers.cz
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MOST FLEXIBLE Al PLATFORM WITH MULTI-INSTANCE GPU (MIG)

Optimize GPU Utilization, Expand Access to More Users with Guaranteed Quality of Service

)
).
)

L) o . . .
Lfi; = ? f Jupyter Jupyter Jupyter
ER. o R R @

(
(
(

—e Up To 7 GPU Instances In a Single A100

Simultaneous Workload Execution With
4 - | - Guaranteed Quality Of Service

GPU GPU GPU GPU —® All MIG instances run in parallel with predictable
throughput & latency

GPU Mem GPU Mem GPU Mem GPU Mem GPU Mem GPU Mem

® Flexibility to run any type of workload on a MIG
instance

Right Sized GPU Allocation
@ Different sized MIG instances based on target
workloads

WWW.mcomputers.cz
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CUDA 11

CUDA TOOLKIT 11 - The most powerful SW development platform for building GPU-accelerated apps

e Develop for the NVIDIA Ampere GPU architecture including: o The new NVIDIA A100 GPU for accelerated scale-up and scale-out
Al and HPC data centers

o Multi-GPU systems based on A100 such as DGX A100 and HGX A100

e New third generation Tensor Cores to accelerate mixed-precision matrix operations on different data types, including TF32 and
Bfloatl6

e Multi-Instance GPU virtualization and GPU partitioning capabilities for improved GPU utilization

e Library performance optimizations for linear algebra, FFTs, matrix multiplication, JPEG decoding, and more

e Programming and API improvements for task graphs, asynchronous data movement, fine grained synchronization, L2 cache
residency control

e Enhancements to the Nsight developer tools family for tracing, profiling, debugging, and roofline analysis

e Support heterogeneous architectures with GPUs including X86 64, Arm64 server, and POWER architectures

e CUDA® C++ enhancements: o Compiler performance and usability improvements

o New link time optimization capabilities

o0 Support for new host compilers and language standards including C++17

o Introducing Parallel C++ STL support using libcu++ and integration of CUB as a CUDA C++ core library in the Toolkit

e Operating System support updates

Pricing: Licenses free of charge
Availability: GA available ~May 28, 2020

Www.mcomputers.cz



A NEW GENERATION OF MACHINES

NVIDIA DGX A100

GPUs 8x NVIDIA A100
GPU Memory 320 GB total
OPS Al
Peak performance 150 lfetg%ps ISN%
NVSwitches 6
System Power Usage 6.5kW max
U Dual AMD Rome 7742
128 cores total, 2.25 GHz(base), 3.4GHz (max boost)
System Memory 1TB
8x Single-Port Mellanox ConnectX-6 200Gb/s HDR
i Infiniband (Compute Network
hetwdrkits 1x (or 2x*) Dual-Port (MelIaF:\ox ConnectX)-6 200GB/s
HDR Infiniband (Storage Network also used for Eth*)
Storage 0S: 2x 1.92TB M.2 NVME drives .
Internal Storage: 15TB (4x 3.86TB) U.2 NVME drives
Software Ubuntu Linux OS (5.3+ kernel)
System Weight 271 Ibs (123 kgs)
Packaged System Weight 315 Ibs (143 kgs)
Height 6U
Operating temperature range 5C to 30C (41F to 86F)

* Optional upgrades

Iffﬁp

I 7

- ‘ g ﬁ(

9x Mellanox ConnectX-& VP
200 Gb/s Network Interface

Dual 64-core AMD Rome CPU
178 RAM

RO AT GV

\ SO

20 A NVIDIA

WWW.mcomputers.cz
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DGX A100

High-level Topology Overview (with options)

ol CPUO CPU1
— NVLink
HiI an
mlx5 0 mixs 2 milx5 6
NICD EI- NIC 2 NIC4
¥ ¥ %
mi' — mlx5_4 o '#m m‘*' .
PCle Switch 3 PCle Switch
e A
NIC1 NIC 3 NICS
mlx5 1 mix5 3 mix5s 7

23 A NVIDIA

WWW.mcomputers.cz
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DGX A100

AMD Rome and NUMA

NPS = NUMA nodes per socket
o On DGX A100, NPS =4 (& total NUMA nodes across

two sockets). CPUO
o  Each NUMA node has 16 physical cores and 2 memory
channels providing total 50 GB/s DRAM BW (S0L). ' E E
% lscpu Y L
n D PCle Switch
NUMA noded CPU(s): ©-15,128-143 :
NUMA nodel CPU{s):  15-31,144-159 ik d b

NUMA node2 CPU(s): 32-47,168-175
NUMA node3 CPU(s): 45-63,176-191
NUMA noded CPU(s): b4-79,192-207
NUMA node5 CPU(s): 86-95,205-223
NUMA node& CPU(s): 96-111,224-239
NUMA node?7 CPU(s): 112-127,248-255

WWW.mcomputers.cz




DGX A100 SuperPOD

Fast deployment ready
Cold aisle containment design

7 A NVIDIA

Www.mcomputers.cz
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DGX A100 SuperPOD

A modular model

1K GPU SuperPOD Cluster
140 DGX A100 nodes (1120 GPUs) in a GPU POD
o 1st tier fast storage - DDN AlI400x with Lustre
» Mellanox HDR 200Gb/s InfiniBand - Full Fat-tree
» Network optimized for Al and HPC

GPU
POD

DGX A1 UU Nﬂdes Distributed Core Switches Distributed Core Switches
o 2x AMD 7742 EPYC CPUs + 8x A100 GPUs |
« NVLINK 3.0 FLI"}" Connected Switch Spine Switches Storage Spine Switches

« 8 Compute + 2 Storage HDR IB Ports

Leaf Switches Storage Leaf Switches
[ X N

WWW.mcomputers.cz
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A fast interconnect

» Modular IB Fat-tree
DGX A100 s DGX A100
» Separate network for Compute vs Storage

» Adaptive routing and SharpV2 support for offload
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Compute: Scalable Unit (SU) Compute fabric Storage
and Mgmt

Compute Rack ) Compute Rack 2 Leal Notwork Rack Compute Rack 3 Compute Rack &4 Compute Rack 5 48 48

www.mcomputers.cz



DESIGNING FOR PERFORMANCE

In the datacenter

Scalable Unit (SU)

In-band

management

Storage

""""

| illi |
————— - - - — S ——

Compute Out-of-band Compute
management

WWW.mcomputers.cz




A POD at any scale

Growing with Scalable Units (SU)

Full fat tree compute fabric

100 node example

[l computers”

Leaf 33

Leaf 1

NOde 1 - h

) i
Node 81 sl Node 100
. i ¢

SU1

WWW.mcomputers.cz

QM8790 Switches Cables
Nodes SUs
Leaf Spine Core Leaf Spine | Core
10 % 8 2 80 80
20 (Single SU) 1 8 4 160 160
40 2 16 10 320 320
80 4 32 20 640 640
100 5 40 20 800 800
140 (DGX A100
SuperPOD) 7 56 80 28 1120 1120 560
Spine 20
Leaf 40
SUS “AnVIDIA
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QM8790 Switches Cables
Nodes SUs S‘ggrr?sge Sub;g{ggtlon
Leaf Spine Leaf Spine | Storage
A POD at any scale 2 O T [ [
' . ) 20 1 8 2 1 40 32 8 3:2
Growing with Scalable Units (SU) ] [ e . s e ] e =
80 - 32 8 2 160 128 32 3:2
100 5 40 10 - 200 160 40 3:2
140 7 56 14 8 280 224 56 5:4

Storage fabric with different ratios

100 node example
Spine 1 Spine 4

S/

Storage
. N N . .

Node 1 Node 20 Node 81 Node 100
{ ¢ 5 ! ’

SU1 SU>5

WWW.mcomputers.cz
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Distributed Core Switches

Multi node IB compute POD 1 POD 2
The details

Ica ||c3 ||cs | === [C.13 [C15] «se [c.27 2139 [C.2_[[c4 2.140

Designed with Mellanox 200Gb HDR 1B network / / e 7
Separate compute and storage fabric . | : # i

& Links for compute A ' ’

2 Links for storage (Lustre) )

Both networks share a similar fat-tree design S
Modular POD design \/ SN T s

140 DGX A100 nodes are fully connected in a s > L~

POD NS

POD contains compute nodes and storage / #

All nodes and storage are usable between | iy

PODs / e
Sharp optimized design y y 4 N

Leaf and Spines organized in HCA planes Ei:l e ST E:l g S0 SHI | PR fog SXTH

Fora POD, all HCA1 from 140 DGX-2 connect s e =

to a HCA1 Plane fat-tree network g [ [ e M | e P e [
Traffic from HCA1 to HCA1 between any two HCA HCAZ L. \
nodes in a POD stay either at the Leaf or Spine
level
Only use core switches when
1. Moving data between HCA planes
(e.g. mix5_0to mixS_1 in another
system)
2. Moving any data between PODs

WWW.mcomputers.cz




DL TRAINING

Single-GPU

parameters

B
~_

Database : GBs
of input data :
batch Images, sound, ...

(e.9. 256 N 4

Images)

gradients

Forward/

Update Backward




(L)

MIG,
TensorCores,
NVLink

LB

BirectXis

wi

GPUDirect
Storage

New Platform
Capabilities

Ampere Features
CUDA on Arm Platforms

CUDA PLATFORM

Major Feature Areas for CUDA 11.0

Nsight Comput

A -

Kernel Profiling with
Rooflining

hilos L s om -
1" " F 4 = 1
.‘"\‘:ngl 't Systems

\“' ‘ New Reduce
ol Op
L.
‘ reduce( tile, value, OP );
Fork-Join
Graphs Asynchronous
Copy System trace
=X - - wr- e for Ampere
e oo N0 = =TT

GPUs

Programming
Model Updates

Ampere Programming Model
New APIs for CUDA Graphs
Flexible Thread Programming
Memory Management APls

o Support for Ampere

=

¢ =m

Developer Tools

Roofline plots with Nsight
Next geeneration correctness tools

. :w'_ libcu++

otomicAdd(an, (hel€)1.15¢);

nalf2 mvec(0.94¢, -2.13¢);
atomicAdd(dn2, twec);

MLL-TS4.2008 FPre Specification

830000200300 080 5 EERee

T enplrent TATTNa
= P 1o zmy

- E
\ I oam

.o -y L)

D=AB+C

G 17 Link Time
Optimization

CUDA C++

(++ Modernization

Parallel standard C++ library
Low precision datatypes and
WMMA

WWW.mcomputers.cz



NCCL

DL stack

Frameworks (Tensorflow/Horovod, PyTorch, MXNet, ...)

|

l

CUDNN CUBLAS
4 4 4
CUDA
|
NVIDIA GPUs

WWW.mcomputers.cz
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NVIDIA DEEP LEARNING SOFTWARE STACK

TRAINING INFERENCE
= 6
H - A s
“—' DataE ' TensorR
_____ Management o Data center T
|_—"'- 43?'. o e
e 10D
\ m 5 “_":rr_’ g"-::fa N\
Training : Training Trained Meural — %

Data T Metork

Model
Assessment
. b o=
ﬂ““’ B Ooct PYTHORCH T
CaffeE C h ainer Toalkit ﬂhm Tensor :' “  theano Automotive DriveWorks SDK
NVIDIA DEEP LEARNING SDK and CUDA
cuDNN NCCL cuBLAS TensorRT t:uSPAHSE DeepStream SDK
Q. . =

QR0 WBRUO: [P :
CHORO | _ * r-_| s

oz CO T2 = S

developer.midia.com/ deep-learming-sofbware

WWW.mcomputers.cz



NGC CONTAINERS

We built Uibnvidia-container to make it easy to run
CUDA applications inside containers.

We release optimized container images for each of
the major DL frameworks every month, and
provide them for anyone to use.

We use containers for everything on our HPC
clusters - R&D, official benchmarks, etc.

Containers give us portable software stacks
without sacrificing performance.

¥ .
NAMD < ) GROMACS &

CONTAINER 1

CUDA ToolKit +esvssevsssnsnnanan.

Container 0S5 User Space resveeevnaees

E::-:.:I.:.r-'.l I:”".“I'IE' .................................

CLI :IJ:"' Ur |I~||.::|| .....................................
Host 0S5

CONTAINER N

WWW.mcomputers.cz



NVIDIA GPU Cloud (NGC)

+ PRE-TRAINED MODELS

HPC APPLICATION CONTAINERS

+ CONTAINER RUNTIME

- NVIDIA DRIVER
+ HOSTOS

NGC SOFTWARE STACK

https://ngc.nvidia.com/

- DEEP LEARNING, MACHINE LEARNING,

* Al a HPC kontejnery

* Predtrénovane modely

 Skripty pro trénovani modelu

* Worflow

volné dostupné, optimalizované pro NVIDIA GPU

LEARNI
RAPIDS | H20 | more TensorRT | DeepStream | more

NAMD | GROMACS | more Parabricks ParaView | IndeX | more

WWW.mcomputers.cz



NVIDIA GPU Cloud (NGC)

NVIDIA NGC

.CELERATED SOFTWARE

https://ngc.nvidia.com/

ALL LOMITEN E ) LO U MERS ODELS WOLEL SLRIFTS HEL HART
X Sort: Last Modified v =
~
@Z RAP)DS NAMD
LAMMPS CUDA RAPIDS NAMD Triton Inference Server
Large-scale Atomic/Melecular Massively CUDA is a parallel computing platform and The RAPIDS suite of software libraries gives NAMD is a parallel maolecular dynamics Triton Inference Server provides a data
Parallel Simulator (LAMMPS) is a software programming model that enables dramatic you the freedom to execute end-to-end code designed for high-performance center inference solution optimized for
application designed for molecular increases in computing performance by data science and analytics pipelines simulation of large biomelecular systems. NVIDIA GPUs. It maximizes inference
dynamics simulations. harnessing the power of the NVIDIA GPUs. entirely on GPUs, NAMD uses the popular molecular graphi... utilization and performance on GPUs via ...
-
== g Syt # nvidiafrapidsai
rapidsal
TensorRT TensorFlow DIGITS PyTorch
MNVIDIA TensorRT is a C+ library that TensorFlow is an open-source software The NVIDIA Deep Learning GPU Training PyTorch is a GPU accelerated tensor MXNet is a deep learning framework that
facilitates high-performance inference on library for high-performance numerical System (DIGITS) puts the power of deep computational framework with a Python allows you to mix the flavors of symbaolic
MNVIDIA graphics processing units (GPUs). computation. Its flexible architecture learning into the hands of engineers and front end. Functionality can be easily programming and imperative
TensorRT takes a trained network, which ... allows easy deployment of computation a... data scientists. extended with common Python libraries s... programming to maximize efficiency and ...
) v

Www.mcomputers.cz




NVIDIA GPU Cloud (NGC)
* Test provedeny na DGX Station 3.6.2020:

TensorFlow:19.01-py3 TensorFlow:20.02-tf1-py3

Step Epoch Img/sec 0SS Step Epoch Img/sec Loss
| 1.9 | P | . /08 .679 2.00000 10 10.¢ 644.5 5.836
10 10.0 1088. 5>.749 6.72 .62000 20 20. 5580.4 .179
20 20.0 2977.2 2.247 3.222 1.24469 30 30. 5598.2 .011
30 30. 3303.3 0.02° .00, 91877 40 40.0 5621.2 . 001
40 40.0 3311.5 006 0.983 0.64222 50 50.09 558/7.6 0.000
50 50.0 3298. %) .988 0.41506 60 60. 5608.3 . 000
00 60. 3295. .03 0.9 .23728 /0 70.0 5655.9 0.000
70 70. 3305.3 - ).965 0.10889 30 80. 5663.1 0©0.000
30 80.€ 331&. '.' 1.963 0.02988 J 90. 4213.7 . 000
00 90. 2 .0 1.963 0.00025

Vysledek dosazeny v kontejneru o 13 meésicu nov

A\ & 4

je vyssi o0 vice nez 50%.

WWW.mcomputers.cz

.62000
. 24469
.91877
).64222
9.41506
).23728
.10889
.02988
.00025

VW ewvyrs

ejsSim



[l computers”

INTER-GPU COMMUNICATION

Intra-node and Inter-node

o T Tl AR R AR R e e R e e e e e e e R e T e e e e e e e e e ERe e R e e R e R R

I Intra-node Inter-node
; | PCLNVLink | . Sockets, RDMA
PCI Gen 3 N 12 100GbE, TCP/IP Sockets J| 10
PCI Gen 4 B 24 100Gb RDMA (1B/RoCE) ] 12
P100, NVLink1 (DGX-1) | 62 4x 100Gb RDMA (DGX-1) [l 28
V100, NVLink2 (DGX-2) | 122 8x 100Gb RDMA (DGX-2) I 32
A100, NVLink3 (DGX-A100) [ 232  8x 200Gb RDMA (DGX-A100) NG 192

Effective bandwidth in GB/s 46 CANVIDIA

WWW.mcomputers.cz
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NCCL Communication Patterns
Map to Rings and Trees

0] 31
Tig 18]
B 24) 7 23
4 12| 20| 28| 3 11| 19| |27
[2] [6] [10] [14] [18] [22] [26] [30] [1] [5] [9] [3] [17] [21] [25] [29]
.l' | _-' L .'I I'-\. .l' I'.l .'I I'. .'I \ .'I I'. .l' '.I [ ! 4 F - & Hy Py - & [ -
'1|3|5]|7|9[11|13[15[17[19[21|23|25[27|29(31] [o0]|2]|4]6 |8 [10[12[14[16]18]20][22[24|26|28[30]

....... 15 2 s [

12— t——13 5]

Adapt to most topologies Use double binary tree for inter-node

Full bandwidth

Linear latency ©  @nviom

WWW.mcomputers.cz



DOUBLE BW + LOWER LATENCY

Switch-based Reductions with SHARP

16

4 12 20 28 3

21 81 [0l (4 [8 [23] [26] [30 11 81 @

15

23

31

Traditional Tree Reduction

13— |
reduce_scatter 14| 12
15 13
12 113

broadcast 14
13 15

o[« I5[6 [ 7]6 [s [wo[ i [iz[ra[ 110 [7] [ o 20fe1]22] FA A 25fzo [eres [2ofo )
SHARP Reduction

allreduce

14 — switch

Sends data once, receives final result
- No intermediate results: effectively doubles bandwidth

- Fewer hops (1 per switch level): lower latency

- Offload GPU computation

- Less interference with other tenants

&0

2 VDA

WWW.mcomputers.cz



PERFORMANCE

Getting peak BW, at scale

s MCCL-2.6 (+SHARP) NCCL-2.3 e MNCCL-2.4 ww=——=NCCL-2.5
80

Constantly improving performance N :
Trees (2.4) 60 SHARPv2
Split trees (2.9) -

Add support for adaptive routing (2.6)
In-network all-reduce operations (2.6)

40

30

Allow for large scale training, minimize
communication time.

20

10

0

CHP O S qa“'ﬁ.ﬁ N o @*&*rﬁﬁ““ﬁ{?‘ L

l'b
32xDGXTV + 4xMellanox CX-6, NCCL AllReduce BusBW in GB/s 7

WWW.mcomputers.cz
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SCALE TO MULTIPLE NODES

Software stack - System

Slurm: User job scheduling & management

cnroot: NVIDIA open-source tool to convert traditional container/0S images into
unprivileged sandboxes

“yxis: NVIDIA open-source plugin integrating Enroot with Slurm

DeepOps: NVIDIA open-source toolbox for GPU cluster management w/Ansible playbooks

WWW.mcomputers.cz
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Distributed Core Switches

Multi node IB compute POD 1 POD 2
The details

ca Jfc3 Jlcs | == [ca3] [C5 ] ese [c27 [c2139] [c2 ][4 2.140

Designed with Mellanox 200Gb HDR 1B network

Separate compute and storage fabric

8 Links for compute A
2 Links for storage (Lustre)
Both networks share a similar fat-tree design /
Modular POD design p,
140 DGX A100 nodes are fully connected in a /
POD N/
POD contains compute nodes and storage VA
All nodes and storage are usable between / S H'j':-.___- s
PODs / L7 X
Sharp optimized design y.— &
Leaf and Spines organized in HCA planes EL”?‘?] *~{51.10) % 1. £1_Jls2_[--5.10 |
For a POD, all HCA1 from 140 DGX-2 connect ST P S
to a HCA1 Plane fat-tree network [ PN GEz] -]
Traffic from HCA1 to HCA1 between any two HCAT HCAZ o L. )
nodes in a POD stay either at the Leaf or Spine
level

Only use core switches when
1. Moving data between HCA planes
(e.g. mixd> 0 to mix> 1 in another
system)
2. Moving any data between PODs

15 ] VIDIA

WWW.mcomputers.cz



NVIDIA DGX systémy

Parametr

DGX A100

DGX-2

DGX-1

DGX Station

GPUs

8x NVIDIA A100 40GB

16x NVIDIA Tesla V100 32GB

8x NVIDIA Tesla V100 32GB

4x NVIDIA Tesla V100 32GB

Vykon (tensor operace)

5 PetaFLOPS

2 PetaFLOPS

1 PetaFLOPS

0,5 PetaFLOPS

GPU pamét 320 GB celkem 512 GB celkem 256 GB celkem 128 GB celkem
CPU 2x AMD 7742, 2.7 GHz 64c 2x Intel 8168, 2.7 GHz 24c 2% Intel E5-2698 v4 2.2GHz 20c | Intel E5-2698 v4 2.2GHz 20c
NVIDIA CUDA cores 81920 40 960 20480
NVIDIA Tensor cores 10 240 5120 2 560
Propojeni GPU karet NVSwitch, non-blocking 2,4TB/s | NVSwitch, non-blocking, 2,4TB/s | NVLink, hypercube topologie NVLink
RAM 1TB 1,5TB 512 GB 256 GB
2x 960GB NVME SSD 2x 960GB NVME SSD, 8x 3.84TB
HDD 8x 3.84TB NVME SSD NVME SSD 4x 1,92TB SSD 4x 1,92TB SSD
Network 1x 200GbE dual-port Eth. 2x 10/25GbE, 8x 100Gb EDR 2x 10GbE, 4x 100Gb EDR % 10GbE
8x 200Gb HDR Infiniband Infiniband/Ethernet Infiniband/Ethernet
Maximalni prikon 6,6 kW 10 kW 3500 W 1500 W
Provedeni rack, 6U rack, 10U rack, 3U tower, vodni chlazeni CPU a

GPU

WWW.mcomputers.cz



https://www.mcomputers.cz/nvidia-dgx-systemy/

Predstaveni M Computers

’

Dodavky Al infrastruktury a superpocitacu

:I@ Technology

Provider

Platinum 2016

HPC Data Center Specialist

ELITE

NVIDIA PARTNER

Business
Partner

p
S-Nawll Conrner Program

Premium
Gold

| s—

Hewlett Packard
Enterprise

Solution Provider

EET
Business
Partner =72

-
-
-
—_

HEE IBM &

I'OP BUSINESS PARTNER 2012
n e YNt 2 !
FOP BUSINESS PARTNER 2013 KATEGORIF. HIGH PERFORMANCE COMPUTING

GORIE TUGH PERFORK NCECOM FING

M Computers s.r.o.

M Computers s.r.o.

GIGABYTE

‘SUPERMI(‘RO

vmware
PARTNER

PROFESSIONAL

WWW.mcomputers.cz




« = C @ O & nps youtube.com w ¥ » =

NVIDIA ELITE PARTNER ELITE o

NVIDIA PARTNER

Jsme jediny ELITE partner ve stredni a vychodni Evrope

Nabizive slevy pro vysoké Skoly, vyzkumné instituce a start-upy
Demo pool nejnovejsich NVIDIA technologii
NVIDIA DGX Station

NVIDIA Tesla akceleratory (V100, T4)

NVIDIA DGX-2 installation at IT4lnnovations

NVIDIA Jetson produkty I
Mame tym certifikovanych specialist( i~
==

| 19

J
| s | ey

I "

Ralph Hinsche, NUIDOIA

Marcin Gaczor, KINGSTON
a dalsi

REGISTRACE NA: & DAYS.CZ
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NVLINK: ONE BIG GPU

> InfiniBand/Ethernet: travels a long distance, consistency is the responsibility of software

- -

APl implements consistency to GPU (NvShmem)

I GEU ]‘
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NVLINK: ONE BIG GPU

> InfiniBand/Ethernet: travels a long distance, consistency is the responsibility of software
~ PCI Express: hardware consistency for |/0, not for programming language memory models

> NVLINK: hardware consistency for programming language memory models, like system bus

[
o e | : APl implements consistency to GPU (NvShmem)
|
Fenarranrassassannannannnnnnt : API strengthens consistency to GPU
Hardware consistency : (managed memory, host memory)
Hardware consistency o e

WWW.mcomputers.cz



- [Moomues
HGX A100: 3RP GEN NVLINK & SWITCH

» HGX A100 4-GPU: fully-connected system with 100GB/s all-to-all BW
> New NVSwitch: 6B transistors in TSMC 7FF, 36 ports, 25GB/s each, per direction

» HGX A100 8-GPU: 6x NVSwitch in a fat tree topology, 2.4TB/s full-duplex bandwidth

Hardware consistency 3 Ao

WWW.mcomputers.cz



DGX A100: PCIE4 CONTROL & 1/0

AMD Rome AMD Rome
64C 64C 200G NIC

200G NIC
PEX PEX PEX

Switch Switch i Switch

Hardware consistency 3B AnvIoA

WWW.mcomputers.cz
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GPU PROGRAMMING IN 2020 AND BEYOND
Math Libraries | Standard Languages | Directives | CUDA

void saxpy(int n, float a,
float *x, float *y) {
int i = +

if (i < n) y[i] += a*x[i];

std: :transform(par, x, x+n, y, y,
[=](float x, float y){ std::transform(par, x, x+n, y, y,
return y + a*x; [=](float x, float y){
})s; return y + a*x;

})s

int main(void) {

do concurrent (i = 1:n)

y(i) = y(i) + a*x(i)
enddo

GPU Accelerated Incremental Performance Maximize GPU Performance with
C++ and Fortran Optimization with Directives CUDA C++/Fortran
GPU Accelerated Math Libraries

$21766 Inside the NVIDIA HPC SDK: the Compilers, Libraries and Tools for Accelerated Computing, 5/19 1:30PM PST 41—

WWW.mcomputers.cz
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PROGRAMMING MODEL WANTED

Software pipelining to hide latency is hard.

__device exhibit B1()
__device exhibit A1() {
{ compute_head();
memcpy ( ) __syncthreads();

compute(); compute tail();

Compute

I MVIDIA
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PROGRAMMING MODEL WANTED

Software pipelining to hide latency is hard.

__device exhibit B2()
__device exhibit A2() {
{ compute_head();
memcpy ( ) __syncthreads();

compute(); compute tail();

Compute

I nvIDIA

Www.mcomputers.cz



Asynchronous algorithms

Concurrent algorithms

Managed memory

Bulk parallelism

S nwioia

Www.mcomputers.cz
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CO-DESIGNED: A100 & C++20 barrier

Key to asynchronous programming in compute_80

#include <cuda/barrier>
using barrier = cuda::barrier<cuda::thread scope block>;

barrier {

arrive_and wait();
arrival token arrive(
wait(arrival token

Www.mcomputers.cz



ASYNCHRONOUS COPY + BARRIER

Capability PTX ISA CUDA C++ API

Asynchronous barrier mbarrier. {<basis functions>} cuda: :barrier<..>

cp.async.ca +
Asynchronous copy p-asy cuda: :memcpy_async(...)

cp.async.mbarrier.arrive

+Cache-bypass cCp.async.cg

+Zero-fill ragged edge | cp.async.* .. wr-size, rd-size;

CUDA 11 preview library in

: : : _ experimental:: namespace
+User-level tracking cp.async.mbarrier.arrive.noinc

+Single-threaded mode | cp.async.{commit_group, wait_group}

46 S AMVIDIA

WWW.mcomputers.cz
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ASYNCHRONOUS PROGRAMMING MODEL

#include <cuda/barrier>
using barrier = cuda::barrier<cuda::thread scope block>;

__device exhibit B3()
__device exhibit A3() {
{ __shared  barrier bl, b2;

__shared  barrier bl, b2;
compute head();
cuda: :memcpy_async( tl = bl.arrive();

cuda: :memcpy_async( compute head();
bl.arrive_and wait(); t2 = b2.arrive();
compute(); bl.wait(tl);
b2.arrive_and wait(); compute tail();
compute(); b2.wait(t2);

compute 1

Data Compute

Www.mcomputers.cz



[¥]lcomputers’

MULTI-BUFFERING PIPELINES IN C++

#include <cuda/barrier>
using barrier = cuda::barrier<cuda::thread_scope_block>;

__global__ exhibit_C( ) {
__shared__ barrier b[2];

barrier::arrival_token t[2];
cuda: :memcpy_async( , b[e]);
t[@e] = b[@].arrive();
for( step = 9, next = 1; step < steps; ++step, ++next) {
if(next < steps) {
b[next & 1].wait(t[next & 1]);
cuda: :memcpy_async( , b[next & 1]);
t[next & 1] = b[next & 1].arrive();
}
b[step & 1].wait(t[step & 1]);
compute();
t[step & 1] = b[step & 1].arrive();

WWW.mcomputers.cz



OUR PRODUCTIVITY GAINS FROM A100

Thousands

Hundreds
Tens
Optlrmzed tensor kemels CUTLASS Relative Performance to cuBLAS (tensor fp16)
mV100 (launch) =V100 (6 months) = A100 (launch) mV100 =A100
—>521745: Developing CUDA kernels to push Tensor Cores to the Absolute Limit on NVIDIA A100, 5/21 11:30AM PST 50 G
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EVOLUTION OF HPC GPU PROGRAMMING

Libraries and Programming Models

A 150 C++
ISO FORTRAN

CUDA
Unified Memory

OpenACC

CUDA
FORTRAN
CUDA 1.0

GPU Programmability
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PROGRAMMING GPU-ACCELERATED HPC SYSTEMS

GPU | CPU | Interconnect
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ANNOUNCING: THE NVIDIA HPC SDK

Apply now at developer.nvidia.com/hpc-sdk

NVIDIA HPC SDK

DEVELOPMENT ANALYSIS
Standard C++ & Fortran BLAS cuTENSOR Open MP cuda-gdb
OpenACC & OpenMP vC+ Thrust CUSPARSE  cuSOLVER NVSHMEM DA e
CUDA mvfortran CUB CUFFT  CuRAND NCCL Sl b

Develop for the NVIDIA HPC Platform: GPU, CPU and Interconnect
HPC Libraries | GPU Accelerated C++ and Fortran | Directives | CUDA

Compatible with HPC Container Maker and 99% of Top500 Systems

-1 PWIDIA
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NVIDIA MATH LIBRARIES

Linear Algebra, FFT, RNG and Basic Math
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NVIDIA MATH LIBRARIES

Major Initiatives

SRR R peea s

2 R OO:' .
§: QC DL Auto ) :
i 4 : :
CUTENSOR ‘ B T
Performance Extended Features Multi-GPU Single GPU
Tuning New libraries Strong Scaling Tensor Cores
New algorithms New APIs

Weak scaling Device Functions

4 dErwioA
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NVIDIA A100

At a glance

SMs 80 108

Peak FP16 Tensor Core TFLOPS 125 312

Peak Bfloat16 Tensor Core TFLOPS NA 312

Peak TF32 Tensor TFLOPS NA 156

Peak FP64 Tensor TFLOPS NA 19.5
Peak FP16 TFLOPS 31.4 78

Peak Bfloat16 TFLOPS NA 39

Peak FP32 TFLOPS 15.7 19.5
Peak FP64 TFLOPS 7.8 9.7
Memory Size 32GB/ 16 GB 40 GB
Memory Bandwidth 900 GB/sec 1.6 TB/sec
L2 Cache Size 6144 KB 40960 KB

Shared Memory Size / SM

Configurable up to 96 KB

Configurable up to 164 KB

Www.mcomputers.cz



A100 FEATURES IN LIBRARIES

Automatic Acceleration of Critical Routines in HPC and Al

=)

BF16, TF32 and FP64 Tensor
Cores

g

BF16, TF32 and FP64 Tensor
Cores

&

Increased memory BW,
Shared Memory and L2

AVaY
Cam

Increased memory BW,
Shared Memory and L2

BF16, TF32 and FP64 Tensor
Cores

i

BF16 Support

computers®
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A100 TENSOR CORES IN LIBRARIES

CUBLAS

DGEMM Performance

i s

#» Automatic Tensor Core acceleration

16
#» Removed matrix size restrictions for Tensor
Core acceleration 4
DGEMM on A100 v
» Up to 19 TFLOPs, 2.4x V100
[ 4
4
2
0

www.mcomputers.cz
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A100 TENSOR CORES IN LIBRARIES
Application Speedup
» Up to 70% ZGEMM on V100 . 1.
#  Automatic DMMA acceleration with cuBLAS
» 2% End-to-End Speedup V100 to A100 ,
-

g

# Up to 50% ZGEMM an V100

#» Automatic DMMA acceleration vrith cuBLAS

» 1.5X End-to-End Speedup V100 to A100 V100 A100

www.mcomputers.cz
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INTRODUCING NVSHMEM

GPU Optimized OpenSHMEM

SRR EREES BEEEmEEES Data ? '
G852 sasms esensses > MP!_lIsend
» Initiate from CPU or GPU Sessenus mesmenas >
HELHE S W viat
» |Initiate from within CUDA kernel Z
< MPI_Isend
» |Issue onto a CUDA stream die
> Interoperable with MPl & OpenSHMEM
» Up to 5X bett llel effici
p o er para e e IClency SN EAEEN mMAOREEES nm\_wt
EREREREED mEEEAEEEN ’j.
Pre-release Impact b R p—
::!:;::::Z:::Z:: >
» LBANN, Kokkos/CGSolve, QUDA B nvstmem_put i
% nvshmem_put
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INTRODUCING NVSHMEM

Impact in HPC Applications

» Up to 1.7X Single Node Speedup » Up to 1.4X Multi Node Speedup

i7 - T IWIDIA
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HPC COMPILERS

Programming the HPC Platform
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HPC COMPILERS

NVC | NVC++ | NVFORTRAN

mE =% (i

00— P ; g
on, - 1 : T T

4 7 3 i

Accelerated Programmable Multicore Multi-Platform
A100 Standard Languages Directives x86_64
Automatic Directives Vectorization Arm
CUDA OpenPOWER
30 <1 IWIDIA
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HPC PROGRAMMING IN ISO C++

ISO 1is the place for portable concurrency and parallelism

Parallel Algorithms
#  In NVC++ 20.5
# Parallel and vector concurrency

Forward Progress Guarantees

# Extend the C++ execution model for accelerators.
Memory Model Clarifications
# Extend the C++ memory model for accelerators.

Scalable Synchronization Library

#  Express thread synchronization that is portable
and scalable across CPUs and accelerators.

# In libcu++ in CUDA 10.2:

¥ std::atomic<T>»
# In libcu++ in CUDA 11.0:

¥# std::barrier

¥ std::counting_semaphore

»  std::atomic<T>::wait/notify *
# In libcu++ in the future:

# std::atomic_ref<T>»

Executors

#  Simplify launching and managing parallel work
across CPUs and accelerators.

std: :mdspan/mdarray

#»  HPC-oriented multi-dimensional array
abstractions.

Linear Algebra
# Standard C++ APl to vendor BLAS libraries.
Extended Floating Point Types

»#  First-class support for formats new and old:
std: :floatle t/floated t

www.mcomputers.cz
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HPC PROGRAMMING IN ISO C++

C++ Parallel Algorithms

std::sort(std: :execution: :par, c.begin(), c.end());

std: :unique(std: :execution: :par, c.begin(), c.end());

= Introduced in C++17
=  Parallel and vector concurrency via execution policies
std: :execution: :par, std::execution::par_seq, std::execution::seq
»  Several new algorithms in C++17 including
» std::for_each n(POLICY, first, size, func)
» Insert std::execution: :par as first parameter when calling algorithms
= NVC++ 20.5: automatic GPU acceleration of C++17 parallel algorithms

»  Leverages CUDA Unified Memory

7 PWIDIA
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static inline
void CalcHydrofonstraintForElems (Domain &domain, Index_t length,

Index_t *regElemlist, Real t dvovmax, Real t& dthydro) P R L L E L C
{ A A
#if _OPENMP + +

const Index_t threads = omp_get_max_threads();
Index t hydro_elem_per thread[threads];
Real_t dthydro_per thread[threads];

fielse
Index t threads = 1; _
Index t hydro_elem_per thread[1]; ”~
Composable, compact and elegant
Real t dthydro _per_thread[1];
frendif
#pr‘:gma omp parallel firstprivate(length, dvowvmax) o EﬂS}f to read El.l"ld maintain
Real t dthydro_tmp = dthydro ;
Index_t hydro _elem = -1 ; -
#if _OPENMP ! = IS0 Standard
Index_t thread_num = omp_get_thread_num();
fielse
Index_t thread_num = 8; »  Portable - nvc++, g++, icpc, MSVC, ...
#rendif

fipragma omp for
for (Index t i =8 ; 1 ¢ length ; ++1i) {
Index_t indx = regElemlist[i] ;

if (domain.vdow(indx) != Real_t(@.)) {

Real t dtdvov = dwovmax J/ (FABS{domain.wdeow(indxz))+Real t{l.e-281) ;
static inline woid CalcHydroConstraimtForElems({Domain Bdomain, Index t length,
if [ dthydro_tmp » dtdvov ) { Index_t *regElemlist,
dthydro_tmp = dtdvov ; Real_t dvowvmax,
hydro_elem = indx ; Real_t Edthydro) {
} dthydro = std::transform_reduce
} std:rexecution: ipar, counting_iterator(8), cowunting_iterator(length},
} dthydro, []J{Real_t a, Real_ t b)Y { return a <« b # a : b; },
dthydro_per_thread[thread _num] = dthydro_tmp ; [=, &domain](Index t i} {
hydro_elem_per_thread[thread_num] = hydro_elem ; - Index_t indx = regElemlist[i];
} if {domain.vdov{indx)} == Real t{8.8)) {
for (Index_t i = 1; i ¢« threads; ++i) { return std: :numeric_limits<Real_t>::max();
if(dthydro_per_thread[i] < dthydro_per_thread[&]) { } else {
dthydro_per_thread[@] = dthydro_per_thread[i]; return dvovmax § (std::abs({domain.vdow{indx)} + Real_t(i.e-28));
hydro_glem_per_thread[8] = hydro_elem_per_thread[i]; }
1 1
} }
if {hydro_elem_per thread[@8] 1= -1} {
dthydro = dthydro_per_thread[8] ;
}
return ;

}
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LULESH PERFORMANCE

Speedup - Higher is Better

.

C++o0n 2s 20c Xeon Gold 6148 C++o0n A100 OpenACC on A100

| Same 1SO C++ Cocg‘;

36 - IWIDIA
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