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Nvidia Tesla Roadmap

Kepler: K10, K20(X), K40, K80

Maxwell: M4, M6, M10, M40, M60

Pascal: P4, P6, P40, P100

Volta: V100

Turing: T4 ‘IH‘ i
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Nvidia Tesla P100 (Pascal)

(Image: Nvidia)

Peak 4.7 TFLOPS (double precision), 9.3 TFLOPS (single precision), 18.7 (half precision)
12/16 GB HBM2 (CoWoS)

Peak memory bandwidth: 549 GB/s (12 GB), 732 GB/s (16 GB)

3584 CUDA cores

NVLink v1 (SXM2) or PCle x16 Gen3

250 Watts (PCle), 300 (SXM2) Watts VS TeCICAL | Tramoserrons
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Excursion: Floating Point Types

Format of Floating points
Range: ~1e% to ~3e* I E E E 754

fp32: Single-precision IEEE Floating Point Format
64bit = double, double precision

Mantssa (Sgnfcand): 23 s

A Brief Guide to Floating Point Formats

Exponent 8ts

Bl e cocoeococoeoe WM m W W
1 11bit 52bit

fp16: Half-precision |IEEE Floating Point Format Range: ~5.96e"® to 65504
32bit = float, single precision

il

Sxrent 5bts [ —
Bleccccvmmmumvmummumnm 1 sbit 23bit

bfloat16: Brain Floating Point Format Range: ~1e”% to ~3e** 16bit = half, half precision Significand
Exponent 81 Mantssa (Sgcand) 7ts I
Blccccccec el 41018 Tsbit 10mi

(Image: Google) (Image: Nvidia)

» FP32, FP16 and BFloat16! are of interest for Deep Learning (DL)
» FP64 is not common for DL but other Machine Learning algorithms

> Also integer types can be used (e.g. INT4, INT8)
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INote that we use the term "half precision” for FP16, which does not include BFloat16



Nvidia Tesla V100 (Volta)

(Image: Nvidia)

> Peak (SXM2) 7.8 TFLOPS (double precision), 15.7 TFLOPS (single precision), 125 (half
precision)

Up to 125 “TensorTFLOPS" for Deep Learning

16/32 GB HBM2 (CoWoS)

Peak 900 GB/s memory bandwidth

5120 CUDA cores + 620 Tensor Cores

NVLink v2 (SXM2) or PCle x16 Gen3

250 (PCle), 300 (SXM2) Watts | sty | oo, Srescoeuro
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Nvidia Tesla V100 Tensor Cores

THEW TRL[ IGHEST DEEP

PASCAL VOLTA TENSOR CORES

P16 P32
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Nvidia Tesla V100 Tensor Cores ARSI L;{‘;@gq‘;\

ORIGIMAL FRAMEWORK WITH AFTER OPTIMIZING TO SUPPORT NHWC
NCHW TENSOR LAYOUT ELIMINATES 3 TENSOR TRANSPOSES
From From
Previous Layer Previous Layer

NHWC NHWC
& NHWC NHWC output
>
= Tensor NCHW output
Convolution Layer Convelution Layer
To Next Layer To Mext Layer

(Image: Nvidia)

1 1 1 » Volta Tensor Core GPU Achieves New Al Performance Milestones
More information in the blo
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https://devblogs.nvidia.com/tensor-core-ai-performance-milestones/

‘Nvidia Tesla T4 (Turing)

vV V. vV vV vV VY

(Image: Nvidia)

Peak 8.1 TFLOPS (single precision)

Up to 65 “TensorTFLOPS" for Deep Learning, 130/260 INT8/4 TOPS for inference

16 GB GDDRG6

Peak 300 GB/s memory bandwidth

2560 CUDA cores + 320 Tensor Cores

PCle x16 Gen3

70 Watts | sty | o, Soescoeuro
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Nvidia Turing Outlook

Native HDR

—1 Display

Turing SM +—

8K DisplayPort
VirtualLink

Concurrent FP & INT Execution

Unified L1 Cache
Variable Rate Shading

— NVLINK

GPU-GPU Memory Access

100 GB/sec

10 Giga Rays/sec
BVH Traversal

Ray Triangle Intersection

Tensor Core

125 TFLOPS FP16

HEVC 8K Real Time Encode
25% Improved Bitrate

250 TOPS INT8
500 TOPS INT4
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Nvidia Turing Outlook - cont'd




Nvidia Turing Outlook - cont'd

TURING
TENSOR CORE

114 TFLOPS FP16

228 TOPS INT8

455 TOPS INT4
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Nvidia Turing Outlook - cont'd

PASCAL TURING TENSOR CORE TURING TENSOR CORE TURING TENSOR CORE
FP16 INT 8
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Nvidia Tesla Benchmarks

» Single Precision (FP32):

GPU P100 | T100 | T4
Max. TFLOPS 9.32 14.02 | 8.07
FFT TFLOPS 1.51 2.30 0.66
GEMM TFLOPS 8.79 13.48 | 3.29
Theoretic Peak TFLOPS | 9.3 15.7 8.1
» Double Precision (FP64):
GPU P100 | T100 | T4
Max. TFLOPS 4.74 7.07 0.25
FFT TFLOPS 0.76 1.15 0.13
GEMM TFLOPS 4.26 5.92 0.25
Theoretic Peak TFLOPS | 4.7 7.8 N/A

Results published at
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https://www.microway.com/hpc-tech-tips/nvidia-turing-tesla-t4-hpc-performance-benchmarks/

Deep Learning Performance

GPU PERFORMANCE COMPARISON

P100 V100 Ratio

DL Training 10 TFLOPS 120 TFLOPS 12x

DL Inferencing 21 TFLOPS 120 TFLOPS 6x
FP64/FP32 5/10 TFLOPS  7.5/15 TFLOPS 1.5x%
HBM2 Bandwidth 720 GB/s 900 GB/s 1.2x
STREAM Triad Perf 557 GB/s 855 GB/s 15X
NVLink Bandwidth 160 GB/s 300 GB/s 1.9x
L2 Cache 4 MB 6 MB 1.5x%

L1 Caches 1.3 MB 10 MB TTX

(Image: Nvidia)

Heads-up:
» Real performance highly dependent on layers/operations used

» Uses half/mixed precision parameters that might or might not deliver the
same/comparable model accuracy

VSB TECHNICAL | IT4INNOVATIONS
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Nvidia DGX

‘ (Image: Nvidia)

Nvidia DGX-1:

8x V100 GPUs (also exists with P100 GPUs)

Deep Learning: 1,000 TFLOPS (peak)

CUDA cores: 40,960

Tensor cores: 5,120

Host system: 2x 20 core Intel E5-2698v4, 256 GB memory

Power consumption: 3,500 Watts i eS| o Soceconra
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Nvidia DGX ey

J

(Image: Nvidia)

Nvidia DGX-2:

v

vVvyVvYyVvVvyyvyy

16x V100 GPUs

Deep Learning: 2,000 TFLOPS (peak)

CUDA cores: 81,920

Tensor cores: 10,240

Host system: 2x 24 core Intel Xeon Platinum 8168 Processor, 512 GB memory

12 NVSwitches (for NVLinks) e
Power consumption: 10,000 Watts [/} UWIVERSTTY | NATIONAL SUPERCONPUTING



Nvidia DGX-1 vs. DGX-2 R

NVIDIA DGX-2 Delivers 193X Faster Deep Learning Training

DGX-2
DGX-1
CpPU

5.05 Haurs
488 9 Hours

0 50% 100% 150X 200X

Relative Performance

(Image: Nvidia)

More benchmark results can be found at the web page.
Also compare the official MLPerf results for training and inference
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https://developer.nvidia.com/deep-learning-performance-training-inference
https://mlperf.org/
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NVLink
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PCle Switches

PCle Switches

NVLink —— PCle aPl

(Image: Nvidia)

NVLink (v1):
» Tesla P100
» Hybrid Cube Mesh
> 4 links per GPU, 20 GB/s per direction/per NVLink
(160 GB/s aggregated)

eI
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‘NVLink
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—NVLink —— Pele

(Image: Nvidia)

NVLink 2.0:
» Tesla V100
» Hybrid Cube Mesh (also switch configuration possible)

> 6 links per GPU, 25 GB/s per direction/per NVLink2
(300 GB/s aggregated)

eI

VSB TECHNICAL ITAINNOVATIONS
‘l || UNIVERSITY | NATIONAL SUPERCOMPUTING
1" oF osTrAvA | center



DGX-2 NVSwitch e sl fh

PCle 3.0 x16
PCle 3.0 x16

Processor

Processor
Interconnect
Processor

Server Board

|PCle 3.0 x16
PCle 3.0 x16

(Image: TIRIAS Research)

Uses (crossbar/XBAR) NVSwitch, enabling full GPU to GPU bandwidth

One port per GPU (2 ports reserved)

2.4 TB/s bi-section bandwidth

More information in Iy Dy | o Sirscoric
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https://images.nvidia.com/content/pdf/nvswitch-technical-overview.pdf

Nvidia Collective Communications Library Mﬂﬂ—‘w r*‘m“‘u‘w

NCCL 1 NCCL2

- - i

Multi-GPU
Multi-node

GPU Multi-GPU

(Image: Nvidia)

Nvidia Collective Communications Library (NCCL):

» Similarity to MPI collectives
Pre NCCL 2.4: ring communication
NCCL 2.4: double binary tree communication with improved latency
Supported by major Deep Learning frameworks, e.g. EEEEIEH,
Supported by distributed training framework

vV v v v
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https://www.tensorflow.org/guide/distributed_training
https://pytorch.org/tutorials/intermediate/dist_tuto.html
https://github.com/horovod/horovod

Deep Learing Containers

(Image: Nvidia)

CONTAINERIZED APPLICATION

DEEP LEARNING APPLICATIONS

- DEEP LEARNING FRAMEWORKS
- DEEP LEARNING LIBRARIES

CUDATOOLKIT

MAPPED NVIDIA DRIVER

- CONTAINER 0S

CONTAINERIZATION TOOL

- NVIDIA CONTAINER RUNTIME FOR DOCKER
- DOCKER ENGINE

- NVIDIADRIVER
- HOST 0S

NVIDIA DGX SOFTWARE STACK
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Nvidia GPU Cloud (NGC)

» Ready made containers for different needs
» Optimized for Nvidia GPUs
> Available via the
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https://ngc.nvidia.com/catalog/all

‘ CUDA for Al

FRAMEWORKS CLOUD ML SERVICES DEPLOYMENT
Ch?r:er @xnet 4 PaddlePaddie . aws wrezn
=
oryorh @@ B Tensorriow e databricks  TensorFlow Serving

DL TRAIN DL INFEREN!

@ == b pewsemc : aws £ anban. O Googecint Ane

(Image: Nvidia)

CUDA-X Al:
» cuDNN: Deep Learning primitives
cuML: Machine Learning algorithms
cuDF: Data Frame library (similar to Pandas)
cuGraph: Graph Analytics
Nvidia TensorRT: Optimized inference Vs TeCIOAL | TremouT o
and others. .. il o oS | covrer
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For Data Scientists. . .

DAY IN THE LIFE OF A DATA SCIENTIST

=)
another...

Find unexpected null values  restart ETL

.
@*#1 forgot to add a feature stored as string... I

train model
restart ETL workflow

eh, forgot to add a feature

start ETL workflow
get a coffee

— &) eonfigure ETL
switch to decaf

waorkflow

Find unexpected null values
dataset download s/ o

stored as string...
overnight
dataset downloads
by
I restart ETL workflow again avernight |
go home
stay late on time

(Image: Nvidia)

/ validate
~

. test model

experiment with
‘optimizations
& repeat

dataset collection
analysis

ETL

train

inference

LEGEND
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Nvidia RAPIDS sl

The New GPU
Data Science Pipeline

DEEP LEARNING
RAPIDS FRAMEWORKS

DATA PREPARATION — MODEL TRAINING — VISUALIZATION

cuba

APACHE ARROW

Apache
>>> Ao InGPUMemory

(Images: Nvidia)

» Apache Arrow based Data Processing Pipeline
» Open source on Github:
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https://github.com/rapidsai

‘Questions

J

Q&A
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