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Figure 1. Historical progress of speech recognition word error rate on more and more
difficult tasks. ' The lotest system for the switchboard task is marked with the green dot.
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PRINCETON UNIVERSITY / 3D OBJECT
RECOGNITION

Conv 1
Conv 2
Conv 3

Conv

> Object . «
Object- ety Softmax
ness ¥ Softmax wr -ness
3D Box L1 3D Box L1

Offset Smooth Offset > Smooth

* Objectness: Is there an object in this box?

@ Object or not?

« 3D Box Offset: How to adjust the 3D bounding box to better fit the object?

- F

i

3D ConvNet

|e=y bed?

-:.:- chair?
T rtable?

Softmax

& 1oilet?

not an object?

3D bounding
box adjustment

Conv 2
Conv 3

L1 Smooth

- sola? 3D Non-Deep Learning

2D Deep Learning

3D Deep Learning

msofa mbed

bathtub ® garbage bin
table ® box ® monitor

chair ® desk m pillow
night stand ™ door ®m lamp = sink

bookshelf
toilet mtv

. | *
Algorithm Input = = T == mAP
Sliding Shapes Depth | 33.5 | 29 | 345 | 33.8 | 67.3 | 39.6
Depth-RCNN (segment) [ Depth | 71 | 18.2 | 49.6 | 30.4 | 63.4 | 46.5
Depth-RCNN (segment) | RGB-D | 74.7 | 18.6 | 50.3 | 28.6 | 69.7 | 48.4
Depth-RCNN (CAD fit) | Depth | 72.7 | 47.5 | 54.6 | 40.6 | 72.7 | 57.6
Depth-RCNN (CAD fit) | RGB-D | 73.4 | 44.2 | 57.2 | 334 | 84.5 | 585
Ours Depth | 83.0 | 58.8 | 68.6 | 49.5 | 79.2 | 67.8
Ours RGB-D | 84.7 | 61.1 | 70.5 | 55.4 | 89.9 | 72.3
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C.M.S. Nambakhsh et al./ Medical Image Analysis 17 (2013) 1010-1024 1019
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Software
volume
estimate

imaging

Manual
annotation

Booz | Allen | Hamilton
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Raw data

Raw data
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DEEP REINFORCEMENT LEARNING

Google DeepMind’'s Deep Qi%rning playing Atari Breakout -
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b Google DeepMind


https://youtu.be/V1eYniJ0Rnk
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Adfa’nomous Driving using Deep Learning
February 2016, New Jersey
Testing Begins
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Sentiment Analysis

Image Classification Object Detection Voice Recognition Translation Engines
COMPUTER VISION BEHAVIOR
DL4J N mxnet *Y *torch
FRAMEWORKs | Caffe .o 220 mm— M Tk @ T T
Chainer Julia CIEE MINERVA & Pylearne theano

cuDNN TensorRT DeepStream SDK CUBLAS CUSPARSE NCCL

DEEP LEARNING
SDK
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Internet & Cloud

Image Classification
Speech Recognition
Language Translation
Language Processing
Sentiment Analysis
Recommendation

Deep Learning Everywhere

SSING OBJECTIO
PNARY OBJECT

Medicine & Biology Media & Entertainment Security & Defense Autonomous Machines
Cancer Cell Detection Video Captioning Face Detection Pedestrian Detection
Diabetic Grading Video Search Video Surveillance Lane Tracking
Drug Discovery Real Time Translation Satellite Imagery Recognize Traffic Sign




3 Key Things to Enab

ML Technology
TORCH CAFFE

ENvYu facebook Berkeley
THEANO MATCONVNET

Université I'H'I '%‘”:E{:.: UNIVERSITY OF

de Montréal T

MOCHA.JL PURINE
Wi = B @

NERA MXNET*
@ @ s, Ve

350 million
images uploaded
per day

2.5 trillion
transactions
per hour

100 hour video
uploaded
per minute

TFLOPS
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Kepler 2> Maxwell - Pascal

AlexNet training throughput based on 20 iterations,
Focus on DL 2 E5. 2680

12.0x
Improve training speed

More than 10x in 3 years HO-0x
8.0x
Eenhance GPU architecture for DL
6.0x
Optimize software for DL 4.0x
cuDNN, cuBLAs, ...
2.0x
0.0x

CPU: 1x E5-2680v3 12 Core 2.5GHz.

Pascal
(CuDNN v5)

2016



Deep Learning SDK
All Leading DL frameworks using NVIDIA DL SDK

COMPUTER VISION SPEECH & AUDIO NATURAL LANGUAGE PROCESSING

OBJECT DETECTION IMAGE CLASSIFICATION VOICE RECOGNITION LANGUAGE TRANSLATION RECOMMENDATION ENGINES ~ SENTIMENT ANALYSIS

IMAGENET

| & e sew O

DL Frameworks

Caffe DL4J CNT mxnet "1
Q Deeplearningj Mochajl KERAS CNTK w Tenﬁow torch
Chainer MatConvNet MINERVA !OpenDeep P)’lﬁ’ﬂ’ﬂﬁ theano
NVIDIA DEEP LEARNING SDK
TensorRT DeepStream SDK CuBLAS NCCL
% ® 6PUO
—*]

developer.nvidia.com/deep-learning-software



TESLA P100: Pascal GPU



TESLA P100: The Engine for Deep Learning

New GPU Architecture to Enable the World’s Fastest Compute Node

Pascal Architecture

Highest Compute Performance

CoWoS HBM2

Unifying Compute & Memory in
Single Package

NVLink

X4

i
] P

| [mN]

A

GPU Interconnect for Maximum
Scalability

Page Migration Engine

@

. Unified Memory '

Simple Parallel Programming with
Virtually Unlimited Memory




GP100)
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TESLA P100

56 SMs x 64 CUDA cores/SM)

PCI Express 3.0 Host Interface

(

3584 CUDA cores

High Bandwidth Memory 2

1 | i |

Memory Controller

Memory Controller

Jejjouo) Alowe Jejjonuon Atowepw

i il

z Kiowe yipimpuesg yBIH

ision
5.3 TF
10.6 TF
21.2 TF

Variable Prec
FP64
FP32
FP16

High Bandwidth Memory 2

H

Memory Controller

d9)j03u0) Alowew
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Memory Controller
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732 GB/s
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HBM2: 732GB/s memory bandwidth

16GB, native ECC, 4K-bits interface

GP100

) & & ¢
I I] II I]Passive silicon interposer | ﬁl I
HN K K XX XK X NNEN



NVLINK

High speed interconnect

P100 supports 4 NVLinks
+ 20+20 GB/s per link
- Up to 94% bandwidth efficiency

Links can be ganged for higher
bandwidth

Supports read/writes/atomics to peer
GPU

Supports read/write access to NVLink-

enabled CPU

[l

NVLink
on Tesla P100

10 <ANVIDIA.
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—, P100 P100 |«
[ [
[ |
[ I
[ [
[ [
': P100 P100 :*‘_
____________ |
P

—————————————

Two gropus with fully connected 4 GPUs

Each GPU is connected to one GPU of
peer group

Load/store access to Peer GPU Memory

High speed copy engines for bulk data
copy

No hardware routing

11 NVIDIA.



Unified Memory

Pascal Page Migration Engine

Pascal and CUDA 8

Pascal
GPU

CPU

Enable Large Oversubscribe GPU memory
Data Models Allocate up to system memory size

t t Simpler CPU/GPU Data coherence

Data Accesss

nified Memory

Unified memory atomic operations

Tune
Unified Memory

Allocate Beyond Performance
GPU Memory Size

“"n

Usage hints via cudaMemAdyvise API
Explicit prefetching API

12 <ANVIDIA.



Deep Learning: Training



Process of training

Forward Propagation

Inputs

Layer 1 Layer 2 Layer N Outputs  Labels

01000 00010
“dog” “cat”

XINL gy YIM]

Loss
Func

14 <A NVIDIA.



Process of training

Backward Propagation

Layer N Outputs  Labels
01000 00010
“dog” “Cat”

N\ K

Loss
Func

v

error

15 <A NVIDIA.



Process of training
Update Weights

Inputs

Layer N Outputs  Labels
01000 00010
“dog” “Cat”

Y d

error

16 <ANVIDIA.



One by one: Memory bandwidth bound

Mini Batch .

Learn many inputs together for speed-up Mini batch: Compute bound

Inputs

Layer N Outputs Labels

[{ 3P PRy } )

Crmm msm lr oy 9
y

€ l.ion ”

/

17 <ANVIDIA.



Batch Size and Performance ‘.\:'

TESLA P100, Chainer

AlexNet (7 layers)

2012

Better

2000
S
c
o 1500
Q
wn -
Q | 1000 |
wn I
o
S 500 -
£ |

0
0 500 1000

Batch size 18 <ANVIDIA.



Mini Batch

More memory is necessary

Inputs

Layer N

Outputs Labels

e e M ey
(71 RN 1 \\“...-..I- v

“tiger”

€ l.ion 12 y

/

error

19 <ANVIDIA.



Deeper Model and Bigger Data

for Higher Accuracy

More Computing Power is Required

Image Recognition

(Microsoft)
16X /
152 Layers
Model 236 GELOP
8 Layers ~3.5% Error
1.4 GFLOP
~16% Error
2012 2015
AlexNet ResNet

Speech Recognition
(Baidu)

10X /

Training Ops 465 GFLOP

80 GFLOP

7,000 hrs of Data
~8% Error

2014 2015
Deep Speech 1

12,000 hrs of Data
~5% Error

Deep Speech 2

20 <4 NVIDIA.



Batch Size and Performance Q‘

TESLA P100, Chainer

AlexNet (7 layers)

Better
2,000 -
o
C
S 1,500
D
wn
o
@ [ 1,000
)
o
© 500
£
0

2012

VGG-D (16 laye
2014

rs) ResNet (152 layers)
2015

2,000

1,500

1,000

500

1,000
Batch size

500 -

®

40

60 80

2,000

1,500

1,000

500

0

=

0 8 16 24
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How can we accelerate DL training more?

Memory size
Less precision
FP16

Multi-GPU
Data Parallelism

Out-of-core
Very deep model with large batch size



FP16



[TESLA P100] FP16: 16-bit floating point

IEEE 754 compliant

16-bit s|lelx|p

. m

a

n

t

i

S

S

sign:1-bit, exponent:5-bits, fraction:10-bit

Dynamic range: 24

Normalized values: 214 ~ 65504 (=219)

Subnormal at full speed

USE CASES

Deep Learning

Image Processing

Sensor Data

24 <ANVIDIA.



[TESLA P100] FP16: 16-bit floating point

2-way SIMD 32 bit
2x FP16 in a 32-bit register

Reg A

Instructions
Add, Sub, Mul Reg B
Fma (Fused Multiply and Add)

4 arithmetics per cycle

Reg C

cuda_fp16.h Ml cuBLAS




Multi-GPU training



Accelerate DL training with multi-GPU

Model Parallelism
Partition model across GPUs
Not flexible nor scalable
Asynchronous Data Parallelism
Partition data across GPUs

Update weights asynchronously, send its gradients to parameter server, and
get the latest weights from it.

Parameter server is needed

27 NVIDIA.



Synchrouns Data Parallelism
Copy Model, Assigne different data

Inputs Layer 1 Layer 2 Layer N Labels

“Cat ”
W W wW

“monkey”

LossFunc

28 <A NVIDIA.




Synchrouns Data Parallelism

Forward & Backward Independently
Inputs Layer 1 Layer 2 Layer N Outputs Labels

“dog” “Cat”

=

error

“human” “monkey”

\ /

LossFunc

V

error

29 <4 NVIDIA.



Synchrouns Data Parallelism

Combine 4w over multi-GPU

Layer 2 Layer N Outputs Labels

“dog” “Cat”

“human” “monkey”

\ /

LossFunc

V

error

30 <4 NVIDIA.




Synchrouns Data Parallelism
Update Weights Independently

Inputs Layer 1 Layer 2 Layer N Outputs Labels

“dog” “Cat”

“human” “monkey”

\ /

LossFunc

V

error

31 <4NVIDIA.




Multi-GPU performance

NVIDIA DGX-1, Chainer with multi-process patch

——AlexNet -#VGG-D -aResNet

|
_—

Speed-up to 1GPU
O -~ N W NN U1 O N ©

o

1 2 3 4 5 6 7 8
Number of GPUs

[Batch size per GPU] AlexNet:768, VGG-D:32, ResNet:12

Time per one batch (VGG-D)

2.5

|

3 [
(@)

S 1.5

E .

= —

2

§0.5 -
“*. H B B B

m Update
m Allreduce
Backward

® Forward

DGX-1’s NVLink is not well utilized.
Chainer’s all-reduce implementation
is naive “gather and broadcat”.

ANVIDIA.



Allreduce: gather & broadcast

Easy to implement, but
naiva and not bandwidth
optimal

Best algorithm may change
depending on topology

Not practical for DL
framework to implement
several algorithms

33 NVIDIA.



NCCL

Accelerated collectives for multi-GPU machine
Similar to MPI collectives

Single-node, Any number of GPUs

PCle, QP! and NVLINK Supported Collectives

Multi-thread and Multi-process Broadcast

Out-of-place and In-place All-gather
Reduce
All-reduce

Reduce-scatter

34 NVIDIA.



NCCL Implementation
Ring Algorithm

Most collectives amenable to bandwidth-optimal
implementation on rings, and many topologyies can be
interpreted as one or more rings [P. Patarasuk and X. Yuan]

1 CPU and 4 GPUs (PCle)

35 <ANVIDIA.



NCCL Implementation
Ring Algorithm
Most collectives amenable to bandwidth-optimal

implementation on rings, and many topologyies can be
interpreted as one or more rings [P. Patarasuk and X. Yuan]

2 CPUs and 8 GPUs (QPI and PCle)

CPU . D T e - PU
4 \¢

swit~h caitch

uruo GrU1 GPUL: GPU3 GruU4 G.-U5 GPuLv GPU7

36 <ANVIDIA.



Broadcast

Deliver sender’s data to all

GPUO GPU1 GPU2 GPU3 GPUO GPU1 GPU2 GPU3

= I I I I

37 <NVIDIA.




Broadcast

GPUO GPU1 GPU2 GPU3




Broadcast

With unidirectional ring
GPUO GPU1 GPU2 GPU3

Step 1: At =N/B

N: bytes to broadcast
B: bandwidth of each link

39 <4 NVIDIA.



Broadcast

With unidirectional ring

GPUO

GPU1

GPU2

GPU3

Step 1: At =N/B
Step 2: At =N/B

N: bytes to broadcast
B: bandwidth of each link

40 <ANVIDIA.



Broadcast

With unidirectional ring

GPUO

GPU1

GPU2

GPU3

Step 1: At =N/B
Step 2: At =N/B
Step 3: At =N/B

N: bytes to broadcast
B: bandwidth of each link

41 <ANVIDIA.



Broadcast

With unidirectional ring
GPUO GPU1 GPU2 GPU3

Step 1: At =N/B
Step 2: At =N/B
Step 3: At =N/B
Total time: (K-1)N/B

N: bytes to broadcast
B: bandwidth of each link
K: number of GPUs

42 <ANVIDIA.



Broadcast

GPUO GPU1 GPU2 GPU3

Split data into S messages

43 NVIDIA.



Broadcast

GPUO GPU1 GPU2 GPU3

@ Split data into S messages
Step 1: At = N/BS

44 NVIDIA.



Broadcast

GPUO GPU1 GPU2 GPU3

D» Split data into S messages
Step 1: At = N/BS
Step 2: At = N/BS

45 NVIDIA.



Broadcast

GPUO GPU1 GPU2 GPU3

E Split data into S messages
Step 1: At = N/BS
Step 2: At = N/BS

Step 3: At = N/BS

46 NVIDIA.



Broadcast

With unidirectional ring

GPUO

GPU1

GPU2

GPU3

Split data into S messages
Step 1: At = N/BS
Step 2: At = N/BS
Step 3: At = N/BS
Step 4: At = N/BS

47 <A NVIDIA.



Broadcast

With unidirectional ring

GPUO

GPU1

GPU2

GPU3

Split data into S messages

Step 1: At = N/BS
Step 2: At = N/BS
Step 3: At = N/BS
Step 4: At = N/BS
Step 5: At = N/BS

48 <A NVIDIA.



Broadcast

With unidirectional ring
GPUO GPU1 GPU2 GPU3

Split data into S messages
Step 1: At = N/BS

Step 2: At = N/BS

Step 3: At = N/BS

Step 4: At = N/BS

Step 4: At = N/BS

Total time:

(S+k-2)N/BS -> N/B

49 <ANVIDIA.




All-reduce

Combine data from all, deliver the result to all

GPUO GPU1 GPU2 GPU3 GPUO GPU1 GPU2 GPU3

all reduce

50 <ANVIDIA.



Chunk: 1
All-reduce Step:

With unidirectional ring

GPUO GPU1 GPU2 GPU3

51 <4NVIDIA.



Chunk: 1
All-reduce Step: 1

With unidirectional ring

GPUO GPU1 GPU2 GPU3

52 <ANVIDIA.



Chunk: 1
All-reduce Step: 2

With unidirectional ring

GPUO GPU1 GPUZ GPU3

53 <ANVIDIA.



Chunk: 1
All-reduce Step: 3

With unidirectional ring
GPUO GPU1 GPU2 GPU3
| &

54 <4NVIDIA.



Chunk: 1
All-reduce Step: 4

With unidirectional ring

GPUO GPU1 GPUZ GPU3

55 <4 NVIDIA.



All-reduce

With unidirectional ring

GPUO GPU1 GPUZ

F ]

Chunk: 1
Step: 5

GPU3

56 <4ANVIDIA.



Chunk: 1
All-reduce Step: 6

With unidirectional ring

GPUO GPU1 GPUZ

57 <ANVIDIA.



Chunk: 1
All-reduce Step: 7

With unidirectional ring

GPUO GPU1 GPU2

58 <ANVIDIA.



Chunk: 2
All-reduce Step:

With unidirectional ring

GPUO GPU1 GPUZ GPU3

59 <4 NVIDIA.



Chunk: 2
All-reduce Step: 7

With unidirectional ring

GPUO GPU1 GPUZ GPU3
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All-reduce Done

With unidirectional ring

GPUO GPU1 GPU2 GPU3
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Apply NCCL to DGX-1

> PCle -
> Switch

4 unidirectional rings

Peak: 80 GB/s
(20 GB/s per ring)

NVLink
+—» PCle
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Multi-GPU performance w/o NCCL ‘C‘

NVIDIA DGX-1, Chainer with multi-process patch

Scalability
N N o

o

AlexNet (7 layers)

A

o

0

VGG-D (16 layers)

/

e

/

0 2 4 6
Number of GPUs

B Gather & Bcast

8

ResNet (152 layers)

[Batch size per GPU] AlexNet:768, VGG-D:32, ResNet:12 63 GANVIDIA



Multi-GPU performance with NCCL ‘C‘

NVIDIA DGX-1, Chainer with NCCL patch

AlexNet (7 layers) VGG-D (16 layers) ResNet (152 layers)
8 7‘* 8 8 |
6 4 6 6 /
Z //‘/' //. /7“l
5 Vo g vl
@ 4 H# 4 — 4 (g
: / S /f;
b 2 .\ 2 [ A / 2 i
‘,// 7‘/, 7/,
0 0 0
0 2 4 6 8 0 2 4 6 8 0 2 4 6 8
Number of GPUs
B Gather & Bcast W NCCL (1-ring) NCCL (DGX-1)

[Batch size per GPU] AlexNet:768, VGG-D:32, ResNet:12 64 SANVIDIA



Multi-GPU performance with NCCL
NVIDIA DGX-1, Chainer 1.17.0 with NCCL patch

Time per one batch (VGG-D)

2.5
)
o
8 2
S 1.5
e m Update
‘; 1 m Allreduce
'% 0.5 Backward
E ) m Forward

0 _
1 GPU
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Out-of-core Training



Batch Size and Performance Q‘

TESLA P100, Chainer

AlexNet (7 layers)

Better
2,000 -
o
C
S 1,500
D
wn
o
@ [ 1,000
)
o
© 500
£
0

2012

VGG-D (16 laye
2014

rs) ResNet (152 layers)
2015

2,000

1,500

1,000

500

1,000
Batch size

500 -

®

40

60 80

2,000

1,500

1,000

500

0

=

0 8 16 24
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Network wide memory allocation
Keep whole data on GPU memory

e o

Layer 2




Network wide memory allocation
Keep whole data on GPU memory




Network wide memory allocation
Keep whole data on GPU memory

Inputs




Network wide memory allocation
Keep whole data on GPU memory

Inputs




Out-of-core training

Why do we need to keep whole data on GPU?

Can we swap-out data to CPU memory that is not used soon?
CPU memory is much larger than GPU memory

72 NVIDIA.



Layer wise memory allocation
Swap-out/in data to/from CPU memory




Layer wise memory allocation
Swap-out/in data to/from CPU memory




Layer wise memory allocation
Swap-out/in data to/from CPU memory

e

Layer 2




Layer wise memory allocation
Swap-out/in data to/from CPU memory




Layer wise memory allocation
Swap-out/in data to/from CPU memory




Layer wise memory allocation
Swap-out/in data to/from CPU memory

Inputs




Layer wise memory allocation
Swap-out/in data to/from CPU memory




Layer wise memory allocation
Swap-out/in data to/from CPU memory
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Layer wise memory allocatic
Swap-out/in data to/from CPU memory

Inputs

AX & Ay <—— error




ocation

emory

Layer wise memory
Swap-out/in data to/from Cl

Inputs




Layer wise memory allocation
Swap-out/in data to/from CPU memory

Inputs




QOut-of-core trial on Chainer Q.

Add some features for Out-of-core training to Chainer
Swap-out data that is not use for the time being (Forward)
Swap-in data that will be used next (Backward)

Kernel and data transfers are fully overlapped.

84 NVIDIA.


https://github.com/anaruse/chainer/tree/test.out-of-core

Out-of-core: performance comparision
Chainer + Out-of-core patch ()

Time per one batch: VGG-D (32 batch)

2500
2112 ® In Memory Swap In/Out
2000 1785
% 1500 - 2.4x
£ 1062 slower
e 1000 - 858
i= 654
500 - 363 _T_ B
0 . L
PCle3 ‘ PCle3 PCle3
K40 ‘ M6000 P100

(® : https://github.com/anaruse/chainer/tree/test.out-of-core

PCle3 is
too slow
for P100
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https://github.com/anaruse/chainer/tree/test.out-of-core

IBM Minsky: 4 Pascal GPUs NVLink
attach to 2 Power8 CPUs

I 115

Powers k&

NVLink between CPUs and GPUs enables
fast memory access to large data sets in _
system memory NVLin GB/s

Two NVLink connections between each
GPU and CPU-GPU leads to faster data
exchange

Speedup: Tesla P100 with NVLink vs Tesla K80 Systems

25

15
https://www.ibm.com/blogs/systems/ibm-
0.5 nvidia-present-nvlink-server-youve-waiting/
0

LatticeQCD CPMD SOAP3-dp  Kinetica HPCG 86 < NVIDIA.
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Out-of-core: performance comparision

Chainer + Out-of-core patch ()

2500

2000

Time (msec)
S o
o o
o o

500

Time per one batch: VGG-D (32 batch) Lﬂlmﬁeﬁﬁ.

WR8 PWR8

NVLink

l

2112 NVLink
® In Memory Swap In/Qut CPU < GPU
2.4x
slower
1062 1.4x
858
654 - slawer
PCle3 PCle3 PCle3 NVLink x2
P8+
K40 M6000 P100 P100

(*) : https://github.com/anaruse/chainer/tree/test.out-of-core

87 <ANVIDIA.


https://github.com/anaruse/chainer/tree/test.out-of-core

Inference



Pascal GPUs (TESLA)

TESLA P100
(SXM2)

HPC and Deep Learning
GP100

CC6.0

TESLA P100
(PC) TESLA P40

HPC and Deep Learning
GP100

Deep Learning
GP102

CCé6.1

Deep Learning
(Inference)
GP104
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Two Pascals
GP100 (CC 6.0 GP102 (CC 6.1

PCI Exprass 3.0 Host Intoriace
PCI Express 3.0 Host Interface

Instruction Buffer
Waap Scheduler

[

LT | SFU

Memory Controller

st | SFY

T | gFY

st | SFY

st | SFY

Memory Controller

wsT | SFY

Instruction Buffer Instruction Buffer
Warp Scheduler Warp Scheduler

LR

High Bandwidth Memory 2
2 kiowom ipwpueg YBIH

Dispatch Unit Dispatch Unit Dispatch Unit Dispatch Unit
3 2 3 3 Textuse | L1 Cache

Register File (32,768 x 32-bit) Register File (32,768 x 32-bit]

8
g
H
H

o
2
°

Core | Core Core

Py
Raster Enire

Core  Core Core

Core Core

Core Core e

Core Torn.
Cere

Corn.

LDIST —

LDIST Cors

o
2
E)

Torn.

56 SMs x 64 CUDA cores 30 SMs x 128 CUDA cores
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. CC 6.0)

GP100

56 SMs x 64 CUDA cores

(

TESLA P100

PCI Express 3.0 Host Interface

1 |

Memory Controller

High Bandwidth Memory 2

Jejjouo) Alowe

i

z Kiowe yipimpuesg yBIH

3584 CUDA Cores

3 TF
10
21

FP64: 5
FP32

i |

Memory Controller

Jejjonuon Atowepw

6 TF
2TF

il

FP16

High Bandwidth Memory 2

H

Memory Controller

d9)j03u0) Alowew

INTS8: ...
HBM2

it

1

Memory Controller

Joajjonuo)n Alowepw

i

z Kiowely yipimpueg ybIH

4096 bit width

16 GB

732 GB/s

DIA.




3840 CUDA Cores
FP64:. ..
FP32: 11.8 TF
FP16: ..
INT8: 47.0 Top

GDDR5X
384 bit width
24 GB
347 GB/s

TESLA P40 (GP102, CC 6.1)

30 SMs x 128 CUDA cores
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[CC 6.1] New Instruction for INT8: dp4a

Reg A | RXR.V) A0 \
4-way INT8 vector dot + INT32 e/ |WEDEDD [ WED) s x4
" . . . Reg B ED| iNT8 x 4
four 8-bit integer in a 32-bit register
(AO*BO + A1*B1 + A2*B2 + A3*B3) + C ‘030 INT32
8 arithmetics per cycle (4 MUL + 4 ADD) . INT32
+
4x faster than FP32 A2* B2 INT32

| +

A3 * B3 INT32
USE CASE
Reg C INT32
Degp Learning Reg D INT32
(inference) \ /
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Summary and Futre

Summary
Pascal: The engine for DL/AI
FP16, NVLINK, NCCL, Out-of-core for training
INT8 for inference

Future

Volta: Next generation GPU architecutre
We continue to enhance GPU for DL/AI
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We’re hiring engineers!

http://www.nvidia.com/object/careers.html

USA - United States

<SANVIDIA.

DRIVERS » PRODUCTS » DEEP LEARNING AND Al » COMMUNITIES » SUPPORT SHOP ABOUT NVIDIA »

CAREERS

NVIDIA Home > About NVIDIA Careers

\, / 2
24 Subscribe

Deep Learning: o
Bringing Superhuman = i
Capabilities to Some of the ﬂ - |

<A NVIDIA.

World's Toughest Problems
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