
NVIDIA 
2022/02/10

› ᵓּז



2

NVIDIA

NGC

Ṫ

GPU

NVIDIA CERTIFIED

VALIDATED 

SOLUTIONS

MANAGEMENT

BlueField DPU 

ḗ♪

DCGM

NVSwitch Mellanox Switch

ẉ
DGX
HGX

ClaraMetropolis

ἷ AI

Riva

ꜛ ֫

Drive Merlin

++

...

Con

ᶘ ↄ

ᵫ

UFM

SMART NIC

֫

‰ ᴟ COMPUTE

CUDA-X

ᵫ יּ
ML & DATA ANALYTICS AI TRAINING & INFERENCE HIGH PERFORMANCE 

COMPUTING

NVIDIA HPC SDK

RENDERING &

VISUALIZATION

IndeX OptiX

Ӻ Ӱ ᾁ ל ꜛ ᴟ ++

TensorRT

NETWORKING, STORAGE & SECURITY

MAGNUM IODOCA

TRITON
INFERENCE

SERVER
FLEET

COMMAND

NVIDIA GPU 

Operator

EGX

VIRTUAL GPU
SOFTWARE



GPU



NVIDIA CONFIDENTIAL. DO NOT DISTRIBUTE.

ΰGPU 

A100 A30 A2 A40 A16 A100X A30X

Design
Highest Perf 

Compute

Mainstream 

Compute

Entry -Level 

Small Footprint

High Perf 

Graphics

High Density 

Virtual Desktop

High Perf 

Converged 

Accelerator

Mainstream 

Converged 

Accelerator

Max Power 300W 165W 40-60W 300W 250W 300W 230W

Form Factor
x16 PCIe Gen4

2 Slot FHFL

3 NVLink Bridge

x16 PCIe Gen4

2 Slot FHFL

1 NVLink Bridge

x8 PCIe Gen4

1 Slot LP

x16 PCIe Gen4

2 Slot FHFL

1 NVLink Bridge

x16 PCIe Gen4

2 Slot FHFL

x16 PCIe Gen4

2 Slot FHFL

3 NVLink Bridge

x16 PCIe Gen4

2 Slot FHFL

1 NVLink Bridge

GPU Memory 80GB HBM2e 24GB HBM2 16GB GDDR6 48GB GDDR6 4x 16GB GDDR6 80GB HBM2e 24GB HBM2e

Multi -Instance GPU 

(MIG)
Up to 7 Up to 4 - - - Up to 7 Up to 4

Media Acceleration
1 JPEG Decoder

5 Video Decoder

1 JPEG Decoder

4 Video Decoder

1 Video Encoder

2 Video Decoder (+AV 

decode)

1 Video Encoder

2 Video Decoder 

(+AV1 decode)

4 Video Encoder

8 Video Decoder 

(+AV1 decode)

1 JPEG Decoder

5 Video Decoder

1 JPEG Decoder

4 Video Decoder

Ray Tracing - Yes Yes Yes -

Fast FP64 Yes - - - Yes

Graphics
For in-situ visualization 

(no NVIDIA vPC or RTX vWS)
Good Best Better

For in-situ visualization 

(no NVIDIA vPC or RTX vWS)

vGPU Yes Yes* Yes Yes Yes*

Hardware Root of Trust Yes Yes Yes Yes Yes

Integrated DPU - - - - - BlueField-2

Server Availability In Production In Production Q1 õ22 In Production In Production Q1 ô22

*Coming soon
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NVIDIA A100
- Volta Ω 20 

54B XTOR | 826mm2 | TSMC 7N | 40GB Samsung HBM2 | 600 GB/s NVLink

V100 

FP32 312 TFLOPS 20X

INT8 1,248 TOPS 20X

FP64 HPC 19.5 TFLOPS 2.5X

Multi -instance GPU (MIG) 7X GPUs
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Tensor 
“ ▄ם

D = 

FP32
(FP16)

FP16 FP16 FP32
(FP16)

A0,0 A0,1 A0,2 A0,3

A1,0 A1,1 A1,2 A1,3

A2,0 A2,1 A2,2 A2,3

A3,0 A3,1 A3,2 A3,3

B0,0 B0,1 B0,2 B0,3

B1,0 B1,1 B1,2 B1,3

B2,0 B2,1 B2,2 B2,3

B3,0 B3,1 B3,2 B3,3

C0,0 C0,1 C0,2 C0,3

C1,0 C1,1 C1,2 C1,3

C2,0 C2,1 C2,2 C2,3

C3,0 C3,1 C3,2 C3,3

“ FMA (Fused Multiply-Add: › (▄ם

125 TFLOPS: NVIDIA V100 FP32 8 

312 TFLOPS: NVIDIA A100 FP32 16 

A B C

NEW!



ꜛ ₤› ▄ם (AMP) ῟ᴟ
“ ᴥ ‰ ᴟ

: https://developer.nvidia.com/automatic -mixed-precision

TensorFlow

NVIDIA NGC 19.07 ӟ‭ TF 1.14 ӟ‭ẉ TF 2 ӟ‭ ᴦ:

opt = tf.train.experimental.enable_mixed_precision_graph_rewrite (opt)

Keras mixed precision API in TF 2.1+ for eager execution

https://tensorflow.org/api_docs/python/tf/train/experimental/enable_mixed_precision_graph_rewrite

PyTorch

PyTorch AMP ⇔ ῝꜠ : 

https://pytorch.org/docs/stable/amp.html

https://pytorch.org/docs/stable/notes/amp_examples.html

MXNet

NVIDIA NGC 19.04 ӟ‭ MXNet 1.5 ӟ‭ ᴥ AMP ᴦ :

amp.init ()
amp.init_trainer (trainer)
with amp.scale_loss (loss, trainer) as scaled_loss :

autograd.backward ( scaled_loss )

https://mxnet.apache.org/api/python/docs/tutorials/performance/backend/amp.html

https://developer.nvidia.com/automatic-mixed-precision
https://tensorflow.org/api_docs/python/tf/train/experimental/enable_mixed_precision_graph_rewrite
https://pytorch.org/docs/stable/amp.html
https://pytorch.org/docs/stable/notes/amp_examples.html
https://mxnet.apache.org/api/python/docs/tutorials/performance/backend/amp.html


1.4X

2.0X

1.6X 1.7X

1.9X

2.0X

2.4X

2.7X
2.8X

0.0x

0.5x

1.0x

1.5x

2.0x

2.5x

3.0x

WaveGlow TacoTron 2 RN50 Mask R CNN DLRM Jasper GNMT Transformer BERT

A100

AMP ₤› Ω2.8 ‰
V100 (FP16) A100 (FP16) ᶓ

CV ASRRecSysTTS NLP

S
p

e
e

d
u

p

V100

All results are measured
V100 used is DGX-1 (8xV100 16GB). A100 used is s DGX A100 (8xA100 SXM4), except DLRM which uses 1xV100 and 1xA100; all use FP16
RN50 uses MXNET Batch size =192, Mask R CNN uses PyTorch BS = 4 (V100) and BS=16 (A100), DLRM uses PyTorch and BS=32768, Jasper uses PyTorch and BS=32 (V100) and 96 (A10), WaveGlow
uses PyTorch and BS=10, TacoTron2 uses PyTorch and BS=104 (V100) and 100 (A100), Transformer uses PyTorch and BS=5120 (V100) and 13312 (A100 and GNMT uses PyTorch and BS=128 (V100) 
and 256 (A100); BERT Pre-Training Throughput using Pytorch including (2/3)Phase 1 and (1/3)Phase 2 | Phase 1 Seq Len = 128, Phase 2 Seq Len = 512



TF32 TENSOR 
FP32 FP16 › ⱱ ἷ

ü FP32 ◙ FP16 ᴠ

ü FP32 ︡ TF32 ▄ FP32 ᴥ▄

ü   ‰ ᴟ

FP32

TENSOR FLOAT 32 (TF32)

FP16

BFLOAT16

8 23 

8 10 

5 10 

8 7 

◙ ᴠ‹

FP32 

FP16 

FP32 “ FP32 “

TF32 ▄

FP32 ᴥ▄

FP32 “



TF32   AI ‰ ᴟ
V100 FP32 (CUDA ) A100 TF32 (Tensor ) A100FP16(AMP ) ᶓ

V100 FP32 ᶓ

DL (NVIDIA NGC ):

default: FP32 “ TF32 ᴥ

cuDNN >= 8.0:

default: FP32 “ TF32 ᴥ

(*) NVIDIA_TF32_OVERRIDE=0 TF32 ► ῟ᴟ



▄ם 2.5
A100 Tensor FP64 ᴂ

1.5x

2x

0

1

2

LSMS BerkeleyGW

A100 Speedup vs. V100 (FP64)

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

Å IEEE 754 Ấ

Å cuBLAS, cuTensor, cuSolver ᴂ

NVIDIA V100 FP64 NVIDIA A100 Tensor FP64



HPC ΰ

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 8xV100 in DGX-1, vs 8xA100 in DGX A100

1.5X
1.5X 1.6X

1.9X
2.0X

2.1X

1.7X

1.8X

1.9X

0.0x

0.5x

1.0x

1.5x

2.0x

NAMD GROMACS AMBER LAMMPS BerkeleyGW Chroma FUN3D SPECFEM3D RTM

A100

S
p

e
e

d
u
p

V100

◓ ᶘ Ῥᶘ Ẕᴬᶘ
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Multi -Instance GPU (MIG)
GPU ᶤ QoS ᶎ GPU ằ

A100 GPU Ω 7 ᶤ: 
Ṁ▄ם L2 

ᶎ Noisy Neighbor ᵕ

QoS ᶎ Ⱳ :“ם
MIG ᴦ

⌠

GPU ɨ :
ᴂ

ᶤᴦ

ˑ ḕẽ ᴦ : 
EC2 ḯ ᴠ ḕẽ Docker

Kubernetes Slurm 
/ ḕẽ

MIG User Guide: https://docs.nvidia.com/datacenter/tesla/mig -user-guide/index.html

https://docs.nvidia.com/datacenter/tesla/mig-user-guide/index.html
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GPU

GPU 

1:1 ›

GPU (GI)

4g.20gb

(CI)

GPC GPC GPC GPC

GPU (GI)

2g.10gb

(CI)

GPC GPC

GI

1g.5gb

CI

GPC
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GPU

GPU 

4g.20gb 4 CI

GPU (GI)

4g.20gb

CI

1c.4g.20gb

GPC

CI

1c.4g.20gb

GPC

CI

1c.4g.20gb

GPC

CI

1c.4g.20gb

GPC

GPU (GI)

2g.10gb

(CI)

GPC GPC

GI

1g.5gb

CI

GPC
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GPU 

GPU 

Instance

Number of 

Instances 

Available

SMs Memory NVDECs

Target use-cases

Training Inference

1g.5gb 7 14 5 GB 0
BERT Fine-tuning (e.g. SQuAD), 

Multiple chatbots, Jupyter notebooks

Multiple inference (e.g. TRTIS); 

ResNet-50, BERT, WnD networks2g.10gb 3 28 10 GB 1

3g.20gb 2 42 20 GB 2

Training on ResNet-50, BERT, WnD 

networks4g.20gb 1 56 20 GB 2

7g.40gb 1 98 40 GB 5

For A100-SXM4-40GB
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GPU 

For A100-SXM4-80GB
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GA100 MIG

GPU

GPC

TPC

SM

SM

#1

GPC

TPC

SM

SM

#2

GPC

TPC

SM

SM

#3

GPC

TPC

SM

SM

#4

GPC

TPC

SM

SM

#5

GPC

TPC

SM

SM

#6

GPC

TPC

SM

SM

#7

GPC

TPC

SM

SM

#8

#1

#2

#3

#4

#5

#6

#7

#8

GPU

GPC

TPC

SM

SM

#1

GPC

TPC

SM

SM

#2

GPC

TPC

SM

SM

#3

GPC

TPC

SM

SM

#4

GPC

TPC

SM

SM

#5

GPC

TPC

SM

SM

#6

GPC

TPC

SM

SM

#7

GPC

TPC

SM

SM

#8

GA100

8 GPC,8 TPC/GPC, 2SM/TPC,128 SM

GA100 ðMIG ῟

7 GPC,7 or 8 TPC/GPC, 2SM/TPC,108 SM

GPU

GPC

TPC

SM

SM

#1

GPC

TPC

SM

SM

#2

GPC

TPC

SM

SM

#3

GPC

TPC

SM

SM

#4

GPC

TPC

SM

SM

#5

GPC

TPC

SM

SM

#6

GPC

TPC

SM

SM

#7

GPC

TPC

SM

SM

#8

GA100 ðMIG ῟

7 GPC,7 TPC/GPC, 2SM/TPC,98 SM

#1

#2

#3

#4

#5

#6

#7

#8



19

Slurm 21.08 MIG ᴂ

https://slurm.schedmd.com/gres.html#MIG_Management

https://slurm.schedmd.com/gres.html#MIG_Management
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NVIDIAA2
ˑ ∏ᴦ GPU

Compact, Entry-Level Inference
Single slot LP, lower power ðfits any server

& optimal for thermally constrained systems

Latest Ampere Architecture Features
3rd gen Tensor cores, 2nd gen RT cores, Secure RoT

Higher Intelligent Video Analytics (IVA) 
Performance
1.3X better performance vs T4

Up to 20X Higher Performance versus CPU
Speedups for AI inference and cloud gaming

*Server availability 1 -3 months later
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A2 ‰ ᴟ
CPU Ω20 ‰ ᴟ

Computer Vision Text -to -SpeechNatural Language Processing 

System Config: [CPU: HPE DL380 Gen10 Plus, 2S Xeon Gold 6330N @2.2GHz, 512GB DDR4]   
Computer Vision: EfficientDet -D0 (COCO, 512x512)  |  TensorRT 8.2, Precision: INT8, BS:8 (GPU)  |  OpenVINO 2021.4, Precision: INT8, BS:8 (CPU) 
NLP: BERT-Large (Sequence length: 384, SQuAD: v1.1)  |  TensorRT 8.2, Precision: INT8, BS:1 (GPU) |  OpenVINO 2021.4, Precision:INT8, BS:1 (CPU) 
Text-to-Speech: Tacotron2 + Waveglow E2E pipeline (input length: 128)  |  PyTorch 1.9, Precision: FP16, BS:1 (GPU)  |  PyTorch 1 .9, Precision: FP32, BS:1 (CPU)

Comparisons of one NVIDIA A2 Tensor Core GPU versus a dual-socket Xeon Gold 6330N CPU

1X

8X

0X 2X 4X 6X 8X 10X

CPU

NVIDIA A2

Inference Speedup

Computer Vision (EfficientDet-D0)

1X

7X

0X 2X 4X 6X 8X

CPU

NVIDIA A2

Inference Speedup

NLP (BERT-Large)

1X

20X

0X 5X 10X 15X 20X 25X

CPU

NVIDIA A2

Inference Speedup

Text-to-Speech (Tacotron2 + Waveglow)
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NVIDIA A100X NVIDIA A30X

A100 / 30 Tensor Core GPU

BlueField-2 DPU

ConnectX-6 Dx

8 ARM A72 Cores

Integrated PCIe Gen4 Switch

2 slot FHFL

300 / 230 W

DPU GPU 

AI-Based Security5G vRAN
AI on 5G



NVIDIA CONFIDENTIAL. DO NOT DISTRIBUTE.

ΰGPU 

A100 A30 A2 A40 A16 A100X A30X

Design
Highest Perf 

Compute

Mainstream 

Compute

Entry -Level 

Small Footprint

High Perf 

Graphics

High Density 

Virtual Desktop

High Perf 

Converged 

Accelerator

Mainstream 

Converged 

Accelerator

Max Power 300W 165W 40-60W 300W 250W 300W 230W

Form Factor
x16 PCIe Gen4

2 Slot FHFL

3 NVLink Bridge

x16 PCIe Gen4

2 Slot FHFL

1 NVLink Bridge

x8 PCIe Gen4

1 Slot LP

x16 PCIe Gen4

2 Slot FHFL

1 NVLink Bridge

x16 PCIe Gen4

2 Slot FHFL

x16 PCIe Gen4

2 Slot FHFL

3 NVLink Bridge

x16 PCIe Gen4

2 Slot FHFL

1 NVLink Bridge

GPU Memory 80GB HBM2e 24GB HBM2 16GB GDDR6 48GB GDDR6 4x 16GB GDDR6 80GB HBM2e 24GB HBM2e

Multi -Instance GPU 

(MIG)
Up to 7 Up to 4 - - - Up to 7 Up to 4

Media Acceleration
1 JPEG Decoder

5 Video Decoder

1 JPEG Decoder

4 Video Decoder

1 Video Encoder

2 Video Decoder (+AV 

decode)

1 Video Encoder

2 Video Decoder 

(+AV1 decode)

4 Video Encoder

8 Video Decoder 

(+AV1 decode)

1 JPEG Decoder

5 Video Decoder

1 JPEG Decoder

4 Video Decoder

Ray Tracing - Yes Yes Yes -

Fast FP64 Yes - - - Yes

Graphics
For in-situ visualization 

(no NVIDIA vPC or RTX vWS)
Good Best Better

For in-situ visualization 

(no NVIDIA vPC or RTX vWS)

vGPU Yes Yes* Yes Yes Yes*

Hardware Root of Trust Yes Yes Yes Yes Yes

Integrated DPU - - - - - BlueField-2

Server Availability In Production In Production Q1 õ22 In Production In Production Q1 ô22

*Coming soon

*Coming soon
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NVIDIA DGX A100
5 ₤› ▄ם

8ṁ NVIDIA A100GPU ›ὓ640 GB HBM2e

GPU V100 2 600GB/s NVLink

PCIe Gen4 Ω 10 ӽ

6ṁ NVSwitch GPU

4.8TB/s 

HD 426Ⱳḧ 1

2 ṁ AMD EPYC 7742 ð›ὓ 128 

PCIe Gen4 128 

2 TB ∏
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ḧ Ω‰

CX-6 NIC

: 

8 Mellanox ConnectX-6 

HDR/HDR100/EDR InfiniBand 200GigE

/ :

2 Mellanox ConnectX-6 2

Supporting: 200/100/50/40/25/10Gb Ethernet default or 
HDR/HDR100/EDR InfiniBand

450GB/sec 

I/O PCIe Gen4ᴟ Gen3 2 ‰

DGX A100 Mellanox Quantum ᴦ

MELLANOX ᶈ
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GPU Direct Storage (GDS)



EXTREME-SCALE AI REQUIRES EXTREME IO

THROUGHPUT
Extreme throughput required as 

microservices scale across data center

ECOSYSTEM
Diverse set of standards and solutions 

in the ecosystem

LATENCY
IO latency dominates as compute shrinks

G
P

U
 G

e
n

e
ra

ti
o

n

2x IO

180
Industry-Leading Organizations

2,500
Active Contributing Members

Time

Compute

Non-overlapped IO

Scaled Tiered Sharded Streaming

LARGE DATASETS



GPUDIRECT STORAGE GA 
AVAILABLE WITH CUDA 11.4

6.6X perf benefit in DL inference

Low latency, high throughput

Multi -node storage acceleration library

Supported by a strong ecosystem

Available on DGX

OS: DGX BASEOS 5.0, Ubuntu 18.04, 20.04, RHEL 8.3

DL frameworks: PyTorch, MXNet

Data analytics frameworks: DALI, RAPIDS cuDF

CUDA 11.4 toolkit integration



WITHOUTGPUDIRECT STORAGE WITHGPUDIRECT STORAGE

GETTING DATA TO GPUs: IO

Low Bandwidth  |  High Latency  |  Limited Capacity

System Memory

CPU

PCIe Switch

GPU

NICs

Storage

Higher Bandwidth  |  Lower Latency
O(PB) capacity  |  CUDA programming model

System Memory

CPU

PCIe Switch

GPU

NICs

Storage



GDS CONFIGURATIONS ON DGX
Lower Latencies and Increased CPU Efficiency

North-south storage configuration adapters 4 and 5 used for GDS

STANDARD GDS CONFIGURATION IN DGX A100

System Memory

CPU

PCIe Switch

GPU

NICs

Storage2x
200Gb/s



GDS CONFIGURATIONS ON DGX
Lower Latencies and Increased CPU Efficiency

North-south storage configuration adapters 4 and 5 used for GDS

STANDARD GDS CONFIGURATION IN DGX A100

Converged east-west configuration adapters 0 -3, 6-9 used for GDS

HIGH-THROUGHPUT GDS CONFIGURATION 
only recommended for approved LHAs

System Memory

CPU

PCIe Switch

GPU

NICs

Storage2x
200Gb/s

System Memory

CPU

PCIe Switch

GPU

NICs

Storage8x
200Gb/s



GPUDIRECT STORAGE
SW ARCHITECTURE

cuFile user API
Enduring API for applications and frameworks

nvidia-fs driver API 
For file system and block IO drivers 
Vendor -proprietary solutions: no patching 
avoids lack of Linux enabling

NVIDIA is actively working with the community 
on upstream first to enable Linux to handle GPU 
VAs for DMA 

Filesystem Driver

Application on CPU

cuFile API, libcufile.so

CUDA

Block IO Driver

Storage Driver

nvidia-fs.ko

OS KERNEL
or THIRD-PARTY 

ALTERNATIVE

APPLICATION

Proprietary 
Distributed

File

System

Virtual File System

Storage DMA Programmed with GPU BAR1 Address

GPU Memory Storage DMA Engine



USAGE EXAMPLE

int main(void) {

ƛ // set GPU device, etc.

CUfileError_t status;
CUFileDescr_t cf_descr ; // general enough to support Windows
CUFileHandle_t cf_handle ;

status = cuFileDriverOpen (); // initialize

fd = open( TESTFILE, O_WRONLY|O_DIRECT, 0644); // interop with normal file IO
cf_descr.handle.fd = fd ;
status = cuFileHandleRegister (&cf_handle , & cf_descr ); // Check support for file at this mount

cuda_result = cuMemAlloc(&devPtr , size); // User allocates memory

status = cuFileBufRegister ( devPtr , size); // performance optimization
assert( cudaMemset(( void *) devPtr , 0xab, size ) == cudaSuccess);  
ret = cuFileWrite ( cf_handle , devPtr , size, 0, 0); // ~ pwrite : file handle, GPU base address, size,

//  offset, GPU buffer offset 

status = cuFileBufDeregister ( devPtr ); // optional cleanup for good hygiene
cuFree ( devPtr );
cuFileHandleDeregiser ( cf_handle );
close( fd );
cuFileDriverClose ();
return 0;

}

Write from GPU Memory to Local or Remote Storage



GDS THROUGHPUT
1X ESS3200 AND 2X NVIDIA DGX A100

GPUDirect Storage 
removes the system 
bottlenecks to deliver 
almost full wire speed

Typical improvements 
are 2x when the storage 
and network can support 
the throughput

A single ESS 3200 
delivering 77GB/s 
(71 GiB/s) over the 
storage fabric to two 
DGX A100s 16 GPUs (4x 
HDR)

© 2021 IBM Corporation 34

IBM Lab Testing: GDS_DirectIOread measurements 1M I/O: One ESS 3200 running IBM Spectrum Scale 5.1.1, with 

four InfiniBand HDR to two NVIDIA DGX A100 servers using storage NICS



CASE STUDY : ACCELERATING DEEPCAMINFERENCE
DALI 1.3; DeepCAM is a component of MLPerf HPC

0

10

20

30

40

8 16 32

NumPy (baseline) DALI + GDS (compat) DALI + GDS

Global Batch Size

E
ff
e

c
ti
v
e

 B
a

n
d

w
id

th
 [
G

B
/s

]

Performance benchmarking done with PyTorch DeepCAM using standard GDS configuration in DGX A100, 
UB 20.04 MLNX_OFED 5.3 GDS 1.0 DALI 1.3, EXAScaler 5.1.1 , 2.12.3_ddn29.

Application for batch size >= 32 limited by GPU compute throughput

1.0x 1.0x 1.0x

6.6x

4.7x

3.0x



GPU Direct Storage Ὧ



HOW TO DEVELOP WITH GDS?
What SW Is Needed to Get GDS to Work with DGX A100

USAGE SCENARIO

C++ CUDA application

Python application w/ NumPy reader

Spark/RAPIDS application

MECHANISM OF ACTION

Install GDS (UML + KMD)
Code change required to use cuFile API*

Install GDS (UML + KMD)
Import DALI reader (open-source)*

Install GDS (UML + KMD)
GDS integrated

*ONE CHANGE FITS ALL
EXT4 with local (NVMe) or direct attached storage (NVMe-oF)
NFS (VAST, Isilon/PowerScale)  |  DFS (EXAScaler, WekaFS)

Ὧ ⇔ : https://docs.nvidia.com/gpudirect -storage/o -direct -guide/index.html

https://docs.nvidia.com/gpudirect-storage/o-direct-guide/index.html


RAPIDS



⌠Ộ GPU ‰
“ם

GPU 

cuXFilter

Visualization

cuML

Machine Learning

cuGraph

Graph Analytics Deep Learning

cuDF

Analytics

https://rapids.ai



ӱ Ḋ
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CPU GPU

Process A
Process A

Copy and convert

Copy and convert

Copy and convert

Process B

Load Data

Store Data

Process B

GPU

Data

GPU

Data
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CPU GPU

Process A
Process A

Process B

Load Data

Store Data

Process B

GPU

Data

GPU

Data



CUDF

Apache Arrow 

Pandas API

ÅUnary and Binary Operations

ÅJoins, Merges

ÅGroupBys

ÅFilters

ÅFile readers

ÅUser Defined Functions

ÅEtc.

GPU 



CUML
GPU ᴂ scikit -learn 



CPUvs GPU

PCA
(Principal Component Analysis)

System: AWS p3.8xlarge
CPUs: Intel(R) Xeon(R) CPU E5-2686 v4 @ 2.30GHz, 32 vCPU cores, 244 GB RAM
GPU: Tesla V100 SXM2 16GB
Dataset: https://github.com/rapidsai/cuml/tree/master/python/notebooks/data

cuml (GPU)sklearn (CPU)

# import algorithm
from sklearn.decomposition import PCA

# helper functions
from helper import *

# data loading
x = load_data(2**22, 400)

# algorithm parameters
n_components = 8
whiten = False
random_state = 42
svd_solver= òfulló

# training
pca = PCA(n_components, svd_solver,  

whiten, randome_state)
_ = pca.fit_transform (x)

# import algorithm
from cuml import PCA

# helper functions
from helper import *

# data loading
x = load_data(2**22, 400)

import cudf
x = cudf.DataFrame.from_pandas(x)

# algorithm parameters
n_components = 8
whiten = False
random_state = 42
svd_solver= òfulló

# training
pca = PCA(n_components, svd_solver,  

whiten, randome_state)
_ = pca.fit_transform (x)

57.1 seconds 4.3 seconds
training time



CPUvs GPU

KNN
(k-Nearest Neighbors)

System: AWS p3.8xlarge
CPUs: Intel(R) Xeon(R) CPU E5-2686 v4 @ 2.30GHz, 32 vCPU cores, 244 GB RAM
GPU: Tesla V100 SXM2 16GB
Dataset: https://github.com/rapidsai/cuml/tree/master/python/notebooks/data

cuml (GPU)sklearn (CPU)

# import algorithm
from sklearn.neighbors import 
NearestNeighborsas KNN

# helper functions
from helper import *

# data loading
x = load_data(2**17, 40)

# algorithm parameters
n_neighbors = 10

# training
knn = KNN()
knn.fit (x)
_ = knn.kneighbors(x, n_neighbors)

9 minutes 1.12 seconds
training time

# import algorithm
from cuml.neighbors.nearest_neighbors
import NearestNeighborsas KNN

# helper functions
from helper import *

# data loading
x = load_data(2**17, 40)

import cudf
x = cudf.DataFrame.from_pandas(x)

# algorithm parameters
n_neighbors = 10

# training
knn = KNN(n_gpus=1)
knn.fit (x)
_ = knn.kneighbors(x, n_neighbors)
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IN-NETWORK ᴥ
InfiniBand 

GPU ᴥ AI
& Ṑᵣᶘ

AI
ᴥ

DPU ἷ

ᴥ

Data Processing UnitAI & ML GPU DPU

CPU
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TRADITIONAL SERVER DPU ACCELERATED SERVER

Arm ∏NVIDIA DPU

CPU

NIC

CPU

VMs Containers

VMs Containers

DATA PROCESSING UNIT
, 

︣ Ḛ| | 
| | | | 

| 
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ÁΩ 200Gb/s Ethernet and InfiniBand, PAM4/NRZ

ÁConnectX-6 Dx 

Á8 Arm A72 CPUs subsystem ðup to 2.75GHz

Å 8MB L2 cache, 6MB L3 cache in 4 Tiles

Å ‰ ט

Áᵰ › PCIe switch,16x Gen4.0

Å PCIe

ÁSingle DDR4 

Á1GbE ᵰ Ḛ

Á ᴥ

NVIDIA BLUEFIELD-2 
DATA PROCESSING UNIT
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CONNECTX-7

DATA PATH ACCELERATOR

PCIe GEN 5.0

DDR5 MEMORY INTERFACE

ARM CORES

ACCELERATION 
ENGINES

NVIDIA BLUEFIELD-3 DPU
Ω 400Gb/s Data Processing Unit

Á 220ᴑ

Á 400Gb/s Ethernet InfiniBand

Á 400Gb/s Ӛ‹ᴟ

Á X86Core 300ᾤ

Á 18M IOP/s 

Á DDR5 Memory
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Á ‰ ᴟ

Á

Ḛ Ṑ ῈṐ ḁ

Áế CPU ð16x Arm A78 Cores ∏

Á ð16x Cores, 256 Threads

Á , , 400 Gb/ s ᴦ

NVIDIA BLUEFIELD-3 DPU
Ω 400Gb/s Data Processing Unit
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NVIDIA DPU 

2020 2022 

1X

10X

100X

BlueField-2
7B Transistors
9 SPECint
0.7 TOPS
200 Gbps 

BlueField-3
22B Transistors
42 SPECint
1.5 TOPS
400 Gbps

BlueField-4
64B Transistors
160 SPECint
1000 TOPS
800 Gbps

2024 

DOCA ñONE ARCHITECTURE
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NVIDIA DOCA
ῲ DPU ᾝם

ÁBlueField DPU 

ÁGPU CUDA DPU DOCA

Áᵫ Ṫ DPU ⌠ ᴦ

Á , API & 

ÁỘᵦ

CYBER 

SECURITY 
EDGE STORAGE

PLATFORM

INFRASTRUCTURE

DOCA
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HPC AI ◦ Ṫ

ⱳ 400Gbps DPU - Bluefield -3 NVIDIA Quantum-2
NDR 400G InfiniBand

DOCA 
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NGC AI ᵫ ῟ ᴟ

Ω ᴟ ˑ ḕẽ ᴦḼỘ ΰ ל

ᾁ₰

Ὦ  

Ω ᴟ ΰ

Docker | cri -o | containerd | Singularity

ᴠ Kubernetes

ḕẽ
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Ω‰

0.0x

1.0x

2.0x

3.0x

DLRM ResNet-50 Tacotron2
v20.11 (V100) v21.03 (V100) v21.03 (A100)

Tacotron2 Training with PyTorchcontainer on 8x V100 (32GB) & A100 (40GB). Mixed Precision. Batch size: 104 (V100). 128 (A100). DLRM training with PyTorchon 1x V100 (32GB) & A100 (40GB). Mixed Precision. Batch size: 32,768. ResNet-50 v1.5 training with TensorFlow on 8x V100 (32GB)& A100 (40GB). Mixed Precision. Batch size: 256

Ω ᴟ ˑ ḕẽ ᴦḼỘ ΰ ל

ᾁ₰

Ὦ  

Ω ᴟ ΰ

Docker | cri -o | containerd | Singularity

ᴠ Kubernetes

ḕẽ
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NGC 
ӗ

Build and Secure
- ᶎ Ṍ פֿ
ꜛ ☼ם

Share
- ꜛ ⌠ Helm ᶘ ↄ

ӗ Ặ

Manage
- Ḛ ᴦ

Protect your IP
ðӗ ḚAPI Ḛ

Ặ Ḛ

NGC 

DGX, EGX, NGC 

https://docs.nvidia.com/dgx/ngc-registry-for-dgx-user-guide/index.html#ngc-container-security
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NGC ᶨ

https://ngc.nvidia.com/catalog/model -
scripts/nvidia:bert_for_pytorch/quickStartGuide

https://ngc.nvidia.com/catalog/model -
scripts/nvidia:resnet_50_v1_5_for_tensorflow/quickStartGuide

ResNet-50 for TensorFlow BERT for PyTorch

https://ngc.nvidia.com/catalog/model-scripts/nvidia:bert_for_pytorch/quickStartGuide
https://ngc.nvidia.com/catalog/model-scripts/nvidia:resnet_50_v1_5_for_tensorflow/quickStartGuide


Source: Ericsson

╥ᴥ ( ) 


