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Stable Diffusion ChatGPT
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Insight Face Briefly
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smoke rises from a fire In
; the mountains

what Is the source of the
smoke?

' > a wildfire
g7 S

where is this?

" b california

Y. {

what is the recommended
action?

evacuate If possible and
e call the fire department
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New Message

Recipients

Subject

to my ghost friend Inky thanking

him for writing emails for me.
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Ghostwrite
ChatGPTZEFRHL 7=y e-mail TERL 7> X2 > k

ATIXE

Have you tried ChatGPT or Bard? Lots of fun! Try it!

When you try
ChatGPT for the
first time and
realize it's amazing

} B S
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' Supermeme.al
"

Super Meme

ANXZBICIH Lo — L (FRLEEGIF) Z 5K

=

110 EDSEE

When someone asks you
why they should try Bard,
but you just can’'t put into
words how great it is

[ X it
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Adobe Firefly DragGAN
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“DragYourGAN:InteractivePoint-basedManipulationontheGenerative ImageManifold”,
XINGANGPAN, et.al, SIGGRAPH23 SINVIDIA. I



Origainal ilbustration
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driginal Bne drawing

newarc.ai

Generated: Leather backpack

Censrated: White wedding dress

Cenerated: N ylon navy Dackpack

Generated: Yellow dress

Generated: Waterproof backpack

Describe your music Condition on a melody (optional) File or Mic

A grand orchestral arrangement with O file mic
thunderous percussion, epic brass

fanfares, and soaring strings, creating a
cinematic atmosphere fit for a Samurai de File
battle.

]

]

O e T

Generate

A grand orchestral arrangement with thunderous
percussion, epic brass fanfares, and soaring strings,

i
| | I I
- - I"' [ - | E—— | 1]

creating a cinematic atmosphere fit for a Samurai battle.

Music gen

<ANVIDIA. I



Encoder

Inputs

QOutput probabilities
T

Decoder

T

Quputs
(Shifted right)

Cutput probabilities

T

Softmax

.-Tn.

Linear

}

[

I,-r-——) Add & norm
Feed forward
N
./'_) Add & norm
Multi-head
attention
T 7
M
4(.:’5_@
Input

Output embedding

T

Inputs

Add & norm

Feed forward

T

Add & norm

Multi-head

attention

W | s J/‘_J‘
| J

A

hd!i&nnrm

Masked multi-
head attention

N

T 7

AR

Output embedding

T

QOutputs

(shifted right)

RNN

LSTM

T
L
oF
il
./

EL = }

TC
1 L
;l_
M

'~
]
;&
Il

P
=)
Il

block output

LSTM block

peepholes

forget gate

input

block input

output

mnput

S

recurrent

% recurrent

P
r i 'ﬂ'
!y

mnput

input gate

input

‘
recurrent

...........

]
---------

<ANVIDIA. I



Test Loss

L = (Cmin/2.3 - 108) 0050

10-7 10-° 10-% 10~

Compute
-F-adays, non-embedding

mETILDORT—ILA

= (D/5.4 - 1013)—0.095

1.8
4.0
3.2
2.4
108 109
Dataset Size
tokens

Scaling laws for neural language model, Jared Kaplan, et al., Jan 2020& nvibia I

2.6

= (N/8.8 - 1{]13}—&{1?&

103

107 109
Parameters
non-emobedding
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Transformerl g = 28 T81Z

10,000,000,000 - "
TransformerlAf# = 25 T21515 5l M
MT NLG 530B
o
1,000,000,000 GPT-3 ® Chinchilla
° o
BLOOM
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. Microsoft T-NLG
7 ©
% GPT-2 e
~ 10,000,000 ®
L Megatron-NLG
3 XLNet
8_ @ Wav2Vec 2.0
QL 1,000,000
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> InceptionV3
E 100,000 ® BERT Large
O :
@ Resnet %GPT-1
5 Seq2Seq ® Transformer
S 10,000 ® ® ResNeXt
- _
.C:U VGG-19 . oEl Mo
|_
1 000 DenseNet201
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AlexNet
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€7 I/)LY 1 X(B)
OPT (Meta) May-2022 175 180B Token 992 80G A100 -
GLM (BEKXF) Oct-2022 130 400B Token 768 40G A100 60
BLOOM (BigScience) = Nov-2022 176 366B Token 384 80G A100 105
LLaMA (Meta) Feb-2023 65 1.4T Token 2048 80G A100 21

MT-NLG (MS/NVIDIA) Jan-2022 530 270B Token 4480 80G A100 -

NVIDIA



NVIDIA H100
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B&E O Al/HPC tEEE
4PF FP8 (6X)| 2PF FP16 (3X)| 1PF TF32 (3X)| 60TF FP64 (3X)
3TB/s (1.5X), 80GB HBM3 memory

TRANSFORMER EF)LANDE&E1L

6X faster on largest transformer models
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/ Fully isolated & secured instances, guaranteed QoS

2" Gen MIG | Confidential Computing

=
»
E=—H
i-
1
L |
I

PERERTRT—FTINBA>2—%T k

Custom TSMC 4N Process | 4.9 TB/s Total External B/W
900 GB/s GPU-2-GPU connectivity (1.5X) | 128GB/s PCl Gen5



MLPerf Training v3.0
2TOT7—70—RICEVWTERREZ GCER

Time to Train
| ower Is Better

ResNet-50v1.5 k - wm 88.2
3D U-Net
|
BERT-Large I - -m 479
RetinaNet - w. 232
(Y
Mask R-CNN
e
RNN-T
GPT-3 312

New

Workloads | DLRM-DCNvZ2

0 5 10 15 20 25 30
Minutes to Train

m Intel Xeon Platinum 8480+ Habana Gaudi2 Google TPUv4 (MLPerf Training v2.0 for Reference) m NVIDIAH1T00

MLPerf Training v3.0. Fastest time to train on each benchmark by each submitter’s platform

| Format: Chip count, Submitter, MLPerf-ID | ResNet-50 v1.5: 3584x NVIDIA+CoreWeave 3.0-2002, 8x Intel-Habanalabs 3.0-2017, 32x Intel 3.0-2011 | 3D U-Net: 768x NVIDIA 3.0-2075, 8x Intel-Habana Labs 3.0-2016 | BERT-Large: 3,072x

NVIDIA+CoreWeave 3.0-2001, 64x Intel-HabanalLabs 3.0-2015, 32x Intel 3.0-201 1, 4,096x Google 2.0-2012 | RetinaNet: 768x NVIDIA 3.0-2077, 32x Intel 3.0-201 1, 2,048x Google 2.0-2010 | Mask R-CNN: 384x NVIDIA 3.0-2066, 2,048x

Google 2.0-2010 | RNN-T: 512x NVIDIA 3.0-2070 | GPT-3: 3,584x NVIDIA+CoreWeave 3.0-2003, 384x Intel-Habanalabs 3.0-2014 | DLRM-dcnvZ2: 128x NVIDIA 3.0-2065. SANVIDIA.

The MLPerf ™name and logo are trademarks of MLCommons Association in the United States and other countries. All rights reserved. Unauthorized use strictly prohibited. See www.mlcommons.org for more information. I



http://www.mlcommons.org/

Model Size (in billions of parameters)

1000

100

s
-

0.01

EFILDGPUICEL S L) ?

DEFEDOEN
[GF'T-E‘; ,#;"f MEEEtI’DI‘I-TUI’iI‘IE MT'NLG L;5BOB/ \ 7 >< _ g
175B o = :
- WEESE . BEEE T 2,120 GB (m FP32)
Megatron-LM 7 uringNLG c ETILEIARTXEVICAO—RT BT,
(8.38) s “{'EEZB)
ﬂ.-"" TS | 8xA100 (SOGB) -Ij-_/\“b\\\ 3 lﬁ?’%%g
/7 (11B)
S o« T—F DI XE)DHHANE
, (1.5B) Q: EERE S/ TWVWBDH ?
ey A: 280xA100 (=35 nodes) T 8-way tensor parallel & 35-
BE[ELL;'?E way pipeline parallel D €7 /L% & 4480GPUD T 5 X A
¢ TF— &5
E:]TE; For example, for the 230 billion model, each model replica spans 280 NVIDIA AT00 GPUs,
with 8-way tensor-slicing within a node and 35-way pipeline parallelism across nodes. We
then use data parallelism from DeepSpeed to scale out turther to thousands of GPUs.
2018 2019 2020 2021 2022

https://developer.nvidia.com/blog/using-deepspeed-and-megatron-to-train-megatron-turing-nlg-530b-the-
worlds-largest-and-most-powerful-generative-language-model/
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https://developer.nvidia.com/blog/using-deepspeed-and-megatron-to-train-megatron-turing-nlg-530b-the-worlds-largest-and-most-powerful-generative-language-model/
https://developer.nvidia.com/blog/using-deepspeed-and-megatron-to-train-megatron-turing-nlg-530b-the-worlds-largest-and-most-powerful-generative-language-model/
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NeMo Framework
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NeMo Framework 4 gE - £33

N S

800 GPU 480 GPU 160 GPU 64 GPU
(100 DGX A100) (60 DGX A100) (20 DGX A100) (8 DGX A100)
GPT-3: 126M 0.07 0.12 0.37 0.92
GPT-3: 5B 0.8 1.3 3.9 9.8
GPT-3: 20B 3.0 6 18.1 45.3
GPT-3:40B 0.6 10.9 32.8 82
GPT-3: 175B 28 46.7 140 349.9
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