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Transformer Engine B2



NVIDIA H100

Unprecedented Performance, Scalability, and
Security for Every Data Center

I <A NVIDIA.

Highest Al and HPC Performance
APF FP8 (6X)| 2PF FP16 (3X)| 1PF TF32 (3X)| 60TF FP64 (3.4X)

3.35TB/s (1.5X), 80GB

BM3 memory*

Transformer Model Optimizations
6X faster on largest transformer models

Highest Utilization Efficiency and Security

7/ Fully isolated & secured instances, guaranteed QoS
2"d Gen MIG | Confidential Computing

Fastest, Scalable Interconnect

900 GB/s GPU-2-GPU connectivity (1.5X)
128GB/s PCI Gen5

*TSUBAME4.OICHEFH INTWA ET ILIL
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World's Most
Advanced Chip

Confidential
Computing

The Engine for the World's Al Infrastructure
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FP8

7A—=< v b

FP32=0.3952

SIgn exponent mantissa

rPl6 0O O(1 1,01 1|00 |1 (0|1 |0/|0 |11 =03590.204

BFle| O | O | 1 1 1 1 |1 (0 1 110010 1 | 0 | =0.354531

FP8 EAM3 | O 1 =0.40625

FPFEESM2| 0 | 0 | 1 1 0 1 | 1|0 =0.375
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- 8bitfg E D GEMM

« 10

bit D 21Z DFLOPS

- 32x of FFMA (64x with 2:4 sparsity)

F (12X

SDFP87 +—< v F DEAE -

. 47

- EAM3xE4AM3, ESM2XE5M2, EAM3XES5MZ2, ESM2XE4M3

- HIZFP16 or FP32

o R A TE A
- 8-bit <-> 32-bit/16-bit
- FP8->FP16
- FP16/FP32 -> FP8

q AN
N—FRK) TS
FP8 Tensor Core

FP8
matrix

FP8
matrix

multiply

accumulate

FP32|FP16
matrix

<ANVIDIA. I



FPSDOF =

HEooEHEL
FP8 Tensor Corel3 16bit Tensor Core® 2{& D ;EE &

M

XEY T 71 ADERL
16bit -> 8bitIc L B2 XEY T 7 4 v 7 DHIE

¥Rlsis~O T 704 R85
FPES TCHEEEBFADETIVIEFICLBEEEAS(FIZ Ly
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FP16 £ FP8IZH T 5 Mixed Precision®iE Ly

Scaling Factor

- FP16: E—®Scaling factorZ backward passiZ DAL %

——/_\

- Scaling factor ® Z 5 |ZOverflow/UnderflowF £ R 21T 5

) <=

-20-19-18-17-16-15-14-1312-11-10 -9 -8 -¥ 6 -5 -4 -3 -2 1 0 1 2 3 4 5 6 7 & 9 10 11 12 13 14 15 16 17 18 19 20

- FP8: Tensor# ZScaling factor = 2 |
- Scaling factor(forward/backward 77 (ZXJ L TUHNE l\l\ —,\h __,,.\h -:\H

- E4M3 for forward, E5SM2 for backward _®—®—®_
- EH—DScaling factor CIZFEEBETEH L
Scaling factor 1 Scaling factor 2
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Transformer Engine
FP8D 76D 7 A4 77 Y

Transformer7 By 7 & &RICFE T H71=20DF—T >/ —X 7477 Y
FP8(Z &1E1t & 417-Operator

PyTorch, JAX, PaddlePaddle% t 7~ — k

X7 L — L7 —72 DONative Operator & fHA & HE AIEE

PEFE D -0 D HiEParallelismZz YR — b
https://github.com/NVIDIA/TransformerEngine
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BT D1 EE

Since last GTC

Values Values
Keys Keys
Queries l B TN Queries
Multi-query attention Grouped-query attention

where

RMS.(z) = \ ;ll- gz? + €

RMSNorm Sliding Window attention

Including zero-centered gamma support
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BT DT EE

Since last GTC

GLU activations Rotary Position Embeddings Parallel Transformer
ReGLU, GeGLU, SwiGLU Fast fused implementation Falcon architecture

shavd nutialize

Gy
forward
Pass

werght

G
backward
pass

CPU offloading of activations Lazy weight initialization in PyTorch
Using “meta” device
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pDipTA X b—JL
pip install git+https://github.com/NVIDIA/TransformerEngine.git@stable

NGC container % &£ £
docker run --gpus all -it --rm nvcr.io/nvidia/pytorch:24.04-py3

NVIDIA



Transformer Engine API

Transformer % &

ERN T A ET 12— L

Transformer Layer

LayerNormLinear

QKV
Projection

Normalization

p

L

DotProduct
Attention

~

Linear

A

LayerNormMLP

Normalization MLP

- FP8 supported modules
- te.Linear (nn.Linear compatible)
- te.LayerNorm (nn.LayerNorm compatible)

- Optimized core attention
- te.DotProductAttention

 Fused/combined modules

- Te
- Te
- Te
- Te

.LayerNormLinear
.LayerNormMLP
.MultiHeadAttention
.TransformerLayer
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Transformer Engine

Enable autocasting to FPS8.

with te.fp8_autocast(enabled=True,
fp8_recipe=fp8_recipe):
out = model(inp)
loss = out.sum()

loss.backward()

fp8_autocast context manager ® NELTld Transformer Engine® Operator CFP8%Z (A d 5 & 5 (Z74 %
FP8 recipe Thistory window® & &, Scaling factorDitEICAHWS 77/)L OV X Lfs ¥ %15 7E Al &8

T IILD S bTransformer Engine® EY 2 — )L TR EN-EDUNEZEE I A L
FP16/FP8 ™M mixed precision training® 7= (Z1&. Framework DAMP & fHAEHE 2 or ETILEEZ 16bit TA— K9 5

Backward passii fp8_autocast OANA TEHT 2 EH Y (FP8Drecipeldforward pass® H D %z 5| Z# <)

NVIDIA



EE=ZDETFILADER

Linear/LayerNorm D& Z ##2 2

- nn.Linear / nn.LayerNorm%
te.Linear / te.LayerNorm (CT:1TE XX

. :_ T IVIER R ICRHE
i — KAAET I

- BV 12— I)LDIEERIE.
—

state dictliTE |

HICEXMWMZAZENT
T —F% T 7 F v ITHKFL

- TransformerAT3%H Linearz &4 E T )LIC

(]

Z

=]

}

&

] A] BE

BertAttention
BertSelfAttention

query:.: nn.Linear

key: nn.Linear

value: nn.Linear

BertSelfOutput

dense: nn.Linear

LayerNorm:

nn.LayerNorm

BertIntermediate

dense: nn.Linear

BertOutput

dense: nn.Linear

LayerNorm: nn.LayerNorm

BertLayer

BertAttention
BertSelfAttention

BertSelfOutput

BertIntermediate

BertOutput

for name, module in model.named_children():

if isinstance(module, nn.Linear):

te_module = te.Linear(
module.in_features, module.out_features)

te_module.weight.copy_(module.weight)
te_module.bias.copy_(module.bias)
setattr(model, name, te_module)

elif isinstance(module, nn.LayerNorm):
te_module = te.LayerNorm(...

- te. TransformerLayer EHIZE LT S &
/f:| /\7 A — V/Z /%E%

- HF accelerate / PyTorch nghtnlngfok & D3rd-party
ibrary CFP8% 5/ 9 % 43 IS OAATET
IWDNEIRSND

\Irn
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te.TransformerLayer % £z

I <A NVIDIA.

- te.TransformerLayer &z L THIE/AH N
[weightz#F Y Y FI)LDlLayerE&E vy B> 79 5

» BaE b I A7

- FP8% &

SR TAE

1
\
—

o .:.15_@

LA A E

EREICLEAERKD/IR T+ —T R

I LW —XIZENTHZ L DOSSEE LV

) BNEDYR U

) 7z Attention =3

- Flash Attention, CuDNN Attention

- BV 14— IILIEFELE

ETILEOEREP/NT X

7b%>7i_

_Q@V‘/t/77f)‘/ \;C

Huggingface Llama2(C BT A5 R F 21— U7

input_layernorm

weight -

——

self_attn
layernorm_gkv

self attn

e —

— layer_norm_weight

I —» query_weight

q_proj

—» key weight

K_proj

—» value weight

V_proj
0 _proj -

proj

post_attn_lay

_layernorm
weight

» weight

layernorm_milp

mlp

gate proj
up_proj —-—-—"‘/

= |ayer _norm_weight
—» fc1_weight
—»fc2_weight

down_proj

LlamaDecoderLayer

TransformerLayer

class TELlamaLayer(te.TransformerLayer):

def

init (self,

config, layer_ 1idx:

super(). init (
config.hidden size,
config.intermediate size,
config.num_attention heads,
activation=“swiglu”,
normalization=“RMSNorm”,

)

def forward(self,
return super().forward(
inputs, attention mask, ...)

int):

inputs, attention mask,

https://docs.nvidia. Com/deeplearnmg/transformer engine/user- gwde/examples/te llama/tutorial_accelerate_hf_llama_with_te.html



https://docs.nvidia.com/deeplearning/transformer-engine/user-guide/examples/te_llama/tutorial_accelerate_hf_llama_with_te.html

)
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B—FN—FT 47477 ) BETOFHA

) CE T ILD—ER% Transformer Engine® £ 2 —JLICZEH# L, fp8_autocast 7 v 79 3
=7 )LZE X LayerNorm [ Linear® 1:1 Ci& X i

z
=Y 1 —LICEE R o NT-ERD LN DprecisionldF 7 A4 77 U OEREICUTF

Transformer Engine® -

Huggingface Accelerate:

from accelerate import Accelerator
from accelerate.utils import FP8RecipeKwargs

kwargs = [FP8RecipeKwargs(backend="te", ...)]
accelerator = Accelerator(mixed_precision="fp8", kwarg_handlers=kwargs)

model, optimizer, train_dataloader, eval_dataloader, 1lr_scheduler = accelerator.prepare(
model, optimizer, train_dataloader, eval_dataloader, lr_scheduler
)

PyTorch Lightning:

# Select 8bit mixed precision via TransformerEngine, with model weights in bfloat16
trainer = Trainer(precision="transformer-engine")

# Select 8bit mixed precision via TransformerEngine, with model weights in float16
trainer = Trainer(precision="transformer-engine-float16")

# Customize the fp8 recipe or set a different base precision:
from lightning.trainer.plugins import TransformerEnginePrecision

recipe = {"fp8_format": "HYBRID", "amax_history_len": 16, "amax_compute_algo”: "max"
precision = TransformerEnginePrecision(weights_dtype=torch.bfloat16, recipe=recipe)
trainer = Trainer(plugins=precision)

NVIDIA



- Megatron-Core® GPT-&-

NeMo / Megatron-Core

E§7 IE'EﬁE

M

* YAMLZ 7IZCLIO 7 2 7 TIEET 57217 T

by CLI:

by YAML:

5 73 Transformer Engine D #/)

7 )L ETransformer Engineh A A F LT3

] A] BE

TOH A

_Jfl/l\

model.transformer_engine=True \

model. fp8=True

python /opt/NeMo/examples/nlp/language_modeling/megatron_gpt_pretraining.py \
--config-path /opt/NeMo-Megatron-Launcher/launcher_scripts/conf/training/gpt3 \
--config-name 1b_improved \

model:

## Transformer Engine
transformer_engine: True
fp8: True

fp8_e4m3: False
fp8_hybrid: True
fp8_margin: ©
fp8_interval: 1

fp8_amax_history_len: 1024 #
fp8_amax_compute_algo: max #

fp8_wgrad: True
ub_tp_comm_overlap: False
tp_comm_atomic_ag: False
tp_comm_atomic_rs: False

t sets fp8_format
t sets fp8_format
t scaling margin
 scaling update interval
Number of steps for which amax history is recorded per tensor

‘'most_recent' or 'max’'. Algorithm for computing amax from history

¢ enables fp8 in TransformerLayer forward
recipe.Format.E4M3
recipe.Format.HYBRID

< NVIDIA. I



N7 =2V RAALEDT=-HDTips

Master weightA'FP32 D354 . FP16/BF 16D mixed precisionZ H 7 o9 HAT 5
te.fp8_autocast D&% {FH - 7355, Linear/LayerNormI|ZFP8 CTEtE & 11 2 AL IXFP32(C 7% %
T T I)L7Z 16bit Tt AIAA TWL B I5E(full bf 16/fp16 training). Bl A XTI lENE

Transformer® & Layer7= |7 Tl 7 < Output(token classification) Dense Layerbt te.Linear(Z L TH <
Language ModelingD &, %77 DT —ATiwxHAXE L Dense Layer
FP8 Tensor Core% £ 5 7= % (Zldvocab_sizeZ 16 DIEHIZT 2 mEDH 1

—

Gradient accumulation® &
FP8®scaling é:welght@iﬂvﬁ Jgradient accumulation D &#) DiterationD & TITH AL 5
F ==~y KD

NVIDIA



FPS T

PyTorch + TransformerEngine
N7 =XV AETIEEERINGTWA, ETILFEEFRD I A v JEREEICIEE
T EJODEvaIuatlonT37>7f”L L. Training loop& @ L &£ - IZ fp8_autocast THU/ZIT TERTZ 3
FPETHFE L TWAEWET I ZFP8TH#wmY 3% 5. Scaling factor=Egi*¥ vV 7L — 3 A wE
Fyr 7L —varyETETHNIL, FPBDweightDA O —K$ 5 Z &4 AEE

ONNX -> TensorRT export
Transformer EnginelZONNXIZ T 7 X7RK— b § % 7= Dhelper methodh'EZ
FICLLMEA D HEEm M LS

i

l_
()/\,
=
~
<
N

TensorRT LLM / NIM LLM

BEDLLMT7 —F T 7 F v RAIFICRH /NN T+ =T VY ADRWAE
TP/PP/EP7: & & & Parallelism (2 X /&

TensorRT LLMI(Z 48 B @ Post-Training Quantizationt8e = > T\ 5 7%, TETFEE L 7=ScalinglZ £ 73 Ly
FP8 Post-Training Quantization on TRT-LLM doc:

NVIDIA


https://github.com/NVIDIA/TensorRT-LLM/blob/v0.9.0/examples/llama/README.md#fp8-post-training-quantization

Performance Results
GEMM only

H100 FP8 Speedup over H100 FP16/BF16

—@—=1536x1536 =@=4608x2048 =9—3072x3072

1000 2000 3000 4000 2000 6000 7000
GEMM K

8000

9000
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Performance Results
GPT-3 model using NeMo Megatron, H100 FP8 vs ATOO FP16/BF 16

126M oB 208 408

End -to-end training throughput comparison, results gathered using BigNLPcontainer version 23.02 on 8 nodes (64 GPUs).

<A NVIDIA. I
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- FP8 for Deep Learning(GTC2023): https://www.nvidia.com/en-us/on-demand/session/gtcspring23-s52 166/

C J

Network Metric  16-bits FP8

GNMT BLEU 2483 24.65'
Vaswani Base BLEU 26.87 26.83'
Vaswani Large BLEU 28.43 28.35'
Transformer-XL Base FPPL® 22.71 22.76
Transformer-XL Large FPL* 17.90 17.85
Megatron BERT Base Loss* 1.352 1.357"
Megatron BERT Large Loss* 1.163 1.167"
JoC BERT Large F1 89.89 90.23
TS Base F1 91.68 91.88
TS Large F1 93.41 93.66
TS Base Rouge 42.88 42 B8
TS5 Large Rouge 43.84 43.64
GPT 126M PPL* 19.36 19.50
GPT 357TM PPL® 14.07 1417
GPT 1.3B PPL* 10.77 10.78
GPT 5B PPL* 8.95 8.98

GPT 22B PPL* 7.21 7.24

GPT 175B PPL* 6.65 6.68

'Experiments on different FP8 recipe choices

* Lower means better

B/ Y8R
E'éE

126M BF16===  126M FP8
o8 BF16 == e= 5§ FP8
1756 BF16 == «= 1758 FP8

1.3B BF16 == == 1 3B FP8
228 FP16 == == 208 FP8

4

1

4

\
t

Perplexity

% of Training

Results based on running on A100 (16-bit Tensor
Cores) with FP8 |0 and on H100 FP8 Tensor Cores

JLT16bit training & LEER L TR ELREDITE R SN T LA L

<ANVIDIA. I


https://www.nvidia.com/en-us/on-demand/session/gtcspring23-s52166/

Useful Links

» Github: https://github.com/NVIDIA/TransformerEngine

- Documentation: https://docs.nvidia.com/deeplearning/transformer-engine/user-quide/

- GTC Sessions:

- FP8 for Deep Learning(GTC23):
https://www.nvidia.com/en-us/on-demand/session/gtcspring23-s52166/

- FP8 Training with Transformer Engine(GTC23):
https://www.nvidia.com/en-us/on-demand/session/gtcspring23-551393/

- What's New in Transformer Engine and FP8 Training(GTC24):
https://www.nvidia.com/en-us/on-demand/session/gtc24-s62457/

<ANVIDIA. I


https://github.com/NVIDIA/TransformerEngine
https://docs.nvidia.com/deeplearning/transformer-engine/user-guide/
https://www.nvidia.com/en-us/on-demand/session/gtcspring23-s52166/
https://www.nvidia.com/en-us/on-demand/session/gtcspring23-S51393/
https://www.nvidia.com/en-us/on-demand/session/gtc24-s62457/
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NVIDIA NeMo IZ&K B R Al ETILDEE, hAATA X, EH

NeMo Framework

NeMo Microservices

NeMo Curator

.

NeMo Aligner

&

gl Microsoft
Wl Azure

dWS$s

\/—7

ORACLE

HE=m D = ERAL

gt

v

Q.

NVIDIA NIM

Retrieval Augmented
Generation

—@

4 \
llr X
A |
\ ’

~ rd

\_‘__/

$ |

NeMo Retriever
Microservice

»

I’/’- \\\\
) E l
\\\ "/f
B
greli—
H B
A ad @

H— KL —JL

7N

s

>~

NeMo Guardrails

NVIDIA NeMo

" NVIDIA Al Enterprise

DAL Technologies

v

IR —T7AXT 75— 3 DR

Hewlett Packard
Enterprise
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NVIDIA NeMo Framework

HARXRRARXADEDITY RY—TIZV KD TIT R AT A TR IL—LT]—7

HF

S

=
]

> H A
=T LB,

Q. Type [/] to search b

= O NVIDIA /| NeMo

¢> Code (%) Issues 53 i1 Pull requests 85 () Discussions (v) Actions [ Projects (U Security 2 |~ Insights

&> Watch 192 ~ Y Fork 2.2k - Starred 10.3k -

“4 NeMo Public

&
NVIDIA.

NEMO

P main -~ I 548 Branches (> 55 Tags

Q. Gotofile 1

evellasques fix typos in convert_mixtral_nemo_to_hf.py and convert_star... @8 -~  136aeee - & hours ago

Add file -

vL) 6,522 Commits

About

A scalable generative Al framework built
for researchers and developers working
on Large Language Models, Multimodal,

W .github comment out flaky tests (#9333) 9 hours ago and Speech Al (Automatic Speech
_ Recognition and Text-to-Speech)
" docs FP8 feature documentation (#9265) 11 hours ago
& docs.nvidia.com/nemo-frameworkfuse...

M examples Mcore dist opt ckpt fix (#9156) last week

machine-translation tts
M external Final merge r1.6.0 main (#3570) 2 years ago )

NeMo Framework S GRS

M nemo [Nemo-UX] Move code to collections + fix some small bu... 5 days ago deeplearning speaker-recognition  asr

multimodal speech-translation

MVIDIA NeMo™ Tramework supports

B requirements

convld stable version (#9330)

14 hours ago

large-language-models

" scripts fix typos in convert_mixtral_nemo_to_hf.py and convert_... 6 hours ago speaker-diariazation  generative-ai
EI"HZEI’FI-I'lEE! dE"..-'ElDIEIII"I"IEr"I'[ of LLMs and
0 tests [Nemo-UX] Move code to collections + fix some small bu... 5 days ago [0 Readme
g E ﬂ E rat I '|'I'E "ﬂll m D dEIE w“: h a LI [EIII"I"I atEd s 8 tools Enable using hybrid asr models in CTC Segmentation tool... last month %8 Apache-2.0 license
[Z Cite this repository «
" tutorials typos (#9314) (#9315) 4 days ago A~ Activit
NVIDIA Al Enterprise Supported  + | R
[ .dockerignore ASR patches for v1.0.0 (#2207) 3 years ago El Custom properties
N vs 10.3k stars
[ .gitignore Update PUBLICATIONS.md (#5963) last year ® 192 watching
[ .pre-commit-config.yami Update black to the latest version incrementally (#8476) 3 weeks ago Y 2.2k forks

[ .readthedocs.yml

add build os key (#7596) (#7599)

& months ago

Report repository

[ CITATION.cff Add citation (#6077) last year Releases a7
[ CONTRIBUTING.md remove unused cv collection (#4907) 2 years ago (> NVIDIA Neural Modules 1.23.0
View Labels Learn More on Feb 28
[ Dockerfile Update to using Model Optimizer (formerly AMMO) in PT... 2 weeks ago
+ 46 releases

https://catalog.ngc.nvidia.com/orgs/nvidia/containers/nemo

https://github.com/NVIDIA/NeMo

<A NVIDIA.



https://github.com/NVIDIA/NeMo
https://catalog.ngc.nvidia.com/orgs/nvidia/containers/nemo

NVIDIA NeMo Framework

“E Al ETIILEBE, D AEXXARXRDODEOTI Y RY—IZ 2V FDI 7T RZFATATHEIL—LT]—7

IIT

NeMo Framework 3> 57

/?\_QODJ’IXZQ\ f\’.j_ [/_\\/ = \/
vV EE R EFE A B
- Data Parallelism
- Fully Sharded Data Parallelism (FSDP)
* Tensor Parallelism
* Pipeline Parallelism
- Sequence Parallelism
‘ ‘ | * Expert Parallelism
EEIEE*:;EE;E 33153;:*33;3 %IEEQEEIEE - Context Parallelism
sees.— [oaeE) | | [eee— [EEEG seee] BB VERBIE/NAN=—NRTA =X BOF57-b08FH IV 74F 2L —2Y—IL
VARZTA XFEDYR— |
- PEFT, SFT, RLHF, DPO, SteerLM etc.
NVIDIA DGX SuperPODs VA= XML —=2DOY R — : SLURM, Nephele, Kubernetes
NVIDIA DGX Cloud VEELLY S IILO— K@ RA 7Y T

NVIDIA DGX Systems v E f’L:nf 1 ZBATY R — b DK
° S

https://developer.nvidia.com/nemo-framework * Multimodal (text2image, VLM &)
- Speech

=S
H-
M
/|

<ANVIDIA. I


https://developer.nvidia.com/nemo-framework

NGC

- example:

- docker pull nvcr.io/nvidia/nemo:24.05

Containers » NeMo Framework

NeMo Framework

<3

NVIDIA.

NEMO

Features

NVIDIA Al Enterprise Supported

Signed Images

Description

NVIDIA NeMo™ framework supports
enterprise development of LLMs and
generative Al models with automated
data processing, model training
techniaues. and flexible deplovment

Overview Tags Layers

Q Search

Security Scanning  Related Collections

NeMo®DA4 A F—ILF|BE

Get Containe

o A public key is required to validate the signed images below. View all public Keys maintained by NVIDIA.

N7 dev

06/04/2024 5:37 AM

D 2405

05/31/2024 6:34 AM

£5.26 GB

24.3 GB

1 Architecture

1 Architecture

nvcer.io/nvidia/nemo:dev

nvcer.io/nvidia/nemo:24.05

Github

« example:
apt-get update && apt-get install -y libsndfile1 ffmpeg
pip install Cython

pip install nemo_toolkit['all']

- Z DM, Github_E(Zpip(EX
docker COEZEFIEA H Y

T AIRTE)NY —XEIL K,

Install NeMo Framework

The NeMo Framework can be installed in a variety of ways, depending on your needs. Depending on the domain,
you may find one of the following installation methods more suitable.

« Conda [ Pip - Refer to Conda and Pip for installation instructions.
o This 1s the recommended method for Automatic Speech Recognition (ASR) and Text-to-Speech (TTS)
domains.

o When using a Nvidia PyTorch container as the base, this Is the recommended method for all domains.

* Docker Containers - Refer to Docker containers for installation instructions.
o NeMo Framework container - nver.io/nvidia/fnemo:24.05

« LLMs and MMs Dependencies - Refer to LLMs and MMs Dependencies for installation instructions.

Important: We strongly recommended that you start with a base NVIDIA PyTorch container:
"nvcr.io/nvidia/pytorch:24.02-py3°

<ANVIDIA. I



NVIDIA NeMo Framework® 3 > 748k

s D
NGC Pytorch
77
_
NVIDIA GPU | m_ﬂcént g NeMo A
PyTorch a7 7 (LLM, Multimodal,
4 R Speech)
_ y,
Megatron LM ERABIRDBD 7 L — L — 7
(Megatron Core)
N\ y, s D
3D/XF L ILIZ & BHEEE NeMo Framework
- N Launcher NeMo Framework
Transformer \ J AT 7T
Engine FrTL VTV RDT T RARBETD
N\ Y FE - kB X7 U 7 . AutoConfigurator
FP8)FEA 7 3/ (C - -
Transformer® 7 /L D 51l |
- - NeMo-Aligner
ammo L \ -
RPN ET IV ZFHEST 250D —ILF v b
\_ Y, StreerLM, RLHF AR ¥ AR Z <A XFEH T HR—
ETILEFIDI=HDY—ILF v | - ~
: | | - NeMo Curator
PyTorch Lightning . )
\_ Y, T—XF¥Fal—3Y—ILFv b

24.05 O > T F TOHERK
https://catalog.ngc.nvidia.com/orgs/nvidia/containers/nemo
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https://github.com/NVIDIA/NeMo
https://catalog.ngc.nvidia.com/orgs/nvidia/containers/pytorch
https://catalog.ngc.nvidia.com/orgs/nvidia/containers/pytorch
https://github.com/NVIDIA/Megatron-LM
https://github.com/NVIDIA/NeMo-Megatron-Launcher
https://catalog.ngc.nvidia.com/orgs/nvidia/containers/nemo
https://github.com/NVIDIA/Megatron-LM

Megatron-LM & NeMo Framework

Core value Proposition
Megatron-LM

Nemo Framework: Easy to use OOTB FW with large model
collections for Enterprise users to experiment, train, and deploy.

Megatron-LM: A lightweight framework reference for using
Megatron-Core to build your own LLM framework.

PYTHLRCH

Transformer Engine: Hopper accelerated Transformer models.
Specific acceleration library, including FP8 training.

https://www.nvidia.com/ja-jp/on-demand/session/gtc24-s61626/
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https://github.com/NVIDIA/NeMo-Curator
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Data Parallelism Model Parallelism

----------

E
S
S—
E
—
S—

-

h________-

Tensor(intra-layer) parallelism Pipeline(inter-layer) parallelism

Data Parallelism
BFNAZNFETIL/IST XA —ZDEE A
ANT —RE=EBEDOGPUICHDE] L. IterationE |

5 A2 % all-reduce 3 %

Ml

(]

Model Parallelism

TTIL/IRNT XA =R HZEHDGPUICHE

Tensor Parallelism: &4 O L A4 ¥ — % EHDOGPUICRE], {FT XA RZLAV—0,1230ERLR5ED%sTET 5,
Pipeline Parallelism: 22 DGPUICL 4 VY —Z272E], LAV —-0,1& L4 V—233EL5GPULICH S
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 Tensor Parallelism

Model Parallelism

« ZTransformerl 4 ¥ — DT XTDOMLP & self-attention” B v 7 # GPUfE]

THET 2

o &\l//f)VU)] D7 AT —F/NZA &Ny 7T — /XX T4E|Dall-reduce D’ wh

ﬁo
c HEBEASWLT-O.

*  Pipeline Parallelism

EHOGPUIZL A V7 —

59

* Interleaved Pipeline

/ — FA@EE (NVLink) 22 % L W

%z ZEl, Pipeline ParallelismlZPipeline/X 7L % %, 7-

© BGPUIE, LAV —DEfR LIty bTEARL LAV —DEEDOT T

y b (BETIFr 7 END)

X L CsrBEZ2 %17, LAV

0,1,45& L 14 V236,73F725GPULICH %

e NT7INDOENEZETILF v 7 DT

- X7 — U Dpoint-to-pointiB{E A N E 7= DY,

NIZEEND EE DD

S

Z Nifall-reduceDEE 3 X

Wi, /— REEE (BAREY) AMEZR 5

o ————————————— ———— .

P e -———— - —————— ———

o mi i
| — | X | X4, |2} =
o e
L= XAQ ,g-) a : ‘
‘ C | ‘
A = [A;, Ag]
(a) MLP

|
inodosn

(b) Self-Attention

Figure 3. Blocks of Transformer with Model Parallelism. f and g
are conjugate. f is an identity operator in the forward pass and all
reduce in the backward pass while g is an all reduce in the forward
pass and identity in the backward pass.

Device 1 RHEER E
Device 2

Device 3
Device 4

Time

7
A

ssign multiple stages
0 each device

e

Device 1 LEELh: 3 E 67| CRE ;H -:H ;HLEHEQEN 1
Device 2 |EEEL :H 7| & ENCHEACN | e IF ;Hl},;_ggmgﬁm
Device 3 1 smi! 3 EE n? 182 5 |a 5678 g ];:E a 5 Emﬂﬂﬂulﬁ
Device 4 1234 )|RR" 4 Ms16273e4 ACEREACE) s & 7 & HE o 1112 9 10 ¢ 11 1 !IIE

Time

Backward Pass

Figure 4: Default and interleaved 1F1B pipeline schedules. The top figure shows the default non-interleaved 1F1B schedule. The bottom figure
shows the interleaved 1F1B schedule, where each device is assigned multiple chunks (in this case, 2). Dark colors show the first chunk and
light colors show the second chunk. The size of the pipeline bubble is smaller (the pipeline flush happens sooner in the interleaved timeline).

https://arxiv.org/pdf/1909.08053

https://arxiv.org/pdf/2104.04473
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Memory Saving

- N N ) _:3‘%& )
Sequence Parallelism - / ANV, A N
~ S Ny — — D = . . o | I | | | | 2
LayerNorm & Dropout’ > — 47 > XA RJTIZ > THE) L. activation i |_:_ﬂ 1| %\ °H s 5 |l [i ;{g | 2
memory % H!lis 23—z TH- 8 @ EO B EE lE o ER
- I8 R B - . W E :
4 reduce-scatter + 4 all-gather ( ~ 4 all-reduce) Z (Tensor Parallelism) 3 wEl H R0 e = i L 3
N > > —_ ~ | | |
1Bl 74T —kFE/NYy T — K T“//fj' D) Sequence | Tensor | Sequence Tensor : ' Sequence
Activation Recomputation | Parallel_g_,l Parallel \_ Parallel W Parallel -t_%_F'araIIEI |
)( -+ U (,: 'f%ﬁﬁ— % 'f—%;f/) U (,: </ \ vy 7 '7 — l\\\ VAN A HA 6: activation % _T E—l-:%io Figure 5: Transformer layer with tensor and sequence parallelism. g and g are conjugate. g is all-gather
F " t. t. t t. in the forward pass and reduce-scatter in the backward pass. g is reduce-scatter in forward pass and
Uil acCtivation reCOmpu ation all-gather in backward pass.

Transformerl 4 ¥V — DO T X TOFE/L ZBEETE
z@%@x— ) % KIGICHEBTE B2H%, 30~40%DEtE A —/N—~ v K T “=TTmmme,

YR A gl |o|TE2 |8 8 | g
82 _ 8y BTB LISz

Selective activation recomputation 5[ TE = B & o188
FIREECXEYDRL—FFTZIZEDOWT, BFTE T %activationz % - NN H ;

7 Tt
activationO X €U 7y b7 U Y bZERL, BEtEDOF —/N—~ v K rocomputation i applied (see Section 5 for more detalls on selocting setivation recomputation).
& H T M IR
Distributed Optimizer/ZeRO P P
Data Parallel GRURI TETILDIRRE (7T 14 ¥4 Y DIRRE: 1. BJEL: - - o, | fominon | st Volime
2. ETI/IRT A —=%:3) =HEF e paiel Bl B
ZeRO3TILBEB IR 2 AT 5 Y worwasz| M|,
Offloading - et | e | o
CPUD X&) 72?.7|<'J 19 %52 & TCGPUD X £ ) Z2H%HET 5H . GPU- -
CPU-GPUDEREF — /N~ K&
Aft, NTAX =R, FT7 T4 XA T DREZCPUICHTZ7H—F e 1 Memony sovinas and communication vatume for fhe tree stagesof 24RO compared it stndord dot
7 # 7 — F/XXDERICGPUD o CPU Lk_actlvatlon A T7H—FL. /Ny parallel baselne. n the memory consumpion formls, ¥ efers (o the number of parameters in @ model and K

the optimizer specific constant term. As a specific example, we show the memory consumption for a 7.5B

7 |7 . I\\\/\OZ O) Iél_' (/ CPU75\ b GPU U 7 T \/ _j_/\ / 7 ‘g— % parameter model using Adam optimizer where K:1.2 on 64 GPUs. We also show the communication volume of | NVIDIA.

ZeRO relative to the baseline.




. Llama2, Mistral, GPTZ/ 3

LLMd)N? A — & |31 hN{Em

L WEZ W Z AT Transformer-

A7 LLM @D Active Parameter#iilE D C

_T}l/

— KB LAAEY Y A4 X (F LT

PRGN
e SE: LITIEH < £ TParameterd @ — FICHER LA EY OADEYE
Model Active Parameter FP32 FP16/BF16
LLaMA 2 7B 7B 28GB 14GB
LLaMA 2 13B 13B 52GB 26GB
LLaMA 2 70B /0B 280GB 140GB
Mistral 7B /B 28GB 14GB
Mixtral 8x7B 13B 188GB 94(GB
GPT3 175B 175B /00GB 350GB
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RFHLTZLLMOEREE

. \\ SHFHE \\
KL ET5I)L X (B N . J\ — 7
SicEadisgils TAYARB) =T gy 2 N
OPT (Meta) May-2022 175 180B Token 992 80G A100 -
BLOOM (BigScience) = Nov-2022 176 366B Token 384 80G A100 105
PlaMo
Sep-2023 13 1.4T Token 480 40G A100 )30

(Preferred Networks)

LLaMA (Meta) Feb-2023 05 1.4T Token 2048 80G A100 21

1.72 M GPU hours
Llama 2 (Meta) Jul-2023 70 2T Token ??? 80GB A100 (1T XA100 GPU)
2048 C35H Z &

Llama 3 (Meta) Mar-2024 70 15T Token ca9 0 8068 _

MT-NLG (MS/NVIDIA) Jan-2022 530 270B Token 4480 80G AT00 -

NVIDIA



Model Size (in billions of parameters)

1000

100

s
-

©
s

0.01

Megatron-LM
(8.3B)

2018

ELMo
(94 M)

ETILHAGPUIZE 5752

/\ﬂ&l_Ll =) O)/Z\EEEII/-

MT-NLG[¥530B/NX 7 X — X
GPT-3 2 Megatron-Turing Tk T}l/ /_é? j—/\f X E U T I\j— % 7LC H T——ﬁ/‘\[ﬁgi ::T
(175B) NLG (5308 1,060 GB (in BF16)

« 8xXxA100(80GB) —/\AH', 25 (16 GPU) wE
¢« T—X T XTEEHYUIRINE

C

“ Turing-NLG

(17.2B)
{1255) Q:ERE IR TI‘K-LTWLEDH)? )
A: 4,480 x A100 GPUs (560 nodes)D 7 7 A X = C, —™
?1'3;; D E T /L% 280 GPUs (8-way tensor parallel & 35-way
| pipeline parallel=35 nodes) (Z9HZE| (EF/LAEF]) L T,
BERT-Large TNz 16EERE (T — &u@>tmn@5
(340M)
For example, for the 230 billion model, each model replica spans 280 NVIDIA AT00 GFPUs,
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 further to thousands of GPUs.
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/

3D ParallelismiZ & % 538 & (NVIDIA Megatron)

Efficient Large-Scale Lanquage Model Training on GPU Clusters, Deepak Narayanan et al., 2021

Data Parallelism:
/ — FNEh81E

(1B) Goal: train GPT on 1 trillion parameters
Data * J
parallelism qqq* LT |
on 6 groups i H H H H H E
of 64 nodes *q*q*q*q$q****1 | _I m
E { H | EE: ||
1 % EE i -I — TP(8) X PP(64) X DP(6) =
" - J — U:E: EEER m
Tensor J E ] ‘Bcaty 3072 GPUs
parallelism e e E o !
on 1 node EELV | _A_FA n
of 8 GPUs : jlz: 4 H -l | —
| A
%%EL{-—;EF;_ B Pipeline Parallelism:

Tensor Parallelism: ) — RSB

/ — FAB{E (NVLINK) (IB)

Pipeline parallelism on 64 nodes

@A NVIDIA. I


https://arxiv.org/pdf/2104.04473.pdf

How to Run Pretraining on NeMo Framework?

self
cluster: bem # Set to bem for BCM and BCP clusters. Set to k8s for a k8s cluster.
data_preparation: gpt3/download_gpt3 pile
quality filtering: heuristic/english
trawning: gpt3/5b
conversion: gpt3/convert_gpt3
fine tunuing: null
peft: null
prompt learning: null
adapter learning: null model:
ia3 learning: null micro batch size:
evaluation: gpt3/evaluate_all ijfiﬁ{ﬁﬁ?}i:?;1u],|,”
exDOrt: Gpt3/export opt3 ensor_model parallel size

y1peline model parallel size:
| |

rihf_rm: gpt3/2b_rm virtual pipeline model parallel size:

rlhf_ppo: gpt3/2b_ppo m

override hydra/job loggung: stdout

encoder seq length:
max position embeddings
num Layers:
stages.: hidden size
# - data prepa ration ffn_hidden size: ${multiply:4, ${.hidden_s1ize}}
. oa num attention heads:
trawning T T

| n1t _method sta:
#- COnversion hidden dropout
#- prompt_learning el , ,
— : apply query key layer scaling
#- adapter_learning layernorm epsilon: 1e-5
#- 1a3 _learnuing make vocab size divisible by:

#- evaluation pre_process:
#- E.'I:.Flﬂl r—-t POST process:

persist lLayer norm:

gradient_as bucket view

python3 main.py

https://docs.nvidia.com/nemo-framework/user-quide/latest/playbooks/pretraining.html
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PROMPT ENGINEERING PROMPT LEARNING PARAMETER EFFICIENT FINE-TUNING FINE TUNING
- Few-shot learning | . Prompt tuning . Adapters SFT
Bt .~ Chain-of-thought reasoning ~ P-tuning ~ LoRA RLHF (PPO), DPO, SPIN

System prompting . 1A3

==

SteerLM

=

Efﬁ'] \—|:| Il%%é ﬂf\_LLM%/lﬁ ]

|||n

Efﬁ'J \-Dll%ﬁéﬂf\_LLM%/Iﬁ ] EFH'J \—nll%ﬁéﬂf\_LLM%/lﬁ ]

|||r|

ERI I I L/ LLM % S5 FE

£l o L 7-RIFaHER L=k Y RWEER L 7-Em DOfER L -BE DR
. mbLEVWRERE . EwE .mmz#wéwmam .1«1@17»A7x K %
BB D7 WE PR . AWRF LA TG L =8
C BENCIRSINZLLMIZ, &2 0 IRTOETILNNTIA =R % . PEEOKRE C HWXFIILAE TN D A REME
ARER < @Zﬂww@ N XA EBD AL I RO E VAN A AN A . ML —Z v TICEED D B . ZREDOKE
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Prompt Learning

Prompt Tuning vs P-Tuning

Prompt Tuning P-Tuning
Embedding @ & B 3T R] BE 73 K5 7k INFRIR 7 LSTM (Long Short-Term Memory) €7 /L Z={E L T,
N—o o7 arT NEEILE, N~ DEETZAY T FDEBOHIAAE FTHIL £,

e et ST T T e e e e e e e e e e ———— - - - - - - - - - - - - - -

[
PromptTable, l§ PromptTable,

Update weights during training :
I_._____.__________ S e o o - e e e - e s - S e - o - e s - o )

; Update weights during training ,

Frozen pre-trained LLM Frozen pre-trained LLM
TJ77AFa—ZV T TENTA=ZNIFLEAERLRY T, SDICHELDNRNTIA =R =T 2 —ZVI7TH50BNDY X,
R=T v bDRXATIZELT DENERONTVWETA, N—FT7 7 BEERELIZTH. N=F7x7 Uy —RFEINL X7,

)y —RIhh B AR NEC Y FF,
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Adapter, LoRA, IA3

J

Adapter €3 > 7@l (LoRA) A3
ZTransformerfE (CHE A L. SEERBDZ > U 0TI % miEil Adapter & LT LB A, Key, Value, £ 7= 14
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| [ 2x Feed-forwerd ] : i | up-project i
; }:. L ) | Pretrained (o)
| | LayerNom | : i B | WE|ghtS
| : | | | l
: 5 ) [0 O] 5 k (e
i (_Adapter ] i i [ Feedforward ] i
E [Fﬂed—fnrward Iayﬂr] i i dﬂw"_rﬂ'm i a
i [ Multi-headed ] i l oxoXexoxeoxel :
X attention ) "x‘ 1 #r" ] |
. 4 L TSP P -

---------- ——— f V] —

https://arxiv.org/abs/1902.0075]1 https://arxiv.org/abs/2106.09685 https://arxiv.org/abs/2205.05638
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SCHEME=

RAIN_DS="[/path/to/dataset_1.jsonl, /path/to/dataset_2.jsonl]"”

X

="[YOUR

“lora’

R

AMES="[pu

How to Run PEFT training on NeMo Framework?

PAT
JA"
PATFH

pmed

L="YOUR FATH TO llamaZ
DS="[YOL
DS="[YOL

1 TO pu
H TO pu

TO pubmedqa/pubmedga_test.jsonl]’

ga |

-J/b.nemo’

omedqga/pu

ymedga/pu

SAMPLING_FROBS="18.3.8.7]"

torchrun --nproc_per_node=8

fopt/NeMo/examples/nlp/language_modeling/tuning/megatron_gpt_peft_tuning.py \

trainer
Trailner
trainer
trainer
Trailner

model.tensor_model_parallel_size=:

.devices=8

num_nodes=1
.precision=bf16
.val_check_interval=28 "
.max_steps=58 "
model.megatron_amp_02=False
++model .mcore_gpt=True °

{TP_SIZE} ©

pmed

pmed

model.pipeline_model_parallel_size=5{FF_SI/E} '
model.micro_batch_size=1

model.global_batch_size=8
model.restore_from_path=5{MODEL}

model.data
model.data
model.data
model.data
model.data
model.peft

https://docs.nvidia.com/nemo-framework/user-quide/latest/playbooks/llama2peft.html

Jtrain_ds.num_workers=8 °
.validation_ds.num_workers=8 °
.train_ds.file_names=5{TRAIN_DS

ga_train.jsonl]”
ga_val.jsonl)

.train_ds.concat_sampling_probabilities=[1.8]
.validation_ds.file_names=5{VALID_ DS} °
.peft_scheme=5{SCHEME }

<ANVIDIA. I
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HEHY 7274 >F a1—=2%(SFT, Instruction-Tuning)

LLM®Zero-shot/N\ T #—<T A FA LB AFEEFE

Finetune on many tasks (“instruction-tuning”)

FINETUNED LANGUAGE MODELS ARE ZERO-SHOT " aout (Commonsense Rossaniual | Ioput (Transiation
LE ARNER S Here is a goal: Get a cool sleep on Translate this sentence to |!_"IfE rence on unseen task t:'o"P:E
summer days. Spanish: ' Input (Natural Language Inference) x
How would you accomplish this goal? I{gﬁ E‘;‘; ;fqushtl:g:ntiree Premise: At my age you will probably
Jason Wei*, Maarten Bosma*, Vincent Y. Zhao*, Kelvin Guu*, Adams Wei Yu, Ii:f Emtifh of pillow cases in fridge.] | Months. nave earnt one esson.
Brian Lester, Nan Du, Andrew M. Dai, and Quoc V. Le “Keep stack of pillow cases in oven. | Target ‘ E’;iﬂ”ﬁ“ﬂ.’.‘ Eﬁ: Eﬁﬂﬂrﬁmﬁ "
Gmgle Research Target El nuevo edificio de oficinas Does the premise entail the hypothesis?
keep stack of pillow cases in fridge se construyd en tres meses. OPTIONS:
. ‘ AN _. g -yes | [-itis not possible to tell | | -no |
ABSTRACT Sentiment analysis tasks |

. Coreference resolution tasks |

It is not possible to tell
--"'-:

This paper explores a simple method for improving the zero-shot learning abilities
of language models. We show that instruction tuning—finetuning language models
on a collection of datasets described via instructions—substantially improves zero-
shot performance on unseen tasks.

We take a 137B parameter pretrained language model and instruction tune it on
over 60 NLP datasets verbalized via natural language instruction templates. We

evaluate this instruction-tuned model, which we call FLAN, on unseen task types. Performance
FLAN substantially improves the performance of its unmodified counterpart and on unseen
surpasses zero-shot 175B GPT-3 on 20 of 25 datasets that we evaluate. FLAN even task types

GPT-3 175B zero shot || GPT-3 175B few-shot [ FLAN 137B zero-shot
outperforms few-shot GPT-3 by a large margin on ANLI, RTE, BoolQ, AI2-ARC,

OpenbookQA, and StoryCloze. Ablation studies reveal that number of finetuning “ “ ii

datasets, model scale, and natural language instructions are key to the success of Natural language inference  Reading Comprehension Closed-Book QA
instruction tuning.

https://arxiv.org/pdf/2109.01652
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How to Run SFT on NeMo Framework?

Step 2: SFT Training

Now that we have the data we will use NeMo-Aligner to do the supervised fine tuning.

Terminal Slurm

To run SFT on the terminal directly. Note that the working directory must be at the NeMo Aligner repo for this to work.

python examples/nlp/gpt/train_gpt_sft.py |

=bf16
=1
=8 \
=-1
=48
=1888
=True
=/path/to/your/mcore_gpt.nemo
=de-6
=True
=0

=1 1}
=128 \
=/path/to/databricks-dolly-15k-output. jsonl
=1 ?

=128
=/path/to/databricks-dolly-15k-output.jsonl
=True
=/results
=sft_run

=dolly_sft_run
=True
=True
=True
=True
=validation_loss

https://docs.nvidia.com/nemo-framework/user-quide/latest/modelalignment/sft.html#step-2-sft-training AnviDIA I
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Human Labeled Attributes

-
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OASST with

- lellme a joke.

The tomato turned
red because it saw

the salad dressing.

Attributes

¢ Quality:

" Helpfulness:
Creativity:

Humor:

Not Appropriate:

Toxicity:
Violence:
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OASST
Prompts

https://huggingface.co/nvidia/SteerLM-llama2-13B

HH - RLHF

M-SID

SFT
OASST
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Predicted -
Attributes \ @ .
HH - RLHF > /
M-SID
Bootstrap - High Quality Retraining
un ;Q
High HQ with
R . N :ttrlhute-.l N
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HH - FILHF ! > HH - RLHF
u-sln M-SID
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https://arxiv.org/abs/2310.05344
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https://huggingface.co/nvidia/SteerLM-llama2-13B
https://arxiv.org/abs/2310.05344

How to Run SteerLM on NeMo Framework?

python examples/nlp/gpt/train_gpt_sft.py \
trainer.num_nodes=32
trainer.devices=8 |
trainer.precision=bf16 !
trainer.sft.limit_val_batches=48 !
trainer.sft.max_epochs=1
trainer.sft.max_steps=868 "
trainer.sft.val_check_interval=868 "
trainer.sft.save_interval=866
model.megatron_amp_02=True °

python /opt/NeMo-Aligner/examples/nlp/gpt/train_reward_model.py °
trainer.num_nodes=32

trainer.devices=8 \ model.restore_from_path=/models/1lama7@b
++model .micro_batch_size=2 model.tensor_model_parallel_size=8
++model .global_batch_size=512 model.pipeline_model_parallel_size=2 \
++model .data.data_impl=jsonl model.optim.1lr=6e-6 !
pretrained_checkpoint.restore_from_path=/models/llamal3b/11lamal3b.nemo ! 'm“mi'“pt“"”mme:dlg“jh”tEd-ﬂ““m—adam "
i i . i . : . . . _ : model.optim.welght_decay=8.81
‘model.data.data_prefix={train: |"data/merge_train_reg.jsonl” |, validation: |["data/merge_val_reg.jsonl”], test: | P | ] y |
o ) _ model.optim.sched.constant_steps=268
exp_manager.explicit_log_dir=/results/reward_model_13b nodel.optim.sched.warmup_steps=1 '
trainer.rm.val_check_interval=18 model.optim.sched.min_lr=5e-6 \
exp_manager.create_wandb_logger=True model.answer_only_loss=True |
exp_manager.wandb_logger_kwargs.project=steerlm model.activations_checkpoint_granularity=selective
exp_manager .wandb_logger_kwargs.name=rm_training model.activations_checkpoint_method=uniform
trainer.rm.save_interval=1@ model.data.chat=True \
. . model.data.num_workers=@
trainer.rm.max_steps=868 o | ,
_ | model .data.chat_prompt_tokens.system_turn_start=""‘<extra_id_@\>"
t+model.tensor_model parallel size=4 ! model .data.chat_prompt_tokens.turn_start=""‘<extra_id_1\>\'
++model.pipeline_model_parallel_size=1 model.data.chat_prompt_tokens.label_start=\'‘<extra_id_2\>\'
++model .activations_checkpoint_granularity="selective’ model.data.train_ds.max_seq_length=4896 \
++model .activations_checkpoint_method="uniform"” model.data.train_ds.micro_batch_size=1
model.global_batch_size=512 model.data.train_ds.global_batch_size=128
model.optim.sched.constant_steps=8 model.data.train_ds.file_path=data/oasst/train_labeled_2ep.jsonl
; . model.data.train_ds.index_mapping_dir=/indexmap_dir
model . reward_model_type="regression _
_ _ model.data.train_ds.add_eos=False '
model.regression.num_attributes=9 model .data.train_ds.hf_dataset=True
model .data.validation_ds.max_seq_length=4896
model .data.validation_ds.file_path=data/oasst/val_labeled.jsonl
model .data.validation_ds.micro_batch_size=1
model .data.validation_ds.global_batch_size=128
model.data.validation_ds.index_mapping_dir=/indexmap_dir
model .data.validation_ds.add_eos=False '
model.data.validation_ds.hf_dataset=True !

https://docs.nvidia.com/nemo-framework/user-quide/latest/modelalignment/steerlm.html

exp_manager

exp_manager

exp_manager

exp_manager
exp_manager

.create_wandb_logger=True "
.wandb_logger_kwargs.project=steerlm °
.wandb_logger_kwargs.name=acsTt_training °
.explicit_log_dir=/results/acsft_7eb °
.checkpoint_callback_params.save_nemo_on_train_end=True

<ANVIDIA. I


https://docs.nvidia.com/nemo-framework/user-guide/latest/modelalignment/steerlm.html

Useful Link

- NVIDIA NeMo Framework
 https://docs.nvidia.com/nemo-framework/user-quide/latest/overview.html

- NeMo
» https://github.com/NVIDIA/NeMo

- NeMo-Aligner
 https://github.com/NVIDIA/NeMo-Aligner/tree/main

<ANVIDIA. I


https://docs.nvidia.com/nemo-framework/user-guide/latest/overview.html
https://github.com/NVIDIA/NeMo
https://github.com/NVIDIA/NeMo-Aligner/tree/main
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nvidia-smi ZEH T

> & H RN GPURENN T DRERE %

~ [
(/1_1*

#!/bin/bash
#%-1 node h=2

#%-1 h_rt=0:03:00

source [etc/profile.d/modules.sh
module load cuda/11.8.0

source ../ddp-test/bin/activate

nvidia-smi --query-gpu=timestamp,temperature.gpu,utilization.gpu,utilization.memory,memory.used,memory.free --
format=csv -l T > nvidiasmi.log &\

NVIDIA_SMI_PID=%!

torchrun --nnodes 1 --nproc_per_node 2 ../examples/distributed/ddp-tutorial-series/multigpu_torchrun.py 50 10

kill SNVIDIA_SMI_PID

<ANVIDIA. I



nvidia-smi ZEH T

H o & B RBEYE GPUBENR R D RESE &

#!/bin/bash
#%-1 node_h=2

#%-1 h_rt=0:03:00

source [etc/profile.d/modules.sh

nvidia-smi --help-query-gpu

module load cuda/11.8.0 THEHER[gE 7 T ANFER X £ T
source ../ddp-test/bin/activate

nvidia-smi --query-gpu=timestamp,temperature.gpu,utilization.gpu,utilization.memory,memory.used,memory.free --
format=csv -l 1 > nvidiasmi.log &\

NVIDIA_SMI_PID=%!

torchrun --nnodes 1 --nproc_per_node 2 ../examples/distributed/ddp-tutorial-series/multigpu_torchrun.py 50 10

kill SNVIDIA_SMI_PID

<ANVIDIA. I
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NGC Catalog

' NGC | CATALOG

Catalog > Containers

Containers

The NGC catalog hosts containers for Al/ML, metaverse, and HPC applications and are performance-optimized, tested, and ready
to deploy on GPU-powered on-prem, cloud, and edge systems.

O\ label:"Triton Inference Server" X

Sort: Alphabetic (Z-A)

_ Displaying 8 containers
NVIDIA Al Enterprise Support @ ~

Yes

Save OpEx and eliminate
developers’ time and effort on
building containers with right

dependencies

Download pre-built containers
for a variety of use-cases

Use Case A

Recommendation
Natural Language Processing

Natural Language Understanding

NVIDIA Platform A

Triton Inference Server
Merlin
PyTorch

TensorFlow

NVIDIA Al Enterprise @ No results f...

NVIDIA.

TRITON INFERENCE SERVER

Triton Inference Server PB October...

Triton Inference Server Production Branch
October 2023 (PB 23h2) offers a 9-month
lifecycle for API stability, with monthly...

Y¢ NVIDIA Al Enterprise Supported

View Labels Learn More

Scalable

Updated Monthly

Better performance on the
same system

NVIDIA.

TRITON INFERENCE SERVER

Triton Inference Server

Triton Inference Server is an open source
software that lets teams deploy trained Al

models from any framework, from local o...

Y¢ NVIDIA Al Enterprise Supported

View Labels Learn More

NVIDIA.

MERLIN

Merlin Tensorflow Inference

This container allows users to deploy
NVTabular workflows and TensorFlow

models to Triton Inference server for...

View Labels

Learn More

Docker | cri-o | containerd |
Singularity

Bare metal, VMs, Kubernetes

Multi-cloud, on-prem, hybrid, edge

Production branches
Reqular releases of security patches

Enterprise support with SLAs

NVIDIA
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NGC Catalog

> 7 7 (PyTorch24.04 3 > 7 7 D4

NVIDIA Docs Hub » NVIDIA Optimized Frameworks » NVIDIA Optimized Frameworks » PyTorch Release 24.04
PyTorch Release 24.04 (PDF)

The NVIDIA container image for PyTorch, release 24.04 is available on NGC.

Contents of the PyTorch container

This container image contains the complete source of the version of PyTorch in /opt/pytorch | |t is prebuilt and in
image. The container also includes the following:

* Ubuntu 22.04 including Python 3.10
« NVIDIACUDA 12.4
« NVIDIA cuBLAS 12.4.5.8

« NVIDIA cuDNN 9.1.0.70
« NVIDIANCCLZ2.21.5

« NVIDIARAPIDS™ 24,02
« rdma-core 39.0

« NVIDIAHPC-X2.18

¢ OpenMPIl 4.1.4+
« GDRCopy 2.3

Nsight Compute 2024.1.0.13
Nsight Systems 2024.2.1.38

NIA TensorF -
« Torch-TensorRT 2.3.0a0
« NVIDIA DALI®? 1.36

« nvimageCodec 0.2.0.7

« MAGMA 2.6.2

ng Jupyter-TensorBoard

Containers > PyTorch

PyTorch

Accelerated with

O PyTorch SWIDIA

Features

NVIDIA Al Enterprise Supported

Signed Images

Description

PyTorch is a GPU accelerated tensor
computational framework. Functionality
can be extended with common Python
libraries such as NumPy and SciPy.
Automatic differentiation is done with a
tape-based system at the functional and
neural network layer levels.

Publisher

Facebook

Latest Tag
24.05-py3

Modified
June 1, 2024

Compressed Size

8.57GB

Get Co
Overview Tags Layers  Security Scanning  Related Collections
Q Search tags...
o A public key is required to validate the signed images below. View all public keys maintained by NVIDIA.
@ 24.05-py3 nver.io/nvidia/pytorch:24.05-py3 @
05/25/2024 3:45 AM 8.57 GB 2 Architectures
@ 24,05-py3-igpu nver.io/nvidia/pytorch:24.05-py3-igpu @
05/25/2024 3:45 AM 5.36 GB 1 Architecture
@ 24.04-py3 nver.io/nvidia/pytorch:24.04-py3 @
04/30/2024 8:42 AM 8.68 GB 2 Architectures
@ 24,04-py3-igpu nver.io/nvidia/pytorch:24.04-py3-igpu @
04/30/2024 8:41 AM 542 GB 1 Architecture
@ 24.03-py3 nver.io/nvidia/pytorch:24.03-py3 @
03/27/2024 8:59 AM 8.59 GB 2 Architectures

https://docs.nvidia.com/deeplearning/frameworks/pytorch-

release-notes/rel-24-04.html#rel-24-04

https://catalog.ngc.nvidia.com/orgs/nvidia/containers/pytorch/tags

<ANVIDIA. I



https://docs.nvidia.com/deeplearning/frameworks/pytorch-release-notes/rel-24-04.html#rel-24-04
https://docs.nvidia.com/deeplearning/frameworks/pytorch-release-notes/rel-24-04.html#rel-24-04
https://catalog.ngc.nvidia.com/orgs/nvidia/containers/pytorch/tags

TSUBAME4 (3T FDEFTH ‘J TT
NGCO VT FHz=EhHd & BIREFA(EN 5

#!/bin/bash

#%5-1 node h=2

#%-1 h _rt=0:10:00

source [etc/profile.d/modules.sh

source ddp-test/bin/activate

TORCH_CONTAINER_IMAGE=/gs/bs/tge-mc2406/shared/containers/pytorch:24.04-py3.sif
USER_DIR=/gs/bs/tge-mc2406/${USER}

apptainer run --nv --bind “pwd ,$USER_DIR $TORCH_CONTAINER_IMAGE bash -c "torchrun --nnodes 1 --
nproc_per_node 2 ./Jexamples/distributed/ddp-tutorial-series/multigpu_torchrun.py 50 10

<ANVIDIA. I
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7] NVIDIA Nsight Systems 2023.2.0 = o X
File View Tools Help

Jjacobi_8mpi_tmpi,nvtx,cuda,osrt,nccl_rank0.nsys-rep X
= Timeline View -

. 10s 62.1ms |
SYS Clock Frequency

GR Active

SM Instructions

| 4 I ) il Uk MElie, BN I

| I — 14 1 4 B 1B BN I i . . =By == T |
. 20 Ll i 1 [ T Y BT T I Nl e I | [T
Tensor Active | 11 1k A in Al 1EN | | | | | | B | 1 | 11 4 || | | 11 1 HE 1 1B | il 1 | || | | i1 11 1 | | || 1
s I S e m s s 1TR(N INTHN UN IR G0N AN NI WA
DRAM Bandwidth L.l . i #&) i & B, (W8 & _iWEN 4 34§ 4 @ )1 Es  BEN 0 IMN O . MY BN 1,8 | |13 NE  O® & 1] o) G W 4
DRAM Read Throughput

[ T W U R D T S T T S T W I | Metrics: SN B N T SN I S ST R S S T S S E— T S —
DRAM Write Throughput DRAM Read Throughput: 24.9%
Ll o4 14 _ MmN 4 m W i & M & . LA L L R | 7 DRAM Write Throughput: 25.0% R SE R M. _ AWk 0 N NN . . W W L W . WM .. i

NVLink RX Bandwidth

NVLink TX Bandwidth

System Profiler B e e S

40 BREsN 1 eA i 1 1) w B0 CS CHL [ 1 . . B35 8 (Se N I
- . L [ 1 1 0 kA ‘ M -l [l

[All Streams]

S T Y B I N N Y BN N ([N || A il b

Key Features: I

OS runtime libraries

MPI . . - MPLA... MPI..

NCCL

CUDA API ‘ (11 T T 1. TR R O .. A1 | NI IO/ O N /O Y I[N

= V' [12225] NCCL Progress 0 =

*Multi-process tree support LA MLML S 0| —
*Locate optimization opportunities

CUDA HW (GeForce
OpenGL HW
Threads (58)

~ 4] 16784 dospsream-spp iSRS 4 ud 8 | B A1 1
.

*Visualize millions of events on a very fast GUI timeline

[T Tt comtortn i 4+ . comad_Jomad.cov Cobm o (20 T o o )

NVTX rimary_gie_classifier_Infer(Batc... tra... primary_gie_classifier_Infer(Batch=29)_uid=1_ctx=0x3886bcc0 [20.987 ms] . primary_gie_classifier_Infer(Batch=30)_uid=1_ctx=0x3886bcc0 [20.884 ms]
CUDA API LT el cudaBindTexture | I L1 ] e T
DN CICH Convoluiontomvard 1 [eoror @il

*ldentify gaps of unused CPU and GPU time

V| [6766] deepstream-app *

V! [6779] deepstream-app *

*Balance your workload across multiple CPUs and GPUs

V| [6796] primary_gie_que = g

- -
|

NVTX plugin=_..

-CPU algorithms, utilization and thread state p—— | C M

1 1 .
S - [ pivess mrec ] | T ST | (00

NVTX re_bin_muxer_acquireBufferFromPool(Bat.... src_bin_muxer_collectingBuffers(Batch=0) ms] src_bin_muxer_collectingBuffers(Batch=0) [11.009 ms] src_bin_muxer_acquir... src_bin_muxer_collecti... src_bin_muxer_acquireBufferFromPool(Batch=0) [20.818 ms]

— o PR T R A 1 S . - -
nvcuvidh264dect) (Frame=34) [60.156 ms) nveuvidh264dect (Frame=35) [8.949 ms] nveuvidh?264decO (Frame=36) [8.641 ms) nvcuvidh264decO_(Frame=37) [24.130 ms]
nvcuvidh264dec3_(Frame=33) [56.977 ms] nvcuvidh264dec3 (Frame=3... nvcuvidh264dec3_(Frame=35) [12.511 ms] nveuvidh264dec3 (Frame=36) [26.381 ms]
I n S E u nveuvidh264dec? (Frame=30) [57.303 ms] nveuvidh264dec? (Frame=31) [12.173 ms| nvcuvidh?64dec? (Frame=32) [6.104 . nveuvidh264dec? (Frame=33) [23.584 ms]
. O m m a n d I n e t a n d a | O n e I D I n t e g r a t I O n i il E Ao d J oo 2 [ E TN par) R T T R, e N T2 RN T NI . _ 293 [11 702 el sl d (Learne 2o I 240 20c)

=) NVIDIA Nsight Systems 2023.2.0 - 2 -

File View Tools Help
X mpicuda-congestion.nsys-rep (NIC Metrics + MPI + UCX) X

= Timeline View

Memory
NVTX

~ Threads (10)

*OS: Linux (x86, Power, ARM Server, Tegra), Windows, macOS X e B —

cp_tag_send_nbx | UCP ..
P UCX 4

Warmup [5.332 5]
NVTX
O S t Iteration 1 [435.061 ms] Iteration 2 [427.771 ms]

CUDA API

[21348] async
| | e

icp_tag_recv_n... uc... ucp_tag_recv_nbx | UCP transfer processing [318.940 ms] ucp_tag_n?cv_nbx | UCP tr; I‘ ucp_tag_recv_nbx | UCP transfer proc... ucp_ta.. ucp_ta... ucp_...

¥ UcxX I . - 279 -
|l; _send_nbx | UCP transfer processing [262.277 ms] | ucp_tag_send_nbx | UCP transfer processing [272.552 ms] ucp_tag_send_nbx | UCP transfer p.

|
¥ Categories
icp_tag recv n... uc... ucp_tag_recv_nbx | UCP transfer processing [318.940 ms] ucp_tag recv_nbx | UCP transfer p... ucp_tag_recv_nbx | UCP transfer proc... ucp ta... ucp ta... ucp ...
| | UCP transfer processing [3]

ucp_tag_send_nbx | UCP transfer processing [262 277 ms] ucp_tag_send_nbx | UCP transfer processing [272.552 ms] ucp._tag_send_nbx | UCP transfer p

~ NICO 1 e e e e ee——teceesieeees
18 Bytes received _ Ty WmeWRE 00000 S =
»

Events View

“~ Name Start Duration Category Description:

MPL_Init 977.571 ms MPI_Sendrecv
Begins: 6.85062s

*Docs/product: https://developer.nvidia.com/nsight-systems -

Send tag: 0
Bytes sent: 600,000,000
MPI_Sendrecv 6.85062s 375.323 ms Source: 19

MPI_Recv 3 5 318.951 ms

Destination: 17

MPI_Recv 7.22609s 162.305 ms MPI COMM WORLD

MPI_Sendrecv 7.3 272.638 ms
MPI_Recv 7.66113s 37.800 ms
MPI_Sendrecv 7.69893s 389.883 ms

MPI_Finalize 8.08883s 232.808 ms



https://developer.nvidia.com/nsight-systems

+150ms +155ms +160ms L165ms +170ms +175ms +180ms +1B5ms +190ms -
e v | _wew | viee o | v v e v Additionally
CPU 94 utilization l 1IT1I0NAa

m CPU 95

i |
Juth 4 5 iy
+ Processes (49) Processes & 3 Trace:

v (@ [54354] pytho threads ¢ TenSO I‘RT

v Threads(15)

v v/ 1543541 python - OS runtime

Ple g S— S— — s  Vulkan
-t = = | * OpenGL
S annotations AR L) R : [\(/)\I|g|enACC
CUBLAS ; potd o d e bow itk dbandendatns ned ahu; '

Profiler overhead ° O pe nM P

v |v! [56191] python ~ TR, S | * Ftrace

B R R IR R R R I R IR BB R I A A E R EE R AR EE R NN I R R B EE I IS BRI I IO EE I

OS runtime librane

T, + Direct3D11,12,DXR

05 runtime libr RO Ne! T e s | | pthread_cond_wart | e ETW
CUDA AP| Cu BLAS APIS .“._'._,_._:i._\,:l...i WAR SR PRET P B R PRTER 0 (TG B9 SRR I B TS E & FEIG S T8 T [ W00 18 § F¥ P ey : ¢ WD DM
CuBLAS | 1 ] IR : I L 1 J k2 1) l' } K.l .' 1 4 J | | ; 11 8 Lk J‘ . ’ :

mlaE 0 « GPU Context Switch

12 threads hidden., sl '
e AN 7! A I S LA A A Ot ik | T —— Export:
e i Kernels & memory | . SQL] te
LS transfers BT T § WSSV SAN AN TN ENN 'S/ oNraw N 5l ca—

b 99 3% Kernels
¥ 0,7% Memory

SR 1 “SVTRVERVARVVSUUNS IRNUNOWAN ~ ' ' JHSDCI):I?I

1. -

- 3 : e B i > .
' oJ DU O

NVTX projected on [ . | 1 .
_ 0 ' .
3 SIS j °
| GPU CUDA streams ; Archltectu res
v _ [54268] py | . . ° X86 64
g ' Ty _
* * Power
Bottom-Up View ~  Process [54354] python (6.1%, 15 of 15 threads) v |
°
| Filter... 0.81% (171 samples) of data is shown due to applied filters. Time filter: 3.14 to 3.19 (0.05 seconds or 0.6%). [:3_._{ arch.. \J Arm S BSA
Symbol Name CPUIP & Self, % ~ Module Name = ¢ Tegl’a
~ PyEval EvalFrameDefault 5.85 /opt/conda/bin/python3.6
- fast function backtrace 3.51 Jopt/conda/bin/python3.6
v call_function sample data 3.51 jopt/conda/bin/python3.6
» gen_send ex 1.17 Jopt/conda/bin/python3.6
» PyEval EvalCodeWithName 0.58 /opt/conda/bin/python3.6
[Max depth]) 0.58 [Max depth]
v __pthread_mutex_unlock 3.51 /lib/x86_64-linux-gnu/libpthread-2.27.s0 - 638

<A NVIDIA.



NVIDIA Tools Extensions (NVTX)

https://github.com/NVIDIA/NVTX/blob/release-v3/python/docs/index.rst

FI)r—23>DY—RaA—FZE7/T7—3>, ZA77A4 1) 00 Y—)LIZ&KHEITDRRIE, C, C++, & Python[Zx*t]is

https://github.com/NVIDIA/NVTX/tree/release-v3/
pip install nvtx TEE A > X F—/L(pythonD54)

Start & End

# example lib.py

¥ (Categories

v forward [1]

import time
import nvtx

Start & End
¥ backward [2]

Start & End

def sleep for(i):
time.sleep(i)

¥ SIMULIB

Start here

@nvtx.annotate()
def my_func():
time.sleep(1)

with nvtx.annotate("'for loop", color="green"):
foriin range(5):
sleep for(i)
my func()

L i 1 1 1 |

startEndRangeWithCategory | forward [600.039 ps]
startEndRangeWithCategory | forward [548.730 ps]

startEndRangeWithCategory | forward [519.465 ps]
startEndRangeWithCategory | forward [518.175 ps]

startEndRangeWithCategory | forward [600.039 ps]

startEndRangeWithCategory | forward [548.730 ps]

L4 L b § )

startEndRangeWithCategory | backward [...
startEndRangeWithCategory | backward [...

startEndRangeWithCategory | backward [...

startEndRangeWithCategory | forward [519.465 ps]

startEndRangeWithCategory | forward [518.175 ps]

pushPopRangeDefaultDomainAndColor [833.384 ps]

nestedRangelevell1 [707.909 ps]

nestedRangelevel2 [583.168 ps]

nestedRangelevel3 [458.199 ps]

startEndRangeWithCategory | backward [...
startEndRangeWithCategory | backward [...

startEndRangeWithCategory | backward [...

startEndRangeWithCategory | backward [2...

startEndRangeWithCategory | backward [2...

70
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https://github.com/NVIDIA/NVTX/tree/release-v3/

NVIDIA SDKs and NVTX

A Complete Ecosystem

Accel. GStreamer
Plugins

cUuSPARSE NVSHMEM
TensorRT

cuSOLVER

CUuBLAS

<ANVIDIA. I



nsys 17 > |~ 75:*']%

Nsight Systems T~ 7AYU T B

JOU75LEEOT0I7MUYTHER% result.qdrep [CH AT 35S

nsys profile -f true -o result -t cublas,cuda,cudnn,nvtx,openacc,osrt \

python main.py

X RFEERITISE ERCERBTOI7MVYITRERI7TAIVNERINET | |

GPU Profiling Overview ( Z#&iE )
https://docs.nvidia.com/nsight-systems/UserGuide/index.html#cli-profiling SAnviDIA I



https://drive.google.com/file/d/1ljFjDROpXu2AKzEahdc9I8rWlAsDi8fd/view?usp=sharing
https://docs.nvidia.com/nsight-systems/UserGuide/index.html#cli-profiling

Nsight Systems Z{#> TH 5

NVIDIA #lE GPU 702774 5

#!/bin/bash
#%-1 node _h=2

#%-1 h _rt=0:10:00

source [etc/profile.d/modules.sh

source ddp-test/bin/activate

TORCH_CONTAINER_IMAGE=/gs/bs/tge-mc2406/shared/containers/pytorch:24.04-py3.sif
USER_DIR=/gs/bs/tge-mc2406/${USER}

apptainer run --nv --bind “pwd " ,$USER_DIR $TORCH_CONTAINER_IMAGE bash -c "nsys status -e && nsys profile -
f true -o nsys-test -t osrt,cuda,cudnn,nvtx torchrun --nnodes 1 --nproc_per_node 2 ./examples/distributed/ddp-
tutorial-series/multigpu_torchrun_nvtx.py 50 10"

<ANVIDIA. I



« NVtXIZT K 2T ANILDA[1R L5

21s -
CUDA HW (0000:e4:00.0 - NVIDIA H100) ;
[All Streams] A
v Threads (23)
v V| [1127675] python
OS runtime libraries
NCCL
NVTX
v CUDA API
CUDA Overhead
Profiler overhead R

v v [1127804] python «

0OS runtime libraries

NCCL

Nsight Systems Z{#> TH 5

NVIDIA #lE GPU 702774 5

ns +150ms +160ms +170ms +180ms +190ms +200ms | *
kernel S EEEE NN EEE RN REEEEEEE EEEEN EEE i | L oot e 1 L.
memory
S P _.I.J_.-_I_I-.. o b
0to 100%

train() [1.723 s]
epoch [1.463 s]

Runtime Triggered Module Ln...I Ru.-.]

faeettliabiditadigiitaladitifas Litelialtally

pthread_cond_wait ] D D [] [ pt... ]
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NeMo Framework/Meqgatron-LM/Meaatron Core

Core value Proposition

Nemo Framework: Easy to use OOTB FW with a large model
collections for Enterprise users to experiment, train, and deploy.

— Megatron-LM: A lightweight framework reference for using
- Megatron-Core to build your own LLM framework.

o—

Megatron-Core: Library for GPU optimized techniques for

training transformer models at-scale.

Transformer Engine: Hopper accelerated Transformer models.
Specific acceleration library, including FP8 on Hopper.

TensorRT-LLM: achieving optimal inference performance on the
- latest Large Language Models on NVIDIA GPUs
Reference
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NeMo Framework/Megatron-LM/Megatron Core

- Wandb & [ ?
- Weights & Bias £ MLOps 75w b 74— L, EERERDER. CPUZED - AT LA R v JIEME EMRAGHEEEZ IR
- “pipinstallwandb TA VX b—JL#&. wandb login  LTEMA
- B¥Ml(Zhttps://docs.wandb.ai/guickstart ZSB L 2 & LY

- NeMo Framework/Megatron-LMIgwandbf 77 L—2 3 ViFTHY . yamlFZIEEEISIRTIEE T 5717 T

B [CwandbiEEMNAIRET S

NeMo FrameworkDIZELLTND 7 5 J eI T

exp_manager.create_wandb_logger=True \
exp_managerwandb_logger_kwargs.project=${PJ_NAME} \
exp_manager.wandb_logger_kwargs.name=%{EXP_NAME} \

XMegatron-LM DIERITUT # ZSHBET S L
https://github.com/NVIDIA/Megatron-LM/blob/c4d12e26b2dc25a2eab7da92e2ac30338c0ed3de/examples/gpt3/gpt_config.yaml

L295
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https://docs.wandb.ai/ja/guides/app/features/system-metrics
https://docs.wandb.ai/quickstart
https://github.com/NVIDIA/Megatron-LM/blob/c4d12e26b2dc25a2eab7da92e2ac30338c0ed3de/examples/gpt3/gpt_config.yaml#L295

wandb £ T L— 3y
NeMo Framework/Megatron-LM/Megatron Core
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Megatron Timer
NeMo Framework/Megatron-LM/Megatron Core

- Megatron Core [Z[ZFE D FNEREZ O T [CHEHI TimertgeAH Y . YamlE = ILEENFI 2 TTimertkBE Z ONIZH K
5o FEDT/INYVBRFIZEF

Enable megatron core loggers for GPT pretraining #8354

Commit
ericharper merged 4 commits into NVIDIA:r1.23.@ from ashbhandare:abhandare logger rel (LJon Feb 9
L) Conversation 8 -0- Commits 4 [F) Checks 7 Files changed 4 Move Megatrﬂn timer to core et e
t ashbhandare commented on Feb 7 « edited ~ Contributor | *+* I_? main
(> core v0.7.0.beta ... core v0.5.0
What does this PR do ?
. Aishwarya Bhandare authored and ericharper committed on Feb 2 1 parent ¢b995d5 commit 680b67c
Enables use of megatron timers in NeMo GPT pretraining and megatron_base based models.
Collection: collections/nlp/models/language_modeling _ ) . . ) : _ ‘ | _“ o
‘41 Showing 3 changed files with 165 additions and 83 deletions. ‘ Whitespace ‘ Ignore whitespace  Split ‘ Unified ‘
Usage " “ " “
model.enable_megatron_timers=True
model.megatron_timer_kwargs.log_every_n_steps= 10 )
model.megatron_timer_kwargs.log_mode=minmax htt DS//Q |th U bcom/N\” D |A/M eqat ron-
modelmegatron_timer kwargs.barrier= False LM/commit/680b67c881b7b14a7bda32228f739fc27e88b429

torchrun --nnodes=1 --nproc-per-node=8
/gsw/code/NeMo/examples/nlp/language_modeling/megatron_gpt_pretraining.py
--config-path=/gsw/code/NeMo/examples/nlp/language_modeling/conf
--config-name=megatron_gpt_config

trainer.devices=8

trainer.num_nodes=1

model.enable_megatron_timers=True
++model.megatron_timer_kwargs.log_option=max \

https://github.com/NVIDIA/NeMo/pull/8354
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https://github.com/NVIDIA/Megatron-LM/commit/680b67c881b7b14a7bda32228f739fc27e88b429
https://github.com/NVIDIA/Megatron-LM/commit/680b67c881b7b14a7bda32228f739fc27e88b429
https://github.com/NVIDIA/NeMo/pull/8354

Megatron Timer

NeMo Framework DS LU TD LD IZIEET A ETTimerzBETE 5

export HYDRA_FULL_ERROR=1

apptainer run --nv -B $USER_DIR $NEMO_CONTAINER_IMAGE \
torchrun --nproc_per_node=${NGPU_PER_NODE} \
[opt/NeMo/examples/nlp/language_modeling/tuning/megatron_gpt_finetuning.py \
trainer.precision=bf16 \
(..snip..)

\

(Snlp) ain_step_timing in s=0. LI39]Epoch O: : 98%]|
samples=784.0, train_step_timing in s=0.714]g{Ep&e

48.00, consumed _samples=784.0, train_step_timing in s=0. 71u]“MEpoch OF 4
170, global step=49.00, consumed _samples=800.0, train_step_timing in s¥.68
max time across ranks (ms):
forward-backward : 7432.24
forward-compute . 4061.91
optimizer : 8770.77
backward—-compute : 4037.24
gradient_allreduce ;

Va'l.ldatlon | | 0/7 [@@ 00<?, ?it/s]EJd[A

M a a¥a ALY ATARNATA

HE- NVIDIA


https://github.com/NVIDIA/NeMo/blob/677203ab36d743c3398158f0f1d5fba552306993/examples/nlp/language_modeling/conf/megatron_gpt_config.yaml#L223

Appendix.
ZDHDTips BEE!) > 5

Nsight Systems

» GPU Profiling Overview ( Z##5 )

» Nsight Systems 2—H—HA4 K

NGC Catalog

« https://catalog.ngc.nvidia.com/

» NGC Catalog A—H—HA F
Megatron-LM
 https://qgithub.com/NVIDIA/Megatron-LM

NeMo Framework
* NeMo Framework3 > 77 (NGC cataloq)

5

« NeMo Framework k¥ a A 57— g2

* NeMo Framework Examples
Wandb
« https://docs.wandb.ai/quickstart
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https://drive.google.com/file/d/1ljFjDROpXu2AKzEahdc9I8rWlAsDi8fd/view?usp=sharing
https://docs.nvidia.com/nsight-systems/UserGuide/index.html
https://catalog.ngc.nvidia.com/
https://docs.nvidia.com/ngc/gpu-cloud/ngc-catalog-user-guide/index.html
https://github.com/NVIDIA/Megatron-LM
https://catalog.ngc.nvidia.com/orgs/nvidia/containers/nemo
https://docs.nvidia.com/nemo-framework/index.html
https://github.com/NVIDIA/NeMo/tree/main/examples
https://docs.wandb.ai/quickstart
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