< NVIDIA.

LLMARZZZABAIXET A T7OERAITA R T L

Mana Murakami, Solution Architecture and Engineering, NVIDIA | Sep 115t 2025




AGENDA

o I — T VTAYVIANEIXETATD 2T

o AT—TxbhOAEODIXET A TETIL

© IXETATDERAIRTY Y 1—23Y

© EE®

<A NVIDIA. I



Al DIEAL
— YV FAA KUVBAGTA T TV T —

> 7 A]BE(C

e Sy s i

/ PHYSICAL Al

AGENTICAI
A—T A4 VT TRV K

HARXY— Y —EX

BETT
,.-f:ﬁ"’fff

- | GENERATIVE Al
at can |, e e _ < o

help you w T\/ﬁjl/ 7—/7_7—’( /7

: | arvT VR
PERCEPTION Al
10? I, = V-t
. FT4—T7 L aOXY KRR T LA
2012 ALEXNET = FR B[R ULIE

<ANVIDIA. I



FROM ONE TO THREE

SCALING LAWS /'

TEST-TIME"SCALING
‘LONG THINKING”

/

"INTELLIGENCE” "
| REASONING Al INFERENCE
. | COMPUTE

POST-TRAINING SCALING >100X ONE-SHOT

PRE-TRAINING SCALING

g

PERCEPTION

b GENERATIVE ; I ; PHYSICA
Al Al AGEA[\IITC AIC )



NVIDIA Al Enterprise -

NVIDIA Blueprints

L J l I

V7Y VAl

NVIDIAAI ZIVAZy T 7A0—F

T RERBRANNNAT oA OB ET T

Research Assistant Customer Service Software Security Virtual Lab Video Analytics
Agent Agent Agent Agent Agent

NVIDIA 7 /L HARXLETIL

$ NVIDIA Al Enterprise

Cloud | Data Center | Workstation | Edge

A IHE AL

<ANVIDIA. I



NVIDIAAI: 7ILA Xy 277 A—F

NVIDIA Al Enterprise - Z> KV —T Y RAER A XA 754 v OFFEE T 704 Z5HhRA

® @

Research Assistant Customer Service Software Security Virtual Lab Video Analytics
Agent Agent Agent Agent Agent

NVIDIA Blueprints

IJlI

V7Y VAl

NVIDIA 7 /L HARXLETIL

$ NVIDIA Al Enterprise

Cloud | Data Center | Workstation | Edge

<A NVIDIA. I



T—> x>T4 7A DA

NVIDIA Al-Q Al Research Assistant Blueprmt

4

TV R —T 74X 774l

) — X ==

= )L & {#

TN

r

RAG

Extraction
NeMo Retriever

<2

Embedding

NeMo Retriever

> N ’ <
EN—

Vector Database
NVIDIA cuVS

.4
A

Reranking
NeMo Retriever

7L 733

) —X=>7
Llama Nemotron

)7 7 A

A

Generate
Llama Nemotron

7 T IR
Tavily

>

ILTAIT—> > b, T—&R, YV—ILAERT S

L R— bA&ERK

Llama 3.3

Uﬁ—%tﬁ%@t@@#—fyy—xw\\

ZI=7Y b
AJERANE & E AR SR

) —X=> &) =Yz bFOBEZMR L

PEFRMBDT—XRY —X%&ET v
BT EHREZ Y TILRA LTHA K
L R— D ZEFNICEE
IR D D2 2 #10 TH X

— bk

/

https://github.com/NVIDIA-AI-Blueprints/aiq-research-assistant

@A NVIDIA. I


https://github.com/NVIDIA-AI-Blueprints/aiq-research-assistant
https://github.com/NVIDIA-AI-Blueprints/aiq-research-assistant
https://github.com/NVIDIA-AI-Blueprints/aiq-research-assistant
https://github.com/NVIDIA-AI-Blueprints/aiq-research-assistant
https://github.com/NVIDIA-AI-Blueprints/aiq-research-assistant
https://github.com/NVIDIA-AI-Blueprints/aiq-research-assistant
https://github.com/NVIDIA-AI-Blueprints/aiq-research-assistant
https://github.com/NVIDIA-AI-Blueprints/aiq-research-assistant
https://github.com/NVIDIA-AI-Blueprints/aiq-research-assistant

NVIDIA Al Enterprise -

NVIDIA Blueprints

L J l I

V7Y VAl

NVIDIAAI ZIVAZy TP 70—F

T RERBRANNNAT oA OB ET T

Research Assistant Customer Service Software Security Virtual Lab Video Analytics
Agent Agent Agent Agent Agent

NVIDIA €7 /L HARXLETIL

$ NVIDIA Al Enterprise

Cloud | Data Center | Workstation | Edge

% AL

<A NVIDIA. I



"

Ai2

A ™

NVIDIA

Meta Llama

F—TETINET—

#4, #5_ @,.  #7 i #8) O a, #13_
& € ". hi S. =
Hugging Face Qwen Google Microsoft IBM Granite ByteDance DeepSeek Apple Stability Al Cohere Labs
:_{Da NVIDIA
414 models 73 datasets 25 spaces 30,201 followers
Jul Aug Sep Oct Nov Dec Jan Feb Mar Apr May Jun
B .8 L) [ O ) e
e e 88 O e O S008 0800 S0 EEes
B 08 1 I B 9 2 8 0 888N BE0 8808. 11 i 111
-l (] -l B 0 808080 B8 O i1 i1l 1111
O 2e ] 82 0 B8 C O C 111 280 88Eee
B 2 8 880 88 B8 B89 88 BE0 B8
.. B 8 O L] L] 2l O
Less @ More

351 new repos in the last year

XLy PTCAIAIa=-Tqa%2YFK—F

Mistral Al_

OpenAl

Anthropic

<A NVIDIA. I



=TV —=ZADAITTILVDRREGIESDHAIT— = v b DEL Z IR

80
. Gemini 2.5 Pro o.3 DeepSeek R1 671B
Claude 4 Sonnet
. >0 01 LlamaNeémotron UltraQWen 32358
> :
S GPT-40
o 50 y :
2 Llama 4 Maverick
o Claude 3.7 Sonnet
2 4 : Llama Nemotron Super
= GPT-4
@ : Semini 1.5 Pro  Ll@ma.3140o8
o :
I np Mistral Large 2
;g 30 Gemini Ultra Clauee 3 :
[ 3. | o LL 70B
S GPT 3.5 Claqde 2 Mixtral 8x208 ama 370
T 20 .
< Llama -
Mixtral 8X7B
o Llamg
0
8/27/2022 3/15/2023 10/1/2023 4/18/2024 11/4/2024 5/23/2025 12/9/2025

B Proprietary Model M Open Model

Intelligence Index: MMLU-Pro, GPQA Diamond, Humanity's Last Exam, LiveCodeBench, SciCode, AIME, MATH-500.
Source: Artificial Analysis <ANVIDIA I



NVIDIA Llama Nemotron

L lama-Nemotron: Efficient Reasoning Models, Akhiad Bercovich et al. 2025
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Nemotron-H: A Family of Accurate and Efficient Hybrid Mamba-Transformer Models, Aaron Blakeman et al. 2025
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def _init  (..)

def forward (..)

return hidden

# define a new activation
def silu(input: Tensor) - Tensor:
return input * sigmoid(input)

#implement models Li1kRe 1n DL FWs
class LlamaModel(Module)

self.layers = ModuleList([..])

hidden = self.embedding(...)

for layer in self.layers:
hidden states = layer(hidden)
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Efficient Large-Scale Language Model Training on GPU Clusters, Deepak Narayanan et al., 2021
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Pre-Training Benchmarks for Hopper and Blackwell
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Megatron Core: Context Parallel Package

https://docs.nvidia.com/megatron-core/developer-guide/latest/api-guide/context parallel.html

Megatron Core® Context Parallelld > —47 v RKDORITTHINML Z 1T 5 F &
EEEEITTaL, =7 vEOEELNE L AttentionEB DETE ICX L TH WFL

HZGPUN Y =7 Y RDO—8B TR T 5%, BRGPUN BRI St REECHBEENHIBINSG, B 73 TFXMFICES
) 24 WLWOOMBEBLEEI NS

Transformer Layer with TP+CP

AG RS AG RS
/ / / /
RS AG RS AG
GPU3

Column-split: QKV and FC1, Row-split: Attn-output and FC2, CP splits activations of whole transformer layer along seq dim
AG/RS: AG in fwd and RS in bwd, RS/AG: RS in fwd and AG in bwd, /AG: No-op in fwd and AG in bwd
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https://docs.nvidia.com/megatron-core/developer-guide/latest/api-guide/context_parallel.html

Context Parallelism can provide up to 20x Speedup

Llama2-7B benchmark result

FLOPS comparison on sequence lengths from 4K to 1M on Llama2-/B

B CP OFF (DP+TP+PP+Recompute*) [ CP ON (DP+TP+PP+CP+Recomputer®)

800
600
)
0
O
)
O
2 400
wn
)
O
(V)]
0
O
i
— 200
0
4K on 8K on 16K on 32K on 64K on 128K on 256K on 512K on 1024K on
4xH100 8xH100 16xH100 32xH100 64xH100 128xH100 2b6xH100 512xH100 1024xH100

Sequence lengths

CP=1 for 4k to 16k, TP size is limited to 16. Assumed a fixed number of tokens per global batch (4M tokens / global batch).
For seq len cases (512K and 1024K), the maximum size of DP was very limited.
Results shown in FP8. Similar conclusions for BF16
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New Feature: Sequence Packing Technique

Sequence Packing DF] =
INT A VI DAREICL D
ZEXA7ANYyFTLYEZL D=7 UHUIETZ S

=TV ARDAMEIMESTVT, B =Ty ZHE L kW
D= VANV THLE TRy b ERWLET A TF a2
7 CHRICMRD D B

el
\—
N

TlZFlash Attention & Transformer Engine ® AJ Z:-
TavaEARALT 7 et

WERNE T2 T= =T RBDOT T3 VarE 2B A EE

dDMegatron Core/Ny 7 TV R THITILFIE(

padding is wasteful

Y

Y

Y

N

@ — >
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e <
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seq 3
AN /
—
seq 4
N
Without Sequence Packing ( use padding )
N ~N ™
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seq 6 seq /
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No attention calculation
across sequences

With Sequence Packing
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https://github.com/NVIDIA/NeMo
https://github.com/NVIDIA/NeMo
https://docs.nvidia.com/nemo-framework/user-guide/24.09/nemotoolkit/features/optimizations/sequence_packing.html
https://docs.nvidia.com/nemo-framework/user-guide/24.09/nemotoolkit/features/optimizations/sequence_packing.html
https://github.com/NVIDIA-NeMo/RL
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https://github.com/NVIDIA-NeMo/RL/pull/651

NVIDIANeMOIIBRA B 7 74 VFa—=v IV FEICHD

NeMo Framework/NeMo-RL

PEFT Full SFT Lightweight Alignment Model
LoRA DPO Alignment
P-tuning KTO/IPO/etc. RLHE PPO
|A3 SteerLM GRPO

NeMo Framework

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

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

NeMo-RL

A Scalable and Efficient Post-Training Library

- i HE (C{EEFR]EE

HuggingFaceb DY — L L R4 VT L —2 =
RaylC K BEEML ) Y — AR =T X b
PyTorch FSDP2H 7R — kK

=T V(&K 32

FRFE7L—LT7—7 (NeMo-Aligner M%)

sSOTA 72 7A YV Fa—=VIFEDOYER—-} :
o SFT

DPO

» GRPO

D

DAPO
RIME (upcoming)

cHEERT—ZEY T 1:

» Megatron-Core/Xyy 7 T FDHR— bk (P

R517)

o 4D Parallelism

» Context Parallel

» Sequence Packing

ensorR

-LLM®DH R — bk (upcoming)

B)D %A 747 PyTorch H7R— kK

“2 RL Public & Watch

54 -

F main ~ ¥ 237 Branches (O 4 Tags Q Gotofile t Add file ~

[0 README 83 Apache-2.0 license V4

Nemo RL: A Scalable and Efficient Post-Training Library

¢ Nemo RL: A Scalable and Efficient Post-Training Library
o & News

© Features

© Prerequisites

© Training Backends

© GRPO
= GRPO Single Node

B GRPO Multi-node
® GRPO Qwen2.5-32B

® GRPO Multi-Turn

© Supervised Fine-Tuning (SFT)
= SFT Single Node

® SFT Multi-node

© DPO
= DPO Single Node
= DPO Multi-node

© Evaluation

= Convert Model Format (Optional)

® Run Evaluation

© Set Up Clusters

o Tips and Tricks

https://github.com/NVIDIA-NeMo/RL/
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https://github.com/NVIDIA/NeMo-Aligner
https://github.com/NVIDIA/NeMo-Aligner
https://github.com/NVIDIA/NeMo-Aligner
https://github.com/NVIDIA-NeMo/RL/pull/517
https://github.com/NVIDIA-NeMo/RL/
https://github.com/NVIDIA-NeMo/RL/
https://github.com/NVIDIA-NeMo/RL/
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GRPO with Functional Verifier

CNEo7AaArvZ a7 oL RUY—32y FT—=0hhuEZNENLDDILE % 4R
BRI RN ERRBEDORTICOWTUT#EE

CEARY S — BT A IR

BT T B IR EEE D R B
CHARY Ao KELCERT A ER LA RNBERAGLLREEIHICKEIAEETTILET vy 77— F

Update Actor Model - Maximize reward

Actor/Policy Model Functional Verifier Reward Verifier
e s — Response . :
Initialized from SFT Model Reward

Update Actor model -

Prompt Minimize KL divergence

Training &

Reference Model
Initialized from SFT

Inference only
— Response Inference

@A NVIDIA. I



Example: Llama Nemotron with Reasoning
A Look Under The Hood

Distillation Supervised Fine-Tuning Reinforcement Learning (RL)
Improve model efficiency Improving Agentic Skills with Reasoning Aligning for Human Preferences

Instruction
RL for IF . .
f Following Verifier

$ Llama 3.3 (70B)
o < N

60B tokens of NVIDIA generated synthetic data

G Pruning / E . E
eural Architecture . .
Reasoning OFF Training Data : T
$§' Search 5 5 Reasoning ON Training Data

~

B BA8008 B8 -~

Chat Math Code Inst Following Function Math Code Science

PN (IF) Calling (FC) e RL for Chat
! 3Mprompts | ‘ ‘ ‘$ :

DeepSeek-R1 —
HelpSteer 2
| 50k prompts

/ K_ / Llama Nemotron with Reasoning NIM

(49B)

Llama Nemotron
Reward (70B)

$ Pruned Llama 3.3

(49B)
Fits on 1 GPU

O

Knowledge
Distillation
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Llama Nemotron

e [Technical Blog] NVIDIA Llama Nemotron Ultra Open Model Delivers Groundbreaking Reasoning Accuracy

Appendix.

e https://arxiv.org/a

0s/2505.00949

e Llama Nemotron F

ugging Face!) 7> kb U

Nemotron-H

e https://researc

".nvidia.com/

abs/adlr/nemotronh/

e [Technical Blog

https://deve

oper.nvidia.com/blog/nemotron-h-reasoning-enabling-throughput-gains-with-no-compromises

e https://arxiv.org/abs/2504.03624

e Nemotron-H HuggingFace!) 7 K 1)

Other activities for nemotron

e https://research.nvidia.com/labs/adlr/cortexa/

e https://

huggingface.co/o

atasets/nvid

ia/Nemotron-Personas

e https://

nuggingface.co/o

atasets/nvic

ia/Llama-Nemotron-Post-Training-Dataset

Transformer Engine
e https://github.com/NVIDIA/TransformerEngine

Megatron Core (+ Megatron-LM)
e https://github.com/NVIDIA/Megatron-LM

NVIDIA NeMo Framework

e https://catalog.ngc.nvidia.com/orgs/nvidia/containers/nemos

NeMo-RL

e https://github.com/NVIDIA-NeMo/RL

TensorRT-LLM
e https://github.com/NVIDIA/TensorRT-LLM
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