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Team at NVIDIA

Deep Learning Efficiency Research

Efficient small agentic Al

The way we see it:

A Train large, compress to small models

A Most LMs will be small and specialized

A Need 1 giant LLM

A A lot of tool usage, mukinodal models

A Instruction following is important, MMLU is not
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Model Efficiency

Goal: Maximize throughput (tokens/seaninimize Timeto-FirstToken (TTFT) by pestaning optimization techniques.

Training vs. Inference: Pteining is strictly computédound

Autoregressive generation is memesgndwidth bound
entire LLM from HBM to SRAM to generate single token

Tensor Cores sit largely idle while waiting for memory fetches,
especially at batch size = 1

Can we find a better way to train and serve models?

Performance (FLOPs/s)

Roofline Model for RTX 3090
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Model Efficiency

wAlgorithmic AccelerationSpeculative Decoding (reduces latency without modifying model weights).

wStructural CompressiorPruning (physically removing redundant layers, heads, or dimensions).

wRecoveryKnowledge Distillation (KDhealing the network.

wArchitectural Optimization:Neural Architecture Search (NAS) (discovering hardwptenal topologies).

wWeights/activation RepresentationQuantization (FP8, INT4, NVFP4hot covered

wMost are implemented imttps:// github.conYNVIDIA/Model-Optimizer
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Speculative Decoding

"Write drunk, edit sober."t Peter Dﬁ(oﬁen misattributed to Ernest Hemingway)
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Speculative Decoding

Target Model
Evaluating K proposed tokens in parallel takes roughly the same time as generating

e Quick
1 token autoregressively due to memory bandwidth limits. &;
Draft PhaseA small/fast "Draft" model guesses the next K tokens.

Verify PhaseThe massive "Target" model verifies all K tokens simultaneously in a Draft Model

single forward pass. ﬁ}
If a token is correct, keep it;

if wrong, discard it and its successors, using the Target's correction.

Total
Past KV length
1024

2048 Free Token Slots Cheap Token Slots
4096

Shifts decoding from a memodyound operation to a computdound operation.

We spend more compute and GPU energy but improve user throughput. 40

10° 10! 10?2
Token Slots

We can increase processed tokens with minimal effect on latency

NVIDIA



Lossless Verification

Rejection sampling

wSpeculative Decoding guarantees the exact same output distributinn ac the

target model.
wlt is mathematically lossless.
wlLetn w be the draft probability and w be the target probability.
wlfB(@ N w, accept the drafted token with probability 1.

wlfB(@ N w, accept it with probability equal to the ratio.

wAcceptance probability [ E Qpﬁ%) d

w Typically 2.8.5 token efficiency

wSimplest approach is-grams

Draft Generations
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Lossless Verification

Speculative Decoding: Off Speculative Decoding: On

What happens when a drafted token is rejected?

Write me a shert story explaining speculative decoding. Write me a short story explaining speculative decoding.

All subsequent drafted tokens in that sequence branch are

Imagine Imagine a mad

iImmediately discarded.

To ensure the final output matches the Target's distribution, we
resample the corrected token from a normalized residual

distribution.

Resample frond  © | A@M( A(®)
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Expected Speedup

wSpeedup depends on two factors: the Acceptance Raaed the Draft Model Costy.
wlf the draft model is too largepgrows, eliminating the speedup.

wlf the draft model is too small or poorly aligneéddrops, wasting the Target's verification compute.

wEquation: Expected Speed&)

( ) SPEED-Bench-Throught-1K

6000
—e—Imsys/sglang-EAGLE3-
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Figure 1. Acceptance length 7 vs maximum length K for EAGLE- 1%
3 draft models, trained using different objectives with Qwen3-
235B-A22B-Instruct as a target model. The values were obtained 105,420 -
on the MT-bench dataset with chain sampling and temperature = 1. 0 107, 107 T
0 50 100 150 200 250
https:// arxiv.orgpdf/2602.23881v1 TPS/GPUJUSER
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Speculative Decoding

Summary
wMemory bound generation to compute bound. Roofline Model for RTX 3090
1013 —— Memory Bound (936 GB/s) i
. —— Compute Bound (35.5 TFLOPs) 1
wGreat for small concurrency setugsgentic Al, personal use. = i
wComplexity: gram-> MTP-> Eagle/Meduza> External Drafter. _ o ;
wEfficiency: External Draftee MTP (during trainingp Eagle/Meduza> n <= - R
gram. E ;
£ :
& :
wMore information:htips://developer.nvidia.com/bloo/arntroduction-to- 107 ;
speculativedecodingfor-reducinglatencyin-ai-inference/ |
1011_ i
whttps://github.com/NVIDIA/Model 107! 10° 10 10 10°

Arithmetic Intensity (FLOPs/byte)

Optimizer/blob/main/examples/speculative_decoding/example.ipynb
@https:/iwww.vrushankdes.adiffusion-policy-inferenceoptimization/partii---cuda
kerneloptimizationtips
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SOTA Advances

wMaintaining a separate draft model doubles memory overhead and requires exact tokenizer alignment.

wMedusac unconditional drafter: adds multiple parallel classification heads to the target model to piediphd ¢ 8 tokens
simultaneously without a separate drafter.

wEAGLE auto-regressive drafting: drafts in the continuous feature space (hidden states) rather than discrete token space, vastly
Improving acceptance rates.

wTree Attention:Verifies multiple branches of drafted possibilities simultaneously using customized attention masks.

wMTP¢ Multi token prediction¢ can even improve model p+igaining

Speedup on different model sizes

(a) 1 T T (b) | e 1 2.83x = w/o Medusa
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New/promising ideas

Ongoing \ /—\ “Diffusion is good” ﬁ l
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Figure 1: Overview of SufﬁxDecpding’s Valgorilhm. Two suffix trees track ongoing inference (top-left) = = ]

Figure 2. DFlash Inference Design. Hidden context features extracted from the target model are fused and injected into each draft layer’s
Key-Value cache to enable conditional speculation.

SuffixDecodingExtreme Speculative Decoding for Emerging Al
Applicationshttps://arxiv.orgpdf/2411.04975 DFlash Block Diffusion for Flash Speculative Decoding,
https://arxiv.ordabs/2602.06036

TIiDARTNhInk in Diffusion, Talk in Autoregressibups://arxiv.orgabs/2511.08923

Decode Throughput by Task and Model (no CUDA Graph)

600 Madel
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Figure 4: TIDAR 8B decoding speed on SGLang using a single H100. TIDAR achieves up to 5.8x higher decoding T/s than AR and 2.5x+ higher than EAGLE-v3.



Deep Seek R1, used MTP:

Target Tokens  t; t3 ts ts

Cross-Entropy Loss |—‘ Lmain

| i Rt satcge iy | i e s 1
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| (Next Token Prediction)
1

[ Output Head ]

t3 Ly ts te

! MTP Module 1
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Figure 3 | Illustration of our Multi-Token Prediction (MTP) implementation. We keep the
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complete causal chain for the prediction of each token at each depth.

Nemotron3 ¢ Super uses MTP, draft 3, accept 2.5
Qwen3.5¢ trained with MTR; draft 8, accept 5.5

MTP

Multi-Token Prediction
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FastMTPAccelerating LLM Inference with
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Model Compression

"The sculpture is already complete within the marblesplock, before | start my work. It is already there, | just have to
chisel away the supe @ aterial.t >Michelangelo




Pruning types

wldentify and permanently remove redundant parameters.

wUnstructured PruningSetting individual weights to zero. Creates sparse

matrices but is hard to accelerate without specialized hardware

wSemistructured sparsity:sparsity pattern follows a strict pattern (e.g., 2:4

sparsity). Supported in Ampere+ GPUSs.

wStructured PruningRemoving entire attention heads, MLP dimensions, or
layers. Shrinks dense matrices, providing immediateadtihe-box speedups.

Works on all hardware

wThe Core Questiortiow do we estimate the importance of a parameter?

Structured-sparse
matrix W

Fine-grained
structured-sparse

R X C/2 elements +
1 R X C/2 2bits meta

. data

= zero entry

2:4 Semstructured

Structured-sparse and
compressed matrix W

— C/2 = F=iC/2
Non-zero data 2-bits
values indices

sparsity
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Pruningg notable works

DEEP COMPRESSION: COMPRESSING DEEP NEURAL

NETWORKS WITH PRUNING, TRAINED QUANTIZATION SparseGPT: Massive Language Models Can be Accurately Pruned in One-Shot

Optimal Brain D
PRGNS Lanege AND HUFFMAN CODING

Song Han Elias Frantar ' Dan Alistarh '
Yann Le Cun, John S. Denker and Sara A. Solla Stanford University, Stanford, CA 94305, USA
AT&T Bell Laboratories, Holmdel, N. J. 07733 songhan@stanford.edu
Huist Mao 1.3k+ citations
ABSTRACT Tsinghua University, Beijing, 100084, China

‘We have used information-theoretic ideas to derive a class of prac- mhzl2@mails.tsinghua.edu.cn

tical and nearly optimal schemes for adapting the size of a neural

network. By removing unimportant weights from a network, sev- William J. Dally

eral improvements can be expected: better generalization, fewer Stanford University, Stanford, CA 94305, USA

training examples required, and improved speed of learning and/or NVIDIA, Santa Clara, CA 95050, USA

classification. The basic idea is to use second-derivative informa- dally@stanford.edu

tion to make a tradeoff between network complexity and training

set error. Experiments confirm the usefulness of the methods on a

real-world application.

7k+ citations 13k+ citations
THE LOTTERY TICKET HYPOTHESIS:
PRUNING CONVOLUTIONAL NEURAL NETWORKS . S T N N
INDIN PARSE, 1RAINABLE NEURAL NETWORK
FOR RESOURCE EFFICIENT INFERENCE G SE, u ORKS

Pavlo Molchanov, Stephen Tyree, Tero Karras, Timo Aila, Jan Kautz Jonathan Frankle Michael Carbin
NVIDIA MIT CSAIL MIT CSAIL
{pmolchanov, styree, tkarras, taila, jkautzl}€nvidia.com jfrankle@csail.mit.edu mcarbin@csail.mit.edu

3.5k+ citations 5.4k+ citations
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Model Compression
Why compression?
Challenges:

A A diverse family of LLM sizes is required to balance cost and qualityofifadecross use
cases.

A Common model sizesB, 3B, 8B, 13B, 70B, 405B, etc.
A Current methodtrain each model size from scratch, leading to high computational costs.

Key Insight:

ATrain Largec Compress SmalBignificantly reduce training time by compressing the
largest model into smaller versions.
Use compute to train even larger model.

A Deployment scenario might change, PMs to decide while we train:
AFit to single small GPU (A10G)
AFit to single large GPU (H100)
AFit to a single node
A Different context length, batch size, precision, \isianguage, Omni/Audio

AWe can take any model (e.g. Llama) and make it more efficient on GPUs hardware by
targeting specific scenario.

A Lets you train standard architecture, then find better parameter distribution.

Accuracy

‘ The best model
. From scratch suboptimal
‘ Compressior faster/better

v

Token Throughput
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Model Compression

Motivation
: . Cost to train Cost to serve:
Standard discrete model serving: (USD $): (INT4)
LLaM&a3 ¢ 15T tokens L58hr A100
138 4.2M 6.5GB
10B 3.2M 5.0GB
2.2M 3.5GB
A
1.6M 2.5GB §
1.0M 1.5GB 8 _
D Discrete
wTotal for 5 models: ~12.0M 19GB model
serving
| >

Compute budget

<A NVIDIA I



Layer Index
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Model Compression
Importance analysis

head

wWiki calibration data, magnitude as a metric
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Attention heads

] 40% | 25% | 20% | 15% |
o | energy | energy | energy | energy

8

Layer Index
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Model Compression
Importance analysis

MLP layers
38% | 23% | 21% | 18% |
energy ; energy ;, energy ; energy
[ [ I I

sorted Neurons
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Minitron: Pruning and Distillation for LLMs

NVIDIA. 2024-12-10

LLM Pruning and Distillation in Practice: The
— Minitron Approach —_

Sharath Turuvekere Sreenivas*, Saurav Muralidharan*, Raviraj Joshi, Marcin Chochowski,
Ameya Sunil Mahabaleshwarkar, Gerald Shen, Jiaqi Zeng, Zijia Chen, Yoshi Suhara, Shizhe Diao,
Chenhan Yu, Wei-Chun Chen, Hayley Ross, Oluwatobi Olabiyi, Ashwath Aithal, Oleksii
Kuchaiev, Daniel Korzekwa, Pavlo Molchanov, Mostofa Patwary, Mohammad Shoeybi, Jan

Kautz, and Bryan Catanzaro

Abstract: Structured pruning with knowledge distillation is a potent combination for obtaining small

P I W Y | W) 1 n



Motivation

Cost to train Cost to serve:
Standard discrete model serving: (USD $): (INT4)
LLaMa3 ¢ 15T tokens 1.5%/hr A100
13B 4.2M 6.5GB
10B 3.2M 5.0GB
1.6M 25GB 3 ?
1.0M 1.5GB 8 _
D Discrete
w  Total for 5 models: ~12M 19GB model
. serving
Pruning:
13B 4.2M ¢ original training I >
Compute budget
= 0.06M  ¢only 200B tokens

53x reduction

7B ) 0.04M  ¢only 200B tokens

55x reduction

w  Total for 5 models: 4.4Mc 2.7x reduction

<A NVIDIA I



Methodology:

Compact Models via Pruning and Distillation

1. Train a Large ModeBegin with a higkcapacity model.

a kN

1. Trained LLM

Embedding

Emb4

Emb2

¥
G TR

5 ElIS||E
€ v o i) o o :'
5 (&) c = c | [5)
% 2 — < = >
2m o Q o = ]
< %‘ = % -
= 3 < 3
5. Distillation
4, Trim
Head3 .
Emb4 Emb4 CH1 —
Head1 > Q
Emb2 Emb2| |CH4 &
Head4

Details:4.LM Pruning and Distillation in Practice: Miaitron! LJLINE NDKAArxiv. https:// arxiv.ordabs/2408.11796, 2024

Iterative

Minitron approach:

Emb4

Emb2

Parameter RankingRank internal parameters by importance.

Layer 1

Layer 1

Neural Architecture Searchkind optimal architecture for a given budget.
Parameter ReductiorPrune lessessential parameters to meet size constraints.

Retraining with Distillationfinetune with guidance from large model.

2. Estimate importance

(Emb1] [Head1] [Embi] [CHZ
Emb2| [Head2| [Emb2| |CH2
Emb3 " Head3 Emb3 CH3
Emb4| |Head4| [Emb4]| |CH4

3. Rank

Emb4| [Head3| |Emb4

CH1

Emb2 Headl Emb2

CH4

Layer L

Emb1l Head4 Emb1l

CH2

Emb3| |Head2| |[Emb3

CH3

— |

Layer L

Accuracy vs training cost:

M
701
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MMLU Score (%)
553
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i
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N - I\mﬁtron - 8B
L 4
Gemma7B = Nemotron-4 15B LLaMa-3.1 8B
Minitron 8B ! 0
=] \ s
Mistral 7B
¥ 40x chea{)er
!’ 9% bettter
itro 4b
Phi-2 O
Nemotron-3 8B
LLaMa-2 7B @ Minitron (resulting models)
O @ Pruning start
' Pruning Path
Gem(r)naZB O Other Models

01 2.5 5.0 75 100 125 15.0
Cost to train the model (trillion tokens)
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Preparation

Distillation

LlamaNemotron-4B

8B => 4B
4B

—_—
4 8B
! Depth-pruned model
b~ x “Starting point for
student network”
I —_— Depth-pruning the
fine-tuned teacher model

Download Dataset
Preprocessing by E:i:]

Kk Bkt tokenizing dataset
JSONL 9 Fine-tuning teacher on the
dataset

8B => 4B

4B
\- -3 — @

Width-pruned model
“Starting point for

Width-pruning the
student network”

fine-tuned teacher model

Teacher (8B)
Teacher Cutput
s .
4B
. .
5 —
< - | ) %I distill_loss + Im_val
Trimmed (4B) 5 Distilled model
Im_loss
e e = e o=
~ Student Output Ground Truth

Distilling knowledge from
teacher to student

<A NVIDIA. I



Finding optimal architecture

Retraining of Search candidates

— idl— id3—— id5—— id7— id9 idl |— idI3
Challengemany possible architectures for a given budget Y s i S m—
Goal:find the bestuniform architecture 535
Method: 230
A Search spacédentify possible candidates for different dimensions 2
— 225
A ILP search for possible architectures under the given budget 5
A Light finetuningto pick the best model -
>
= 215
-l
2.10
@ Search Space|
) . 2.05
v |F2:85x | | x| [ ax |
' f 2.00 1~ : : ; . ‘
= 100 150 200 250 300 350
ATT | 24H || 32H || 48H | @ Feasible Solutions| Training Steps
. @ Arch1 @ Arch 2 @ Arch i & Best 4 Final
EMB 6144 5120 4096
(enan | Tovao TTuoee )
f A v
pep (| 32L || 31L || 3oL | { || F2ah 32H 48H ‘)[ ) ) 24H l 24H
\ J + Enumerate > L2 Lightweight RT }—)

32L
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LM Validation Loss

Distillation

Original training data is available:
Nemotron4-15B¢ NVIDIA model

wDistillation only requires 100B tokens
Original training data iSNOTavailable:
Mistral-NeMo-12B; LLaM.1-8B

wTeacher finetuning is required ~100B tokens

wDistillation only 106800B tokens

LM Validation Loss vs Training Steps
—— Original 12B Teacher Fine-tuned 12B Teacher

2.0 1

25 50 75 100 125 150 175 200 225
Training Tokens(B)

Typical LLM training:

[ Next word: moving ]

Input text Large
sequence: Language Cross-entropy loss
The caris Model
Per word Only single word
probability supervision
Distillation:
movin
4 3 stoppin
Teacher: T turnin
Large Language »  Logits |
Input text Model A
sequence: ~ 4 Distribution
The caris /—‘ matchg loss
Student:
Language Model

~ < Frozen (‘4 Trainable
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Class A Class B Class C
Hard labels 1 0 0
Logits 2.0 0.5 -1.0
Probabilities
after softmax 0.785 0.175 0.039

Kullbacl¢Lelibler Divergence

A KL divergence is used to measure how well the student model
(approximate distribution) mimics the teacher model (true
distribution)

A Its minimization through backprop guides the student to learn from
the teacher's state

A The formula for theKullbackLeibler divergence between two
probability distributions, with P representing the true distribution
and Q representing an approximate or model distribution is:

Dxu(P || Q) = ZP(I ) log (P E"“D

NVIDIA



Results

N\ ¥\

Benchmarks(shots) Gemma2 Minitron Llama-3.1-Minitron Gemma Mistral Llama 3.1 MN-Minitron Mistral NeMo
2B* 4B 4B-Depth 4B-Width B B 8B 8B 12B-Base 12B-FT
Total Params 2.6B 4.2B 4.5B 4.5B 8.5B 7.3B 8B 8.4B 12.2B 12.2B
Non-Emb. Params 2B 2.6B 3.7B 3.7B 7.7B B 7B 7.3B 10.9B 10.9B
Training Tokens 2T 94B 94B 94B 6T 8T 15T 380B - +0.1T
Winogrande(5) 70.9 74.0 72.1 73.5 78 78.5 77.3 80.4 82.2 82.7
) 55.4 50.9 526 556 _ I 61 _ 603 579 64.4 65.1 62.3
MMLU(5) 51.3 58.6 58.7 60.5 64 64.1 65.3 69.5 69.0 70.1
Hellaswag(10) 73.0 75.0 73.2 76.1 82 83.2 81.8 83.0 85.2 85.3
GSM8k(5) 23.9 241 16.8 41.2 50 37.0 48.6 58.5 96.4 55.7
Truthfulga(0) - 42.9 38.2 42.9 45 42.6 45.0 47.6 49.8 48.3
XLSum en(20%) (3) - 29.5 27.2 28.7 17 4.8 30.0 32.0 33.4 31.9
MBPP(0) 29.0 28.2 30.7 324 39 38.8 42.3 43.8 42.6 47.9
HumanEval(n=20)(0) 20.1 23.3 - - 32.0 28.7 24.8 36.2 23.8 23.8

Table 1 | Accuracy numbers for our MN-Minitron-8B and Llama-3.1-Minitron-4B models. We compare our
models to similarly-sized SoTA open models on a variety of common language modeling benchmarks. All
evaluations are conducted by us, except entries marked with * (taken from corresponding papers).

Observations:

A Depth pruning results in faster model

A Width pruning has higher accuracy

A Depth pruning significantly affects reasonio@SM8k drop 16.8 vs 41.2

<A NVIDIA I



LM Validation Loss vs Training Steps
Random Init + Distillation Pruning + LM Loss

—— Random Pruning + Distillation Pruning + Distillation

3.00

I N ~
&) [ ~
v o v
! ! !

LM Validation Loss
N
o
o

I 2 3 4 5 6 7 8 9
Training Tokens(B)

Figure 6 | Training convergence plot for the M N-
MINITRON-8B model. We compare (a) random
initialization with distillation, (b) randomly pruned
weights with distillation, (c) pruning with standard
LM loss, and (d) our pipeline with pruning and dis-
tillation. This plot shows the benefits of pruning and
distillation over random initialization and conventional
finetuning, respectively.

Insights

LM Validation Loss vs Training Steps

—— Llama-3.1-Minitron-4B-Width —— Llama-3.|-Minitron-4B-Depth
24
a
Q
=22
c
2
b
220
=
>
% e
0 20 40 60 80 100
Training Tokens(B)

Figure 7 | Convergence plots for the width-pruned
and depth-pruned versions of Llama 3.1 8B to 4B
compressed models. Width pruning consistently out-
performs depth pruning for a given parameter budget.

FP8 Throughput (requests/seconds)
Llama 3.1 88 [ Llama-3.1-Minitron-4B-Width [ Llama-3.1-Minitron-4B-Depth
50.0

40.0
30.0
20.0
10.0 = 15'5 13.3
7.0

0.0
128/300 256/300 512/300 2048/300

ISL/OSL

Figure 10 | TensorRT-LLM FP8 throughput compari-
son for the LLAMA 3.1-MINITRON-4B models
with the Llama 3.1 8B model w.r.t. increasing input
and output sequence lengths.
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Summary

Benefits:

A Faster Model Derivatiod0x160x faster generation of smaller models compared to training from scratch.
A Full training typically requires 15T tokens; compression reduces this to just@AT tokens.

A Efficient Model Family Training:5x3x faster to produce an entire model family.

A Higher Accuracyt18% improvement in MMLU, resulting in more precise and capable models due to compressing the larger
model.

A Better hyperparameter distribution by NAS.

Learnings:
A Reasonable target compression is 2x, otherwise iterative
A Depth vs Width pruning for LLaM&a8B pruning:
A Depth pruning results in faster model
A Width pruning has higher accuracy
A Depth pruning significantly affects reasonin@SM8k drop 16.8 vs 41.2

- Many attention layers can be removed

NVIDIA



Hybrid Mamba + Attention LLM
w56B trained on 20T tokens
w5:1 ratio attention to Mamba

wON RTX 5090 (FP4), fits only 1k context

What if need to fit 1M context?
1) Training from scratch
2) Compression

WENRLIWISR p aGdy -@8SNER OFNRY
wRemoved 10 Mamba & 5 FFN layers

wUniform 6.25% FFN compression

w47B fits 1M context in 32GB GPU

w0 100B tokens

w+20% faster, and improves some benchmarks!

Nemotron-H
Hybrid AttentionrMamba models from NVIDIA

<Z NVIDIA.

2025-4-16

Nemotron-H: A Family of Accurate and Efficient

Hybrid Mamba-Transformer Models

Nemotron-H-
o N 5 o o o o o
8z || 8228238238232 /|| 3.z
£~ E*§ L g k- e E-eg-E-e-k £~
© T B © © © © ©
= = < = = = = =

x1

Input sequence length = 65536 / Output sequence length = 1024

6251 @ Nemotron-H-47B
£ o0 @ Nemotron-H-56B
= 60. : )
8 A Qwen-2.5-72B : :
5575 :
Q
@
o 55.0
S 505/ W Llama-3.1-405B  :
3’ @ Llama-3.1-70B
S 500 3 2.4x i
0 5 10 15 20 25 40

Throughput (Output tokens/s/GPU)

Figure 1 | MMLU-Pro accuracy (Wang et al., 2024) versus per-GPU inference throughput for

Nemotron-H-56B/47B-Base compared to existing similarly-sized Transformer models. Nemotron-H

models provide state-of-the-art accuracy and inference time speedups.



Recent models

Hybrid LLMs:

A NemotronH with 8B and 47B variants: fp4 for 5090 with 64k context. ~May 2025.
A NVIDIANemotronNanov2 is a 9B model compressed from 12B. August 2025.

A More to come.

Learnings:
A52y Qi &SS NBlazya gKe y20 02
AWe focus on +20/30% model params and then compress.
A Accuracy is higher, efficiency is the focus.
A Before we did only Base model compression.

A Latest model is Reasoning model compression,
we found need some RL/DPO on top to recover accuracy.

A <100B tokens for compression, 20T for training.

ABenchmarks look great, what is the catch?

o
o

=]
(=}

Accuracy (%)

& v
o o

w
o

~
o

(=]
o

B NVIDIA-Nemotron-Nano-9B-v2 Measured Accuracy

7 mmm Qwen3-8B

IFBench AIME24 AIME25
(Instr. Following) (Math) (Math)

GPQA-D LiveCodeBench BFCLv3 RULER 128k

(Science)

(Coding)

(Tool Use) (Long Context)

Measured Throughput

6.3

ISL/OSL ISL/OSL
1k/8k 8k/16k

This just trades general performance for domain specific gains. #3

by phillll - opened Aug 18

Relative Throughput (Output tokens/s/GPU)

<A NVIDIA I



Follow ups

Ministral 3

T Mistral Small 3.1 . 5
i ! ' ‘
i i :
! ; :
¥ | i :
T
14BTnit.  —— 14BShort Ctx, — |  Ministral 3 ;
! : 14B Base :
! H —
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8B Init. —~—— 8B Short Ctx,. ——— Ministral 3
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3B Base
— > L . R
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Figure 2: Illustration of Cascade Distillation.

Llama 3.2

This collection hosts the transformers and original repos of the Llama 3.2 and Llama Guard 3

= meta-llama/Llama-3.2-1B

» Text Generation i 1B « Updated Oct 24, 2024 1.86M 2.33k

= meta-1llama/Llama-3.2-3B
» Text Generation - . 3B - Updated Oct 24, 2024 1.59M 706

o meta-1lama/Llama-3.2-1B-Instruct
» Text Generation - Updated Oct 24, 2024 4.08M 1.32k

« meta-llama/Llama-3.2-3B-Instruct
> Text Generation - Updated Oct 24,2024 - . 4.64M 2,04k

1B & 3B Pruning & Distillation

==

Llama 3.1 8B Pretrained

Synthetic Data Prompts

Liama 3.1 708 Pretrained Inference Llama 3.1 405B Instruct

Stack

Legend
Logit Data

Collected Fine Tuning Data Synthetic Data

Collected Data

Llama 3.2 1B/3B Pretrained Liama 3.2 1B/3B Instruct

Derived Data

Pretrained Model

Pruning-based
initialization

updated Dec 6, 2024
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On-policy distillation ¢ reverse KL

Distillation data from student

w"An expert is a person who has made all the mistakes that can be made in a very r
field." >t Niels Bohr (Nobel Prizaginning physicist)

wNormal distillation: use general text corpus for distillation

wKey idea:generate data by studeng judge by Teacher

Bl [ BNl BRBRE

40% 80% 5% 15% 99% 99% 40% 80% 90% 99% 70% 99%  99%

student trajectory
teacher’s conditional per-token probability

KL (ﬂ-ﬂl ‘ﬂ-teacher) — E:I:N‘?Tg [log W@(mt—i—l‘wl..t) - log Tteacher (mt+1|$1..t):|

https://thinkingmachines.dbdlog/on-policy-distillation/ SnviDia I



Semi structured 2:4 sparsity

End-to-end Learning of N:M Sparsity Lossless Masks for Downstream Tasks

Domain Mask #1 for French

mm] | =N

Frozaneighrsﬂ
Fa =3t~ rf=5
I ! H

MaskLLM:
Learnable Semi-Structured Sparsity for
Large Language Models

- NeurIPS 2024 Spotlight -

Transfer

! 1 1

e dlemdlaa
oo B -,r-- =
§ )" ! 1
[ P R

_a |__1

---lelfer:nhahle M:sk -b Mnk Distribution &
[~
OEED 2
1.4 Faster, 73% Memory
selection as a distribution learning problem, enabling the creation of accurate masks through end-to-end

~ HEHEE
- DEED ECOOE
training on large-scale datasets. The learned and general mask can be further transferred to downstream

& lihr
. D . D Domain Mask #2 for HTML
Figure 2: This work introduces learnable semi-structured sparsity for LLMs. MaskLLM models mask
tasks or domains, achieving lossless compression.
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Jeff Pool®, Jan Kautz®, Pavlo Molchanov®, Xinchao Wang® ﬁ;.m.m I %
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MaskLLM: Learnable Semi-structured Sparsity for LLMs

Figure 3: Differentiable mask with Gumbel Softmax. Each consecutive M parameters are associated with a

Learning P Learnable Masks 1.4xF 73% M
ring Frocess T;r::[:mnc:) FFOZEI'I LLM x Faster, emery learnable categorical distribution of candidate masks. All illustrated computations, including the Gumbel
: Large Language Model Softmax, and the weighted averaging are differentiable.
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Irlsnurer
Task 2 (HTML) ) <>

10001_91@
10100701

LLM fior HTML (Lossless)

Method Learnable Transfer 7B Wiki PPL  Downstream Task
Oneshot No NIA ~10 Lossy (Avg PPL=18.80)
MaskLLM Yes Yes 6.72 Lossless (Avg PPL=7.39)

| * Frozen weights @ Trainable J

<A NVIDIA I



