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THE LOTTERY TICKET HYPOTHESIS:FINDING SPARSE, TRAINABLE
NEURAL NETWORKS, 2019, ICLR Best Paper
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Figure 7: Test accuracy (at 30K, 60K, and 112K iterations) of VGG-19 when iteratively pruned.
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One ticket to win them all: generalizing lottery ticket initializations
across datasets and optimizers, 2019, NeurlPS
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[l L7=D < Ui | ZXVERE (1/3)
ON THE EXISTENCE OF UNIVERSAL LOTTERY TICKETS, 2022, ICLR
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(a) f(x) viIRU ) Z VIV —FFTF+
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« D T (EE
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[l L7=D < Ui | H XV (3/3)

(b )/Wb(x)+<\

bl (X)
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What‘s Hidden in a Randomly Weighted Neural Network?, 2020, CVPR
E< Ui

v REARISINNIC (&, B UHEHMENSFE UIEHZE(C
FIFEOMEEZIER T D/ NRIAT TRy RO —IOMNMFET D

ULVES UiRER
v KIAERHEMEDNNI(C (FH TRy MDD —OMWFEL,
ZTOH Iy NDO—D (3t EAEDEEZIFD
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[l 55\ E< UIRER | SuperMask

Deconstructing Lottery Tickets:Zeros, Signs, and the Supermask,
2019, NeurlIPS
v EMEBAHETILDEHD—BEIZYRIL, BODDEHZHRITFIT D

CETCTEFBERITDI ICEREZIEN I DSuperMaskz=FH R
- ZERE CTHRHESNERDEAH, FEROEIMEMEVEHFZ0CT DY

v #HIEREEAHETIL (MLP) (CSuperMaskziEA UJ=EF)LIE0-shotT
CIFAR10D 3B BE65.4% 2 3ZRY
NS A—HTIOLHNERTED ZEHEF
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520 =< U{RER | CNN (1/2)

PROVING THE STRONG LOTTERY TICKET HYPOTHESIS FOR
CONVOLUTIONAL NEURAL NETWORKS, 2022, ICLR

v CNNI(CH 1T D5RUNE < UARGRZEERR |

v LAYHIDARNTHIDL AV OEHEE + HE(LTROSND

Xin=0(K;*X;)

v I INCHIEME ESNTEBEFIFHAHEL,, | &L, (TG T D SuperMask S
2 FHWL TR THER

-

Xin=¢o ':[LE::' ® 521 T “:sz' 1 @ Sy 1'} * 1:']}
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520 =< U{RER | CNN (2/2)

v I NCHEM b ESNTEBHAREL,, | E L) (33T DSuperMask S
7z FHUNTEUR T B

X1 =0 (Lo ®Sg) * 0 ((Lai_1 © Sq;_1) * X))

R () N5, EEDOETLUFDIL
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X

€
max = o

e : Upper bound

[ : Number of layers
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v Random Subset Sum Problem CiEBAT]EE (FEEER)
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[l 58 | EHAHBRAEDIRERM

gr,s(X) = (VO T)*0o((UGS) *xX)
EBDEMHAHEL, S5 AICHIEMEESNITEER I —ILD

B EPruning(C KD, pDiRZEEHE Cimn]ge

v Random Subset Sum Problem CiEBAT]EE (HEEERI)
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The Lottery Ticket Hypothesis at Scale, 2019, arXiv
vBERDNNIEK UMMBZ D53, BIZD < UDZEREIX SHIHs

v Exf]DEepochFEB UILEHZWEHEE D CETHIEDODS UZ
B DlFDLate ResettingT 12 Z
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Understanding Generalization through Visualizations, 2020, arXiv

VEBBEMMNDTA S —F XU
Mtz OERZRE

VIERENDRARZ "JRAL U
E=169 D 2 & THALE = i

(¢) Minimizer of network in (a) above (d) Minimizer of network in (b) above
N \ —_ A4 33 MA A4 TS
MEEZFF o> I2FEE 1B
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[l 5tz DERIE (1/2)

v basinOEH St VEZ EE21E
V = wpEg [r"(&)] f ==

ﬂ.n/Z

T'(1+%)

r(¢p) = min{r | L(0" +r¢) > L(0") + €}

v basin : 1&KEAZXO1/ | EJE I pE1

B(6") = {6 | L(6) < L(6") + <}

r : Radius
n : Dimension
¢ : Direction

B : Basin

@* : Model parameter of minima

0 : Model parameter
€ : Threshold
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[l 5tz DERIE (2/2)

v STEEIQREZ RO D Z L (I A ATHE
— nlFETILDINS A= Rt = BT H~UELU L
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How to Prune and Distill Llama-3.1 8B to an NVIDIA Llama-3.1-
Minitron 4B Model

m Al at Meta & B - i v NVIDIA, Pruningc‘:

Using structured weight pruning and knowledge distillation, the @NVIDIAA

research team refined Llama 3.1 8B into a new Llama-3.1-Minitron 4B. D|St|”at|0n (: CJ: D
They're releasing the new models on @huggingface and shared a deep dive -
on how they did it [#¥ go.fb.me/b2h2c8 LLM%/J \%ﬁﬁ;'ﬂ:

1. Trained LLM 2. Estimate importance — Pru N i ng : *ﬁt}] D

Emb1 tond 1 mb1 CH1
il

3 foma] | | 5 — Distillation : &0:#2%E3

Emb3 CH3

Embd Headd CH4

- LLaMA 3.1 15B — 8B
— LLaMA 3.1 8B — 4B




MMLU Score (%)

Compact Language Models via Pruning and Knowledge
Distillation, 2024, arXiv

v Pruning & DistillationZ
LLMOD/\FRIEA 72 1Z Bk
— Nemortron 15B — Minitron 8B

— Nemotron 8B — Minitron 4B
— Minitron 8B — Minitron 4B

— Nemotron: NVIDIARLLM

LY C

_ Gemma7B Nemotron-4 15B LLaMa-3 8B
65_Min‘it.rnn BBlr\ _{ ) O
Mistral 7B
] 8 40x cheaper
60. 9% beater
Minitru”4B
Pr(f)Z 7\
|_
> O
: Nemotron-3 8B
50
LLaMa-2 7B @ Minitron (resulting models)
_ o © Pruning start
431 Pruning Path
Gemcr)naZB O Other Models
01 25 50 7.5 10.0 125 15.0

Cost to train the model (trillion tokens)
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Jll Pruning& (3 (1/2)

v Pruning (z2XD)

ETILDNSARER ) — RZHIBRIT DT LT

B ILO/NGRIELL - @bz 1T DBl

1750 -

1500 -

I Neural Network Compression (total: 9295)
B Neural Network Pruning (total: 5025)

[
N
192
o

1000 -

750 1

Number of Papers

500

250 1

FRFRPRFEFRFEREFERFRERFERFERERERENNMNDNNMNDNNNMODNNDNNDNNMNDNNDNNNNNNNNN

DO OOVOOOVOVODOVOODOOOOODOCOOOOOOOOOOOOOOOCOOO0O

DOV OVOVOOVOVOVOVOVOVWOOOOOOOOOOOHEFMHFMHFEFRFEFEFEFEEFENNNN

OCORRNWRAUIOONOODOORFRNWRARUIOONOOORENWRARAUIOCNOOOOEFENW
Year

E5)LIEHE - Pruning(CBH 9 D5 X DITEEY
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Jll Pruning& (3 (2/2)

T = ._
) VS A —S175] 5.65 7.81 0.12

("'1.23 0.24 —{1.21"-)
0.03 —343 552

123 0 0
(5.65 781 0 )

BT
0 343 552 0.03 —3.43
JEBIEHN D HEISH D
0 DERDE%QBEATAE FTFI DET TR O

'1.23  0.24 "
(5.65 ?.81)

BMD(CKDETEEZHIR
(1~3E5EEEDEE(L)
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[l Pruning’5i% | BRITER

MLP MLP(X) =4 (X - W{) - W,
Attention MHA (X)) = Concat(hegdl, c.. ,headL) : WO,
head; = Attn(XW®" XWX XWV)
Layer Normalization —————— X : Input

W : Model Weight
d : Activate Function

i : Mean of Embedding

o2 : Variance of Embedding

€ : Hyperparameter(small)

v, B : Learnable parameter

28



Jll Pruning’5i& | IBARIDIER
Head, Neuron, Embedding channellcX I 3EEEFH(IT

head Z |Attn(XW XWEL XWVA) ||,

neuron Z X Wz emb Z LN

Batch Sequence 8T LM Loss WikiText2 LM Loss

L2 L2 8.73 8.37

L2 mean 7.18 7.23

L2 var 8.18 8.61

mean L2 8.41 7.84

mean mean 7.21 6.89

mean var 7.94 8.29

var .2 9.01 930 E5EAIK

var mean 8.34 8.72  Mean, Variance, L2
var var 10.55 11.14 Grid Search

ESHEZEE U E S DMERELEE



[l Pruning’5i% | RS HRIDER

Perplexity&Block Importance CIEODEEEHH
— Perplexity: $5E DIE7%Z BRI} U TZBRDPerplexity X 177 (DEENE

1 n : index of output token
ppl = exp (_ N Z ; tnx log medel(yn’k)) k : index of token list
n

— Block Importance: & 3/&(C DU\ T ANBIRDFHHAZ B D Cosine Distance

30



[l Pruning’5i% | 5L —=3>2 &EDPruning

vTAT L —>328(CEE)

tH « PruningZz= =17

Kt
1

Iterations Initial (Zero-Shot) Validation Loss Final Validation Loss

T=1 5.43 1.92
T=2 5.55 1.92
T=4 5.24 1.92

T2t Bz ESDMERELEE



Jll Pruning’5i% | Neural Architecture Search (1/2)
& @MNeural Architecture Search (NAS)

® Search Space

MLP |2.5x|| 3x || ax |

arT |[2aH || 32H || 48H | @ Feasible Solutions |

9 Arch 1 © Arch

]
>
>
w
&
il

EMB |6144 | | 5120 ||4096 |

. DX LOX X
DEP || 32L || 31L || 30L | 24H 32H 48H , ) 24H 24H
- / +’ Enumerate J Lightweight RT 2 Full RT

@ Target Params. |

| -5% |e> 8B |e>|+5% |
ERZTEEODOER

N
u
N
u

£

z

E 5
N
u
N
ul

wl | &
N N
- (=}
w| | X
N N
U o
wl| |5
Sl |0
U a

ul
W —
N o
— o

ul

=

N

o

RT : ReTraining

v PruningZDEZ)LICH UCTNASZER UET ) UigiE = B
— NAS : E5)UBEDER7) LT X




Jll Pruning’5i& | Neural Architecture Search (2/2)

Retraining of Search candidates
idl id3 id5 id7 id9 idl l—— idI3 id15

— id2 id4 id6 id8 id10 idl2 idl4

2.40 4

2.354

N
N
(0,1

LM Validation Loss
S

/////

2.10

2.05

2.00 — . . , ! | .
100 150 200 250 300 350 400
Training Steps

IRHET ) RROIHELER
BBEFILICES> THEEDIESOL = EROEHEEED
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Jll Pruning’5i% | Pruning& Nz EFIILDIES

1. Trained LLM

- ~ - ‘ (F ~ N
2llg [{[E|18]]5 _
© e % 8 .II: 8 o =
- o Mol - P S - — > L >
iGN 8
w £ ® e ®
= - < -
\ / \L 4 ) \/
N S k> . .- q
EINFE 5. Distillation lterative
4. Trim
)
Head3 I
Emb4 Emb4 Emb4 CH1 L
- > p{ Head 1 [=p] - > L >
Emb2 Emb2 Emb2| | CH 4 ©
Head4
|
Pruning

2. Estimate importance

r N [
Emb1 Emb1 Head1 Emb1 CH 1
Emb2 = Emb2| |Head2| |Emb2| |[CH2 o
© =~ » O
= v >
Emb3 & Emb3 Head3 Emb3 CH3 S
Emb4 Emb4 Head4 Emb4 CHA4
V. \ ) 8
It
=
SBEHT
3. Rank
e N\
Emb4 Emb4| |Head3 Emb4 CH 1
Emb2 = Emb2 Head1 Emb2 CHA4 :I
o > 2
Emb1 & Emb1 Head4 Emb1 CH2 3
Emb3 Emb3 Head2 Emb3 CH3
\ J S

Pruning=1/zAttention HeadHh'\5 (355 ZE 155t
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il Distillation& (3 (1/2)

v Distillation (ZZXE) : EAXREZERAHETIL (EEn) %=
INRIRIRET)L (&EfE) TIEIT B LD ICEE I Dl

Teacher Maodel

Student Maodel

-------------

Knowledge Transfer

ijfﬂl

Distillation - X —>[X]



il Distillation& (3 (2/2)
v Distillation (ZZE) : EAXREEZHTESTIL ) %=

INFRIRTR

=)L (£

Data

=€) THEBIT DRI ICFE T DFEiM

Distillation
Loss

|

Logits"™\— _A@Distillation
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il DistillationZ5i% (1/4)
PruningBiZ#EP, Pruningi®%&Z£{f& UJ=ZKnowledge Distillation

Ed Teacher
Block T |
| Embeddings |—>| Block O, ..., T-1 I—) | Multi-Head Attention p»l Feed Forward (MLP) | —>| Block T+1, ... , M |—)| LM Head Logits
Block S |
| Embeddings |—>| Block 0, ..., 5-1 |—) | Multi-Head Attention [» Feed Forward (MLP) | ->| Block S+1, ..., N | [ LM Head Logits

& Student
FIFA 9 BKnowledge DistillationdD134H7+

v FRERIR, LogitENZENICH U TCEBIEZITD & T,
HENEST )L ZBIRIT 3ERETTI/ILZIES




il Distillation75i% (2/4)

PruningBiZ#EP, Pruningi®%&Z£{f& UJ=ZKnowledge Distillation
v Logit\— _ADKnowledge Distillation

[
|
Llogits — ? Z LOSS(pf(:B, T)apf (LE, T))

k=1

| : Sequence length
: Temperature
/| : Vocabulary size
KLD, MSE, Cosine Similarity, Reverse KLD
X AR (CEEND DFEBHFEIT
38




il Distillation75i% (3/4)

Logit’N\— ADKnowledge Distillation
v Nemotron-3 8B CExiE/RlogitsDLoss Z HRZR

Loss LM loss | WikiText PPL
Loy + Lf_ﬂg.ﬂ“.-.,-{MSE\J 2.144 9.007
Lf_’j‘LM + ng.,;gﬁ{l{KLD) 2.140 9.008
Loy + L-f_ﬂg.g;“;,-{(:{)ﬁillﬂ} 2.134 8.965
Loy + Liogits(KLD) 2.117 8.791
Liogits(KLD) 2.107 8.720

LossZZE U &S DR ER



il Distillation75i% (3/4)

PruningBiZ#EP, Pruningi®%&Z£{f& UJ=ZKnowledge Distillation
v TransformerX\— X E5) LD HfEIZRIZDKnowledge Distillation

h : Hidden state for i** token

— alZlogits EisDLEMSETE T Diga
— L. [(¥embedding, attention, mlp, outputh5#RXR



il Distillation53% (4/4)
HRIFRIRDKnowledge Distillation

v Nemotron-4 15B CeiE/XEIFRIRDLoss T IRZR

Loss components LM loss
L’J’.rjg-ii.f-; 2.155
L'I(.i_qif,.‘-:‘ + Lﬂ{zg: 13) 2.145
L’Imgiiﬁ + Lf.il{ 15: 15) + Lc:'m,b 2.240
L'I(.i_qif,.‘-:‘ + LU{23: 15) + -L(:'m,:'j 2205
L’J’.rjg-ii.f-; + ij{zg: 15) + L(:'rri',b 2.203
L’Iﬂgiiﬁ + LU{BO: 15) + L(:'m,:‘j 2 l 88
L’J’.rjg-ii.f-; + Lﬂ{3 l: 15) + L(:'rri',b 2.180
L’Iﬂgiiﬁ + LU{ES: 12) + L(:'m,:‘j 2.141
L’J’.rjg-ii.f-; + ij(29:13] + Lfi-m,:'} 2.141
L’Iﬂgiiﬁ + ij{zg: 14) + Lc:‘m,:‘,a 2.152
L’J’.rjg-ii.f-; + ij{30: 14) + L(:'rri',b 2.150
Liogits + Lo(29:13) + Leyny + L;(29:13) | 2.141]

LossZZE Uz &S DR ER

(ZENDIE : £TEDIE)
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Il =5
€))L

v Nemotron-4 15B% Pruning L CMINITRONZ &£

F—HtY bk
v SBRIFH
v ReTraining :
v

S BETH

Jdhnl

Lmly

Nemotron-4/*Scuration UJ/28T b—20 > D54
thvs1.8Bh—0 >
V51,0245 > )L

\

= el e A g e L

4

To train a family of LLMs, train the largest one and prune+distill iteratively to smaller LLMs. )
Use (batch=L2, seg=mean) importance estimation for width axes and PPL/BI for depth.
Use single-shot importance estimation; iterative provides no benefit.

Prefer width pruning over depth for the model scales we consider (< 15B).

Retrain exclusively with distillation loss using KLD instead of conventional training.

Use (logit+intermediate state+embedding) distillation when depth is reduced significantly.
Use logit-only distillation when depth isn’t reduced significantly.

Prune a model closest to the target size.

Perform lightweight retraining to stabilize the rankings of searched pruned candidates.

If the largest model is trained using a multi-phase training strategy, it is best to prune and

retrain the model obtained from the final stage of training.

/

Ablation/ 5iR& 1= E /R EERESTE

A~
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=R (1/4)

Model Tokens | Hellaswag | MMLU

4B-Random-Init 150B~* 46.22 24.36

4B-Random-Init 400B 48.23 26.24

4B-Pruned (prune Nemotron-4 15B) 150B™ 50.85 24.57

4B-Pruned-Distill (prune Nemotron-4 15B) | 100B” 51.04 37.81

4B-Pruned-Distill (prune MINITRON 8B) 100B* 52.04 42.45
Pruning 73 /ED LLEGESR

v Distillation(C KB4 EeM_E - IR — S DHIIRZ R
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=R (2/4)

Models

Benchmark Metric Llama-3 Llama-2 Mistral Gemma Nemotron-4 Nemotron-3 MINITRON
# Parameters 8B 6.7B 7.3B 8.5B 15.6B 8.5B 8.3B
# Non-Emb. Params 5.9B 6.4B 7B 7.7B 12.5B 6.4B 6.2B
# Training Tokens >15T 2T 8T 6T 8T 3.8T 94B
2 winogrande (5) acc 78 74 78.5 78 83.6 75.9 79.0
SJ arc_challenge (25) acc_norm 58 53 60.3 61 58.8 52.8 52.6
< MMLU(5) acc 65 46 64.1 64 66.6 54.7 63.8
3 hellaswag(10) acc_norm 82 79 83.2 82 84.6 78.5 80.7
z gsm8k(5) acc 50 14 37 50 48.5 24.0 51.3
v truthfulga(0) mc2 44 39 42.6 45 40.7 36.5 42.6
XLSum en (20)(3) rougel. 31 31 4.80 17 32 30.9 31.2
Codin MBPP(0) pass@1 42 20 38.8 39 38 27.04 35.2
€ humaneval (n=20)(0) pass@1 28 12 28.7 32 354 20.7 31.6

MINITRON 8B ftBDLLM & DELER

v IEB(CPTIRNW =D > TFEERIEE
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&R (3/4)

Models
Benchmark Metric Phi-2 Gemma Gemma2* Qwen2* MiniCPM* MINITRON
# Parameters 2.7B 2.5B 2.6B 1.5B 2.7B 4.2B
# Non-Emb. Params 2.5B 2B 2B 1.3B 2.4B 2.6B
# Training Tokens 1.4T 3T 2T 7T 1.1T 94B
winogrande (5) acc 74 67 70.9 66.2 - 74
arc_challenge (25) acc_norm 61 48 554 439 - 50.9
MMLU(5) acc 57.5 42 51.3 56.5 53.5 58.6
Knowledge, Logic hellaswag(10) acc_norm  75.2 72 73 66.6 68.3 75
gsm8k(5) acc 55 18 23.9 58.5 53.8 24.1
truthfulga(0) mc2 44 33 - 45.9 - 42.9
XLSum en (20)(3) rougelL 1 11 - - - 29.5
MBPP(0) pass@1 47 29 29.6 374 - 28.2
Coding humaneval (n=20)(0) pass@1 50 24 17.7 31.1 - 23.3

MINITRON 4B MBI U=+ XDLLM EDECER

 IEBITDIRN h— > TE B A



=2 (4/4)

Models

Benchmark Metric LLMPruner SliceGPT LaCo ShortGPT Sheared LLaMa MINITRON
=
= # Parameters 9.8B 9.9B 9.8B 9.8B - 8.3B
?E # Non-Emb. Params 9.5B 9.5B 9.5B 9.5B - 6.2B
© MMLU(5) acc 25.2 37.1 45.9 54.7 - 63.8

hellaswag(10) acc_norm 67.8 55.7 64.4 66.6 - 80.7

# Parameters 4.8B 4.9B 4.9B 4.9B 2.7B 4.2B
g # Non-Emb. Params 4.5B 4.6B 4.6B 4.6B 2.5B 2.6B
= winogrande (5) acc - - - - 64.2 74
ﬁ arc_challenge (25) acc_norm - - - - 41.2 50.9

MMLU(5) acc 23.33 28.92 26.45 43.96 26.4 58.6

hellaswag(10) acc_norm 56.46 50.27 55.69 53.02 70.8 75

gsm8k(5) - - - - 23.96 24.1

acc

fBDPruningiE#HLLM & DLEEER
(PruningZER T DLEE TIEIRLY)
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Jll LLaMA 3.1 TDIBE

v EBEE (INemotron & [BFRDET
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Jll LLaMA 3.1 TDIBE | 185 EESRDPruning

FY | = Z |Attn(X W@, XWEL XWVH) ||,

neu on Z X WZ emb Z LN

v MLPOH AR 7T(314,336 — 9,216
v [BNIEDIR7T(34,096 — 3,072
- X FF/ER BB SN TV

Nemotron & —#&
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ll LLaMA 3.1TDIBE | ROFI—IRE

Benchmark No. of Metric Llama- Minitron Llama-3.1-Minitron Phi-2 Gemmaz2 Qweng-
shots 3.18B 4B 4B 2.7B 2.6B 1.5B
Width- Depth- Width-
pruned pruned pruned
winogrande 5 acc 0.7727 0.7403* 0.7214 0.7348 0.7400* 0.709 0.662
arc_challenge 25 acc_norm 0.5794 0.5085 0.5256 0.5555* 0.6100* 0.554 0.439
MMLU 5 acc 0.6528 0.5860* 0.5871 0.6053* 0.5749 0.513 0.565
hellaswag acc_norm  0.8180 0.7496 0.7321 0.7606* 0.7524* 0.73 0.666
gsm8k acc 0.4860 0.2411 0.1676 0.4124 0.5500** 0.239 0.585*
truthfulga mc2 0.4506 0.4288 0.3817 0.4289 0.4400* - 0.459*
XLSum en rougel 0.3005 0.2954* 0.2722 0.2867** 0.0100 - —
(20%)
MEBPP 0 pass@| 0.4227 0.2817 0.3067 0.324 0.4700* 0.29 0.374*

. B=Yy=E
* o E=tals
Training Tokens 15T 948 1.4T 3T T ** . Mo g

IEAREFED—EINSFI—ITRER

Mt
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BF16 Throughput (requests/seconds)
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~ EX<>

How to Prune and Distill Llama-3.1 8B to an NVIDIA Llama-3.1-
Minitron 4B Model

v Pruning &Knowledge Distillation(C &k B LLMD/ AR
- EFI)LB A XDHIE
- 15B = 8B, 8B = 4B
- FT5— S DMl
—- 8T = 94B (FTIEIEBFHMRNSDENFES 1RO TER)
— HESmERE DIiE
— TTDIEENIL—T v b
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