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FL5 ) BRI RIESEE LLM EEINE? AZiRS 5 1 Part EEHH, RERLHRERFHIE.

A. BIREES B. FAsEAz&R C. %[0 D. &=

o 25? BIAT 27 A2 GPU S&INE? 2:4 WA MRAES L2/L3

FEE )R BIR A EIE 3 LLM #EERANE?

Part A/ B / C: \BEZZI LR Part D/ E: BERE G4

A BRI (8IR) D EEH4ER (9W)

o BX ., =HEHEZ (Which x How x When) . RE. 5 e NVIDIA 2:4 Sparse TC: #illl — =& - MMA — sCiU — il
(magnitude/Hessian) . one-shot vs iterative o [ERFIFIE N:M 246 . Blackwell T—f GPU

B A% (5}) E #h5s+54 (4)

« OBD/OBS #i52. Deep Compression. EIE. Lottery Ticket. Liu o KB (attentlon mask) . EHEHESR. xLE

2019 EFTH o L1 /N + 335E L2 (static LLM g—H&LF)

C R (5;|)
o HERMI — SENELEFINE - RHHARE (a)(b)

FEER: BEE: AER > B B¥E - C @ » D &FX - E B4E; REHAE (a)(b) 22EHR.
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‘\ Al HARBIR?

EXERHERIERD

BUEZ (Pruning) = 1B FHBMEMNLEH "FEE" NE/HETER

Soft mask (BRBI#HY): BINEEE, REEMEK; Bl /kernel BEIRBIHBNITEE (2:4, FELEHEK)
Structural removal (FEBI#Y): EIEMIFRE channel / head / layer, BRI, (E RS iR ERAENNE
Bir: EREJLFELIR (<1% drop) METIR TR 2% / FLOPs / DRAM fiZE / IR

S5HMEREEFRARNXR AP ELZFH=/ TR

« & (Quantization): F&IEIE bit £ (FP32 — INT8 — INT4); 1R85 e Which (BIf+A): KiE (BXE / head / B) x 4% (magnitude /
ERERRERE activation / Hessian)

o 318 (Distillation): A teacher #2&ES student; R FIRER o How (MfITHNE): EIARIANIZ pattern? SEEIINE? FRETE
B 15?

o {ERESE (Low-rank): W = U VAT, BIERIEIUREEE e When (faJB4BY): one-shot (JL/\BY) vs iterative (EIREIEE)

o [UFENMI, &7 EEAS (0 Minitron = BiF5+KD; SparseGPT-2:4 e —/NJ33% = Which x How x When 4B &

= BWE+GPTQ BH)

before pruning after pruning

pruning
synapses

Train Connectivity

U

Prune Connections

v

Train Weights

Figure 2: Three-Step Training Pipeline.

-

pruning
neurons

Figure 3: Synapses and neurons before and after
pruning.

FEER: BKRE "RUHERTR", Soft/Hard WFRIE + =NEEESR, EXENIES,

& Han et al., Learning both Weights and Connections, NeurlPS 2015 (arxiv:1506.02626)



‘\ A2 ETLR: At AR EAIAERT?

B2# 1k (over-parameterization) RYIENFE, A2REENSE, BIEFIRANEXNER,

SCAE RN R

o EFEHNNE EKEDT:

- SN ERR 0 (Wi =EE/N)

- PENERIBEER RS

e ResNet-50 B Conv I ZE: 60-70% K [w| < 0.05
e Transformer FFN X&E: S EDEL, BNHKEE

o Hit: i€ "EE" 5, XaE R/

WIERERHEINES T

Hi0fFa: Lottery Ticket

e Frankle & Carbin 2019: dense M4 B FE— N HERF M
(winning ticket)

FBIRERIIIR I EFII SN F M > ARRMNERBE

RIRE: B = k38, FELE
HFERT AT ABRASIBERT "R"

S1.14 SFEMANBIX—MER

4000 A

EEMRREEL (HE)

|W|<0.05: £5 60% 100 1
3500 A o5 |
3000 A ao A
2500 1 £ g5
2 K
& 2000 - 5@ .
i &
1500 - =75 4
1000 A 70
500 4 g5 4 — EREHHE
BRE/LELHEK
0 . o ; . 60 . ! : ! i
06 0.4 0.2 0.0 0.2 0.4 0.6 0 20 40 60 80 100
NEE w FRIERE (%)

XRER: LR = HERNA=E,; BIEEX over-parameterization BISE[E A,




‘\ A.3 IR I=14E: Which X How x When

— NEAERNEIR 5% = Which x How x When =MNEERNAS: | 5 THBIERFF,

Which (BI#4)

® HLE (granularity)

o BNE (FELEHL)

» head / channel (£#31k)
e 2:4 block (¥45%31k)

s REBHKRIFE

@ ¥4 (importance score)
* magnitude: |W|
activation: |W| = Il X Il
gradient: |g - W|
Hessian: OBS/OBD Zi&
HERE LR

XREM: WhichxHowxWhen 2R ZiRNIESRIES,; L2/L3 SRieNEEXN =4 EHNE —R,

How (30{al7N:E)

O=EAN"R"

- EP4: DRAM KiFE?

o Rikid: SEARFM?

« EjA%l: GPU i\ pattern?

RERSG W

o [E@H 50% HHRE

o EEME GPU JLFELINR

o 2:4 BE 2x &Mt

o ZMGERINR
Which How
(EIft2) (AN{ATH03E)

When ({@B45L)

® —ixtE

o RUAAR, 2Eh-/NBTLR

e SparseGPT, Wanda

@ &K

B — il - B
BERIF (AIX 99%)
BAS (R-A)

Lottery Ticket, Slimming

When
({AIRFE)

- R B E/head/E - BT E: ERRSENE?

- 4 |WI/IW] - | X]/grad/Hessian - E#EE: GPU 1A8 pattern 157

- One-shot: —RHBE=E

- lterative: 7% E|




‘\ A.4 Which Z2—: *S‘D

E (ZHDK)

RIREEGE, AR Y, RIBEREEEA, TH=MREBEENEEN T IREIEE,

® ELHW (Unstructured)

KIE

o BNEIMHI B
o OiX >95% FEH
RFEHE

* Han 2015/2016

* |ottery Ticket 2019

» SparseGPT (FEZEMTIE)

M=
o BERER/N
s EHELRRS
BR
o FBEMNEREL

* dense TC FiEFIE — GPU TR

(D LML (Unstructured)
HEEE BH B
L] ]

PMERIEST
X Dense TC FhnE

@ £#4k (Structured)
K

o ¥13 / channel / head / layer

I hidden-dim slice

KEHGZE

* Filter Pruning (Li 2016)

e Network Slimming (Liu 2017)

e LLM-Pruner, SliceGPT, Minitron
M=

* GEMM F2RE /N

* X GPU [BiwiEBnE
BR

o RIER, BE TR

e BEFE fine-tune / KD

B = EIH¥ 50% BRE, BAFEREMS

@ 514K (Structured)

% channel / head / layer #
X BT GPU @FEhnE

XBER: ZMAEFER, EFRSESERHE (0 2:4 BESRUCESHUERNITS).

@ F4544k (N:M, Block)

RIE

s 8 N NEENEREF M MAE

» ZY[EE block (16%16)
RERZ*

* 2:4 (NVIDIA A100+ EiR)
* OpenAl Block-Sparse

e SparseGPT-2:4, Wanda-2:4

M=
o @ 2x MMA &Mt
» 2-bit metadata 83
BPR

ZHE pattern 43R

@ &ML / BRI (2:4 / Block)

E7E pattern (& 4 3% 2 =X block)
I Sparse TC 2 x ({X 2:4)




B\ A5 Which 2=: SEMIES (1/2)

#F4% (importance score): XE—HLIE, W@FIRT "B AREE"? WIAPTTIZRMEARITED o

M Magnitude: s = |[W_ij| @ Activation-based: s = |W_ij| = IIX Il
Hid Hid

o NELIHEM/N, RBkHES o IXE x BE = "SLIRIm"

e i€ bottom-k% EF * activation KES/I\VNEHEE

AR o KARLIE LLM outlier K

o 8. %illgk, I calibration; RENERS AR

KREFLZE o {XFE 128 £ calibration £

e Han 2015 Pruning + Deep Compression o TIEE, TKRME; Wanda JLo#5ehk

» Network Slimming (Liu 2017): BN y £ scaling KREFLZE

BER * Wanda (Sun et al., ICLR 2024)

o 7R activation: @ |W| &#iE/NESL R[5S e 3 {7{AHH3; LLaMA-7B #5iF SparseGPT B E

e XK normalize FIIREIERE
e LLM ##ER magnitude fEE TR

Magnitude Pruning " Wanda
_ B="__ so]1]a] S=IWIIxXl
4 (0 [ 1 (-1 i 4 RO 1§ 41000 W |3|-2|1|3| {{4]0|8[3] |4]0[1]|0
wis|2|1]3]-{3]2|1]3][3]2]0]3 3102|1348 5]-[0]0]]s
a[1]ofz] {s[1]o]z] [s[o]o]z [3]2]ofe] [-3]0]0]2
Weights V;I—e-lg-r;t- Ir—n_[;c-);t-é;lgt; Pruned Weights IXl2| 1 | 2 - : Weight Importance Pruned Weights
grouped per layer |  Weights and activations  grouped per output

XEER: Tl%IFS (magnitude / activation) & LLM #EEE,

&: Sun et al. 'Wanda: A Simple and Effective Pruning for LLMs', ICLR 2024 Fig 1



B\ A.6 Which 2=: SEMITS (2/2)

M ESEFNEOE M OBD/OBS %l SparseGPT
OBD (1290) OBS (1993)
Taylor ZMEFF:
AL = gTAW + IAWTHAW
I | I =
. - - m——
IR E G, RETLE ] m @
F+F Hessian SE2 Hessian
B, BiAE BES, fAE
i
mE:
SparseGPT (2023)
layer-wise iaftl OBS
® Gradient (Taylor —}) @ OBD (Hessian XJ£a) @ OBS (Hessian 57%&)
s=lg - W LeCun et al., 1990 Hassibi et al., 1993
s ERMITEHE o B\ Taylor + X fEM » 5% Hessian Xi¥
e LLM-Pruner 2023 & * AL = 2 h_ii AW_i? o EIRNEMRNEIME
s ZHTEMNLEIR o XN, MAR « SparseGPT 2023 &3¢
(#Z head/channel ¥T%) » [BEZRBENEEEXME (layer-wise 3 XXT)

XRBER: TOEA T - BE 1; LLM #ETF Wanda (activation) B3k SparseGPT (Hessian) NEE .

OBD: LeCun 1990; OBS: Hassibi 1993; SparseGPT: Frantar 2023 arxiv:2301.00774



‘\ A.7 When: One-shot vs &5

7iiE (schedule): BfjE# LB A — IR TR B R E 1T, RASRBEERERER

One-shot Pruning (LLM i) Iterative Magnitude Pruning (IMP)
nE 3 %) RE (4 SRR
* 1. FFENEHT S (magnitude / activation / Hessian) o 1. IILEKER
. 2 RRAE—IHEES o 2. BIRMDENE (W 20%)
3. (AIik) &£ fine-tune IRERE e 3. HilERERE
1‘6%7'5*& c 4. [B% 2, REZH (W0 5-20 1)
+ SparseGPT (Hessian): OPT-175B 4 4h REGZE
* Wanda (activation): JL3 ¥ 5eh% * Lottery Ticket: IMP + rewind
e LLM-Pruner (gradient): &\ * Network Slimming: BN y + iterative prune
MR MR
o RRANIRAR, 128 2% calibration £ FH e AKX >95% W, BERYT
o RALEJFIIIZk pipeline * Lottery Ticket 95% sparse, MNIST/CIFAR J1FFiR
BB BB
s BRE >70% IEE TR o ZBEI, 2K 5-20x dense training
e 5 heal (W L2) A& * LLaMA-70B BRIl FEEA, ER AT

One-shot

SparseGPT, Wandgrttivi=Prorrer
g w5 —RHE (F3E) A &
{ HiET }—{ Il e 125 hea| BERTEIE:

Iterative (IMP)

(Lottery Ticket, N e j
s J~ ETE %‘ @ }—»‘ B9 it B
\ B3, SREI—/NEBS

XEBER: LLM SIME TR A one-shot AI1T: X=& L2 FREA—E A HNRIIREM .




‘\ A.8 Part A /NG BB AN 41 E

ARG ER (BE, &) RERT, AUEAEHENEMNRRZE

ik

Han 2016
Lottery Ticket
SparseGPT 2023
Wanda 2024
LLM-Pruner
Minitron 2024

FRER: WhichxHowxWhen =#4ESE + 5E#E: X2 L2/L3 FIEieXNERIES

GPU =FrhnEte

IR ARSI X IERE] (e = KiE)

= SEREyife

10 - ¥ GPU jniE (B#FE)
GPU tn:EEZE Minitron
SliceGPT Sheared LI=MA
prun® @
8 - . LL M-Prund
Wagda $2=nseGPT (2:4)
® %
6 -
4 -
2 -
Deep Compression
Lottery Ti(%t
a
0 T T T T
0 2 4 6 10
BERE (LLM #E, #839)
K E 155 =
LB magnitude iterative
e magnitude iterative + rewind

ELEHML 1 2:4
LB /1 2:4
5131k (head/ch)
1346 (w/d/h/e)

Hessian (OBS)
activation
gradient (Taylor)

importance + KD

one-shot
one-shot
one-shot

one-shot + heal




A SEER

1990 BISE (OBD/OBS) - Deep Compression - EIE - Lottery Ticket = Liu 2019

KiEAN (HE)
v Part A » Part B Part C Part D Part E

B sz R BHER 2:4 B+ TE




B.1 BISE: U EHAT{E (1990-2017)

BERAEHIRA: 1990 B RRHS,; EAMEEMESEE 2015 REF

ZHE " MAE (1990s) ELERWEE (2015) Z\EIRL (2016-17)
OBD (LeCun 1990) Han 2015 Pruning Filter Pruning (Li 2016)
o ZHM¥IF Hessian i&ﬂl e arxiv:1506.02626 o L1 SBEXT conv filter 379
e AL = V2 h_ii AW_j? o JELEMIH magnitude BIRE o FEMWERNERAE
o ff{E loss THER/NNE * AlexNet E45 9x * ResNet/VGG IiE
o HETE MLP _EISAIE o HilIkERE Network Slimming (Liu 2017)
OBS (Hassibi 1993) * B2E Deep Compression (B.2) e ICCV 2017
o 2% Hessian Xi¥ TR * F3 BN y YEJ8 channel scale
o EINEHRNELME s REZIMRE—IX o % L1 IENE v
s FBEEW, MAS O(d?) RIS * vy /\ = BS channel
+ 2023 SparseGPT &3¢ * iFRE "DNN AT LABE" s AL2 **#MZ B EE
EAMHE
Deep Compression Spéise&iet LLaMA
OBD (LeCun)  OBS (Hassibi) (HanNetwork SlimhohigrR&ihlceting Wanddinitron
| | | rrnorr
| ] I | ] I |
1980 1995 2000 2005 2010 2015 20p0 025
EIE (Han ASIC) NVIDIA Ampere H100 Blackwell
2:4 Sparse TC(Hopper) (B200)
B =

XEBEM: BB 30+ FEHSE: 1990s i (OBD/OBS) = 2015 Han €3¢ — 2017 £#4 (Slimming) .

OBD: LeCun 1990 NeurlPS; OBS: Hassibi 1993 NeurlPS; Han 2015 arxiv:1506.02626; Slimming: Liu 2017 ICCV



‘\ B.2 Deep Compression (Han et al., ICLR 2016)

(Best Paper Award Recipient)

W B + 246 + Huffman 43 SEGER, HEE:

it EIE DNiR=S 50 I /0 R4 005

=B ESERE

® Pruning (594%)

* % magnitude B3R

o EM + EII

@ Quantization ()

e 32-bit = 5-bit

* K-means B2 codebook
® Huffman &S

o NENENERMEIREYS
° n%mﬁﬁﬁ%_{. code
BONE=ZF

* AlexNet 35x (240—6.9 MB)

* VGG-16 49x%, H5EE LR

X+ MLSys B9 X

HE-EFh R

» [E{E#& EIE (ISCA 2016)

* T B.3 #f#

=21

o BIRZM "HAR" HA "R4A"

e B57E tinyML / edge DL

o SEERREHHRR
BEIEER

* NVIDIA 2:4 (Ampere, 2020)
 Cerebras / Graphcore %Ei
e SparseGPT (2023) E#Edkx

Quantization: less bits per weight

Pruning: less number of weights

______________

~
-

1
Train Connectivity '
]

original same
network EE l accuracy
Prune Connections '
original \ J | 9x-13x
size L9 : reduction

Train Weights

______________

XEBER: Deep Compression 2BEH#A MLSys W#ES; EIE 28— \%E DNN &,

’ \
Cluster the Weights \

______________

~ Huffman Encoding

___________

1 : 1 I :
1 27%-31x | | Encode Index | 1 35x-49x
1reduction | :reduction

— e o e o i

\

1

1 I

1 I

< | 1 .

r i e : Encode Weights saiie
Generate Code Book :accuracy | jaccuracy
\ 1 1

1 1

Quantize the Weights
with Code Book

Retrain Code Book

4
N

1

BBR (HEZDFLETLE)

RERMR

o EEMUTER

* dense GPU FTiniE

o ESLHNR{XIE EIE / FPGA
VISREER

o BZXE-FIIFER

o BB XANKE

e LLM 70B #EATSE
BEHER

* EIE 2 ASIC, ;@R E

o —PMNE—ESH

e Part D i# GPU el iR

weignts cluster index fine-tuned
(32 bit float) (2 bit uint) centroids centroids

-0.98 | 1. X 2 1

. -0.02

. 0.01 | 0.04 | -0.

-0.01| 0.01

Han et al., Deep Compression, ICLR 2016 (arxiv:1570.00749)



‘\ B.3 EIE: B1"#%i5t DNN 1i&E=§ (ISCA 2016)

EIE = Efficient Inference Engine: £ 45nm / 28nm ASIC LIB%E + XK I A B SCHIRINE

-+

a
PE || PE || PE || PE PEQ
PE1 {1
PE | | PE || PE || PE PE2| 0
Central Control PE3 0

PE||PE PE | | PE 0

PE PE PE PE 0

Rl (ZA)

ZEHT

e 16x16 = 256 1 PE #E[&HHD
* 8/ PE ARERELIT

PE A&

it SRAM + FIFO

BkiZE activation (input)
Bki2 = weight (via CSR)
NEHZ/ER (5-bit codebook)

XEEM: EIE EEXR-EHDERITNERE; (8 ASIC AR, @A GPU NERE 2:4 (Part D),

10 g
0'0'0"

| | |
0 W4,2W04,3

HFLxE (BA, log)

XfH CPU (i7-5930k)

o ERE 189x

* BEXX 24,000%

Xtb GPU (Titan X)

o EE 13x

o BEXL 3,400%

Xt E A ASIC

« #8id DaDianNao, TrueNorth

1E+06

1E+05

1E+04

1E+03

1E+02

1E+01

1E+00

EIE
Throughput (Layers/s in log scale) ‘
S ASIC
=2 AsIC
GPU
B ASIC
CPU mGPU
FPGA
Core-i7 5930k TitanX  Tegra K1 A-Eye DaDianNao TrueNorth EIE EIE
22nm 28nm 28nm 28nm 28nm 28nm 45nm 28nm
CPU GPU mGPU FPGA ASIC ASIC ASIC ASIC
64PEs 256PEs
P sE B AL
SRR R
o BIXICTHERE B4R
s ANEBELEBE
=10

BB A& NVIDIA 2:4
Graphcore, Cerebras IR
{B ASIC BEME

GPUE 4 574%F 2.4

Han et al., EIE, ISCA 2016 (arxiv:1602.01528)



‘\ B.4 Lottery Ticket Hypothesis (Frankle & Carbin, 2019)

dense MEFRBHMEE— MBI TN, B E—HBWE NLIEKE = BIREIERNERE,

‘MR SR POPNT: T oY
Rig W SE R

» Dense [EHAIIRHKRZEHRTZEAE "winning ticket" FER M o BIRIAR "[E4E", me "AI"

o AHERBBHEMLIILE > REEMNEEE s BMIMEMAMEFE, L2 dense Ik

SHFE (IMP + Rewind) LLM FUAERY a5

e 1. 3l1%k dense &1 e IMP + rewind EEZRE]

o 2. BER/IME * 70B fIEZ AL

o 3. BRIARRE rewind B¥EWIE L2 %#[d one-shot + B & heal

o 4. M rewind EEHZ BiSRE

KR * Lottery Ticket Hypothesis 2T TR

* MNIST/CIFAR: 8332 95% M E{}iX baseline e Stabilizing LTH (Frankle 2020)

e Random reinit > ¥B5E Kia F&  Early Bird Ticket (You 2020)
$ o | li Ih } 2 ' ;nlﬁi- s CZP M i ‘H:THM_M Jiain hetwercunt Reset weights to
il 1 N BT | S || RS e
E HLL“EJLW" E < g ” ‘ \L g o |, .L!‘_! /"’\\\ .

Repeats steps 2-4

XRER: BREME "BRI" A2 "BEH" B LLM I TRIVAZH, {2fF one-shot 757EMIE,

Frankle & Carbin, 'The Lottery Ticket Hypothesis', ICLR 2019 Best Paper (arxiv:1803.03635)



B.5 Liu 2019: SR NERITE

ZXUWBIEIRET, MBENAIRAERIIIZG/IMER AT IREEZRE fine-tune &R,

LI & TN EREM: 3Rk = NAS

P5IRSLE (% CIFAR / ImageNet) WS EH

e Unpruned: [R¥A dense &8 o FEMUWBEIRNARE ZEUEE (NAS)
 Fine-tuned: {45854 + 4@ o MMETE "RIIFHNFEL", RIE "SHENE"

e Scratch-E: EZ£#MkillZk (B epoch %) WAE L2 BEn

* Scratch-B: RZE#MLillZ: (@ budget)  Sheared LLaMA / Minitron fELLHEZE R T/E
ZR o SCRABIRHEEN, BAEETRIILR / KD ENE
 Scratch-E = Fine-tuned o L2 B22rh "heal" —t&HILLTIX

* Scratch-B = Fine-tuned

o HRIFNE FHIENTE

Ty SUA LA LTS EAEUAUAD LUAEES TR ML AVMUL ST DiEiEe v vE UE s e traas sravseaoy v

Scratch-B slightly higher than Scratch-E in most cases. On ImageNet, both Scratch-B models are

better than the fine-tuned ones by a noticeable margin. ﬁ g )-l_-_l
L))
Dataset Model Unpruned Pruned Model Fine-tuned Scratch-E Scratch-B
VGG-16 | 93.63 (£0.16)  VGG-16-A 9341 (£0.12) 93.62 (£0.11) 93.78 (£0.15)
6o —] —Ji =
ResNet56 | 93.14 (£0.12) RONeLS6A 9297 (H017) 9296(3026) 9309 (H0.14) e [3 %&EEE@&UX{Y [
CIFAR-10 ResNet-56-B  92.67 (£0.14) 92.54 (+0.19) 93.05 (£0.18) = £
ResNet-110 | 93.14 (£0.24) ResNet-110-A  93.14 (£0.16) 93.25 (£0.29) 93.22 (£0.22) e Scratch §U = Fine-tuned 5'_]
’ : : ResNet-110-B - 92.69 (+£0.09)  92.89 (+£0.43)  93.60 (+0.25) O EQ:I: m PG%E—F
ResNet-34-A 7256 7277 73.03 =2 2
ImageNet | ResNet-34 73.31
ResNet-34-B 72.29 7255 7291

Table 1: Results (accuracy) for Li-norm based filter pruning @Li et al.]. “Pruned Model” is the model
pruned from the large model. Configurations of Model and Pruned Model are both from the original paper.

ThiNet (Luo et al.|[2017) greedily prunes the channel that has the smallest effect on the next layer’s
activation values. As shown in[Table 2| for VGG-16 and ResNet-50, both Scratch-E and Scratch-
B can almost always achieve better performance than the fine-tuned model, often by a significant
margin. The only exception is Scratch-E for VGG-Tiny, where the model is pruned very aggressively
from VGG-16 (FLOPs reduced by 15x), and as a result, drastically reducing the training budget for

Crvntal h B Tha trainina hivdaat Af Cacatnh D fae thic mmadal 6 alea 7T Hmnao cmallas than tha Asicinal

XRER: EH4EE ~ 21818%; X—EMLE L2 B9 prune-then-train TIVE S D BAER,

Liu et al., Rethinking the Value of Network Pruning, ICLR 2019 (arxiv:1810.05270)
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C.1 LLM IE
_\\

R REFEMAER S

3Zs
1L

LLM decode & memory-bound: & token &£ EEIEENMMEKRE

70B =B EFREA

REKXR/N
« LLaMA-70B FP16 = 140 GB, #33 H100 (80 GB)

e LLaMA-405B FP16 = 810 GB

Decode RER=E

o BARL 1 token, BAMXEZTRIRNGEFE—
e H100 HBM3 +%&: 3.35 TB/s

o IEIETIR 140 / 3.35 = 42 ms/token

« BN 24 tok/s H¥IE LR (8 GPU)

A
IN

note that for Fp32 and double
the compute ceiling is much lower!
: ~

ridge \
point | )
N unattainable perf \'/
bf16
f |
compute bound i

‘\l’ \l( I
this is where
we want our
kernel to be

perf (FLOP/s)

suboptimal perf zone

~ this is the mem coalesced

kernel

note: |05| scale, so
1 unit is 10x

to compute the ridge point arithmetic intensity:

H100 PCIe perf: 1.755 GHz * (114 * 4) * 1024 = 819 TFLOP/s
H100 PCTe bw: 2 TB/s
=> perf/bw = ~410

A\

XREMR:

LLM EBREENRE, MeFBAB; 5. E4. MoE BNHEREMER

\.

L_—I-_h

Roofline #3/: W# regime

Decode (batch=1, autoregressive)
o« HARMEE ~1 FLOP/byte
« Memory-bound, #EZ7E DRAM
o B iR BOFHE
Prefill / Training
o« HARIMEE >100 FLOP/byte
» Compute-bound, #5371 tensor core
» K B¥r: 2= FLOP FIAAX
c - BMZESNERKETEARE

N=A)S

/) /$-'||-:"-o

Roofline: Aleksa Gordic 'Inside NVIDIA GPUs' blog; #: NVIDIA H100 whitepaper




‘\ C.2 &M vs iE4M: NEZESARILHE

BIEM 1990-2024 BHE/FRCIFEEH; GPU BH4EEI 2020 A B IXZFHHR, BERSHF 2:4 —f pattern,

SEM#HE
Deep Compression Spaisediet LLaMA
OBD (LeCun)  OBS (Hassibi) (HanNetwork SlimbotigrRdihkedng Wanddinitron
| | | rrunorr
| I I ] | | |
1990 1995 2000 2005 2010 2015 20p0 025
EIE (Han ASIC) NVIDIA Ampere H100 Blackwell
2:4 Sparse TC[Hopper) (B200)
EHE
Bixin (&) Eiim (L&) Gap HRARE
* 1990 OBD: M Hessian Bi% » 2016 EIE: ASIC, dEEH B4-FF A EHE
e 1993 OBS: ¥ Hessian e 2020 NVIDIA A100: B5X Sparse TC o ZEMIi%IT 3-5 F
» 2015 Han Pruning: 95% 3E£5#31% - Q¥ 2:4 —F pattern o T2k 2-34%
» 2017 Slimming: channel 54k e 2022 H100: FELE 2:4 BEA GPU 43R
* 2019 Lottery Ticket » 2024 Blackwell B200 s BE “WENILIELFEHZE"
e 2023 SparseGPT / Wanda: LLM one- - 3LA 2:4 A=, FP4 + 2:4 HE s ReENB—HEEH
shot » Hfth: Cerebras/Graphcore B4R o — RIERT pattern (2:4)
e 2024 Sheared / Minitron: TIEH BN BEE “EN S

XRER: EXBAEY 5-10 £F; 2:4 REMH "RNATFR", IR T REREFENRITZE .



g + INHER: GPU ERNTNBISE

BEX: BNE - BFT - FER; GPU FNSL: FFEMRUFHE GEMM latency JLFAZE,

EigHE (BENA) GPU il (R4f8)
BB IELEMRIRE A100 ST

* 50% NEEZE > DRAM FHEUR¥ s 50% WE: R JIEARE

» #& memory-bound, FER IR ¥ * 80% FEHi: EE ~ dense
NEERERS * 99% Wifi: #15®IE £ dense

o E45F 10-50% (B5 / 174#) BEEH

s FZ WX RIREELER, AR latency » dense Tensor Core MAE{E

RERIE o BB 16%x16 MMA, ThiEH A&
o "EESFEHE" (SLFRAR) * CUSPARSE FF4£#1k kernel B metadata FFiH
o "FTRIKEHTBENEIN" (FEHRS) o BE 99%+ Wt metadata AXIE

= = Dense s 30 [ 90 w95 s 99

104 i

103 ]

Time (us)

102

SRigL (ours) Structured Unstructured

XBEM: "E45LE" vs "INEL" FREA—EH; fiE RBRSERLD, FEREEHAEIRIIFBE

SRigL analysis, Calgary ML Lab (2024); cuSPARSE benchmarks



‘\ C.4 EEMUTER kernel AHHAKEER?

dense GEMM BI=XKMEBAEIFEWUTHER T2EEITHK: TEEMNRR=10&,

(D Load Imbalance @ FEMNPFFISE GyMatadaia #
& warp FFEFTENAE metadata > EREKH |y mg
B warp SRERF metadata
99% |
S “\\ - ’///
T ] 'H‘}“*\:*»-H ,/’/ 90% l
z’éi\:!:kt; 0
cache miss £5 50%
HEA AR TR
\UJV C \'i"f"l \':\"‘2 \‘JA'J’B \v‘d\."4 \‘a‘d\"‘r: \u‘"'."e \)"."7 ﬁ L=, —

Dense GEMM A4tk ELERHUN=RE (L&) fRRIRE
® BIEEH ® Load imbalance BE A IRESWE (>99%)
* Register tiling o § warp IEFHAR o FRIAR, L£F- R
» Shared memory reuse « R warp &2 warp %12 B: BEMY
@ Warp @4 @ AeFINAIE » EIE ASIC, {B5@F1EZ=
e SIMD #47, T e ZE indirection E & » Cerebras, Graphcore
e 32 &iEES + Cache miss ¥5 i&12 C: EE pattern
@ Cache-friendly ® Metadata F#H * NVIDIA 2:4 (Part D)
» Coalesced fid] » FtE 8-32 bit (UEZRS| o ZQTRIBNNR
@ Tensor Core s BEHE <90%, FFH > W&t o — &FHE—T1T

¢ 16%16 TREN
XRER: EERUBRE GPU ERNEMEESREEN; REZERS|A pattern 23R (— 2:4),



‘\ C.5 KRNI R: ZGHIFE (a) 2 (b)

B AR RIRIS R A RINE

(a) 48/ GEMM ik (b) a3 sparse Wt
' %Chinne”z‘i%%/ \ayirm}ﬁ + 7 pattern £ (2:4)
(a) 48/ GEMM FEXR: E/\BdensefBfFiEE (b) 5 sparse T84 pattern
= =
« # channel / head / layer ¥ I2 MR o IETHRFTERMLAK (M0 2:4: & 4 1% 2)
* GEMM IR MxNxK X3 RzZ5/)\ » TEH-EME tensor core iRA pattern F 2x MMA
= =
e & GPU /Gimi@H: cuBLAS / CUDA / PyTorch s RKZ GEMM FIR: 50% R EIER¥
o MREUS EREMHZHF o FEHRIE 2x throughput LEBR
REDE REDE
e LLM-Pruner (head/channel): Ma 2023 NeurlPS * SparseGPT-2:4: Frantar 2023, OPT-175B £ 4h
* SliceGPT (hidden-dim): Ashkboos 2024 e Wanda-2:4: Sun 2024, /1.5 #4555k
* Minitron (w/d/h/e): NVIDIA 2024, 3% FLOPs #&id from-scratch * NVIDIA ASP iJllk flow (D.8)
e o2 F% e = Part D £EEF

XBER: (a) B4\ OR (b) Eash: EOBE—R, IRAE "B, IREXERFIRLNITARE,



_\\

EHMNBRSIR: 2.4 AR

NVIDIA Ampere 2:4 - Sparse Tensor Core * cuSPARSELt - N:M 24k

KiEXH (HE)
v Part A v Part B v Part C » Part D Part E

LS e RFa)R BHER 2:4 BEE + 0E




‘\ D.1 NVIDIA Ampere B 2:4 #Ei 37

2:4 KERMWTHER = 8 4 MEENRERBE 2 MAZE; A100/H100/B200 HREES #

2:4 M5 GPU HAE3ZH#

FLy

s NES 4 ELTTR 8 2 M AT

* 124 "2:4 semi-structured sparsity"

e 4 NTERE C(4,2)=6 MEEER

GPU A H:F

* A100 (Ampere 2020): BX3|A Sparse TC
* H100 (Hopper 2022): FE4E 2:4, FP8 + 2:4
* B200 (Blackwell 2024-25): FP4 + 2:4

* R3¥: NVIDIA B84 2:4 2 baseline
HE-BHRY

s BN ET "B 412" A%

o FE{4: [EfR 2x MMA throughput

Structured-sparse Structured-sparse and
matrix W compressed matrix W

Fine-grained
structured-sparse
matrix format

> R
R X C/2 elements +
R X C/2 2bits meta
data
C i F— C/2 — F——C/2
D = zero entry Non-zero data  2-bits
values indices

A4 NVIDIA i& 2:4?

ARERIELEBW

« BEMNBEFRE - metadata FHEHEZEIE X

o TEHREEIZEEZR (BT MMA Bl select)
ARET/BIT (Se241a1k)

o RIEXH, BETREE

o HZETF matrix T\ (BF sparse TC)

2:4 B=FmEFrs

o THAE: C(4,2)=6 MR, 4-bit select B E
o FEABE: 2-bit metadata, FFEEIK

o BEXAE 50% B, BEUES

« &MAE: 5 FP16/BF16/INT8/FP8 &#i%%&

Structured-sparse Structured-sparse and
matrix W compressed matrix W

Fine-grained
structured-sparse
matrix format

P R
R X C/2 elements +
R X C/2 2bits meta
data

C i F— C/2 — F=—C/2

D = zero entry Non-zero data 2-bits
values indices

KBER: 2:4 = NVIDIA B "BHRE + EEAHER" N=5HH; TRRARES .

MIT TinyML #X (Han Song); NVIDIA 'Accelerating Sparse DNNs' whitepaper



D.2 AH4AR 2:4, T

IASEAM N:M?

NVIDIA 7 N:M Z[8] (1:2 / 1:4 / 2:4 | 2:8 /| 4:8) &G, 2:4 SREXEIHEXERREY Pareto sweet spot,

N:M #ETR IS S — 2:4 0T Pareto Sweet Spot

pag+d

L S 8N 5

WIRE (EZ8L)

o 2:4 =50%; 228 =75%; 1:4 =75%
Metadata FF$

o 2:4: 2-bit/IEFITER, it 6.25% FiH
o HMUPKIE — metadata FHEHX
EHERESRE

o 2:4 select IBIEEE (4 3% 2 = C(4,2)=6 #)
e 147 AT, BREESS

BERE

o 2:4A ERZBHIEE <1% FBERE

* 1:4/2:8 BEFE fine-tune *MZ

 ETE (%)
100 A __Esdisasi4
. BEREE
80 A
60 A
40 A
N I
0] T T T
1.2 14 24 4.8 2:8

NVIDIA B2

A E

* BH GPU REEAE— pattern EHl
« F=ETE FP16/BF16/INT8/FP8 £¥EHTE
4 £ Tensor Core BEAXFF

* 16%x16 MMA, K #ELL 4 Atk

o 5 4% 2 IRIFXIMNESE warp iHE
2:4 124t 2x FIERXRLER

LEBR 2x MMA throughput

BET TELIRE

5848 cuBLAS #&

- 2:4 = BE—&F=a KA

XREMA N:IM ERR "BRE x BHSRE x BE" N=FA1E; 2.4 SEaIHE—4%~" AN Pareto Ko

NVIDIA: Mishra et al., 'Accelerating Sparse DNNs', arxiv:2104.08378



‘\ D.3 2:4 ﬁﬁﬂgﬁ%ﬁﬁ

FEBVILEAREREEMIFENE, B 2.4 IR OTREAT

Fine-grained Structured-Sparse &= XAFE XN
BA DRAM %
s WEMNE W, F2IK R x C (40 4096 x 4096) o RIE 50% NE + 6% metadata
W ERA * WREND RM¥ (~47% BE)
¢ Values: IEZ{EHA shape R x (C/2) L2 Cache / SRAM
* Metadata: 2-bit/JTZ, R x (C/2) x 2 bits o THEER¥, mHPXRIEH
(IERE 4 TEFH 2 MRE) e H/> DRAM Zxifia
SEEFE Register {8
* E: 50% + metadata: 6.25% = 53.1% e TC A operand i@
o JLFIXE 2.1 E48 * AIZIFE KR MxN tile
Runt|me RS (EMEm) WIF#STTF (2024+)
* TC i metadata (2 bit) e CUSPARSELt SDK (NVIDIA EJ)
o EA select XY RL activation J& e PyTorch 2.1+ torch.sparse.to_sparse_semi_structured
o R 8 X MMA M3E 16 X * NVIDIA ASP f# dense—2:4 %
Structured-sparse Structured-sparse and
matrix W compressed matrix W

H B EE Fine-grained
| ... structured-sparse

‘.. matrix format

R . R
v‘ R X C/2 elements +
| .. R X C/2 2bits meta
\=. data
C { F— C/2 — F—=—C/2
= zero entry Non-zero data 2-bits
values indices

XRER: 2:4 ETFNMET DRAM HEIR¥; 2-bit metadata 1EEEHEEZE MMA B select,

Mishra et al., Accelerating Sparse DNNs; MIT TinyML #.X (Han Song)



‘\ D.4 Sparse Tensor Core B9 2x MMA &ZFMAL#!

Sparse Tensor Core EE4EEIREI 2:4 pattern, £ MMA SEALAEUR MM 2% throughput .

Dense MMA (&4t Tensor Core) Sparse MMA (A100/H100/B200)
BA BA
* A matrix (MxK), B matrix (KxN) * A =2:4 % (Values + Metadata)
piik » B {5 dense
* & cycle f 16x16 MMA nE
o IHE2EB 16 XM  Select BTt metadata (2 bit)
o A FERRESEPITER e M B HEX K/2 MRNJTE (HE%XT}_‘_LLE)
BELE e SLFR MMA: 1R 8 (X3RN (Bkid 2 MNE)
- ENERFIEIANSFR Z5R
. BRES5FEM e &Mt =2 x dense MMA
o | ENEMERE » X FP16/BF16 /INT8 / FP8 / FP4

* FP32 R3Z#F (TC REEFEEZRM)

PTX: mma.sync
PTX: mma.sp.sync.aligned.m16n8k32

S .
Hi el L i EEEN A (R RN B (HE)
Dense operation B matrix (Dense) B matrix (Dense) A_compressed [16x8] B [16x16]
on Tensor Core T Select] T ‘
1 :
s el N = e L o K weadata (8 471 4 bi0
g |
v v v
|Accumulator (result) = s Accumulator (result) L] L
M= 3 "
—_n— —N— MULTIPLEXER NETWORK ' Z;é—g? metadata /ﬂ Bﬁg/@_—%ﬁ}ﬁ‘%{fﬁ 7?/-)711_:3 5/1 wjﬁ
_ T ) BT tadata M B B HI K% PRI
i r[ i (4RI metadata M B E I HIFT) | LTI T T " 3525 Fe s,
8 5 |
> M = HH M M
< < —$HBIORER (2048 1)
—k— Cmatrix(Dens-E;) k2= |T\|5/2 Cmatnx(Dense) |
No eodata 2-bits v
indices ZmEF c [16x16]

Dense MXNXK GEMM Sparse MXNXK GEMM

XKEER: Sparse Tensor Core 18 2:4 #RMNBE GEMM EERIA 2x Ft (BHRIE) -

NVIDIA "Accelerating Sparse DNNs' whitepaper (arxiv:2104.08378); MIT TinyML



‘\ D.5 cuUSPARSELt SEMll: 2x 2 EfR, BESEEUR-

- M/N/K

i 2x HEXK K #ELH; )\ K 2/ M B metadata 5 kernel launch FFsE S EE EF S

Sparse vs. Dense S

INT8 (TN) cuSPARSELt vs. cuBLAS Performance
GEMM-M = GEMM-N = 10240

1280 2560 3840 5120 6400 7680 8960 10240 11520 12800 14080 15360 16640 17920 19200 20480

GEMM-K

ig. 3. Comparison of sparse and dense INT8 GEMMSs on NVIDIA A100 Tensor Cor:
A matrix (MxK), B matrix (KxN) arger GEMMSs achieve nearly a 2x speedup with Sparse Tensor Cores.

M2 (NVIDIA EZRLi)

X KiZE

» K=20480: #5F 2.0x

* K=10240: 49 1.8x%

INK BR

* K=1280: 1X 1.1-1.3%

o K<128: JLFETIER

BE%R

* FP16 / INT8 speedup BiZeE{
* FP32 AZHF

R4 GEMM IDHERE?

kernel launch BEIEFFH

. % GEMM 8 ~10 s

* /N GEMM ASHHILE us
metadata fEEFF

o Wi MMA Lt dense Z—#% select
o K /\BESHEE LB K

shared memory ¥

o /\ K BY register tiling #$HZ=

XBEM: 2x 2 LR, SCEREEEURTF M/N/K; LLM Linear BY2S K, /)\ attention QKV ESClll .

X} LLM BPERNES

Linear & (K=d_model 4096+)
o 2.4 W EE, BIEHR
Attention QKV (decode, K /I\)
o 2:4 WEHBR (<1.3%)

s TERTENEME

EBE R

o SESLNBHR M/N/K

o RNMBIZEH 2x MR

NVIDIA: Mishra et al., 'Accelerating Sparse DNNs' arxiv:2104.08378 Fig 3



‘\ D.6 WMIiLEBEREIXE 2:4?

28— dense I Z&EE, EREZETRBFICCTERHBHE 2:4 4%,

E&12—: NVIDIA ASP (Billl&mE) BEZ: TEIIBER (LLM E£7)

=HHE ® Channel Permutation

* 1. Pre-train dense model (IEE /%) * Pool & Yu, NeurlPS 2021

+ 2. One-shot magnitude prune % 2:4 o EH channel, & 4 EEMNBEBRAHEE 2:4
(T 4 NEREB W &K 21 o EMNTHE, BELR, THREI

* 3. Fine-tune with mask frozen @ SparseGPT-2:4 / Wanda-2:4
(PE epoch IKREFRE, IBE 10-20%) o FESBIIA 2:4 3R

IR ¢ OBS/activation 1EZ2 FHYI% &Y

* NVIDIA “apex.contrib.sparsity.ASP* * One-shot, THRIIZEIR

e PyTorch [R4& sparse_semi_structured * OPT-175B 4 4h; LLaMA-7B J1. 8

ERHR RHA LLM EBEIXK?

» ResNet/BERT &H/\EUEEY * dense 70B R2EB&4 L, AEE]

o BERK <0.1% * Calibration ##& 128 £

SR

e 70B LLM fine-tune A3 &

E&E—: NVIDIA ASP (FEFI)

Dense Magnitude prune Fine-tune = 0
‘ gk 3 { — 2:4 mask %[ (mask frozen) Rl

R ZE (LLM AUHEHISEERE)

Channel Permutation Wanda-2:4 / SparseGPT-2:4 = 5
(Pool & Yu 2021) One-shot #2 pattern — e e LN &3
FNTik, BELH (L2 RFEA) :

XRESR: LLM IIETUAEEINIRE (permutation + one-shot ¥4, X2 L2 BEANRIESRME,

NVIDIA ASP library; Pool & Yu, NeurlPS 2021 (channel permutation); SparseGPT 2023



D.7 NM BEBERNZHEST—HK GPU

2:4 A2 N:M FBRFREN—1m; MaIEEE 4:8 / 1:4 FixIR, BEFIBHNRE 2:4,

N:M HR Ay £ 4408 — 2:4 LT Pareto Sweet Spot

- EERRE
80
& 60 -
R
40 A
20 | I
0 T T T
1:2 1:4 2:8
N:M ==3g Blackwell (B200, 2024-25) NARZE L2/L3 HENX
4 2 TC &R/N\MFE8TT (=L 7:37N g
* 16x16 MMA LA 4 A1k o FELE 2:4 sparse TC o 2:4 EHE—TRRE target
* 2:4 = 50%, 2x &t * FP4 + 2:4 A& * SparseGPT/Wanda #%5 2:4 &
HE AR %I Blackwell-GB200 NVL72 FEi&EMK BRI S
» 4:8: @ 50%, X block KREBIA (EIR) e EX block + & N
e 1:4: 75%, Eif 4% o BHHEE 4:8/ 8:16 i o ERER pattern ZiF
o 2:8: 75%, HHKIE « kI NVIDIA EFA XY £
3Z#R: Zhou 2021 ICLR o KR 2:4 BE o RN 2:4

o ERUHEMRG

XRBER: 2.4 ESKNEFER; 4:8/1:4 2XKAM; Eix-BthENS HHEERE#H .



D.8 illZhEy 2:4: M\ ASP BIREERIIZk

—N dense FII|ZAEBLUN{AIZERY, 2:4 EPE? TWER .. ZAHR .. ARIFER=FIKE .

B&{E—: NVIDIA ASP (FEEJ)

Dense Magnitude prune Fine-tune 5
gk — 2:4 mask (mask frozen) mopEEll

R BEII (LLM AURRBISEEE)

Channel Permutation Wanda-2:4 / SparseGPT-2:4 s B{£F sparse TC 18

e RleSy NG pite > AT00/H100 £ GEMM 1.52% LN &
NVIDIA ASP (£7=xE57k) N:M BERIlZ () LLM T ISt (2024-2026)
=HHE VB3 (Zhou 2021) LLM Tyl gk
» Dense pre-train (IE%) o NEFHtRES 2:4 e 3L dense AE
» One-shot magnitude prune * Mask ZIZ&EH# (B/1F) . HRREMRT2RKIE
* Mask-frozen fine-tune » STE gradient estimator LLM EIEEE
THEE [[E: 0% * dense ¥)ll% —
e CUSPARSELt SDK o &t = dense () SparseGPT/Wanda LEill —
* NVIDIA ASP library o % Ir scheduler 2:4 EE
» PyTorch JR4 torch.sparse IRUEBIIR 2025+ BRAM
BE e ResNet / BERT SZilllid o KT REB: FWllZR5 | ABE mask
* ResNet-50: <0.1% &2 e LLaMA 70B #ERFLIIE e 4 Google / Meta HIRIIE

* BERT: JLFX&HR

TXRER: LLM EREEEZ: dense WilllZk + TE)ITHEW (SparseGPT/Wanda); BB Z&NEWRAE,

NVIDIA ASP; Zhou et al., Learning N:M Fine-grained Structured Sparsity, ICLR 2021 (arxiv:27102.04010)



_\\

B4+ 3 L2

WGE - BEMEMES - ZHEXEER - L1 0\E - & L2

KiEXH (HE)
v Part A v Part B v Part C v Part D

LS e R EHER 2:4




‘\ E.1 3% (Block-Sparse): 5—FEHRIFNIEER

2:4 FEPRSS Linear BEM—KRHEFM; block-sparse EEMRSS attention mask MR .

RBHRIERSNE KRESLHAS M

FLy OpenAl Block-Sparse GPU Kernels (2017)
o EIEMEDAL 16x16 / 32x32 / 64x64 B9 block  Gray, Radford, Kingma

s BRATHERRE e LSTM/Transformer BSXEX

o HRAERE: 50-90% » 32x32 block, FI{fitt CUDA

RLEBAL Triton Block-Sparse Matmul

o v F 2:4 (4 JTExK) MNEIIBLR Z 8 » OpenAl Triton DSL &5

] o WA PyTorch &£35E %

o HXI3F — AATRE dense GEMM (sub-block) RE block size z#F

o BhdER - FEERBERER dense DeepSpeed Sparse Attention

* REZE sparse tensor core » Long-context attention BIM#ER mask
* £ GPU /5in#BgEH (CUDA/Triton) » [EfE pattern: Local + Global + Random
* Block #X, metadata #EE e FF Megatron, GPT K52

Flash Attention BEIZE(A
* Block-sparse attention (mask #i)

ool 1]1|1]|1
1|1]1]0|0|1|[1]0
1|]0(0|0|0|0 1|1
1]1111]1|0]0 1|1
= 1) (e (i e S 15 R N
o|j1)]0(0|0|0|0O]|0O
1|1]1]0|1]|1[0]|0
ijo(e|o|o|1]|1]|1
Dense weights Block-sparse weights Corresponding sparsity pattern

Figure 1: Visualization of random dense and random block-sparse weight matrices, where white
indicates a weight of zero. Our new kernels allow efficient usage of block-sparse weights in fully
connected and convolutional layers, as illustrated in the middle figure. For convolutional layers, the
kernels allow for sparsity in input and output feature dimensions; the connectivity is still dense in the

XBEM: RBEHIST 2:4 MARMWIBE (long-context attention mask); Z&E#, FR=F,

Gray, Radford, Kingma, Block-Sparse GPU Kernels, OpenAl tech report 2017 7; DeepSpeed; Triton



n

E.2 EfthfEHRNRERSTITIR

£ 1B 6 MREREMGR 4 HELLR ., ATARE NVIDIA 2:4 EET?

WERE £ RERME — JF NVIDIA 2:4 [UIEEk

R A g il
AR Eilyay v
HRE i
gt 53 il
NVIDIA NVIIDIA Cerelbras Graphcore Gocl)gle FP(IBA
ATO0/HT00 B200 WSE PU TPU v5 (EIEZE)

NVIDIA 2:4 (&£F=ZE57) EZAEH (Cerebras &)
] Cerebras WSE

 Pattern EE, fEFSE R o MR EHRSIF

e CUSPARSELt + PyTorch pk#k * 850K cores, 40 GB on-chip
Rz o FEXRER)|GH=

* 95%+ RIS TE NVIDIA Graphcore IPU

o XHY /MK / EFLERE  Fine-grained sparsity
REEF » FIZ PyTorch/TensorFlow

e OpenAl, Meta, Google, K" £1&EA BR

+ AFEME, £5F =

XBER: BREMSHELESE, FERR NVIDIA 2:4: 245V ESLEREAZINEAR

TPU / ASIC / FPGA

Google TPU v5+

« WEFRZE N:M

e Google BEAZE
FPGA (Xilinx, Intel)

o FRAR, BEILE
EIE / DaDianNao

» e, EEAME
o —1&EBI—IgIt




BRZRABERS RGN —KI LR, ETF L2/L3 &%,

E| oy aia 2:4 L5 134k (channel/head/layer)
RIEE BNE F4i%k2 ¥17/1@EE/head/ B
BEmRX =2\ BN B®X, % heal
BEENEE (GPU) NFEL (BIEEENX kernel) 2x (Ampere+ sparse TC) RS i%E R
SCHL R A & (one-shot BIH]) i (5 pattern 493R) -5 (IK#E + heal)
ERpR WK/ RS EFERREED £ /L2 TAERA
LLM 3= SparseGPT, Wanda (JEEH 1K) SparseGPT-2:4, Wanda-2:4 LLM-Pruner, SliceGPT, Minitron
H#E (C.5) HABE > TELMNE (b) FBehEEMH (a) 48\ GEMM

XRBER: EFHERA 24 + 5484, FERUEZRTHRARIMEN LRSE,



it
.
N

E.4 L1 /NG MEARESE)

B EEIFSLH LLM #HEINE, BHEEL—RRZGHINE, REFLEFW lecture 2XFEHIBIIMAE .

L1 = ARE L2 / L3 i
@ BRHIEIEESR L2 873 LLM BIf% (T—iR)
e Which x How x When =#t23/g] » 70B MMETHNSH—FEIL
o 3FMRE x 4 FiFED x 2 #iRiE e B2 calibrate — score — reshape — heal
o I7AME: Han / Wanda / SparseGPT / LLM-Pruner . ﬁ% SparseGPT / Wanda / LLM-Pruner / SliceGPT / Sheared LLaMA
Q@ MERGHIE / Minitron
* (a) 48N GEMM IR o FEFHE (a), BB (a)+(b)
2 GPU FimiBERINE L3 FIAEIRL (B=iR)
* (b) fpHiEH sparse pattern e 2024-2026 i< A input-dependence
2:4 + Sparse TC, 2x MMA &Mt e A A: shSE (Deja Vu, PowerlInfer)
@ BHES « 7@ B: KV-cache (H20, StreamingLLM, Quest)
* NVIDIA 2:4 &£7=r]F e H: static + dynamic A&

 Cerebras/Graphcore iR AE
* EIE ASIC 2hER

L2 B3 §—1%H 1-2 & CORE i€3UHEM

JLE% C4 ¢35l magnitude / activation / 45 channel / head / continued pretrain /
Hessian / gradiehtz £3C hidden dim / layer KD distillation

[ SparseGPT J—‘[ Wanda / SparseGPT J—‘[ LLM'Pr‘éﬂz&gg.'rCEGPT/ Jﬂ[ Sheared LLaMA / Minitron ]

TREEM: L1 HBIAE (a)(b); L2 5 70B #EE#EL/5; L3 & input-dependent 1< o




LLM #IEE TS — &R

528 calibrate = score — reshape — heal



AIRIELE : LLM MRS —TT%i0
_\\

40 70B IRBETEE, RBEFE—FE—ES?

A. Calibrate
=L A0
FiH+BE + Conre B. Reshape C. Heal
LLM-P,
L1 5| + ] SparseGPT ™ SliceGPT i Sheared LLaMA W SliM-LLM

calibrate—score— Wanda ShortGPT Minitron Llama-3.1-

reshape—heal OWL LLM Surgeon EoRA Minitron-4B

Bonsai
FEO: 70B RETLEE), EBFE—RGE—A?
=t "
A/B BZRRIW 1T Calibrate + Score C/D BE® N5 Reshape + Heal

Reshape: LLM-Pruner / SliceGPT / Minitron
Heal: Sheared LLaMA / Minitron KD / EoRA
AA: SliIM-LLM (prune+quant)

TIVERE: Llama-3.1-Minitron-4B

* F3 128 & C4 HUEMHBID calibration
» SparseGPT (Hessian OBS, 2023)

* Wanda (activation-based, 2024)
 OWL B budget (2024)



o)l FRHAE + LLM B8R

L1 ZI2HHE (a)(b); L2 ZIEBIEAEER] 70B fIEHESE LLM £,

/

N

BB ERTABRIE

(a) 48\ GEMM FZik (b) fneh sparse B4

+ % channel / head / layer ffil
- f£f1 GPU Sk © RE pattemn £ (2:4)

. L2 £45988 (LLM-Pruner, + Sparse tensor core 2X MMA
SliceGPT, Minitron) + L2 SparseGPT-2:4, Wanda-2:4

¥4 (a): 48/N GEMM 2R ¥4 (b): foHR sparse T4

o MIBRE channel / head / layer e 2:4 pattern + Sparse TC, 2x MMA
. 1T GPU J5iiBMINE (CUBLAS) « DRAM HEFE (FEHRIE)

o f£Z: LLM-Pruner, SliceGPT, Minitron « f£3: SparseGPT-2:4, Wanda-2:4
e L2 19 reshape 1 = (a) B9%i#h o L2 Z2HGEEE 2:4 TR

L2 = IEill + X calibration XK, 18 L1 BWEHEER LLM #E,



B\ 1.1 LLM SR TR =KEIR

X=HRYRHEERE L2 FRESENIRITZE,

-
@ FEI

-+ 70B Fillgs =~ $10M

+ 8K H100 x #/&

- IMP / EYlREeAa{T

- A% one-shot

\

=HRBOBRIE X

+ 128-2048 % C4 #iE

- {NEIE, ERE
- TR REERA (W, X

- FRIEREE

» one-shot Wi%: 70B =i/l $10M, IMP RISE
 forward-only ¥4 128-2048 £ C4, NeERE
« HEI shape axis: KB RE axis, A (width+depth) &l

=43R — one-shot + forward-only + A& shape axis: X L2 SFEZEBR .

@ Shape-axis B

- 4 % axis: w/d/h/e
- 55 axis FIERE
- TRBRHEE

- HAFEARR




‘\ 1.2 L2 %—8&%8: calibrate = score — reshape — heal

iR 8K CORE IEXEBRN—IMHT (HEZSE).

Calibrate Score Reshape Heal
IXEX activation Zgit YT EEE RIERWSR axis MmERE
- 128 & C4 #iE - magnitude (Han) - head/ch (LLM-Pruner) - continue-pretrain
- EBE [ TRE > - activation-based (Wanda) > - hidden-dim (SliceGPT) > (Sheared LLaMA)
- SparseGPT (Hessian 433#) - Hessian / OBS (SparseGPT) - layer (ShortGPT) - KD (Minitron)
- gradient (LLM-Pruner) - w/d/h/e (Minitron) - low-rank (EoRA)

SRER AR

Calibrate: > ErTREIEWE XXT 5 [ Xl Sit

Score: ENEAEZE? magnitude / activation / gradient / Hessian
Reshape: 5% axis ¥ 45/\? width / depth / head / hidden-dim
Heal: 2{aI<FEFEE? continue-pretrain / KD /il &-free 1&#&



Calibrate + Score

DEFIEM calibration - SparseGPT - Wanda - OWL (2024 EREHE)

KIRAN (HE)

» Part A Part B Part C Part D

Calibrate + Score Reshape Heal HE + BIR + KE




‘\ A.1 Calibrate: R 128 £#iEmEN5?

DPArsCUL 11 IVIASSIVE LAllgudge lvIouels Ldil pe Accurdiely rrunea i vne-onou

W p% sparse
update - ,(-.““\ —
2 Y @ .8
a 8 ) o
= 2
5
) 3
-1
4 W -1 (Hy,)
\Hy)™" > (Hp)! > (Hy)? ——> (Hy) (Hy,) -

Figure 4. [Left] Visualization of the SparseGPT reconstruction algorithm. Given a fixed pruning mask M, we incrementally prune
weights in each column of the weight matrix W/, using a sequence of Hessian inverses (Hu, )™, and updating the remainder of the
weights in those rows, located to the “right” of the column being processed. Specifically, the weights to the “right” of a pruned weight
(dark blue) will be updated to compensate for the pruning error, whereas the unpruned weights do not generate updates (light blue).

[Richt] Tlnetration af the adantive mack eelectinn via iterative hlackino

AT AV ERIRE? REMA?

e LLM activation B {EREN

« Forward-only, & 70B R[aFFH
e FFN &5& 80% # ReLU EE « Wanda: IX_jll2 (column norm)
 Attention #HEHELDE head e SparseGPT: XXT (covariance 731R)
o BUEMAE XXT ESES e LLaMA-7B X%: ~30s on A100

128 &% ~ 10K & &#ItZEE <1%

128 £& x forward-only = LLM one-shot IR AR, £1R#MEYENZ L,

Wanda (arxiv:2306.71695); SparseGPT (arxiv:2301.00774)



‘\ A.2 SparseGPT: #2 OBS £34¢&| LLM &

1993 £ Hessian OBS &3¢ 493K f##, OPT-175B 4h, 1& calibrate+score W&

DPArsSCUL 17 IVIASSIVE LANgudage lviouess Lall pe Acdurditly rrumnea i vune-siot

w p% sparse
~—~ o~

()
)
)

update

k-

prune

frozen

paurud a4 Jou

&9

ZN

(Hy,)™

(Hy,)™ (Hp)? ——> (Hy)?' ——> (Hy)™ (Hy,)™

—
elimination

Figure 4. [Left] Visualization of the SparseGPT reconstruction algorithm. Given a fixed pruning mask M, we incrementally prune
weights in each column of the weight matrix W, using a sequence of Hessian inverses (HU]. )_1, and updating the remainder of the
weights in those rows, located to the “right” of the column being processed. Specifically, the weights to the “right” of a pruned weight

(dark blue) will be updated to compensate for the pruning error, whereas the unpruned weights do not generate updates (light blue).
[Rioht] Tlnctration af the adantive mack celactinn via iterative hlackino

& B

HETF OBS 2=: AW_rest =-W_M - (H")_{M,rest} e OPT-175B 50% sparse: ~4h on A100
& column block (128) o HKf# LLaMA-7B: ~30 min

BHEBE d® K, O(d - col®) PPL &%k <1% @ 50% iR
BELEMRNEMEIRE 2:4 TK: PPL +0.5-1

XRFIEERWK + 2:4 K5 {X& 128 %% calibration

SparseGPT BIX1E LLM #IESLH OBS: calibrate + score —Xi&E, I L2 B8,

Frantar & Alistarh, SparseGPT, ICML 2023 (arxiv:2301.00774)



‘\ A.3 SparseGPT—2:4: L1 HlHE (b) B9 LLM 3CiF

[E— OBS #EZR#89%] 2:4: 7 70B =& 7 Sparse TC B9 2x &t ,

ELEIDFER vs 2:4 vs HE: GPU SEhNEE

HiE (b) aa

S 51 Bt 2% &t 4.8%

(@]

<

g 41 YU (a) KK

7 (dense TC FINE)

= 34

a

B 21

@ 1.0x% 1.9 L24

0 Dense FP16 3F2§1@1'4: 50% 3F2§¢’@%{¢ 99% SparseGPT-2:4 SparseGPT-2:4
o LTy (Ampere TC) + GPTQ-4bit

2:4 BEHHGE imE iR I0E (LLaMA-70B)
e OBS i% mask BIIA 2:4 43R  Linear & GEMM: 1.5-1.8% speedup
o 5 4 {i group WM C(4,2)=6 HEEMN  Prefill: 1.5%; Decode: ~45% HRmTE
o XFLbAELEHIK: £ 0.5-1 PPL A e N7F: 140 GB - 80 GB

SparseGPT-2:4 EX1E 70B @& L1 HiE (b); 2:4 MILEA LLM SLRRATAA SR



‘\ A.4 Wanda: 3 17 PyTorch &3

"AE Hessian 1EEH LLM BI4Z": activation-based ¥4, ##if SparseGPT #E (ICLR 2024),

Magnitude Pruning Wanda
______S___=__]_‘y_| _____ A = = W[ || X[z
410 |1|-1 4011154000 W |3 |2/-1]/-3| 4]|0[8[3] |[4(0]|1]|0O
W3—2-1-3+3213§>3—20—3 3|1lo0l2|*3|4|8|9+0]|0(-1|-3
31|02 31025-3002 43206 | [3|0]0]|2
Weights Weight Importance _ Pruned Weights Weight Importance  Pruned Weights
grouped per layer Weights and activations  grouped per output

Figure [: Illustration of our proposed method Wanda (Pruning by Weights and activations), compared
with the magnitude pruning approach. Given a weight matrix W and input feature activations X, we
compute the weight 1mp0rtance as the elcmentwwe product between the weight magmtudc and the

i sl SEPSIRIRS. SRRt b & i | Pl N A i S i S s ey s e e Al | S R

EAAT (ILE) Rz

o A s_{ij} = IW_{ii}] = X - e LLaMA-7B: < 5 min (SparseGPT ~30 min)
E x activation norm FEERF (PPL 7.26 vs 7.22)

XFEE magnitude: & BT BUE R K53 ~30 17 (SparseGPT ~200 17)
XARELE LLM B activation outlier 7 Hessian 'R, TRINEE#

248: per output row (RHHRE—) 2024 £ LLM BI%7 baseline

Wanda %@ calibrate + score: B8 2024 & LLM B89 baseline /5%,

&: Sun et al., Wanda, ICLR 2024 (arxiv:2306.11695) Fig 1



‘\ A.5 SparseGPT vs Wanda: —i%—

PITRER T, EEEURT BB / A / TRERE,

p::3:53 SparseGPT Wanda BE

D H*E Hessian (OBS) W[ - Xl EE

NEEH B EHANE REH SparseGPT ™
LLaMA-7B #Eht ~30 min **~5 min** Wanda
OPT-175B #&EY ~4 h **~30 min** Wanda 8x

PPL @ 50% 7.22 7.26 ¥

PPL @ 2:4 12.0 12.8 SparseGPT B&4F
2B § =l Wanda

Wanda 6-8x £, BEJLF&FF, ABEH: 2024 F LLM BEE%,



A.6 OWL: IEITELBEHEE (ICML 2024)

ME: 82 outlier ZEARRE — AEENSEARRE sparsity budget,

&

g g06 gue
210 < o
2 205 205
£08 4 /] 2
2 MNURRRRANRANNE, =" | 204 OWL(©un) || Zg4 OWL (Oum)
%6 - — Uniform % — Uniform
2 203 303
Zo4 E 5
2 202 202
5 ) o}
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0.0 0.0 0.0
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Layer Index Layer Index Layer Index

Figure 1: The demonstration of the OWL layerwise sparsity and Uniform layerwise sparsity at 70% sparsity. The bar chart
in the background corresponds to the Layerwise Outlier Distribution (LOD), as elaborated in Section 3.2

dation (Frantar & Alistarh, 2023; Sun et al., 2023; Jaiswal
et al,, 2023b; Ma et al., 2023). SparseGPT (Frantar & Al-
istarh, 2023) addresses the challenge of LLM pruning from
the perspective of layerwise reconstruction problem. In this
context, the primary goal is to minimize the output discrep-
ancy in terms of the reconstruction error between dense
and sparse LLMs. It adopts an iterative strategy to handle
the computational hurdle posed by the row-Hessian prob-
lem. Specifically, it employs the Optimal Brain Surgeon
(OBS) algorithm (Hassibi et al., 1993) to selectively prune
and update weights in a column-wise manner. Wanda (Sun
et al., 2023), on the other hand, introduces a novel pruning
metric that takes into account both the weight magnitudes
and their correspondine input activations. Remarkablv. it

« ME&EE LOD (Layerwise Outlier Distribution)
* LOD X — ZE&R, LK sparsity
* LOD /N = ZEBRRZ, A= sparsity

o 2-3 {THBIEE Wanda BIBIR]

Three reasons behoove us to pose the above research ques-
tion: First, it is widely acknowledged that within Trans-
former architectures, certain components hold greater sig-
nificance than others, and thus, they merit distinct treatment
during the pruning process (Wang & Tu, 2020; Bhojanapalli
etal., 2021); Second, a consensus view has been reached in
computer vision that non-uniform layerwise sparsity typi-
cally achieves stronger results than uniform sparsity (Liu
et al., 2022a; Lee et al., 2020); More importantly, LLMs
demonstrate astonishingly emergent behaviors (Wei et al.,
2022; Schaeffer et al., 2023; Dettmers et al., 2022) as model
size continuously scales up, a phenomenon distinct from
smaller-scale language models. These emergent behaviors
offer fresh insiehts into the domain of LLM orunine. For

BR

* + SparseGPT: -6.8 PPL
e DeepSparse EPE IR 2.6%

OWL £ score 90 "EBEME" #E: 2024 &3 Wanda RSCAIERE,

AEAER scoring Ak

LLaMA 70% #ii: -4 PPL vs 35 Wanda

Yin et al., OWL, ICML 2024 (arxiv:2310.05775)
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nn

78/ \VERL?

width / depth / head / embed 4% axis = LLM-Pruner - SliceGPT - ShortGPT - LLM Surgeon - Bonsai

Reshape: GBS axis ¥

KIRAN (HE)

v Part A > Part B Part C Part D

Calibrate + Score Reshape Heal HE + BIR + KE




‘\ B.1 Reshape BYIH$E axis

: 952 axis EERE x IR Pareto BE

Reshape HIPUZ% axis — AR EEMNARE AR

Width (channel) Depth (layer) Head (attention) Embed (hidden-dim)
LLM-Pruner ShortGPT / LaCo LLM-Pruner (head) SliceGPT / Minitron

P9k axis IRFFZ AGWNRER

* Width: LLM-Pruner, Bonsai, Minitron e Width — Linear GEMM /)©

 Depth: ShortGPT, LaCo e Depth = BEH, inEimk

e Head: LLM-Pruner &4k e Head — Attention &8

* Embed: SliceGPT, Minitron * Embed — KV-cache t248 (long-context)

[| 5 6 WEFES axis MASEIT%, BESH Minitron BAAS TWET .




B.2 LLM-Pruner: ¥k + gradient (NeurlPS 2023)

BREEMAIREE LLM HE: KB ERRBS, gradient TS0 .

Group Type A: MLP Group Type B: Multi-head Attention Group Type C: Channel-wise Grouping
Down Projection £\ LM Head
A # \L\ ' VR IR——.
2 { N.
\ v o i S Y A | Picasiaiaas) | anismaes: Norm:
g QIO G
357
4m 2 L MHA:
MLP 1 =N,
Gate Projection  Up Projection Head 1 . e | I bl
2y ] = -: : Hoig O i Head 1 Head n
,,,,, 7N Lx " A R . i< BY
o N, yg
____ 7 = Normy | w
i a 4 B — oky L~
v
47 % A7 Multhead BOT ;
b Attention 1 e S > | oo -
O O o’ G < N / = Embed-
______ ding: 4

Query Key Value v » /7"1'\

Embedding

Figure 2: Illustration of the coupled structures in LLaMA. We simplify the neurons in each layer to
make the dependent group clear. The trigger neuron, marked as a circle with a bell, cause weights
with dependency pruned (dashed lines), which may propagate (red dashed lines) to coupled neurons
(dashed circles). A group can be triggered by a variety of trigger neurons. Taking Group Type B as

#&k#iE (Dependency Graph) AN

« 55 head —» Q/K/V/O PUsEFEREIHED e Gradient Taylor: s=|g -+ W|

 BJ channel = FFN up/down E# e {X 10 £ prompt &

o KB EDNERR tensor HKF e LLaMA-7B BY 50%: 2h on 1xA100
o RIEEIEIEBIEH—E e + LoRA fine-tune 5K #

L=l

LLM-Pruner 2 L2 &84 ILZE: K#iE + gradient BitrET R,

Ma et al., LLM-Pruner, NeurlPS 2023 (arxiv:2305.11627)



B.3 Shape-axis #Xff1: Minitron BY ablation

NVIDIA 7EPU$E axis Ff{l ablation: 24 (width+depth) 2 Pareto &ift o

. Shape-axis BIFEE x IIENE (Minitron ablation) @-(/B\ﬁim
Gl Width+Depth o Width: J&2F0, BBEL, IRER
Mini . " gl
n Deotn g e + Depth: ISk, HEISER
® 1  Head: ;8%01, fniE/>

== (hidden-dim)  Embed: Z& & (KV &E™S)
% 301 o RBERE axis
5 s width A
= Vi  width + depth Z_E#& Pareto

20 - = e 2024 TV &1

(attn)
15 @®
1.0
Pareto gTiA (#:%)
05

1.0 1.I5 2.IO 2.I5 310 3:5 4I.O 4;5 5;0 5.5
FEE{RE (B3 dense)

BERE axis; AEX R (width+depth) & 2024 T &MB#E

Muralidharan et al., Minitron, NeurlPS 2024 (arxiv:2407.14679)



B\ B.4 SliceGPT: hidden-dim $1& (ICLR 2024)

IEZZfiEH + 1] hidden-dim — &% KV-cache + Tiif GEMM —i£4E

Unstructured sparsity 2:4 Structured sparsity Slicing (ours)
Wi W xq oW
7
7

Figure 1: Matrix multiplication of the signal X and a weight matrix W under different types of
sparsity. Left: unstructured sparsity, where some elements of W are zero, and X is dense. Middle:
2:4 structured sparsity. where each block of four weight matrix entries contains two zeros. and X is

BOaE=® RGER I
PCA %f# hidden activation d_model 48 — Fr& Linear B4

o IEXBEEXSST principal directions » KV-cache &E#H45 (IEEE d_model)

e §]#F bottom-k dim (FMN i) e LLaMA-2-70B 25% slice: 99% accuracy
o X5 calibration ##& o U%ZEUF 1.4%; long context 2.2x

e IZE fine-tune o Hfth axis IAZEl KV &

SliceGPT £ hidden-dim axis f43: long-context {7 & KV EHEEXEBMRE

Ashkboos et al., SliceGPT, ICLR 2024 (arxiv:2401.15024)



‘\ B.5 ShortGPT / LaCo: BEZ& iR

LLM FERRE: —£ENEA ~ B, oTAEER, BERKEN,

ShortGPT: BILLERLIM? — IEEB=EE, I E&=R]

1.0 4
=8 081 |
%% 0.6
¥5 04-
- 0.2 1
—-—- Bl>0.9: 7/}
0.0 -
15 20 25 30
Layer index (LLaMA-2-13B)
ShonrtGPT (2024) LaCo: Layer Collapse
* Block Influence (Bl) = #iA i HRZEIUE o BFEBEME (BXF1Y)
e Bl = 1 => EiRABE, AT o A2, M2 "EHERER"
e LLaMA-2-13B ] 20% E&: FEX -2% e LLaMA-2-7B i 30% =: PPL {X +1

LLM ERBEER; depth axis &ig#H, £5 width A&EER,

Men et al., ShortGPT, 2024 (arxiv:2403.03853); Yang et al., LaCo, Findings of EMNLP 2024 (arxiv:2402.11187)



‘\ B.6 LLM Surgeon: Hessian £&#34685#; (ICLR 2024)

8 SparseGPT B9 OBS ¥ E2IZ#1k: Kronecker-factored Fisher #E{ll Hessian,

LLM Surgeon: Kronecker Fisher 3Tfil — {REExME, NEREF

Kronecker-factored
FEZE Hessian (A K B)
OdK) &8, KMEXR = LLM Surgeon: #7
] ||

|
o
BOa & HF
e Kronecker (A®B) T E Hessian e LLaMA-2-7B @ 30%: PPL 7.95
* #%— unstructured / 2:4 / &1k (Wanda 8.41)
* Multi-shot NEEFiEHN « ¥ SOTA
o FI7 sparsity $o°fe: FEN £, Attn 2> e BALL Wanda & ~10x

o AREHEMNE, Wanda BT Hi%E

LLM Surgeon $&E SOTA, BiA& 10x &: Hi5EH, Wanda M ELEE,

van der Ouderaa et al., LLM Surgeon, ICLR 2024 (arxiv:2312.17244)



B.7 Bonsai: Gradient-free £&#a4LBi%7 (ICML 2024)

"“RERE, thAEMEAKBIR?": HEIREE + forward-only ¥4,

Sub-model 1

Full Model / N
(LLaMA-7B) egression

~N— i :
Sub-model 2 Forward Only Jm[;(():r;[?élce
M loss Z1k
—
Sub-model 3 ERE!

THE!

Sub-model 4

Bonsai: Full-Model — % Sub-Models — Forward-only 4 — [ElJ33K importance

e CMBOE XBHF

o XIENAIBYEITEME sub-model Phi-2 3B — 1.8B

1 sub-model >& forward 4/6 Open-LLM tasks B3 EAth 2B
[ElJ33K importance score B A6000 (48GB) Hif 7B

+ informative prior & Et LLM-Pruner & 2-3x N7F

TR M, THE

Bonsai ilEBA forward-only BEZEREIEAL: NS B BAFTIEA .

Dery et al., Bonsai / Everybody Prune Now, ICML 2024 (arxiv:2402.05406)



‘\ B.8 Reshape &4;: axis x Fi%k x 9%

1 B REABEAZER (axis, W5, ARE) BE,

Axis RERFG*E 555 pF Rl Lk

Width (channel) LLM-Pruner, Bonsai grad / forward Linear GEMM /) FFEN A0
Depth (layer) ShortGPT, LaCo Bl / fBLE XEE latency BUK
Head (attention) LLM-Pruner (head) grad / activation attn ItHEE memory-bound
Embed (hidden-dim) SliceGPT, Minitron PCA / importance KV & 48 long-context
HE (wtdte) Minitron importance + KD =i Pareto TAERE
Hessian &1k LLM Surgeon Kronecker Fisher ¥5E SOTA AREE

Reshape X T iEM: axis x £ x FFRE: Minitron A& axis & 2024 TV &R,
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Heal: B85S/t <HERE?

Continue-pretrain (Sheared) - KD (Minitron) -+ JllZx-free {&%k (EoRA) - =FhE LR

KRN (HE)
v Part A v Part B Part D

Calibrate + Score Reshape HE + BIR + KE




‘\ C.1 A{t4A Reshape BFEE Heal?

Reshape MZ4EM, INESK — BEMNARHE; heal AR/NEATFERE

Heal =R E X BE x {KFXAHZE

100 A

I Heal B4 (B tokens)
90% Bl EEERE (%)

/5%

10B

Sheared LLaMA

EoRA

Continue-pretrain

At ARERE?

o LG, RIRNEX 5D B
o ZEl NAS FHTZEMENEREI
e Liu 2019: Scratch-E/B = Fine-tuned

Heal =/ &Y N =FFH: 50B / 10B / 0 tokens: IRZEFIEF

KD (32) - free {EE

Heal =8

* Continue-pretrain = Sheared LLaMA (50B)
« KD #£1& — Minitron (10B)
* illZ-free {KFk — EoRA (O tokens)

o




‘\ C.2 Sheared LLaMA: prune + continue-pretrain

18 heal fipkFE % T #2: Targeted pruning + Dynamic batch loading (ICLR 2024),

We observe that training using the originaf pre-

» reduction across different domains, compared to ﬁm'&ﬁ ;Z-E
1s indicates that the pruned model retains vary- .
(e.g., GitHub vs. C4) and simply using the pre- @ Ergeted S_trucwred Pruning
cient use of data (Figure 4). To address these is- * IE target size (40 3B)
hm consisting of the following two components: o #3455 LLaMA2-7B — 3B
« 4 axis @&

2 Sheared-LLaMA (Oug/ﬂ‘*'_w_h  OpeniLaMAw? @ Dynamic Batch Loading

3 SZX Taster a \,Qg_—' \ 2

& s opentLama v ® 2%;&@”7#\ ?OB tokens

: J 9 - * & domain EhA&RH

§ 54 f@ =)

g 53 »”* . « Sheared-2.7B #&5¢ OPT-2.7B

-E A * 40x token ¥R F

< / OPT &

z51 o

50
108 50B 5008 1T

#Tokens for Training

Figure 1: Sheared-LLaMA-2.7B surpasses a se-
ries of open-source models at a similar scale and
only requires 1/32 (3%) of budget to achieve on-

nar nerfarmance with Onenl T aMA_3R_v?

Sheared LLaMA & heal i R4 T FE: 50B tokens # 40x token XK,

Xia et al., Sheared LLaMA, ICLR 2024 (arxiv:2310.06694)



C.3 Minitron: prune + KD (NVIDIA NeurlPS 2024)

NVIDIA 55E T IE: width+depth BY + KD, 10B tokens 3T from-scratch

where p and o represent the mean and variance across the embedding dimensions, € is a small value ==
for numerical stability, and  and 3 are learnable parameters. mgm J i

2.2 Importance Analysis @ Wldth + Depth '3;‘2‘&

Estimating the importance or sensitivity of individual neural network components such as neurons,

. — .
attention heads, and layers is a well-studied area [9][13][41]]. In the context of LLM:s, recent work ° IE axis ﬁ%é ablation
has highlighted the ineffectiveness of traditional metrics such as weight magnitude for estimating . A
importance [33]; instead, recent work on structured pruning of LLMs has focused on metrics such as O W|dth+depth gﬂ_ ) Eﬁ'fjﬂ

gradient/Taylor [33], cosine similarity [34], and perplexity on a calibration dataset [26].

@ Importance + KD
L. P S * Teacher = J& LLaMA
;].: * Loss: KL + MSE
= {X 10B tokens
i ® &=
 40x fewer tokens vs scratch
¥ Phi-2, Gemma2, Qwen2-1.5B

Figure 2: High-level overview of our proposed iterative pruning and distillation approach to train a  MMLU +1 6% VS scratch
family of smaller LLMs. On a pretrained LLM, we first evaluate importance of neurons, rank them,
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¥

Minitron 2 L2 5E T \VEg/5: 10B tokens B prune+KD i#8id scratch )%k,

Muralidharan et al., Minitron, NeurlPS 2024 (arxiv:2407.14679)



‘\ C.4 EoRA: training-free {E#%MZ (ICLRW 2026)

REEN heal: TF tokens, THEE, 7£ activation eigenspace # SVD #MZ,

EoRA: AW # 53| activation £, 128 top-k KM

@ Prune + Quant /g @ %53 top-k M
WEIRE AW i LoRA adapter (rank 4)

™

s =
Sl .
[ | 0.5 A

|eigenvalue|

0.0 25 5.0 75 100 125 150
Eigenvalue index

=PRE H=

@ prune+quant FIEIRE AW LLaMA3-8B @ 3-bit: ARC-C +10.8%
@ & activation XXT $F{ED## @ 4-bit+2:4: ARC-E +31.3%

@ AW EB=E top-k FHEHM JLS SR, 1.4%x CUDA fliE

{888 LoRA adapter (rank 4-16) ES prunetquant SEIREG S

EoRA #Htb heal B "E/MA" A%, prunetquant BX& heal BIFIEE

Liu et al., EoRA, ICLRW 2026 (arxiv:2410.212771)
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v Part A v Part B v Part C » Part D
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‘\ D.1 Prune + Quantize: SliM-LLM (ICML 2025)

@— outlier WM& %— prune M quant: salience EIRIESHE .

Prune + Quantize A& — MNELLSAER (LLaMA-7B sE)

)]

56X%

Sy a
1 1

HEMEL, (vs Dense FP16)
w

32X

2 1.6%

‘l -

o Waind "GRG i1 e SpafSecPTiza

FP16 24 + FP16 INT4 Prune+INTZ2 + GPTQ-INT4

SliIM-LLM #Z/(y HttHS
e 30 ¥ outlier E (BEE) e LLaMA-7B @ 2-bit: 6x RTF, -48% PPL
* outlier & bit (8-bit) » SparseGPT-2:4 + GPTQ-4: 5.6x
o EMiXER bit (2-bit) « Wanda + AWQ: EAEE
* Group-wise mixed-precision o EBE|HRED: prune + quant + heal =&—

« 5 2.4 BIREL

Prune + Quantize & 2024-2026 T JV/#xEg; outlier MBLH—RE

Huang et al., SIM-LLM, ICML 2025 (arxiv:2405.714917)



D.2 Llama-3.1-Minitron-4B: 2&E3E 224

L2 Fe A BE— N mEE TI =8 LLaMA-3.1-8B — 4B, NVIDIA 2024,

where ;i and o2 represent the mean and variance across the embedding dimensions, ¢ is a small value

for numerical stability, and -y and /3 are learnable parameters. ;TE E p i p el i ne

2.2 Importance Analysis @ ReShape: SB - 4B

Estimating the importance or sensitivity of individual neural network components such as neurons,

attention heads, and layers is a well-studied area [9}[13}[41]. In the context of LLMs, recent work ° . N — o,
has highlighted the ineffectiveness of traditional metrics such as weight magnitude for estimating Depth ' 3 2 1 6 Iayer ( 5 O /0)
importance [33]; instead, recent work on structured pruning of LLMs has focused on metrics such as ° F F N f ‘l 43 3 6 - 9 2 ‘l 6

gradient/Taylor [33], cosine similarity [34], and perplexity on a calibration dataset [26].

* Hidden: 4096 — 3072

@ Heal: KD

* Teacher = LLaMA-3.1-8B
» 10B tokens #*%Ei)l| 2k
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[
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S — @ Deploy
) | (&) [ | | 3 =
= TEeEE « FP8 on Hopper / Blackwell

e 2.7% throughput
Figure 2: High-level overview of our proposed iterative pruning and distillation approach to train a ,
family of smaller LLMs. On a pretrained LLM, we first evaluate importance of neurons, rank them, ° E J: H ug g N g Face

IEREx

* Pruning = prune + KD + quant + deploy 555
o JEEL IMEBIEMM > FELEK; FSPBEK FP8 / 2:14 RE
e FE: 8B—>4B 4 100-500 GPU-days, tt scratch il 8B & 5-10x%

Llama-3.1-Minitron-4B & L2 TYBZA: prune+KD+FP8, 5-10% &R AT E .

Sreenivas et al., Llama-3.1-Minitron-4B, 2024 (arxiv:.2408.11796)
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L{th B35 73 [

BARSSE; HSEpNaE "IGHBER" M "BERAES"

HEIL BRERSD
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(Hessian)
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(activation)
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Wanda
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* LoRA gradient 8%
s AREFEE
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1
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« A2 one-shot o ESIFEEX
e LLaMA-7B — 2.7B * i< context = L3

L2 BREARTRE, KENEEIIGHEBER + BRAAS



D.4 L2 BRAFIR: A4 L3 AHE?

L2 R “—/MEERTNY  mXBER#ERD L3 B input-dependent A,

L2: 857585 — FiE token HA— mask

|:| Math token

EE mask =
(£ calibration FHARTE) Code token
[ ] Chat token
& token FHE B SN
F—rE=IL
JEBR 1: #7& mask

o EBEE mask BElE

« B token %K

e Math / code / chat EXXEFEARENE
— L3 $IE (Deja Vu, Powerlnfer)

L2 @& EBKE; #& + RESEN KV IER L3 E4MIRNG[ .

L3: AR — & token HEGEEE mask
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JEEL: 818 head
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JEEK: 187 head
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JEER: 3E head
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[ .

# token ~[E mask
duriile % activation %

“a=l
5 -

SE--

Input-dependent — L3 (Deja Vu, Powerlnfer)

BB 2: RE48RY KV-cache

LLaMA-70B @ 128k: KV iX 40 GB
L2 BNE(B KV RLbIE

Long context #RFAKA#

— L3 KV-cache (H20, Quest)
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B (RIEE, TAVERREE) 48 L2 RERAEEE—KE L,

L2 ARFTENE — & (RE, TWARE) EiL

Score/Calib (B4 1-2 &)
61 Reshape (BZ2% 3 1) Minitron
i reshape (depth) Sheared LLa @
E 5 Heal (B4R 4 #& T iH)
E EoRA
,:[
3 4 LLM Surgeon
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8 ] _ SliceGPT
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pricgied
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» &8 Reshape: LLM-Pruner / SliceGPT / ShortGPT: £&#3{bhN0iE
o A ETA: Sheared / Minitron: 55 heal, SPEME

HEHE = (T, FEEXK, PELE); Minitron 2 TVEFTER .



‘\ E.1 M L2 B L3: &2 EIANTERER

L3 B input-dependence #T#% L2 B9E&RS: 2024-2026 & KIBKR .

L3 Part A: BIFSINERR

* Deja Vu (ICML 2023):

Predictor Fll head/neuron #i&
* PowerlInfer (SOSP 2024):
Hot/cold neuron + GPU/CPU &#3
* LLM in a Flash (Apple 2024):
N1FE DRAM, % Ehi%

BRI BREBE

L3 Part B: KV-cache Bi#:

* H20 (NeurlPS 2023):
Heavy hitter =& attention

e StreamingLLM (ICLR 2024):
Attention sink token W%

* Quest (ICML 2024):
Per-query &Ei% KV page

SparseGPT Wanda LLM-Pruner SliceGPT ShortGPT OWL Bons&heared Minitrorilama-3.1-
(Hessian ) (activation) (gradient) (hidden-dim)  (layeflayer buddgtad-freeaMA  (NVIDIAYinitron-4B
T 1 T T
2023 2024 k025 l l 2026
LLM Surgeon SliM-LLM EoRA BREFATE EEER
(Hessian OBS) (prune+quant) (heal)

Al / Tkl

7 (L2) + 313 (L3) = production answer; L3 A input-dependence I THESRIZ o




Input-Dependence 5 (2024-2026)
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MSNERE: 5 token REBUEVDENNE

Deja Vu - PowerIinfer = LLM in a Flash - NAEE - TEAL - Q-Sparse

KRR (HE)

» Part A Part B

HSIRERG

KV-cache BE#%




A1 BiERRIR: LLM HERNZ# neuron AEGE

L3 BEm: SENAM FFN BUEKEHDAZE (dynamic)

— REEUERNERRIA o

LLM FFN #E2 7 (ReLU/SwiGLU F) - FEHER B ERRE
I === threshold 92% 87%
3000 = 0: 60-80% EiiE SwiGLU EERHH
20 TEO%EAL 4=
2500 g
2000 @ 60 - 55%
5 ¥
1500 |40
=
1000 -
20 -
500
O -I T T T T T T O = T
0.0 02 04 0.6 0.8 1.0 1.2 1.4 RelLU-7B OPT-7B LLaMA-2-7B LLaMA-3-8B Mistral-7B

|activation|

KT

e ReLU-based LLM FFN: 85-95% BEAZE (ReLU KAKILR)

(SwiGLU)

e SwiGLU-based (LLaMA-3/Mistral): FERER[EZ] 50-60%, F TEAL XEHE
o A[E token BUERNFEARR: X2 L3 BIZOEHN

FFN BERARE & input-dependent; XEZIBFINER RN EEGM

Liu et al., Deja Vu (ICML 2023); TEAL (arxiv:2408.14690)



‘\ A.2 Deja Vu: predictor ¥l head/neuron &iE (ICML 2023)

#ZIBAE: /N MLP FU 2451 token SEUEMILE head/neuron, REIXERS 6

Sparse compute

Active Set
Input HHY active L&

activation I ; (R top-k ‘ _
(small MLP) [k active FT1

head / neuron

2% decode JIiZE

Deja Vu: runtime A “"predictor™ ;REMWFL head/neuron #E0E, REHANEMITE

(activation # AN — predictor — it top-k mask — 2itE active Z47)

PEER ARG

« Small MLP predictor MII7EEEHRI « OPT-175B decode: ~2x wall-clock
o HH top-k mask (head/neuron £R) « GPU AFw = AXREE
e 1 fetch active INEZIF 1728 o BEJ/LFELIR

Deja Vu F8l runtime predictor #3: BiANERHNE—RIRES R,

Liu et al., Deja Vu, ICML 2023 (arxiv:2310.17157)



A.3 Deja Vu BIBR#I & PowerlInfer BOz0#1

Deja Vu RERRITE, iZBRATFE: Powerlnfer 3£ “ R7F active I;NE" #MEIHRE .

Deja Vu B30 R

Powerinfer &R

o (VRDITE (FNRE) o BEEE BESMH (power law)

s FFEBNEMFHE GPU B%E * 20% neuron &g 80% &&E (hot)

e 70B =EIE 140 GB VRAM « H& 80% & cold

» Decode TERIMRTEME R e Hot il GPU #%; cold 1 CPU ZEEX
o SHZERL GPU AL (VRAM A1) — E#FHPE GPU tbaEM 70B

DAL SIS 1V i U, WLLILLL PAUYAGG LIVAC CAKAISIYS St
ory capacity but lower bandwidth. Nevertheless, each LLM
inference iteration requires accessing the entire set of model
parameters whose total size is too large for a single GPU,
thus showing no locality at all and thus impeding efficient
locality exploitation.

Recent works have identified activation sparsity in LLM
inference [28, 34, 61]. During each inference iteration, only
a limited number of neurons' are activated, signi 1

ULV PLULESS LUMARS LI SIS VL LIC PLCBILWULS Wit
maintaining their accuracy, thus freeing up GPU memory
for LLM inferences.

Second, leveraging LLM sparsity requires the use of sparse
operators. Conventional libraries like cuSPARSE [37] are not
optimal due to their general-purpose design, which includes
tracking each non-zero element and converting dense ma-
trices into sparse formats [54, 63]. In contrast, PowerInfer

influencing token outputs. These sparse activations, which
can be accurately predicted at runtime, allow for accelerated
inference by computing only the activated neurons. However,
the set of activated neurons varies across inputs and can only
be determined at runtime, necessitating the entire model to
be loaded into GPU memory. This requirement limits the
approach’s applicability in local deployment scenarios with
constrained GPU VRAM.

Fortunately, we have observed that neuron activation in
an LLM follows a skewed power-law distribution across
numerous inference processes: a small subset of neurons
consistently contribute to the majority of activations (over
80%) across various inputs (hot-activated), while the majority
are involved in the remaining activations, which are deter-
mined based on the inputs at runtime (cold-activated). This
observation suggests an inherent locality in LLMs with high
activation sparsity, which could be leveraged to address the
aforementioned locality mismatch.

designs sparse operators that directly interact
with individual neurons, thereby bypassing operations on en-
tire matrices. This approach enables efficient matrix-vector
multiplication at the neuron level and removes the need for
specific sparse format conversions.

Lastly, the optimal placement of activated neurons be-
tween the GPU and CPU in Powerlnfer is a complex task.
It involves evaluating each neuron’s activation rate, intra-
layer communication, and available hardware resources like
GPU memory sizes. To effectively manage this, Powerlnfer
utilizes an offline phase to generate a neuron placement pol-
icy. This policy uses a metric that measures each neuron’s
impact on LLM inference outcomes and is framed as an in-
teger linear programming problem. The policy formulation
considers factors such as neuron activation frequencies and
the bandwidth hierarchy of CPU and GPU architectures.

The online inference engine of Powerlnfer was imple-
mented by extending llama.cpp with an additional 4,200
lines of C++ and CUDA code. Its offline component, com-

Deja Vu it %E; PowerInfer iBARE: RAEFEMILLHZEZR GPU i 70B BAR&E,

Song et al., Powerinfer, SOSP 2024 (arxiv:2312.12456)



A.4 PowerlInfer: Hot/Cold neuron + GPU/CPU ®#3%243 (SOSP

)

J

Hot neuron &% GPU, Cold neuron #&#FEM CPU BX: itiH#Z 4 GPU 3 70B LLM,

ERtatz iy

B4 o rRUEME, fRic hot/cold
Hot neuron (20%) &3t GPU VRAM
Cold neuron (80%) £ CPU DRAM, %% fetch

GPU/CPU &&FimK

ULLGL DULLLU LUL UL UD, WILILLL PIUVIUG 1IVIG VALUIIBIVL 1LU1L
ory capacity but lower bandwidth. Nevertheless, each LLM
inference iteration requires accessing the entire set of model

parameters whose total size is too large for a single GPU,
thus showing no locality at all and thus impeding efficient
locality exploitation.

Recent works have identified activation sparsity in LLM
inference [28, 34, 61]. During each inference iteration, only
a limited number of neurons® are activated, significantly
influencing token outputs. These sparse activations, which
can be accurately predicted at runtime, allow for accelerated
inference by computing only the activated neurons. However,
the set of activated neurons varies across inputs and can only
be determined at runtime, necessitating the entire model to
be loaded into GPU memory. This requirement limits the
approach’s applicability in local deployment scenarios with
constrained GPU VRAM.

Fortunately, we have observed that neuron activation in
an LLM follows a skewed power-law distribution across
numerous inference processes: a small subset of neurons
consistently contribute to the majority of activations (over
80%) across various inputs (hot-activated), while the majority
are involved in the remaining activations, which are deter-
mined based on the inputs at runtime (cold-activated). This
observation suggests an inherent locality in LLMs with high
activation sparsity, which could be leveraged to address the
aforementioned locality mismatch.

LLLL@UYL PLULLOD ILUULLD LIV S14U UL LS PLUUIULULD WL
maintaining their accuracy, thus freeing up GPU memory
for LLM inferences.

Second, leveraging LLM sparsity requires the use of sparse
operators. Conventional libraries like cuSPARSE [37] are not
optimal due to their general-purpose design, which includes
tracking each non-zero element and converting dense ma-
trices into sparse formats [54, 63]. In contrast, PowerInfer
designs neuron-aware sparse operators that directly interact
with individual neurons, thereby bypassing operations on en-
tire matrices. This approach enables efficient matrix-vector
multiplication at the neuron level and removes the need for
specific sparse format conversions.

Lastly, the optimal placement of activated neurons be-
tween the GPU and CPU in PowerInfer is a complex task.
It involves evaluating each neuron’s activation rate, intra-
layer communication, and available hardware resources like
GPU memory sizes. To effectively manage this, PowerInfer
utilizes an offline phase to generate a neuron placement pol-
icy. This policy uses a metric that measures each neuron’s
impact on LLM inference outcomes and is framed as an in-
teger linear programming problem. The policy formulation
considers factors such as neuron activation frequencies and
the bandwidth hierarchy of CPU and GPU architectures.

The online inference engine of PowerInfer was imple-
mented by extending llama.cpp with an additional 4,200
lines of C++ and CUDA code. Its offline component, com-

F=Nb

PowerlInfer {£#H + REAFMAT@RER; HEREHH 70B FERRIR.

Song et al., Song et al., Powerinfer, SOSP 2024 (arxiv:2312.12456)
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A.5 LLM in a Flash: Apple Bz 5% (2024)

tb Powerlnfer Ei#: BNMERM Flash A1z, 2EMNE: ERFEN/FER.

B
o BEINEM flash RTE

s s —r v

~100 GB

~100 GB/s

(a) Bandwidth in a unified memory architecture
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w‘

4 8 16

32 61
Chunk Size (KB)

(b) Random read throughput of flash memory

Figure 2: (a) Flash memory offers significantly higher capacity but suffers from much lower bandwidth compared
to DRAM and CPU/GPU caches and registers. (b) The throughput for random reads in flash memory increases with

the size of sequential chunks and the number of threads.

at least an order of magnitude larger than DRAM.
Then, during inference, we directly load the re-
quired subset of parameters from the flash memory,
avoiding the need to fit the entire model in DRAM.
To this end, our work makes several contributions:

* First, we study the hardware characteristics of
storage systems (e.g., flash, DRAM). We show
that hardware constraints such as capacity and
bandwidth limitations can have significant con-

siderations when designing efficient algorithms
far carvina T T Me fram flach (Qactian 2\

2.1 Bandwidth and Energy Constraints

While modern NAND flash memories offer high
bandwidth and low latency, they fall well short
of the performance levels of DRAM (Dynamic
Random-Access Memory), in terms of both latency
and throughput. Figure 2a illustrates these differ-
ences. A naive inference implementation that relies
on NAND flash memory might necessitate reload-
ing the entire model for each forward pass. This
process is not only time-consuming, often taking
seconds for even compressed models. but it also

=X

« iPhone 16 Pro (8GB RAM) A[#l 7B LLM
« RAM R{REE active neuron o HEIBFEIR <0.5s/token on A17
¢ Row-column bundling: &> flash BENLIE * FTFHFHix on-device LLM B
» Window sliding: EF E—ZIMENNE * 5 Apple Intelligence &%

LLM in a Flash BBH#ERB G, "Ml LLM AEBTRZAER

Alizadeh et al., LLM in a Flash, ACL 2024 (arxiv:2312.11574)



B\ A.6 NAEE: Mixtral B1735& R84 (ACL 2024)
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& S
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B 80G GPU T (JRE 2 iK)
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o BIFHRAEEN 2 1 expert

+ BIZ expert skipping (token-aware)
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v
a

MoE #E& ) expert tBAIEI7REIHY; 5 ChS MoE R IER .

Lu et al., NAEE, ACL 2024 (arxiv:2402.74800)



B\ A.7 TEAL: Training-free #E%H: (ICLR 2025)

8 Deja Vu # EZE SwiGLU LLM (LLaMA-2/3, Mistral): €& 40-50% &k o

Gl #=F

SWIGLU BiEAR R ARG « 40-50% model-wide sparsity

* RelLU: 60-80% AZE e LLaMA-2/3, Mistral 7B-70B 1&H
e SWiGLU: RE 50-60% * Decode 1.53% (7B), 1.8% (70B)
e Deja Vu EERMEREE e A& 4-bit AWQ

TEAL 5% . BENFEIR

* Training-free magnitude threshold
* Attention + MLP &b
- BYERESH - HEBX
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|lactivation| (SwiGLU)

TEAL 32 Deja Vu ¥ EBEITA SwiGLU LLM: 2024 RSLAM training-free BERH o

Liu et al., TEAL, ICLR 2025 (arxiv:2408.714690)



‘\ A.8 Q-Sparse: #iH LLM B scaling law (Microsoft 2024)

Top-K + STE ik LLM £2UERH A4 BRGHBE LLM B scaling law,

BTG E Scaling Law & X

* Top-K i&#EE (IEEM threshold) * BIR%H sparse LLM inference-optimal scaling
e STE (straight-through estimator) &[d » ~40% WELILES dense baseline

* Attention + FFN £ sparsity s EAERE - BHRENES

o AllZ, <=2 post-hoc o X¥XRK edge HEREILES

e A5 BitNet b1.58 &0 (1-bit IXE) * 5 MOoE scaling law F7%!

Sparse compute
Active Set
Input HBY active &X&E

activation W2 topk ‘ L
(small MLP) Lt active =1

head / neuron

2% decode Im#E

Deja Vu: runtime F *“predictor** ;REMLE head/neuron #EGE, REAERINERITE

(activation ¥t — predictor — Hitt top-k mask — Hit&E active #4)
Q-Sparse A HREE LLM B scaling law: R3Ei| SR RBEH S RN ERE

Wang et al., Q-Sparse, Microsoft 2024 (arxiv:2407.10969)
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S EEFE N =S ER: decode WAEFESASRANESAZE W, 2 KV-cache,

S EHFELR EIF#RSA: KV-cache

* Predictor KEEHH (~5%)

o BUEHERTUN S E R HI SCARUL £5
e 70B HEEINE 140 GB ER

e Decode m&ETE LR ~50-60%
o XK context #EEIEIR

LLaMA-70B + 128k context: KV 40 GB
B ER 28%; 1< context T > 50%
8/¥ decode EPEELLER KV
XN ETT LR

— Part B BFF KV-cache B8

128K context:
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W L R e T L e e i i = |

—— fERNE (140 GB)
KV > 1X&E

Memory (GB)
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Context length (K tokens)

BSWNERRTE + NEZT; decode £ context B KV RENELEBRBENBE—KF .
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‘\ B.1 KV-cache B#l{& o) &a

KV-cache BE context ZeiH1%{<, < context BHEBEEENE: 2 L3 MO0 .

128K context:
KV = 40 GB
LLaMA-70B KV-cache f# context &+ — ﬁﬂ&@u -
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KV > IUE
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e
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=
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e size=BxLxHXd_hX2 x bytes * 128k context, bs=1: 40 GB KV
o L=F%l{<; H=KV heads; d_h=head dim ¢ 128k context, bs=8: 320 GB (1 3k H100 &EAT)
e LLaMA-70B: 80 | x 8 x 128 x 2 x 2 bytes = 640 o K context NMF3: X4 Q&A, KIBER

KB/token

KV-cache £ttiE1<2 long-context B9z 0MESR; BIBR 2024-2026 &AM



B.2 H20: Heavy Hitter Tokens (NeurlPS 2023)

TEZ: /D#L token (heavy hitter) E£E attention IX& — RIFEBXL token BI KV,

--------------------------- I e o  — i
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= TR R sy e e 1 ‘
Y 14 s K 06 .
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! ! e
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I 1 7] . \
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FH ZEit attention score

e KV & = 20% B JLF TR
e {REE top-k heavy hitter + &i& R ™ » OPT-30B 1< context fiIliE 5.5x
e &K bottom-k * VLLM. TGl BE H20-like X#F

Bl KV MiH, 5Kiz <= budget

FEIT eviction-based KV 554

H20 F 6l KV eviction 753%; heavy hitter MR 2R 4EFAE KV IR HNERM,

Zhang et al., H20, NeurlPS 2023 (arxiv:2306.74048)



B.3 StreamingLLM: Attention Sink (ICLR 2024)

: BIJL token (attention sink) 4RIRER, BNEE gER: BMERERAEE,

Lﬂ}'EE’ 2 Head O Layer 9 Head 0 Layer l6 Head 4
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Figure 2: Visualization of the average attention logits in Llama-2-7B over 256 sentences, each with a le

BT BRE5®N

o MIEERBIE /L token /5 PPL E&1E X
o HIJL token B4 "attention sink"

o IRUTLLRTZERY attention mass

s SNEHEXMSE, (BINEENT

{REEHEI 4 1 sink + &1L R 1 window
TBR1 context Riagi=

B# vLLM / TGl A ARED

5 H20 A4S (sink + heavy hitter)

[' StreamingLLM B sink Y122 "MRE" £E; 5 H20 By "#z attention" FEAE b o

Xiao et al., StreamingLLM, ICLR 2024 (arxiv:2309.77453)



‘\ B.4 H20 vs StreamingLLM: FFYREE REEXTEL

—EB#M H20 128 "WMAEE" token; StreamingLLM £ "ThEEE

H20: ¥ Heavy Hitter Tokens

T E=Heavy Hitter ({&), K E=(§ attention (FiX)

&K bottom-k, 125 top-k

Token position —

H20

ETF attention score eviction
578X bottom-k

fixed budget (FiE A RiK)
iE&: generation / QA

MM AENMBEL, IR KV B E sink + heavy hitter \B&

" token,

StreamingLLM: Attention Sink + Sliding Window

FER 4+ 88
TR context A8

Sink (4 Window (8

Token position -

StreamingLLM

Sink (Bl 4) + sliding window (&I R)
FToBR1< context

REK# attention score

iER: streaming chatbot / &<X3iE




‘\ B.5 SnapKV: Prompt-side FE4& (NeurlPS 2024)

£ prefill ERUESS KV: B prompt KisH observation window EEZE KV,

n Ij.lul. UL!L’IL!I I I W

r ™
Ll ]
0 1 ]
%S\I'-L Prefix Obs.
=

H window

Can you help me rephrase Voting & Selecting 1SN 9 Attention
my email? ... Important Features F Weight Cale.
| want to buy a gift for my 1 1 |
mom... il S
| don’t understand what is H window
KV cache in LLMs... Clustering &

Can you tell me the details Concatenating Festtres E
of R&D expense of Q47 window
“-Sﬂﬂp”i L 7
\_ Compreksed KVs

Chimiien 10 Tha aeanb cdhase tha simaaliGad ccraelcflacs: oaf Qo e 7T wacthaea thia

& BR

Prefill TG AR RF, MEESE

FB prompt XKix window YI£ attention
Max-pool EFEIREZE KV cluster
RAFEXWEHR token BY KV

Decode HMiE 3.6x (16k, bs=2)

92% FE48, L FELHBERK

16k — 380k context on A100

X< prompt #HE (34 Q&A) TEHBEW

SnapKV M decode-side ¥ B2 prompt-side; X Q&A IHEIIEIEAE,

Li et al., SnapKV, NeurlPS 2024 (arxiv:2404.14469)



B\ B.6 PyramidKV: EEM&ESFE (ACL 2024)

MZE: [KE attention 98, SEEF — REZSHRWME, SELS (EFEBENK),

(b) Selected KV cache (c) Selected KV cache (d) Selected KV cache
(fixed position) (fixed length) (dynamic length)

(a) Full KV cache

Layer 0

Prompt Query Prompt Query
IR HMR
« Attention ERR}: K2, BEE o B 12% KV ITEE full KV FEE
- BEREEZ KV AHFEER * 0.7% KV: TREC acc +20.5 vs H20
- SEBRSEIPE token, DE KV % e LLaMA-3-70B: 128 KV entries i& Needle
o > BESEARE KV budget e AJ5 H20 / SnapKV &

PyramidKV B X¥ZE% budget: 5 OWL (L2) X, 2 KV IRENEHTHE

Cai et al., PyramidKV, ACL 2024



‘\ B.7 Quest: Per-query &Eij% KV (ICML 2024)

SEIVER: BIEDEEE EK"; Quest "8 EIR": o] LIKEIHIEIARI KV,

1
smpute Sparse Attention ‘
I

F&E BRY + ¥=F

e KV % page (40 16 token/page) B H20 B9 "EKIRM" @R

o B8 query {t& page EE% £ context retrieval-like ESERMRE
« R top k page &5 attention 128k context: 7.3% fli&E

o« AR "EAX", M2 SPEIE A5 FlashAttention &

Quest M "f@3X" ALHE "SHEE": FRAKE, X retrieval BESERF .

Tang et al., Quest, ICML 2024 (arxiv:2406.710774)



B.8 RazorAttention: Retrieval Head iR%! (ICLR 2025)

X4 retrieval head 1 local head: retrieval 282 cache, local &l + M2 token,

BRI % + 8=+

E48 70% KV Tou] &L

3£ A FlashAttention (H20/SnapKV &17)
ARK#: runtime attention map

A5 vLLM / TensorRT-LLM £5%

2024 F=VEx LR KV Bif z—

* Retrieval heads: A= MIEEE token EUER
Local heads: REHMTIE token

Retrieval heads 5% KV

Local heads &l#f + 1 compensation token BIA]
B35 retrieval heads (—XH 1)

RazorAttention M head 4B KV; 5 FlashAttn 38 ESETEMRE

Tang et al., RazorAttention, ICLR 2025 (arxiv:2407.158917)



B\ B.9 KIVI: KV B4k (2024)

B—KIKER: AEH KV, MEE KV B bit #: 2-bit KV JL1ELIR,

BTk RFERX

« KMV oHEN . KV WN1F 4% @ (FP16 — INT2)
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Liu et al., KIVI, ICML 2024 (arxiv:2402.02750)



‘\ B.10 2025 #ijA: PQCache / Ada-KV / MiniCache

2025 4458055 learned predictor, per-head budget, BE&F: KV BIRGFLEEH,

Ada-KV (NeurlPS 2025) MiniCache (NeurlPS 2024) PQCache (2025)
* Per-head B&MN budget « BEAFH KV e Learned predictor for KV
e Lt PyramidKV E4 * SLERP #HEHELEE o Z{)l Deja Vu 1BXF KV

Runtime &L KV E&
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2023 ; 024 KL ,L,L 2025 l 2026
HZ0 Stre amt gLLM BnapKPyra rAttn PQCache

KV-cache Bitk/E45

KV 87 A mFLEEH: head £ > BESFF — learned predictor; EEEK=(E,

Feng et al., Ada-KV, NeurlPS 2025 (arxiv:2407.11550); Liu et al., MiniCache, NeurlPS 2024 (arxiv:2405.14366)



‘\ B.11 LazyLLM: Prefill token Bi#Z (Apple 2024)

B—HE: BB A token: 7E prefill M ERBNIAEZEER token,

YRV S ReWas

e Prompt #BL token WERAEE  2.3x prefill 10EE

o HHIUEIAL: X EMEIHIHH e K context (8k+) MEEE
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e 3 dynamic B9 prefill i<E 5 SnapKV IE3
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Fu et al., LazyLLM, ICML 2024 (arxiv:2407.14057)



‘\ B.12 KV %Hﬁﬁ&%ﬁ H'/Aiﬁg H'/A7

TREVA: 1RE prefill/decode + context KE + {FSHEBIER KV ik,

KV-cache BIfiz =7
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[ Prefill (—XREIN) ] [ Decode (& token) ]
/ \ 1 r / \ ﬂ r / '\
SnapKV PyramidkV H20 StreamingLLM Quest RazorAttn
prompt-side Heavy Hitter Sink + sliding per-query retrieval head
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- 7
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o BYEIY

» 1@H generation: H20 + StreamingLLM (sink + heavy hitter)

o 1< prompt (3284 Q&A): SnapKV + PyramidKV

KV 737%i%E#F = ]| x context KE x FFEE,; ASFERAEFERM.




‘\ B.13 KV-cache F&E4: 4
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1BF generation
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ZAERE (FlashAttn &Z)
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1 prompt, il




