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6oAbWUX A3bIKOBbIX MOgeAeU

KysHegeaeB AeHuc
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(1) MoTtuBauums

(2) Cneuundouka cxatusa LLM

(3) OcHoBHble MeToabl cxaTtust LLM

(4) Cnapcudukaums (5) KBaHTM3aLms




>>> Momueauus

3ayem cxmumatb LLM?

i |
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bonbLuve s3bIkoBbIE MOAENN

Ho n 6onbLue, yBbl...
CTaHOBATCS BCE YMHEE N YMHee
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>>> Momueauus

3ayem cxmumatb LLM?

N

Llama-3-70b B fp16/bf16 2x Nvidia A100




>>> Momueauus

KoMy 3TO Hy>XHO?

Model Pricing

Hosted Llama 31 API public pricing as of 12pm PST on 7/23/24.
This i ilabl

turboderp/
exllamav2

GGUF

8B 708 4058
wod
- ot - o i outp
Aws $0.30 $0.60 $2.65 $3.50
Azure $0.30 $0.61 $268 $354 $533 $16.00
Databrick: $1.00 $3.00 $10.00 $30.00
[ Firework: $0.20 $0.20 $0.90 $0.90 $3.00 $3.00 ]
L ]
18M $0.60 $0.60 $180 $1.80 $35.00 $35.00 -
MO
o
octost sors so1s s0s0 s050 5500 s900 Opt| mum
Snowflak $15.00 $15.00 Documentation
TogetherAl $018 $018 $0.88 $0.88 $5.00 $15.00

AVz Fireworks Al

lMpoBangepam onNa CHMKEHNA
CTOUMOCTU UH(pepeHca.

[MpocTbiM cMepTHbLIM Ans MHepeHca Ha
Nnonb30BaTeNbLCKOM Xenese.




>>> Cneuuduka cxxamusa LLM

CoBpemeHHble LLM goBonbHO yBecucTble

He Bceraa Bnesatot B GPU, Ha koTopou CRlpEEE SIE Mg TEpere

XOYETCA 3anyCKaTb CxaTue Multi Node FSDP

CunTtaTb rpagueHTbl 4OpPOro

Gradient-based saliency kputepun
Ba)XHOCTM BECOB MOryT ObITb
BbIYMCITUTENBHO HENOABEMHbLIMMU




>>> Cneuuduka cxxamusa LLM

CoBpemeHHble LLM goBonbHO yBecucTble

MeToabl cxxatus gendarcs Ha cnegywLine Kateropumm

\ / Data-aware ¢ nokanbHbIMK KpMTepMﬂMM\

Data-Free
LLM.int8() (/iF\;VTg
HQQ : SparseGPT
bnb-4bit QuIP#
AQLM

\_ 2N Efficient QAT -




>>> Cneuuduka cxxamusa LLM

NHdpepeHc LLM Memory-bound

OcHOBHOE BpeMSs 3aHMMatOT HE CaMM BbIYUCIIEHNS!, @ BPEMS Ha
nogpy3ky secos mogenv n3 HDM/GDDR B kawn GPU

MoxHO JOBUTBLCS YCKOPEHUS
3a cYeT CxaTus OQHUX NULLL BECOB, HE Tporas akTuBaLumm
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>>> Cneuuduka cxxamusa LLM

Optimal Brain Surgeon

HenpoHHas ceTb, BoObLLE roBOpsl, CIIOXKHas HENMMHeNHaa PyHKUNS.

[ns1 ynpoLeHns onmcaHmst B OKPECTHOCTU JaHHOW TOYKM NpuberatoT K pasnoXXeHuo Nocc-pyHKUNn go
2-ro nopsaka no popmyrne Tennopa:

L(w)|- £(w") | V) (w — w)| 4 5 (w — w") TH(w)(w — w")

PyHKUMA noTepb YneH 1-ro nopsigka UneH 2-ro nopsigka

PaBeH 0 B TOuke Haw 6po
onTuMyma




>>> Cneuuduka cxxamusa LLM

Optimal Brain Surgeon

[NpounniocTpupyeM MeTof Ha Npumepe NpyHuHra oqHoro seca W

min(L(w) — L(W")) Mpy ycnosum w,+e/ w=0

W

MmeeT cnepytowee pelleHne

w?

pi = —— IW* = ——— ' H 1(w")e;

b 2[H (W) H (w)] © (W*)es

MpupalLetne OnTumanbHbI cOBUI OCTarnbHbIX BECOB
OLNOKM



>>> Cneuuduka cxxamusa LLM

Optimal Brain Surgeon

_.HO eCTh HI0AHCDI

[eccuaH KBagpaTU4YeH Mo KornmM4yecTBy NapaMeTpoB B CETU - OYEHb-
OYeHb JJOPOro



>>> Cneuuduka cxxamusa LLM

Optimal Brain Surgeon

PeweHune?
cnonb3oBaTb OWNGKY Ha BbIXo4e AaHHOrO Cros
i —_—~— 2
argming  ||[W,X, — W,X,||5

W,

1) MamsaTb, Tpebyemas Ansa xpaHeHusi Fleccuana  ©(dZ,)
2) [eccmaH oguH K1 TOT Xe AN BCEX BbIXOAHbIX KAHANOB Cros
3) B npouecce cxatns He HY>XHO 3arpy»<aTb BCIO MOAenNb B NamMsTb

GPTQ SpQR Wanda AQLM

SparseGPT AWQ QuIP#



>>> Cneuuduka cxxamusa LLM

Beibpockl / Outliers

B MHOrmx coBpeMeHHbIX HEMPOHHbIX CEeTAX eCTb

|
6 Y —_— LLMI\.lliﬁ:;(t;d I /no/. r
HebonbLlasa Jons BECOB, KpaHe YyBCTBUTENbHbIX K T vne L
. —— 16-bit baseline e
HUAM.
N3MeHe ) I /T
g 0.6 "/ l
B pabote LLM.int8() Obino npeanoxeHo He TporaTb UX e / |
npn KBaHTU3aunn N aepxatb B I/ICXOLI,HOI7I TOYHOCTW. g 05 / 7/ :
LLM i nt8 ( ) 8-bit Vector-wise Quantization § '0/ |
. (1) Find vector-wise constants: C,, & Cy ) Q;J(a*n:ilzjwc Jox (4) Dequantize 0.4 :
§)':1 RCW "‘Z":“”/Cw) =W, %= Out, emergence of ——%|
1 D 2] (3) Int8 Matmul outlier features I
] Z T F16 w Fie X‘E Ws= Outm o |
re16 Cx d;‘* 4}(70\‘\ &% »ﬁ% @Q’ A \;\éb
u} 16-bit Decomposition Parameters
(1) Decompose outliers (2) FP16 Matmul
W X~ W_=Out .
[] Regular values X o " OUtFm I/I3 LLM|nt8()
[] Outliers F16 WEe

Dettmers, Tim, et al. "Gpt3. int8 (): 8-bit matrix multiplication for transformers at scale." Advances in neural information processing systems 35
(2022): 30318-30332.




>>> Cneuuduka cx

Beibpockl / Outliers

My favorite
condiment is
PROMPT

WITH SUPER WEIGHT WITHOUT SUPER WEIGHT

mustard. g
I love + H+ + ' = L L1 /V(L)ﬁ
the taste : N\B.......

Cynep-Beca - oTAenbHble NapaMeTpbl, C OrPOMHbIM BITUAHMEM Ha BbIXO4 CEeTU

-7 j -7 w j
Model | No. | Type | Weight | Coordinates Model | No. | Type | Weight | Coordinates Llama-7B Max down proj Input Llama-7B Max down proj Output
Llama7B | 2 | mlp | downproj | [3968,7003] OLMo-1B 1 mlp | downproj | [1764,1710] = o
- 0724-ht 1 | mlp | downproj | [1764,8041] D oS
—— 2 | mlp | downproj | [2231,2278] 23 2=
A, 2 | mlp | downproj | ([2231,6939] 1 mlp | downproj | [269,7467] a0 <
. OLMo-7B 2 | mlp | downproj | [269,8275] . -2
3 | mip | downproj | [5633,12817) 0724-hf 7 | mip | downproj | [269,453] a2 o w
Llama30B | 3 | mlp | downproj | [5633,17439] 24 | mip | downproj | [269,2300] 2 L
10 | mlp | downproj | [5633,14386] = = o
- 2 | mlp | downproj | [525,808] g §
Llama27B | 1 | mlp | downproj | [2533,7890] 2 | mlp | downproj | [1693,808] 3 Fe
Liama2 13B | 3 | mlp | down.proj | [4743,7678 Phi-3 2 | mlp | downproj | [1113,808] 31 C 3
lam: | | mlp | down.proj | [ 1 i 4 | mip | downproj | [5252723] < <l
Mistral-7B P 4 | mlp | downproj | [1113,2723] % % E
V0.1 ‘ ! ‘ mip ‘ down.proj | 2070, 7310] 4 | mlp | downproj | [1693,2723] S L
= 21
Table 2: Super Weight Directory. The above layer numbers, layer types, and weight types can be directly £
applied to Huggingface models. For example, for Llama-7B on Huggingface, access the super weight using 0 5 10 15 20 25 30 L 5 10 15 20 25 30
layers([2] .mlp.down proj.weight [3968, 7003]. Layer Number Layer Number

Yu, Mengxia, et al. "The super weight in large language models." arXiv preprint arXiv:2411.07191 (2024).




>>> Cneuuduka cxxamusa LLM

Xopowwun metog cxatus LLM

MacLwwtabupyembin YuunTbiBaKOLLNN BLIOPOCHI

C adhdeKTUBHBIMU KEPHENAMM. ..




>>> Cnhapcudukauus

Cnapcudomkauus

HecTpykTypupoBaHHas MonycTpyKTypupoBaHHas CTpyKTyprpoBaHHas

Het yckoperus Ha GPU :( YckopeHue Ha NVIDIA Ampere+ INo4yTn rapaHTUPOBaAHHOE YCKOPEHNE

Sparse matrix W Compressed matrix W

N

Non-zero 2-bits
data values indices

SparseGPT ZipLM
Wanda CoFi
ADMM-Pruning LLMPruner




>>> Cnhapcudukauus

SparseGPT

layer matrix W to p% unstructured sparsity given inverse
2) Youn paeT Beca C Hau MEHbLLEN OLLnNOKON Hessian H~! = (XX + AI)~, lazy batch-update block-
size B and adaptive mask selection blocksize By; each B
3 ) D'J-l A Sq)q)e KTUBHOIO O 6 HOBJ1€HNA consecutive columns will be p% sparse.
[eccmaHa cxaToro Beca MCronb3yeTcs B 04 block quimizaton erors
C h 0 I es kv pas3noXeHue. ;;)Ir ; :eo(’:g(?l;g(?/(H do) // Hessian inverse information

forj=1i,...,i+B—1do
if  mod B; = 0 then

w %
i e . :./:pf_'i M. j.j+B,) ¢ mask of (1 — p)% weights w. €
X < ] < ) 3 W..;.(j+5,) with largest w? /[H ]2,
5 N N g 3 i
s . g menk E.j—i — W.;/[H';; /pruning error
| Vi . = i 2 E. ;i (1-M.;) -E.;_; //freeze weights
94 / ’\ W._;.(i+B) < W:,]:(H—B)_Ei,j—i'Hj_’;:(i+B) // update
Y I end for L
W +B): < Weimy: —E-Hi . p .\ py. #update
(o) end for
Hy)? > (Hy)! > (Hy) —— (Hu) ()™ ) W < W .M //set pruned weights to 0
BV|3yaJ'||/IsaL|,VIF| anroputma Aﬂropl/lTM

Frantar, Elias, and Dan Alistarh. "Sparsegpt: Massive language models can be accurately pruned in one-shot." International Conference on
Machine Learning. PMLR, 2023.


https://en.wikipedia.org/wiki/Cholesky_decomposition

>>> Cnhapcudukauus

SparseGPT

. 60_
N ® Magnitude N e 24
X167 e SparseOPT 3 50 ° 48
E """ E @ 50% Unstructured
= 14 = ® Dense
z 3 401
[ g
S 121 S 30 .
3 101 8 204
o g
Q [
o LR e £ SPREPIERES } OO % 104
00 01 02 03 04 05 06 07 08 107! 10° 10! 102
Sparsity #Params in Billions

Figure 2. Perplexity vs. model and sparsity type when compressing
the entire OPT model family (135M, 350V, ..., 66B, 175B) to
different sparsity patterns using SparseGPT.

Figure 1. Sparsity-vs-perplexity comparison of SparseGPT
against magnitude pruning on OPT-175B, when pruning to different
uniform per-layer sparsities.

Pa6oTtaet ny4ywe Data-free bonblume Mmogenu nerdye cxumMatb

Frantar, Elias, and Dan Alistarh. "Sparsegpt: Massive language models can be accurately pruned in one-shot." International Conference on
Machine Learning. PMLR, 2023.



>>> Cnhapcudukauus

Wanda

O |_ LLaMA LLaMA-2
rp aHn4nMmcA 'D‘ naroHarsbio | éccaHa Method Weight Update ~ Sparsity 7B 13B 30B 65B 7B 13B  70B
Dense - 0% 5.68 509 477 356 512 457 312
Magnitude X 50% 1729 2021 754 590 1489 6.37 498
S ij — | Wz J | * I | X 5 | | S SparseGPT v 50% 722 621 531 457 651 563 398
‘Wanda X 50% 7.26 615 524 457 642 556 3.98
Magnitude X 4:8 16.84 1384 762 636 1648 6.76 5.54
SparseGPT v 4:8 8.61 7.40 6.17 538 8.12 6.60 4.59
Kputepuii BaxxHOCTU Wanda X 4:8 857 740 597 530 797 655 447
Magnitude X 2:4 42.13 1837 9.10 7.11 5459 833 6.33
SparseGPT v 2:4 11.00 911 7.16 628 1017 832 540
‘Wanda X 2:4 1153 958 690 6.25 11.02 827 5.16
B noriHe Ce6e pa60Ta eT... Table 3: WikiText perplexity of pruned LLaMA and LLaMA-2 models. Wanda performs competi-

tively against prior best method SparseGPT, without introducing any weight update.

Sun, Mingjie, et al. "A simple and effective pruning approach for large language models." arXiv preprint arXiv:2306.11695 (2023).



ZipLM

>>> Cnhapcudukauus

1)  Wcnonb3yeT nocrnonHoe npubnmkeHmne

2) YOupaeT BXOOHYK pa3MepHOCTb / rpynny
pa3MepHOCTEN C HAaUMeEHbLLEN OLLINBKOM
3a OMH Xoa.

3) B KOHTekcTe cxaTtusa TpaHcdopmMepoB
ZipLM 3a oguH war ybupaet
hidden_dim B FFN nnu uenyto attention
ronony.

4) Gradual pruning ¢ goobyyeHnem.

Algorithm 1 The ZipLM Tprumng algorithm. Given inverse
Hessian H~! (2XX" 4+ AI)~!, we remove exactly k
structures from the correspondmg weight matrix W.

R <+ set of all possible structures
for k times do
S < argming er:w(l) Wi ms - ((H_l)Ms,Ms) Wz Mg
85 — —W.mg - (H mg,mg) T (H Mg,
W « W + s ) .
H ' «H'-H - (H )ms,mg) - Hy
R+ R — {S}
end for
W« W6 Mg

Anroputm

Kurti¢, Eldar, Elias Frantar, and Dan Alistarh. "Ziplm: Inference-aware structured pruning of language models." Advances in Neural Information

Processing Systems 36 (2023): 65597-65617.



>>> Cnhapcudukauus

ZipLM

—8— ZipBERT,,, (ours) Block Movement Pruning A DistilBERT Pruning for throughput Pruning for latency
—8— CoFi TinyBERT FLOP-RoBERTa Model D 4 Wiki D d Wiki
SQuADvVI.1 ode Speedup esci(z)e " Text-103 Speedup es?z)e " Text-103
PPL | PPL |

GPT2* | 10x 85.0M 285 | 1.0x 850M 285
DistilGPT2| 1.6x 425M 430 | 19x 425M 43.0
1.5x 473M 354 1.6x 487M 378

F1 score (%)

ZipGPT2 | 2.1x 265M 415 20x 392M 412
(ours) 27x  140M 504 22x  266M  49.0
3.3x 5M 721 25x  207M  55.0

Speedup factor

BERT xopowo cxumaetcs [onoTa He o4eHb :(

Kurti¢, Eldar, Elias Frantar, and Dan Alistarh. "Ziplm: Inference-aware structured pruning of language models." Advances in Neural Information
Processing Systems 36 (2023): 65597-65617.



>>> Cnhapcudukauus

Minitron

Step 1. Teacher correction Step 2. Retraining via Distillation Gemma7a Nemotrgn.d 158 LLaMa-3 08
e i et e 1 - Mi
: . Teacher 6’}“'"6010[}9 e _Q
E BED E ° x 1 e /ﬂ; i Mistral 78
o o B 2 3 E ! 0 |53 ] i
< 2 S8 = £ | 5 £e : sar—2 5% bestier
HNE £ 5| |3 - 3 g8 E FrberPin, N
£ = L= 2 28 s Minitrof 4B
} 5 [ =) @
Cross- cl ! i ) S uel Phi-2
entropy loss Ll . P
O || imimiem i B o e P " = Nematron-3 8B
I T e - Divergence =
af ’& Z wa!
AT ::
| E g g ) LLaMa-2 7B @ Mirctron Iresultng models)
| g2 > < Logits O @ Fruning start
) = & X
1 8 S a3 )i - Frining Fath
- - : A J “*""""o”"?q Q@ Other Models
[ 74 Frozen & Trainable - Loss] i Student e - ——— — =
___________________ 01 2.5 50 15 10.0 125 15.0

Cost to train the moded {trillion takens)

Ecnu guctunnuposatb CXKaTyro Moaerb Ha BonbLOM KONMYeCcTBe AaHHbIX ("“5008 TOKeHOB) MO>XHO BbIXKaTb
Xopowlee Ka4ecCTBo.

Sreenivas, Sharath Turuvekere, et al. "LIm pruning and distillation in practice: The minitron approach." arXiv preprint arXiv:2408.11796 (2024).



>>> Cnhapcudukauus

Cnapcudomkauus

Ha npakTuke pegko ynaeTtcs A0OMTbCS CYLLECTBEHHOro
cxaTus/yckopeHus 6e3 3HauYMTeNbHOM NPOCaAKN B Ka4ecTBe UMnn
ANUTENbHOro 00-00y4YeHUst



>>> KBaHmusayus

a h

KBaHTM3aumaA - cnocob yMeHbLUIEHUS KonnyecTea
namsTu, Tpebyemon Ha XpaHeHne MaccuBa AaHHbIX, 3a
CYET NPEACTaBNEHNS €r0 ANEMEHTOB U3 HEKOTOPOTO
OrpaHMYEHHOro MHOXECTBA.

" /

fp16/bf16 - 16 GUT Ha napameTp
INT8/fp8 - 8 6uT Ha napameTp
INT4/fp4* - 4 6GUT Ha napameTp




>>> KBaHmMu3auus

GPTQ

Algorithm 1 Quantize W given inverse Hessian H~' = (2XX T + AI)~! and blocksize B.

1)  Wcnonb3yeT nocnonHoe npubnmxkeHmne

Q < 0dyoy xdeyy // quantized output
2) [Onsa addeKkTMBHOro oGHOBNEHNS E 04 xz  block quantization errors
H~' + Cholesky(H™ )" // Hessian inverse information
['eccnaHa cxxaToro Beca ncnor b3yeTCA forfi =0,B,2B,... go 10
orj=41t,...,1+B — o
Cholesky pasnoxeHue. Q.; ¢ quant(W. ;) / quantize column
E i+ (W,;—-Q.;)/[H"); // quantization error
W.j.+B) < W+ — Eij—i- H;;z(i_'_B) // update weights in block
end for
W. i+B): < W, +p): —E- H;(IHBMHB): // update all remaining weights

end for

Inverse Layer Hessian

(Cholesky Form) Weight Matrix / Block

LLLL >
e

computed initially

block i quantized recursively
column-by-column

z : unquantized weights

[1] Frantar, Elias, et al. "Gptq: Accurate post-training quantization for generative pre-trained transformers." arXiv preprint arXiv:2210.17323
(2022).


https://en.wikipedia.org/wiki/Cholesky_decomposition

>>> KBaHmMu3auus

GPTQ

e FP16 ®  4bit GPTQ ®  4bit RTN A 3bit GPTQ A 3bit RTN

i OPT Family BLOOM Family
<
2
< 0.61
=
<
-
c 0.4
o
>
(9]
@©
5 0.21
[}
o
<

0.0 i

107! 10° 10t 107 10° 10! 10?
#params in billions #params in billions

Figure 3: The accuracy of OPT and BLOOM models post-GPTQ, measured on LAMBADA.

GPTQ cxmnmaet nouTtn* 6e3 npocaakun LLM

Frantar, Elias, et al. "Gptq: Accurate post-training quantization for generative pre-trained transformers." arXiv preprint arXiv:2210.17323 (2022).



>>> KBaHmMu3auus

AWQ
MacLTab HyIb
s* = arg min £(s)
W = @ . S
a =[5(q+|2) £(s) = [Q(W - diag(s))(diag(s) " - X) — WX]|
MpencTaBneHne Beca Npy KBAHTU3aLMM 3apava onTMmU3aLmm

1)  Ontmuampyet Scale onst NOCIOMHON OLINBKN
2) OnTMMM3aums OCyLLECTBMNAETCH Yepes MOUCK Mo CeTKe
3) Ha unHdepeHce Hago AenuTb Ha BblyYeHHbIN MaclTab - Heaoporo

Lin, Ji, et al. "Awq: Activation-aware weight quantization for on-device lIm compression and acceleration." Proceedings of Machine Learning
and Systems 6 (2024): 87-100.



>>> KBaHmMu3auus

AWQ
Huggingface (FP16)
40 %
o PPL| Llama-2
g 124 7B 13B 70B
g 10 FP16 - 5.47 4.88 3.32
4 |
& Llama-2 Llama2  MPT MPT  Faloon RTN 6.66 5.52 3.98
(7B)  (13B) (78) (30B) (7B) INT3 GPTQ 6.43 5.48 3.88
(2) RTX 4090 desktop GPU g128 GPTQ-R 6.42 5.41 3.86
" AWQ 6.24 5.32 3.74
2 ) % GPIQ
E 92 T . . Ours RTN 573 498 3.46
e T S .. INT4 GPTQ 5.69 4.98 342
A | Sk, ColLLt g------ g128 GPTQ-R 5.63 4.99 3.43
8 16 32 64 128 192 256 AWQ 5.60 4.97 341

# calibration sequences (%2048 tokens)
(a) Our method needs a smaller calibration set

1) [aet Hennoxoe yckopeHne nHdepeHca
2) TlpumepHo no kayecTBy paBeH GPTQ (ecnu He XynbHU4YaTh :))
3) TpebyeT MeHbLUEero KonmM4yecTsa CaMMIOB AN CXOANMMOCTU

Lin, Ji, et al. "Awq: Activation-aware weight quantization for on-device lIm compression and acceleration." Proceedings of Machine Learning
and Systems 6 (2024): 87-100.



>>> KBaHmMu3auus

YyeT BbIOpOCOB

//_ . o Sample: self_attn.o_proj, Layer 79 » Attention head pattern 150 Rotary embedding pattern
Sn outlier 1X| £ ”D\ w!
7] 10 \> 0.1 208 - i | | i il ‘ . o 448
| i e e i = i e A | 480
8 70% g g 3029 ¢ = 3 A | 512
= 1 . : - § : & NS
s 10[ 2 10W effectlve bltS E a006 | * & «?&b &0 b"§ 6”_@% e‘?’k’ 6“9 &Q '\@Q s & ‘@A“‘& &
o 8! . 2 = Row outlier pattern Column outlier pattern
ER - l Esi0] | ! 3 2688 0
.E 4] 4 g 2 : 2 2752 32 Sk =2
< 5l o] | | | | |
2] 30 = £4uiaediio g iaab agele \one el —> —
“’\\ w 7168 { i 2880 ‘\ \ ‘\ 96 i
0 S 0 . 0 : : e e
1000~ s & i 2044 128 - .
e AR hard to quantize e % PFPPIFEFS CAIFPEIS S
/’a"ﬂe/ 4000 5000 0 T input dim. (cols)

N3onauus n xpaHeHune B Buae

paspeXeHHoW MaTpuLibl NEREEn] B R EEEre

LLM.int8() QulP
SpQR QuIP#
Squeezel LM QuaRot



>>> KBaHmMu3auus

SpQR

G — (Wi — quant(wy)))?
K 2(XXT)-1

MeTplea ana onpeneneHnda BaXHbiX BeCOB

input dimension (8192)

Y o~
5 o
g - -
o mm @ 1
g s [T "R # ﬁ _ZF
= 8 [ s T
=)
1 3 O T H mE-aman
£ 3 3 ﬁ
2 z 5
2 = - u
g i : &
group size group size 2gd L H
: i < 1% of total
weight matrix split into 81 X B2 blocks quantized weights scales and zeros (outliers)

1)  “BaxHble” Beca He KBaHTU3YOTCH
2) [nsa 6onbLlero cxxatusi CKENSbl TOXE KBAHTU3YHOTCSA

Dettmers, Tim, et al. "Spqr: A sparse-quantized representation for near-lossless llm weight compression." arXiv preprint arXiv:2306.03078 (2023).



>>> KBaHmMu3auus

QuIP

=@= FP16 =3 OPTQ-W3 =M+ OPTQ-W2 == QuIPW3 == QuIP-W2

Algorithm 1 QulIP - Incoherence Pre-Processing @ e 3 . R

Require: b € N, H € R"*" SPD, original W € R™*", pe R, o € [0,1] 5 o X 5w .
1: seeded sample random two-factor orthogonal matrices U € R™*™ and V' € R™*" ‘g = \ ’-,.. Fak z ,/’\\ £ .
2 H=H+ax mean(diag(H))I > from OPTQ g“" S e, L ¥ g e
3: D <+ {/diag(H)/ diag(WTW) > ¢/ applies element-wise » =Tl | . R s o )
4 W« WD; H« D 'HD™! > diagonal rescaling " o o
5: W« UWVT, H« VHVT > incoherence g g0 oS

5 A 171 d d . . d . h S s p /‘i’ ‘x-/-?.
6: s p||W||p/v/mn; W 5(:W +1) > reduced quantization range due to incoherency S Sel e x
7: W« clamp(W x (2° — 1),0,2° — 1) > rescale W to lie within [0, 2° — 1] €os B, | 4 -
8: return W, H, s, D Lo g :_..,../...' g
e #l;n)oarams in biHicn:Osl b #1:aarams in billiorlxusl

Anroputm CeTb He pasneTtaeTcs nNpu 2-6UTHON KBAHTU3ALMM

1) TloBOpOT BECOB Ha Crny4yarHyto OPTOroHasnbHY MaTpuly “perynapusyeT’ pacnpenerneHve Becos
2)  Martpuubl NOBOpPOTa HaZo NPUMEHSATb K akTUBaLMAM Ha UHepeHce

3) Matpuubl NOBOpOTa AOBOMBHO KOMMakTHble 1 “AelleBble” (matvec BbicTpee, yem O(n”2))

Chee, Jerry, et al. "Quip: 2-bit quantization of large language models with guarantees." Advances in Neural Information Processing Systems 36
(2023): 4396-4429.



>>> KBaHmMu3auus

CKaﬂﬂpHaﬂ N BEKTOPHaA KBaHTU3aLlnA

CkansipHas BekTopHagd

Kaxgoun rpynne 3Ha4eHu conocTaBnsieTca
BEKTOP 13 KOAOBOMU KHUMN

KaXXOoMy 3HaYeHMI0 CONOCTaBMNSAETCA UHOEKC Ha
1-MepHoWn ceTke

Original weight distr

Bl Bt

| Relative scale [log(count)]

-0.1 0.0 0.1 b 2 0.4

>

2.7 -0.9

0.68 1.43

Value of weight

Linear quantization

-0.3 -0.2 -0.1 0.0 0.1 0.2 03 0.4

Value of weight KBaHTM3yeM bleé COBMEeCTHO Beca

| Relative scale [log(count)]

14
P
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CKaﬂﬂpHaﬂ N BEKTOPHaA KBaHTU3aLlnA

BektopHas

Kaxgoun rpynne 3Ha4eHn conocTaBnseTca
BEKTOpP 13 KOJOBOW KHUMM

KopoBble criosa - BeKTopb! (Yarb ) !

KogoBasi KHura - COBOKYNHOCTb KOAOBbIX CITOB (peLueTka)
Kopa - HOekc BekTopa B peLueTke

oot/ SENIEREL. ™
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AQLM

1) TlNpeacTtaBum rpynny nogpsg MAayLmMx BECOB Kak
B3BELLEHHYI CYMMY BEKTOPOB M3 OOHOW UK
oonee KoAoBbIX KHUT f_'

2) Wcnonb3yem nocnonHoe npmbnmxkeHue

3) AJOuTUBHaAS KBAHTM3aUMs BO3HMKMA U3HAYarbHO ! ®
B KOHTEKCTe 3aJaym onTumMmu3aumnmn nomcka '

Weight Matrix

M
Z Cmbm R e T J
m=1

MpencraBneHne Beca

C - kogoBbie croBa

b - one-hot koAbl

Egiazarian, Vage, et al. "Extreme compression of large language models via additive quantization." arXiv preprint arXiv:2401.06118 (2024).
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AQLM

Kak HanTtn ontumanbHble C n b?

LleneBasa doyHKUMA

WX =31 Crnbm X3

1) HenpepsbiBHbIE NapameTpbl (C) onTUMU3NPYIOTCA Yepes rpagueHTHbIn cnyck (Adam)
2) [uckpeTHble napameTpbl (b) onTUMU3npytoTca ¢ noMoLlblo beam search
3) Ontumunaupyet C n b noouepegHo

Ha npakTtuke HyxHo 1072-1013 ntepaumn ons cxogumMocTu
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AQLM

Kak HanTtn ontumanbHble C n b?

KoHeuHas uenb He NocrnonHas owmnbka - a U TOroBOE Ka4eCTBO
MoxHO nu onTuMK3npoBaTtb 6onee “rnobanbHO”?

- [nga 6no4yHon onTumMM3aumm ncnonbdyetcs L2 mexay npusHakamu
MCXOOHOW N CXXaTon Moaenu
- IOnsa end-2-end (cnegys QulP#) - KL-auBepreHuus
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AQLM

/ KBaHTU3ytoTCA OAHOBPEMEHHO \
O6yueHue kopos (b)

KBaHTU3aumsa nmHEenHoro crnos

O6yueHune koabykos (C)

O6y4eHne bnoka
\ TpaHcdopmepa (C) /

O6yueHune Bcen mogenu (C)
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o0
o
n

—— Llama-2 7B
—— Llama-2 13B
—— Llama-2 70B

——  QulP# (2bit)
—— AQLM (2bit)
—*— Baseline (FP16)

~
Sy
=)

(o)}
v
[

W
R
[

Perplexity on Wikitext2
S
i

Perplexity on WikiText2
_& W

5
3
fe=)

w
[

7 13

9 3.0 70B" T
#Parameters (X 107) 4 8 16 32
Model size (GiB)
PesyneraTtbl npu 2-6UTHON KBaHTU3aLMK MapeTo-onTumanbHoOCTb Npu 2.5 Gutax
MapeTo-oNTMManNbHOCTb
- ONTMManbHbIN pa3Mep MOAENMN N CTEMEHb CXaTUs NpU 3a4aHHOM OFPaHNYEeHnn Ha NaMaTb
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1)  KOHKypeHTHbI NOAX04d BEKTOPHOWM KBaHTM3ALMMW.

2)  Wcnonb3yeTcsa nocrnonHoe npubnmxkeHne.

3) BmecTo 0bGyyaemMol peLleTkm UCnonb3yeTcs
pelleTka Ana caMomn NNOTHOM ynakoBKu cdep B
8-MepHOM NpoCTpaHCTBe.

4) Tllepen kBaHTU3aAUMEN BECA NOBOPAYMNBAOTCS C
NMOMOLLbI0 AJamMapoBbIX MaTPULL.

5)  TNpuBoant nouTn noboe pacnpeaeneHne BECOB K

Lowest MSE Achievable for a Multivariate Gaussian

HOpMan bHOMy * W Half Integer 1 Column
!\ ® Half Integer 4 Column
+ Half Integer 8 Column
=+(1) % 5
E8 Padded (2'° entries)
_ L( )
V2 %
1 1 1 1 \
11 -1 1 1 e
Hi=> -
211 1 -1 -1 - *'\4);
1 -1 -1 1 *x

1.0 1.5 2.0 2.5 3.0 35 4.0
Bits

Tseng, Albert, et al. "Quip#: Even better IIm quantization with hadamard incoherence and lattice codebooks." arXiv preprint arXiv:2402.04396 (2024).

>>> 39



https://en.wikipedia.org/wiki/Hadamard_transform
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QuiP#

Original £ Weights Hadamard Lattice Code Compressed
Model ;} Transform Model

Quantization results on Llama 2 70B. QuIP# achieves near-native
performance at 2 bits, outperforming all other presented baselines.

Method  Precision  Wiki | C4) ArcET  PiQA 1
Native 16 bit 3.120 5533 0.597 0.809

OPTQ 3 bit 4577 6.838 0.544 0.786
OPTQ 2 bit 109.820 62.692 0.253 0.505
QuIP 2 bit 5.574 8.268 0.544 0.751

QulP# 2 bit 4.159 6.529 0.595 0.786

BnonHe cebe SOTA npu 2-6MTHOM KBaHTM3aLUN
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QuiP#

Original ¢ » Weights Hadamard Lattice Code Fine- Tunmg Compressed
Model | Q Transform Model

OvcTnnnauma ¢ NCXogHoOM MOAENbI0 HaKMabIBaeT Ka4ecTBO

—

fp16 mogenb CxaTtasa mogenb

norntel fp16 mogenu JloruTbl cxxaTton mogenu

\ /

Cross-Entropy
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PV-Tuning

HenpepbiBHbIE NapameTpsbl

[Mocne kBaHTU3aunn BONbLUNHCTBO Fa 10-100M
napamMeTpOB ANCKPETHbLIE N HE MOTYT
BbITb 06y4aTbes Yepes GD

BonbLUMHCTBO METOAOB ONTUMU3MPYIOT
end-2-end TONMbLKO HeNpepbIBHbIE
napameTpsbl

OnTnmMmnsaums GUCKPETHbIX
napamMeTpoB MMEET BOMbLLON
[AunckpeTHble napameTpbl
noteHuman 1-100B

Malinovskii, Vladimir, et al. "Pv-tuning: Beyond straight-through estimation for extreme Ilm compression." Advances in Neural Information Processing
Systems 37 (2024): 5074-5121.

>>> 42
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PV-Tuning

Algorithm 6 PV algorithm

1: Initialization: starting point z° € RZ,

2: for k Dy o O -

3 yr=M p( ) := arg min epa {(y) : P(y) 2 P(z*) (P step: continuous)
4: 1 = My (y*) := argmin,cga {#(z) : V(z) C V(y¥)} (V step: discrete)
5: end for

[VCKpeTHbIE U HenpepbIBHbIE

napameTpbl MOXHO 06y4aTh Yepes £ = Bl (AEpEIAE)

anbTEPHUPOBAHHYO ONTUMMN3ALINIO

V - values (HenpepbIBHbIE)
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PV-Tuning

Kak onTummnsmpoBaTtb HenpepbIBHbIE U AUCKPETHbIe NapamMeTpbl?

HenpepbiBHbIE [nckpeTHble

—
S

i > 81
HT( ‘ {
na !

——

JTrobor anropuTm rpagueHTHOro cnycka

[1] https://towardsdatascience.com/understanding-gradient-descent-for-machine-learning-246e324¢c229
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PV-Tuning

Onepauuna kBaHTU3aunn He pucpdepeHumpyema

Straight Through Estimator (STE):

pagueHTHbIN cnyck
copy/paste rpagneHT

Onepauus Onepauus

KBAaHTU3aLUNn KBAaHTU3aLUNN

Bengio, Yoshua, Nicholas Léonard, and Aaron Courville. "Estimating or propagating gradients through stochastic neurons for conditional computation."
arXiv preprint arXiv:1308.3432 (2013).
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PV-Tuning

NauvBHbin STE HecTabuneH

Manble waru Bonbluuve warn

OnTummnsauma 3acTpeBaeTr OnTummnsaums yneTaeT B KOCMOC
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PV-Tuning

Algorithm 7 PV-Tuning: Optimization

1:

Npes:
OB6HOBNATL TOMBKO HEBOMbLUYIO A0SO

initial parameters z2° € ]RZ ,

: objective function ¢ : R? -+ R ,

: subspace size T € [d]

:for k=0,...,K—1do
(moagnpocTpaHCTBO) NapamMeTpoB C 5.

camMmon 60nbLON HOPMOM rpagneHTa 6:

> P step: update V(z) by backprop

Yk = arg;gin{tﬁ(y) : P(y) 2 P(z")}

>V step: choose a subspace S* & update P(zx)

St =argtopt |Vip(y*)| © find 7 largest
1<i<d

o 2 o

by sr(2) = Hz — (y - ﬁz’“ (qu(y))) H . Zk - subspace projection operator

2F L arg min, {(Zyk’sk (z) :V(x)gV(yk)}

: end for

OTO JaeT YCTOMUMBYHO U ObICTPYHO
CXOOUMOCTb

Anroputm

Ha kaxxgom V-ware (guckpetHas ontuMmsauus)
Manas gonsi kogos obHoBnsieTcst ¢ nomoulbio STE
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PV-Tuning

A hekT OT orpaHMYeHnss Ha 0GHOBNSIEMble NapaMeTpbl

19 —— PV-Tuning (subspace 0.01)
'\\ Straight-Through Estimation

u

Perplexity on Wikitext2

0 20 40 60 80 100
Step
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PV-Tuning

70
5 %
= 3
= < 65
2
g Z
257 =
3 60
= o
& Z
41
551 ' ] ] I
2 4 8 16
Model size (GiB) Model size (GiB)

PV-Tuning no3BonseT CUnbHO yny4ylwmnTb Ka4eCTBO NO CpaBHEHMUIO C 6a30BbIM anropuTMOM
KBaHTM3aUUN.
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PV-Tuning

GPTQ, 2.14 bit/w VQ, 1.58 bit/w AQLM, 2.01 bit/w
Wiki2) C4y Acct | Wiki2)  C4)  Acct | Wiki2) C4)  Acct

Fine-tuning Method

Calibration only (no global fine-tuning) ‘ 3290 4125 290 ‘ 20.26  20.09 43.42‘ 738 934 532

Continuous params only [1, 3] 16.77 1753 46.27 | 8.1/ 10.99 5214 | 6.69 Sl 565
Naive Linearized PV (no subspace) 16.73 1748 47.68 8.19 10.94 52.08 6.68 875 5651
Stochastic Rounding(tuned) [2] 11.97 13.07 49.79 | 8.02 10.64 5231 | 6.56 839 56.68
Straight Through Estimation [4] 879 11.04 5061 | 776 1026 5258 | 641 863 57.04

Subspace Linearized PV (ours, 7=0.01) 849 10.78 5217 | 7.38 947 5336| 6.13 835 57.81
Subspace Linearized PV+STE (r=0.01) 8.43 10.82 51.90 7.32 935 55.22 5.90 7.43 58.19

PV-Tuning coBmecTM € pasHbiMU anropyuTMamMin KBaHTM3aumm
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HIGGS

1) TlNpnmeHseM K maTpuLe BECOB
npeobpasoBaHne Agamapa

2) OTobpaxkaem Ha onTUMaribHy n-
MepHYto ceTky ans [ayccoso-
pacrnpefeneHHbIX BeCOB

3) CosmecTnmo ¢ data-aware u
data-free meTogamm

8.50
8.00
7.50
7.00

Wiki2 PPL

6.50

6.00
FP16

Figure 2: Comparison of Normal Float (NF), Abnormal
Float (AF) and HIGGS on Llama 3.1 8B quantization
to 3.19-3.25 bitwidth range. HIGGS is instantiated at

NF

AF

different lattice dimensionalities p.

HIGGS
P=D P=2) (P=3) (=4

Table 2: WikiText-2 PPL comparison of various 1-shot quantization methods for Llama-2-7b.

FP16 GPTQ AQLM QulP# QTIP GPTQ+HIGGS (p = 2)
whits~2 | - 8.180 8220 6.820 8.637

5.117 [ whitsa3 | 5.776 - 5600 5.380 5559
whits~4 | 5.254 - 5220 5.170 5213

Malinovskii, Vladimir, et al. "Pushing the limits of large language model quantization via the linearity theorem." arXiv preprint arXiv:2411.17525 (2024).
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Hooper, Coleman, et al. "Kvquant: Towards 10 million context length lim inference with kv cache quantization." Advances in Neural Information
Processing Systems 37 (2024): 1270-1303.

Cxatune KV-kawewn

Ons nHdpepeHca Causal LLM o6bikHoBeHHO coxpaHsitoT Key, Value ans npoLwunbix TOKEHOB, YTOObI
He nepecuYnTbIBaTb KaXabli pas.

SeqglLen 512, Batch Size 1 Seqglen 128K, Batch Size 1

Weights

2% KV Cache

, 98%
Weights

KV Cache
Short sequence length Long Sequence Lengths
Weights are the bottleneck KV Cache is the bottleneck

[ns ANuHHBIX nocnenoBaTenbHocTen - KV-Kall MOXeT 3aHMMaTb namMaTy bonblue, YeM cama Mofernb.
Kpome Toro, AnNnHHbIE KA 3aMeansaoT UH(epeHT - OCHOBHOE BpeMS yXOOUT Ha BbIrpy3Ky kalwlen B kaw GPU.
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Cxatune KV-kawewn

CyLLl,eCTByI-OT pa3Hoo6pa3Hble pewerHna onda ymeHblleHUd namMmaTt Ha XpaHeHne

KV-kawen
ApPXUTEKTYPHbIE MpyHUHT KaLwen KBaHTu3aums
Grouped Query H20 KIVI
Attention
SnapKV KVQuant
Multihead Latent
Attention PyramidKV AQUA-KV

Native Sparse Attention



https://arxiv.org/abs/2305.13245
https://arxiv.org/abs/2305.13245
https://arxiv.org/abs/2405.04434
https://arxiv.org/abs/2405.04434
https://arxiv.org/abs/2502.11089
https://arxiv.org/abs/2306.14048
https://arxiv.org/abs/2404.14469
https://arxiv.org/abs/2406.02069
https://arxiv.org/abs/2402.02750
https://arxiv.org/abs/2401.18079
https://arxiv.org/abs/2501.19392
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Scaling Laws for Precision

Kak 3aBMCUT Ka4yeCcTBO Modenu ot GromxkeTa O6y‘-IeHVIFI 1 BUTHOCTM napameTpOB?

Scaling: Post-Train Quantization Scaling: Quantized Training
Training larger models in lower
s precision can be compute optimal
€ 3.233
=1 w0
[
I :
£ More pretraining compute E
o | == INT3 worse at inference time 5
8 | —— INT4 g
-
= —e— INT5
= INT6
—e— No PTQ
100 1000 FP6 FP8 BF16

(1.76B) (1.178B) (880M) (440M)

Token/Parameter Ratio
Training Precision (Model Size)

PaccmaTtpuBaloT ABa cLeHapusi KBaHTU3auum:
1) Post-Train (kBaHTM3aums nocne obyyeHus)
2)  Quantized Training (kBaHTM3aLMsA B npoLecce 00y4eHus)
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Scaling Laws for Precision

Post-Train

N=30M N=60M N=110M N=220M

2 4 \,/o/ INTO
g > —e— INT5
O a0 —e— INT4
3 —eo— INT3
L 55 —e— No PTQ
0
(@]
3 350
S

3.25

100 1000 100 10 100 10

Mogenu, KOTOpPbIX AonbLue o6yqanv|, CTpagaroT CurbHee OT KBaHTU3auun

D7D

6PTQ (N’ D7 Ppost) == CT e_PPOSt/"Ypost

NN

anIpOCT J10CCa Npu KBaHTMU3aL UM ONnncbiBaeTCA HEMJ0X0 3aBUCUMOCTbIO BbilLe
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Scaling Laws for Precision

Post-Train

N=30M N=60M N=110M N=220M

2 4 \,/o/ INTO
g > —e— INT5
O a0 —e— INT4
3 —eo— INT3
L 55 —e— No PTQ
0
(@]
3 350
S

3.25

100 1000 100 10 100 10

Mogenu, KOTOpPbIX AonbLue o6yqanv|, CTpagaroT CurbHee OT KBaHTU3auun

D7D

6PTQ (N’ D7 Ppost) == CT e_PPOSt/"Ypost

NN

anIpOCT J10CCa Npu KBaHTMU3aL UM ONnncbiBaeTCA HEMJ0X0 3aBUCUMOCTbIO BbilLe
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Scaling Laws for Precision

Quantized Training

Nest/N vs Precision

P,, Marginal Sweep Joint fit, f(Py, Pa, Pcy) Combined Marginals, f(P,)f(Pa)f(Py,)
3 - MSE: 0.0028, R%: 0.9655 MSE: 0.0086, R?: 0.9006 MSE: 0.0089, R?: 0.8973
e - P i g e
08 i sl 4 e O N
E > (ﬂ”’f M ' M
T T ‘ o
0.2 Weights
S
He ey duUTHpoBaHne KO3MPULIMEHTOB Ha KOHUTYpaLMAX C
0.0
| | I — :fd - pasHbIM pasmepoM Moaenn/6romKeToM obyveHns un

Precision (bits) TOYHOCTbIO

ObdekT oT KBaHTM3aUMM BecoB/akTMBaL i n KV-kallen MoxHO abcopbrpoBaThb B “adhekTnBHOE”
KOMNM4yecTBO NapamMeTpoB MOAenu

Ng(P) = N(1 — e Pv/m)(1 — e Pa/m)(1 — e P/ Mev)
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Scaling Laws for Precision

Quantized Training

Predicted: Quantized Training (INT) Empirical: Quantized Training (FP)
33 3:3:
8 32
9 32 o 7
— o
© =1 3
= ©
8 3.1 > a0
5 g
D 30 iz 29
.
o
2.8
2 INT4 INT6 INT8 INT16 INT32 FP4 FP6 FP8 BF16 FP32
(1.76B) (1.178) (880M) (440M) (220M) (1.76B) (1.178B) (880M) (440M) (220M)
Training Precision (Model Size) Training Precision (Model Size)

BanupaumnoHHbI nocc npu pMkcMpoBaHHOM pasMepe MOLEnu
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Scaling Laws for Precision

Quantized Training

*(D) for Various N

16 .

® 3B 14 .
: 1Z 0.5

10 0.4

A 70B 8 B
6 0.2

B 4058 . 01
0.0

1000

P (Model Precision)
Irreducible Loss

D (Dataset Slze, Tr|II|on Tokens)

OnTumansHasi TOYHOCTb NPY PUKCMPOBAHHOM pa3Mepe MOoaenu
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QuEST

CtaburnbHoro 06y4eHnst MOXXHO A0OUTLCA Aaxke Ansa 1-6UTHLIX BECOB U aKTUBaLMiA!

4.0
*
- QuEST WIAI
381 . & QuEST W2A2
36 o« e -4+ QuEST W3A3
QuEST W4A4
2 341 b, M —e— BFl6
'_] ‘A'. ..“.
3 321 0
<
O 3.0
281
261
24 173 T3 "4
10 10 10
Memory, Mbit

Jlocc Ha C4 npoTuB pasmepa mogdenen ans pasHbix OUTHOCTeN
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QuEST

Ho kak?

Algorithm 1 QUEST Training Forward

% = a* -RMS(x) - \‘clip (x/RMS(x),a*)“ _

a*
= Proj,(x), where
2

oo )

a* = argmin B¢ p 0,1
a€ER 2

1:
: xp = HT(x)

Input: Input activations x, row-major weight w

Xp = Proj,« Xn

: wp, = HT(w)

W}, = PIroj,- Wp,
— s T
y = XpWj

: Return: Yy, )Ach, Wh, Mat (Xh; ﬁh), Mat (Wh; Wh)

Mpe-HopManuaauus
BECOB

“ObpaboTtka*
AgamapoBbiMM MaTpuLaMK

0 . 0
_X ~ [HT (Ma* (xha xh) © a&h) .

MackupoBaHue
“WyMHBbIX” rpaaneHToB



>>> KBaHmMu3auus

QuEST

Ho kak?

A
w 08
g \
g \
5 0.6 .
LoDo. \ —e— Trust Estimator w. Hadamard
=1 N = ki
< 3 —e— Trust Estimator
= R - .
=} N —o— Straight-Through Estimator
o 0.4 :
- p— ™
o]
(<]
'
O 0.2 _— .
0.0 . . . . - . . —~ ; -
00 05 10 15 20 25 30 35 40 45 50 55

Depth From Top, Blocks

Figure 2. Gradient alignment comparison for a 30M Llama model
after training on 2.7B tokens in 8-bit precision.

MackupoBaHue n obpaboTka maTpmLamm BaxkHbl!
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QuEST

Table 1. Fitted scaling-law “effective parameter” multipliers.

—e— QuESTINT
0.16 . e e QuEST4:8INT4
P e  QuESTFP4
0.124
a
b
. 0.10
=
Y .08
0.06 1
0.04 1
0,024
] 2 4 8 16
p

Figure 4. llustration of the efficiency factors eff(P)/P, arising
from our analysis, for different numerical precisions P and formats
(INT, FP, INT+sparse). Higher is better. INT4 appears to have the
highest efficiency among hardware-supported formats.

“OdhdheKTMBHBIN” pa3mep Modenu npu 3agaHHOW BUTHOCTH
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OueHka kayecTBa LLM

Mepnnekcus

Wikitext 2

C4

YO0BNEeTBOPUTENBLHOIO YHMBEPCANbHOro NPOTOKONa HET.

Hapo noabupaTb cneunanbHO NoA Lenesyto 3agadyy.

0-shot / few-shot leHepatuBHblE

OeH4YMapKm

Commonsense MMLU-Pro
reasoning
IFEval
Closed/Open-book QA
BigBench

World Knowledge

OnVHHBIA KOHTEKCT Reasoning

LongBench GPQA

Needle in Haystack AIME/MATH 500
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NHTerpaummn B openmBopkm

HuggingFace transformers nogaoepxvmBaet crneaytowme doopmMatbl KBaHTU3aLMN:
- Quanto (Round-To-Nearest)
- BitsAndBytes
- GPTQ
- AWQ
- VPTQ
- AQLM
- HIGGS u gp.

https://huggingface.co/docs/transformers/en/main_classes/quantization
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NHTerpaummn B openmBopkm

/LLM

VLLM nogpgepxmBaet creagyouwme dgopmMmaTtbl KBAHTU3ALNMK:
- BitsAndBytes
- GPTQ
- AWQ
- AQLM
-  HIGGS
-  GGUF

https://docs.vlim.ai/en/latest/features/quantization/index.html



>>> KBaHmMu3auus

NHTerpaummn B openmBopkm

GGUF

GGUF Bkntoyaet B cebst MHOXeCTBO (hopmMaToB
CcKansipHOWM N BEKTOPHOW KBaHTU3aUMUN B pa3finyHOM
OUTHOCTU

MonynapHbIA MHGEepEeHT ABUXOK

Moponepxueaetr GGUF

OueHb nonynsipeH Ans rokanbHOro MHgepeHca
KBaHT130BaHHY0 MOAENb MOXHO ObICTPO NPUFOTOBUTL

He cambin nyywini no kayecTsy

https://huggingface.co/docs/hub/en/gguf
https://ollama.com/

>>> 67




>>> KBaHmMu3auus

Obuwme pekomeHaaunu

Kakyto mogensb Bbibpatb?

KBaHTunsaumsa B 4-8 out KBaHTu3auua B <3 6uTt

GPTQ BeKTOpHble KBaHTU3aLMK:
AWQ AQLM

QulP#

VPTQ

¢ gooby4yeHuem npu
HanMuYnmM pecypcoB



Cnacunbo 3a

Q

softmax(




