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l Network Quantization

U Network Quantization
U Reduce redundancy in network representation
U FP16--Low bits storage

FP32

BF16
activations
U What to quantize? - - rp16
U Weights W O
U Activations X R - | EO——
U Gradients O
weights
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l Network Quantization

U PTQ
U train a fulkprecision model 0 0 P
U quantize with little or no data JI Hﬁ

U UniformQuantization vs Notuniform Quantization — r = r

U0 Symmetric Quantization \As'symmetrioQuantization
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| Network Quantization

. . . . X R
u Mlnlylax Quantlzatlon Quant : Xq = @Q‘Z—‘—l—z, 0, 20 _ 1) De-quant : X = s ( Xy — z) ~ X
U o Float format

U @ : Int format

Rounding Function

i Y: Scaling factor eerestRounang A= max();l_ Tm(x),z = {mmA(X)}
U o Zero point
Fp16 vector
U INT8 symmetric quantization 12[05|-43[12]-31(08]|24|54| = |54 —) 23.5
Get max(abs) Get quantisation

factor a
\ [-127, 127]

U0 Fake Quantization

U Deguantize to FP16 for computation _

Quantized - int8 vector

\ Dividebya [283.5

1.2]-0.5]-4.3]1.2|-3.110.812.4 | 5.4

de-Quantized - fp16 vector




l Network Quantization

U0 Quantization scale

U Pertensor: one matrix has one zemwint and scaling factor
U Perchannel: eacloutput channehas one zergoint and scaling factor

U Pertoken:token-levelfor activation

U Finegrained group wise: divide the channel to small groups

U ForDuQuant

U Pertoken for activation and pechannel for wight in WA setting

U Quantize all activations including KV caches

AW[IXCU]

per-tensor quant.  per-tensor quant. Ay
C, OAy'"
Ay l C
o |r 0

TR e w

— Group

per-token quant.
(b) per-token + per-channel quantization

(a) per—tensor quantization

per-channel quant.
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§ SmoothQuant

U Normal Outliers

A Channels in the activation map whose magnitudes are obviously larger than other channels
A Outliers occur fomlmost all sequence dimensions (tokebsj are limited to specific feature/hidden

dimensions. ,_max(X) —min(X) {_min(X)-‘
A Outliers makes the quantization difficult -1 s
A SmoothQuanpropose totransferthe quantization difficulty from activations to model weights

Y =X-W

= (X A)AT W)
Migrate the quantization . .
dimcu.R diagonal matrix

a l—«
T ; A ;= max(|X;])*/max(|W,|)
ol 51 5 J J J
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M ‘| ‘]
e 3| 5t
g 8| \ L
S 2 | 2| b
‘ / 4
24| 7, 00 1| /700001 . 20000
2 k
| / i 0 L2 15000, g * 15000,
0" 200 0 10000 & 0o 10000 &
/ 00 < 1000 o 1000 )
> & 2000 5000 2000, 5000 &
Chayy 0% 4900 2 ¢ 000, 4000 - ot e 00, 2000 ot
7
Chray, 000 Vel 5000 0 e 5000 0 arpe 5000 7
72e/ 5000 0
Activation (Original) Activation (SmoothQuant) Weight (Original) Weight (SmoothQuant)
Hard to quantize Easy to quantize Very easy to quantize Harder but still easy to quantize

[1]. Xiao G, Lin J, Seznec M, et al. Smoothquant: Accurate and efficient post-training quantization for large language models[C] International Conference on
Machine Learning. PMLR, 2023: 38087-38099.




- | OmniQuant

U Two Learnable Modules
A Make the parameters of quantization learnable using a few samples under PTQ settings
A Learnable Weight Clipping (LWC) and Learnable Equivalent Transformation (LET).
A Formulate a blockvise quantization pipeline for LLM

arg QIIlllélQHF(W, X) — f(Qw(W: @la @2)3 QG(XJ 92))”

OmniQuant

a simple and powerful quantization technique for LLM

a Diverse Precisions

Equivalent

& Learnable 3.‘%’5 Fixed T

v W4A16/W3A16/W2A16

» W4A16/W3A16/W2A16

Quantization-hardly * Transformation
FP models (7B-70B)

v W6A6/W4A4 @LLM Models 7B-180B 1. Quantization *
> W6A6/W4A4
. v Falcon I I I
! e . Weight Clipping
v Weight: clipping threshold - v LLaMA-2-Chat » LLaMA 1&2 Y

v Activation: equivalent factors ﬁ"'

o Efficient r

128 samples
1-16 hours

HEEl

v WizardLM

Q Deployment

& crU
) Android

& [os

2. LLM Models

3. Deployment

» LLaMa-2-Chat

WizardLM

» Falcon

» GPU
» Android/IOS Phones

Quantization-friendly

FP models (7B-70B)

quantizatio

h 4

n

Single A100-40G GPU

128 Training Samples

@80“ S | Mt Modal Modes Quantized models 1-16 Hours Training
1) Block-wise Differentiation S > CodeLLaMA
2) Weight Difficulty Reducti

3)A to-weight Difficulty Migr

[1]. ShaoWenqi, et al. OmniQuant Omnidirectionally Calibrated Quantization for Large Language Modlaks Twelfth International Conference on Learning Remedions. H



| Learnable Weight Clipping

U Reduce the difficulty of quantizing weights in LLM

U N --- target bit, W---full precision weightw ---quantized weight

U "Q--scaling factom --- zero point

U Learnable clipping strengths for thiwperand thelower bound of weights

v € [0,1]and g € [0,1] - > 01 ={,05}

vymax(W) — Smin(W)

W
Wq:clamp([w]+z,0,2N—1),WheTeh: ON _ 1 2 =—| n ]

arg @Tié12||f(W, X) — F(Quw(W;61,02),Q.(X,0,))]]

v = 1 and S = 1 MinMaxquantization




| Learnable equivalent transformation

U Migrate the difficulty of quantization from activations to weights with a mathematically
equivalent transformation bghannetwise scalin@nd channetwise shifting
U T--- token sequence lengthy ---input, w ---weight, 0 ---bias

X_ e RTXC@H W c RC’mXCOm B e RIXC’{)M
Y=XW+B=[X-6)0s] [sOW]+[B+IW]
% W B

U Y---output
s € R1xCin gnd § € RIXCin

X, W and B Equivalent activation, weight and bias

U Quantization pipeline

Y = Qu(X)Qu(W) + B,

0 ---MinMaxquantization 0 ---MinMaxquantization + LWC




~J| Outlier

U Massive Outliers
A Very few activations exhib#tignificantly largevalues than others (e.g., 100,000 times larger)
A Massive outliers are consistently present in vieny fixed token dimensions
A Locations of Massive outliers (layer output): usuallydfzeting tokenge.g., [BOS] token)

LLaMA2-13B

clipped activation clipped activation

20!
Sanne; %% 4000 0
(a) Output activations of (b) Output activations of
LLaMA-30B Layer 24 LLaMA-2-7B Layer 24
[1]. Sun M, Chen X, Kolter J Z, et al. Massive activations in large language models[J]. arXiv preprint arXiv:2402.17762, 2024.

[2]. Liu R, Bai H, Lin H, et al. IntactKV: Improving Large Language Model Quantization by Keeping Pivot Tokens Intact[J]. arXiv preprint arXiv:2403.01241, 2024.



~J] Outlier

U Massive Outliers vs Normal Outliers

A Normal: large values across specific feature dimensions and pres&htdaken sequences

A Massiveexceedingly highalues and occur ia subset of tokens

Normal

800

400 o

1000
200 <"

Cha 3000 Cha, 3000
ey 4000 O ney 4000 O

(a) LLaMA7B_Layer2_Attn_K_Proj

U Our Observations

(b) LLaMA7B_Layer15_Attn_O_Proj

A Massive Outliers Exist at tli=condLinear Layer

(Down Projection) ofFFNModule

A Wefirst discover this phenomenon, previous
works only focus on layer output

clipped activation

(a) Output activations of

(b) Output activations of
LLaMA-30B Layer 24

LLaMA-2-7B Layer 24

All tokens,

Limited tokens,
Relevantly large values

Extremely large values

o N S o ©

200 250

0

1000 100 *35\
2000 ©

@

han, e 200

4000
50
Cha, 8000
0 Nney

4000
(a) LLaMA2_7B_Layerl_Attn_K_Proj
Normal Outliers

10000

0
(b) LLaMA2_7B_Layerl_FFN_Down_Proj
Massive Outliers

Massive




~J] Outlier

U Our Observations

A Massive Outliers Exist at tlsecondlinear Layer (Dowaroj) of FFNModule
A Traditional Methods fail to eliminate these massive outliers

A SmoothQuantcause theveightsof the downprojection to display noticeable outliers
A OmniQuantand AffineQuant optimizationbasedmethods to encounter problems witloss explosion

Limited tokens, :1000_

Extremely large values !
: 100

All tokens,
Relevantly large values

Absolute Value -
&
o

1
[y

250

0

QO
&
S

1000 2000

4000 10

10

Max (before smooth)

Max (before smooth)
—— Max (after smooth)

—— Max (after smooth)

LI Massive

=10

New outliers

2000
Ch 3000
Nney

AS

0 50
Chan ney 0%

a000 O 10000 0

(a) LLaMA2_7B_Layer1_Attn_K_Proj
Normal Outliers

(b) LLaMA2_7B_Layerl_FFN_Down_Proj
Massive Outliers

How to eliminate both Normal and Massive outliers?

-100

o é§9 G§P & G§P d§P ¢§§ ¢§§
Channel ID Channel ID

(c) Activation Change with SmoothQuant (d) Weight Change with SmoothQuant
SmoothQuant Fails to Eliminate Massive Outliers

S A
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DuQuant

©)

1000
2000
C
ha”"e/ 3000

(a) Normal outlier

1329 @ 14143113 (32)03|24]|42 |25

Rotation N 0.3 H 181912 [42[47] 07| yariance
> —

0.9 |34 |42 mLo 29 32|34 1.65

224907 [29]03[39[35]09

Outlier 22 55 42 58 12 48 4.7 34
Sorted Index 7 2 5 1 8 3 4 6

02|13

15| 0.6

0.8
05|18

v
Outlier 15 29 99 69 22
Activation Matrix

1
' @) Permutation
Easy to Quantize \', v

Outlier 30 09 15 16 29 12 18 14 Zgzagindex | 1 4 5 8| 2 3 6 7 |

3.0 | 09(03 |02 |29 {05 |1.8 |0.9 ® 3242|1303 |43|24|25]|14

28 |03 (12 06 |25 |09 [0.7 [1.2 | Rotation |19 [a7] 18| 1.2 42|07 | 03| Variance

16 |04 |15 |16 |21 |02 o1 oz | € 1324210344934 ]|09 0215
23 |09 08 (01 |19 |11 |05 |14 2935|0703 /4939|0922

00
Chap, e, 20

0
10000

(b) Massive outlier

(c) Example of Rotation and Permutation Transformation
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| Rotation

U Motivation

A Use rotation matrix to distribute the outliers tdjacentchannels
A Ideal rotation matri: R

A OrthogonalRRT =1 |R| = £1

A Target the positions of outliers and mitigate them through matrix multiplication

. 150
= o
100 @
<9

=SS 50
Channe/ 3000 "

U Rotation with prior knowledge

A Usegreedysearch with prior knowledge (theeature dimensiorof outlier) to compute a rotation matriR



§ Rotation

U Rotation with prior knowledge
A Usegreedysearch with prior knowledge (theature dimensiorof outlier) to compute a rotation matriR

A The feature dimensio arg max; (max; | X;;|) I
A Construct the rotation matrix by: rigina
> 1 O

R'=E,nRQE,n), Q= {O Q’]

~

A R : an orthogonal initialized rotation matrix, first row is specificatiyformlydistributed
A E q): switching matrix used to swap the first and e column of the activation

A R can mitigate outliers in the first column after the transformationE ;)
A Q : further increase theandomnes®of the rotation operation Q’ is a random orthogonal matrlx

A Greedy search far steps(once rotation may inducaew outliers) Rotation once
R=R!R2...-R" n = argmingc.n (max; ; [(XR!---RF);|)

U Blockwise rotation
A For time and memory efficiency, we use blagise rotation matrix

R = BlockDiag(f{bl,...,f{bK) R € RCinxCin R,, € R2"x2"
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j Permutation
U Limitation of Rotation

A Blockwise rotation:unevenoutlier magnitudes acrossifferent blocks

Measurement: Compute thearianceof different blocks Var([M, , Ms,,
A For“lock, thed

" MbK])
represents the mean values of all, 0 is the largest outlier in dimensidn

1.50)

1.25
1.00 ‘ e
0.75 v i” Il
0.50 250 o1
0.25 200 @ W
0.00 0 o 150 0.0
1000 \ 100 \(f\ Rotation °
zooo “©

2000
ha’?r, o/ 000

U SOIUtion (a) Normal outlier

A Channel permutation t@alancethe distribution of outliers across blocks
A Permutation transformation is alsmthogonal denote a:P

A After permutation, employ another rotation transformation to further smooth the activations




| Zigzag Permutation

U Zigzag Order

Abs Max

Outlier

Outlier

A Distribute the channels with thieighestactivations across the blocks imackandforth pattern

A Fastwith strong performance

13|29 1.2 @ 14 (43 |13(32|03 |24 42|25
0.4 |21 0.8 Rotation 0.3 1.8 (19|12 42|47 |07 | yariance
02|13 0.8 | 2.2 09 |34 |42 10 |49 |32 |34 1.65
15|06 05| 1.8 2214907 |29/03[39[35/09
15 29 99 69 22 Qutlier 22 55 42 58 12 48 47 34
Activation Matrix | Sortedlndex 7 2 5 1 ,8 3 4 6
: @ Permutation
Easy to Quantize \', v
30 09 15 16 29 12 18 14 Zgzmglindex [ 1 4 5 8|2 3 6 7 |
3.0 |09 |03 |02 |29 |05 [1.8 (09 ® 32|42(13(03|43|24]|25|14
28 |03 (12 |06 |25 (09 (07 (11 | Rotation |19 |47 1812 42|07 03| Variance
16 |04 |15 (16 |21 0.2 |01 |02 32 |42(10(34 (4934|009 0.175
23 (0908 |01 |19 (1.1 |05 |14 29 (35|07 (03 |49(39]|09]22
| LLaMA2-7B | LLaMA2-13B
Permutation Method | WikiText2| C4] Variance Time/s | WikiText2 | C4| Variance Time/s
w.0. Permutation 7.92 10.64  3.9e-2 27.5 5.96 794  3.le-2 44.7
Random 6.40 8.08 4.9e-3 89.5 543 7.07 3.9¢e-3 148.6
Simulated Annealing 6.26 7.89 1.7e-4 769.6 542 7.06 1.5¢-4 1257.8
Zigzag 6.28 7.90 3.0e-4 48.6 542 7.05 2.5¢e-4 74.0




| DuQuant

U Linear Layer

A Smooth techniques§moothQuark Remark DuQuantsimultaneously smooth the weight
A Blockwise Rotation (block size: 128)

A Permutation along with second Rotation

Y=X-W=[X 'f_\)fi(l) - P 'fi(zl] ' [fi?;) P IA{(Tl)(f\_i ‘W)]

v

G G—1
U Visualization

5000
10000

Cha n ey

15000

20000 0
(c) LLaMA1_65B_Layer2_FFN_Down_Proj (d) After Rotation and Permutation
Massive Outliers

(a) LLaMA1_65B_Layer1l_Attn_K_Proj (b) After Rotation and Permutation

w
o
o

Normal Outliers



~J] Outline

01

02

03 |

04

Network Quantization

Outliers and Baselines

DuQuant

a. Rotation Transformation

b. Permutation Transformation

c. Experiments

Summary and discussion




| Experiments

U DuQuant: Rotation twice, Permutation once
A LWC adjusts weights by training parameter§ N T1ip to compute the step sizeA =

U Models: LLaMAL, LLaMA2, LLaMA3, Vicuna, Mistral
U Tasks: Language generation (PPL), Commonsense QA, MMLU, MT-Bench, LongBench

v max(X)— min(X)
201

Dataset | #Bit | Method | 1-7B 1-13B 1-30B 1-65B 2-7B 2-13B 2-70B
| FP16 | - | 568 509 410 353 547 48 331
SmoothQuant | 25.25 40.05 19240 27553 83.12 3588 26.01

OmniQuant | 1126 1087 1033  9.17 1426 1230 NaN

WikiText2 AffineQuant | 1028 1032  9.35 - 1269 1145 -
W4A4 | QLLM 965 841 837 687 1175 9.09  7.00

Atom 815 743 652 514 840 696 NaN

DuQuant 640 565 472 413 628 542 379

DuQuantawc = 618 547 455 393 608 533 376

| FP16 | | 708 661 598 562 697 646 552

SmoothQuant | 32.32 47.18 122.38 24435 77.27 43.19 34.61
OmniQuant 1451 13.78 12.49 11.28 18.02 14.55 NaN

C4 AffineQuant 13.64 13.44 11.58 - 1576  13.97 -
W4A4 | QLLM 1229 1058 11.51 898 1326 11.13  8.89
Atom 10.34  9.57 8.56 8.17 1096 9.12 NaN
DuQuant 7.84  7.16 6.45 6.03 790  7.05 5.87

DuQuantawc = 7.73  7.07 6.37 5.93 779  7.02 5.85




§ Experiments

U Models: LLaMAL, LLaMAZ2, LLaMA3, Vicuna, Mistral
U Tasks: Language generation (PPL), Commonsense QA, MMLU, MT-Bench, LongBench

Model | Method | PIQA ARC-E ARC-C BoolQ HellaSwag WinoGrande Avg.
| FP16 | 7747 5248 4146  73.08 73.00 67.07 64.09
SmoothQuant | 49.80 3040 2580  49.10 27.40 48.00 38.41
0S+ 6273 3998 3029 6021 44.39 52.96 48.43
LLaMA1-7B | OmniQuant | 66.15 4520  3L14 6351 56.44 53.43 52.65
W4A4 AffineQuant | 69.37  42.55 3191 6373 57.65 55.33 53.42
QLLM 6877 4520  31.14 - 57.43 56.67 51.84
Atom 7144 4774 3549 6771 63.89 55.01 56.88
DuQuant 7644  50.04  38.99 7098 69.39 64.72 61.76
DuQuant.awc | 7622  50.04 3831  70.09 69.82 62.59 61.18
| FP16 | 79.10  59.89 4445  68.01 76.21 70.31 66.33
SmoothQuant | 61.04 39.18  30.80  61.80 52.29 51.06 49.36
OS+ 63.00 4032 3038  60.34 53.61 51.54 49.86
LLaMAI-13B | OmniQuant | 69.69 47.39  33.10  62.84 58.96 55.80 54.37

W4A4 AffineQuant | 66.32 4390  29.61  64.10 56.88 54.70 52.58 FP16 80.08 5892 4547  68.44 79.21 72.53 67.44

EE,I;DM ;}gg j;-gg ;‘6123 6053 gg-gg gg;‘g 2332 SmoothQuant | 58.65 3553  27.73 6042 35.56 48.06 44.83

DuQuant 7726 58.04 4155 6155 7362 6669  64.12 OS+ 67.63  46.17 3440 6070 5432 52.64 52.62

: : ' ‘ ) ' ‘ W4A4 AffineQuant | 70.84 49.41  37.12  70.12 65.53 58.64 58.61

QLLM 73.83  50.67  38.40 - 67.91 58.56 57.87

Atom 7198 4907  40.02  66.85 70.45 58.64 59.50

DuQuant 7856 5699 4232  66.73 76.70 69.61 65.15

DuQuantawc | 78.73 56.52 4317  68.84 77.53 70.96 65.96

FP16 80.79 5871 4624 8229 80.72 77.50 71.04

SmoothQuant | 64.47 4044  29.82  59.38 39.90 52.24 47.71

LLaMA1-65B | OS+ 68.06 4398 3532 6275 50.73 54.30 52.52

W4A4 OmniQuant 71.81 4802 3592 7327 66.81 59.51 59.22

QLLM 7356 5206  39.68 - 70.94 62.90 59.83

Atom 7448 5160 4061  73.76 73.78 62.12 62.73

DuQuant 7971 5795  45.05  79.82 78.66 72.29 68.91

DuQuantawc | 79.98 5829 4480  77.89 79.22 72.21 68.73




| Experiments

U Models: LLaMAL, LLaMA2, LLaMA3, Vicuna, Mistral
U Tasks: Language generation (PPL), Commonsense QA, MMLU, MT-Bench, LongBench

#Bits | Method | WikiText2 | 4] PTB| | PIQA ARC-E ARC-C BoolQ HellaSwag WinoGrande Avg. t

FP16 | - | 6.14 8.88 991 | 80.85 71.78 53.41 81.28 79.16 72.84 74.22

SmoothQuant 7.07 9.57 11.69 78.94 75.88 49.49 77.58 77.39 70.8 71.68

1 LaMA3-8B OmniQuant 7.24 9.82 11.90 78.90 73.95 47.35 74.95 76.77 70.56 70.41

W6AG AffineQuant 7.35 9.99 12.30 78.73 73.32 46.08 74.59 77.08 70.88 70.11

DuQuant 6.27 8.38 10.77 80.20 77.27 52.05 80.12 79.14 72.77 73.59

DuQuantLwc 6.27 8.38 10.78 79.71 717.57 53.07 80.00 78.70 73.09 73.69

SmoothQuant 210.19 187.93 278.02 54.57 31.9 24.23 52.72 31.26 51.14 40.97

OmniQuant 3.64e3 2.80e3 3.09e3 50.22 26.94 24.57 37.98 26.55 50.20 36.08

LLaMA3-8B | AffineQuant 21.21e3 34.60e3 16.72¢3 | 50.71 25.93 26.02 40.55 26.07 48.46 36.29

W4 A4 Atom 22.14 31.83 40.04 62.95 49 .45 30.12 60.31 53.75 56.04 52.10

DuQuant 8.56 11.98 13.66 75.68 68.48 41.81 71.99 73.07 66.22 66.21

DuQuant:rwc 8.06 11.29 13.19 76.22  70.41 43.69 74.34 73.87 67.80 67.72

#Bits | Method | WikiText2| C4] PTB| | PIQA ARC-E ARC-C BoolQ HellaSwag WinoGrande Avg. 1
FP16 | - | 2.9 6.9 82 | 824 86.9 60.3 85.2 84.9 80.6 80.1
LLaMA3-70B | SmoothQuant 9.6 16.9 17.7 ‘ 76.9 75.8 43.5 64.4 62.9 58.9 63.7

W4A4 DuQuant 4.9 8.3 8.7 81.1 80.8 57.3 81.3 82.1 77.0 76.6




| Experiments

U Models: LLaMAL, LLaMAZ2, LLaMA3, Vicuna, Mistral
U Tasks: Language generation (PPL), Commonsense QA, MMLU, MT-Bench, LongBench

Model | Method | MMLU (0 shot) 1 | MMLU (5 shot) 1
| | STEM Hums Social Others Avg. | STEM Hums Social Others Avg.
FP16 43.70 5048 62.72 62.74 5454 | 44.96 51.97 65.26 62.40 55.78
Vicuna-vl 5-13B SmoothQuant 21.70 2429 22.13 23.16 22.82 25.31 24.97 26.00 27.08 25.84
W4A.4 OmniQuant 26.81 26.57 30.35 28.75 28.12 | 28.79 27.29 31.13 28.99 29.05
Atom 32.54 30.60 46.02 46.11 41.07 35.35 30.21 59.72 45.77 45.01
DuQuant 40.82 46.61 58.73 57.59 5094 | 40.92 48.78 60.42 57.71 51.96
DuQuant.cwc | 40.13 4748 58.86 5783 51.08 | 41.42 48.52 58.73 5774 51.61

Vicuna-vl1l.5-7B

vs. Atom A

vs. OmniQuant -

Vicuna-v1l.5-13B
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| Experiments

U Models: LLaMAL, LLaMAZ2, LLaMA3, Vicuna, Mistral
U Tasks: Language generation (PPL), Commonsense QA, MMLU, MT-Bench, LongBench

Vicuna-v1.5-7B | RepoBench-P MultiFieldQA-en GovReport  MultiNews DuReader 2WikiMQA TriviaQA
FP16 48.23 38.30 27.93 26.91 25.53 18.02 82.59
SmoothQuant 25.92 4.66 2.62 6.05 4.24 2.02 1.62
OmniQuant 14.97 2.30 2.51 2.64 1.87 0.48 0.81
Atom 29.34 31.15 23.60 24.60 19.41 17.10 67.20
DuQuant 47.66 35.62 25.66 25.85 23.15 15.09 78.91
Vicuna-v1.5-7B | QMSum MultiFieldQA-zh NarrativeQA Qasper SAMSum TREC Avg
FP16 21.07 32.56 14.96 23.27 41.06 66.00 35.88
SmoothQuant 2.00 0.88 1.75 411 1.55 15.00 5.57
OmniQuant 3.93 1.40 1.10 1.62 0.61 1.00 2.71
Atom 20.24 21.55 11.57 17.97 37.94 58.00 29.21
DuQuant 21.15 29.56 11.31 19.98 42.24 64.00 33.86
Vicuna-v1.5-13B | RepoBench-P  MultiFieldQA-en GovReport MultiNews DuReader 2WikiMQA TriviaQA
FP16 43.08 42.69 28.43 26.53 27.57 29.40 86.81
SmoothQuant 11.57 1.64 2.81 3.54 6.71 1.39 1.83
OmniQuant 8.46 4.32 0.74 2.83 13.83 0.75 1.13
Atom 37.31 37.31 19.34 23.39 21.79 15.16 80.75
DuQuant 38.09 44.12 26.97 26.59 26.02 22.07 83.04
Vicuna-v1.5-13B | QMSum MultiFieldQA-zh NarrativeQA Qasper SAMSum TREC Avg
FP16 21.24 40.44 15.41 24.41 41.97 68.00 40.64
SmoothQuant 2.95 0.82 0.97 2.18 0.35 1.50 4,21
OmniQuant 1.78 1.06 0.62 0.68 0.45 9.00 4,58
Atom 20.23 28.02 8.81 17.67 38.72 59.00 33.58
DuQuant 20.72 30.85 13.36 18.93 42.67 66.50 38.13

1. SingleDocument QA tasks:
QasperMultiFieldQA and
Narrative QAF1 score)

2. Multi-Document QA tasks:
DuReadefRougelL score) and
2WikiMultinopQA (F1 score)

3. Summarization task:
MultiNews(RougeL score)

4. Fewshot Learning tasks:
TREC (Accuracy CLS),
TriviaQA(F1 score), and
SAMSun{Rougel score)

5. Code Completion task:
RepoBenciP (similarity score) gXs!




| Ablation

U Influence of different components in DuQuant

Modules \ LLaMA2-7B \ LLaMA2-13B
Smooth Rotation1 Permutation Rotation 2 \ WikiText2 | C4| \ WikiText2 | C4)
v NaN 1379.46 160.30 203.87
v 8.48 10.63 14.32 21.73
v v 7.92 10.64 5.96 7.94
v v v 6.79 8.51 6.06 8.03
v v v v 6.28 7.90 5.42 7.05

U Quantization runtime on single A100

Model Omni. Affine. QLLM Atom DuQuant

LLaMA2-7B 2.0h 9.1h 1.1h 20min 50s
LLaMA2-13B 3.2h 16.0h 1.7h 36min 71s
LLaMA?2-70B | 14.6h 18.6h 9.3h 3.5h 270s

U Calibration-free: use random data

Eval. Eval.
WikiText2 | C4 | LLaMA2-138 WikiText2 | C4 |
Randomly Generated 6.25 7.86 .. Randomly Generated 5.45 7.05

WikiText2 6.25 7.87 Calib. WikiText2 5.44 7.05

LLaMA2-7B

Calib.




| Experiments

U Settings: LLaMA2-7B, Measure on RTX 3090, Input seq --- 2048, Decoding --- 128 steps
U Pre-filling stage --- computational bound, measure the speedup
U Decoding stage --- memory bound, measure the memory usage

INT4, BS=1 Time (ms) Saving Factor [Memory (GB) Saving Factor |WiKi| QA avg.?

FP16 568 - 13.638 - 547 63.72

SmoothQuant 248 2.290x 3.890 3.506x 83.12 44.52

QLLM 435 1.306X 3.894 3.502x 9.09 51.60

QuaRot 284 2.000x 3.891 3.505x 6.39 61.25 )
DuQuant 288 1.972x 3.893 3.503x 628 6176 | r13seen() e () |3

2.3 2.366x 2.324x

2.138x 2.105x% 2.146x
2.0 1.946x 1.955x

Table E13: Decoding phase results of one LLaMA?2-7B layer with a batch size of 64. 1.792x 8

Method | Time (ms) Saving Factor Memory (GB) Saving Factor %1'5 N 7
FP16 659 3.550x 1.0

SmoothQuant 437 1.508x 1.669 2.127x

Perplexity

QLLM OOM - OOM - 0.5 5
QuaRot 457 1.442x 1.678 2.116x

DuQuant 499 1.321x 1.677 2.117x 0O T e







