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LARGE LANGUAGE MODEL HIGHLIGHTS (JUN/2024)

GPT-4 Classic | . Geminiuitra1.0 Opus Olympus
176T MoE | L N 2T (2024H2)

I o i

e Nano @ XS @ Small @ Medium Large
Gemini-Nano-11.8B Falcon 2 11B Command-R 35B K2-65B

XL
Command R+ 104B Grok-1.5 314B
Mamba-2 2.7B Gemma 7B Mixtral 8x7B Llama 3 70B Qwen-1.5 110B Inflection-2.5
Phi-3-mini 3.8B Mistral 7B Yi 1.5 34B

Luminous Supreme Titan 200B Llama 3 405B

4 Parameters

. Al lab/group

Sizes linear to scale. Selected highlights only. All 350+ models: https:/lifearchitect.ai/models-table/ Alan D. Thompson. 2021-2024.




Preliminaries

= JHX|C| CHE LLM Quantization Methods: QAT, PTQ
1. QAT (Quantization-aware training)
- Quantization £ o} ™X| 2Tt quantization Of2t0|E{E 2I8HA| fine-tuning A|ZH0f&t
ex) LLM-QAT

2. PTQ (Post-training quantization)
- XA &tE 3 DEO| Of2t0|E{ 2 quantization. SHX|TH M50 X810} Eadst

ex) GPTQ, SmoothQuant, LLM.int8()




Preliminaries

o IOf2f0|EH = = Quantization2 &7t7?
- LLMO| JIX| Y= F 7HX| SR OIE :
1) MSA (Multi-head Self-Attention)
2) FFN (Feed-Forward Network)

« O X ot EXUE linear layer = LHE 2| Notation2 LS4t 2
M
Y — Z —1 szzk7

N

M N
I LT M HEEEEEE

x € RM W ¢ RMxN y €RY




Preliminaries

X, Y, W >> FP32, FP162| Real value =& INT8Z Quantization %l

= AE q o| HENZ HESIBICH= 7
= De quantlze  SEH| 1 05| 2ol 2t Afo|ot L Sutof g2

ER D 2 23
sign exponent mantissa
—3.4 x 1034 - 3.4 x 1034

FP32 < / N >
INT8 .
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02| Z2H 2|0 i2f Assymmetric, Symmetric@ £ L&

Original

Asymmetric

Symmetric

49.7 -13.14 0 -6.66 48.7 -12.14 -7.41
Asymmetric Symmetric
B 0 Q —Q 0 +Ha
« - - e - === = > € — = —— - - - - = >
¥ | 4 | | 3 Y
0 z 2" —1 —(2" 1 -1) 0 |
255 0 53 26 251 4 23
127 =34 ] =17 124 =31 -19
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O] 2 =AM O 2 LIEILHEX}

b= quantization H|E =
a &= scale factor

f = zero-point value

[1 = round

max(X)—min(X)
201

g =—| a0

o =

X4 = quant(X) = clamp (L%] +,0,20 — 1)

Asymmetric
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X min, maxE& = A E™St=Lo| 2t .

per-tensor quant. ....per-tensor quant, |

Ayl
ag| S| E
o|IT X |« i
G W

(a) per-tensor quantization

Tx1
A TXU Ay 1XCo
C. | |
[/
r X * Co
.......................... . 1% W
per-token quant. per-channel quant.

(b) per-token + per-channel quantization
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Introduction

QAT = x| 2ZE quantization & {3l training A|?|= A2 HF Lt H|E0] 80| &

T2 M PTQ? 0| AFEE[=0|, 2 S0l M E weightBF quantization A|Z| 11, activation2 full-
precision@ 2 = A7t UUZ (GPTQ, SPQAR)

IO 2, computational overhead& %0|7|$I3H SmoothquantLt OS(Outlier Supression)
| E%_'g = weight-activation 25 quantizationdtd low-bit matrix multiplication=

r}0+

O

-1 ojn n@
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Introduction

O|EA| 7|&2| quantization Z&=2 W4A16 (i.e. 4-bit weight and 16-bit activation), W8AS8
S0M =2 d52 EXX|T, O &2 H|E =2 quantizationdt™ 40| 2451 BHH

—— GPTQ ] AL SmoothQuant
3x10'
103_ Ours Ours
Py 22x10'
£ £
s o
210" 1 g
) [T
[« o 10 1
1
10 y 6x10
— — - T
FP  W4A16 W3A16 W2A16 FP  W8A8 W6A6 W4A4
# Bits # Bits

(b) weight-only quantization (c) weight-activation quantization

0|21t 0|8 = 7|Z9| method?} handcrafted quantization It2t0|E{ (migration strength,
scaling parameter) 52 ?HX|1 JYHA J=HCHD & (optimaldtX| G432 )




Introduction

J=CHT QATE 836170l =, training2}t data efficiency?t SHEE|X] &2

(A2 GPTQ= A10022 LLaMA-13B quantization2 128712| sampleZ 1A|212t0]| AlsH Jts
SHX[2F LLM-QATZ= 100k E0| 225t 100A[2H 0|40 ERE

X Xte| Motivation

: Can we attain the performance of QAT, while maintaining
the time and data efficiency of PTQ?
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OmniQuant

: low-bit setting0i|M &S| £2 Hds2 241,
time, data efficiencyE sA|0f| 2SI S

: OmniQuant = ?|&2| full-precision weightE
H2| 0 quantization parameterE SfgA|&

1) LWC (Learnable Weight Clipping)
: modulates the extreme values of weights by
optimizing the clipping threshold

2) LET (Learnable Equivalent Transformation)
: tackles activation outliers by learning
mathematically equivalent transformations in
a transformer encoder.

‘ Learnable 3 Fixed

%}‘é Equivalent T
Quantization-hardly < Transformation

FP models (7B-70B)

Quantization-friendly

FP models (7B-70B)

quantizatio

n

Quantized models

Weight Clipping+

Single A100-40G GPU

128 Training Samples

1-16 Hours Training

Figure 2: Characteristics of OmniQuant on

LLaMA family.
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& Learnable Embedding
3&‘5 Fixed '
o Normalization
Bliminable : » Normalization
Transformation !
FP Weight ! Transformation*
\ Quantization 1
Transformauon* / \ Quantization
Quantized Quantized Quantized |
Chppmg * Weight Q Weight K Weight V Quantized
| : Weight FC1
Quantization /| Transformation + Transformation*
] / ! ! i Quantization
Quantized / Quantization Quantization Quantization |
Weight Quantized
QF~ Weight FC2
Transformation*
' ;
. Quantized
Quantization Weight Out

Figure 3: Details of OmniQuant in a transformer block. Note that all learnable parameters can be
eliminated after quantization.
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Challenge of LLM quantization
1) Outlier Xi'2 I 20]| activation2 quantizationd}?| {242

2) Activation?| £ 0 [I}2tA Weight2| quantization error= performanced]| Z & X0l Qis¢

o

=




Method

Challenge of LLM quantization

1)

Outlier Xj'2 20| activation2 quantizationst?| H{2

2) Activation?| 32 0| f2tA Weight2| quantization

errore= performance0]| 2-HH0l A3k &

=

OmniQuant

Block-wise quantization error minimization framework
S [y

a)

Learnable weight clipping (LWC)

: to mitigate the difficulty in quantizing weights
Learnable equivalent transformation (LET)

: shift the challenge of quantization from activations
to weights

& Learnable

3% Fixed

Eliminable

FP Weight 1 \

Transformation \ L
| ! Quantized
Clipping * f Weight Q
I |
Quantization /| Transformation
] / !
Quantized /l Quantization
Weight /
&




Method

Block-wise Quantization Error Minimization

arg (gllrli&H}"(W, X) — F(Quw(W;01,0,),Q4(X,02))|],

OmniQuantO|A|= LWCR2} LETZE SA|0f| optimizing &t

F : Transformer block 1)
R 8 = weight-only2} weight-activation quantization=
X : activation (FP) D= TESICH S
W : weight (FP)
2) EESt block-wise minimization = quantization It2t0|

E{Qt X| XS} 817 | L20f| minimal resource?}t U %|

Qw () : weight quantizer
Moo g0l

Qa() . activation quantizer
©, : LWC o meto|E
O, : LETC| mzto|E




Method

Learnable Weight Clipping (LWC)

: 2|&XE weightQ| clipping thresholdE dynamicotH| Follz= 2 SASHK|ZE, directdtH|
O2f0|eE F'EoX| GS=Cte oA 2 X012} US

h = vy max(W) — S min(W) NE= quantization H|E &=

9N _ 1 = normalization factor
Z & zero-point value
Lﬁ min(VV)1 [] = round
z = —

h a, B €[0,1] = Ot2t0|E, learnable clipping strengths

W
W, = clamp([T] +2,0,2Y —1)




Method

Learnable Equivalent Transformation (LET) - Linear Layer

: weight-activation quantization2| 32§22 =0|7| 2ol X2t

: 578 MZ0M outlier?t HAE|= S 12{5t¢, 7|&2| hand-crafted It2t0|E{ = optimal SHX| G52
. LET&= channel-wise scaling, channel-wise shifting= 0| 850 activation=2 $135610q outlierE
et

Y=XW+B=[X-0)0s]-[s©W]+[B+IW]

.

-~

~
~

T: sequence length X A4 B
X € RT*XCin :input

W E RCinXCout

5 € R1XCin : channel-wise shifting It2t0| &

s € R1XCin : channel-wise scaling If2t0|E

@ : elementwise division
© : elementwise multiplication
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Learnable Equivalent Transformation (LET) - Linear Layer

: weight-activation quantization2| 32§22 =0|7| 2ol X2t

: 578 MZ0M outlier?t HAE|= S 12{5t¢, 7|&2| hand-crafted It2t0|E{ = optimal SHX| G52
. LET&= channel-wise scaling, channel-wise shifting= 0| 850 activation=2 $135610q outlierE
et

~

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

Qa() : vanilla MinMax quantizer
Qw() > vanilla MinMax quantizer w/ LWC

: 0|23t transformationS FFN2| SEHTY 2{|0]0{2H i 1 X285t
(2NLFSHH non-linear layer CHZ2| high sparsity =0 gradient?} unstable@ o~ U2| UHZF)




Method

« Learnable Equivalent Transformation (LET) - Attention operation
: AttentionOf|A= A ¥2| computationO| 2R 3517|0f|, MXHSL2 Q/K/V matrixT low-bit=2
Ot=10 X 2 (weight-activation setting)

P = Softmax(QK?") = Softmax((Q @ s,)(s, ® K*))

Q KT
lxcout

7

Sa €

Q K =@, 2 20| MinMax Quantizers E2tst gt
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& Learnable Embedding
3&‘5 Fixed '
o Normalization
Bliminable : » Normalization
Transformation !
FP Weight ! Transformation*
\ Quantization 1
Transformauon* / \ Quantization
Quantized Quantized Quantized |
Chppmg * Weight Q Weight K Weight V Quantized
| : Weight FC1
Quantization /| Transformation + Transformation*
] / ! ! i Quantization
Quantized / Quantization Quantization Quantization |
Weight Quantized
QF~ Weight FC2
Transformation*
' ;
. Quantized
Quantization Weight Out

Figure 3: Details of OmniQuant in a transformer block. Note that all learnable parameters can be
eliminated after quantization.




Experiments

Table 1: Weight-only quantization Results of LLaMA-1 and LLaMA-2 Models. We report
WikiText2 perplexity in this table, C4 perplexity can be found in Table A 19 in Appendix.

a - - - -l - - -
FP16 - 5.68 5.09 410 3.53 5.47 488 331
RTN I.1e3 6.8¢4 2.4ed 2264 3.8¢4 5.6e4 2.0e4
W2A16  GPTQ 2.1e3 5.5e3 49975 5591 7.7€3 2.1e3 77.95
OmniQuant  15.47 13.21 8.71 7.58 37.37 17.21 7.81
RTN 1.9e3 78120 68.04 1508  42e3  122.08 2727
W2A16  GPTQ 44.01 15.60 10.92 9.51 36.77 28.14  NAN
g128 AWQ 2.6e5 2.8e5 2.4e5 7.4e4 2.2e5 1.2e5 -
OmniQuant 9.72 7.93 7.12 5.95 11.06 8.26 6.55
RTN 18832 101.87  19.20 939 43197 2622 10.31
W2A16  GPTQ 22.10 10.06 8.54 8.31 20.85 2244  NAN
g64 AWQ 25e5  2.7e5  23e5  TA4ed  21e5  1.2e5 -
OmniQuant 8.90 7.34 6.59 5.65 9.62 7.56 6.11
RTN 25.73 11.39 14.95 10.68 53948  10.68 7.52
W3A16 GPTQ 8.06 6.76 5.84 5.06 8.37 6.44 4.82
AWQ 11.88 7.45 10.07 5.21 24.00 10.45 -
OmniQuant 6.49 5.68 4.74 4.04 6.58 5.58 3.92
RTN 7.01 5.88 487 4724 6.66 551 3.97
W3A16  GPTQ 6.55 5.62 4.80 4.17 6.29 5.42 3.85
g128 AWQ 6.46 5.51 4.63 3.99 6.24 5.32 -
OmniQuant 6.15 5.44 4.56 3.94 6.03 5.28 3.78
RTN 6.43 555 457 3.87 6.11 5.20 3.67
W4A16 GPTQ 6.13 5.40 4.48 3.83 5.83 5.13 3.58
AWQ 6.08 5.34 4.39 3.76 6.15 5.12 -
OmniQuant 5.86 5.21 4.25 3.71 5.74 5.02 3.47
RTN 5.96 525 4723 3.67 5.72 498 3.46
W4A16  GPTQ 5.85 5.20 4.23 3.65 5.61 4.98 3.42
g128 AWQ 5.81 5.20 4.21 3.62 5.62 4.97 -
OmniQuant 5.77 5.17 4.19 3.62 5.58 4.95 3.40




Experiments

Table 2: Weight-activation quantization results of LLaMA Models. This table reports the accu-
racy of 6 zero-shot tasks. Perplexity results can be found in Table A23 & A24 at Appendix.

LLaMA / AccT #Bits Method PIQA ARC-e Arc-c BoolQ HellaSwag Winogrande Avg.
FP16 - TT4T 5248 4146 73.08  73.00 67.07  64.09

W6A6 SmoothQuant 76.75 51.64 39.88 71.75  71.67 65.03  62.81

LLaMA.1.78 WOAG OS+ 76.82 51.35 41.13 7208  71.42 65.98  61.13
-1- W6A6 OmniQuant 77.09 51.89 40.87 7253  71.61 65.03  63.17
W4A4 SmoothQuant 49.80 30.40 25.80 49.10  27.40 48.00  38.41

W4A4 LLM-QAT 51.50 27.90 23.90 61.30  31.10 51.90 41.27

W4A4 LLM-QAT+SQ 55.90 35.50 2640 62.40  47.80 50.60  46.43

W4A4 OS+ 62.73 39.98 30.29 60.21  44.39 5296  48.43

W4A4 OmniQuant 66.15 4520 31.14 6351 56.44 53.43  52.65

FP16 - 79.10 359.89 4445 68.01 7621 70.31 66.33

W6A6 SmoothQuant 77.91 56.60 42.40 64.95  75.36 69.36  64.43

LLaMA-1-13B  wW6A6 OS+ 7829 5690 43.09 6698  75.09 69.22 64.92
W6A6 OmniQuant 7840 5728 4291 67.00  75.82 68.27  64.95

W4A4 SmoothQuant 61.04 39.18 30.80 61.80  52.29 51.06  49.36

W4A4 OS+ 63.00 4032 30.38 6034  53.61 51.54  49.86

W4A4 OmniQuant  69.69 47.39 33.10 62.84  58.96 55.80  54.37

FP16 - 80.08 58.92 4547 68.44 7921 7253  67.44

W6A6 SmoothQuant 77.14 57.61 4291 6556  78.07 69.92  65.20
LLaMA-1-30B  weA6 OS+ 80.14 5892 4505 68.02 77.96 7198  67.01
W6A6 OmniQuant 79.81 58.79 4522 6838  78.95 72.21 67.23

W4A4 SmoothQuant 58.65 35.53 27.73 6042  35.56 48.06  44.83

W4A4 OS+ 67.63 46.17 3440 60.70  54.32 5264  52.62

W4A4 OmniQuant 7121 4945 3447 6533  64.65 59.19  56.63

FP16 - 80.79 38.71 4624 8229  80.72 77350  71.04

W6A6 SmoothQuant 80.25 57.92 45.50 80.22  80.18 7476 69.80

LLaMA-1-65B weA6 OS+ 79.67 55.68 4522 80.02  78.03 73.95  68.76
W6A6 OmniQuant 81.01 58.12 46.33 80.64  79.91 75.69  70.28

W4A4 SmoothQuant 64.47 40.44 29.82 5938  39.90 5224 4771

W4A4 OS+ 68.06 43.98 35.32 6275  50.73 5430  52.52

W4A4 OmniQuant  71.81 48.02 35.92 73.27 66.81 59.51 59.22




Experiments

W3A16g128 Former Win Tie B Former Lost
win rate win rate
AWQ vs. RTN 50 881022 69.4% AWQ vs. RTN 35 8540 46.6%
OmniQuant vs. RTN 45 104. 80.3% OmniQuant vs. RTN 49 70 _ 54 .4%
OmniQuant vs. Awa [IIN37 86 BT 50.0% oOmniquantvs.awa 45 S8ON3S 56.2%
0 20 40 60 80 100 120 140 160 0O 20 40 60 80 100 120 140 160
(a) LLaMa-2-7b-chat (b) LLaMa-2-13b-chat

Figure 4: Comparing W3A16g128 quantization among RTN, AWQ (Lin et al., 2023), and Omni-
Quant under Vicuna-Bench (Chiang et al., 2023). Win rates are calculated without considering tie
samples. A higher win rate indicates the better performance of the former of vs. pairs.




Experiments

Table 3: Deployment of weight-only quantization through MLC-LLM. We report the memory size

of quantized weights (denoted as “‘WM’) and the running memory (denoted as ‘RM’) and speed in
NVIDIA A100-80G.
-~ LLaMA

a B 13B 30B 65B

WM RM token/s WM RM token/s WM RM token/s WM RM token/s
W4A16g128 3.8G 5.7G 134.2 7.0G 10.0G 91.3 16.7G21.7G 43.6 33.0G41.0G 24.3
W3Al16g128 3.2G 5.1G 834 58G 8.7G 57.6 13.7G18.7G 29.0 27.0G35.1G 15.2
W2A16g128 2.2G 4.1G 839 4.0G 7.5G 92.6 9.2G 14.1G 36.7 18.0G25.6G 24.8
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Introduction

7| & A0 M= LLME| activation Z0{|A O] 2242 ?IX[= 73t outlier channel O] QL= A=
Eoil o

O|= outlier=0]| quantization rangeE 02 3| Tt=2| IE0|, Helot =X1E LtEfL = |0 2F
= DO ZA[Z|, A= B[ d5 xS op et
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Introduction

FP16 O 200-
501
O_
( LayerNorm ) g g 01
N e
_50-
—-400
! —1001
N2/ 0 S —— e
0 5000 10000 15000 20000 0 5000 10000 15000 20000
L ® ) Channel ID Channel ID
(a) Pre-trained model (b) SmoothQuant

Figure 6: SmoothQuant’s precision mapping for a Trans-
former block. All compute-intensive operators like linear
layers and batched matmul (BMMs) use INTS arithmetic.

«  OX[ZH FEN LH2| activationL2| outlier=0]| Of unstable®t gradientE THEA| &2, 2= 450
HELIA BAHXA| =

- 0| =20||A =, QLLMO|2}= low-bit width post-training quantizationS M|QHstCt gt
> outlier=2 gradient-free channel reassembly H|ZH S 2 2 7|2 activation valueE
channelZ TX|0f| MBHX|SHC] O|F SHZSH A &t




Proposed Method

v Adaptive channel reassembly framework X|QF
: to redistribute input activation outliers across multiple channels

1) Channel disassembly
: for decomposing the outlier channel

2) Channel assembly
: for balancing the efficiency

3) Adaptive strategy
: to find the suitable reassembly ratio for each layer

Channel reassembly technique2 gradient-freeO|H, E8%X0|2t= AX0| )2




Proposed Method

1) Channel Disassembly
:input?| outlier channel&2 £dlsliA] sub-channelZ£ Tr=7|

Outliers0| EH™ ME S0|H|2F /L7t O|2{et X{D=S sub-channelS£ BH=0{ Al 2 values
F=AA2 = Hel !

MEHTH XH'2 0| outlier X' 0|2} S1H, L= XE= AL 2R E Y| xE T2 L1 MET AL 2 TH
Cols

LMol XM XM |
yk_zizl xzwzk‘|‘ T WMk‘|‘ + T WMIi T:[max(lxMD/H-l

'8
T times

\

* 9= outlier threshold2t1d SjA{ &}0|m L}2+0|E




1)

Proposed Method

Channel Disassembly
> input?| outlier channel&2 &0dlioliA] sub-channelE & Br=7|

OutlierSO0| S LSO UOL, 0]2f3t AHLS S sub-channelS 2 TS0 2 valueS2

oA 2= EeEl

MEATH XH'I0] outlier 0|2t 8101, CHE 'S At R E 210] xS TR LH-T MUY H|AS TH
e

T T

\ .

_ X X
Ye = Z£11Xiwik + —Mka + -+ —MWMk-

-~

N T times

N
I LT M HEEEEEE
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2)

Proposed Method

Channel Assembly

L input A'20[ = M+T-19H2 SO0{%L2 (0| SR5HX| G42 A'E2 X|HL| H] =2t Af
HeE SO H=10AH &
(Channel Pruning + Chanel Merging)
* token MergingO|2t 1 St= Of0|C|0 X}&
/ c) Bipartite Soft Matching / \ \
Q0 ., O O
Q0 >3 D 30
o0 — Oo.0 — O._ O — Qo — QO
Q0 O O o O o O O
OO o—oO o O © O
Step 1: Assign  Step 2: Draw one edge from  Step 3: Keep the top Step 4: Merge Step 5: Concatenate
Tokens to Set A tokens in Set A and their

\ or Set B.

most similar token in Set B.

r most similar edges.

connected tokens.

the sets back together.

/




2)

Proposed Method

Channel Assembly

Linput MZ0| I M+T-17H2 0% |0| S20HK| =2 X2 2 X|RHLH

M5 SLoHH SHF10A &

(Channel Pruning + Chanel Merging)
I, ] M'2 merging2 Cf22} 20| ZIYZ

Xi+X;
X, W + ijjk N J (Wzk + ij)

* 0|, outlier X2t ™ AHE|2| channel2 merge otX| Si=




Proposed Method

3) Adaptive Reassembly
1 2} 24|0|0fO}Ct ©|2| Reassembly H|-S2 Z0OtLt s{opat x| AX st

- Channel Disassembly:

T = [max(|xp]|)/0

- high value for T with a small 6 & F2:
a) substantially reduces outlier magnitudes and benefits quantization
b) resulting in a larger increase in channel merging error due to a higher merging ratio

- small Twithalarge 8 &€ B2
a) will not increase the channel count much making it easier for the assembly stage to
keep the information
b) likely still retaining outliers, causing significant quantization errors




Proposed Method

3) Adaptive Reassembly
: 2 2{|0|o{OtCE 2|9 Reassembly B8-S L0OtLt sHOFstX| ZH &t

- ORX|ZH 1ZF THESH= 6 & AV |= 0o S. efiLFotH 2 &|0|0fDtL} CHE THE S 24X 1 7|

L
=
[[HT'__
Layer 1 Layer 4 Layer 22 Layer 32
4 10 10
10
5 5
21 5 { @U ol ndiabiladadd sl L bl
) v AL { W BT ‘ Jd ) Ll L-u ‘A-JJL st v 0] " -
MSA § 01 A.‘.lulll 1.|1‘l J LJ.MLL\IJA{L § 0 § 0 'T",,r Y r Tll " — §
T [T
-2 -10 -10
-10
0 1000 2000 3000 4000 0 1000 2000 3000 4000 0 1000 2000 3000 4000 0 1000 2000 3000 4000
Channel ID
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3)

Proposed Method

Adaptive Reassembly
: 21 i[O O{OCt 2]2| Reassembly H|&& E0fLt sOFfX| A7t

2} 2|0|{ 2] original output activationsf reassembled input activation 0f|2{Z 7}%& Z0|= 6
2= 25

X e RLXM :Reassembled activation

L: Reassembled activation

. . . T
Q = quant(X)quant(Wg) arg ming HSoftmax(QKT)V — Softmax(QKT)VHF
K = quant(X)quant(Wg)

A

V = quant(X)quant(Wy)




Proposed Method

v' Efficient Gradient-Based Error Correction

: 0|1 IHO| gradient-freeRICHH, O[X| gradient-based+= £f2 calibration set2 0| 2dlAl £t
= 2 U3l o|uf S A3 ]S DFEHO|EHE Low-rank 2 AJ8HD 7|E W freeze

Y = quant(X)quant(W) + quant(X)AB

A c RMX’I"
B ERTXN

low-rank If2t0[E{= reconstruction error (originalf quantized output)2 =
T|11 Attention-FFN 22152 A5 02 X ™51 =

quant(W + AB) 0| 2t0| A0 HEE|= 2}




Experiments

v" Model Setup
. LLaMA 1, LLaMA2 (Zero-shot)

v Quantization Setup
. per-channel weight quantization + per-token activation quantization

v' Calibration Set
: 128 random samples (from WikiText2)
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Table 1: Performance comparisons of different methods for weights and activations quantization on
LLaMA-1 model family. PPL denotes the perplexity.

Model #Bits Method PPL Accuracy (%) T
WikiText2 C4 Avg. PIQA ARC-e ARC-c HellaSwag Winogrande Avg.
| W16A16 - 5.68 7.08 6.38 | 77.37 5248  41.38 72.99 66.93 62.23 |
W6A6 SQ 6.15 7.61 6.88 | 76.65 53.11  40.10 71.52 61.88 60.65
W6A6 OS+ 5.90 - - 76.82 51.35 41.13 71.42 65.98 61.34
W6A6 OmniQuant 5.96 743 6.70 | 77.09 51.89  40.87 71.61 65.03 61.30
| W6A6 QLLM 5.89 734  6.62 | 7726 52.02 41.04 71.40 65.19 61.38 |
aiarss | WAS QUM 5s6 a6 6 761 s @002 707 662 6om
W4A4 SQ 52.85 10435 78.60 | 49.80 30.40  25.80 27.40 48.00 36.28
W4A4 LLM-QAT - - - 51.50 2790  23.90 31.10 51.90 37.26
W4A4  LLM-QAT+SQ - - - 5590 3550 2640 47.80 50.60 43.24
W4A4 OS+ 40.32 - - 62.73 3998 3029 44.39 52.96 46.07
W4A4 OmniQuant 11.26 14.51 12.89 | 66.15 4520 31.14 56.44 53.43 50.47
| WaA4 QLLM 9.65 1229 1097 | 68.77 4520 31.14 57.43 56.67 51.84 |
W16A16 - 5.09 6.61 5.85 | 79.05 59.84 44.62 76.22 70.09 65.96
W6A6 SQ 5.50 7.03 6.27 | 77.80 5636  42.58 75.11 68.11 63.99
W6A6 OS+ 5.37 - - 7829 5690  43.09 75.09 69.22 64.52
W6A6 OmniQuant 5.28 6.84 6.06 | 7840 5728 42091 75.82 68.27 64.54
LLavai3p [WOAS __QLIM 5238 68 605 [ 7791 5770 @9 502 0914 6434 |
WA4A8 QLLM 533 6.91 6.12 | 7829 57.03 4275 74.46 68.35 64.18
 W4A4 SQ 7935 12024 99.80 | 5555 3451 2671 4156 4870 4141
W4A4 OS+ 53.64 - - 63.00 4032  30.38 53.61 51.54 47.77
W4A4 OmniQuant 10.87 13.78 1233 | 69.69 47.39  33.10 58.96 55.80 52.99
| W4A4 QLLM 8.41 10.58 9.50 | 71.38 47.60  34.30 63.70 59.43 55.28 |
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W16A16 - 4.10 5.98 5.04 | 80.09 58.92  45.39 79.21 72.77 67.28]
W6A6 SQ 5.37 - - 77.14 57.61 42091 78.07 69.92 65.13
W6A6 OS+ 4.48 - - 80.14 58.92  45.05 77.96 71.98 66.81
W6A6 OmniQuant 4.38 6.22 530 | 79.81 5879  45.22 78.95 72.21 67.00
LLaMA-1.30B  _WoA6  QLIM 430 617 524 | 7965 S58.08 4411 7838 7324  66.69
W4A8 QLLM 4.40 6.22 531 | 79.11 57.87 44.62 78.03 72.22 66.37
 W4A4  SQ  399.65 24587 32276 | 50.16 28.11 2671 3197 5114  37.62
W4A4 OS+ 112.33 - - 67.63 46.17  34.30 54.32 52.64 51.01
W4A4 OmniQuant 10.33 1249 1141 | 7121 4945  34.47 64.65 59.19 55.79
[W4A4 QLLM 8.37 1151  9.94 [ 73.83 50.67 38.40 67.91 58.56 57.87|
WI16A16 - 3.56 5.62 459 | 80.85 58.75  46.25 80.73 77.11 68.74
W6A6 SQ 4.00 6.08 504 | 7797 5467 44.62 77.51 72.61 65.48
W6A6 OS+ - - - 79.67 55.68  45.22 78.03 73.95 66.51
W6A6 OmniQuant 3.75 5.82 479 | 81.01 58.12 46.33 79.91 75.69 68.21
LLaMA.16sB . WOA6 — QLIM 373 580 477 | 8014 5779 4505 7974 7459 6746
WA4AS QLLM 3.78 8.82 6.30 | 80.14 5859  46.42 79.71 74.66 67.90
 W4A4  SQ 11202 11896 11549 | 61.81 40.15 32.08 4619 5083 4621
W4A4 OS+ 32.60 - - 68.06 4398 3532 50.73 54.30 50.48
W4A4 OmniQuant 9.17 1128 1023 | 71.81 48.02 35.92 66.81 59.51 56.41
W4A4 QLLM 6.87 8.98 7.93 | 73.56 52.06  39.68 70.94 62.9 59.83
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Table 2: Perplexity results of different components in channel re-
assembly. “CD” stands for channel disassembly. “CA” represents
channel assembly. “CP” indicates channel pruning. “Adaptive”
refers to the adaptive strategy. “” is the channel expansion ratio.

LLaMA-1-13B
WikiText2 PTB C4 Avg.
0.00 189.35 539.59 30345 344.13

CD CA CP Adaptive v

0.01 8.31 1444 1074 11.16
0.03 8.01 1352 1027  10.60
0.05 7.85 1338 10.13 1045
[0.07 781 1335 10.11 1042 |

001 8.68 1516 11.12_ 11.65
[0.03  8.72 1499 11.03 1158 |
005 895 1534 1129 11.86
007 939 1598 11.84  12.40

[0.01 8.98 1634 1137  12.23 |
0.03 9.51 18.29 12.7 13.50
0.05 9.60 18.11 13.4 13.70
0.07 11.23 21.61 19.79  17.54

v - v | - 8.41 1438 1058  11.12 |
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Table 4. Comparisons between efficient error correction (EEC) and tuning quantized weights di-
rectly (TQW) for 4-bit LLaMA-1-65B. “OOM?” indicates out of memory.

#Attn-FFN Block Method WikiText2 PTB C4 Avg. Training Time (GPU Hours) GPU Memory (GB)

1 TQW 634 1761 956 11.17 12.16 30.84
1 EEC 8.31 13.77 10.76  10.95 7.79 19.00
2 TQW 6.25 11.18 856  8.66 12.13 52.45
2 EEC 762 1147 939  9.49 7.79 28.60
4 TQW - - - - - OOM
4 EEC 6.87 1136 898  9.07 7.77 47.71
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