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Diverse algorithms support. 16 different methods covering weight-
only, weight activation, and mixed-precision quantization.
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Benchmarking LLM Quantization
Impact of Calibration Data

Calib. Data: C4 Calib. Data: Pile(val)

Token distribution consistency. It’s

0.04
important to select calibration data
0.02: DKL — 160 ] DKL — 251 . . . . .
with an aligned distribution for the
0-00 5™ ""10000 20000 30000 O 10000 20000 30000 data in practice.
Token ID Token ID
Calib. Data: WikiText2 Test Data: WikiText2 . .
0.041 Calib. Data GPTQ AWQ OmniQuant
o Dy = 0.54 C4 6.323 6173 5717
Pile (val) 6.330 , 6.195  5.753
I | | .y o | |
0.005 10000 20000 30000 O 10000 20000 30000 WikiText2 | 6.13310.568 1 6.14410156 1 5.69710516
Token ID Token ID

Intra-sentence logic. Break the logic within the calibration sentences can cause a non-
negligible accuracy drop ( show differences in results from randomly
shuffling token order within each data entry).

Dive into the Quantization Algorithms
Technique Approach Strategy Eq. Trans Algorithm
s = max(|X|") /max(|W|1=7),vy = 0.5,0.75, ... v SmoothQuant(Xiao et al., 2023)
Q,where QQT =Tand |Q| =1 v QuaRot (Ashkboos et al., 2024)
TRANSFORMATION s = max(| X |7)/max(|W|!~7), grid search for v € [0, 1] v AWQ(Lin et al., 2023)
Search-based
s = max(1.0, max(X)/t), grid search for ¢ v OS+(Wei et al., 2023Db)
______ R
Learnining-based s = argming L, 8 <— 8 —n—5, v OmniQuant(Shao et al., 2023)
SmoothQuant(Xiao et al., 2023),
_ B OS+(WEei et al., 2023b),
a=1p=1 / GPTQ(Frantar et al., 2022),
CLIPPING oo QuaRot (Ashkboos etal., 2024)
Search-based grid search for o = 8 € [0, 1] X AWQ(Lin et al., 2023)
L L) o, A 9 2(23)""""""". _______________
Learning-based a,B=argmin, g L,a < a—n—73",B« B—n—"7F5" X OmniQuant(Shao et al., 2023)
RECONSTRUCTION  Fessian-based W« W-EH ' H'=02XX"+ ,\I)‘1 X GPTQ(Frantar et al., 2022)

How Does Transformation Influence Activation and Weight Outlier?
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. : . 1 Xi—u :
Definition. Kurtosis value is defined as K = - ) ( ‘G ) , Where u and o represent mean and variance of a

tensor X, to reflect outlier conditions.
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1. Scaling-based transformation methods achieve lower K for activations at the cost of
higher K for weights compared with full precision,

K for some specific positions like down proj layers is significantly higher than
others. These positions have a pronounced 1mpact on accuracy.

3. Although the rotation-based transformation reduces outliers by directly optimizing
the tensor’s outliers, 1t may not realize obvious accuracy improvement in some cases.

(Upper) Due to the neglect of optimizing output

Method q_proj k_proj v_proj o_proj gate_proj up_proj down_proj PPL| : . . R
quantization error (cosine similarity in the gray cells),

Full Prec. 3.6505 4.3354 3.4174 3.4720 3.2991 3.2300 3.5845 6.14 QuaRot results in higher PPL even with fewer outlier
Awg 49219 6.1633 34602 34720 33190 32438 43083 issues. (Down) The gray raw indicates the results are
0.9960 0.9960 0.9784 0.9387 0.9882 0.9628  0.9479 obtained with down proj layers transformed.
QuaRot 29051 2.9050 2.9069 29075 29074 29073 29075 ..
0.9962 0.9967 0.9797 0.8286 0.9764 09579 09230 @@ @@ @@
AWQ SmoothQuant OS+ OmniQuant QuaRot * S * o *
wda8 w6a6 wda8 w626 wda8 w6ab wda8 w6a6 wda8 w6a6  wpe hEmI.ehamt o e el e BE S
860 7.00 885 7.04 855 7.01 883 7.02 977 695 (@)™ i (@) [@) it et
777 679 792 685 776 6.81 792 683 943 6.74
Code Document  Paper

When Should We Utilize the Weight Clipping?

Symmetric or asymmetric. Symmetric clipping with symmetric quantization
maintains more information (i.e., solid gray box) than with asymmetric quantization,
and for asymmetric clipping vice versa.

Sym. Quant. . .
ym. Q Asym. Quant , LLaMA-2-7B LLaMA-2-70B
Clip 4 i Ev oi\[ E JEQ Avg. PPL| Avg. Acc.T Avg. PPL| Avg. Acc.t
i i AW 7.25 61.18 4.90 80.95
fincui TR | WG B 10 w3al6g128 - - vQ TS elis 490 80%
Sym. E i x AWQ w/ asym. clip 7.21 61.59 4.89 81.07
Clip ! : AWQ 1.8¢5 37.69 6.8¢4 32.84
i i w2al6gb4 - — - — - - - - - - — - o — o oo
i i AWQ w/ asym. clip  13.26 48.77 6.49 75.31
=-a i0 a B i0 a
Bit-width. w3al6gl28  wdal6gl28 w626 w8a8
. . . . Model
1. For hlgher bit (4-blt) Welght—only w/ clip w/o clip w/ clip w/o clip w/ clip w/o clip w/ clip w/o clip
quantization, clipping has a side-effect,  rravasss 1174 1123 1199 1742 11035  9.46 1073 1035
. . _ . 30.60 24.80 4060 4220 40.60 3940 4380 43.80
unlike improvement for lower-bit (3-bit). L 808 757 909 L6z 2638 2575 1679 1666
5400 5420 5920 60.00 5820 5820 6020 57.60

. For weight activation quantization,
suitable clipping exhibits positive effects
whatever bit-width.

Should We Combine Transformation and Reconstruction?

Accuracy on GPQA 1s highlighted in gray rows, and the
rest for MBPP.

Observations.
. . . Metric GPTQ AWQ AWQw/ GPTQ QuaRot QuaRotw/GPTQ
1. The scaling-based transformation like " e 109 1058 — .
Avg. PPLy 1067 1098 1055 St A D)
AWQ w/ GPTQ shows moderate Avg. Acct 7196 70.72 72.72 45.90 74.84

improvement for LLaMA-3-8B.
2. However, The rotation-based method QuaRot w/ GPTQ far surpasses QuaRot alone.

Reasons.

1. Scaling-based transformation methods may amplify weight outliers . This gives rise
to a larger challenge for iterative compensation during the reconstruction,

However, QuaRot,

which effectively eliminates weight outliers, pairs well with GPTQ.

. Rotation-based transformation only aims to decrease tensor outliers without
considering output errors, GPTQ
exactly considers the output error through approximated Hessian matrix,

M th d . . . . . . .
i QuaRot w/ GPTQ AWQ w/ GPTQ . etho g_proj k_proj v_proj o_proj gate_proj up_proj down_proj
1000 . QuaRot 0.9962 0.9967 0.9797 0.8286 0.9764  0.9579  0.9230
a(S
2000 | QuaRot w/GPTQ 0.9971 0.9975 0.9847 0.9476  0.9895 0.9791 0.9529

2 3
~ Output cosine similarity between the original layer and the

quantized layer.

3000

40004 — — @@= [
0 1000 2000 3000 4000 O 1000 2000 3000 4000

Integer or Floating-point Quantization?  pervations.

1. For the weight-activation quant-
1zation, FP quantization consist-
ently surpasses INT quantization
by a large margin as 1t can better
overcome the outlier 1ssue.

Full w3al6gl28 w4al6gl28 w4al6 wéad wb6ab

Prec.

Naive AWQ Naive AWQ Naive AWQ Naive SmoothQuant Naive SmoothQuant

547 6.66 6.19 5.78 5.59 6.11 5.81 NaN NaN

6.89 638 5.70 5.63 5.839 5.75 90.85 16.35 5.56 5.56

INT (gray rows)/FP (white rows) quantization. Naive means
simple round-to-nearest quantization.

2. Conversely, when applying weight-only quantization, the FP quantization achieves
worse performance under ultra-low-bit (< 3-bit) or small group size.

Insights.

1. The positive zero and negative zero in FP format constrain the representation
capability of this quantization type, particularly under low-bit.

I'he range of small group size 1s more uniform, which 1s unsuitable for FP

quantization.

I'he symmetric FP quantization struggles to deal with the asymmetry in LLMs.

2.

Reproductivity of LLMC

MMLU BoolQ ARC-e

w4al6g128 w8a8 MMLU BoolQ ARC-e PIQA
AWQ 46.36 7125 54.14 77.04 SmoothQuant 46.17 69.76 49.03 77.26
AWQ-LLMC 4647 7162 5396 7726  SmoothQuant-LLMC - 46.28 69.08 5097 77.26
"GPTQ 4336 7281 5150 77.86  QuaRot w/ GPTQ 4638 71.50 52.73 77.75
GPTQ-LLMC 4340 7291 51.50 77.75 QuaRot-LLMC + w/ GPTQ-LLMC. 4642 70.61 53.26 77.97




