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Question & Idea
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Contributions

» We propose a novel affine transform in PTQ, which retains the benefits of PTQ, assures
efficiency and generalization, significantly minimizes quantization error, especially under
low-bit quantization, and enables the deployment of LLLMs on edge devices.

» We propose a novel optimization algorithm that guarantees invertibility throughout the pro-
cess, utilizing the Levy-Desplanques theorem, and simultaneously reduces computational
costs.

* Our method obtains the state-of-the-art performance for large language model quantiza-
tion, especially on low-bit or small models. Without additional overhead, on the w4a4
configuration of LLaMA?2-7B, our perplexity on the C4 dataset is 15.76 (2.26] vs 18.02
in OmniQuant). Similarly, on the w4a4 configuration of LLaMA-30B, our accuracy on 6
zero-shot tasks is 58.61% (1.98 T vs 56.63 in OmniQuant).



We define the pseudo-quantization function as follows:

Qx) = Ax (r;.-fmn,p ({i-‘ + zp,0,2" — 1) — ,?:p) , (1)

where A, zp and n are the quantization step-size, zero point and bits, respectively. |-] is the round-
ing operation. As depicted in Figure 1, AffineQuant involves left-multiplying the affine transform
matrix A by weight matrix W to better align the weight distribution with the quantization func-
tion Q(-). Expanding the optimization space enables smaller quantization errors in the transformed
weights, leading to a reduction in perplexity. Simultaneously, we right-multiply the inverse of the
affine transform matrix A by the activation value X to maintain the invariance of the matrix multi-
plication output between activations and weights. For a single linear layer, AffineQuant formulates
the following optimization problem:

arg min | XW — XA1Q(AW) ||i : (2)
A

PPL x Leg o ||XW — XALQ(AW)|[5., 3)
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Figure 3: Mean square error loss of the last transformer block of LLaMA-7b and OPT-1.3b. “w2al6”

means 2-bit weight-only quantization. “w3al6g128” means 3-bit grouping 128 weight-only quanti-
zation. We optimize 4(0) and 20 epochs in the last block of LLaMA-7b and OPT-1.3b, respectively.
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Figure 2: The gradual mask operates on the affine transformation matrix, gradually incorporating
the elements of matrix A near the diagonal into the training process as training progresses.
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Experiment

Table 1: Weight-only quantization PPL(]) results on the OPT model WikiText2 dataset.

Config Method 126M  1.3B 2.7B 6.7B 13B 30B
FP16 - 2765 14.63 12.47 10.86 10.12 9.56
RTN 1.2e3 1.3e4 1.6e4 6.5e3 4.6e3 1.5ed
GPTQ (Frantar et al., 2022) 23.06  21.17 16.83 15.09 11.73 10.30
w3al6 AWQ (Lin et al., 2023) 69.43 28.01 263.10 15.13 20.09 35.74
OmniQuant (Shao et al., 2023) 35.66 16.68 13.80 11.65 10.87 10.00
AffineQuant 30.56 15.94 13.15 11.44 10.76 9.98
RTN 01.22 119.00 29798 23.54 46.03 18.80

GPTQ (Frantar et al., 2022) 39.24  16.47 13.69 11.65 10.35 9.73

w3al6gl28 AWQ (Lin et al., 2023) 36.74  16.32 13.58 11.41 10.68 9.85
OmniQuant (Shao et al., 2023) 32.25 15.72 13.18 11.27 1047 9.79
AffineQuant 30.21  15.61 1298 11.18 10.51 9.81
RTN 37.28 48.17 16.92 1210 11.32 10.97

GPTQ (Frantar et al., 2022) 31.43 15.56 12.82 11.41 1031 9.63

wdal6 AWQ (Lin et al., 2023) 32.28 15.49 12.93 11.30 10.39 9.77
OmniQuant (Shao et al., 2023) 29.45 15.04 12.76  11.03 10.30 9.65
AffineQuant 28.39 14.92 12.64 1096 10.26 9.65

RTN 30.47  15.29 13.02 11.15 10.30 9.94

GPTQ (Frantar et al., 2022) 29.81 14.89 12.52 1093 10.17 9.58

wdal6gl28 AWQ (Lin et al., 2023) 29.15 1494 12.74 1093 10.21 9.59
OmniQuant (Shao et al., 2023) 28.86 14.88 12.65 1096 10.20 9.62
AffineQuant 28.33 14.79 1258 1092 10.19 9.62




Experiment

Table 2: AffineQuant and OmniQuant quantization performance of LLaMA-7B, 13B, 30B on six
zero-shot datasets using 4/4 bit quantization.

Dataset

PIQA ARC-e WinoGrande BoolQQ ARC-c HellaSwag Avg.

N D DM W D D D
[1LaMA_7B F'P]ﬁ. T7.47 5H2.48 67.07 73.08 41.46 73.00 64.09
il OmniQuant Shao et al. (2023) | 66.15 45.20 h3.43 63.51 31.14 h6.44 H2.65
AffineQuant 69.37 42.55 hH.33 63.73 31.91 D7.6H Hh3.42

[LaMA-13B FP]ﬁ. 79.10 59.89 70.31 68.01 44.45 76.21 66.33
s OmniQuant Shao et al. (2023) | 69.69 47.39 HH.80 62.84 33.10 n8.96 24.37
AffineQuant 66.32 43.90 .70 64.10 29.61 h6.88 H2.58

[ LaMA-30B FP]ﬁ. 80.08 53.92 i A 68.44 45.47 79.21 67.44
ikl OmniQuant Shao et al. (2023) | 71.21 49.45 H9.19 65.33 34.47 64.65 H6.63
AffineQuant 70.84 49.41 h&.64 70.12 37.12 65.53 h8.61




Experiment

Table 3: Quantization performance of LLaMA1&2 on WikiText2 and C4 datasets using 4/4 bit
weight-activation quantization.

Datasets | LLaMA1&?2 | Methods 1-7B 1-13B 1-30B 2-TB 2-13B

FP16 - .68 H.09 410 5H47 4.88
SmoothQuant Xiao et al. (2023)[25.25 40.05 192.40 83.12 35.88

WikiText2| - ywia4 | OmniQuant Shao et al. (2023) |11.26 10.87 10.33 14.26 12.30
AffineQuant 1028 10.32 9.35 1269 11.45

FPI6 |- 708 661 598 697 646

- SmoothQuant Xiao et al. (2023)] 32.32 47.18 122.38 77.27 43.19

W4A4 OmniQuant Shao et al. (2023) |14.51 13.78 12.49 18.02 14.55
AffineQuant 13.64 13.44 11.58 15.76 13.97




Ablation Study

Table 5: Effect of different stability factors « on model performance of OPT-125M and LLaMA-7B.

Dataset | FP16| le) le—1 1le—2 1le—3 1le—4 1le—5 le—6 1le—7 1le—8

OPT-125M WikiText2 | 27.65 | 42.08 45.32 65.77 76.03 76.78 76.00 ’E’ﬁ.-’%ﬁ 76.55 ?{?:.46
w2a16g128 PTB 32.5463.60 68.29 114.41 135.72 125.38 124.12 132.36 132.45 113.75
C4 24.60(45.80 50.84 70.44 79.60 81.48 7T9.72 7T9.67 80.70 79.54

LLaMA-7B | WikiText2| 5.68 | NaN NaN 9.53 10.63 10.90 1099 10.72 11.63 11.67
w2al6 C4 7.08 | NaN NaN 1489 1462 15.31 15.22 14.78 16.66 17.33

Table 6: Contributions of gradual mask on OPT-125M and LLaMA-7B model.

Scheme WikiText2 PTB C4 Scheme WikiText2 C4

EPIG 5765  39.54 94.60 FPiG EG8  7.08

DI;EEEM With Gradual ~ 32.10  39.85 29.97 LL\fQ“"a"i‘%TB With Gradual ~ 9.53  14.89
Without Gradual  53.52  90.47 62.17 Without Gradual NaN  NaN
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