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Introduction

Large Language Models (LLMs) perform well but are limited by their size and computational demands.
Low-precision Post-Training Quantization (PTQ) helps reduce these demands, though it may slightly
affect accuracy compared to Quantization Aware Training (QAT) at very low precision. Recent PTQ
advancements use linear transformations to make pre-trained weights easier to quantize by
reducing magnitudes and suppressing outliers. In a nutshell, given the features X and weights W , a
linear transformation T is applied to weights W to make TW more quantization-friendly than W. i.e.

XW = (XT " 1H)(TW) =~ (XT"H)Q(TW)

Q(Tw) is the quantized weights. However, this PTQ method requires architecture changes and extra
inference overhead. To overcome this, we propose MagR, a non-linear method with channel-wise [, -
regularized least squares, reduces quantization scale without adding inference overhead.

' 1 — 112
ming cgm E”XW —XW|" + allWlle

where a serves as the regularization parameter, balancing fidelity and regularization.
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To address the [ -regularization problem, we develop
a parallelizable proximal gradient descent algorithm
that computes [, -ball projections at each iteration.

MagR achieves two key goals:

® |t reduces the channel-wise maximum weight magnitude.
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Quantization error

® |t preserves model performance with minimal
accuracy loss and reduces quantization error.

0.26

0.24 4

0.22 A

0.20 1

Model Method | Wikitext2 (PPL]) C4 (PPL])
Original 5.47 6.97
LLaMA2-TB | \p o 5.52 7.04
Original 4.88 6.46
LLaMA2-13B | \p R 4.92 6.52
Original 3.31 5.52
LLaMA2-70B | \p R 3.35 5.56
LlaMa2-7B LlaMa2-13B
—e— With MagR 0.26 { —e— With MagR
—e— Without MagR J/ —e— Without MagR

Quantization error

T T
14 65

T
121

T
184

Layer index

T
217

T
14

T
88

T T T
145 215 271
Layer index




UNIVERSITYATALBANY
State University of New York M et h o d

Proximal Gradient Descent

l.-norm is convex but not differentiable. Instead of subgradient methods, we use proximal gradient algorithm to
solve it, which matches the convergence rate of standard gradient descent. With the step size n > 0, proximal
gradient descent takes the following iteration:

k+1

1 ~
w = ProXpna||-lleo (Wk —nVy 2—||XW — XW”Z)

= pI‘OXna”.”oo(Wk —n-XT X(wk — W))

where prox, .., With the scalar t > 0 is the (scaled) proximal operator of [,,-norm function, defined as:

1
prox.,, (v) 1= arg minyegm Ellx —v)|% + t]lxl

Proximal Operator of [,-Norm
It turns out we can compute it by leveraging the celebrated Moreau decomposition

, v
proXe|.|,,(v) = v —t- projj,<1 (;)

projy.,<1 (@) := arg mingegm||x — v||* s.t.||lx|l; < 1
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Language Generation

Experiment

We tested MagR on Language Generation tasks. The results for LLaMA family are shown in the following tables. MagR
consistently improves the performance of RTN and OPTQ. Moreover, MagR+OPTQ outperforms most methods across
the LLaMA family models for both per-channel and per-group weight quantization.
Datasets Wikitext2 C4 Datasets Wikitext2
LLaMA /PPL,| 2-7B 2-13B 2-70B 2-7B 2-13B 2-70B LLaMA /PPL| 1-7B 1-13B 1-30B 1-65B | 1-7B 1-13B  1-30B  1-65B
FP16 Baseline 5.47 4.88 3.31 6.97 6.46 5.52 FP16 5.68 5.09 4.10 3.53 7.08 6.61 5.98 5.62
SPTQQ t ;77;3 f-;;fl* 777'3915 9N0Ag 32263-7162 ‘ggé OPTQ 2.01e3  55e3 49975 5591 | 689.13 2.5¢3 169.80 40.58
W2A16 | T 213 1009 633 | 3133 1313 894 W2A16 | OmniQuant T 1547 1321 871 758 | 2489 1831 13.89 10.77
MagRIOPTQ" | 1673 1Lid 595 | 373 1445 853 MagR+OPTQ' | 19.98 941 847 641 | 2469 1637 13.09 882
OPTQ T 3R id - 3370 9097 - OPTQ 4401 1560 1092 951 | 2771 1529 1193 11.9
“;21%6 OmniQuant 11.06 8.26 6.55 15.02 11.05 8.52 W2A16 | OmniQuant 972 793 712 595 | 1297 1036 936  8.00
MagR+OPTQ 9.94 7.63 5.52 14.08 1057 8.05 g128 MagR+OPTQ 9.89 9.22 6.72 6.41 13.14  10.62 8.05 9.14
RIN 53048 1068 752 | 40235 1251  10.02 RTN 2573 1139 1495 10.68 | 2826 1322 2866 12.79
OPTQ 8.37 6.44 4.82 9.81 8.02 6.57 OPTQ 806 676 584 506 | 949 816 729 671
waale | AWQ 2000 1045 - B BT W3Al6 | AWQ 11.88 745 1007 521 | 1326 913 1267 7.1l
OmniQuant -58 5.58 3.92 8. 7.44 0 OmniQuant 649 568 474 404 | 819 732 657 607
%Z§R+RTN g-gg 21;‘5‘ i-gi 1%7748 ;g‘; 2;‘7‘ MagR+RIN | 793 671 566 479 | 977 846 738 687
MEgR+OPTO 641 sal 182 823 219 603 MagR+OPTQ | 686 543 473 42 | 865 1721 656  6.16
RIN €65 55T 397 S0 718 00 RTN 701 588 487 424 | 862 7149 658  6.10
e | oPTQ 6.29 512 385 789 700 585 w3als | OPTQ 655 562 480 417 | 785 710 647 6.0
“?1286 AWQ 6.24 53 ) 784 6.94 . o128 | AWQ 646 551 463 399 | 792 707 637 59
OmniQuant 6.03 5.8 3.78 7.75 6.98 5.85 OmniQuant 615 544 456 394 | 775 705 637 593
MagR+RTN 6.46 545 3.05 822 712 6.00 MagR+RTN 690 550 482 417 | 846 719 652  6.02
MagR+OPTQ 6.00 523 37 7.77 6.93 5.84 MagR+OPTQ | 629 541 452 395 | 778 709 638 593
RTN 6.11 5.20 3.67 7.71 6.83 5.79 RTN 643 555 457 387 | 793 698 634 585
K\I;VT(;? ‘55*132 23 3.58 ;2; 2-;2 5.67 OPTQ 613 540 448 383 | 743 684 620 580
WAALS | (S ane S7a <o sar e o s Waale | AWQ 608 534 439 376 | 752 686 617 577
oulp <04 sl 353 801 658 el OmniQuant 586 521 425 371 | 734 676 611 573
MagRiRTN =51 =17 . =55 e ) MagR+RTN 616 542 436 380 | 766 687 622 582
MagR+OPTQ 5.70 4.97 3.44 7.28 6.63 5.63 MagR+OPTQ 6.03 5.23 4.24 3.72 7.39 6.77 6.13 5.75
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Zero-shot tasks

We evaluated the performance of quantized models
on four zero-shot tasks, shown in the following table.

LLaMA2/Acct WBIits | Method ARC-C ARC-E PIQA  Winogrande Avg. - H
FP16 | - 40.0 693 785 673 63.8 The adaptive capacity of MagR
4 OmniQuant 379 678 771 67.0 625 : : :
4+ | MagReOPTQ | 3 684 78 s et We mvesUgat_ed .the combined effects of MagR and
LLaMA27B ; I?AI:;;?'I:)&;;Q giz 662; ;3‘3 6336 ::E QulP. MagR significantly enhances the performance
2 | OmniQuant 216 352 575 515 415 of QuIP on LLaMA2 models family.
2 QuIP 19.4 260 546 51.8 375
2 MagR+OPTQ' 22.0 36.7 59.8 51.1 2.4 Datasets Wikitext2 C4
FP16 | - 45.6 73.3 79.1 29-6 25-9 LLaMA /PPL| 2-7B 2-13B 2-7B 2-13B
4 OmniQuant 431 702 784 78 4.9 -
4 QuIP 449 733 79 o 667 FP16 Baseline 5.47 4.88 6.97 6.46
4 MagR+OPTQ 442 720 780 68.6 65.7 W2A16 QulP 27.13 10.09 31.33 13.13
LLaMA2-13B 3 OmniQuant 420 690 717 65.9 63.7 MagR+QuIP 13.31 9.40 14.49 11.07
3 QulIP 41.5 70.4 76.9 69.9 64.7 QUIP 6.50 534 874 7.34
3 MagR+OPTQ 422 690 717 66.5 63.9 W3A16 ' ) ’ '
2 OmniQuant 23.0 444 626 526 457 MagR+QuIP 6.25 5.29 7.88 7.02
2 QuIP 235 452 62.0 52.8 459 W4A16 QulP 5.94 5.01 8.01 6.88
2 MagR+OPTQ! | 232 43 64 52.1 455 MagR+QuIP 574 4.99 725 6.63
FPi6 | - 511 7717 811 770 717
4 OmniQuant 498 779 807 75.8 71.1
4 QuIP 470 743 80.3 76.0 69.4
4 MagR+OPTQ 50.1 775 808 76.0 711
L LaMA2.70B 3 OmniQuant 476 757 797 735 69.1
3 QuIP 463 732 80.0 74.6 68.5
3 MagR+OPTQ 477 766  79.4 75.4 69.8
2 OmniQuant 287 554 688 532 515
2 QuIP 34.0 622 748 67.5 59.6
2 MagR+OPTQ! | 359 613 747 64.8 59.2
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Concluding Remarks

This paper introduces MagR, a method to shrink weight sizes in pre-trained language
models, helping improve accuracy in common quantization methods. By grouping
weights closer together, MagR allows for smaller quantization steps. Experiments on
LLaMA models show state-of-the-art performance without any inference overhead,
making MagR practical for quantized model deployment.

Thank youl!



