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47 B EOf| CHS 3~16-bit parameter Of 7 B1=9|
Z bit =& 12{2} mean zero-shot performance

-I_

-—

HA

Ct

0jo

a2

rk

o e
= O

1. FHI H=24F 850 CHdl 4-bit precisionO|
19| 2= model family2t model size®| CHSH
%™ 9| scaling= M=

2. scaling curve= 2| BASIH, bit-level
scalingO| L& scaledl =

I
2
o

3. 3-bit 20| A Pythia2t OPTE 20tH, 7%
= ZEo Z HEO| 72 H5(35%)

OPT

o

o

=)
"

Mean zeroshot accuracy
o [=]
w wm
o w

0.45 Bit precision
: —_ 3
4
0.40 A 8
— 16
0.35 T T T T
10° 100 101! 1012
Total model bits
0.75 -
Pythia
0.70 A
a 0.65
©'0.65 1
—
3
O 0.60 -
©
S
£ 0.55
w
o
@
N 0.50
s
Bit precision
[} J
s 0.45 3
— 4
0.40 A — 8
— 16
0.35 T T T T
10° 10'° 10! 102
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Small block size improves scaling
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Results & Analysis

Small block size improves scaling & Data types improve scaling
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Results & Analysis

Outlier-dependent quantization improves stability, but not scaling (OPT, Pythia)
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Preliminaries

Floating-Point Quantization Process - Figure (FP5, E2M?2)
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Preliminaries

Formulation of Floating-Point Variables
gHH O = FP= Off2r €0 #2 (Eq.1)
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Preliminaries

Floating-Point Quantization Process
M4 QUXIBIOA Al Zh HZ X RS Of2f 2AS E3f M4 X INTE X3} (Eq.2)
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Floating-Point Quantization Process — Scale and clip.
FP Quantization0| M= ZFAt2l O| MO = A= gf H==F Scaling & Clipping (Eq.3)
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Floating-Point Quantization Process — Scale and clip.

O 7| A Integer exponent bias b = Q_max2t Q_min= A|0{St= hyperparam & StLIZ,
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Floating-Point Quantization Process — Scale and clip.
FP Quantization2| &Atzt Z|CHZE @_maxO| Of2ie} &€= [, (Eq.6)
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Floating-Point Quantization Process — Compare and quantize.
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Floating-Point Quantization Process — Compare and quantize.

Xp _
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. J2UeeXRIFPIm i |1og, X} |+ > 1
91l—m otherwise




Preliminaries

Floating-Point Matrix Multiplication
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Method

Joint Format and Max Value Search

Post-training quantization(PTQ)2| objective=
LRtot2 QIS pre-trained real-valued networkOfl =0{7t&= perturbation2 £|23t5H= A! (Eq.11)

min E[L(XRg + 6X) — L(XR)]
(06X = Xpp — XR)
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Joint Format and Max Value Search
oF 412 KHEASH A
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Joint Format and Max Value Search
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Method

Joint Format and Max Value Search

AM T2 AL Eq 128 HA88HE X EE ALSI0] 0j0] W2 Y

1. ZF 0|9 | O] intermediate raw output2 X Z&5H7| 2%t forward
propagation

2. Eq.128 Z[|4321510f, 2f 2f|0[0{0f Lot XXM O] Fp A1} biasE 3
ol 2tRE ot HtEXo R YHO|E

O ZAM 7|8 =3 (LA E FP Quantization BaselineO|2t11 O|E Al 1,
6, 8-bitd| A SOTAE HMRCID &

Algorithm 1 FPQ baseline

I: Input: Calibration dataset, Full-precision Model M,

Quantization format search space Rx (e.g., Rx =
{E3MO0, E2M1, E1M2} for FP4), number of round
n=3J3,

2: Output: FP ¢ Quantized model

3: for in 1°' to L*" layer in M do

4: Forward & collect raw output O' = X'Y"* of layer [;

5: end for

6: for lin 1°* to L'" layer in M do

7 Initialize the FP format search space w.r.t X "and Y
as R =dre vs ... 05 band R ={re. %, vt b

8: Initialize bias 5;, Ei, with Eq.7 for each format can-
didate r% € R, and 7, € R,,.

S Generate search space of b, in ¢ formats to be

[,)/1 E;'?zt, ’72 bznzt] and EY to be [’Yl 'ant’ ,72 bznzt .
10: for Otondo

11: Search for b’ w.r.t each % that minimizes Eq.12
12: Search for rx € Ry that minimizes Eq.12

13; Search for bY w.r.t each r, that minimizes Eq.12
14: Search for r{, € R,, that minimizes Eq.12

195; end for

16: end for
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Pre-Shifted Exponent Bias

== 0 FP formatl| X|== FZ 0| tigt X2| S 7Hdot7| 2loff notet 7|8

—

ZEN O = FP formatO| M K|~ 222 XAt2| 2|E 285t=1|,

Pre-Shifted Exponent Bias= X|5= £ £33 X7835t0{ Quantization IPJ0M H L2 452 WS =2

Of

£3| high inter-channel varience(LLMO| Al Z} Channel2| Activation 2{=0| A2 L}
2

Moo= CIREHN, HA B TAtetet Aol st 285 74

E rir
I
i
H
M
N
nal
M

— - —

=20 AHO|AE

Pre-Shifted Exponent Bias &' S Joint format and Max value search framework®} Z&st A2 FPQZt H7



E . t Quant Method | #Bits (E/W/A) | # Calib | BoolQ PIQA HellaSwag WinoGrande ARC-e ARC-c Avg.
X p e 1l e n S LLaMA-7B Fullprecision | 16/16/16 | - | 751 787 569 69.9 753 419 663
MinMax INT Quant 8/8/8 32 | 643 668 405 574 500 296 529
MinMax FP Quant (E4M3) 8/3/8 32 | 749 786 568 69.5 755 416 66.1
SmoothQuant (Xiao et al., 2022) 16/8/8 512 | 740 775 550 69.6 744 374 646
FPQ baseline 8/8/8 3 | 758 783 559 69.5 756 413  66.1
FPQ 8/3/8 32 | 756 782 566 702 746 407 66.0
Commonsense reasoning taskOf| A MinMax INT Quant 4/4/16 32 | 641 761 516 66.3 724 400 617
i = ol == MinMax FP Quant (E2M1) 4/4/16 32 | 730 779 552 69.1 736 409 64.9
LLaMA-7B, 13BOf| Cliet FPQL| 2 1IE B7t GPTQ (Frantar et al., 2023) 4/4/16 28 | 33 779 549 67.9 727 374 640
FPQ baseline 414116 32 | 748 779 556 69.5 752 410 657
FPQ 4/4/16 32 | 742 778 558 69.9 749 404 655
x Ol MA HAIS

HOlH MMl & y g AlLh2 L MinMax INT Quant 4/4/3 32 | 504 565 279 46.5 361 212 397
o| m™7 = |d} 5 MinMax FP Quant (EAM1/EAM3) | 4/4/8 32 | 0 775 550 69.3 736 409 64.9
EleutherAl2| 745 7[RI 2 g FPQ baseline 4/4/8 32 | 750 776 559 69.9 743 394 653
FPQ 4/4/8 32 | 750 777 555 69.8 745 399 65.4

MinMax INT Quant 4/4/4 32 | 541 517 256 498 247 229 381
_ N . _ L MinMax FP Quant (E2M1) 47474 32 | 473 531 257 50.7 251 224 374
8-bit preC|S|on01| ML Int QuantE N 25t SmoothQuant (Xiao et al., 2022) 16/4/4 512 | 541 628 415 52.6 506 329 491
o| Hl~ah Al LLM-QAT (Liu et al., 2023) 16/4/4 | (QAT) | 635 643 556 52.9 503 302 52.8
7{o| H|==ot & FPQ baseline 41414 32| 574 566 302 51.1 377 232 427
FPQ 4/4/4 32 | 642 T35 478 63.7 659 336 581
o - .. LLaMA-13B Full-precision 16/16/16 ~ | 779 792 599 72.6 774 464 689
SHAIF 4/4/4-bit precision© = Lj2{7HH, MinMaxINT(guant | 8/8/8 | 32 | 60.6 696 460 615 633 328 556

E = o u . . . . - . .
FPQ’t CHE Y =2 ™2 0|7H 2|1, MinMax FP Quant (E4M3) 8/8/8 322 | 780 791 600 723 772 471 68.9
SmoothQuant (Xiao et al., 2022) 16/8/8 512 | 765 780 580 721 763 455 682
FPQ baseline 8/8/8 32 | 780 791 599 723 772 471 689
16/16/16-precision®| LLaMAO] H|d} FPQ 8/8/8 32 | 781 785  59.1 72.4 764 461 68.4
o o M 7h Al MinMax INT Quant 4/4/8 32 | 521 650 364 53.9 523 200 48.1
7BOIM 8.2%, 13BOIM 5.2%2| 45 HAR0  \inMax FP Quant E2MUEAM3) | 4/4/8 32 | 780 789 580 71.6 760 448 67.9
Ol O L}X| Q4orS FPQ baseline 4/4/8 32 | 762 782 579 71.9 75.1 439 672
= LS M B3 FPQ 4/4/8 32 76.4  78.5 58.2 72.1 75.2 447 675
MinMax INT Quant 4/4/4 32 | 545 527 255 51.1 253 221 385

MinMax FP Quant (E2M1) 4/4/4 32 | 458 517 255 495 250 228 367
SmoothQuant (Xiao et al., 2022) 16/4/4 512 | 576 613 560 52.6 499 251 504

FPQ baseline 41414 32 | 543 577 357 522 411 257 445

FPQ 41414 32 | 719 748 533 66.7 717 399 631

Table 1: Zero-shot performance on common sense reasoning tasks with LLaMA (Touvron et al., 2023) models. We
denote E/W/A as the bit-width of word embeddings, model weight and activations, respectively.



Experiments

Quant Method #Bits (E/W/A) | # Calib| MNLI_,, QQP QNLI SST-2 CoLA STS-B MRPC RTE Avg.
GLUE benchmarkj| A, — | | | 8
BERT 2 20| M3 FpQo| Z1HE T} (Full-precision) | 323232 | - | 849 914 921 932 597 901 863 722 837
=0l Je2 FPQ2| 2415 & MinMax INT Quant 8/8/8 128 770 899 889 929 518 882 838 715 805
MinMax FP Quant (E2MS5) 8/8/8 128 789 90.8 88.6 929 527 884 843 69.0 807

.. o MinMax FP Quant (E3M4) 8/8/8 128 845 909 915 932 583 893 877 718 834
Full-precision BERT model= MinMax FP Quant (E4M3) 8/8/8 128 84.7 909 917 930 586 893 865 722 834
; (=} _ = ALL  MinMax FP Quant (ESM2) 8/8/8 128 84.1 909 914 936 581 892 875 71.8 833
huggingFaceO| Al 7tX 2 BERT-baseS Al8 FPQ baseline 8/8/8 128 846 909 917 931 586 893 880 722 835
FPQ 8/8/8 128 846 91.0 916 933 588 893 88.0 722 836

MinMax INT Quant 6/6/6 128 319 620 528 588 00 127 321 527 379

, o MinMax FP Quant (E2M3) 6/6/6 128 435 854 794 905 452 860 669 599 69.6
4/4/4-bit preC|S|on01|A‘| Bech(2021)I_'f H| M'mMaxFPguant (EZMZ) 656;6 133 33.3 90.3 go.s 9%.% 58.% gg.g g;_/g 73.2 83.0
" o o & o o MinMax FP Quant (E4M1) 6/6/6 1 4. 90.2 90.1 922 58. . 3 69.7 824
oM Bot H2te 7iH8=0] 44.3%, FPQ baseline 6/6/6 128 | 846 909 912 932 588 887 875 708 832
Qdrop(2022) 2Lt 7.9% 74 FPQ 6/6/6 128 | 845 908 916 931 573 893 887 718 832
Al ] Lo " o/ HF MinMax INT Quant 4/4/8 128 331 638 60.1 493 00 440 502 49.1 437
& X[ 0 Full preC|S|onJ_f HI WM E 3.6% S MinMax FP Quant (E2M1) 4/4/8 128 606 709 774 799 55 786 468 56.6 59.5
O] XO|7} 2t MREM-S (Bai et al., 2022) 4/4/8 4096 | 835 902 912 914 551 89.1 848 718 82.1
: MREM.-P (Bai et al., 2022) 4/4/8 4096 | 834 902 910 915 547 8.1 8.3 7.1 822

FPQ baseline 4/4/8 128 844  90.6 914 929 586 837 882 73.3 829

FPQ 4/4/8 128 845 90.6 91.1 927 588 893 887 733 83.6

: N MinMax INT Quant 4/4/4 128 318 397 505 49.1 00 67 316 545 329
4/4/8-bit M EIO|AM At=t 1HE 0| 409671 MinMax FP Quant (E2M1) 4/4/4 128 336 540 506 508 00 00 316 520 341
s _ P ) BrecQ (Li et al., 2021) 8/4/4 4096 | 319 623 507 509 09 64 317 523 358

GO & M?E—I: Mﬁ{EAIEIA S, MREM P7TAFUH QDrop (Wei et al., 2022) 8/4/4 4096 | 714 790 768 881 409 819 792 60.7 72.3
recisiond ulo 1.6%/1.5% FPQ baseline 4/4/4 128 389 683 553 836 106 00 438 552 445
Precisio 6%/1.5% a4, FPQ 4/4/4 128 | 823 892 866 9.5 526 855 838 69.0 80.1

Table 2: Results on the GLUE development set with BERT (Bai et al., 2022) model. We denote E/W/A as the
bit-width of word embeddings, model weight and activations, respectively.
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Experiments

017 o) mE o W/A | Quant Method Deit-S Deit-B ViT-S
Full-prec | - 799 818 814

H|etot= FPQ Edet BRI 6/6 | PTQ4ViT(Yuanetal., 2022)| 76.3 80.3 78.6
Vision-Transformer0| = &2 =+ U= 6/6 | APQ-ViT(Ding etal., 2022) | 77.8 804 792
= N 6/6 MinMax FP Quant (E3M2) | 79.3 81.7 80.7
FPQS V|T0|1=|| ;—*.%OLT'-, _ 6/6 FPQ baseline 79.43 81.7 809
ImageNet & taskO|Al FPQE FP-PTQ 6/6 FPQ 79.5 818 81.1

baseline X ViTO|| CH2F SoTA Y&} H| W
4/4 PTQ4ViT(Yuan et al., 2022) | 34.1 644 426
4/4 APQ-ViT (Ding et al., 2022) | 43.6 67.5 48.0

ViTO| FPQE ® L3l Z7F olojm el ap U x|st 4/4 MinMax FP Quant (E2M1) | 04 0.1 0.1
4/4 FPQ baseline 6.57 0.71 0.3
4/4 FPQ 750 794 732

o|Te AH2 low-bitZ LA I, : '

,gl =t El ?%OllAjr Xt of éﬂ? Wbt e e Table 3: Comparison on the ImageNet dataset with

vision transformer structures.



Experiments

FPQO'” EH@' Calibration Size9| Ccl;@:% I:ll-rIL E/W/A #Calib MNLI'M QQP COLA
4/4/4 32 81.5 894 444
Calibration SizeE 4/4/4 64 81.8 894 4709
32 /64/ 128 / 256 2LE HIA|F|HA HAE 4/4/4 | 128 82.3 89.2 52.6
4/4/4 256 81.9 89.0 529
MNLI, QQPO|| Lot B7t= Calibration SizeO| 6/6/6 32 84.8 90.8  55.0
CH8lH Z403F ColAS £4t0] O 2 6/6/6 64 84.7 90.9 58.2
6/6/6 128 84.5 90.8 57.3
6/6/6 256 84.6 90.8 57.6

-

271 Calib dataSt 20| R[BHE 0l A0 A : : : — .
s ggf E'b%daﬂta%r A &7 Table 4: Ablation studies of different calibration sizes.
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Conclusion
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