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« Background

 QOutlier Suppression+: Accurate quantization of large language models by
equivalent and effective shifting and scaling [EMNLP 2023]

 Vision Transformers Need Registers [ICLR 2024]
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Background

* Quantization
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Figure 1. Quantization example VDS
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Outlier Suppression+: Accurate quantization of large language models
by equivalent and effective shifting and scaling

[EMNLP 2023]
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Introduction

 Problem setting
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Introduction

* Problem setting

- Channel shifting | scaling= &0l outlier2| 2
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Figure 2. Outlier distribution
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Method

* Channel-wise Shifting
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Method

* Channel-wise Scaling
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Method
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Method
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Experiments

 Setting
iy m
-Small: BERT-base, BERT-large
-Large: OPT, BLOOM
= Quant bit
-INTS, 6, 4
= Calibration Data)
- Train dataset & T2 2 =0 1287l sample Tt AFE
-GLUE ItA| & dl'd =0 ¢l H|O[H &, LLM2 PILE H|O|H X5
-Hlu BEE
-MinMax, Percentile, OMSE
-PEG, Outlier Suppression, SmoothQuant, ZeroQuant
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Experiments

-y gt

Model Method PIQA (1) Winogrande (1) HellaSwag (1) LAMBADA (1)
FPI6 INT8* INT6 FPI6 INTS* INT6 FPl6 INT8* INT6 FPl6 INT8* INT6
ZeroQuant 541 530 521 511 265 258 29 00
Method CoLLA MNLI QNLI SST-2 STS-B  Avg. OPT-13B SmoothQuant  75.8 76.0 735 65.1 64.9 60.3 525 522 492 68.6 68.3 652
FP32 50.6 84.9 91.8 934 805 838 05+ 76.4 75.8 65.0 64.0 523 51.7 68.3 065.7
INT8* ZeroQuant 542 520 51.8 518 26.4 25.7 9.7 0.0
MinMax 523 813 890 9L1 862 79.5 OPT-30B SmoothQuant 776 772 667 685 682 550 543 542 374 715 710 134
OMSE 548 821 897 913 877 816 0S+ 774 774 680 689 542 537 708  69.6
PEG 94 BLI 9L 927 K19 823 ZeroQuant 532 519 507 480 261 257 06 00
0s 63 |9 02 N9 82 BO OPT-66B SmoothQuant 787 783 520 689 683 521 564 559 265 739 729 00
0s+ 609 844 911 927 883 835 0S+ 787 715 69.0 694 562 558 730 727
INT6
OMSE B4 T mIed BE TS oprarse SmoohQuamt 797 197 526 15 72 491 93 589 260 747 746 05
. - yunlalel uant ; . o . . 3 . R 260 . . :
Percentile 373 721794 873 868 729 05+ 796  80.0 725 717 592 585 747 742
0s 54.4 81.8 89.8 91.9 88.7 81.2
0S+ 560 845 909 924 895 828 ZeroQuant 76.0 612 69.4 520 54.8 30.5 67.8 7.5
INT4 BLOOM-176B  SmoothQuant 788 77.7 767 703 686 676 559 541 521 677 692 602
ONSE T w9 3 o i 0S+ 784 781 698 703 552 548 680 692
Percentile 7.0 530 615 771 661 570 ZeroQuant 791 540 709 496 563 282 67.6 1.4
os 85 579 725 804 678 627 BLOOMZ-176B  SmoothQuant 806 797  80.0 725 708 699 571 563 550 678 687 652
0S+ 50.0 80.2 85.4 91.4 86.5 782 0S5+ 79.9 799 71.3 T0.6 56.7 56.4 68.8 69.2
Table 1. Table 2.
o) = [}
25X Ol Quant & H kol H| W CHE Quant =&21t2| H| W
A szugka VDS
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1) Purkrabek, Miroslav, and Jiri Matas. "Probpose: A probabilistic approach to 2d human pos

e estimation." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

Conclusion
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VISION TRANSFORMERS NEED REGISTERS
[TCLR 2024]

S

SOGANG UNIVERSITY 14

-
=
m



Introduction
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Introduction
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Introduction
- 718
- ViT 7+ & O|0O| X[ E X 2[5} HA] global SEE EF S7H0| M
-2& [CLS] E2S ALEOHA| T [CLS] E2 ot 2= EF0| 5

- LFEFA [CLS] E20| M &S L2 global HE = 0|0 X| LUK A] 7HE M E 7t
M2 HiE ZHX[of] A&

-Z b4 I{X|E © S SICt EHEHSH YA register2 AR
-FH I K|t SAFE 7L =0} local SEZ2| 7HA|7 K2 X &2 AR
-[CLS] E&, &8l EZ, outlier EZ2 2 A&l A] classification 2 &= T

-Outlier E22| Y= =7t Yt EZHC HSY| &1 [CLSIEEL &2}

o 0%

als

IN1k P205 Airc. CF10 CF100 CUB Call01 Cars DTD Flow. Food Pets SUN VOC

[CLS] 86.0 66.4 87.3 994 945 91.3 969 915 852 99.7 94.7 96.9 78.6 89.1
normal 65.8 53.1 17.1 97.1 813 186 732 108 63.1 59.5 742 47.8 37.7 70.8
outlier  69.0 55.1 79.1 993 93.7 849 97.6 852 849 99.6 93.5 94.1 78.5 89.7

Table 3. Zf EE2= A3t classification
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Introduction
. 7HH
- StX[EF Outlier E2L = R eff O|O0|X| IfX|F =&lote{d 5tH 40| 0f & Lidbh3
-Outlier E22 FH 47l T{X|e} O % H|==ot B0 E4
- e E20|| HI5H X}7| X[ F o F5t= H=e”
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20
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@ 10 position prediction reconstruction
=
3 |' top-1 acc avg. distance | L2 error |

. | normal 417 0.79 18.38

outlier 22.8 5.09 25.23
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Method
. RYO| global B S XTE 70| WR7| (20| 0|0|X| 2} T Gl
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Figure 8. Image patch with registers




Method

« Hi 4 I X[Q] YE T} local HEE H{2| 11
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o O o
ImageNet ADE20k NYUd
Top-1 mloU  rmse |
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DeiT-1ll+reg 84.7 39.1 0512
OpenCLIP 78.2 26.6 0.702 ImageNet
OpenCLIP+reg 78.1 26.7 0.661 Top-1
DINOv2 84.3 46.6 0.378 OpenCLIP 59.9
DINOv2+reg 84.8 47.9 0.366 OpenCLIP+reg 60.1

(a) Linear evaluation with frozen features. (b) Zero-shot classification.
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Experiments

e Registers 1702+ 7151 = HY Z 2| high-norm outlier’t S 2 2 Af2tE
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R AW THE D Figure 12. RegisterOtC} CHZ feature map
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Experiments

A

ABTNE-D
SOGANG UNIVERSITY

Input

Without registers With registers

OI enCLIP DINOv2

DeiT-111 DINOv2 DeiT-111

OpenCLIP

Figure 13. Register 70| [IHE attention map H 2}

22

VDS

LAB



Conclusion

« ViT 2 20| A LtEfL}= high norm spike= 22 @ F 7t O HEZO| M2
I X| & " &8 st= A

| & SO register EE22 F7tot= AR 2 4
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