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1) LEARNED STEP SIZE QUANTIZATION [ICLR 2020]

Background

* Quantization

- YEIM O 2 performance?t model size= H|24|ot= 0| /U=
- Model size T — inference time 1, computational cost 1
- 22| E0] Mot 9l edge device 2t Of| A oA 7F =Xl gt

= Full-precision — Low-precision
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- Weight, activation= lower precision2 £ Z& £ HAZ =M= 71532 7| H
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w > Welght 4 S0
Quantizer
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<Fig 1. Quantization2| 7t} 2| >
- Quantization process : X = Q(x) = clamp ([ ] + z,0,2bi — 1)

max(x) —min(x) _ min(x)
2bit_q £ = l_

- Dequantization process : X = s - X >  FP32 Matmul
- Fully-Connected layerO| M| AL f = WX + B — INT8 Matmul

- Quantized FC layerO| A2 ALt : f = WX + B = (syyW)(sxX) + B = syysx(WX) + B
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Background

* Quantization

[ Pre-trained model ] [ Pre-trained model ] [ Calibration data ]
- Training data
[ CQuantization [ Calibration ]
+
[ Retraining / Finetuning ] [ Quantization ]
!
[ Quantized model ] [ Cuantized model ]

< Fig 2. Comparison between QAT and PTQ >
= Quantization-Aware Training (QAT)

- Quantization &8 = pre-trained model 2| train dataset2 £ retraining/fine-tuningSt= & 4|
L

- Retraining/fine-tuning 2H°3 0| A B2 A|ZHO| HRSHX|TF pTQO| HISH F2 ds

= Post-Training Quantization (PTQ)
- 2 2F9| [| O| E{(calibration dataset) 2F 2 £ pre-trained model Of| M 2| quantization parameter 4 °d

- Calibration X -85} lower-bit0fl mapping, O| 2 inference =3 — inference time |
- 20| HO|H2tE ArESH| TIZ 0| M2 A|ZH2H0] ZRSHX| 2 QAT HIsH 22 &=
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Background
 Linear quantizer
- Ex) Q(x) = ¥ = clamp E] + 2,0, 20 — 1),DQ(JE) =X=X-s
- Uniform distribution} Z0| x 2] —E—E7 o2 HY Aes B0 M

- CNN-based modelOf| A =2 AFE

* Non-linear quantizer

- Power-law distribution

+Ex) Q(x) = % = clamp (|~ log, 3|, 0,2 — 1), DQ(®) = 27% - 5
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- Self-attention2| EM2 82X O Z HHAT o= QO transformer-based model 0| A| FTE AR E
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2DQuant: Low-bit Post-Training Quantization for Image Super-Resolution
[NeurIPS 2024]
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1) Liu, K., Qin, H., Guo, Y., Yuan, X., Kong, L., Chen, G., & Zhang, Y. (2024). 2DQuant: Low-bit post-training quantization for image super-resolution. Advances in Neural Information Processing Systems, 37, 71068-71084.

2DQuant?
* Problem statements
- 1. SR modelsO| AFE| H|M 20| CtAT taskOfl ME |1 U0 Fekstrt Ze ot
H

o
- 2. 7| & 0= CNN-based SR model0| Z|A3}E| 0 Y+ quantization 2

E0Ho| =X
- 3. Transformer-based SR modelOf| X 2tot & EH Q| quantization 2 =0| H Qo

|
- CNN2t transformerOf| A| X} & & SH= activation distribution 2| XHO| 1124

» Key contributions
- 1. Z|Z= 2 Transformer-based SR model2| weight, activation= 2tZ, O]
= 2. Distribution-Oriented Bound Initialization (DOBI)
- Weight, activation2| & 2 0f| &5t clipping range S 278 S}
= 3. Distillation Quantization Calibration (DQC)

22

- Quantization2 £ Q15| 525t 4452 FP model knowledgeS quantized modelOf| 71 O|SH= &4 K|t
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1) Liu, K., Qin, H., Guo, Y., Yuan, X., Kong, L., Chen, G., & Zhang, Y. (2024). 2DQuant: Low-bit post-training quantization for image super-resolution. Advances in Neural Information Processing Systems, 37, 71068-71084.

2) Liang, J., Cao, J., Sun, G., Zhang, K., Van Gool, L., & Timofte, R. (2021). Swinir: Image restoration using swin transformer. In Proceedings of the IEEE/CVF international conference on computer vision (pp. 1833-1844).

2DQuant?

* Objective

LB R BE 4Y

—

~ Transformer-based SR model 0| A 2t ot quantization & 2 & 37|

» Target model

A

» SwinIR?
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(a) Residual Swin Transformer Block (RSTB) (b) Swin Transformer Layer (STL)

<Fig 1. SwinIR architecture >
- SwinIR2 transformer-based SR model £, feature extraction 1M’ Of| A SwinT layerE &
- & =2 SwinlR= target model £ 27, SwinT layer0l| M 2| weight, activations =4
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2DQuant?

* Observations

- Visualization of SWinIR eights & activations
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1) Liu, K., Qin, H., Guo, Y., Yuan, X., Kong, L., Chen, G., & Zhang, Y. (2024). 2DQuant: Low-bit post-training quantization for image super-resolution. Advances in Neural Information Processing Systems, 37, 71068-71084.

2DQuant?

* Observations

A

- Weight
A

- =2 HA0| 02l symmetric gaussian distribution £&

- Activation
- FC12| input, V2| outputOf| A E O] 09! symmetric gaussian distribution
TpKH

- FC22| input, attention mapOf| A| £t 0| A U= asymmetric power-law distribution 2t

2

= Quantization scheme

. . . . . . [ . . (@) -1 L == o =
- Weight, activation distribution%| 3¢ = quantization scheme= M &30 d& o= |23}
— Distribution-Oriented Bound Initialization (DOBI) Af| 2F
Act:layer.0.block.0 Attention Actlayer.1.block.1 V Act:layer.2.block.2 FC1 Act:layer.3.block.3 FC2
[ [0.00,00] | [-4.61,3.87] [-5.61,7.31] [-0.77,6.61]
| reaHg] [of [2 _
2 g2 o o 00 02z 04 06 08 10 -2 0 2 —50 -25 00 25 50 75 0 2 a
(_Ze ® ] g B % CE E § ) Weight:layer.0.block.0 Projection ~ Weight:layer.1.block.1 QKV Weight:layer.2.block.2 FC1 Weight:layer.0.block.1 FC2
% = § E [-0.35,0.29] [-0.60,0.61] [-0.69,0.66] [-0.82,0.84]
Q
® S FP32 INT4
<Fig 4. SwinT layer >
—02 0.0 02 ~0.50 —0.25 0.00 025 050 —0.75-0.50-0.25 0.00 0.25 0.50 05 00 s
< Fig 5. Weight, activation distribution >
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1) Liu, K., Qin, H., Guo, Y., Yuan, X., Kong, L., Chen, G., & Zhang, Y. (2024). 2DQuant: Low-bit post-training quantization for image super-resolution. Advances in Neural Information Processing Systems, 37, 71068-71084.

2DQuant?V

 Method

= Preliminaries

- Quantization process

. = Clip(v, L, u), v, = Round ﬁ(vc -0, Vg =Sy Ut l
THF input vOi| outlier?t =X SHCHH quantization bin2| 2+ 0] MHSHAH HO{E = U S

- O| 2 QI ot gt S| X| @f= = 2t quantization binO| B E = QU
- Lower-bound 2} upper-bound 0| SHEot= [, uE HAES| B = clipping o4 outlier issue SH & 7S

Weight Distribution

B Original Weights
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1) Liu, K., Qin, H., Guo, Y., Yuan, X., Kong, L., Chen, G., & Zhang, Y. (2024). 2DQuant: Low-bit post-training quantization for image super-resolution. Advances in Neural Information Processing Systems, 37, 71068-71084.

2DQuant?

 Method

= Distribution-Oriented Bound Initialization (DOBI)

-Lus HEo| 2F0t= A2 2= X Hz =X

N
{(ll)ul)}l 1 = argming, . Z ||17i - vqi| 5
i=1

-Lul| FE 7= search spaceE A3, MSE loss& Z| 225t (1, w;) S layer TH 2 HAE

e H }
E l; U; i ‘
: — . i FP Model N N B D :
: i q g 0
E = m |_L» T N |—\- L:'\— n k\- .
i Moving Simultaneously E(E" w) B = afgr,“}}_lz flvi = '”'I‘f”ﬂ Xg F frereeeees I ++Ly o |
' vl ‘ A
: 3§ NN N
! [FP weights and activationsJ 'I - | — oq ;
i Distillation Quantization Calibration i
! (e !
H E | Full-precision Quantized Searching i
i ' E Layer Layer % Direction !
E Moving Upper Bound Only i !
. Distribution Oriented Bound Initialization Initial Bound - >DQC Loss *Forward |

< Fig 7. Distribution-Oriented Bound Initialization (DOBI) >
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1) Liu, K., Qin, H., Guo, Y., Yuan, X., Kong, L., Chen, G., & Zhang, Y. (2024). 2DQuant: Low-bit post-training quantization for image super-resolution. Advances in Neural Information Processing Systems, 37, 71068-71084.

2DQuant?

 Method

= Distribution-Oriented Bound Initialization (DOBI)

Algorithm 1: DOBI pipeline

Data: Data to be quantized v, the

number of search point K, bit b

Result: Clip bound [, u
[ < min(v),u 4 max(v);
min_mse ¢ +o0o;

1 if v is symmetrical then

| Al + (max(v) — min(v))/2K;
else

| Al <+ 0,
end
Au < (max(v) — min(v))/2K;

while ¢ < K do

get v, based on Eq. (1):
mse + ||v —
if mse < min_mse then
Min_1mse <+ mse;
[ best + l;, u_best + u;;
end

end

li —14+1x Al u; —u+1xAu;
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1) Liu, K., Qin, H., Guo, Y., Yuan, X., Kong, L., Chen, G., & Zhang, Y. (2024). 2DQuant: Low-bit post-training quantization for image super-resolution. Advances in Neural Information Processing Systems, 37, 71068-71084.

2DQuant?

 Method

= Distillation Quantization Calibration (DQC)
- Quantized model2| 718 O| & ™ QI weight 2} activation= 2= FP model 2| weight2} activation
- FP model knowledge= quantized model | T O] }= knowledge distillation H-& 7+5

- Distillation loss for model output and feature map (learnable parameter = l;, u;)

E l; U; :

: g hi |

E - H_H ( °a . N

E Moving Simultaneously {0 wi)}iza =

E [FP weights and activations] i

E I: Full-precision Quantized Searching 1
: i Layer Layer T Direction |
E Moving Upper Bound Only ! ' !
E\ Distribution Oriented Bound Initialization Initial Bound - »DQC Loss —Forward |

ﬂ HAETHED < Fig 8. Distillation Quantization Calibration (DQC) > VDS
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1) Liu, K., Qin, H., Guo, Y., Yuan, X., Kong, L., Chen, G., & Zhang, Y. (2024). 2DQuant: Low-bit post-training quantization for image super-resolution. Advances in Neural Information Processing Systems, 37, 71068-71084.

2DQuant?

» Experiments

= Quantitative results

Method Bit Set5 (x2) Setl4 (x2) B100 (x2) Urban100 (x2) Mangal09 (x2) Method Bit Set5 (x4) Setl4 (x4) B100 (x4) Urban100 (x4) Mangal09 (x4)
PSNRT SSIMf PSNRT SSIM{ PSNRt SSIMt PSNRT SSIMf PSNRT  SSIMT PSNRT SSIM{ PSNR? SSIMf PSNRT SSIM?T PSNR{ SSIMt PSNR} SSIMft
SwinlR-light [29] | 32 38.15 09611 3386 0.9206 3231 09012 3276 09340  39.11 0.9781 SwinlR-light [29] | 32 3245  0.8976 2877  0.7858  27.69  0.7406 2648  0.7980  30.92 09150
Bicubic 32 3225 09118 29.25 0.8406 28.68 0.8104 2596  0.8088 29.17 09128 Bicubic 32 27.56  0.7896 2551 0.6820 2554  0.6466 22.68  0.6352 2419 0.7670
MinMax [22] 4 3439 09202 3055 08512 2972 0.8409 2840 0.8520 3370 09411 MinMax [22] 4 28.63  0.7891 2573 0.6657 2510  0.6061 23.07 06216 2697 0.8104
Percentile [27] 4 3737 09568 3296 09113 3161 0.8917  31.17 09180 37.19 09714 Percentile [27] 4 30.64  0.8679 2761 0.7563 2696  0.7151 2496 07479 28.78  0.8803
EDSRT [0, 39] 4 3633 09420 3275 09040  31.48  0.8840  30.90 09130 N/A N/A EDSR [0, 3 4 31.20  0.8670 2798 07600 27.09 07140 2556  0.7640 N/A N/A
DBDC+Pac [39] 4 37.18 09550 3286 09106 31.56  0.8908 30.66 09110 3676  0.9692 DBDC+Pac [39] 4 30.74  0.8609  27.66  0.7526 2697 07104 2494 0.7369 2852  0.8697
DOBI (Ours) 4 3744 09568  33.15 09132 3175 0.8937 31.29 09193 3793 09743 DOBI (Ours) 4 31.10  0.8770  28.03 0.7672 27.18 07237 2543  0.7631 29.31 0.8916
2DQuant (Ours) 4 37.87 0.959 33.41 09161 32.02 0.8971 31.84 0.9251 38.31 0.9761 2DQuant (Ours) 4 31.77  0.8867 2830  0.7733 27.37 0.7278 25.71 0.7712 29.71 0.8972
MinMax [22] 3 28.19  0.0961 2640  0.6478 2583  0.6225 2519 0.6773 2897 0.7740 MinMax [22] 3 19.41 0.3385 1835  0.2549 1879  0.2434 17.88  0.2825 1913 0.3097
Percentile [27] 3 3437 09170  31.04 0.8646 29.82 0.8339 2825 0.8417 3343 09214 Percentile [27] 3 27.55  0.7270  25.15 0.6043 2445 0.5333 22.80  0.5833 26.15  0.7569
DBDC+Pac [39] 3 3507 09350 3152  0.8873 30.47 0.8665 28.44  0.8709 34.01 0.9487 DBDC+Pac [39] 3 27.91 0.7250 2586  0.6451 25.65 0.6239 2345  0.6249 26.03  0.7321
DOBI (Ours) 3 36.37  0.9496 32.33 0.9041 31.12 0.8836  29.65  0.8967 36.18 09661 DOBI (Ours) 3 29.59  0.8237 2687  0.7156 2624  0.6735 24.17  0.6880  27.62  0.8349
2DQuant (Ours) 3 37.32 09567 3285 0.9106 31.60  0.8911 3045 0.9086 37.24 0.9722 2DQuant (Ours) 3 30.90  0.8704 2775 0.9571 2699 07126 24.85  0.7355 28.21 0.8683
MinMax [22] 2 33.88 09185 30.81 08748 2999 0.8535 2748  0.8501 31.86  0.9306 MinMax [22] 2 23.96 04950 2292 04407 22770 03943  21.16 04053 2294 0.5178
Percentile [27] 2 30.82  0.8016 28.80  0.7616 27.95 0.7232 2630  0.7378 30.37  0.8351 Percentile 2 23.03 04772 22,12 04059 2183 0.3816 2045  0.3951 20.88  0.3948
DBDC+Pac [39] 2 3455  0.9386 3112 0.8912 30.27 0.8706  27.63  0.8649 3215 0.9467 DBDC+Pac [39 2 25.01 0.5554 2382 0.4995 2364  0.4544 21.84  0.4631 23.63  0.5854
DOBI (Ours) 2 3525  0.9361 31.72 0.8917 30.62 0.8699 2852  0.8727 3465 09529 DOBI (Ours) 2 28.82  0.7699 2646  0.6804 2597 0.6319 23.67  0.6407 2632 0.7718
2DQuant (Ours) 2 36.00  0.9497 31.98 0.9012 30.91 0.8810  28.62 0.8819 34.40 0.9602 2DQuant (Ours) 2 29.53  0.8372 2680  0.7322 26.46 0.6927 23.84 0.6912 26.07 0.8163
Method Bit Set5 (x3) Setl4 (x3) B100 (x3) Urban100 (x3) Mangal09 (x3) .
e "' PSNR{ SSIM{ PSNR{ SSIM{ PSNRT SSIMT PSNRT SSIM} PSNR| SSIMt < Fi g 10. SR performance —scale (X 4_) >
SwinlR-light [29] | 32 3463 09290 3054  0.8464  29.20 0.8082  28.66  0.8624 3399  0.9478
Bicubic 32 29.54 08516 27.04  0.7551 2678  0.7187 2400 07144  206.16  0.8384
MinMax [22] 4 31,66  0.8784  28.17  0.7641 27.19  0.7257 25,60 07485 2998  0.8854
Percentile 4 3334 09137 29.61 0.8275 28.49 0.7899  27.06  0.8242 32,10 0.9303
DBDC+Pac [39] | 4 3342 09143 2969  0.8261 28.51 0.7869  27.05 0.8217 31.89  0.9274
DOBI (Ours) 4 3378 09200 2987  0.8338 28.72 0.7970 2753  0.8391 3257 09367
2 s) |4 | 3406 09231 302 08374 28.89 07988  27.69  0.8405 32 19389 - - - , - -
2DQuant (Ours) v e oLz 0 : : w Model EDSR [30] EDSR (4bit) [*9] SwinIR-light [29] DBDC+Pac (4bit) [39] Ours (4bit)
MinMax [22] 3 2601 06260 2341 04944 2246 04182 21.70 04730 2468 0.6224
Percentile [27] 3 30.91 0.8426 28.02  0.7545 27.23 0.7183 2532 0.7349 2943 0.8537 Params (MB) 172.36 21.55 3.42 1.17 1.17
DBDC+Pac [39] | 3 3091 08445 2802  0.7538 2699  0.6937  25.10 07122 28.84  0.8403 Ops (G) 823.34 103.05 16.74 4.19 4.19
DOBI (Ours) 3 3285  0.9075 20.33 0.8200 28.27 0.7820 2636 0.8036  31.14 09178
2DQuant (Ours) 3 33.2 09135 29.56 0.8255 28.50 0.7873 26.65 0.8116 31.46 0.9235 PNSR on Urban100 26.64 25.56 2647 24.94 2571
2 2605 05827 2474 05302 2442 04973 22.87 05155 2466 0.5652 . .
2 | 2530 05677 23.60 04800 2377 04751 2233 04965 24.65 0.5882 < Flg 11. Complex1ty and performance —scale (X 4) >

9 2 2996  0.8254 27.53 0.7507 27.05 0.7136 2457 07117 2723 0.8213
DOBI (Ours) 2 30,54  0.8321 2774 0.7312 26.69 0.6643 2480  0.6797 28.18  0.7993
2DQuant (Ours) 2 31.62 0.8887 28.54 0.8038 27.85 0.7679 25.30 0.7685 28.46 0.8814

<Fig 9. SR performance — scale (X 2,3) >
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1) Liu, K., Qin, H., Guo, Y., Yuan, X., Kong, L., Chen, G., & Zhang, Y. (2024). 2DQuant: Low-bit post-training quantization for image super-resolution. Advances in Neural Information Processing Systems, 37, 71068-71084.

2DQuant?

» Experiments

= Qualitative results

S AL /LT
///// J.'Il’ t ///;/ y
f V7 7 //,//1/// ’
BlCublC MmMax [11] Percentile [27]

LA i

////

DBDC+Pac [ 39] DOBI (Ours) 2DQuant (Ours)
3 e

Urban100: img_004 (x4) DBDC+Pac [ 3 DOBI (Ours) 2DQuant (Ours)

Bicubic MinMax [27]

DOBI (Ours) 2DQuant (Ours)

ﬁiiiilii s

R IWW//IW

UrbanlOO img_ 072 (><4) DBDC+Pac [39] DOBI (Ours) 2DQuant (Ours) FP Urban100: img_023 (x4) DBDC+Pac [ 9] DOBI (Ours) 2DQuant (Ours)

'l

Percentile [

Percennle

BlCl]blC MmMax 22]

UrbanlOO 1mg 040 (><4) ) DBDC+Pac [39] DOBI (Ours) DBDC+Pac [3¢

Urban100: img_046 (x4)

< Fig 12. Visualization comparison for scale (X 4) >
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1) Liu, K., Qin, H., Guo, Y., Yuan, X., Kong, L., Chen, G., & Zhang, Y. (2024). 2DQuant: Low-bit post-training quantization for image super-resolution. Advances in Neural Information Processing Systems, 37, 71068-71084.

2DQuant?

» Experiments
= Two bounds after DOBI & DQC

Quantizer lower bound percentile. Quantizer upper bound percentile.

0.30 1 1.00 A
—— DOBI )
0.25 — DOBI+DQC | g5 -
0.20 4 0.90 A
0.15 4 0.85 -
0.10 4 0.80 A
0.05 1 J h 0.75 A —— DOBI
——— DOBI+D

0.00{ ** A 0.70 OBI+DQC

0 20 40 60 80 100 120 140 0 20 40 60 80 100 120 140

< Fig 13. The bound percentile of DOBI and DQC >

- Ablations

Learning rate. PSNRT  SSIMT Batch size PSNRT SSIM+t DOBI DQC PSNR{ SSIM?
107t 37.82  0.9594 4 37.82  0.9594 34.39  0.9202
102 37.87 0.9594 8 37.83  0.9594 v 37.44  0.9568
103 37.78 0.9592 16 37.84 0.9593 v 37.32  0.9563
10~ % 3774 0.9587 32 37.87 0.9594 v v 37.87 0.9594

(a) Learning rate (b) Batch size (c) DOBI and DQC

< Fig 14. Ablation studies — learning rate, batch size, DOBI & DQC >
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1) Fu, M., Yu, H., Shao, J., Zhou, J., Zhu, K., & Wu, J. (2025). Quantization without tears. In Proceedings of the Computer Vision and Pattern Recognition Conference (pp. 4462-4472).

Quantization without Tears [CVPR 2025]
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1)

Fu, M., Yu, H., Shao, J., Zhou, J., Zhu, K., & Wu, J. (2025). Quantization without tears. In Proceedings of the Computer Vision and Pattern Recognition Conference (pp. 4462-4472)

QwTYD

* Problem statements

= 1. The speed-accuracy dilemma

-PTQ= WEX|2 H50| 210, QATE =2(X|BH H50| F2
- 2. Complexity

-PTQR} QAT 25 =™ 0|, hyperparameterOf| 2| =& @l 427} B
- 3. Missing generality

- £7d modeld| Z| X2t Q= HE[S| H

o

-

=l Oore
HESO| B3

» Key contributions

- 1. Quantized modeld FP model2| architecture/} & OFOFRF OFCF= 178 AHE 0| Al HO|LI=
MEZ o 2{Cr R Aot

- 2. QwT (Quantization without Tears) module A| €t
- Quantized model 2| OH block OtCF 17H 2] linear layerE ¢ &

- =
- Quantization errorE x| A20t= Y E} £ linear layer2| weight& & 7|25+

de 24
- FP model knowledge= QwT moduleOi| 7 O|3}= distillation 2 '&H = | 2t

or

R 41 TH8E D
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1) Fu, M., Yu, H., Shao, J., Zhou, J., Zhu, K., & Wu, J. (2025). Quantization without tears. In Proceedings of the Computer Vision and Pattern Recognition Conference (pp. 4462-4472).

QwTYD

* Idea
- Quantized modeld} FP model2| architecture/| 2t 5| ¥ HR7} 9IS
- Quantized block 1Z0FCF QwT module ¢; = residual &A1 O 2 AT M5 Eet

-yWT = 12(x,) + ¢;(x,), (x,: quantized input)

L —

X~ Quantized Block -g;-»waT

I

< Fig 1. QwT in one block >
* Objective
- Quantization2| T2 =H
- Quantized block output2f FP block outputl| X}0| & £0|= A
PR =t
- QwT module< Quantized block outputZt FP block output AFO| 2] MSE loss& Z|2-2}5l OfF &

- 2= MSE loss& | 2&2}ot= 2| Mzt 2|

U szutta VDS
6 SOGANG UNIVERSITY 20

LAB
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QwTYD

 Method

- Weight initialization for QwT module
- QwT module2| weight= MSE loss& | A2}6t =& 22 7|2t | O] Of gt
-W' = [W|b], X} = [%7], (W € Rioucxdin, p € RAour*1 X, € R4n*N, 1 € RPNy, € Rdin*N)

W* = argminy||[YoWT — YFP||2

-fW) = ||[YVT —YFP|| = ||Y, + WX, —YTP|| = VF(W') = 2(Y, + WX, —Y™P)X," =0
-1
> W= Y -y )X, (X,X,")
- | =40l L2} MSE loss2| gradientE& 02 2 TtE= W*E QwT modulel| weight £ 2 7|2}

= 1 epoch Fine-tuning for QwT module
- QwT module2| weight/| Z=7|2tZ| 0] U= HEHO|A] 1 epoch fine-tuning2L 2 S5 H2f

- Distillation loss for classification and class token
N
Lgs = _Z tilogp;, Lais = ||TFP - Tz||2

i

L = L + Lgis
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» Experiments

= Quantitative results

1)

Fu, M., Yu, H., Shao, J., Zhou, J., Zhu, K., & Wu, J. (2025). Quantization without tears. In Proceedings of the Computer Vision and Pattern Recognition Conference (pp. 4462-4472).

Network  Method #Bits Size  Top-1 Network  Method #Bits Size  Top-1 Network  Method #Bits Size  Top-1
_ Full-precision ~ 32/32 882 814 Full-precision 32/32 229 722 Full-precision 32/32 1132 814
IGQ-ViTT [34] 4/4 - 73.6 TIGQ-VITT [36] T T T4 T T T T T 625 TIGQVITT 6]~ 7 44T T T - T T 718
RepQ-ViT [27] 44 119 658 RepQ-ViT [27] 44 33 582 RepQ-ViT [27] 4/4 149 730
RepQ-ViT + QwT 4/4 15.4 70.8 RepQ-ViT + QwT 4/4 42 614 RepQ-ViT + QwT 4/4 192 755
VIT-S  RepQ-VIT+QwT® 44 154 729 Deil.T  RepQ-ViT+QwT* 444 42 6438 Swin-T  RepQ-ViT+QwT* 44 192 79.3
IGQ-VIT" [35] 6/6 - 80.8 CIGQ-VITT 8] el - 712 TIGQVITT 8]~ " Tele T T - T T 809
RepQ-ViT [27] 6/6 172 805 RepQ-ViT [27] 6/6 46 710 RepQ-ViT [27] 6/6 217 806
RepQ-ViT + QwT 6/6 20.7 80.7 RepQ-ViT + QwT 6/6 55 712 RepQ-ViT + QwT 6/6 26.0 80.7
RepQ-ViT + QwT"  6/6 207 80.8 RepQ-ViT + QwT*  6/6 55 716 RepQ-ViT + QwT*  6/6 26.0 809
Full-precision 32/32 3463 84.5 Full-precision 32/32 88.2 79.9 Full-precision 32/32 1984 83.2
CIGQVITT[E] T T T T4l T T DT T 193 CIGQ-VITT [38] 0 44 - 747 TIGQVITT 28]~ © T 44 T T -7 T 810
RepQ-ViT [27] 4/4 449 685 RepQ-ViT [27] 4/4 119  69.0 RepQ-ViT [27] 4/4 258 802
RepQ-ViT + QwT 414 59.1 763 RepQ-ViT + QwT 4/4 154 715 RepQ-ViT + QwT 4/4 337 804
ViT-B RepQ-ViT + QwT*  4/4 59.1 785 DeiT-S  RepQ-ViT + QwT*  4/4 154 752 Swin-S  RepQ-ViT + QwT*  4/4 337 819
TIGQVATT [34] Tel6 - - 838 TIGOVITT 3] -7 T el T - T T 793 CIGQ-VITT 28] T el6 - 829
RepQ-ViT [27] 6/6 66.2 836 RepQ-ViT [27] 6/6 172 789 RepQ-ViT [27] 6/6 380 828
RepQ-ViT+QwT  6/6 804 839 RepQ-ViIT+QwT  6/6 207  79.1 RepQ-ViT+QwT  6/6 459 829
RepQ-ViT + QwT"  6/6 804 840 RepQ-ViT + QwT*  6/6 207 793 RepQ-ViT + QwT*  6/6 459 829
< Fig 2. Classification — ViT variants >
Model Bit-width (W/A) Method Size (MB) FID(]) sFID() IS() Precision(T) Recall (1)
16/16 FP 1349 1240 19.11 116.68 0.6605
PTQ4DM 339 25231 8244 274 00125
Quant Setup Method #Bits Size (MB) Top-1 DiT-XL/2 (steps = 100) RepQ-ViT 339 31585 13999 211 0.0067
— 48 GPTQ 351 2548 25.57 7346 0.5392
Full-precision 32/32 607.2 63.4 Q-DIT 347 1576 1984 9878 0.6395 -
TRepQViT[27] ™~ 66~ 3235~ 50.7 QDIT+QwT 361 1535 19.63 10404  0.6373 0.7478
Vision RC]JQ-VIT + QWT 6/6 3368 60.3 16/16 FP 1349 531 17.61 245.85 0.8077
RepQ-ViT [07] 858" ~ 3453 ~ 629 DITXLE (s = 100, ez = 1.5 RQVIT 3% 313l 1%S6 218 ooom
RepQ-ViT + QwT  8/8 3595 63.0 4/8 GPTQ 351 766 2076 19376 07261
— Q-DIT 347 640 IR60 20172 07609 -
Full-precision 32/32 607.2 63.4 QDIT+QwT 361 586 1829 22166 0.7678 0.6915
Vision RepQ-ViT [27] 6/6 200.8 29.8 16/16 FP 1349 1347 1931 11471 0.6601
& T xt RepQ-ViT + QwT  6/6 221.3 43.5 PTQ4DM 339 25615 8345 273 0.0150
¢ RepQ-ViT [07] ~ ~ 8/8° ~ 23217~ 387 DIFXL (siepe =30 w GaG | 1 351 s ém o
RepQ-ViT + QwT  8/8 252.6 54.6 Q-DIT 347 17.42 1995 97.52 0.6219 .
QDIT+QwT 361 1702 1957 99.62  0.6302 0.7582

< Fig 3. Zero-shot classification — CLIP >
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< Fig 4. Diffusion (ImageNet 256 x 256) — DiT-XL/2 >
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» Experiments

- Qualitative results (image generation)
DiT-XL/2, step=100, cfg=1.5

Original

<Fig 5. Visualization (ImageNet 256 x 256) — DiT-XL/2 >
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1) Liu, K., Qin, H., Guo, Y., Yuan, X., Kong, L., Chen, G., & Zhang, Y. (2024). 2DQuant: Low-bit post-training quantization for image super-resolution. Advances in Neural Information Processing Systems, 37, 71068-71084.
2) Fu, M., Yu, H., Shao, J., Zhou, J., Zhu, K., & Wu, J. (2025). Quantization without tears. In Proceedings of the Computer Vision and Pattern Recognition Conference (pp. 4462-4472).

Conclusion
e 2DQuant!

- Key contributions

- 1. Transformer-based SR model Ol & St quantization W'HE 2 X[ 2 H|Qt

- 2. Weight, activation distribution0fl X €2} lower-bound2} upper-bound & X| & 2| 5t= B HE K| Ot

= Limitations
- 1. Optimal lower-bound, upper-bound searching®f| A 2 A|ZtS ZHQ =2 of
-2, BHEHO|| o| =3t 2 CHE HER O distributionOf| A= HBHSHX| 42 5= US

— -
- 3. Transformer-based SR modelOi| quantization= HE3IM 2 &, SR task0f| S=2+=l HEH Q| 2HH 20| O

» Future works

- 1. Lower-bound, upper-bound searching 2} 0f| L] & && & Q! searching algorithm B & 7}&
-2. SR taskO| M &Rt E == E45}17| 2|t distillation &'EH = A4
R B THSED VDS
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1) Liu, K., Qin, H., Guo, Y., Yuan, X., Kong, L., Chen, G., & Zhang, Y. (2024). 2DQuant: Low-bit post-training quantization for image super-resolution. Advances in Neural Information Processing Systems, 37, 71068-71084.
2) Fu, M., Yu, H., Shao, J., Zhou, J., Zhu, K., & Wu, J. (2025). Quantization without tears. In Proceedings of the Computer Vision and Pattern Recognition Conference (pp. 4462-4472).

Conclusion
s QwWT?

- Key contributions

- 1. Quantized modeld} FP model2| architecture’} £ 2 R 7} §iCt= ME22 Ti2{CF
-2. 2% 17{ linear layer2| weight Z27|2}, 1 epoch fine-tuning2 £ 7| PTQ, QAT & el 8=

jo
olr
N

- Limitations
- 1. QwT module 2 ?!5l| model parameterl| 77} S 72t
- 2. Real quantization &5 20| 2} quantized model2 INTE K& &= BHH QwT module FPE X & &

:': Mixed precision issue, StER|0|ete| =2t do| B2 227t EXe

= Future works
- 1. QwT module2| weightE quantized modelOl| &t A|7] parameter 75 FX|5t=F H A
- 2. QwT module2| weightE FPZ| Ot INTZ M%&, O| 2 QI5H LDt quantization errorE A 2 &
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