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Introduction
* Challenge I: Long Tail distribution. The distribution of weight and activation of ViT present

Vision Transformers (ViTs) excel in SR tasks but face high costs. Low bit post-training long tail distribution. The hugh values are crutial but hinders quantized model’s performance.
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** Quantitative Results
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_"':- / \\\\\\ ,’4 :; / \h\\\\ ~ Weight:layer.0.block.0 Projection  Weight:layer.1.block.1 QKV Weight:layer.2.block.2 FC1 Weight:layer.0.block.1 FC2 SwinIR-light [32] | 32 32 .45 0.8976 28.77 0.7858 27 .69 0.7406 26.48 0.7980 30.92 0.9150
- - # - - - . .

Bicubi HR D — £0.60,0.61] 1-0.69,0.66] -0.82.0.84] Bicubic 32 | 2756 07896  25.51  0.6820 25.54  0.6466 22.68 0.6352 24.19  0.7670
ICUDIC Quant(ours) MinMax [22 4 | 2863 07891 2573 0.6657 25.10 0.6061 23.07 0.6216 2697 0.8104
o o (CVPR 2023) Percentile [27] 4 | 3064 08679 27.61 0.7563 2696 07151 2496 0.7479 2878  0.8803
Contribution EDSRT [33,41] | 4 | 3120 08670 27.98 07600 27.09 07140 2556 07640 N/A  N/A
DBDC+Pac [41] | 4 | 3074 08609 27.66 0.7526 2697 07104 2494 0.7369  28.52  0.8697
: . . . DOBI (Ours) 4 | 31.10 0.8770 28.03 0.7672 27.18 0.7237 2543 07631 2931  0.8916

* Exploration: We are the first to explore PTQ with ViT models in SR thoroughly. 02 00 0o 050 —025 000 055 050 —075-050-0925 0.00 095 050 e 00 o' 2DQuant (Ours) 4 | 31.77 0.8867 2830 0.7733 2737 0.7278 2571 0.7712 2971  0.8972
* Pipeline: Design two-stage PTQ method for SR, DOBI for fast rough bound search while S . . . MinMax [22] 3 | 1941 03385 1835 02549 1879 02434 17.88 02825 19.13  0.3097
. _ ‘ * DOBI: We note that the data distribution falls into two categories: one resembling a bell- Percentile [27] 3 | 2755 07270 25.15  0.6043 2445 0.5333 2280 05833  26.15  0.7569
DQC for fine-grained sophisticated bound search. - S , ST , , DBDC+Pac [41] | 3 | 2791 0.7250 2586 0.6451 2565 0.6239 2345 0.6249 26.03  0.7321
. . shaped distribution and the other resembling an exponential distribution. Different searching DOBI (Ours) 3 | 2959 0.8237 2687 0.7156 2624 0.6735 24.17 0.6880 27.62  0.8349

* Performance: Compress the model to 4, 3, and 2 bits with speedup L . 2DQuant (Ours) | 3 | 3090 08704 2775 07571 2699 07126 2485 07355 2821  0.8683

. . . .y directions are used for different shapes to guarantee fast and accurate search. ' ' | | —

ratio being 3.99x, 4.47x, and 5.08x respectively. Surpass existing o o o . MinMax [22] 2 | 2396 04950 2292 04407 2270 03943 21.16 04053 2294  0.5178
A 1 benchmark and visual off * DQC: Distillation quantization calibration between the FP model and the quantized model Percentile [27] 2 | 23.03 04772 2212 0.4059 21.83 03816 2045 03951 20.88  0.3948
SOTA on all benchmark and visual eftects. . . , DBDC+Pac [41] | 2 | 25.01 0.5554 23.82 04995 23.64 04544 21.84 04631 2363 0.5854
turther adjust the boud and improve the model’s performance. DOBI (Ours) 2 | 2882 07699 2646 0.6804 2597 06319 23.67 06407 2632  0.7718

2DQuant (Ours) | 2 | 2953 0.8372 26.86 0.7322 2646 0.6927 23.84 0.6912 26.07 0.8163

Method

** Overall
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* The local search result of DOBI 1s still around the min value and the max value.
* After DQA, the bound presents more extreme distribution. The most extreme one leaves only
46% data 1in clipping range and the values beyond are all clipped. This shows that mearly local

search can not guarantee low task loss, namely high performance.

*¢* Visual Results
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