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Methods

O Wavelet Enhancement Residual Mudule and Wavelet Mutual Projected Fusion

Motivation

There are two limitations to existing arbitrary-scale SR methods:

O Framework Overview and Wave-aware Implicit Attention
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encoder is limited, overlooking the importance of incorporating high-
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O Quantitative comparison on DIV2K validation set (PSNR)

Backbone Methods %2 X3 x4 X6 x12 x18 x24  x30 &
: ) - Bicubic 31.01 2822 26.66 2482 2227 21  20.19 19.59 2
Contributions EDSR-bascline [16] | 3455 309 2894 - - - - - s
EDSR-Meta-SR [12] | 34.64 30.93 2892 26.61 2355 2203 21.06 20.37 -
EDSR-LIIF [5] 34.67 3096 29.00 26.75 2371 22.17 21.18 20.48 3
O We introduce the Local Implicit Wavelet Transformer (LIWT), which integrates EDSR [16] | EDSR-UltraSR [27] | 34.69  31.02 29.05 26.81 23.75 2221 2121 20.51 E
EDSR-IPE [ 18] 3472 3101 2904 2679 23,75 2221 21.22 20351 5
features from the discrete wavelet transform into local implicit image functions EDSR-LTE [14] | 3472 31.02 29.04 26.81 2378 2223 2124 20.53 N
EDSR-LIWT(ours) | 34.79 31.12 29.15 2691 2386 2231 2130 20.60 %
using the Wavelet Mutual Projected Fusion (WMPF) and Wavelet-aware RDN-baseline [31] | 34.94 3122 29.19 - : - i . =
RDN-Meta-SR [12] 3500 31.27 2925 2688 2373 2218 2117 2047
Implicit Attention (WIA), to enhance the learning of high-frequency details. RDN-LIIF [5] 3499 3126 2927 2699 23.89 2234 2131 20.59
RDN [31] RDN-UltraSR [27] 35.00 31.30 2932 27.03 2373 2236 21.33 20.61 R
O We demonstrate that LIWT can be effectively integrated into different encoders RDN-IPE [18] 35.04 3132 2932 27.04 2393 2238 2134 20.63 ¢
RDN-LTE [14] 35.04 31.32 2933 27.04 2395 2240 21.36 20.64 E
to enhance performance, outperforming other arbitrary—scale SR methods. RDN-LIWT(ours) 35.07 3136 2939 27.11 2403 2247 2143 20.70 ’
winlR-baseline [1 4.94 1.22 29.1 - - - - -
D We COHdUCt d COmpI'EhenSiVe analysis Of LIWT EXtenSiVe experimental I'QSUItS SSWiHIR—ll)/[eta—SR[[ISZ]] ;535 ;*40 2;32 26.94 2380 2226 21.26 20.54 2
: SwinlR [15] SwinIR-LIIF [5] 35.17 3146 2946 27.15 24.02 2243 2140 20.67 %
demonstrate that the proposed LIWT can produce superior or comparable SwinIR-LTE [14] | 3524 3150 2951 2720 2409 22.50 2147 20.73 =
results on benchmark datasets. SwinIR-LIWT(ours) | 3525 31.53 29.55 2725 24.15 2256 21.52 20.77 T

[0 Visual comparison at integer scales and non-integer scales




