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1 Haar Wavelet Transform

The Haar wavelet transform is a simple and computationally efficient method for decompos-
ing input signals into low-frequency and high-frequency sub-bands, widely employed in the
field of computer vision [4, 5, 11, 14, 16, 19]. In this paper, we utilize the Haar wavelet
transform to perform the discrete wavelet transform (DWT) on the features Z obtained from
the encoder. The Haar wavelet transform typically involves processing the input signal with
high-pass filter H and low-pass filter LT to obtain different sub-bands. Specifically, the
low-pass and high-pass filters are:

T 1 T

L ﬂ[ll],H ﬁ[ll] (1)
Similarly, the filters of the Haar wavelet transform consist of four 2x2 kernels, including
LLT, LHT, HLT and HHT. 1In this paper, we use LLT to process the feature Z to obtain
the low-frequency component LL, and respectively use LH”, HLT and HH' to process the
feature Z to obtain the high-frequency components LH, HL and HH. Following the wavelet
transform, the low-frequency component exhibits smooth surface and texture information,
while the high-frequency components capture more complex texture details. We denote the
low-frequency component LL as F% and concatenate the high-frequency components LH,
HL, and HH along the channel axis, represented as F' H

2 Analysis on the training strategy

We analyzed the impact of training strategies on the DIV2K dataset [1]. As shown in Table 1,
training within a small scale sampling range of s ~ U (1,4) enables the model to achieve good

*Corresponding Author.
© 2024. The copyright of this document resides with its authors.
It may be distributed unchanged freely in print or electronic forms.


Citation
Citation
{Guo, Seyedprotect unhbox voidb@x protect penalty @M  {}Mousavi, Huuprotect unhbox voidb@x protect penalty @M  {}Vu, and Monga} 2017

Citation
Citation
{Hsu and Jian} 2023

Citation
Citation
{Liu, Zhang, Lian, and Zuo} 2019

Citation
Citation
{Xin, Li, Jiang, Wang, Huang, and Gao} 2020

Citation
Citation
{Xue, Qiu, Liu, and Jin} 2020

Citation
Citation
{Zou, Chen, Wu, Zhang, Xu, and Shao} 2022

Citation
Citation
{Agustsson and Timofte} 2017


2 DUAN ET AT.: LOCAL IMPLICIT WAVELET TRANSFORMER

performance at small upscaling scales but sacrifices reconstruction accuracy at higher scaling
factors. Expanding the scale sampling range to s ~ U(1,8) during training can enhance the
model’s reconstruction performance at larger upscaling scales but decrease performance at
smaller upscaling scales. Our proposed curriculum learning strategy gradually expands the
sampling range during training. Although the performance at scaling factors of x2 and x3
is not as good as training within the small-scale sampling range of s ~ U(1,4), overall,
it achieves the best balance across different scaling factors. Our training approach ensures
effective reconstruction at large sampling scales and achieves the most optimal or suboptimal
results across various scaling factors. To validate the generality of the proposed curriculum
learning training strategy, we applied the same training setup to LIIF [3] and LTE [9]. As
shown in Table 2, we observed performance improvements, indicating the effectiveness and
generalizability of our training strategy.

Training strategy x2 x3 x4 X6 x8 x12 x24 x27 x30
Curriculum learning strategy | 34.79 31.12 29.15 2691 2555 2386 213 2092 206
Training with U(1,4) 3484 31.13 29.14 26.89 2552 23.83 21.27 20.89 2057
Training with U(1,8) 3478 31.11 29.14 2691 2555 2386 2131 2092 206

Table 1: The average PSNR (dB) of different training strategies on the DIV2K validation
set [1].

Training strategy Method X2 x3 x4 x6 x12 x18
Original EDSR-LIIF [3] 34.67 30.96 29 26.75 23.71 22.17
EDSR-LTE [9] 34.72 31.02 29.04 26.81 23.78 22.23
Curriculum EDSR-LIIF [3] | 34.65(-0.02) 30.99(+0.03) 29.05(+0.05) 26.81(+0.06) 23.77(+0.06) 22.22(+0.05)
EDSR-LTE [9] | 34.7(-0.02) 31.03(+0.01) 29.07(+0.03) 26.85(+0.04) 23.82(+0.04) 22.28(+0.05)

Table 2: The average PSNR (dB) of LIIF [3] and LTE [9] training with and without curricu-
lum learning on the DIV2K validation set [1].

3 More evaluation metrics

We employ two metrics, SSIM and LPIPS, to further demonstrate the effectiveness of LIWT
compared to other arbitrary-scale SR methods. We compare the performance of LIWT,
LTE [9], LIIF [3], and MetaSR [6] using SwinlIR as the encoder on Setl4 [17] and Ur-
ban100 [7] datasets. Typically, higher SSIM and lower LPIPS correspond to better per-
formance. From the results in Table 3, it can be observed that except for x2 scaling, our
method achieves the highest SSIM and the lowest LPIPS. This indicates that our approach
can recover more structural information and has better perceptual quality.

x2 x3 x4 X6 x8
SSIMtT LPIPS] | SSIMT LPIPS| | SSIMT LPIPS] | SSIMT LPIPS| | SSIMT LPIPS|
Meta-SR [6] | 0.923 0.134 0.850 0.227 0.791 0.291 0.704 0.382 0.648 0.446
LIIF [3] 0.923 0.134 0.851 0.227 0.792 0.293 0.707 0.380 0.652 0.443
LTE [9] 0.924 0.133 0.852 0.224 0.794 0.292 0.709 0.377 0.655 0.440
LIWT(Ours) | 0.924  0.132 | 0.853  0.223 | 0.795 0.289 | 0712 0373 | 0.657  0.436
Meta-SR [6] | 0.939 0.102 0.873 0.186 0.810 0.251 0.709 0.347 0.638 0.415
LIIF [3] 0939  0.102 | 0876  0.188 0.817 0.258 0719 0349 | 0.650 0415
LTE [9] 0.941 0.100 0.877 0.186 0.820 0.254 0.722 0.343 0.653 0.408
LIWT(Ours) | 0.941 0.099 0.878 0.183 0.821 0.250 0.726 0.336 0.657 0.401

Dataset Method

Setl4 [17]

Urban100 [7]

Table 3: Comparison of more evaluation metrics (SSIM{ and LPIPS]) on Setl4 [17] and
Urban100 [7].
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4 Comparison with DWT-based SR methods

We compare LIWT with other DWT-based SR methods [4, 8, 11, 14, 16, 19] using PSNR
and SSIM metrics on Set14 [17] and Urban100 [7], where LIWT utilizes SwinIR[10] as the
encoder. As shown in Table 4, our LIWT achieves the best results at various scaling factors.

x2 x3 x4
PSNRT [ SSIMT | PSNRT | SSIMT | PSNRT [ SSIM{
MWCNN [11] 33.71 0.918 30.14  0.841 28.58  0.788

Dataset Method

DWSR [4] 33.07 0911 29.83 0.831 28.04 0.767
WRAN [16] 34.21 0.922 30.71 0.852 28.60 0.786
Setl4 [17] 'WDRN [14] 33.90 0.921 30.50 0.845 28.75 0.786

JWSGN [19] 34.17 0.923 - - 28.96 0.789
‘WaveMixSR [8] | 31.27 0.904 28.77 0.841 26.25 0.751

LIWT(Ours) 34.31 0.924 30.86 0.853 29.05 0.795
MWCNN [11] 3236 0.931 28.19 0.852 26.37 0.789
DWSR [4] 30.46 0.916 25.26 0.755

WRANT[I6] | 3347 0940 | 2899 0869 | 2674 0803
Urbanl00[7] | WDRN[14] | 3264 0937 | 2859 0862 | 2641  0.797
JWSGN[19] | 3317 0938 - - 2682 0.807
WaveMixSR [8] | 29.14 0908 | 2582 0819 | 23.57  0.730
LIWT(Ours) | 3352 00941 | 2946 0878 | 2730 0821

Table 4: Comparison of PSNR1 and SSIMT for different DWT-based methods on Set14 [17]
and Urban100 [7].

5 Comparison of different arbitrary-scale SR methods at
non-integer scale

To further assess the advantages of our method over other arbitrary-scale SR methods, we
present comparative results of PSNR and SSIM metrics at non-integer scaling factors on
Set14 [17] and Urban100 [7]. As shown in Table 5, Our LIWT achieves optimal results at
various scaling factors.

Dataset Method x2.2 x2.5 x3.3 x3.5 x4.4 x5.5 x6.6 x7.7
PSNRT SSIMT [ PSNRT SSIMT [ PSNRT SSIMT | PSNRT SSIMT | PSNRT SSIMT [ PSNRT SSIMT [ PSNRT SSIMT | PSNRT  SSIMT
Meta-SR [6] | 31.84 0.899 31.48 0.883 29.14 0.825 29.26 0.813 28.18 0.768 26.92 0.720 26.14 0.684 2532 0.654
Setl4[17] LIIF [3] 3191 0.899 31.54 0.884 29.44 0.825 29.29 0814 28.25 0.770 27.02 0.722 2625 0.688 2541 0.658
LTE [9] 31.93 0.900 31.55 0.884 29.48 0.826 29.30 0.815 28.29 0.771 27.07 0.724 26.30 0.689 25.50 0.661

LIWT(Ours) | 31.95 0.900 31.60 0.885 29.49 0.827 29.34 0.816 28.31 0.772 27.08 0.725 26.33 0.691 25.50 0.662
Meta-SR [6] | 31.72 0.923 2837 0.884 28.07 0.851 2745 0.836 25.96 0.785 2471 0.730 23.76 0.684 23.01 0.645
LIIF [3] 31.78 0.923 28.48 0.885 28.26 0.854 27.67 0.840 26.24 0.792 24.96 0.739 2397 0.694 23.18 0.656

Urbanl0O 71} g o) 3192 0925 | 2851 0887 | 2835 0856 | 27.76 0842 | 2633 0796 | 2504 0742 | 2404 0698 | 2321  0.659

LIWT(Ours) | 31.95 0.925 2851 0.886 28.41 0.857 2781 0.843 26.39 0.797 25.13 0.746 24.12 0.701 2329 0.662

Table 5: Comparison of different arbitrary-scale SR methods at non-integer scale on
Set14 [17] and Urban100 [7] (PSNR (dB)).

6 The analysis of large-scale SR

We analyzed the advantages of our LIWT on the benchmark dataset for large-scale SR sce-
narios. We define scales larger than x6 as large-scale. As shown in Table 6, our method
achieves optimal results for large-scale at x6, x8, and x12. As shown in Figure 4, LIWT
with RDN [18] as the encoder can even outperform other methods with SwinIR [10] as the
encoder at x8 SR on Set5 [2].
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i Se [2] Setl4 [17] BI00 [13] Urban100 [7]
Methods %6 x8 xI2 | x6 x8 xI2 | x6 x8 xIZ | x6 x8 xI2Z
RDN-Meta-SR [6] | 29.04 2696 - | 2651 2497 2590 24.83 2399 2259

RDN-LIIF [3] 29.15 27.14 2486 | 26.64 25.15 2324 | 2598 2491 2357 | 2420 22.79 21.15
RDN-UltraSR [15] 2933 2724 2481 | 2669 2525 2332|2601 2496 2359|2430 22.87 21.20
RDN-IPE [12] 29.25 27.22 - 26.58 25.09 - 26.00 24.93 - 24.26 22.87 -
RDN-LTE [9] 2932 2726 2479|2671 2516 2331 |26.01 2495 23.6 | 2428 22.88 21.22
RDN-LIWT (Ours) | 29.45 27.38 25.00 | 26.80 2530 2336 | 26.05 2499 23.63 | 2441 2301 2133
SwinlR-Meta-SR [6] | 29.09 27.02 24.82 | 26.58 25.09 2333 | 2594 24.86 23.59 | 24.16 2275 2131
SwinIR-LIIF [3] 2946 2736 2499 | 26.82 2534 2339 | 26.07 2501 23.64 | 2459 23.14 2143
SwinIR-LTE [9] 29.50 2735 2507 | 26.86 2542 23.44 | 26.09 2503 23.66 | 24.62 23.17 21.50
SwinIR-LIWT (Ours) | 29.60 27.51 25.07 | 26.90 2543 2348 | 26.13 25.06 23.69 | 2471 2324 21.57

Table 6: Comparison for scales at x2, x3, and x4 on benchmark datasets (PSNR (dB)).
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Figure 1: Comparison of x8 SR task on Set5 [2] (PSNR (dB)).
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Figure 2: Visual comparisons for x4 SR on Urban100 [7]. Zoom in for best view.
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