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Single image super-resolution (SR) Quantitative comparison
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_ Method In-scale Out-of-scale
We need to train and store several models for each scale factor, x2 x3 x4 | x6 x12 x18 x24 x30
i _Di ' WS~ L Bicubic [15] 31.01 2822 26.66|24.82 2227 21.00 20.19 19.59
when an upsampler is implemented by sub-pixel convolution ™ EDSR bondline 1151|3435 3000 2504 | o il LD BB
EDSR-baseline-MetaSR [4,9]| 34.64 30.93 28.92 |26.61 23.55 22.03 21.06 20.37
Arbitrary-scale SR m 0 ° c} (ryHx 7, Wx3) EDSR-baseline-LIIF [4] | 34.67 30.96 29.00 | 26.75 23.71 22.17 21.18 20.48
ml EDSR-baseline-LTE (ours) |34.72 31.02 29.04 | 26.81 23.78 22.23 21.24 20.53
_ _ . RDN-MetaSR [, 9] 35.00 31.27 29.25|26.88 23.73 22.18 21.17 20.47
Arbitrary-scale SR methods pave the way to restore images RDN-LIIF [4] 3499 3126 29.27 2699 23.89 2234 21.31 20.59
. . th singl ¢ K . B frxere R R AR R AR ER AR RR AR R : RDN-LTE (ours) 35.04 31.32 29.33|27.04 23.95 2240 21.36 20.64
In a continuous manner wit singie networ . Local grid @ Element-wise addition @Inner product SwinIR-MetaSR" [4, 9] 35.15 31.40 29.33 2694 23.80 22.26 21.26 20.54
presentations (ryH x 7, W x2) SwinIR-LITF [4] 35.17 31.46 29.46 |27.15 24.02 22.43 21.40 20.67
———— Col= (2l 21} “ S ® Element-wisemuItipIication@Channel-wiseconcat Swinir-LTE (ours) 3524 31.50 29.51 |27.20 24.09 22.50 21.47 20.73
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e o™ Make your point i v 'p| (ryH X7 W X2) O siinearwe @D Nearest-neighborhood up : Qualitative comparison
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memeg, vy memorableway ~memorable way ~memorable way Local implicit representation function = g !;
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HRyy, . — _ v — . _ LRy - Implicit neural function represents image continuously
! [X’ 9] Z Wlfg (Zl’ X = Xj C) where z = EfP (I ) - However, an MLP suffers from spectral bias problem

JeT
Learning dominant frequency component

. Local Texture Estimator | “
Bicubic (X32) Ours (X32) o | Bicubic MetaSR LIIF LTE
HRY[,. — _ v v, LR ——— Blurr Blocky Structural High-frequency
Implicit representation function 771x; 6, ] z Wile (h‘/’ (2 x = x; C)) +IIx] == ’ artifacts distortion details
JeT _
molicit N h where h,, is a local texture estimator | Model complexity
MDIICIT representation TUNCLION = | oo < S
P - P - - MLP ] High-frequency path : . ;}'?’f,j g R PR #Eval/Query Method # Params. Mem. (GB) Time (ms)

shed light on representing images : ; Amplitude & Frequency & Phase i £ SR — — —
N arbitrary resolution : 9216 LIIF [4] 1:6M 1:9 4559

ha('): R¢ — R** hf('): R¢ +— RKX? hp('): R? — RX Horizontal Ver’;ical Diag(.)nal o LTE (ours) L.7M 2.3 2912

e s . MetaSR [ 1.7M OOM -
However, a Standal().ne MLP. shows _T.T_Lf]_c. /\/ (Amplitude) (Frequency) (Phase) LTE characterizes image textures in 2D Fourier space 1.6M EIEIlF[ [] ] 1 6M 114 273
limited performance in learning @ [ oot Texture Estimator ] / (1248 x 1248) | LTE (ours) 1.7M 10.2 925
high-frequency Fourier coefficients T :  S———— / COS (n F;8 + h,, (a)))\ LTE+ (ours) T.7M 7.1 433
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h (Z [ ) 8) C) = A; G ‘ | .

Hence, we study arbitrary-scale SR vAT J \sin (n (FjS +h, (@)))/ | Conclusion
through the lens of Fourier analysis LTE LTE(-A)  LTE(-F)  LTE(-P) LTE-based neural function : Fourier information + MLP

where A; = ha(Z]-) F; = hf(z]-) ¢ = max(c, Cgr) Each component is significant in estimating Fourier space | | =» Arbitrary-scale SR with high-frequency details




