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Abstract

CNNs and Transformers have advanced super-resolution (SR), but suffer from limited receptive fields and high computational
cost, respectively. Mamba, based on Structured State-Space Models (SSM), enables efficient long-range modeling, and its extension,
MambalR, improves efficiency over Transformer-based SR models. However, MambalR struggles with high-frequency texture
restoration and scale flexibility. We propose IMF (Implicit MambalR via Fourier Representation), which incorporates Fourier-based
frequency features into state-space computation and employs a coordinate-based Implicit Neural Representation (INR) decoder. IMF
supports arbitrary-scale SR with a single training process and achieves both efficient and high-quality reconstruction.

Keyword : Arbitrary Scale Super-Resolution, Structured State-Space Model, Fourier Domain Learning, High-Frequency
Texture Reconstruction, Implicit Neural Representation
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Table 1. Quantitative comparison across scales and datasets (PSNR/SSIM)

Method scale | #param Set5 Set14 BSDS100 Urban100 Manga109
PSNR SSIM | PSNR SSIM | PSNR SSIM | PSNR  SSIM | PSNR  SSIM
CARNEY x2 1,592K | 37.76 09590 | 33.52 0.9166 | 3209 0.8978 | 31.92 009256 | 38.36 0.9765
IMDN@ x2 694K | 38.00 0.9605 | 33.63 0.9177 | 3219 0.8996 | 32.17 009283 | 38.88 0.9774
LAPAR-APE x2 548K | 3801 09605 | 3362 09183 | 3219 0.8999 | 32.10 0.9283 | 3867 0.9772
SwinlR-light x2 910K | 3814 09611 |33.86 0.9206 | 32.31 09012 | 3276 0.9340 | 39.12 0.9783
MambalR v1-light| =2 905K | 3813 09610 | 3395 0.9208 | 3231 009013 | 3285 009349 | 39.20 09782
IMF(Qurs) %2 1,635K | 3821 009612 | 3400 09212 | 3236 09016 | 33.15 009369 | 39.32 09785
CARNE" %3 1,592K | 3429 009255 | 30.29 0.8407 | 29.06 0.8034 | 2806 0.8493 | 33.50 0.9445
IMDN® %3 703K | 3436 09270 | 30.32 0.8417 | 29.09 0.8046 | 28.17 0.8519 | 33.61 0.9465
LAPAR-AE %3 544K | 3436 009267 | 30.34 08421 | 29.11 0.8054 | 28.15 0.8523 | 33.51 0.9441
SwinIR-light %3 918K | 3462 09289 | 30.54 0.8463 | 29.20 0.8082 | 28.66 0.8624 | 33.98 0.9478
MambalR vi-light| x3 913K | 3463 09288 | 30.54 0.8459 | 29.23 0.8084 | 28.70 0.8631 | 3412 0.9479
IMF(Qurs) %3 1,635K | 3469 009296 | 30.62 0.8481 | 29.30 0.8107 | 22.03 0.8687 | 34.28 09495
CARN@Y x4 1,592K | 32.13 0.8943 | 28.60 0.7806 | 27.58 0.7349 | 26.07 0.7837 | 3047 0.9084
IMDNP x4 715K | 32.21 0.8948 | 2858 0.7811 | 27.56 0.7353 | 26.04 07838 | 3045 0.9154
LAPAR-APE x4 659K | 3215 0.8944 | 2861 0.7818 | 27.61 07366 | 26.14 07871 | 3042 0.9074
SwinlR-light x4 930K | 3244 0.8976 | 2877 0.7858 | 27.69 0.7406 | 2647 0.7980 | 30.92 0.9151
MambalR v1-light| x4 924K | 3242 0.8977 | 2874 0.7847 | 2768 0.7400 | 26.52 0.7983 | 30.94 09135
IMF(Qurs) x4 1,635K | 32.56 0.8996 | 2887 0.7887 | 27.77 0.7433 | 26.87 0.8080 | 31.25 09183
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Table 2. Comparison of efficiency between IMF and MambalR

Method Scale # Parameters # Training lterations
X2 905K 0.5M
X3 913K 0.5M
MambalR
X4 924K 0.5M
Total 914K (Avg.) 1.5M (Sum.)
X2
X3 1,635K 0.5M
IMF (Ours)
X4
Total 1,635K (A78.9%) 0.5M (¥66.7%)

I 3. FSSB % INR 20| CHE} Ablation

43 21

Table 3. Ablation Results for FSSB and INR Modules

Variant

| w/ FSSB | w/ INR | Scale | iter | Urban100

(@) MambalR (baseline)

(b) MambalR + FSSB v
(c) MambalR + INR

(d) IMF (FSSB +INR) v

3248
32.60
X2 150K
v 32.54
v 32.68
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