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LIIFusion: Learning Implicit Image Function Using Image Prior
Generated by an Efficient Diffusion Model for Arbitrary-Scale Image
Super-Resolution
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Abstract

Image Super-Resolution (SR) is a task which aims to reconstruct a High-Resolution (HR) image from a Low-Resolution (LR)
image. Existing SR methods are often limited to a fixed scale, which can lead to suboptimal results when the desired scale is not
known in advance. This paper proposes a novel and effective SR method, called LIIFusion, that combines Implicit Neural
Representation (INR) and a Diffusion Model (DM) to achieve flexible SR with arbitrary scales. LIIFusion employs the following
methods to generate plausible details in super-resolution (SR) images at arbitrary scales while reducing computational complexity.
(1) The image is represented as a latent vector without spatial resolution, and the diffusion process is carried out in the latent
space. The latent vector sampled through the diffusion process serves as a Prior that contains HR image information, used to inject
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HR information into the LR image feature map. Since the vector does not have a resolution, this approach has lower
computational complexity compared to typical latent space diffusion processes. (2) The network is designed to retrieve spatial
information from the feature map that has not had the Prior injected, using Shifted Window Cross-Attention, which allows for
indirect reference to the Prior-injected feature map. Due to the lack of resolution, the feature map with the Prior injected may
contain HR information but could have damaged spatial information. Thus, instead of directly using the Prior-injected feature map,
it is more effective to refer to it and extract high-quality information from the original feature map. The high-quality feature map
derived through Shifted Window Cross-Attention is then input into the Conditional LIIF, an INR, which aids in learning a
continuous image function. Since the continuous image function can output the RGB value for a given pixel's position and size,
SR is achievable at any scale. Thanks to the aforementioned methods, LIIFusion is more efficient and scalable compared to
conventional diffusion models in the image space. Additionally, experimental results on various datasets demonstrate that LIIFusion
outperforms most state-of-the-art SR methods in terms of performance.

Keyword : Arbitrary-Scale SR, INR, Latent Space Diffusion, Prior
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Fig. 1. Overall Structure of LIIFusion. The Prior Encoder in stage 1 is replaced to the Diffusion Model in stage 2 to sample high quality
Prior. In stage 2, EDSR-Baseline Encoder, Prior Injector, and Conditional LIIF are pretrained in stage 1.
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process as it only needs 4 steps to sample a Prior.
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(Inje Hwang et al.: LIIFusion: Learning Implicit Image Function Using Image Prior Generated by an Efficient Diffusion Model for

Arbitrary-Scale Image Super-Resolution)
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Table 1. Stage 1 - Quantitative comparison on DIV2K Validation dataset (PSNR). Best performance is marked in bold.

Methods In-Distribution Out-of-Distribution
x2 x3 x4 x6 x12 x18 x24 x30
Bicubic 31.07 28.27 26.70 24.87 22.34 21.09 20.29 19.72
LIIF-EDSRE! 34.68 30.97 29.01 26.76 23.72 2217 21.19 20.49
Ours 34.60 30.98 29.06 26.84 23.78 22.22 21.22 20.52

2.3 €W B - HIX|0LS GlO[EfAlo] Chet A H|IW (PSNR). 718 P8t d52 72 SME BAISIAICL
Table 2. Stage 1 - Quantitative comparison on benchmark datasets (PSNR). Best performance is marked in bold.

In-Distribution Out-of-Distribution

Datasets Methods %2 x3 %4 %6 8
Bicubic 31.81 28.62 26.70 24.20 22.75
Set5? LIIF-EDSRP 37.99 34.40 32.24 28.96 26.98
Ours 37.97 34.51 32.36 29.03 27.03
Bicubic 28.33 25.73 24.25 22.50 21.41
Set142% LIIF-EDSRP! 33.66 30.34 28.62 26.45 24.94
Ours 33.77 30.43 28.75 26.60 25.09
Bicubic 28.28 25.88 24.64 23.22 22.37
B100!" LIIF-EDSR®! 32.17 29.10 27.60 25.84 24.79
Ours 32.18 29.15 27.67 25.94 24.88
Bicubic 25.44 23.00 21.69 20.19 19.30
Urban100™! LIIF-EDSRP! 32.15 28.22 26.15 23.79 22.45
Ours 32.13 28.39 26.43 24.05 22.69

x2

x4

x8 x10
T2l 5. A I CHH| - Set50i CHSH M Zat A0l Sytatof mat Wk AR} okl TJ2|= IR0 AlZKAlE A
Fig. 5. Stage 1 - Qualitative result on Set5. As increasing scale, the grid pattern in red box vanishes.
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Arbitrary-Scale Image Super-Resolution)

Bicubic

LIIF-EDSR

T2 6. A R S - Urban100 x4 SRO|| CHSH 4™ Z1} LiFusionO| LIIF-EDSRO| Il 2129 MS O & S25i%iCt
Fig. 6. Stage 1 - Qualitative result on Urban100 x4 SR. LIIFusion restored the lines of the building better than LIIF-EDSR.
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Table 3. Stage 2 - Quantitative comparison on DIV2K Validation dataset (PSNR/LPIPS). Best performance is marked in bold, and second-best
performance is underlined. Since LDM and DiffIR are fixed-scale SR models, only the x4 results are listed.

In-Distribution

Out-of-Distribution
x12 x18 x24 x30

PSNR LPIPS PSNR LPIPS PSNR LPIPS|PSNR LPIPS PSNR LPIPS PSNR LPIPS PSNR LPIPS PSNR LPIPS

Methods x2 x3 x4
LDM!"! - - - - 2348 02170| -
DifflR"™ - - - - 29.13 0.0871| -

LINF" | 3373 0.0635 29.93 0.1159 27.94 0.1736| 26.04 0.2985 23.67 0.4989 22.13 0.6060 21.13 0.6640 20.44 0.6965

SRNOP? | 34.85 0.0850 31.11 0.1916 29.16 0.2636| 26.90 0.3634 23.84 05262 22.28 0.6114 21.26 0.6591 20.55 0.6918

Ours 33.39 0.0334 29.58 0.0758 27.86 0.1238| 25.81

0.2054 22.99 0.4014 21.54 0.5091 20.61 0.5765 19.94 0.6294
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X 4. F HAY BBl - HIX|OLS Gjo[EAlof CHeH H2HA H|m (PSNR/LPIPS). £ 452 &
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Table 4. Stage 2 - Quantitative comparison on benchmark datasets (PSNR/LPIPS). Best and second-best results are marked in bold and underlined,
respectively. Since LDM and DifflR are fixed-scale SR models, only the x4 results are listed.

rlo

SNE, F HZ 2ot 452 LEZ EAISISICE LDMZ

In-Distribution Out-of-Distribution
Datasets Methods x2 x3 x4 x6 x8

PSNR LPIPS PSNR LPIPS _ PSNR LPIPS PSNR LPIPS PSNR LPIPS

LDM!™ - - - - 28.18 0.1754 - - - -

DiffIR('® - - - - 31.46 0.0628 - - - -
Set5? LINF2Y 37.07 0.0387 33.39 0.0669 31.02 0.0866 27.88 0.1732 26.69 0.2541
SRNO®Z 38.15 0.0564 34.53 0.1223 32.39 0.1747 29.05 0.2550 27.06 0.3236
Ours 36.77 0.0226 33.23 0.0482 31.18 0.0777 27.87 0.1440 26.06 0.2186

LDM!™ - - - - 25.74 0.2179 - - - -

DifflR"% - - - - 27.46 0.1178 - - - -
Set14120 LINF21 32.73 0.0709 29.26 0.1296 27.55 0.1889 25.71 0.3136 24.74 0.3955
SRNO®Z 33.83 0.0910 30.50 0.2026 28.78 0.2787 26.55 0.3926 25.05 0.4543
Ours 32.68 0.0472 29.23 0.0957 27.70 0.1458 25.78 0.2399 24.36 0.3175

LDM!™ - - - - 25.19 0.2596 - - - -

DiffIR('® - - - - 26.45 0.1498 - - - -
B100!" LINF2Y 31.39 0.1138 28.21 0.1735 26.62 0.2383 25.21 0.3816 24.64 0.4860
SRNO®2 32.27 0.1443 29.19 0.2790 27.67 0.3636 25.91 0.4848 24.87 0.5592
Ours 31.22 0.0613 27.99 0.1259 26.66 0.1867 2517 0.2869 24.19 0.3794

LDMI™ - - - - 23.39 0.1864 - - - -

DiffIR('® - - - - 26.04 0.1006 - - - -
Urban100 LINF21 31.22 0.0520 27.26 0.1147 25.15 0.1836 23.11 0.3313 22.27 0.4151
SRNO®R2 32.62 0.0597 28.57 0.1470 26.50 0.2144 24.07 0.3311 22.69 0.4180
Ours 31.31 0.0354 27.37 0.0853 25.44 0.1384 23.26 0.2346 22.01 0.3238

Ours SRNO
LDM DiffIR

T2 7. F Ui SA0AM DIV2K ZZ HI0[EA x4 SRo|| Chet Z4x A1t SRNOE {22 E SR 0|0|X|E E0{F3{en,
LINFE =0|Z7} 3l= SR O|O[X|E 20iF{Ct LDM2 MHSHX| 2k OLE|[WET} 9= SR O|0|X|S HMFCE HHH LiFusiont
DiffR2 MHSIHA AHA212 SR O|0[X|E MMSILL

Fig. 7. Qualitative result of stage 2 on DIV2K Validation dataset x4 SR. SRNO produced an oversmoothed SR image,
and LINF showed an SR image with noise. LDM generated a sharp SR image but with some artifacts. In contrast, LIIFusion
and DiffIR generated SR images that were both sharp and natural-looking.
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(Inje Hwang et al.: LIIFusion: Learning Implicit Image Function Using Image Prior Generated by an Efficient Diffusion Model for
Arbitrary-Scale Image Super-Resolution)

LINF LDM DiffIR

T2 8. 5 HAj SHAlolA B100 x4 SROI| CiSH A 23l SRNOE 2HAREIE SR 0[0|X|E H0IF20, LINF} LDM2 242t
SO0|Z7} Q4= SR 0|0]X| 2t OIE[HET} QL= SR O|0[X|E MMZUCE HHH LilFusiont DiffR2 I X5 MF S22 71 AtpiA2i2
SR O|0|X|E MM 2n, DifRe| Z27} LiIFusion ECt O MEZMCE
Fig. 8. Qualitative result of stage 2 on B100 x4 SR. SRNO showed an oversmoothed SR image, while LINF and LDM generated
SR images with noise and artifacts, respectively. In contrast, LIIFusion and DifflR produced natural SR images with plausible
fine details, with DiffIR's result appearing sharper than LIIFusion.

LINF DiffIR

12 9. & B ShAlollM Urban100 x4 SROI| CHSH A Z3f. LINFE =0|=J} Q4= 0[0|X|S At on, LDMO| A¥AIstH ofn|X|=

& éﬁPl o}XI"* OIE[TET} QLT AHO| Zr2fC. BH LilFusion 2+ SRNO, 2|1 DiffRS HR O|0]X|9} AlEks| SARSH SR ZIE H0F9]
C} £35] LlIFusion0| 44A4St SR 0|0|X|= SRNO%} DifflRe| SR Z} o|0|Xx[of H|} f MTZICE

Fig. 9. Qualitative result of stage 2 on Urban100 x4 SR. LINF generated an image with noise, while the image generated by

LDM was sharp but had artifacts and color differences. In contrast, LIIFusion, SRNO, and DiffIR produced SR results that were

quite similar to the HR image. Notably, the SR image generated by LIIFusion appeared sharper than the SR results from SRNO

and DiffIR.
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Table 5. Stage 2 - Quantitative comparison on CelebA-HQ100 dataset (PSNR/LPIPS). Best and second-best results are marked in bold and
underlined, respectively. Due to the long inference time of IDM, the figures are extracted from the paper.

In-Distribution Out-of-Distribution
Methods x5.3 x7 x10 x10.7 x12
PSNR LPIPS PSNR LPIPS PSNR LPIPS PSNR LPIPS PSNR LPIPS
LIIF-EDSRE! 26.19 0.1017 26.19 0.1571 25.20 0.2435 25.14 0.2573 25.04 0.2823
DM 23.34 0.0526 23.55 0.0736 23.46 0.1171 23.30 0.1238 23.06 0.1800
Ours 24.75 0.0451 2417 0.0727 23.85 0.1183 23.81 0.1254 23.75 0.1470

HR Ours
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Z1E H0ix%=H|, IDM2| SR O|0|X|=

Figure 10. Qualitative result of stage 2 on CelebA-HQ100 x8 SR. LIIF-EDSR showed an oversmoothed SR image, while LIIFusion
and IDM generated sharp SR images. Notably, LIIFusion provided SR results more suited to the context of the LR image than IDM.
In the SR image generated by IDM, the colors of the two pupils are different, whereas in the SR image generated by LlIFusion,

the colors of both pupils remain identical.
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(Inje Hwang et al.: LIIFusion: Learning Implicit Image Function Using Image Prior Generated by an Efficient Diffusion Model for
Arbitrary-Scale Image Super-Resolution)
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Table 6. Stage 2 - Average test time comparison on Set5 & DIV2K

. T AZUHE 471 AE (Ablation Study)

995

Validation datasets (Seconds). Best is marked in bold, and sec- At B el 9 AW FIAL AFalr] 9 DIffiIRA
ond-best is underlined. H Zetoloj7h FYH S-S SRol HEE AbEshe BY
Datasets Methods Average test time (sec) S AT ZEkololE A Q, 71 K, 183 WH Vel
LDM!" 43 BE FYsl AZE k9 AX oJdd S Fefsiglon,

Set5? D o o2 QKV Zeko]o}(QKYV Prior) RH% %7183t} 12
Ours 0.9 U <3 7>0|4 Hzo] Mi{ VE Zejo]ojZ Ay w7t

S 1906 Kol ol ol AE} gl Zelololz s} 5

AT I 6%0 Anle) 27 ARo} LD onla gea A
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Table 7. Stage 1 - Comparison according to the Prior utilization on benchmark datasets (PSNR). Better performance is marked in
bold. Evaluation was conducted based on 200 epochs

In-Distribution Out-of-Distribution

Datasets Methods x2 3 4 <6 x8
Sets? LIIFusion-QKV prior 37.73 34.14 32.00 28.67 26.73
LIIFusion-Q prior (Ours) 37.75 34.30 32.18 28.92 26.95
Set14201 LIIFusion-QKV prior 33.46 30.21 28.47 26.29 24.81
LIIFusion-Q prior (Ours) 33.49 30.29 28.57 26.45 24.93
810004 LIIFusion-QKV prior 32.04 29.01 27.51 25.77 24.72
LIIFusion-Q prior (Ours) 32.08 29.04 27.57 25.84 24.79
Urban1007 LIIFusion-QKV prior 31.74 27.95 25.93 23.62 22.31
LIIFusion-Q prior (Ours) 31.64 28.02 26.07 23.73 22.40

I8 A tmy CHA| - HIX|0FF H|O|E{AU0IA HR Prior Wi Scale M&e| {F0f MZ H|W (PSNR). [ L2 M52 ;S SMZ HA[SIALCE
F 22 HR Prior0i| Scale M= EXjo| FFE MstE ZE X210 SYSICL WIKE 200 H|Z3E 7|ELZ TESIAILCE

Table 8. Stage 1 - Comparison according to the presence or absence of scale factor information within the HR Prior on benchmark
datasets (PSNR). Better performance is marked in bold. The two models are equal in all conditions except whether there is information
about scale factor in the HR prior or not. Evaluation was conducted based on 200 epochs

In-Distribution Out-of-Distribution

Datasets Methods x2 3 x4 6 8
Set5? LIIFusion-w/ scale 37.92 34.39 32.20 27.00 26.67
LlIFusion-w/o scale (Ours) 37.75 34.30 32.18 28.92 26.95
Set1421 LIIFusion-w/ scale 33.56 30.34 28.61 25.08 24.75
LIIFusion-w/o scale (Ours) 33.49 30.29 28.57 26.45 24.93
8100 LIIFusion-w/ scale 3214 29.09 27.58 24.99 24.66
LIIFusion-w/o scale (Ours) 32.08 29.04 27.57 25.84 24.79
Urban100™ LIIFusion-w/ scale 31.95 28.13 26.09 22.25 22.20
LlIFusion-w/o scale (Ours) 31.64 28.02 26.07 23.73 22.40
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