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Comparison of the pipeline of different DM-based SR methods.
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(a) Training process of the PISA-SR
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(b) Inference process of PISA-SR
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Table 1. Results of PiISA-SR with different pixel-semantic guid-

ance scales on the RealSR test dataset. > e BET LB TSEISFRCLIPIQAT
. X PSNRT LPIPS| CLIPIQAT MUSIQT g
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Table 2. Quantitative comparison among the state-of-the-art DM-based SR methods on synthetic and real-world test datasets. ‘S’ denotes
the number of diffusion steps. The best and the second-best results are highlighted in red and blue, respectively.

Datasets Methods PSNRT SSIMT LPIPS| DISTS| FID| NIQE] CLIPIQAT MUSIQT MANIQAT
ResShift-S15 24.69 0.6175 0.3374 02215 36.01 6.82 0.6089 60.92 0.5450
StableSR-S200 23.31 0.5728 0.3129 0.2138 24.67 4.76 0.6682 65.63 0.6188
DiffBIR-S50 23.67 0.5653 0.3541 (0.2129 30.93 4.71 0.6652 65.66 0.6204
DIV2K PASD-S20 23.14 0.5489 0.3607 0.2219 29,32 4.40 0.6711 68.83 0.6484
SeeSR-S50 23.71 0.6045 0.3207 0.1967 25.83 4.82 0.6857 68.49 0.6239
SinSR-S1 24.43 0.6012 0.3262 0.2066 35.45 6.02 0.6499 62.80 05395
OSEDiff-S1 23.72 0.6108 0.2941 0.1976 26.32 4.71 0.6683 67.97 0.6148
PiSA-SR-S1 23.87 0.6058 0.2823 0.1934 25.07 4.55 0.6927 69.68 0.6400
ResShift-S15 26.31 0.7411 0.3489 0.2498 142.81 7.27 0.5450 58.10 0.5305
StableSR-S200 24.69 0.7052 0.3091 0.2167 127.20 5.76 0.6195 65.42 0.6211
DiffBIR-S50 24.88 0.6673 0.3567 0.2290 124.56 5.63 0.6412 64.66 0.6231
RealSR PASD-S20 22,22 0.6809 0.3392 0.2259 123.08 5.18 0.6502 68.74 0.6461
SeeSR-S50 2533 0.7273 0.2985 0.2213 125.66 5.38 0.6594 69.37 0.6439
SinSR-S1 26.30 0.7354 0.3212 0.2346 137.05 6.31 0.6204 60.41 0.5389
OSEDift-S1 23.15 0.7341 0.2921 0.2128 123.50 563 0.6693 69.09 0.6339
PiSA-SR-S1 25.50 0.7417 0.2672 0.2044 124.09 530 0.6702 70.15 0.6560
ResShift-S15 28.45 0.7632 0.4073 0.2700 17392 8.28 0.5259 49.86 0.4573
StableSR-S200 28.04 0.7460 0.3354 0.2287 147.03 6.51 0.6171 58.50 0.5602
DiffBIR-S50 26.84 0.6660 0.4446 0.2706 167.38 6.02 0.6292 60.68 0.5902
DrealSR PASD-S20 27.48 0.7051 0.3854 (2335 157.36 337 0.6714 64.55 0.6130
SeeSR-S50 28.26 0.7698 0.3197 0.2306 149.86 6.52 0.6672 64.84 0.6026
SinSR-S1 28.41 0.7495 0.3741 0.2488 177,05 7.02 0.6367 55.34 0.4898
OSEDiff-S1 27192 0.7835 0.2968 0.2165 135.29 6.49 0.6963 64.65 0.5899
PiSA-SR-S1 28.31 0.7804 0.2960 0.2169 130.61 6.20 0.6970 66.11 0.6156

Table 3. The inference time and the number of parameters of DM-based SR methods.

StableSR ResShift DiffBIR PASD SeeSR SinSR OSEDiff PiSA-SR-def. PiSA-SR-ad;.
Inference Steps 200 15 50 20 50 1 1 1 2
Inference time(s)/Image 10.03 0.76 2.72 2.80 4.30 0.13 0.12 0.09 0.13
#Params(B) 1.56 0.18 1.68 2.51 291 0.18 1.77 1.30 1230
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Figure 5. Visual comparisons of different DM-based SR methods. Please zoom in for a better view.
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Table 6. Ablation studies on pixel-level and semantic-level LoRA ranks on RealSR dataset.

Methods  Pixel-level LORA rank  Semantic-level LoRA rank | PSNR7T  SSIMT  LPIPS] CLIPIQAT MANIQAT MUSIQT

PiSA-SR 4 4 25.50 0.7417  0.2672 0.6702 0.6560 70.15
R1 4 8 25.40 0.7401 0.2719 0.6774 0.6584 69.93
R2 4 16 25.36 0.7398  0.2726 0.6777 0.6603 70.15
R3 4 32 25.40 0.7394  0.2713 0.6784 0.6634 70.13
R4 8 4 28.39 0.7422  0.2628 0.6663 0.6600 69.86
RS 16 4 25.54 0.7511 0.2624 0.6603 0.6636 69.77
R6 32 4 26.01 0.7565 0.2564 0.6318 0.6409 68.30
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