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Abstract: Objective Diffusion inversion super-resolution (InvSR) reconstructs images with only a few reverse sampling
steps by estimating the noise required for intermediate diffusion states. However, the original noise prediction network
lacks explicit preservation of local edges and fine-grained textures during high-resolution feature compression. In addition,
the bottleneck layer does not jointly model cross-region structural context and local texture continuity, while the fixed sam-
pling path is difficult to adapt to inputs with different degradation characteristics. To improve the detail preservation capa-
bility and sampling-path adaptability of diffusion inversion super-resolution, a detail-preserving noise prediction and adap-
tive sampling-path scheduling method for InvSR is propesed. Method The proposed framework jointly modifies the noise-
prediction network and the sampling policy. First, a high-frequency preserving downsampling module (HPDM) replaces
the attention-heavy first downsampling stage. A time-conditioned residual block retains the modulation of feature responses
by the diffusion timestep. Three depthwise-convolution branches with 3x3, 5x5, and dilated 3X3 kernels encode local tex-
ture, slightly wider edge context, and expanded spatial context, respectively. Their outputs are concatenated, fused by a
1X1 convolution, and added to the input feature. PixelUnshuffle followed by a 1X1 projection then rearranges each 2X2
neighborhood into the channel dimension before compression, reducing irreversible loss of local ordering information. A
linear spatial-attention block is retained only in the lower-resolution stage, where long-range relations can be modeled at
lower cost. Second, a structure-texture dual-branch fusion module (STDFM) is inserted into the semantic bottleneck. Its
structure branch uses linear spatial attention to capture global contours and cross-region dependencies, whereas its texture
branch uses multi-scale depthwise convolutions to represent local gradients, orientation, and neighborhood continuity. A
time-aware gate predicts the relative contribution of the two branches from the input content and timestep embedding,
enabling the bottleneck to strengthen structural constraints when global evidence is weak and to emphasize local texture
when fine detail is deficient. Third, a sampling path prediction module (SPPM) converts path selection into a sixteen-class
degradation-aware classification problem. The candidate set contains sixteen timestep combinations covering one to five-
step sampling. During offline label construction, every candidate is evaluated for each training sample using direction-
aligned and normalized fidelity, structural, perceptual, and no-reference quality measures. Their weighted restoration util-
ity determines the supervisory path label. A tiny depthwise convolutional network (TinyDWConvNet) with progressively
expanded depthwise-separable convolutional stages, global average pooling, dropout, and a sixteen-way classifier learns to
infer that label directly from a 128%128 low-quality input. The classifier contains 107, 217 parameters and is evaluated
only once at deployment; it does not require a ground-truth image, repeated reconstruction with all candidate paths, or
online computation of image-quality measures. The three components are deliberately placed at different processing scales
rather than stacked at a single resolution. HPDM protects high-frequency evidence before irreversible spatial contraction
STDFM operates after compression, when global relationships can be estimated efficiently; and SPPM acts outside the
denoiser to allocate the reverse trajectory. This separation keeps each component aligned with a distinct source of error and
avoids changing the pretrained diffusion prior. During reconstruction, the selected path determines only the sequence of
reverse timesteps, while the enhanced noise predictor supplies the state-dependent noise estimate required at those
timesteps. Consequently, the same pretrained diffusion backbone and interface remain available for one to five-step infer-
ence. The structural network and the path classifier use separate objectives, so the classifier can be extended without rede-
signing the main diffusion backbone. Result Training uses the LSDIR (A Large Scale Dataset for Image Restoration) dataset
together with a 20, 000-image subset of FFHQ (Flickr-Faces-HQ). Low-quality inputs are synthesized with the Real-
ESRGAN (Real-world Enhanced Super-Resolution Generative Adversarial Network) degradation pipeline, and the scale
factor is X4 with 512X512 high-resolution crops and 128x128 low-resolution inputs. Evaluation is conducted on ImageNet-
Test, the paired RealSR (Real-World Super-Resolution) dataset, and the unpaired RealSet80 dataset. Full-reference

assessmenl uses peak signal-lo-noise ratio (PSNR), structural similarity (SSIM ), and learned perceptual image patch simi-
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larity (LPIPS) ; no-reference assessment uses the Natural Image Quality Evaluator (NIQE ), Perceptual Index (PI), Multi-
scale Image Quality Transformer (MUSIQ) , and contrastive language-image pre-training based image quality assessment
(CLIP-IQA). On ImageNet-Test, compared with one-step InvSR, the complete model decreases PSNR from 24. 14 dB to
23. 65 dB, while increasing SSIM from 0. 6789 to 0. 6808. It lowers NIQE from 4. 3815 to 4. 0004 and PI from 3. 0866 to
2.9565, while increasing CLIP-IQA from 0. 7093 to 0. 7274. The parameter count decreases from 33. 84 million to 28. 47
million, a reduction of approximately 15.9%. The HPDM-plus-STDFM configuration provides the strongest fidelity-
oriented ablation result, reaching 24.59 dB PSNR and 0. 6902 SSIM with 28. 37 million parameters, whereas adding
SPPM shifts the balance toward input-dependent perceptual quality and produces the best CLIP-IQA score. On RealSR,
the complete model decreases NIQE from 4. 2189 to 3. 9566 and PI from 3. 7779 to 3. 6148 relative to InvSR-1, although
its full-reference and some semantic-perceptual scores do not all improve. On RealSet80, NIQE decreases from 4. 0284 to
3. 8938 and PI from 3. 4666 to 3. 4479, while CLIP-IQA and MUSIQ remain below the baseline. Visual comparisons show
clearer local edges after HPDM and more continuous structural boundaries after STDFM. Conclusion The results indicate
that high-resolution detail-preserving compression and bottleneck-level structure-texture coordination are complementary :
the former retains evidence that would otherwise be lost before deep encoding, and the latter reorganizes that evidence
under a broader structural context. Degradation-aware path prediction further changes reverse diffusion from a fixed sched-
ule into an input-dependent decision without altering the pretrained diffusion backbone. The proposed method is therefore
an effective joint structural and scheduling extension for low-step diffusion-inversion super-resolution. Its advantages are
most consistent for ImageNet-Test and for no-reference naturalness on real degradations. The remaining variation among
fidelity, semantic, and perceptual measures also exposes the current limitations: offline utility labels depend on a finite
candidate set, one image-level path cannot accommodate different degradations within the same image , and path decisions
are not optimized end to end with reconstruction. Future work will investigate larger and continuous timestep spaces,
region-level or patch-level scheduling, joint optimization of the classifier and super-resolution model, and validation across
additional degradation types, scale factors, and application domains.

Key words: single image super-resolution; diffusion model; diffusion inversion; multi-scale feature enhancement; noise

prediction network ; sampling path prediction; real-world image restoration
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AR DL R 535 B [ 25 45 4 7 1) % € . PiSA-SR
(pixel-level and semantic-level adjustable super-
resolution ) 1l 112 % % 518 X % W LoRA (low-rank
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(Xu%,2025) . 35— 51, InvSR i 52k 7 73 7 S50
P P RS BB RS LA 1~5 4 Sz ] 26 %
PEAT R (Yue 5 ,2025) , F WK AR ] 254 £
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2026) ., XEEMFFER] WY BB R E 2N
/D SR A YR W e 1) R4 IR ] SRR I AR A
RS2 At e AR AR 4

JUE A I 6 W B T O 2 R A A 2
RO At — DA ZS 6] . — 7 i, AP 2D A it
LGP [ PR 28 U0 A1) 0 200 19 Ak BE N URE = o
PR AE L TR AR I T Hh 2 o 0K S G RN AR
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preserving downsampling module, HPDM) , iffi i 2 R
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Overall framework of the improved InvSR super-resolution method
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Fig.2  Architecture of the high-frequency preserving downsam-

pling module
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Fig. 3  Architecture of the structure-texture dual-branch fusion module
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G2 C, LA 128X 128 M1 5 1 KR y A A
B i 16 AR
p. = CO(%‘)’ p. € R (6)
] 2% 2K FH TinyDW ConvNet (tiny depthwise convo-
lutional network ) : fi A & FRIEEE X 39 e & 24,
B J5 AR B AT 43 B 4 BRARK UK 5% Sy 48,96, 160 il
22433 , 2 HiE N E AL FE 5N 0. 2 14 Drop-
out J 16 73227 i 45 2R, 280 o 107 217,
SURIESSHIb)
l;i = arginax Pix (7)
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Pk REAS BTN B AR, p, WS kA
PR TN
YNGR B L 1 A B AR 4%

(peak signal-to-noise ratio) ,SSIM (structural similarity

% H] PSNR

index measure) . LPIPS (learned perceptual image

patch similarity) . NIQE (natural image quality evalua-

tor) . PI (perceptual index) , CLIP-IQA (contrastive

language-image pre-training based image quality

assessment) Fl MUSIQ (multi-scale image quality trans-
former) 7 3 35 A5 A4 £ 25 & 1 52 24, Hrp PSNR,

| SRAERE TUESPPM)
|
|
A N
: J%waa 2 @g ﬂ?mfﬂ%ﬁ%
I C() peR
|
|
\

SSIM , CLIP-IQA F1 MUSIQ A IE [ 5 #5 , LPIPS \NIQE
PR AR . X5 m WHE AR ¢ 1077 [ 284748 —
J& R 22 I — 1k

¢;i' = min g}’

= f (8)

max g7 " — ming" + &
J

G ,qﬁ."i.)ﬂvﬁrﬂéﬁ#)éﬂﬁi“éﬁﬁJf,,"?%?%ﬂl‘#ﬂi
R JER b A BRARIT S m R FR A IN— LU, & J Bl
1R3BSR 0 M INVE B, 1A — R T IR BR A [ 4
A 4 L AR AT R 22 e, fol £ 0O B A5 AR A
AR BT YERE ERIAEXTIES

(B RAF: B AT
argmax S;: [100]
SRR [ 2] eeeee

—_——— e —— ——

B Joo

g P P2

J ;

yO + -,z

K4 SREERACTINS I HU E R R

Fig. 4 Sampling path prediction and diffusion-inversion inference pipeline

FEPR AR S UE B 2 . B 8 R A HPDM 5
STDFM A5 Az B 7 W6 b5 S A 5 G VAN 4 b i i
[ B A, T E LR A AU s 1 (100 h 2%
[ %2 A% o Bl LAJR AR InvSR o fE S 4 315
[ 100 ]J7E 4548 b5 A J5 0] G —AH X T 5

[100] _

InvSR
m Qm Jm € M+

TnvSR
m
A, = Qmst — Lol ©)
et e M

Q.
Horb, MR M3 ) 3R R T AR AR AR SR A .

B v X [T 7 AR R RGN R SR TE X 7 TR TR
PEAT YA — TR FH - 1) AL -
. A, — minA, 27— A

= w =
. 2
" maxA -minA +e " {
J 7

FH 56 T AR A5 3] B A A 43 1) R : PSNR 0. 1689,
SSIM 0. 1716, LPIPS 0.1862. NIQE 0.1049. PI
0. 0931 ,CLIP-IQA 0. 1473 FI MUSIQ 0. 1281, %% AL &
ZHUA 1o 2 50 i DREARLES kAR L INLRG
PRS2 35 B WA 2 e Xy
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7 7
U(yi,Sk) = zwmr(i,'l?)a zwm =1
m=1 m=1

k; = argmax U(yi,Sk).

kell..l6}

TH e S 07 G AR 2 I 2540 S I 45 4 BB BEAY
it X0 AR B i A PR — R 2, MR AT TN 2 S e
X R AL 4% A InvSR , JEZ0 GT (ground truth) |
i 3 i 38 AR BRAE RT3 RTAR B i 1 b, DA T 52 3
IBAEAH G A& NRFE . H I, SPPM LB/ NG IT
B SIS [ B At AR 22 S A .l Bk
T SR (] 2 o ] 0 22 560 2 507 Al S s AAHOG Y
AR BRI RG] R B B AR L s b
TUARTHER , G5 RSO  SCRRBRR sl Dh s 35k 11 LA )
AR B TR B R e B e

(11)

2 LWESH

2.1 HIREEILHINE

Y 250 P8 % I LSDIR (A Large Scale Dataset for
Image Restoration) K L #5% [81 15 &2 It B0 48 46 (Li 55,
2023 ) il FFHQ ( Flickr-Faces-H(Q) 20 000 i A K &1%
T4E (Karras 55,2019) o M40 4% 5 B b 5 FL5E
iR fEEC 5 « ImageNet-Test 1 ImageNet 5 1E 42 #4) 1&
(Deng ZE 2009) ; RealSR (real-world super—resolution)
B A6 NS Y G o £ P 15ORT e o L (Cai 9
2019) ; RealSet80 LA, AUH TS H P4 o [R5
i fii A 18 1 Real-ESRGAN (Real-world Enhanced
Super-Resolution Generative Adversarial Network ) iR
AL (Wang X A5, 2021) 453, A S B0 LB RAE
B 7 JPEG (Joint Photographic Experts Group) Hi4i }&
FYEL A . B UESE M ImageNet training split B AL il
L1000 5K GE—#L BT /45 E 512%512.

R1 HEESIENRRE

Table 1 Datasets and experimental settings

T H WE
YRR LSDIR + FFHQ 20 000 Iig & {% F 4
BAL I Real-ESRGAN degradation pipeline
A x4
L IING HR 512x512; LR 128x128
BT Python 3.10; PyTorch 2.4.0; GUDA 12.1
TR 43 NVIDIA A100 GPU

2.2 FMNIERR

B2 15 b1 A 17 U {45 15 L (PSNR) (Huynh-
Thu 1 Ghanbari, 2008) . £5 #4 A {1 (SSIM) (Wang Z
2, 2004) H127 > JE R PR LU (LPIPS) (Zhang
R 45, 2018) ; TS % 45 bn 45 H 4K EIR BT & 3F
(NIQE) (Mittal 5% , 2013) , 8 %1 45 %% (P1) (Blau 55 ,
2018) .2 RE B WA (MUSIQ) (Ke 45, 2021)
ST X H it — R P 2R AL i L o VP
(CLIP-IQA) (Wang J %, 2023) . PSNR £ SSIM 7£
YCbCr (luma,
difference chroma) 23 [6] Y Y il B 118, E &35 n 7
RGB (red-green-blue)/sRGB (standard RGB) %5 [8] i
B . PSNR.SSIM, CLIP-IQA Fll MUSIQ # K & 47 ,
LPIPS \NIQE 1 P18 /N4y
2.3 JIEG5HEERE

Y 25 B B, A& 53 B % 8 14 (high-resolution
image, HR) H fifi HL 3k 57 512x512 &% e, If F 7
Real-ESRGAN 1B AR LA Uit N AROH | 4 ik Mg 75
I 45 25 A, A A 128128 I 43 3 % [E1Z (low-
resolution image, LR) , AL EL 523 5o &2 2% HR
SRR A R oy C v A A B Y A B
i R S & W =Ud (. FoRAE 2 B AR RS XA
VAE (variational autoencoder) 2 it %% 15 21| + 14+ & A8
5 S RIS AL RAE 5 B TR] A5 A ey S 7
) 3 5 MR v A i, HE 5 A SD U-Net (Stable Diffusion
U-Net) A5 TR0 1t o [R]N, vo 20 B R R 42 )
— VAE % fth g 45 3 B S0 s i VR A e . (IR
Joute PSR TR BB AL 25 1, R 5T [ 18+ 4 Hi (8]
7 AL W) i A6 & HPDM A STDFM f Mt 75 151 01
A28 , ARSI TS 38 P e s

RIS SRS RS (- e gl |15 W X7l /€ TS
LPIPS JEA5 2% , A1) 0 501 2% Le A B9 45 21 5 7
ERITE AR o ARG B 1445 ,
T R MR P SO 0 £ K H R B 2B IR
AdamW (adaptive moment estimation with decoupled
weight decay) flLft. %% (Loshchilov Al Hutter, 2019) , Fif
2000 YR ARREAT 27 > R, Bl i 2 2] SRR FF N
5107, JEIZ 10 T3 R IEAC . 40055 o K0 v B 22 4t
2% . LPIPS J& 1 $514< Fil GAN (generative adversarial
network ) XU 2 21 1%, H A AL E A 1.0, LPIPS
BRALE T 2.0, GAN B R ALE O 0. 1. i[5 SD
U-Net, VAE S LPIPS [ £ R 25 , A3 5 5 I 5 93 0] o

blue-difference chroma and red-
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g B . I ZRad A A {1250, 200, 150, 100 ) H
Wt BIL e 48 HIGES i P i) 25, SRS TR BB A 165 7 AN (] S
{07 [ P R I 2 FA) s i 9 s Ak B R4 T
SRR — B BRI RN 5 R .
HEH Y B, 1 SRR o B AR R B A T
DN 2%, th SPPM AR i iy A IR A0 4R i i 1 65 7 A %
PRI 5 B 4 i A PR3 R M 7 00 I 45, 7+
FUAHRLY B [EPIR S A MRS Al 1 e Jm 7R O 2R g™
FICASE T80 v 2 8 00 A4 2 14 BF I 20 21 5 AT BT >R
B IFE VAE MRS AR B 0 HE R A5 R . ST Rk
BEAEAR LU, R R RS B 0 AN [ iy A IR AL B 1B 9%
NIRRTl 4 B o ph Ot AR R T 5 R SIS i A
A PR R RSB I S T A R SRR IR TR AR

=}

T S

R BT B R

M=K LR

B B DA s i AR 5 7 0 P SR R AR o, AR AR
FF InvSRAR AL 50 B0 3280 ) Bof B2 w2 SR A SR gt 1) R
T PE 58 fotE
2.4 HEEEIE

R B AIE 3 A B HE A B (4 ik ST DR S A RIUR
T ImageNet-Test [ iF1TIHRSCS0 . Baseline 7R i
4 InvSR-1; “HPDM” “STDFM” HI “SPPM " %] 1 (1 “V/”
FORIG X R A . 25 R 8 Fh AL & .

i A HPDM J5 , 2 50 & h 33. 84M [§ &
26.24M, PSNR Hi 24. 14dB F} & 24. 43dB, NIQE H
4. 3815 [% % 4. 3348, Ui B &R 8 HE AN 22 RS JRy &8 44
RS TE I/ D S B RN GRS R A S A 2R
Gt rEE.

!

¢ @
BT 3
HPDM HB3
STDFM e
; 4
Ada Py A SR
' AL

5

T -

TP A

22 N RPAE R 580 0 251 ki

Fig. 5 Training pipeline of the multi-scale feature-enhanced network

BN A STDFM X f# PSNR /Mg 42 5 , He4sts
B T [, 2 B R 50 kA5 40 50 oy R P A 05 1) s ALIE
$i o HPDM 5 STDFM HX & i 25 45 B ok 9 £ B i &%

S . PSNR Jy 24.59dB, SSIM Jy 0. 6902, NIQE Jy
4.1441,P1 1 2.9613, 2 %1 M 28. 37TM . S8 A Y

JIA SPPM Ji5 , CLIP-TIQA i % 0. 7274, SSIM \NIQE Al
© i[5 I % B 24 SRR
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%2 ImageNet-Test H{#EE FRIHBLLIGER
Table 2 Ablation study on the ImageNet—Test dataset

4% HPDM  STDFM . SPPM PSNﬁ/dB SSIMT “LPIPS| NIQE!  PI/ %ﬂ_ MUSIQ T Z%uE/M
1 24.14  0.6789 02517 43815 3.0866 07093  72.2900 33.84
2 N 2443 06742 02869 43348 3.1358  0.6883  69.1270 26.24
3 N 2421 06717 02844 44296 32762  0.6727  68.4051 28.35
4 N 2446  0.6854 02493 42920 29746  0.7138  71.0065 33.95
5 N N 2459 06902 02512 41441 29613 07079  70.2591 28.37
6 2420  0.6685 02876 44161 3.1473 - 0.6999  69.8088 26.35
7 J N 23.98  0.6666. 02864 45416 33050  0.6856  69.0989 28.46
8 N N N 2365  0.6808 02634 40004 29565 07274  71.0955 28.47

H

T HUAFORIZIR R I iR AR, TR m IR 24

PI{I. T Baseline, {H PSNR i 24. 14dB [% % 23. 65dB,
LPIPS H1 0. 2517 F+ % 0. 2634, 13 ] SPPM 5 fil] & %
AN G B SN T d 5 B SR B B, AN [ T HAE bR
Z A — AU

6 M 22 2 4 25 1 LR InvSR | InvSR+HPDM .
InvSR+HPDM+STDFM Al GT., HPDM fii J5 #8414 5
L3 1 SN BT, AR A STDFM Ji5 4544 i 3%
SRR SO PR P — A

(a)LR (b)InvSR (c)InvSR+HPDM (d)InvSR+HPDM+STDFM (e)GT
K6 HPDM 5 STDFM el i ml Ak Ak
Fig. 6 Visual comparison of the complementary effects of HPDM and STDFM

2.5 RIEREXLEEHE

SRy 56 iE SPPM i A28 F00I A 204 1 I [ 7 SR A R 2k
O RS UEAE LU 16 S5k [ B4, A 75 1~
5 ORI TR 2H 5 o 2R 7 S BRITAY, 58— 7 1)
I — A RO RLEBHON . SPPM BRIEEE /326
HER RN 87. 3% ImageNet-Test Ffit A5 7, [ 100 ]
i b 46.47%; [150] . [200] A1 [250] 43 1 47t
9.00% . 8. 47% F15. 13%; [ 250, 200, 150, 10050 ] /i
b 16.37%, Hoax 42 5 A . Bl 7E TmageNet-
Test L4 i fE [ 2 (Bl AL «SPPM Tl F1 Oracle Y Ff
g [ 100 125G 880 B, Bl 7003 s BEALER AR
% P HLI5E B B34 5 SPPM SR 5 A5 5 A A 90
W, ANdH GT; Oracle F FH GT ik [y fig 35 i 48 JF 34 B
I R a BON SR AR IR B AR ARG T RIS

BRo 20 ARG — M e PPN 4 b 5 I A5 1
I, i R A AL ORI B AR T 22 S T R K
2w 22, 7 A T S AN ] 3B AR AR 13 Y FiE
AL [ 5 BEAL B0 S A SR m XS B, AT 4
AT BT B LR AR AR B P A K SR SO B
SRS BT A SE PR

15 4 AT UL, BEALESAS SRR TR REAR X LA, U]
L2 AR PR LIRS E S A B AL A o e
A2 1 R S A A L BEATL SFE e JDUA B e A B AR 4 2R R
FOS AT PGR F A R R e , 3 7 PEATS SR A B
SPPM P A /e 22 g b L0 T R o 7 A O
HE— LT Oracle A2 B VERE , 2 W2 &1 1 2 B R
FERES A s A [RR AL AR B SZ PERE , ek
RESR T I AR A TR T 0 U 55 14 [ 2% i J oA UL
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x3 ARBEEREBREHFHEAELALER
Table 3 Comparison of average comprehensive utility for

different fixed sampling paths

I8 2 SR A RELEC PHLEERUE
[100] 1 0.7204
[150] 1 0.6887
[200] 1 0.6213
[250] 1 0.5201
[150,100] 2 0.6082
[200,100] 2 0.4973
[200,150] 2 0.5411
[150,100,50] 3 0.5348
[200,100,50] 3 0.4317
[200,150,100] 3 0.4617
[250,100,50] 3 0.2954
[250,150,50] 3 0.2670
[250,200,150] 3 0.3446
[200,150,100,50] 4 0.3902
[250,200,150,100] 4 0.2603
[250,200,150,100,50] 5 0.3731

T AR G B B AR T E T o
2.6 TEEXTLE

XoF b T 3 T 5 L S A A O bR A B
B2 30 M R AL B o PR AR, 4 45 Real-
ESRGAN (Wang X %5 ,2021) . DiffBIR (Lin %,2024) .
SeeSR(Wu%,2024a) \ResShift( Yue Z£,2023) .SinSR
(Wang Y % ,2024) . OSEDIff (Wu %5, 2024b) . InvSR
(Yue 55 ,2025) , DL KT 4F >k $2 A9 PiSA-SR (Sun
45.2025) FlowSR (Xu %, 2025 ) 1 GDPO-SR (Yi %,
2026), Hir, PiSA-SR Fl FlowSR 13— w54y
e 1%, GDPO-SRl i df LAk it — 204 - — 2
A X g BRI PR i . ImageNet-Test £l

RealSR RS H KGR H2S% 55 % f5brit
17 PE M 5 RealSet80 JC 2 % K% , (U R H L& %
E{=L A

i 26 5 0] L, 142 InvSR-1, A8 35 15 1Y SSIM i
0. 6789 #£ 7+ % 0. 6808, NIQE Hi 4. 3815 [ Z 4. 0004,
PI 1 3. 0866 [# 2 2. 9565, CLIP-IQA 1 0. 7093 2 T}
0. 7274, [A] B B0 i 33, 84M [ & 28. 47M, [
W& 24 15. 9%. PSNR ., LPIPS £ MUSIQ £ R # i 3
2R AR TR T IR AE B RN S B i R i ok s T 4
P —Zerk B A SRR R 6

2% 6 1] UL 7 RealSR I, AR SCH AL InvSR-
1% PSNR 5 CLIP-IQA 4351 i 24. 50dB 0. 6918 4& Ft-
% 24.71dB 0. 6966, NIQE H 4. 2189 [% % 3. 9566, PI
Hi 3. 7779 B %2 3. 6148, BB Hi A M G AR B A
Bl T el FLSCR AL UG A A B L A ARG
FUEH B & . {H SSIM ., LPIPS 2 MUSIQ A # i
InvSR-1, W] EMRH48— B AR ATS XE LA [R] B e [/]—
PRG3R AN ] B X3

2 7 A WL, 7E RealSet80 |-, A 3 J7 e NIQE
Hi 4. 0284 % % 3. 8938, P1 1 3. 4666 [% % 3. 4479 ,H
CLIP-IQA 1 MUSIQ 43 5% T InvSR-1. %45 R it W]
SPPM AJ7E — & F2 B b B0t R ML SR R 1 H 4K
Gt Rt (R SC— S0 22 RS B o & AT A7 A
2.7 TWIHRTEE

Pl 7 BRI A (RS L G G S 4 25 s v 2
FOTEREAT LU . WIRORE AR 0K S5 0 1% 2 P AN
FAUR I A SO R R T B 1], 34 i 5 A T
g W] W W R R R D . B AR T TR
55l 2 BERSCRA AR, EE ARSI,
Phse /b o NBFEA S WS IR R | S 5 5 B B
JRECIR , A S5 5 AR 1 DR T 0T 82 1) [ 1), 2 DR
R AREE BN TR S5 R DL FE AL . R
SEREAAL S B R ORI 20 0 3 AT, T AR 45 R0

F4 FRRFBZEFRBHEELR

Table 4 Quantitative comparison of different sampling path selection strategies

AR PR et PSNR/dB 1 SSIM 1 LPIPS | NIQE | PI | CLIP-IQA 1 MUSIQ 1
SR 22 g AR 24.46 0.6988 0.2543 4.2213 3.1148 0.6559 67.0717
RHAIL AR 23.18 0.6732 0.2837 4.5855 3.4209 0.6742 67.5049
SPPM T 4% 23.65 0.6808 0.2634 4.0004 2.9565 0.7274 71.0955
Oracle 4% 24.65 0.6930 0.2468 4.1985 3.1051 0.6765 68.0821
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Table S Quantitative comparison of x4 super—resolution on the ImageNet—Test dataset

PSNR/dB CLIP-

Ik T SSIMt  LPIPS| [ NIQE ] pIl 104 1 MUSIQ 1 SHEIM
Real-ESRGAN 2662  0.7523 02303 44909  3.7234 05090  64.8186 16.70
DiffBIR-50 2572 0.6695 02795 45875  3.2260  0.6900  69.7089 385.43
SeeSR-50 2669  0.7422 02187 43825 34742 0.5868 71.2412 751.50
ResShift—4 2733 07530  0.1998 58700 43643  0.6147 65.5860 118.59
SinSR-1 2698 07304 02209 52623 38189  0.6618 67.7593 118.59
OSEDiff-1 2395 0.6756 02624 47157 33775  0.6818 70.3928 8.50
InvSR-1 2414  0.6789 02517 43815  3.0866  0.7093 72.2900 33.84
PiSA-SR-1 2522 0.6971 02305  4.0811 29892 07476  73.1519 1300
FlowSR-1 2557  0.7064 02278  4.1588  3.0804  0.7569  72.5601 982
GDPO-SR-1 2502 0.6909 02347 43065  3.1580  0.7468  72.7257 1770
AR 23.65  0.6808 02634  4.0004 29565  0.7274 71.0955 28.47

TEMAFRRZIR R B iR R4 2R, T IR R4 2

®6 AEFETERealSREEE FHx4BAPEEEIEK

Table 6 Quantitative comparison of x4 super—resolution on the RealSR dataset

Tk PSNﬁ/dB SSIMT  LPIPS| NIQE | prl ICQLFT_ MUSIQ 1 ZHEIM
Real-ESRGAN 25.85 0.7734 02728  4.6766  4.4881 0.4898 59.6803 16.70
DiffBIR-50 24.83 0.6642 03864 37366  3.3661  0.6857 65.3934 385.43
SeeSR-50 2620 07555  0.2806  4.5358  4.1464  0.6824 66.3757 751.50
ResShifi—4 25.77 0.7453 03395 69113 54013  0.5994 57.5536 118.59
SinSR-1 2602 07097 03993 62547 47183  0.6634 59.2981 118.59
OSEDiff-1 2389 07030  0.3288  5.3310 43584  0.7008 65.4806 8.50
InvSR-1 2450 07262 02872 42189 37779  0.6918 67.4586 33.84
PiSA-SR-1 26.11  0.8494 02094 43991  4.0241 0.7032 67.8927 1300
FlowSR-1 25.66 07401 02811 42121  3.8773 07149  67.9030 982
GDPO-SR-1 25.75 0.7307  0.2664 45981  4.0772  0.7054 68.5741 1770
KRICH 2471 0.7128 03045  3.9566  3.6148  0.6966 67.1822 28.47

T MR FIRIZAR PR R LA R, T RIZFRIRIEAS R

BRSO A RMER DM . AHE InvSR-1,  FEERAR FARISEA SE 4 AL ROk . T AR S
ARIOFEAEREA TP R LA R AW R I THSEE R, A IS HE IS E R
WAL 5 Z Y HONEM A SOREERENR  ZR8 0T,
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R7 AEFETERealSet80 iR E FHI TS EIEIRILR

Table 7 No-reference image quality comparison on the

RealSet80 dataset
Sk NI?E prl f&iPT MUTSIQ
Real-ESRGAN 4.1568 3.8852  0.6189  64.4957
DiffBIR-50 3.8630 3.2117 0.7404  67.9806
SeeSR-50 43678 3.7429  0.7114  69.7658
ResShift-4 59866 4.8318 0.6515  61.7967
SinSR-1 5.6243° 42830 0.7228  64.0573
OSEDiff-1 43457 3.8219  0.7093  68.8202
InvSR-1 4.0284 3.4666  0.7291  69.8055
PiSA-SR-1 4.0033 3.5805 0.7325  70.8440
FlowSR~-1 3.9075 3.4785 0.7504  70.7141
GDPO-SR-1 43315 3.7084  0.7349  71.8842
ATk 3.8038 3.4479  0.7014  68.8004

T MR SR Z AR bR A e L 28, T R Fom il gl

(a) HEL

45w e IO
i
¢

Zoomed LR InvSR-1 PiSA-SR-1 FlowSR-1 GDPO-SR-1 Ours

o

(h)  #H
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Fig. 7 Visual comparison of super-resolution reconstruction results

2.8 RESMERRIE

MBI | RN B FIR R B8 A4 3 T 1T 7347 -
Xof IR AL AR B R (A S5 A SE B Y TR, SPPMLUH 1B 4%
BORLBRAS , AT TUA AL, By i e AR S 4R X
AT AT BEK S AN A2 5 %™ L ASEM | e 4 A 52 ] (R e
PR AL 2 B RIMR B B AR B it 5 5800 19 S [l 97
Bl R, (H 32 IR0 BBk BR A, 070 X AT 25 7 AR
S R 22

i SPPM SR HT GG F , 7] — R R Y
23 [H] AR 2R A HRE T — SR AR AL 3L, Jr) 35 T fig
TIA R 5 B R R HbR MM AT FR 1) e e S [R] P25
H AR DA 16 b5 22 18] A7 7 O L JBE — I R ot o ASUA
AT, 52 38 AL AU AE ImageNet-Test [ FE R I H IR
JE 5 B FR AR, T4 2 25 IR HLE HR bR A AE
—E W,

3 & i

AT 22 RUBE AR AR 3 5 1R LB AR A

B L GORR 43 B )5 0 . HPDM il it 22 R VR
GRS A8 3 B HHEOR B Jmy B8 30 % A0 A kL FEAR B
STDFM 43 Il R B L 10 06 R 5 JR AR s % 2 ke
JF LA ]SRN 1145 58 LRl s SPPM AR HE i AR TR
TIE 35 PR IS} 1R 25 4 A, 9 BE phy [ 5 B AR 5% 1L i A
FHOC Y AR TR

SCS R B, AR SC 7 1 AE ImageNet-Test [ K
InvSR-1 /¥ SSIM i 0. 6789 2 7t £ 0. 6808, NIQE fH
4. 38153 4. 0004, PLH 3. 0866 f# % 2. 9565, CLIP-
IQA Hi 0.7093 4% Jt %= 0.7274, 7] BF = $ &
33.84M [% % 28.47M. 7E RealSR I, PSNR H
24.50dB & JI % 24. 71dB, NIQE HI PI 43 % [ &=
3. 9566 #il 3. 6148; 7& RealSet80 I, NIQE Fl PI 43 ]
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