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Abstract  Images captured in real-world scenarios often suffer from weather degradations like random
occurrences of rain, haze and snow, which may cause detail occlusion and content deterioration,
thereby impacting the effectiveness of subsequent advanced computer vision algorithms. Existing
methods for weather-degraded image restoration can be categorized into task-specific, task-aligned
and all-in-one types. However, the first two types require specific training for different weather
degradations and struggle to adapt to the diverse weather conditions encountered in real-world
scenes. Although all-in-one methods achieve the competitive performance across adverse weather
degradation removal tasks, they also fail to adapt to the unseen weather degradations, resulting
in poor generalization performance. To this end, a weather-degraded image restoration algorithm
based on visual prompt learning is proposed in this work, which is a novel paradigm that integrates
the pre-trained language-image model with the weather degraded-image restoration. Specifically,
even text inputs with similar meanings may yield significantly different latent features when
processed through the text encoder of contrastive language-image pre-training (CLIP) model.
The general expectation of image restoration is to provide a degraded image and have the model
generate its corresponding restored image, rather than multiple different reconstructed images.

Therefore, directly using text to guide image reconstruction may lead to unstable solution spaces,
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often failing to meet the general expectation of image restoration. In response, a query prompt
constrained network (QPC-Net) is introduced to utilize the text encoder and image encoder from
CLIP to directly encode the latent descriptive features of corresponding ground truth based on the
given degraded images. These latent features are further embedded into a pre-trained stable diffusion
model using the cross-attention mechanism, thereby constraining the reverse sampling process
and facilitating the content reconstruction. QPC-Net consists of two image encoders, with one
set of parameters frozen and the other set trainable. Moreover, many existing weather-degraded
image algorithms primarily train strict pixel-level mappings between the degraded and clean
images, lacking the exploration of knowledge for different image restoration tasks. This limitation
makes it difficult for these algorithms to learn the corresponding context for the weather-degraded
image restoration tasks not covered in the training dataset, thereby struggling to adapt to different
restoration tasks. To address this issue, an example prompt guided network (EPG-Net) is developed
to utilize the given example images to guide pre-trained stable diffusion model in learning the
context knowledge of corresponding restoration tasks, thereby removing the degradations from
query images. Additionally, acquiring suitable example images for complex mixed weather-degraded
image restoration tasks are challenging; however EPG-Net can learn the context knowledge from
multiple sets of example images. In experimental evaluations conducted on eight seen weather
degradation datasets and seven unseen datasets, the proposed algorithm demonstrates significant
improvements. Specifically, on the seen weather-degraded datasets, it achieves an average
improvement of 2. 11dB in peak signal-to-noise ratio (PSNR), 4.74% in structural similarity
(SSIM), 41.08% in perceptual image block similarity (LPIPS) and 24.25% in natural image
quality evaluator (NIQE) compared to existing algorithm with similar setting. Additionally, on
the unseen weather-degraded datasets, it achieves an average improvement of 1. 88dB in PSNR,
5.61% in SSIM, 21.40% in LPIPS and 29.29% in NIQE.
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7T AR AR % i A5 45 SR B B L ST

R 3 AEEETE RESIDE-6K HIBE FHEERM

25 5k PSNR SSIM LPIPS NIQE
Restormer-3/ 28.96  0.9774 0.0344  4.733
DehazeFormer36] 28.74  0.9744 0.0333  4.546
SnowFormer-37] 28.45 0.9739  0.0352  4.595

A LLFormer3s] 26.94  0.9649 0.0412  4.492
IDTL3 28.93  0.9735 0.0373  4.450
SASCFormerl31) 22.73  0.9015 0.1273 4.176
DPENet! 40 15.30  0.8246 0.1585  4.473
UDR-S$?Former 1) 26.45  0.9652  0.0479  4.407
All-in-Onel1*) 19.31  0.8761 0.1689  4.559
TransWeather[1%] 26.69  0.9653 0.0368 4.406

B AIRFormer-16! 25.67 0.9513 0.0639  4.302
TKL#2] 25.52  0.9619 0.0497 4.553
AWIR-TDMLI7) 23.52  0.9337 0.0684 4.680
WeatherDiffl12] 24.30  0.9540 0.0514  4.541

c Paintert8] 25.91  0.8446 0.2065 6.150
A S s 29.08 0.9601 0.0294 4.089

@ BMER (b Panter (o) AXEE (1) SR
B 6 NI SE L7 RESIDE-6K KU 4 F i L5 % He
4.4.3 PEMREH

R B8 UE A SO IR AR R 2 S AT 55 LA skt
SCEG N e AR SO 5 BUA Bk E Snowl00K-L %
PEE AR, N 4 B M1 Painter B, AKX
BT 5 bR 0 B0 S . LR L AR SRR
7£ PSNR F4EFF 1. 50dB, 76 SSIM 42 F+ 1. 51% . 1
LPIPS &A% 7. 93% . 7€ NIQE I B Ak F Painter.
£ PSNR #1 SSIM WA~ 46 b b o AR SCH L 1) 5 w2
F A H L. [ 25K R W 5 7E Snow100K-L

Bln 4 LA sE Xt LUAE P 7 AT TR, 45 R KT,
PIRP T 5 B REA AL BR T B /N S FE. HE

X T RURL 55 AE - A SCR Mk BE 05 A A0l 2% BR O K A2
RN 1 Painter T 453 (99 & B4 o A7 76 9] 2
{DEEPIEY A 4eEN

%4 FEEETE Snowl0K-L HIEE FWESEN

B3 ViRis PSNR SSIM LPIPS NIQE
Restormer-33/ 31.51  0.9270 0.0858  4.393
DehazeFormerl36] 30.86  0.9107 0.1060 4.107
SnowFormerl37] 29.86  0.9122 0.1020 4.031

A LLFormer-3$! 30.74  0.9099 0.1053  3.949
IDT3 31.68  0.9187 0.0907 4.017
SASCFormert3!) 30.34 0.9081 0.1067  3.759
DPENet!40] 20.11  0.7015 0.3434  3.857
UDR-$?Former  31.73  0.9215  0.0923  4.204
All-in-Onel4] 26.69 0.8829 0.1663 3.946
TransWeathert5] 30.10  0.9039 0.0907  3.854

B AIRFormerl16! 28.56 0.8684 0.1678 3.853
TKLMZ 30.55 0.9176  0.0989  4.278
AWIR-TDML7 30.41  0.9077 0.1100 3.982
WeatherDiffl12! 28.99  0.8941 0.0880 3.733

c Paintert® 28.97 0.8965 0.0744  4.918
A S 29.47 0.9100 0.0685 3.463

(b) Pamter (o) ACEE (d Ei‘%?%

<m£&@@
B 7 R[EZEEAE Snowl00K-L S8 4 b i 56 % 1
4404 GRS
AT S A R R AT 55 B
B . R AT A SCRE R R S BRI T

mRAMFES

WAL Painter. HAKIN & A SCHEEAEA WE 16
¥ PSNR. SSIM F1 LPIPS I 4% % ¥ 3% 1.79 dB,
2. 312680 17. 11 %% , [R] i 3 26 8 At S T A5 %o b O vk
o Eucm iy, 78 NIQE 48 %5 b A U FF 1R 46 A

k5 ARAEFEEILOLBBEELINEERN

25 WIRiS PSNR SSIM LPIPS NIQE
Restormerl 3] 21.07  0.8940 0.1700 4.659
DehazeFormer36! 24.14  0.8907 0.1955 4.976
SnowFormer-37] 21.62 0.8697 0.1915 4.673

A LLFormert3s! 24.00 0.8794 0.2036  4.206
IDTL39) 21.18 0.8778 0.1919 3.745
SASCFormer! 3! 22.54  0.8744 0.2047  3.880
DPENet0] 15.00 0.7136 0.3960  4.702
UDR-S?Former ! 20.39  0.8647 0.2287 4.316
All-in-Onel1+) 18.95 0.8213  0.4023  4.333
TransWeather! 1% 23.46  0.8896 0.1677 4.645

B AIRFormer16] 22.23  0.8312 0.3195  4.146
TKLL#2] 20.58 0.8734 0.2235 4.630
AWIR-TDM!I7] 17.49  0.8187 0.3094  4.802
WeatherDiffl12! 18.13  0.8426 0.2262  4.962

c Painter8] 25.84 0.8831 0.1677  5.399
A SCEL 27.63  0.9035 0.1390 4.016
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Hl

7 2024 4E

Sy BCHE R B = B4R T BLA 77 % Painter. & 8 iR
AN AE LOL 046 48 1 i) 34 5 25 50 96 X L.
o 2 SO A S — R R T A 2 R o R
T Painter BT 75 3 5 FR. 55 i A5 = i ) 3%
B, 4§ Painter REAZ 1Y 38 52 B . (H i 15 45 R A- 7 40
T F R I )

(a) iBLEE (b) Painter (o) AL (d) HSH 5
B 8 ARFE A LOL BG4 b 3E Xt Lt
4.4.5 EMEEETHE

S I B A SR 5 e B vk T S 2 T AT
55 L i X L fE R 6 JBOR L AR SCRDE A
PSNR.LPIPS fil NIQE =A~PFMh 8 br L3946 F Bt
AR AE SSIM Fa bR b HES S = BAKT
ASCEEAE PSNR A I Painter §t4% 1. 60 dB ()
. B9 R AR AE Raindrop-A £ 4 1
P A2 28 SR A8 X EE. mT DL & B, B B9 Painter
PRI 25 R R T B R R AL X R, R
Painter R % i %2 157 1 I (9 07 8 H 50 TG 2 4 550 Hh
AR R AL R B R SCOfF ok A R i 202 4
5N [ B R s AR SCER AN AN BB A AR g b 7 A7 TR 7% 1)
AL E [ B T A5 T8 0 8 B 40 1 500 3 HE .

* 6 AFEEET Raindrop-A HIEE FTHEER]

251 Tk PSNR SSIM LPIPS NIQE
Restormer 33! 30.84 0.9340 0.0874 4.086
DehazeFormert36] 30.09  0.9187 0.1108  3.898
SnowFormert37] 30.07 0.9226 0.1040 4.193

A LLFormer38! 30.12  0.9149  0.1257  4.032
IDTL39] 29.72  0.9216 0.1014 3.836
SASCFormer-3t) 28.99  0.9081 0.1274 3.640
DPENet!*0] 24.53  0.8705 0.1883  3.829
UDR-S? Formert!! 29.61  0.9209 0.1145 4.197
All-in-Onel4] 23.41  0.8722  0.2099  4.099
TransWeatherl1%] 28.83 0.9118 0.0891 4.078

B AIRFormerl 16 27.21  0.8777 0.1808 3.619
TKLMZ 27.39  0.9170 0.1085 3.773
AWIR-TDM!17] 28.01 0.9012 0.1457  3.900
WeatherDiffl12] 25.08 0.8934 0.1096 3.818

C Paintert8] 27.88 0.8520 0.1947  4.702
A SCE P 29.48 0.9131 0.0813 3.539

R
I

(a) IBfLEME (b) Painter (c) ARCEE (d) B 5t
K9 AIEE %A Raindrop-A BUE & 3% He
4.4.6 EBREW-E

HNEAEAR CHEE R BR EW-SE5 LA
ROME 2B e R 7 ) AR SO S X A A
RST00K-L %446 b Ay E & R I, IR PR, A SCH
AE PSNR FAHLEE Painter $#28 7 3. 06 dB, £ SSIM
M LPIPS b 35WisHE4 B i 70 50 [ I FE NIQE
IS E R B AR BE SR O S o BT AR SR
T D03 5 S B0 i AR SO 1 5 0 L SR A8 R e )
FEAEE 10 e AT S 7. 40 Jr s o P b 3500 24 g
Rt 25 B IR AL R A R IR  {H Painter Jovk 2%

x7T AEEEZERSIOK-LEEE LW EERT

29 WIRIS PSNR SSIM LPIPS NIQE
Restormert33] 30.98  0.9205 0.0942 4. 465
DehazeFormerl36] 30.35  0.9022 0.1172 4.224
SnowFormer-37] 29.23  0.9032 0.1110 4.123

A LLFormerl38 30.13  0.8998 0.1187 4.060
IDTE! 31.13  0.9103  0.1017 4.121
SASCFormert31) 29.95 0.8998 0.1183 3.885
DPENet!40] 18.96  0.6557 0.3855 3.984
UDR-$?Former ) 31.21  0.9131 0.1049  4.317
All-in-Onel 4] 26.35 0.8711 0.1825 4.096
TransWeathert15] 29.37 0.8925 0.1026  3.988

B AIRFormerl16! 28.01  0.8540 0.1898 4.127
TKLMZ 30.00 0.9081 0.1136  4.396
AWIR-TDML7 29.34  0.8990 0.1269 4.274
WeatherDiffl12) 28.86  0.8891 0.1014 3.993

R Paintert8] 25.48  0.8774 0.1025  4.833
ASCHE 28.54  0.9046 0.0844 3.928

() IR
R e fe RST00K-L iR 4 1 1 BLAE X L

o BLEE (b Painter (o) ASHIE

& 10
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R 35 KAORL 1) 25 46 AR A2 L A SCEIRAE IR 5 B
S A AR AR 1 [R] B 38 RE 85 A R0 PR 3 75 54l Yy, gE
(CEI DRSNS SOl /SR
4.4.7 KEBREWN-%F

% 8 iR AR EIEAE Test] Fdi4E L8 br
XFEe. AT AR IR A SCR L UL T e A X b
FI. BRI F  AH LA 53 Painter, AR SCRVA A
AW bR B RsE 2. 21dB . 4. 81 % Fi 18. 21 %.
[F B 7E TG W B 48 A8 NIQE (1) 43 03 Wl A SCOR 125 B
PR EE 0 B SR JE 4. 540, aniEl 11 Fr s .
TR REA S5 2 BB AR EHR 19 25 SR, Painter
Ab 3T A5 1 PR A2 VA rh A7 A R B T % Ok S PR A
A9, 40, Painter 20 PRES — 1B AL G )5 & A 0 dE A
b % A B S TR T AR T RN 2R = AR AR B & Ak
BRZE Lo 58 B R SR A SCH AN RE 5 K
Hi 2 B R AR EE P  TIR RN 55 () B T DAAR 4 b R
IS EENVE N REIVINTITR /=R T i1 =N e S g R 4
FER

R 8 AEHEETE Testl IEELWEERYN

25 ik PSNR SSIM LPIPS NIQE
Restormert3%] 28.01 0.9166 0.1061 4.629
DehazeFormer36] 29.03  0.8919 0.1302 4.160
SnowFormer37] 27.81 0.8888 0.1185 4.343

A LLFormerl3s] 27.72  0.8778 0.1557  4.146
IDTE! 29.80  0.9016 0.1184 4.328
SASCFormert31) 26.67 0.8770 0.1394 3.928
DPENet!40] 14.46  0.5906 0.5428  6.579
UDR-S?FormertJ  28.86  0.9001 0.1160 4.158
All-in-Onel 1+ 19.33  0.8012 0.3171  4.436
TransWeather[!%] 26.91  0.8682 0.1196  3.941

B AIRFormerl16! 24.52  0.7837 0.3025  4.491
TKLM2] 25.76  0.8852 0.1775  4.600
AWIR-TDMM7 28.65 0.9103 0.0944 3.918
WeatherDiffl12] 25.78 0.8990 0.0736  3.788

c Painter!8] 28.26  0.8801 0.0862 5.079
P NG R 30.47  0.9124  0.0705 3.693

(@ ML |
B 11 AFEFEELE Testl BE4E T LX) L
4.4.8  FEMG M-I
R B IR AR SC A 9 FE N - 9% R AR Ak = R AT &
A RO SRR AE R 9 RS AR SR S R

() ALK (d) HEHE

:7E RainDS-syn 08648 I A9 i R Bt R AT A0,
AR SO AR A VE A 35 A 3 B B A i i 3R
M. BRI F L AH B 5 Painter, A8 SCH L AE
PSNR 325} 2.31dB,# SSIM F#HA 1.23% ., %
LPIPS | o3 30.94%. [a] B, 2 SC8 W i 13 19
NIQE 4 ¥5 B 5 A% F Painter. P I, A% 308 3 19 &
B ) i S R [ B 3 NI I
RainDS-syn $4% 4& b (1% 0058 % b 72 (8] 12 R,
AT LA & B, A B30 T vk A a8 b 2 I TR A T R o A
1117 5 S50 A5 235 SR A A8 S0 B0 IR 0 40 7 0k i B 4.
FHEGTN 5 A OO RE S AR g 1 5 AR Ak R 38 R L 5K
o7 NI A S 400719 = L0 V7 Wi 17 o 114

%9 AEEETE RainDS-syn HIEE FHWEERM

25 ViR7S PSNR SSIM LPIPS NIQE
Restormert37] 29.48  0.9147 0.0983  4.559
DehazeFormer[®6] 28.63 0.8693 0.1653 4.678
SnowFormerl37] 27.70  0.8673 0.1683 4.518
LLFormert3s! 27.44  0.8477 0.2016  4.723

A IDTE39 29.30  0.8855 0.1408  4.399
SASCFormerl3! 29.06  0.8779 0.1514 4.074
DPENet!*0] 19.26  0.5776  0.4685 6.191
UDR-S?Former ) 28.63  0.8822 0.1464 4.642
All-in-Onel*! 20.81 0.6950 0.3980 5.603
TransWeather[1%] 27.03  0.8428 0.1453 5.185

B AIRFormer-16] 24.25  0.7174 0.3467 6.511
TKL2] 26.69 0.8642 0.1820 4.856
AWIR-TDMM7 29.75  0.9043 0.0984  4.451
WeatherDiffl12! 27.64 0.8981 0.0927  4.257

. Paintert®! 29.19  0.9074 0.1154  4.232
¢ A 31.50 0.9186 0.0797 3.685

e ! %z’l

T EE  bPaner (o ACHE () RS
Bl 12 SIS AE RainDS-syn OR4E b 00964 K

4.5 HRALIE
4.5.1 ML

Sy B8 IE AS ST B P 45 2H 1R I A RHE S SEER TR
() (4 2007 3 S A7 9 il S 36, S 36 iy ST RE AL 8 A
IR B A b 2 B ek 11 X% 3B Ak A% 5 % 0 ) B
S s MG AL G 1) Ik B B 4 L = A — X BIR
A R X6 I R AR AR SRR EAT: 55 1 s B 5. 3% 10
JIT 7 SR AR SO 56 T X 45 24 99 9 o S 6 45 R
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How/o o B G 3 R A SR TE i QPC-Net il
EPG-Net, {H A1 JH 7 1] EGR #4742 75 2% 2. e i
B AR B PSNR R 1.39dB, A It %
RS $E 7R 2 2 K 5] F RAGR L BRI 2 2 5%
). w/o QPC-Net /R A SCH A | QPC-Net,
117 2 L A T 1) 2 L A5 4 R 2 TE SF 2t 53R £k 14
B AR F W] AT A 9 R 29 I 4% QPC-Net
SFEA LR KRBT R 4. 91 dB, K 1% W 45 1 5
AT DA IR AR 2R 45 B 1) SR A o AR A ok 1 T4 L [
I A B AR A R AL R N 45 w/o EPG-Net
FRASCEIEAME ] EPG-Net, 1 /& B # 5 F 7] 2%
SR E P B R SDM Sk #E 4T KB 1k 1B 5 1K
2RO RR B4R R 5 5 N 4 S 3B E
FARFI T R 3. 05dB. K . A S04 H 1) EPG-Net
CIRVEIRS R bk s I N TR D EN ISR EE
YA T G il R SR A R S R . 25 1 i il s AR 3.
AT 118 O 245 201 {2 2 % e 2 1 IRLAB W O 22 B L AT I 1)
PR .

R 10 ASCHEE W 48 4E 1 i RR SE IR

R PSNR SSIM LPIPS NIQE
w/o 7 Bl B4 29. 33 0.9139 0.0941 4.796
w/0o QPC-Net 25. 81 0. 8637 0.2105 6. 382
w/0 EPG-Net 27. 67 0. 8956 0.1770 5.698

AR SR 30.72 0.9384 0.0115 4.100

4.5.2 LR E R

N W AR SO ik B 1 B o ST B SRR X A
SCEEE AR ] — 26 AR 1 P B0k A2 I R A [+ 73 491
BB 2 B LAIEIR 25 AT 55 D 1) s 491 1T 45 0 ) i
HLEEFE M XK e 42 Rain200H w9 =3F B &, & 11
Jt 7R R A SCREAE A ] 7 ] PR 515 R 1 5 B 3R B
X EEL AR TS A (8] f9 75 1) B 5 23 6 i 28 B9 4 B 3
SR AE A BRI L AE PSNR 455 1 =X 7R
PR 51 T 14 %E 8 3% BLAY A2 AL B 7E 0. 04 dB A0
0. 12.dB JE [ PY. [A] i 5 52 560K A SC3 0k 6 AT A [l
1 G BB % FEAE 1B 13 v J R dig I AT L R
T ] PR [] o L B 26 1 K 52 495 2R AN 8 2 A TR
FL BRI e 40 A B USR] LA
SO T ARG 7 1) R AT 19 B2 2~ 5 B2 2 R
191 VL 45 94 985 P Jalk ] Wk S 5 2% i AR B A 1 3R A R
5 TR ML B B2 3R R A G AR

211 ANEEEAFRATHEGHHEERA
o PSNR SSIM LPIPS NIQE
1 30. 62 0. 9136 0. 0299 3.757
2 30.70 0.9131 0. 0287 3.898
3 30. 58 0.9142 0.0305 3. 794

"% g E= 2 2 2 s
(a) IB1LE1E (b) &1 (c) &5 %2 (d) 4553
Bl 13 A SCHE B A [ 7 ] AR IR B 40 58 X e
4.5.3 ZURNHERG

XSk 9 R TR AL BT R A 3R BCH S R Y
71 B9 B0 A A 2 IR X 4. AR ) 25 554 55 DA o) A
BT R L BRSO R T B AR 20T 5 K 5
TR B SR L T AR R ER AT AT Y O X
23 BCAT M o BRI Ry B I AR 3OSk A (8] Il
22 il 2 LA 75 51 P14 I ) 2 B 52 36 o % 7 1) 2%
Hodi B GTASH ., 255/ ] UG A 2 8 30 46 b i o6
— X PG 3 5tk ) B8R LOL ot 46 Hh (9 58 — X
A, dh Tz 5 BAT 0 I G 25 EL I 95 19 JL 53
S PR TR S 30 (SO0 LR 58 X AT 7. ] 14
s AR 1O SR a5 AR 2 D SEg e e &
S 4R 3 ORI 2 55 R .y PR S5 OR 1A
ZEIR 3 WA RO R BR R R G 55 O 0 5 PR Y S
FE. IR A5 2 RAETERR L5 B RIFm R,
B A WA RS IR B S X F LS 2t T
F e R A S L AE AT 3 5 I AR TR A
S B R DX AN R A7 30 5 L e AT L
FEOTAFEE RN 52 BEA m L ABSE W] LUE E M [
ISP A A B AN [R) R ARC2E R 2 LR B2 W 8 6 19 7
P V5 ok 5| B8 1Y AT LAAS 31 5 A (9 R B AR AE 3
A X IO s 8] VT A5 B T LA At 22 4 7S 0] 1R AR R R A2
1.

(b) &1

(a) IBfLES (c) #5582 (d é
B 14 A SO B 0 s ] AR R B A0 8 X L
4.6 ZHXE

N S8 UEAR SCREEAE AR TSR AT 55 Bz Ak
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BT 5206 MK I 2R i B RL T B A~ R 2 50l
iy R AR IS AL, 43 0 o 28 38 3 s AR -5
IR EMG 2255 E I MR T KR R 5 L LS
MG 22 55 | B S PRI 4% 438 i F B S PR 4% 25 TR - TR T
4.6.1 iy RER LA

W 12 BTN A 78 38 38 b 5 W -25 800 4 A
PR AR 3C 5 35 76 RainCityscapes £l £ 145 5%
A Rz A B AR & L 78 U S AR
AR SCA T B 00 43 B A T i A b . (R E L S
65 W AN ) B8k 1) L 5 X6 B #E BT 15 R ifE AT R R . i
AT U T RO ik T A G 6 R S e AN R R
T JE 5% BA 19 6] 581, {H Painter B 15 45 5% b 4% B3 K &
() R I T AR SCHC 1 BE 08 15 30 B B2 3 B SE Y B0
EASEES

% 12 A FEE %7 RainCityscapes HIIEE FHEERM

%51 ik PSNR SSIM LPIPS NIQE
Restormer-3%/ 19.85 0.8795 0.1844  4.413
DehazeFormer[36] 20.23  0.8680 0.2180 4.332
SnowFormerl 37 20.00 0.8637 0.1683 4.518

A LLFormer38] 18.25 0.8716 0.1704  4.693
IDTE3 21.08 0.9017 0.1384 3.936
SASCFormer-?t) 16.92  0.8147 0.2281  4.335
DPENetH40] 16.94  0.8274 0.3606  4.345
UDR-S?Former-t)  19.72  0.8856 0.1614  4.309
All-in-Onel'4] 20.37  0.8640 0.2348  4.695
TransWeather[!%] 19.26  0.8701 0.1893  4.358

B AIRFormer-16] 20.31  0.8528 0.2224 4.152
TKLMZ 20.58 0.8969 0.1383 4.121
AWIR-TDMM7) 21.07  0.8990 0.1265 4.019
WeatherDiffl12] 20.91 0.8784 0.1680 4.255

c Painter!®’ 21.91  0.9080 0.1149  4.095
A S s 23.56  0.9277 0.0842 3.813

() IBILEIR (b) Painter () ARSCH (d) HI 5L
Bl 15 R P:7E RainCityscapes £ 4 1AL 58 X Lk
4.6.2 mEREBRLEE

S TR IR R K F B DHID™ | 56 4iE A4
AP ZAGRE ). Q3R 13 R A SCREE R I
&4k PSNR,SSIM F1 LPIPS I/} % 4H It Painter
s 2. 09dB.2. 77 % Fi1 18. 31%. [a] i, A< SC 8 B 75
T W B Fe bR NIQE It W] K F Painter, X i)t

AR SCHA K T A 45 R B A A 1 FAR . AN, A
B PRIE I 15 5 2 W SRR T AR SO ik X
R R E R L F A5 Lz etk e s
16 A HL5E XF H AT 0, Painter fT 75 25 52 v 45 5% B3
W 8 PR 55 o T AR SO0 326 7 B b 25 B 25 1) [R) I E 8
AT R R 7 PR T A5 ) B % L BE

® 13 FREHEEZE DHID HiEE LHWEERI

29 WIRIS PSNR SSIM LPIPS NIQE
Restormerl3%] 18.86  0.7974 0.2933 5.570
DehazeFormer[36] 15.56  0.7466 0.3380 5.598
SnowFormer-37) 14.78 0.7186 0.3767 5.790

A LLFormert38! 11.48  0.6461 0.4533  6.092
IDTL39) 15.49  0.7617 0.3339  4.922
SASCFormert3!) 11.40  0.6274 0.4926  6.031
DPENet[10] 11.26  0.6504 0.4363  5.850
UDR-S?Former !’ 15.15  0.7570 0.3350 5.134
All-in-Onel4] 11.79  0.6191 0.5278  6.794
TransWeather[15] 15.27  0.7587 0.3080  5.202

B AIRFormert!%) 16.08  0.7565 0.3364 4.809
TKLMZ 13.77 0.7194 0.3744 5.673
AWIR-TDM!!7] 17.10  0.7591 0.3195 5.088
WeatherDiffl12! 11.93  0.6685 0.4241 5.816

c Painter8) 19.33  0.8145 0.2600 5.346
A SCEL 21.42  0.8371 0.2124 4.611

() ey
B 16 R e DHID 3004 0 BL3E AT 1L

4.6.3 FELEMB LW

TSR L AR W R 40 A AR AR A L A B R
I 2%, X P EOA WAL G R B R R R A
IR LA LB E PR . L, L5 R
FE B SR AL B 5 RealRainl K-H' | 56 JE 4 3¢
BBz AR ST, gk 14 FTOR AR SCRIEE PSNR
M SSIM 845 F 43 B T Painter B 1. 73 dB
3.65%. [A I , AR SCEE ) LPIPS #1 NIQE #6845t
T F BUA 5% Painter. JLAM, A SCHLIE 76 194 1 fr
febr EXB B TEA M A R B BE L. K 17
P AE X G T T, A e BEA A Painter, A SCHE
ARG o R R s, HL R 0 T

~rdb 5
HLH R,
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%R 14 AEEETE RealRainlK-H #iE&E FHEERT

25 Iy ik PSNR SSIM LPIPS NIQE
Restormer!37] 25.00 0.7760 0.3881 9.311
DehazeFormer36] 21.64 0.7561 0.5576  6.807
SnowFormerl37] 20.42  0.7115 0.5817 6.839

A LLFormer3s] 20.85 0.7382 0.6033 6.364
IDTL39] 19.30  0.7386 0.5870  6.082
SASCFormert?t) 20.35  0.7259 0.6230 6.297
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Background

This work belongs to the weather-degraded image resto-
ration in the field of computer vision. Currently, existing
methods can be divided into the task-specific and task-
aligned. The former explores special physical models for
different weather degradations and designs corresponding
weather removal models, while the latter designs aligned
networks for different weather degradations and realizes
weather removal through separately training. However. these
methods can not be applied to the complex and changeable
real-world weather removal tasks. For instance, there may
be different degradations in the real-world weather-degraded
images, such as rain, haze and snow. With the development
of prompt learning, several algorithms based on visual
prompt learning have gradually emerged, but these methods
have weak adaptability and limited representation ability.
leading to degradation residue and detail destruction.

To this end. this paper introduces the pre-trained language-
image model into weather-degraded image restoration. Speci-
fically, this paper proposes a query prompt constrained network
(QPC-Net) , which utilizes the image encoders from contrastive
language-image pre-training model to directly generate the
latent degradation-free features. These features are consistent

with the latent caption features generated by the corresponding
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degradation-free image captions. This approach avoids the
interference of weather degradations during inference, while
facilitating the reconstruction of image contents. Meanwhile,
this paper develops an example prompt guided network
(EPG-Net), which employs the example images to conduct
in-context learning. thereby learning the underlying domain
mapping relationships between the weather-degraded images
and corresponding ground truth, rather than simple pixel-wise
mapping relationships. Our method utilizes the proposed QPC-
Net and EPG-Net to guide the pre-trained stable diffusion
model to process the weather-degraded images and generate
the expectant restored images. Extensive experimental results
demonstrate that our method improves the peak signal-to-noise
ratio by 2. 99 dB on eight publicly available weather-degraded
datasets. This work is a novel paradigm that effectively utilizes
the pre-trained language-image models to eliminate weather
degradations.
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