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Background

* What is Defocus Deblur?

- Single image defocus deblurring= all-in-focus O|O|X| & =&l 5t= A0
L

not Jilo
F
oot

- Focal plane0i| = object?| sharp St focal planedi| OF =l 242 blurry
- O|O|X| LY 2 object?t 72| Of| Lt} blur?} 2t e
;': Spatially-varying Sd= 78 Focal/p lane-“L'é'ﬁs {lane
;- O[O K| T 0f| & LSt kernel HEE == Bl= p?\ - : E
- Defocus deblur €2 © 2 convolution2 2 HH El N *
ly=1Ig @K+ N D
- Defocus deblurring 2-& A 2| H1H 2 S6Hf sharp®t O| 0| X| =&t
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e P2IKT: Prior and Prediction Inverse Kernel Transformer for Single Image
Defocus Deblurring [AAAI 2024]
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Introduction

e Defocus 222 E & irregularO| L generalization S0 ¢t 7tX| & & &=
- Train O| 0| X|Of| = blur®| CHSF mapping= &
- B 2= blur0l| robust SHX| S
- Prior kernel = complexity = 0| 7| IS Al A A &l
- SFX| Bt jrregular blurE O| & kernelZ2 28 & = 8l
» Divide and conquer &4/ 2 2 O| ZX|E S| &
- Defocus blur= =& Gaussian blurL} H[ ot FE 2 2

- Inverse Gaussian kernel module = generalization ability 2F2f

- Gaussian Ot £l blur= X7 |2} inverse kernel prediction module A €t
- & blur kernel S 0] &= kernel= adaptived}A| A1 EH

- 0| & 2[5l A scale recurrent transformer Al| 9t
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Method

« Blur 29| blur2 HH &4
iy =k @I
- Ig= blurry O|O| X[, I¢= sharp O|O|X|, k= kernelO| 0, ® = convolution
- Real-world Of| A|= blur kernel k&= complex

kga Rls, k approximated as Gaussian
-l =
kir ® Is, otherwise
- 2= O|O|X|0f kyo 2 ki 71EER] deconvolutions X -E5HH coefficient map 2} F F
- Inverse kernel of kg,

~kyq = linear combination of multi-size Gaussian blur kernels g(aj)

- g(07) 2l inverse kernel 2 Wiener deconvolution2 2 ¢ &

1=y . Ly (_19(e)
IS Zj:l aj@(f <f2(g(0'j))+n ®IB
:'+ g(0)= variance a2 2| Gaussian kernel, ajE j-th inverse Gaussian kernel2| coefficient
matrix, f ()= f ()2l conjugate, f(-)2F f~1(-)= discrete Fourier transform and inverse

A B VDS
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Method

« Blur 2 29| blur= H 3 &4
Ty =k ®I
- Ig= blurry O|O| X[, I¢= sharp O|O|X|, k= kernelO| 0, ® = convolution
- Real-world Of| A|= blur kernel k&= complex

I = kga Rls, k approximated as Gaussian
g kir ® Is, otherwise

-2 = O|O[X|0| kyo2f ki 712! deconvolutions H-ESHH coefficient map [t

- Inverse kernel of k;,-

- Kernel prediction network (KPN) &St irregular kernel k;,- Ol &

-1 = f_l(f(k )) Qlp = k”, QIp

. |
3 kjr: inverse kernel of k;,-

R AW THEE D
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Method
.2y ax
- Coarse-to-fine 2 &
«1g/4 2t Ip/y = 1/4 AFO| =2 Z 2 blurry O] 0| X| 2 deblurred result= 2| 0|
g/ Ip/4 = Y8 o =z 2 SRTE O| T Q| coefficient map= VHL = Hhz

- Deconvolutional feature map 2 coefficient mapi= element-wise product2 2 2 X| H
O|O| X| = restore 2

- Prior-and-Prediction Inverse Kernel Block (P2IKB)2t Scale Recurrent Transformer
(SRT) A| CF

1 P2-IKB IPI4
gy el '_‘o
IPIZ

Ik MJ-

IPII

1 l
_Cp

-— Upsampling © Element-wise 1x1 Conv
with scale fator of 2 Muitiplication

R AW THEE D VDS
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Method

* Prior-and-Prediction Inverse Kernel Block (P2IKB)

- Defocus bluri= Gaussian blur2} Gaussian blur Ot &l blurZ Lt
-2} blur }SHM 2= St 24

- CtYoF AFO| = Q1 Gaussian blur= Inverse Gaussian Kernel Module (IGKM)2 2 || 7
- Gaussian kernel= predefinedO| X group convolution2 £ O|F O] &

- Irregular blur& 89101 7| 9|5 Al Inverse Kernel Prediction Model (IKPM) & A|

- 0|7 kernel prediction networks (KPN)Zt H| =St irregular kernel= 0| &g

(K oo i (Block(k) ] _kxk Conv
EZ(FWM] IE'I) U +RelU+Avgpool

© O Pla{o)) 40 | x3K 3x3 Conv
s W XN X,
i ] -OutConv 1x1 Conv
wxhx3 IGKM EJ

]
wxhx3K [Concat]—[TranConv]— DFM

I L{IKPM | wxhx3K

ks xks x3

E I --------------------------------------- = E
T ;[Block(ﬁ)H Block(1) }{Block(1){ Sofrmax |~ K, +0—{ TranConv }—
i 1 . i
E S CICEoo—eSoCIooComooCooco=aoeoT _K}_,A{_ R E

L 1

P szosa VDS
S

SOGANG UNIVERSITY 11

k=1

-
=
m



Method

* Prior-and-Prediction Inverse Kernel Block (P2IKB)

- Inverse kernel prediction module (IKPM)
-KPN, TransConv, Out-Conv 3222 2 0| R0 JUS
- KPN= 3x convolution block + softmax= & ol blurry O| 0| X| kg x kg x 3 kernel 2 mapping
- ko= max kernel size

-OutConv2 2 auxiliary loss Lxpy= 2 5tH inverse kernel= K, & 8

T

“‘ LKPN == LZ(IS/ll OUtCOTlU(Kp@IB/l))
~TransConv2 2 IGKMX} IKPMQ| channel size& align= Al Z

- Concat + TransConv2 E final deconvolutional feature map |4t

iZ(f‘lf .{.fa[ﬂ ‘.C.r.k:l] 1@ fﬂ‘-‘]:é +R§:J+ii;:oof
E.H © O Flglo) 0 b o x3K 3x3 Conv
i T 1x1 Conv
. |
wxhx3K [ConcatHTranConv]— DFM

l wxh x3K

ks xk; x3

P 3 i
T ;[Block(ﬁ)H Block(1) }{Block(1) H Sofmax }{ K, }2—{ TranConv }-H—
P : ;

OutConv

e

KPN

E Lipy i
A szuta to VDS
6 LaB
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Method

 Scale Recurrent Transformer (SRT)
- Blurry O|O| X| £ coefficient map2 = 2t

- Coefficient map2 £ adaptively IGKM + IKPM2| & 3 2 deconv feature map2L £ HE

—

- Encoder-decoder structure, multi-scale feature & 7| IS A H 2|2t

F

- Coefficient mapi= attention mapO| M A Stripformer®| A K| 2tSF inter + intra-strip

attention AF

- Recurrent Unit (APU)= hidden stateS 2 X| 11 coefficient map= 4 & 5tH CH=Z

stage SRTR E =3t

- Restormer@} = L SHAH decoderd| basic blockS O F7t+gt

BT

R 447 Tl 8k
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Method

 Training strategy
L =1Ly + ALsreq + A2Lppips + AsLgpn
=Lfreq + frequency-domain loss

- L, p;ps= Learned Perceptual Image Patch Similarity loss

* Ablation
PUIKT DPDD RealDoF LF-DOF # Params (M)
IGKM IKPM SRT SRAM
v 2427 0766 0229 | 2297 0.739 0.290 | 25.25 0.768 0.244 3.58
v v v 2591 0.791 0.208 | 25.22 0.766 0.252 | 26.40 0.809 0.222 3.64
v 26.03 0.798 0.199 | 2546 0.782 0.240 | 26.01 0.799 0.220 3.26
v v 26.13 0.800 0.200 | 25.72 0.783 0.238 | 26.73 0.807 0.220 3.26
v v 26.12 0.799 0.203 | 25.67 0.782 0.249 | 26.69 0.806 0.227 3.32
v v v 26.29 0.807 0.191 | 25.78 0.787 0.235 | 26.90 0.821 0.220 3.32

- SRAM+ Scale Recurrent Attention Model 5c St squeeze attention module &

- BaselineOf| Al AFE =l attention module

SOGANG UNIVERSITY 14 LAB
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Experiment

* Qualitative Results

) g

PSNR/SSIM 22.81dB/0.724 24.41dB/0.813
Reference Blurry Input GKMNet

- |

it

22.81dB/0.724 24.65dB/0.835 24.79dB/0.863 25.18dB/0.856
Blurry Input IFAN Restormer Ours

< Qualitative results on RealDoF dataset >

A

(c) GKMNet (d) Restormer

(a) Input (b) IFAN
g 4B CHBE D < Qualitative results on CUKH dataset >

SOGANG UNIVERSITY 15




Experiment

* Quantitative Results

DPDD ”1
Model PSNR SSIM — LPIPs # Params (M)
Blurry Input ~ 23.89 0.725 0.349 -

IJNB 23.69 0.707 0.442 -

EBDB 2394  0.723 0.402 -
DMENet 2390 0.720 0410 26.94
DPDNet-S 24.03 0.735 0.279 35.25
KPAC 25.22  0.774 0.227 1.58
IFAN 25.37 0.789 0.217 10.48
GKMNet 25.36  0.774 0.276 1.41

DRBNet 25.47 0.787 0.246 -
Restormer 2598 0.811 0.178 26.10
P?IKT (Ours) 26.29 0.807 0.191 3.32

< Results on DPDD dataset >

Model RealDoF LF-DOF DED RTF
PSNR SSIM LPIPs PSNR SSIM LPIPs PSNR SSIM LPIPs PSNR SSIM LPIPs
Blurry Input  22.54 0.636 0498 2587 0.779 0.316 28.58 0.884 0.164 2418 0.739 0.364
IFAN 25.01 0.770 0.250 26.11 0.817 0.220 27.85 0890 0.111 2492 0.821 0.215
GKMNet 2458 0.735 0337 2596 0.802 0271 2793 0.883 0.144 25.10 0.826 0.274
Restormer 2543 0801 0.218 2644 0.824 0.207 2695 0.884 0.113 2421 0.822 0.204
PZIKT (Ours) 25.78 0.787 0235 2690 0.821 0220 2829 0.888 0.123 2585 0.839 0.207

< Results on other defocus datasets >

S
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» Revitalizing Convolutional Network for Image Restoration [TPAMI 2024]
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Introduction

« Ltk degradation= K| HSH7| f|SHA 2 A St image restoration & &

« 25 image restorationOl| A transformer& global & E ¥ 7| {IoHA F=

« ConvIRE= CNN2| 7t5d2 B0 7| f[SiA CNNZEF =l 2 = x| ¢t

A

- Transformer@} H|SIAHLI O =2 85 B0 &
- Self-attention2| complexity = 0[7| {I5HA CNNEF A= 0| d=
& &| = image restoration 2 &2 & 1 245|OF S5t= A2 &4

- Multi-scale representation learning

_CHQESE AFO| = 9| blurZ Tf & M| 743} 7| YoM Tt

= Spatial attention

-2t 2200t TS A spatially-varying blurE 9101 7| /HA] 2Hegt

- Frequency modulation

-Sharp?t O| 0| X| 2t blurry O| 0| X| 2] frequency O] & =0|2| ?5H{A 2ot

- Low computational complexity

~0|O|X| o] BHAE 7} =0} efficientdl OF &t

AW THED
SOGANG UNIVERSITY 18
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Method

e
- U-Net 71 =
- 3x3 convolution= &0l shallow featureS 2 Ct7F CNNBlock 371 AFHE
- CNNBlock+ residual block # 7i 2 O|F0{ 20 OFX| 8 block 0| MSM2 =7}
~-CNNBlock &5l channel2 & T A spatial resolutiona = Y

-Ch=2, &3 O|0|X[ZE downsamplingSH A main path2}

A

~- Ct2 blur levelOf| CH3l degradationS SHAl| 7t SHA

-Downsampling @+ O| O] X| 0| ConvS &-& 3| A channel = main path@} XA

ABTNE-D

SOGANG UNIVERSIT -

Conv ]

Degraded (1,) [
|

R

(a) ConvIR

st
.

SHKXI

= O

(=1
=

iy g g i p R ey S
= = < = i > Z > Z
S| 1S 18] 18] i L) CITF (L) & 1°
(b) ConvS (c) CNNBIlock
HxW <> {ConV| .‘ 4 Upsample
%x% 1 ‘ Downsample
1 1 X SIN 7
AP (MsA} | P Addition
H W | :
=KX= 1 < Convolution
(o) 1] () O
;x% v %2 : (G)AP Average
MSA Ik Pooling

(d) MSM

VDS
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Method

RS

- 0|2 0], downsampled O|O| X[ Q| feature’ = main path0| =7}

-Conv= channel =
- DecoderOf| encode®} H| =S} A CNNBlock 37 A2 S A] high-resolution O|O|X| =&
- 2t5 I O multi-output 7|2 M A low-res clean O|O|X| =& &

- LBt UNet+ 2 ELCH d5 &4
- DecoderOf| encoder feature = concat | 11 1x1 conv.2 channel = Bt 2 =
ot Ch20f &= O X|O|ef g%l O| =0 clean O|O[X|Z

uy.

- OFX]240]| 3x3 conv

A B
S

SOGANG UNIVERSIT -

= &

L ( J f Upsample
A l ‘ Downsample
Lap ]'a_g’[MSA} = €D Addition
( %"%" - MSA x4 @ Convolution
MSA Pooling
(d) MSM

= 2
=%
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Method

» Multi-Scale Module (MSM)

- Coarse-to-fine restoration= %Ol A| multi-stage network= [[f2t2t
= [Input tensors B L= average poohngJ_f Downsampling = SOl feature space = H o}
- BranchOFCF MSAE ‘8 71 resulting feature= 0| CFS branchZ2 E &4

- 0| & Cr¥ot AFO|=9| degradation= progressively & ¥ = U=

- OFX| 20| downsampleEl feature CHA| &2 AFO| =2 upsampleot i 2 &

(c) CNNBIlock

Y

} @_,i f [Ipsample

: | * Downsample
€p Addition

i Convolution
{Global)

A\rerage

Pooling

‘ d) MSM
ﬂﬁ S TH 8k < VDS
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Method

» Multi-Shape Attention (MSA)
- Multi-scale learning 5 efﬁcientOUﬂ AESH?| &3 2-& MSM branch0fl MSA &7t

- Transformer self-attention S0 = 95 20 =
- Quadratic complexity M= 0i| image restoration0f 2 THEO| U
- &2l convolution< static S| A spatially-varying degradation blur®f| A& =75
-MSAE = 485 7tM7tM 2=XN0|HAM Fot d5 EXE
- Dilated Square Attention (DSA)2} Dilated Rectangle Attention (DRA)EZ O|F O &

(b) Convs (c) CNNBIlock
. Hxw C} @]_:i 4 Upsample
i ﬂ % 1 | & Downsample
i %8
E —{ AP ]—’[MSAJ 1P Addition
' i i MSA x4 CO“‘:‘;’}":‘L‘;‘:}
o
ilenlid ) 4 . -(G)AP Average!
AP 2 D»(MSA] =2 Poolingg
@ms™m
R AT THSED VDS
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Method

 Dilated Square Attention (DSA)
AMsta

- Convolution2 2 & & featureOl| adaptive St/ attention weight= 4 /S
convolution@ = aggregation 2

- 2 self-attention 0| softmax = weight normalization 2

- L2 weight”} low-pass filter®| kernel 2 & + U=

~Image restorationO| sharp 2t degraded O| 0| X| 2| X}O| 7} 4 Q| high-frequency Ol = XH
- Softmax = L[ 4! tanhE AL
~-TanhZ O| ™ Of| EX{ St low-pass filter2| limitation= 94 &

-TanhZE attention weight= (-1, 1) range = HFY A{ negative weight= detrimental pixels Ol &

£y
1

ERENE
O0op
O oD
Cony
(GAP |
Cony
Tanh

(e) Dilated Square Attention (DSA)

g S TSR N
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Method

 Dilated Square Attention (DSA)
- U™ 2 AE2 2 LI A attention weights= Al 4t

- Complexity/weight diversity 2| trade off = 0f| 2= channelO| weight Zr=X| %=

Ot
N
Rl
0f0

- O| A 2= feature J1& weights= channel X'} spatial dimension| shared
- Filter modulation (FM)= & off high-pass filter= & /|
-FM O| = 0f| A&t =l attention weighOll input feature & convo= 7}

- Large receptive field= & 7| /S A input feature2| pixel= dilated &4/ S = 1 EX

(e) Dilated Square Attention (DSA)
g BTN VDS
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Method

* Filter modulation (FM)

- Attention map AP54-E low/high-pass filter2 LI+= Sg
|SHE filter2 A

- Low-pass filter= & & 2| direct-current component?t FX
. 1
s APSA = — |
) KZ

v E= APSAR} Zr2 shapeO|H &= value”/} 1

- High-pass filter= low-pass filter2| complement2 = A At
s ADSA — DSA _ gDSA

1%

SF= learnable It 2t0|E w=

Oooo
00D
000

(e) Dilated Square Attention (DSA)
g ABTHSER VDS
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Method

* Dilated Rectangle Attention (DRA)
- DSAQ H| ot T+

- Multi-shape representation learning= 7H M SH7| 2[5 A rectangle 7|8t

attention A| A
- H X horizontal unit & &3t CFZ 0| vertical unit 2 2H

* LLoss function

1 11+~
Lo = Y3 || =Y
spatial =1 P; ” l l||1
'Lfrequency — ” R(I) :](1) :R(Y) j(Y)] ”
_ :.. D
| Sl = Rl |
I — xW I i
.. ==.= % E "E (| all = '_g : Ap [ : E
Culls] g —>.-..—r< 5 — i
-'.':'. = E | - |
| LM O] _Pu
- (f) Dilated Re(-:ta;lgl-e Attention (DRA)----------------------------------------------- ‘
R 447 Tl 8k

SOGANG UNIVERSITY 26
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Ablation

Methods a b c d e f
Baseline v v v v v v
MSM/Conv v v v v v
DSA/Conv v v v v
DSA/FM v v v
DSA /Dilation v v
DRA v
PSNR 3123 3146 3153 3164 3176 31.92
Params/M 6.90 8.45 8.55 8.56 8.56 8.63
FLOPs/G 66.32 7117 7119 7119 7119 71.22
Time/s 0.134 0.152 0.165 0.166 0.170 0.206

< Break-down ablation on every model part >

) 4 8 ‘ PSNR ‘ Params /M | FLOPs/G Pooling Types | Convolution ~Max Pooling  Average Pooling
PSNR | 31.75 31.65 31.92
31.23 6.90 66.32
v 31.45 7.74 70.91
v 31.62 8.18 71.15 Methods | Softmax Linear Sigmoid Tanh
v v V| 319 8.63 71.22 PSNR | 3175 3179 3183  31.92

< Analysis on number of branches in MSM >

ABTNE-D
SOGANG UNIVERSITY
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< Analysis on pooling operator and functions >

VDS

LAB



Experiments

* Quantitative Results

A

Indoor Scenes Qutdoor Scenes Combined Params FLOPs
Methods PSNRT SSIMT MAE] LPIPS] | PSNRT SSIMT MAE] LPIPS] | PSNRT SSIMT MAE] LPIPS] | (M) (G)
DPDNet [29] 26.54 0.816 0.031 0.239 22.25 0.682 0.056 0.313 24.34 0.747  0.044 0.277 31.03 770
KPAC [7] 27.97 0.852 0.026 0.182 22.62 0.701 0.053 0.269 25.22 0.774  0.040 0.227 2.06 113
MDP [98] 28.02 0.841 0.027 - 22.82 0.690 0.052 - 25.35 0.763  0.040 - 46.86 1898
IFAN [6] 28.11 0.861 0.026 0.179 22.76 0.720 0.052 0.254 25.37 0.789  0.039 0.217 10.48 363
DRBNet [19] - - 25.73 0.791 - 0.183 11.69 693
FocalNet [46] 29.10 0.876  0.024 0.173 23.41 0.743  0.049 0.246 26.18 0.808 0.037 0.210 12.82 1376
Restormer [16] 28,87 0.882 0.025 0.145 23.24  0.743 0.050 0.209 2598 0.811 0.038 0.178 26.16 1983
IRNeXt [34] 29.22 0.879  0.024 0.167 23.53 0.752  0.049 0.244 26.30 0.814 0.037 0.206 14.76 1778
ConvIR-S (Ours) | 28.95 0.877 0.024 0.158 23.32 0.747  0.050 0.221 26.06 0.810 0.037 0.190 5.53 579
ConvIR-B (Ours) | 29.06 0.879 0.024 0.156 23.42 0.752 0.049 0.219 26.16 0.814 0.037 0.188 8.63 979
ConvIR-L (Ours) | 29.37 0.887 0.023 0.143 23.51 0.757 0.049 0.203 26.36 0.820 0.036 0.174 14.83 1778
< Defocus deblur task>
FLOPs | Params | Time | Memory
Methods PSNR SSIM
(G) (M) (s) (G)

MIMOQO-UNet++ [5] | 32.68 0959 |617.64| 16.1 |1.277| 10.395

MPRNet [12] 3266 0959 | 777.01 20.1 |1.148| 10.415

MAXIM-3S [47] 32.86 0.961| 119.5 222 - -

Restormer [16] 32,92 096114099 26.1 |1.218| 12.333

Sfripformer [17] 33.08 096217046 | 20.0 |1.054| 12.149

PromptRestorer [32] | 33.06 0.962 - - - -

IRNeXt [34] 33.19 096312933 | 14.76 |0.291| 6.865

ConvIR-L (Qurs) | 33.28 0.963 \ 129.34 \ 14.83 \0.323| 6.867

< Motion deblur task>

AW U VDS
SOGANG UNIVERSITY 28 LB



Experiments

* Qualitative Results

. 17.56 dB PSNR 17.91 dB 17.96 dB
L Input Reference KPAC IFAN
Blurry Image 19.23 dB 18.18 dB 19.13dB 19.91 dB
DRBNet FocalNet Restormer ConvIR-L

< Defocus deblur task>

22.98 dB

Blurry Image 23.82 dB 27.17dB 27.55dB 28.31dB
MPRNet Restormer Stripformer ConvIR-L

. < Motion deblur task>
g HAE TS |VDS|
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