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k Bilateral Grid /
® Property ® Applications

» 3D representation of 2D image » Edge-aware painting (Chen et al. TOG 2016)
» Edge-aware operation » Tone-mapping (Gharbi et al. TOG 2017)
» Fast » Style Transfer (xiaet al. ECCV 2020)
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® Bilateral guided upsampling
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Chen et al, Bilateral Guided Upsampling, TOG 2016
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® Bilateral guided upsampling
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Gharbi et al, Deep Bilateral Learning for Real-Time Image Enhancement, TOG 2017



1. BESOHEREIRESE :

B FiahHl (CVPR’2021 Multi-Guided Bilateral Learning)
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Zhuoran Zheng, Wengi Ren*, Xiaochun Cao, Xiaobin Hu, Tao Wang, F. Song and X. Jia, Ultra-high-definition image
dehazing via multi-guided bilateral learning, CVPR 2021
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Affine bilateral grid: a 7 X 8 X 8 bilateral grid, where each grid cell contains 12
numbers, one for each coefficient of a 3 X 4 affine transformation matrix.
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Zhuoran Zheng, Wengi Ren*, Xiaochun Cao, Xiaobin Hu, Tao Wang, F. Song and X. Jia, Ultra-high-definition image dehazing via multi-
guided bilateral learning, CVPR 2021



1. BSOHEREIRESE

o RH—MZ5|SRMBMIEF SRS, EEREBBREZEME S Fh5I3EiREE,
§1334K (3840 x 2160) S#==EIGAIAZI125fpsIRiERE.

o fAAFEMEEBEIFHFHENSEIER, SEFFMEEEZRASIEEHMNIES
HRERASHE, AT IREESHRIXILEEA TR

Reduced resolution ~ Feature extraction Features Affine bilateral grid r—-—-=—-=-=-=-=-=x3~~"~~= -~ ~—====—- -I
o : T : © Concatenation ] Conv E Average pooling I
“—» . v—b‘—. Ll
o mmm m : A I
-------------------- L1 |

|
I ® Tensor Multip]icmionT PReLu A | Affine transformation

. Reut X1 X2 X3 bl };in
Hazy input R channel SR o Gout | = [y 1 Y2 y3 by|x B’:n
a : Nl Bout Zy Zy Z3 b fil.nr

-
G channel

Rz X; Xy X3 by Rpos

Rip| = |¥1 ¥ V3 by |Res| | Gy, B;
z; 7 73 b

:

B channel o i Rﬁ_g

+H Sty T DET=E ==
G235 1SXaEITESEEIGEE
Zhuoran Zheng, Wengi Ren*, Xiaochun Cao, Xiaobin Hu, Tao Wang, F. Song and X. Jia, Ultra-high-definition image dehazing via multi-
guided bilateral learning, CVPR 2021
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Zhuoran Zheng, Wengi Ren*, Xiaochun Cao, Xiaobin Hu, Tao Wang, F. Song and X. Jia, Ultra-high-definition image dehazing via multi-
guided bilateral learning, CVPR 2021
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Zhuoran Zheng, Wengi Ren*, Xiaochun Cao, Xiaobin Hu, Tao Wang, F. Song and X. Jia, Ultra-high-definition image dehazing via multi-
guided bilateral learning, CVPR 2021



1. BSOHEREIRESE

m Quantitative results
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Zhuoran Zheng, Wengi Ren*, Xiaochun Cao, Xiaobin Hu, Tao Wang, F. Song and X. Jia, Ultra-high-definition image dehazing via multi-

guided bilateral learning, CVPR 2021
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Zhuoran Zheng Wenq| Ren* Xlaochun Cao Xlaobln Hu, Tao Wang, F. Song and X. Jia, Ultra- hlgh deflnltlon |mage dehazmg via multi-
guided bilateral learning, CVPR 2021
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B8Pl (ICCV°2021 Collaborative Bilateral Learning)
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Zhuoran Zheng, Wengi Ren*, Xiaochun Cao, Tao Wang, and Xiuyi Jia, "UHD Image HDR Reconstruction via Coll
aborative Bilateral Learning"”, ICCV 2021
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Zhuoran Zheng, Wengi Ren*, Xiaochun Cao, Tao Wang, and Xiuyi Jia, "UHD Image HDR Reconstruction via Coll
aborative Bilateral Learning", ICCV 2021
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Zhuoran Zheng, Wengi Ren*, Xiaochun Cao, Tao Wang, and Xiuyi Jia, "UHD Image HDR Reconstruction via Coll
aborative Bilateral Learning", ICCV 2021



2. BRSO HESUSEEIHDRERE

o RHETEGINSG/SEENAT R ERENAZT EINEZE I HNEENGAMNIEE S 5
i%, FERNIARISEAT4K HDREWRERZ (>160fps)

® [RHET LeakyAdalN HUihEIZ I SEUED fIHIE

® FIF3D TuckerpfRABRRENVAMBRIES, RS SRAMPSFIRNL

EJCOI“E"( features —-n—»m_, @ LeakyAdalN @ Downsampling ﬁ 1 Fusion CNN m Convolution block
Adding
! Color features —H—@—A : i Bilateral grid ——+  Content feature path —  Color feature path ﬁj Point convolution !

Fusion Block

g Adaptive Instance Normalization: )
of =2 N = AdaIN(x,y) = o(y) [ 2= ) + 1(y)
- 4 ' & J(I)
‘ ‘l ¥ » Leaky Adaptive Instance Normalization:
i ﬂ | Al P st
00 !!I.::-_E;--os % 02 02 04 ® 00 o1 03 04 05 Oonl 0.2 oIaIIIoIsIIIE;_ E Le‘lkYAddIN(X’y) - S(p(y))o-(y) ( O'(I) ) + S(p(y))'u'(y)’
(a) Input (b) AdaIN (c) LeakyAdaIN (d) Ground truth

where p(y) the global pooling and linear
Qansformation of y, s is the sigmoid functionj

SEENINZ B SEENAE N EF IS EEEE T A

Zhuoran Zheng, Wengi Ren*, Xiaochun Cao, Tao Wang, and Xiuyi Jia, "UHD Image HDR Reconstruction via Coll
aborative Bilateral Learning", ICCV 2021
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Zhuoran Zheng, Wengi Ren*, Xiaochun Cao, Tao Wang, and Xiuyi Jia, "UHD Image HDR Reconstruction via Coll
aborative Bilateral Learning", ICCV 2021
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Zhuoran Zheng, Wengi Ren*, Xiaochun Cao, Tao Wang, and Xiuyi Jia, "UHD Image HDR Reconstruction via Coll
aborative Bilateral Learning", ICCV 2021
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Zhuoran Zheng, Wengi Ren*, Xiaochun Cao, Tao Wang, and Xiuyi Jia, "UHD Image HDR Reconstruction via Coll
aborative Bilateral Learning", ICCV 2021
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Zhuoran Zheng, Wengi Ren*, Xiaochun Cao, Tao Wang, and Xiuyi Jia, "UHD Image HDR Reconstruction via Collaborative Bilateral Learn
ing", ICCV 2021
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(a) Inputs (b) Single path (c) Ours (d) Ground truths

Zhuoran Zheng, Wengi Ren*, Xiaochun Cao, Tao Wang, and Xiuyi Jia, "UHD Image HDR Reconstruction via Collaborative Bilateral Learn
ing", ICCV 2021
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Zhuoran Zheng, Wengi Ren*, Xiaochun Cao, Tao Wang, and Xiuyi Jia, "UHD Image HDR Reconstruction via Collaborative Bilateral Learn
ing", ICCV 2021
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PSNR (dB)

Zhuoran Zheng, Wengi Ren*, Xiaochun Cao, Tao Wang, and Xiuyi Jia, "UHD Image HDR Reconstruction via Collaborative Bilateral Learn

ing", ICCV 2021
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Zhuoran Zheng, Wengi Ren*, Xiaochun Cao, Tao Wang, and Xiuyi Jia, "UHD Image HDR Reconstruction via Collaborative Bilatera
ing", ICCV 2021
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Zhuoran Zheng, Wengi Ren*, Xiaochun Cao, Tao Wang, and Xiuyi Jia, "UHD Image HDR Reconstruction via Collaborative Bilateral Learn
ing", ICCV 2021
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BB (ICCV’2021 Multi-Scale Separable Network)
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Zhuoran Zheng, Wengi Ren*, Xiaochun Cao, Xiaobin Hu, Tao Wang, F. Song and X. Jia, Ultra-high-definition image dehazing via multi-

guided bilateral learning, CVPR 2021
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Figure 2. Our proposed UHDVD model and its some layer configurations. Symbol “+” is a summation akin to the target data
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Senyou Deng, Wengi Ren*, Yanyang Yan, Tao Wang, Fenglong Song, and Xiaochun Cao, "Multi-Scale Separable Network for Ultra-High-
Definition Video Deblurring”, ICCV 2021
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Figure 4. The structure of Residual module (a) and RCSA module
(b) in UHDVD. (c) and (d) are CAM and SAM in RCSA module.

Symbol “x™ is point-wise multiplication and “+” is addition.

Senyou Deng, Wengi Ren*, Yanyang Yan, Tao Wang, Fenglong Song, and Xiaochun Cao, "Multi-Scale Separable Network for Ultra-High-
Definition Video Deblurring”, ICCV 2021
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Figure 3. The separable-patch acceleration architecture. Taking the encoder branch of scale 3 before the second RCSA module as an
example, where (&; is the group number in convolutional layers.
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Senyou Deng, Wengi Ren*, Yanyang Yan, Tao Wang, Fenglong Song, and Xiaochun Cao, "Multi-Scale Separable Network for Ultra-High-
Definition Video Deblurring”, ICCV 2021
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® Quantitative results
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Senyou Deng, Wengi Ren*, Yanyang Yan, Tao Wang, Fenglong Song, and Xiaochun Cao, "Multi-Scale Separable Network for Ultra-High-

Definition Video Deblurring”, ICCV 2021
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® Quantitative results

DMPHN [23
Methods MSResNet [19] | SRN [48] | DeblurGAN-v2 [46] | gy (1_[2_ 4]_8) EDVR [26] | CDVD-TSP [24] | STFAN [22] | Ours
0P PSNR 28.45 30.10 29.55 31.20/30.25 26.87 31.67 28.63 31.45
GoPro [19] SSIM 0917 0.932 0.934 0.945/0.935 0.843 0.928 0.863 0.923
Time (ms) 747.8 731.7 293.6 1029.3/30.9 384.6 4216.6 150.4 25.3
0P PSNR 28.98 29.10 2854 30.47/29.91 30.27 32.13 31.24 32.25
DVD [25] SSIM 0.885 0.899 0.925 0.881/0.866 0917 0.927 0.934 0.940
- Time (ms) 775.8 783.6 3122 987.9/30.4 2892 4098.2 1772 27.6
0P PSNR 26.49 25.40 2561 25.18/25.06 30.63* 26.29 25.49 27.96
REDS [33] SSIM 0.742 0.734 0.731 0.724/0.724 0.850* 0.774 0.719 0.827
: Time (ms) 802.6 823.3 350.8 1069.9/29.3 3257 3765.6 155.7 26.9
-~ PSNR 27.70 28.81 28.75 28.29/27.94 26.42 28.64 28.23 29.03
Slow-Flow [35] SSIM 0.817 0.827 0.817 0.813/0.807 0.797 0.830 0.825 0.834
: Time (ms) 2303.5 2677.1 833.6 3589.6/58.9 1302.7 74915 326.0 38.5
1K PSNR 25.81 2558 25.64 24.99/24.91 26.36 26.43 26.14 28.21
AKRD SSIM 0.778 0.759 0.763 0.757/0.748 0.803 0.793 0.800 0.849
Time (ms) 7543.4 8723.3 32834 10378.1/399.4 24281 26922.9 953.2 57.9

Senyou Deng, Wengi Ren*, Yanyang Yan, Tao Wang, Fenglong Song, and Xiaochun Cao, "Multi-Scale Separable Network for Ultra-High-

Definition Video Deblurring”, ICCV 2021
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® (Qualitative results
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Senyou Deng, Wengi Ren*, Yanyang Yan, Tao Wang, Fenglong Song, and Xiaochun Cao, "Multi-Scale Separable Network for Ultra-High-
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® (Qualitative results

(a) Input (REDS test set)

(f) EDVR [26]

(b) MSResNet [19]

(g) DeblurGAN-v2 [46]

(c) SRN [48]

(h) CDVD-TSP [24]

(d) DMPHN-Stack(4) [23]

(i) STFAN [22]

(e) DMPHN-(1-2-4-8) [23]

Senyou Deng, Wengi Ren*, Yanyang Yan, Tao Wang, Fenglong Song, and Xiaochun Cao, "Multi-Scale Separable Network for Ultra-High-
Definition Video Deblurring”, ICCV 2021
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Figure 2. PyNAS.: Our proposed pyramid architecture search (PyNAS) using the pyramid patch scheme (1-2-4-8) and scale depth (4). The
non-overlap multi-patch hierarchy is used as the input of the network. PyNAS searches the whole encoder and decoder structure of each

scale of the network from the operator candidates and the path binarization is exploited to search for the best operator.

e Pyramid variable: scale depth 1 < D < 4; e Dilation operators: 3 x 3 convolution with dilation

e Pyramid variable: multi-patch hierarchy scheme
[1,p2, -, pn], pn denotes the patch number at N scale; e Separable operators: 3 X 3 separable convolution;

e Zero operators: no connection and return zero;

rate of 2;

e Conv operators: 3 x 3 convolution;

e Conv operators: 5 x 5 convolution;
Xiaobin Hu, Wengi Ren*, Kaicheng Yu, Xiaochun Cao, Wei Liu, and Bjoern Menze, "Pyramid Architecture Search for Real-time Image

Deblurring”, ICCV 2021
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Figure 1. PyNAS,: Our proposed pyramid architecture search (PyNAS) using the pyramid patch scheme (1-3-9) and scale depth (3). The
non-overlap multi-patch hierarchy is used as the input of the network. PyNAS searches the whole encoder and decoder structure of each
scale of the network from the operator candidates and the path binarization is exploited to search for the best operator. It is noteworthy that
our PyNAS finds a better pyramid network architecture (1-3-9) using less inference time and shallower scale depth.

e Pyramid variable: scale depth 1 < D < 4; e Dilation operators: 3 x 3 convolution with dilation

e Pyramid variable: multi-patch hierarchy scheme
[1,p2, .., pn], pn denotes the patch number at NV scale;

rate of 2;
e Separable operators: 3 x 3 separable convolution;

e Conv operators: 3 x 3 convolution; e Zero operators: no connection and return zero;

e Conv operators: 5 x 5 convolution;
Xiaobin Hu, Wengi Ren*, Kaicheng Yu, Xiaochun Cao, Wei Liu, and Bjoern Menze, "Pyramid Architecture Search for Real-time Image

Deblurring”, ICCV 2021
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Table 1. Quantitative results on the GoPro test dataset. Size and

T T T
I.{unu_mc are addrcw,fi in MB anFi Mllhecco_nd (ms). The rcpc.'r.u,d jjJ .\ﬁs, I.'ilj L;::_ 5 (;] 9 i !
time is only network inference time excluding the time of writing 300 : ! - 1 0 Ta02018.. : : o
generated images to disk. We expand search space of the hierarchy [?Yuan 2020 i i
multi-patch scheme to odd types (such as [1-3-9]). The best results 2911 ; Zhang ’01;8|:|h N A'Jq?za{l:? I 1“ i
are highlighted in bold and the second best is in underline. i i : |
GoPro dataset o 28_% ' i ' i ; 1
Models PSNR  SSIM Size  Runtime % z?Riea]-ﬁm-e------------i------------------ . i T ,i ]
Suneral [21] 2464 08429 541 12000 |1 Zone | (;Ibl 2017 :
Naheral [16] 2923 09162 303.6 4300 207 Fo i 1
Zhangetal. [32] 29.19 09306 37.1 1400 ’s 'ﬁ TR ' e 1: _ ]
Tao et al. [25] 30.10 09323 336 1600 N A NAS-based networks i 'O Sun 2015
Zhangetal [31] 30.25 09351 29.0 30 24 SRS SO ) ]
Yuaneral. [20] 2957 09338 3.1 10 O Handerafted networks =
Ours (PyNAS,) 3051 09391 20.7 26 234k = : ; ' 7 5
Ours (PyNAS,;) 30.62 0.9405 359 17 10 10 10 10 10

Runtime (ms)
Table 2. Quantitative results (PSNR) on the VideoDeblurring dataset. Our models are trained on GoPro dataset and then generalized on the
VideoDeblurring dataset.

GoPro dataset

Models #1 #2 #3 #4 #5 #6 #7 #8 #9 #10  Average
Input 24.14 30.52 2838 2731 2260 2931 2774 2386 30.59 2698 27.14
PSDeblur 2442 28.77 25.15 27.77 2202 2574 26.11 19.75 2648 24.62  25.08
WFA [7] 25.89 3233 2897 2836 2399 31.09 2858 2478 31.30 28.20  28.35

Suetal. [22] 25.75 31.15 2930 28.38 23.63 30.70 29.23 25.62 3192 28.06 28.37
Zhangetal. [31] 29.89 3335 3182 3132 2635 3249 3051 27.11 3477 3002  30.76
Ours (PyNAS,;) 30.11 33.52 31.92 31.54 26.44 32.73 30.69 27.51 35.07 3045 31.01

Xiaobin Hu, Wengi Ren*, Kaicheng Yu, Xiaochun Cao, Wei Liu, and Bjoern Menze, "Pyramid Architecture Search for Real-time Image
Deblurring”, ICCV 2021
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o BEAKI
v 1t 2nd REEEEETHEZE large size kernel
v 34, 40 RERBRTFHEZE! small size kernel
v FrERIMZEEERER TR dilation kernel
v HEER: RESREEBER/
v BVER: RE/SREBETERK
v IlRFIEA L ERIskip/recurrent connections,

v /> number of upsampling/deconvolution between convolutional features

Xiaobin Hu, Wengi Ren*, Kaicheng Yu, Xiaochun Cao, Wei Liu, and Bjoern Menze, "Pyramid Architecture Search for Real-time Image
Deblurring”, ICCV 2021
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Pixelwise curve adjustment: CE(I(x);0) = I(x) + ol (x)(1 — I(x)),
lterative enhancement operation:
CE,(I(x);a) =CE,—1(x) + ¢n(x)CE,—1(z)(1 — CE,,_1(x)),
B TR ATTRE MREEGRIEE

Jun Luo, Wenqi Ren*, Tao Wang, Chongyi Li, and Xiaochun Cao. “Under-Display Camera Image Enhancement via Cascaded Curve
Estimation”, TIP 2022.
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Hue Channel Loss

Saturation Channel Loss
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® Evaluation on Full-Reference Images

Z < ‘ e

(a) Input  (b) AGCWD  (c) SRIE (d) HDRNet  (e) DPED  (f) DeepLPF  (g) D&R (h) URIE (i) MIRNet  (j) DISCNet (k) Ours 1 GT

Methods Input AGCWD  SRIE HDRNet DPED DeepLPF D&R URIE  MIRNet DISCNet  Ours

SSIM, ¢, 0.906 0.838 0.825 0.900 0.809 0.853 0.907 0.412 0.909 0.675 0.909
PSNR;g,  24.178 15.621 15.123 23.381 23.156 22.727 24.852 12423  24.399 15.328 24.602
SSIM6 0.699 0.702 0.698 0.665 0.555 0.501 0.702 0.129 0.600 0.412 0.708
PSNR}, 17.545 17.582 17.560 17.415 16.687 16.311 17780  8.901 15.296 12414 18.122
SSIMyrqy 0912 0.849 0.839 0911 0.834 0.882 0.914 0.420 0.915 0.702 0.916
PSNR,ay  25.082 15.829 15.381 24305  23.769 23.832 257758 12.438  25.523 15.790 25.501

Jun Luo, Wenqi Ren*, Tao Wang, Chongyi Li, and Xiaochun Cao. “Under-Display Camera Image Enhancement via Cascaded Curve
Estimation”, TIP 2022.
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® FEvaluation on Non-Refere
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(@ Input  (b) SRIE  (c) DPED (d) DeepLPF (¢) URIE (f) Ours

Methods SRIE [36] DPED [13] DeepLPF [14] URIE [16] Ours
BIQI/SSEQ 34.01/43.61 53.71/52.16 39.16/45.86 36.00/44.43 33.24/ 43.33

Jun Luo, Wenqi Ren*, Tao Wang, Chongyi Li, and Xiaochun Cao. “Under-Display Camera Image Enhancement via Cascaded Curve
Estimation”, TIP 2022.
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® Evaluation on 4K UH
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(a) Input (b) AGCWD (c) SRIE (d) HDRNet (e) DPED (f) DeepLPF (g) D&R (h) Ours

CPU/GPU  AGCWD [35] SRIE [36] HDRNet [12] DPED [13] DeepLPF [14] D&R [15] URIE [16] MIRNet [17]  Ours

1068 x 1224 0.060/- 1.73/- -/0.010 -/4.20 -/0.12 -/0.24 -/0.005 -10.94 -/0.005
41K 0.576/- 19.1/- -/0.093 -/45.45 -/0.91 -/1.54 -/- -/- -/0.006

Jun Luo, Wenqi Ren*, Tao Wang, Chongyi Li, and Xiaochun Cao. “Under-Display Camera Image Enhancement via Cascaded Curve
Estimation”, TIP 2022.
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Code and datasets are available

https://sites.google.com/view/wenqiren/homepage




