Decouple Learning for Parameterized Image Operators
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Codes and model: https://github.com/fgnchina/DecouplelLearning
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How powerful Is the decouple learning framework?
» one network for all the sub-tasks

Lo WLS RTV RGF WMF LLF

Nweight

single nume. diff ~ single nume. diff ~ single nume. diff single nume. diff

38.00 37.83 0.17
34.64 35.71 1.07
32.34 32.29 0.05

metric -y

0.002 40.69 39.46 1.23 0.100 44.00 42.12 1.88 0.002 41.11 40.66 0.45 1.00 41.77 37.03 4.74 1.00 39.06 36.79 2.27
0.004 38.96 38.72 0.24 0.215 43.14 42.64 0.50 0.004 40.91 41.10 0.19 3.25 38.36 38.27 0.09 3.25 39.78 38.76 1.02
0.020 36.07 35.71 0.36 1.000 41.93 41.63 0.30 0.010 40.50 41.07 0.57 5.50 38.11 38.35 0.24 5.50 39.94 38.53 1.41
0.093 33.08 31.92 1.16 4.641 39.42 39.64 0.22 0.022 41.07 40.77 0.30 7.75 37.65 37.99 0.34 7.75 40.06 39.20 0.86 30.11 29.91 0.20
0.200 31.75 30.43 1.32 10.00 39.13 38.51 0.62 0.050 40.73 39.18 1.55 10.0 37.52 37.08 0.44 10.0 39.49 38.72 0.77 29.53 28.95 0.58

ave. 36.11 35.25 0.86 ave. 41.52 4091 0.61 ave. 40.86 40.55 0.31 ave. 38.68 37.74 0.93 ave. 39.66 38.40 1.26 ave. 32.93 32.94 0.01

0.002 0.989 0.988 0.001 0.100 0.994 0.993 0.001 0.002 0.987 0.988 0.001 1.00 0.994 0.981 0.013 1.00 0.985 0.972 0.013 2 0.992 0.992 0
0.004 0.986 0.987 0.001 0.215 0.993 0.993 0 0.004 0.989 0.990 0.001 3.25 0.986 0.986 0 3.250.985 0.979 0.006 3 0.988 0.990 0.02

single nume. diff ~ single nume. diff ~

-2

| : Set as weight

PSNR

co 1 Lh W 19

7 residual blocks

a N a N SSTM 0.020 0.982 0.981 0.001 1.000 0.992 0.991 0.001 0.010 0.990 0.991 0.001 5.50 0.985 0.986 0.001 5.50 0.986 0.981 0.005 5 0.983 0.984 0.01
0.093 0.977 0.973 0.004 4.641 0.987 0.989 0.002 0.022 0.992 0.992 0 7.75 0.984 0.985 0.001 7.75 0.986 0.985 0.001 7 0.977 0.977 0 - -
Q\Y( %”r,u NI \\\W&L\\S} g\v \\\\\\\ 0.200 0.973 0.968 0.005 10.00 0.986 0.987 0.001 0.050 0.992 0.990 0.002 10.0 0.984 0.982 0.002 10.0 0.982 0.984 0.002 8 0.976 0.974 0.02 > COmpanSOn with state-of-the-art apprOaCheS
S ) \ p ave. 0.981 0.979 0.002 ave. 0.990 0.990 0 ave. 0.990 0.990 0 ave. 0.986 0.984 0.002 ave. 0.985 0.980 0.005 ave. 0.983 0.983 0 metric method LU WIS RTV RGF WMFE LLF LLF remap WILS enhance Stylization Abstraction Average
BGU 3176 27.03 2615 2271 2127 2697  33.05 26.93 14.31 16.11 24.62
> One network for one task > one network for one sub-task » one network for all the tasks PSNR  DBL 2867 30.63 2852 27.11 2688 25.13 29.34 28.29 25.08 19.61 26.92
#ope. Lo WLS RTV RGF WMF LLF SR  denoise deblock derain  ave. Ours  31.81 3659 3428 3329 3400 2974  32.41 34.40 26.66 25.61 31.87
PrO b | ems BGU  0.912 0915 0.848 0.776 0.765 0.936 0.978 0.931 0.673 0.427 0.816
. _ _ 1 3525 4091 4055 3774 3840 3294 2913 28770 3021  29.86 34.36 SSIM DBL 0852 0890 0826 0.805 078 0.899  0.945 0.944 0.887 0.502 0.833
» Can we have one trained network that solves all the different image 6/4 3327 3739 37.00 3541 36.06 30.08 2889 28,67  30.10 3032 32.72 Ours 0946 0971 0948 0945 0940 0967  0.969 0.986 0.927 0.835 0.943
. .. 10 32.67 3659 36.03 3464 3508 29.77 29.69 30.45 28.53 28.36  32.18
prOceSSIng taSkS JOIntIy? | 0.979  0.991 0990 0984 0.980 0.984 0.804 0.804 0.847 0.893  0.925
64 0960 0980 0979 0974 0967 0976 0797 0800 0842 0803 oos || Deeper understanding of decouple learning framework
10 0.965 0978 0975 0969 0.962 0971 0.837 0.895 0.789 0.789  0.913

Proposed decouple learning framework:

Nweight

+ Network weight is detached from the network structure. () op e ©iz00  @i-003 (04004
i i metric  method Lo WLS RTV RGF WMF LLF LLFremap WLS enhance Stylization Abstraction Average
* Network Welght Is learned from a meta-network Composed of Only one norm(1)  31.06 34.86 3375 32.87 33.49 29.22 32.21 32.59 27.26 24.81 31.21
: : norm(7)  30.86 3475 33.54 3297 3339 29.24 31.99 32.79 27.07 24.81 31.14
fuIIy connected Iayer for one Correspondlng convolution Iayer' pgNR  orm(14)  30.64 3431 3306 3242 3321 29.15 31.80 32.53 27.05 24.83 30.90
® The Input to the meta_network IS One param eter that Corresponds to norm(19) 28.53 31.22 2946 29.72 30.69 27.03 30.36 29.78 25.57 24.38 28.67
o norm(all) 31.71 3551 3431 33.10 33.96 29.56 32.45 33.11 27.32 25.21 31.62
each SpeCIfIC task or sub-task. conv(all) 31.64 35.02 33.67 32.81 33.97 29.59 32.52 32.69 28.12 26.35 31.63
o TeY ' norm(1)  0.949 0971 0.959 0.954 0.948 0.966 0.981 0.982 0.923 0.819 0.945
The base network and meta network are Jomtly learned with one norm(7)  0.945 0.969 0.958 0.955 0.948 0.967 0.980 0.982 0.917 0.812 0.943
i norm(14) 0.935 0.963 0.942 0.947 0.945 0.966 0.979 0.980 0.917 0.816 0.939
SuperVISed loss. 5 55IM norm(19) 0.871 0.890 0.809 0.881 0.876 0.947 0.970 0.965 0.889 0.796 0.889
norm(all) 0.954 0972 0.960 0.956 0.953 0.970 0.982 0.984 0.924 0.823 0.947
HNb‘I’S‘?( weight (7) I E 7 I H conv(all) 0954 0969 0.952 0953 0954 0969  0.982 0.982 0.925 0.833 0.947
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Vlsual results

» How large the real receptive field I1S?

'(b) 1=001

» Welight visualization
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