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Piggyback: Adapting a single network to multiple tasks by learning to mask weights. (Mallyais, ECCV 2018 )
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5| A: Piggyback: Adapting a single network to multiple tasks by learning to mask weights. (Mallya, ECCV 2018)
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5| A: Piggyback: Adapting a single network to multiple tasks by learning to mask weights. (Mallya, ECCV 2018)
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HAD1

(mloU(%)) 21.47
HRD?2
(mloU(%)) 58.59 64.87 61.63 61.45
ARD3
0.9138 0.9148 0.9121 0.9058
HARD4
0.3678 0.3555 0.3595 0.3501
447480 490490 544348 521476
(total loss)
- 0.70 21 .47 21 .47
_ 1.87 61.63 61.45
- sl | melz | ;oo
EFILHAL X 282.0 282.0 1384 63.6
(MB) (56.4%5) (56.4) (56.4+20.5*4) (56.4+1.8*4)
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BiEIHFE : Residual Connection

® ResblockflZEncoder-Decoder CNN
* Fast Neural Style Transfer (Johnsons, ECCV2016)
* pix2pix, CycleGAN (Isola, Zhus, CVPR2017, ICCV2017)

Encoder Resblocks Decoder
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Alternately




HAD1
(mloU(%))

BHARD2
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HAI3

(MSE, SSIM)
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(SSIM, total loss)

BHAD5
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HRD4
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(MB)
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0.9138

0.3678
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447480

282.0

21.47

64.87 61.63
237.92 241.66
0.9148 0.9121
0.3555 0.3595
405893 473723
490490 544348
0.70 21.47

1.87 61.63
870.18 241.66
0.5321 0.9121
282.0 138.4

61.45

242.49
0.9058

0.3501
528587

521476

21.47

61.45

242.49
0.9058

63.6

4.26

532.83
0.9281

0.3467
460268

520221

0.57

4.26

532.83
0.9281

683.7

0.57 0.71

9.54

527.13
0.9286

0.3524
442211

494600

0.71

9.54

527.13
0.9286

1021.2
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A 21.47

(mloU(%))

HR2
(mloU(%)) 58.59 64.87 61.63 61.45 4.26 9.54
HR3 24400  237.92 24166 242.49 532.83 527.13
(MSE, SSIM) 09138 09148 0.9121 0.9058 0.9281 0.9286
B4 0.3678  0.3555 0.3595 0.3501 0.3467 0.3524
CHIURCIEIREEOR 413833 405893 473723 528587 460268 442211
447480 490490 544348 521476 520221 494600
(total loss)
H2R1 & g
after - |E 070 || E2147 21.47 0.57 0.71
5222 9 o
HRD2 § — ..§
after - e 187 |2 .¢61.63 61.45 4.26 9.54
H2U3 & <<
(o] (o]
ot £ 87018| £24166 24249 53283  527.13
5254 £ 0.5321| £0.9121 0.9058 0.9281 0.9286
() (9]
JE"(’“';:;;"'Z 282.0 282.0 1384 63.6 683.7 1021.2
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HAD1

i 21.47
5252
o 58.59 64.87 61.63 61.45
523
0.9138 0.9148 0.9121 0.9058
HRD4
0.3678 0.3555 0.3595 0.3501
(total loss)
_ .g 0.70 é" .47 21 .47
5 5
X .
H2RD2 after §2U3 - © 187 S 51.63 61.45
B -
- £ 0.5321 89121 0.9058
EFNYAX 282.0 282.0 138.4 63.6
(MB) (56.4x5) (564)  (56.4+20.5*4) (56.4+1.8*4)
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DARAO1 | HRD2 | HARD3 | HRD4 | HRD5

RiEDEl | sRiEDE a2 AT IE | A9 IVE
HAD2  0.5075 - - - -
HADI3 | 0.5042 | 0.5054 - - -
HAD4  0.4326 | 0.5034 @ 0.5020 - -
HAD5 | 0.4529 | 0.5029 | 0.5025 | 0.5210 -
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