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Experiment
Apply Piggyback to image-to-image tasks

Objective

Continual Learning of

for * 6 tasks to be learned continuously Task2: semantic segmentation
. task number | task categor dataset evaluation ‘ ! - . - -
segmentation et
Task 1 > MS COCO mloU(%) AP \
\/ segmentation %
Task 2 semantic | poscal VOC 2012 | mloU(%) '
segmentation
style transfer Taek 3 grayimage | \'c coco SiM
coIoring (A) input  (B) GroundTruth  (C)scratch (D) fine-tune  (E) decoder _(F) Piggyback
B e Task 4 Sty'(eGggﬂ)Sfer MS COCO SSIM Task3: gray image coloring
Il . . . yle transfer
[8 0\ Single Network colorization Task 5 (Munk) M> COCO loss oA B A B A B A B AR A
l 1) :
— —' — Task 6 edge 'mage edges2handbags MSE
coloring
Related Work a -a «a «a a a
(A) Color (B) gray-scale (D) fine-tune (E) decoder  (F) Piggyback
Simultaneous training of multiple tasks ST i
* Single encoder & task-specific decoders . Result Task4: style transfer (Gogh)

e.g. UberNet [lkkinos CVPR2017]

* Multiple inputs & multiple outputs
e.g. One Model To Learn Them All [Kaiser et al. arXiv 2017]

"Piggyback” is effective
for Encoder-Decoder net

fine-tune

network : U-net

scratch decoder Piggyback

» Reducing the size of binary mask
* Analyzing the trained mask

Continual learning (approaches for overcoming “catastrophic forgetting”) ' _
: scratch fine-tune decoder Piggyback
* Rehearsal [Hetherington et al. 1989] _ el - "
. . LWF Input: Tarpet: Task 1 .
train new samples with old samples | model (a)'s (mloU (%)) 21.47 input  scratch fine-tune decoder plggyback
. . . . . . . . ) M ¢ response for = .

* Distillation Lga.rnlng without Forgettlng [Li anc.d Hoiem 2016] “‘;:a::kﬁg.ﬂ.fﬁ_{ I old tasks (mTuoLIf(;,)) 58.59 64.87 61.63 61.45 Ta|55. ste transfer (unk)
reproduce training labels of old tasks with trained model and v sk = 0.9138 0.9148 09121 0.9058 E
use then} fof new tra.lnlg . L : , EWC  cwewmm: g o 0.3678 0.3555 0.3595 0.3501

* Regularization Elastic Weight Consolidation [Kirkpatrick et al. 2016] . Sy c—
train weights for new tasks according to un-importantness of weights “?/%» (total loss) 447480 490490 544348 521476

* Pruning PackNet [Mallya et al. CVPR2018] o~ - s, 211.96 207.76 237.53 232.02
fix trained weight for previous tasks and pruning un-important weights Taeic after Task 2 £ 070 22147 147 oy N N

* Weight Selection Piggyback [Mallya et al. ECCV2018] PackNet : 2 S S oy N S
select task-specific weights from the fixed backbone network 00251352 80380 83880 Teskc2 after a3 R B o143 scralch fine-tune. decoder piggyback

P 9 8 0228562 %3008 28888 5 = Task6: edge image coloring
- N e N Task 3 after Task 4 £ 0.5321 £0.9121 0.9058
Model Size 3384 3384 158.9 65.4 (N
o ° (MB) (56.4%6) (56.4%6) (56.4+20.5*5) | (56.4+1.8*5) ——
Method : Piggyback [Mallya et al. ECCV 2018] a—
Use task-dependent weight selection masks.
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