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Algorithm 1 Incremental Learning of a Dynamically Expandable Network

Input: Dataset D = (D, ..., Dr), Thresholds 7, o
Output: W'
fort=1,...,7 do
if t = 1 then
Train the network weights W using Eq. Q
else
W' = SelectiveRetraining(W*' ') {Selectively retrain the previous network using Algorithm 2 }
if £, > 7 then

W' = DynamicExpansion(W") {Expand the network capacity using Algorithm 3}
W' = Split(W'") {Split and duplicate the units using Algorithm 4 }

Selective Retraining Dynamic Expansion Split and Duplication
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N
Input: Datatset D,, Threst Wi
Perform Algorithm 2 and complite L

if £ > 7 then
A _ _ g /\

Solve for Eq. 5 at all layers
C -1 — 10

’ e e o ’

Remove useless units in h{\[

HIE<L|3 Lof] 2™ =l k702l hidden unitS Z=7}st 0|=0]],
Z 7=l hidden unitS2 sk5A|7|= EHA|!

Selective Retraining Dynamic Expansion Split and Duplication



Dynamically Expandable Networks

Dynamically Expansion

Algorithm 3 Dynamic Nei minirﬁize E(VVZN W Dy) + | VVZN |1~ Z H‘VZJZH 2
Input: Datatset D, Threst Wi - ' g
Perform Algorithm 2 and complite L

if £ > 7 then
A _ _ g /\

Solve for Eq. 5 at all layers

0{7|Mx 11-regularizer2
Weight?| Sparsesti| et&Al 2.

Selective Retraining Dynamic Expansion Split and Duplication



Dynamically Expandable Networks

Dynamically Expansion

Algorithm 3 Dynamic Nel myinimize L(VVZN

N
Input: Datatset D,, Threst Wi
Perform Algorithm 2 and complite L

if £ > 7 then
A _ _ g /\

Solve for Eq. 5 at all layers
C -1 — 10

’ e e o ’

Remove useless units in h{\[

WE D) 4 WY L+ 9 ) [[W 2

Group Sparsity Regularizer. Wen et, al(2016)
= ZHunitdl] S012= incoming weights.
STt units= FOILl= Ol F2.

Selective Retraining Dynamic Expansion Split and Duplication



Dynamically Expandable Networks

Dynamically Expansion

N
Input: Datatset D,, Threst Wi

Perform Algorithm 2 and compute L
if £ > 7 then
Add k units R at all layers

Algorithm 3 Dynamic Netyhinimize L(VVZN ; Wlt_l, D;) + /LHVVlNﬂl + 7 Z HVVZJ\gH2
g

e () (] A1 4
fori=L—1,...,1do
Remove useless units in h{\[

?l 4= Soll e5ol2 2, S 2 Q% unitsE HOfHE 4= QULCE
1, 222 units2 MHE = A3!

= e
SN2 2ol 2uasti22] HAH)

Selective Retraining Dynamic Expansion Split and Duplication



Dynamically Expandable Networks

Split And Duplication

Algorithm 4 Network Split/Duplication

Input: Weight W', Threshold o

Perform Eq. 6 to obtain W'
for all hidden unit 2 do
ol = ! — w! =
if p. > o then
Copy ¢ into 7’ (w’ introduction of edges for 7")

Perform Eq. 6 with the initialization of W* to obtain W*

M| tHuff £tA|91 Split and Duplication
Selective Retraining 2°30{|AM L5 B0| HHH edgeS S
HA 22 hidden units2 IHS{FE12PH0|Ct,

iy > 1T
—
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Dynamically Expandable Networks

Split And Duplication

Algorithm 4 Network Split/Duplication

Input: Weight W*™!, Threshold o

Perform Eq. 6 to obtain W'
for all hidden unit 2 do
ol = ! — w! =
if p. > o then
Copy 7 into 7" (w’ introduction of edges for ¢")

Perform Eq. 6 with the initialization of W* to obtain W*

M| tHuff £tA|91 Split and Duplication
Selective Retraining 2°30{|AM L5 B0| HHH edgeS S
A 22 Hidden units2 IS FE1PH0|LCY,

Selective Retraining Dynamic Expansion Split and Duplication



Dynamically Expandable Networks

Split And Duplication

Algorithm 4 Network Split/Duplication
Input: Weight W'~ !, Threshold o

t

Daorform n A to ohtain U/

for all hidden unit 2 do
pi = |lwi —w!™|2

if p! > o then
Copy ¢ into " (w’ introduction of edges for i")

CCITOITIN (. O WILN UIC 1I d Al1011 O yv. 1O ODILd
° o il

0|™ EjAINIX| St&St weightet H| w1 3HS i,

L-| 52 BEo| HF weight7t = unite| Z2<0ll= SH[StC}.

Selective Retraining Dynamic Expansion

Split and Duplication



Dynamically Expandable Networks

Split And Duplication

Algorithm 4 Network SplitT 1 inimize L(Wt; D;) + )\HWt — Wit H%

Input: Weight W'~ Thres Wt

NS Zidst 0|20l = SH|El AENS 7| E2=,
Fine tuningS TI4slC},

Selective Retraining Dynamic Expansion Split and Duplication



Dynamically Expandable Networks

Time Stamping

o 2 TaskE S5 WOCHZf Taskol| AHE St unit & 7153l == Z4(21|0[0] OILY,).
o Time Stamping= S3l oI Task0l| SHESH= unit2HS AHE3H 2f TaskE 4.

o MEZ Hidden unite| 7|2 Qlot 7|& H2o| X|HA 22tz 8ix|,

-1 O =
o [917}RIAIBE 2t 81 EEAIMIX| SHE3E Weight= K{EHSHS Z{HIC} T Q3 Rk

o [9]2}E2| DENOA = Backward Transfer7} ot 421,
o EYL|X| AUUX|DL X2 TaskH|A] StEEI CIE unitE 25 E 0|22



Experiments

a2 21t

o TS AIHHO| QXD MNIST-Variation Dataset0l| CHoHA| RIS O 2 2ot Dk} &t

MNIST-Variation DatasetO|Zt?
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Knowledge TransferZt 2 0{= = 510]| Gi= Gi[O[E All.
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a2 21t

o ZOILIAMZ Capacitys A =X[Z LIEtL = 2 I,

Performance over Capac:lty on MNIST Varlatlon
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o https://github.com/jaehong-yoon93/DEN
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o https://github.com/JoonyoungYi/DEN-tensorflow
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Conclusion and Discussion
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o Overcoming Catastrophic Forgetting with Hard Attention to the Task.
o Lifelong LearningdlA Hard Attention2 E3H Catastrophic Forgetting= sHZ.




NAME | 0|Z&(Joonyoung Yi)
EMAIL | joonyoung.vi@mli.kaist.ac.kr joonyoung.vi@kaist.ac.kr

PHONE | +82-10-9765-0885



mailto:joonyoung.yi@mli.kaist.ac.kr
mailto:joonyoung.yi@kaist.ac.kr

Appendix
Reference

[1] James Kirkpatrick, Razvan Pascanu, Neil Rabinowitz, Joel Veness, Guillaume Desjardins, Andrei A Rusu,
Kieran Milan, John Quan, Tiago Ramalho, Agnieszka Grabska-Barwinska, et al. ”Overcoming catastrophic
forgetting in neural networks”, Proceedings of the National Academy of Sciences (PNAS) 2017, pp.
201611835.

3] Eric Eaton and Paul L. Ruvolo. ELLA: An efficient lifelong learning algorithm. In Sanjoy Dasgupta and
David Mcallester (eds.), ICML, volume 28, pp. 507-515. JMLR Workshop and Conference Pro- ceedings, 2013.
5] Corinna Cortes, Xavi Gonzalvo, Vitaly Kuznetsov, Mehryar Mohri, and Scott Yang. Adanet: Adaptive
structural learning of artificial neural networks. arXiv preprlnt arXiv:1607.01097, 2016.

6] Abhishek Kumar and Hal Daume lll. Learning task grouping and overlap in multi-task learning. In ICML,
2012.

7] Sang-Woo Lee, Jin-Hwa Kim, Jung-Woo Ha, and Byoung-Tak Zhang. Overcoming catastrophic for-
getting by incremental moment matching. arXiv preprint arXiv:1703.08475, 2017

8] George Philipp and Jaime G. Carbonell. Nonparametric neural networks. In ICLR, 2017.

9] Andrei Rusu, Neil Rabinowitz, Guillaume Desjardins, Hubert Soyer, James Kirkpatrick, Koray Kavukcuoglu,
Razvan Pascanu, and Raia Hadsell. Progressive neural networks. arXiv preprint arXiv:1606.04671, 2016.

[12] Tianjun Xiao, Jiaxing Zhang, Kuiyuan Yang, Yuxin Peng, and Zheng Zhang. Error-driven incremen- tal
learning in deep convolutional neural network for large-scale image classification. In Proceedings of the 22nd
ACM international conference on Multimedia, pp. 177-186. ACM, 2014.

13] Friedemann Zenke, Ben Poole, and Surya Ganguli. Continual learning through synaptic intelligence. In
ICML, pp. 3987-3995, 2017.

14] Guanyu Zhou, Kihyuk Sohn, and Honglak Lee. Online incremental feature learning with denoising
autoencoders. In International Conference on Artificial Intelligence and Statistics, pp. 1453-1461, 2012.




