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B Continual Learning
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B Taxonomy of Continual Learning

iCaRL [16] GEM [55] | EWC [27] I LwEF [58] !

— iR 29— DGR [12] A-GEM [6] LFL [59] PackNet [61] PNN [64]
SER [50] PR [52] GSS [48] ST [56] EBLL [9] PathNet [30] Expert Gate [5]
TEM [51] CCLUGM [53] R-EWC [57] DMC [60] Piggyback [62] RCL [65]
CoPE [33] LGM [54] MAS [13] HAT [63] DAN [17]

Riemannian

Walk [14]
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B ICaRL (Replay-based)

Algorithm 2 iCaRL INCREMENTALTRAIN

input X*,..., X" //training examples in per-class sets

input K // memory size

require © // current model parameters

require|P & (Pi,...,Ps—1) // current exemplar sets
© < UPDATEREPRESENTATION(X?®, ..., X*: P, O)
m < K/t // number of exemplars per class

fory=1,...,s—1do
P, < REDUCEEXEMPLARSET(FP,,m)
end for
fory=s,...,tdo
P, < CONSTRUCTEXEMPLARSET(X,, m, ©)
end for

P 4 (Piy von 5:F%) // new exemplar sets




Preliminary / WIRIBIELE
\ ’ Data Mining Lab

B EWC (Regularization-based)

— Low error for task B = EWC

= Low error for task A = L2
== NO penalty
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B PNN (Parameter Isolation)
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B Taxonomy of Continual Learning

e [

EWC [27] LwF [58] —

iCaRL [16] GEM [55]

ER [49] DGR [12] A-GEM [6] IMM [28] LFL [59] PackNet [61] PNN [64]
SER [50] PR [52] GSS [48] ST [56] EBLL [9] PathNet [30] | Expert Gate [5]
TEM [51] CCLUGM [53] R-EWC [57] DMC [60] |Piggyback [62] RCL [65]
CoPE [33] LGM [54] MAS [13] HAT [63] DAN [17]

Riemannian

Walk [14]
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B Results of Continual Learning

--=- finetuning: 21.30 (26.90) —— PackNet: 49.13 (0.00) —— SI: 33.93 (15.77) —— MAS: 46.90 (1.58) —v— LwF: 41.91 (3.08)
- joint*: 55.70 (n/a) —+— HAT: 43.57 (0.00) EWC: 42.43 (7.51) —— mode-IMM: 36.89 (0.98) —v— EBLL: 45.34 (1.44)
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B Results of Continual Learning

--+== finetuning: 21.30 (26.90) R-PM 4.5k: 36.09 (10.96) -+~ R-FM 4.5k: 37.31 (9.21) —— GEM 4.5k: 45.13 (4.96) —— iCaRL 4.5k: 47.27 (-1.11)
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Continual Learning on Cifar100 (20 tasks) Data Mining Lab

Leaderboard DCataset

View | Average Accuracy ~ | by Date
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Other models  -» Models with highest Average Accuracy

Filter: Edit Leaderboard

Average ¢
Rank Mode £ Paper Cade Result Year Tags @&
Accuracy

Understanding Catastrophic Forgetting
1 RMN 81 and Remembering in Continual Learning (w] 7] 2021 Strict Continual Learning
with Optimal Relevance Mapping

Compacting, Picking and Growing for 0

2] 2019
Unforgetting Continual Learning

2 CPG 80.9

EXTENDING CONDITIONAL
CONVOLUTION STRUCTURES FOR
i e
3 CondConvContinual 77.4 ENEANCING MULTITASKING 0 2] 2020

CONTINUAL LEARNING
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Continual Learning on CUBS (Fine-grained 6 Tasks)

Leaderboard Dataset
View | Accuracy ~| by | Date v
a5 =
Piggyback
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Other models  -# Models with highest Accuracy

Filter: Edit Leaderboard

- Tags
Rank Mode Accuracy® Pretrained Paper Code Result Year D’}

Piggyback: Adapting a Single Network to 0O
Multiple Tasks by Learning to Mask Weights

1 Piggyback 84.59 Yes 2] 2018

EXTENDING CONDITIONAL CONVOLUTION
2 CondConvContinual 84.26 Yes STRUCTURES FOR ENHANCING 0 2] 2020
MULTITASKING CONTINUAL LEARNING

Compacting, Picking and Growing for 0O
Unfaorgetting Continual Learning

3 CPG 83.59 Yes 2] 2019
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Continual Learning on ImageNet-50 (5 tasks) ata Mining Lab

Leaderboard Dataset
View | Accuracy ~| by  Date
80 =
RMM
CondConvContinuaI""ﬂFﬂ’.
&0
-
3
3« CCGN
[w]
¢
2p  DGMw
o
May 19 Jul"19 Sep'1l? Mov'19 Jan'20 Mar'20 May 20 Jul'20 Sep'20 Nov 20 Jan'21

Other models  -e Models with highest Accuracy

Filter: Edit Leaderboard

i Tags
Rank Mode Accuracy® Paper Code Result Year =

Understanding Catastrophic Forgetting and

1 RMN 68.1 Remembering in Continual Learning with Optimal (9] 2] 2021
Relevance Mapping
EXTENDING CONDITIONAL CONVOLUTION

2 CondConvContinual 61.32 STRUCTURES FOR ENHANCING MULTITASKING (9] 2] 2020
CONTINUAL LEARNING
Conditional Channel Gated Metworks for Task-Aware

3 CCGN 35.24 (9] 2] 2020

Continual Learning
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Pl‘Ehmmal”y Method Task 1 Task 2 Task3  Task4 A\rg \ HiRiSiRsCIS =
Finetuning  10.0(-203) 5.1(-17.1) 6.7 (-136) 17.3(0.0) / Data Mining Lab
33 a

Freezing  303(0.0) 39.8(0.0) 32.0(0.0) 33.1(0.0) 33,
Joint 54.6 (+24.3) 58.9 (+11.5) 57.7(+4.5) 47.0(0.0) 54.6

EWC[I11] 12.1(-182) 116(-38.1) 9.3(-244) 258(0.0) 14.7
HAT[11] 17.2(-12.7) 193(-28.5) 28.6(+1.4) 31.6(0.0) 24.2
PackNet [26]  32.0(0.0)  53.7(0.0) 43.6(0.0) 37.9(0.0) 41.8
TFMw/o FN 364 (0.0)  54.1(0.0) 38.6(0.0) 39.0(0.0) 420

TFM 36.4(0.0)  53.8(0.0) 455(0.0) 37.6(0.0) 43.3
CUBS 200 Birds
Method Task 1 Task 2 Task 3 Task 4  Avg.

Finetuning 7.4 (-30.2) 2.6 (-30.0) 29.7 (-3.4) 43.1(0.0) 20.7
Freezing  37.6(0.0)  35.1(0.0) 354(0.0) 384(0.0) 36.6
Joint 487 (+11.1) 52.1(+6.0) 50.7 (+1.5) 51.9(0.0) 50.8

EWC[I11] 162(21.4) 19.0(-21.2) 24.2(-14.0) 41.7(0.0) 25.3
HAT[11] 187(-1.8) 19.4(-04) 285(0.6) 31.2(0.0) 244
PackNet [26]  35.3(0.0)  42.8(0.0) 44.4(0.0) 459(0.0) 42.1
TFM w/o FN  42.9(0.0)  44.1 (0.0) 483 (0.0) 49.1 (0.0) 46.1

TFM 42.9(0.0)  43.1(0.0) 499(0.0) 488(0.0) 46.2
Stanford 40 Actions
Method Task 1 Task 2 Task 3 Task 4  Avg.

Finetuning 244 (-10.5) 26.5(-7.7) 17.6(-16.8) 28.9(0.0) 24.4
Freezing  34.9(0.0) 294(0.0) 30.1(0.0) 305(0.0) 31.2
Joint 45.7 (+10.8) 403 (+4.8) 432(-1.1) 40.2(0.0) 424

EWC[I11] 242(-10.7) 282(-2.0) 252(-5.6) 34.3(0.0) 28.0
HAT[11]  257(-1.0) 255(-27) 30.1(2.1) 34.4(0.0) 289
PackNet [26]  32.5(0.0)  329(0.0) 36.7(0.0) 34.3(0.0) 34.1
TFMw/o FN  353(0.0)  383(0.0) 392(0.0) 38.0(0.0) 37.7

TEM 353(0.0) 37.2(0.0) 42.0(0.0) 37.2(0.0) 38.0
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Supervised Continual Learning
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Fig. 1: Overview of our method for learning piggyback masks for fixed backbone
networks. During training, we maintain a set of real-valued weights m"” which are
passed through a thresholding function to obtain binary-valued masks m. These
masks are applied to the weights W of the backbone network in an elementwise
tashion, keeping individual weights active, or masked out. The gradients obtained
through backpropagation of the task-specific loss are used to update the real-
valued mask weights. After training, the real-valued mask weights are discarded
and only the thresholded mask is retained, giving one network mask per task.
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Hard Attention to the Task @ MIRISRIE

B |_earnable hard attention

e
8 Gate
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Figure 1. Schematic diagram of the proposed approach: forward
(top) and backward (bottom) passes.
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Figure 1: Compacting, Picking, and Growing (CPG) continual learning. Given a well-trained model,
gradual pruning is applied to compact the model to release redundant weights. The compact model
weights are kept to avoid forgetting. Then a learnable binary weight-picking mask is trained along
with previously released space for new tasks to effectively reuse the knowledge of previous tasks. The
model can be expanded for new tasks if it does not meet the performance goal. Best viewed in color.
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B Ternary state: ‘used’, ‘learnable’, ‘unused’

« Binary mask T Layern
[ | Layer N+1

. 7 - t,l
y=Wz)om . Masked: forwared [ backware

ar _ (mtlff A mflai—ljl. - ar . Forward only: bacleward
SHJ*} 5 ! 7 J Syt . Mormal: forward /backward
— Weightsusedon T,
— Weights used on T,
« Ternary mask Unused weights
Y= (I’Vi‘-)@ﬂ-t’! bl I, ifds = t:m; 1
! 0, otherwise
oL _ (nt.*f_lnt.*!—nt._l*g_l-nff_l’i)ﬂ;-- dL
W, i ! Ty
oL by, tie1y 9L
‘ =(m,” Vvm.; x;
W (m; i) Ay
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Ternary Feature Map f% HEPESNE

B Task-specific feature normalization

Tii = Y4 T + Beii

B Growing Ternary Feature Map

t.l 1, forcurrenttask,if1 < j <I+N
T =
0, for previous tasks, if I < j < I4+N

0, forcurrenttask,if1 <j<1
m,. =« 1, forcurrenttask,ifl < j <I+N
0, forprevious tasks,if [ < 5 < I+N
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Summary and Discussion /@ O e

Bl Differentiable Mask?
B Knowledge Reuse?

B Expandable?

B Computational Complexity (upon weights/features)
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Unsupervised Continual Learning
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. Conditional Channel Gated Networks @ BEPETEE

B Conditional Channel Gate

s
¢ input feature map

.
l-th layer, t-th task gated output map

‘4
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. Conditional Channel Gated Networks @ BEPETEE

B Task Classifier

candidate feature maps
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B Conditional Convolution

CondConv, (x) = o((a; W1 +aaWo + -+ - + a,, W,,) * x),

«; = Sigmoid(GlobalAveragePool(x)R,; + b;),

Mpy1(x) = Crp1 (B Wh (k1) Ak+1))

arg min Z 1 (Mi1(x), y)

(x.¥)EDg 11

Wet1.Ak4+1.Ck41
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B Conditional Convolution

[ Output of Layer | — | ]
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ROUTING FN for Task 7,

{af. ol al)

CONVOLUTION ‘-, l". 1
Task 1} I'Remain:.‘Unchanged"-, Newly Expand
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ROUTING FN for Task /., ] 1 WI W'E
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W \What have they done?

Mp;, = lﬁgﬂf(;s& G’E)

k

1 _
1+ exp(—(F(xr —0.5) 4

Lr(zr:B) =

W \What did they claim?

Our proposed approach builds on the following Optimal
Overlap Hypothesis: For a strictly continually trained
deep neural network, catastrophic forgetting and remember-
ing can be minimized, without addirional memory or data,
by learning optimal representational overlap, such that the
representational overlap is reduced for unrelated tasks and
increased for tasks that are similar.
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Optimal Relevance Mapping @ HEPESNE

B \What have they said?
« Understanding Catastrophic Forgetting
Task Loss
log P(01|D1)=log P(D1|6h )+ log P(6h)—log P(D1).
Prior info
log P(61.2| D1.2)=1og P(D3|02)+log P(6:|D1)

—log P(D)
=log P(D2|02)+ log P(D1|61)
+log P(61)—log P(D1)—log P(Da).

 How s it proved?
P(61,Mp,|D1) oc P(D1|6m;, )P (O, )
P(61.2,Mpg|D1.2) o< P(Da|bwp, )P(61, Mpy1|D1)

o P(Ds|0,,)P(0y)
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Optimal Relevance Mapping @ HEPESNE

B Supervised Continual Learning

Algorithm 1 RMN Supervised Continual Learning

1: Imput: data z, ground truth y for n tasks, prune pa-
rameter u, corresponding task labels i paired with all
T

2: Given: parameters W & initilaized relevance map-
pings Mp

3: for each task i do

4 f(z;; W, Mp,) = y; =o((W ©Mp,) ©z;)

5. Compute Loss : L(9;, v;)

6:  Optional: Add Sparsity Loss : L(y;, yi) + (Mp, ),

?.

8

Backpropagate and optimize
: Prune Mp < ponly.
9:  Stabilize (fix) parameters in f where Mp = 1
10: end for
11: Inference: For data = and ground-truth task label i:
12: Output: f(x,i; W)




Optlm al Relevan( Algunthm Z,RfWN Unsupervised letinuafl JLearning EiSESIe e
. 1: Input: data x, ground truth y. prune parameter g

2: Given: parameters W, Mg, ;, with est_j = 0, Task :
Switch Detection Method TSD
- 3: for each task 7 do
u UnsuPeersed . Filter input z on f(x; W, Mpg_;_4)
f{mi Wv MIF’est_j) = i}

4
3:
6:  Compute Loss: L(y,y) a Relevance modified Welsh’s
7:
8

a Mining Lab

it 7'SD(x) is True then t-test on the KL divergence

: est_j + +
9: Add Mg, _; to learn-able parameter list
10: f(.l' W: MIF’est_j) = ﬁ
11: Re-Compute Loss : L(y,y)
12: endif

13:  Backpropagate and optimize

14:  Sample z, from standard Gaussian distribution with
same shape as x

15: f{IQ;W:MPest_j) =y

16:  Compute Loss : ||§ — 0|/3

17:  Backpropagate and optimize

18:  Prune Mp < p only.

19:  Stabilize (fix) parameters in f where Mp =~ 1

20: end for

21: Inference: For data x:

22: Output: mazy f(x, k; W)
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Optimal Relevance Mapping @ HEPESNE

M [s that real?

S-CIFAR-100
e DURS
0.70 —=— AGS-CL
—— EWC
—_—— 5|
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o —— RWALK
© —s— MAS
o 0.60 -
0.55
0.50
2 4 f 8 10
Task

Figure 1. Average accuracy results on CIFAR-100 (10 tasks)




Summary and Discussion /@ O e

Data Mining Lab

B Based on X (fc layer or t-test)

W Fix previous params? V

B Joint optimization? X
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Our proposals
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B Motivation

* Interpretation via Synchronization as Localization

« A Feature Map as an Entity -> Sync as Modules

Modular
Segregation

Executive
Functions
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H [dea

« Minimize Entropy from several levels

« Sync (unsupervised) for Module Segmentation

SN
+

. ] , ¢
N
_ L

- sync
Filters l]

Conv Layer Activation Consistency

Synchronization
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B Functional Module Level
« SynC in clustering

do; S < .
- =wi+ > sin(0;—0;),(i=1,...,N)
Jj=1

Nbe(x) ={y € D|dist(y,x) < €}

1

zi(t+1) = 2:(0) + T

: Z sin(yi(t) —zi(t))

yEN b (=(t))

« SynC In mini-batch

1 1
Lone = — dist(x;,
e =N 2 TNo@)], o, GioHEn )

x;ENb(x;)
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_Understanding Sync Mechanism @ BTSN

B Sync in mini-batch

sync - Z |Nb ) | Z dﬂ.St(‘Ti:‘Ej)

r;ENb(x;)

* Understanding

syn{‘ Z |Nb ) | Z dﬂSt(ﬁ?“:{?j)

I/I/OrdE z;€Nb,(z;)
Mpe
dq, N . "y
ngy =~ —Zp(ﬁ)p(:rl%)lﬂg a(jli) = H(jli)
1,J
' _|_ o E—dist(xi,xj]ng
p(i) — T fi'(.ﬂﬁ) — Ej e—dist(zi,x;)/T2
p(ili) = Nb(zi,z;) _ INTI(-":»@)I’ dist(x;,x;) <€
Z Nbe(zi, x;) 0, otherwise
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B Motivation

 Functional modules on the whole structure
« Unsupervised knowledge embedding

« Knowledge embedding management

H |dea

* Fourier Transform
« Sync to regular representation space

« Attention mechanism
I
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B Attention Structure

« Knowledge embedding as Key vector

« Hard attention -> activate the knowledge or not

{0, 1}

l

_ x|
X tt

RS (e Y
FFT 24 AL

L
T X1—1
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B What’s the cons?

* ‘Soft’-mask
* No absolutely fixed parameter

« Joint optimization

B So, Sync could be a promising way to it?

e Stable functional module




Proposal / ey
\ ’ Data Mining Lab

B What’s the pros?

1. Constant memory. To avoid unbounded systems, the
consumed memory should be constant w.r.t. the number of
tasks or length of the data stream.

6. Problem agnostic continual learning is not limited to a
specific setting (e.g. only classification).

7. Adaptive systems learn from available unlabeled data as
well, opening doors for adaptation to specific user data.

8. No test time oracle providing the task label should be
required for prediction.

9. Task revisiting of previously seen tasks should enable
enhancement of the corresponding task knowledge.

10. Graceful forgetting. Given an unbounded system and
infinite stream of data, selective forgetting of trivial informa-
tion is an important mechanism to achieve balance between
stability and plasticity.
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B What’s the pros?

Local, Disentangled, Interpretable, Comparable
Knowledge management for Continual learning
Multi-source, partial, model-based Transfer learning
Zero-shot via compositional generalization

Match with existing knowledge systems

Interact with human beings




Oxford 102 Flowers
PI‘OpOSﬂl Method Task 1 Task 2 Task 3 Task 4 Avg \ HEISHRSEIR =
Finetuning  10.0(-20.3) 5.1(-17.1)  6.7(-13.6) 17.3(0.0) Data Mining Lab
Freezing  30.3(0.0)  39.8(0.0) 32.0(0.0) 33.1(0.0) 33.3
Joint 54.6 (+24.3) 589 (+11.5) 57.7(+4.5) 47.0(0.0) 54.6
EWC[14] 12.1(-18.2) 11.6(-38.1) 9.3(-24.4) 25.8(0.0) 14.7
| Plan HAT[41]  17.2(-127) 19.3(-28.5) 28.6(+1.4) 31.6(0.0) 24.2
PackNet [26]  32.0(0.0)  53.7(00) 43.6(0.0) 37.9(0.0) 418
TFMw/o FN 364 (0.0)  54.1(0.0) 38.6(0.0) 39.0(0.0) 42.0
e EXxar TFM 36.4(0.0)  53.8(0.0) 45.5(0.0) 37.6(0.0) 43.3
CUBS 200 Birds
A d Method Task 1 Task 2 Task 3 Task 4  Avg.
[ ]
af Finetuning 7.4 (-30.2) 2.6 (-30.0) 29.7(-3.4) 43.1(0.0) 20.7
Freezing  37.6(0.0)  35.1(0.0) 354(0.0) 38.4(0.0) 36.6
E Joint 48.7 (+11.1) 521 (+6.0) 50.7 (+1.5) 51.9(0.0) 50.8
[ ]
XPE EWC[14] 16.2(-21.4) 19.0(-21.2) 24.2(-14.0) 41.7(0.0) 25.3
HAT[11]  18.7(-1.8) 19.4(-04) 285(-0.6) 31.2(0.0) 244
PackNet [26]  35.3(0.0)  42.8(00) 44.4(0.0) 459(0.0) 42.1
e  (GENE TEMwEN 429(00) 44.1(0.0) 483 (0.0) 49.1(0.0) 46.1 g,
TFM 429(0.0) 43.1(0.0) 499(0.0) 48.8(0.0) 46.2
comj| , etc.)
Stanford 40 Actions
Method Task 1 Task 2 Task 3 Task 4  Avg.
 TheC Finewning 244105 265(:7.7) 17.6(-168) 2890.0) 244 tional)
Freezing  34.9(0.0)  29.4(0.0) 30.1(0.0) 30.5(0.0) 31.2
Joint 45.7 (+10.8) 403 (+4.8) 43.2(-1.1) 40.2(0.0) 424
Perf( EWC[14] 24.2(-10.7) 28.2(-2.0) 252(-5.6) 34.3(0.0) 28.0
HAT[41]  25.7(-1.0) 25.5(-27) 30.1(-2.1) 34.4(0.0) 28.9
PackNet [26]  32.5(0.0)  329(00) 36.7(0.0) 34.3(0.0) 34.1
TFMw/o FN  35.3(0.0)  383(0.0) 392(0.0) 380(0.0) 37.7
TFM 35.3(0.0)  37.2(0.0) 42.0(0.0) 37.2(0.0) 38.0
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« Exam existing CL methods in the same setting
« Adapt from FcaNet, add HAT and Sync
« Experiments of CL and Interpretability(?)

« General Applications (transfer/zero-shot learning,
compact existing networks & efficient networks, etc.)

« Theoretical guarantee of accuracy boundary (optional)

 Perform as a conference paper
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