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01 Continual Learning

The Necessity
v Dynamic World
- HSHQI HAlgd: n™E HlojE M 7H (i.i.d).
« A4 MA: HIOIE 7t A2t S &0 et =X o2 &= E (Non-stationary).
- O AEZO| HFE= CCTV, MEL2 4EF0/ 7757/‘5/5 & AIAE
v Efficiency

- O|O|E 7t =71 MHOICE MM E CHA| 56t A2 A|[Z/HIBECE HlzaXH,
- O22| M I Z2t0|HA| X2 _'f71 '3|0|E1§ NEg = gls 42 24
v’ Goal: “Learn like humans” (21 ZtA & IFAH Q9| XA 20 22 X|AZ2 A0t7H= A)
[Task Aj [Task Bj [Task Cj
| | Vo

Time (Limited Resource)
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(01 The Stability-Plasticity Dilemma BrAln Lab. &)

v" Definition

« Plasticity (7t24): ME2 XA S WEA 552 = U= 3.

« Joo High? — O X|Al0] EO{A|ZE (Old knowledge overwritten)
- Stability (2HEd): 7| &0 ot&2t X|A=Z EESHHE=E 8.

« Joo High? - M2 &&0| 2t & (New learning inhibited).

v The Trade-off
O| MM Ol Al= O] & AFO|O| #& S THE|OF &
- AI{ Al A1} Catastrophic Forgetting (ﬂﬁ”‘" UZ).
o« Tl Zplasticity) 0] 7| BF Bf1 OFE T (stability) Ol x| 28} 5 24
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01 Catastrophic Forgetting

v" Definition

MZ2 EfA A (Task B) &

x|
theot 3 Motvt OH—IEP 0|

v Cause

Shared Parameters
- St HESR A o2tolH
Non-i.i.d. Data Stream

. Tt7{ HIO|Ef 0], 22 HO|E{R £XtH O

Gradient Interference
o M taskE

Loss

2|t HH|O|EZ} O] ™ taskd]| =2

=
=l
?._
I'
2
oy
_0
oL 3
=

£ 02| task’t 7

2 (overwrite)

A Catastrophic

forgetting
of Task 1

Train on Task 1 Train on Task 2
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(1 Three Scenarios
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s EHAE{ ID S=. ENA3 1D Bls.
A} =S¢, PN
g H=3 DS, T LITE ) EEECENES
Multi-head Single-head Single-head
output (EjA3d g =) (B 1x 59) (B8 11X oHEh
0| = = St td old=
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01 CLvs. Other Paradigms
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Offline/ L High Memory &
Multi-task All at once Global Optimality Compute Cost Preserved
Transfer Sequentail
. (Source — Adaptation Low Data Regime Forgotten
Learning T
arget)
: Stream Often decayed
Online Current :
. (Instance by AR Real-time Update (Gradual
Learning Distribution :
Instance) forgetting)
Continual Sequential Accumulation No Access to Must be
Learning (Task by Task) Old Data Preserved
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(02 3-Pillar Structure BrAIn Lav. &

icial Intelligen

S Hot “Don’t chage too much” “Remember the past” “Devide and conquer”
HE QLR Lol MR £2 AL BHNO BN 4G EAY HERAS 4B

CHE 7| EWC(today), LwF, Sl Experience Replay (ER), GEM Progressive Neural Nets
g8 ;'E?O?Lﬁ%fé SOTA Ef~3 ZH ZH40] SlE
S Ej237 LOjX B 8 SH Hole) st o B AR} A% AT




(02 Regularization-based Approach BrAIn Lab. &

icial Intelligen

v Mechanism
- =4 0| NS FUt6t0 4% HetE s,
* Liotar = Levrrent T4 (0014, Onew)
* Lcurrent AHE_?_ EHAE‘ |-§- _JII_EAEI
« O: MH X|AOM BOX|= Ao CHoE EHE (Penalty)
e A: 7| EE AT (Hyperparameter)

EnpS! Internal Parameters (0) External Output (f(x))
ZOotet0|HYE =& C o e =
b} B r74|tk+| 12 x| oF Knowledge Distillation &-&

CHE 2 2 EWC, SI, MAS LwF




(02 Regularization-based Approach BrAIn Lab. &

v' Bayes' Rule
* logp(61D)=1logp(D16)+1logp(#) —logp (D)
 p(0|D): Posterior
 p(D | 86):Likelihood
* p(0): Prior
* p(D): Evidence

v' Sequential Learning
 logp (6 |1Dy,Dg) = logp(Dg|0) + logp (8 | Dy ) — const

Loss for Task B Knowledge from Task A

v Intractability
« p(61Dy) 2 X 2x2& EEo| ALtots A2 7
- S| ZH: Laplace Approximation
- ST 2EE OHRY| 2 712 A (Gaussian) 2 2 ZA}
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Elastic Weight Consolidation
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(03 Laplace Approximation

v' Taylor Expansion
* * * 1 * % *
* logp(8) ~ logp(6”) + Velog p(67) (6 — 67) +3 (6 — ") Vg logp(6™) (6 — 6"
First Order Second Order

v Definition of “Score”
« S(0) =Vglogp(D16)
- 9* = 0|0 Task AZ 5510 &2 Z|XHH (Local Maxima)2!.
e .~ Scoreatf8* =0
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. . 0.8
v' Hessian Matrix
* logp (0) =~ const —%(9 —0)TH(O — 6%) 061
H0) = T——exp |~ =" 27— ) |
2m)"|Z| 2 04}
0.2t
0
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(3 Fisher Information Matrix BrAIn Lab. &)

v" Recall Score
« 7d9|: 5(8) =Vylogp(D16)
- O|0|: mt2t0|E 95 A% HERS [ff, &E &2

Z7F d0otL Lot Btsst=2t? (71=7)

v’ Definition of Fisher Information
« M™OJ: "Covariance of Score”

» F=E,,[S(0)SO]

- oA
+ 712719 40| ALt — Hlo|Hof M2} 7| S7|7t R SFICE
270 otF Sast JS Tt

— O] miatojE{= ROl &

v Connection to Curvature
« High Fisher (F 1):

« Scorel| 40| 2
—

« o|Of: =28k A S
 Low Fisher (F l):
« Scorel| 240| &Z — Loss 5410| HEY!
| 9l&" - @ S Oieto| |

x|
ojgl: "AEE & At
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O3 Fisher Information Matrix BrAIn Lab. &
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v" Fisher Information Matrix
« "Variance of the Score” Var(S) = E[S?]

v" Practical Calculation Steps
1. Task A°| H|O|E{(x,y) & 220 21 LossE T¢tCt.
2. Zf 40|y =0rCt mato| e o Gradlentg A LFSED K| & SO
3. 2= HO|E0f CH3 BrS HCL
X Diagonal 2t AFE 2

fisher_accum = {n: torch.zeros_ like(p) for n, p in current_means.items()}

pbar = tgdm(self.dataloader, desc="Fisher Comp”, leave= )
tor data, target in pbar:
data, target = data.to(self.device), target.to(self.device)
self.model.zero _grad()
output = self.model{data)
loss = F.cross_entropy{output, target)
loss.backward()

for n, p in self.model.named parameters():
if p.grad :
fisher_accum[n] += p.grad.data ** 2

num_samples = len(self.dataloader.dataset)
for n in fisher accum:
current_fisher[n] = fisher accum[n] / num_samples
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L) = Lo(0) + Y S Fi(0: — 03,)°
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04 Permuted MNIST

Task 1

(permutation 1)
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(permutation 2)
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Full-connected network

Baselines

SGD

L2 Regularization

L2 to Previous Weights (F = 1)
EWC

Input 784 — Hidden 400-400 — Output 10
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Task 10

(permutation 10)
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04 Evaluation of Catastrophic Forgetting BrAIn Lab.&5
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Catastrophic Forgetting: Retention of Task O

100 4

80 -

Task O Accuracy (%)

40

70 4 —e— EWC
L2-Previous

—tr— |2

= SGD

0 1 2 3 4 5 6 7 8 9
Number of Tasks Learned
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04 Overall Performance Comparision

Accuracy (%)

Accuracy (%)

100 4

80

40

20 -

%:

Accuracy (%)

3 4 5 6

Tasks Learned

L2

100 4

80 +

40

20 A

Accuracy (%)

3 4 5 6

Tasks Learned
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L2-Previous

100

80

40 |

20 4

4 5

Tasks Learned

SGD

100 4

80 A

40

204

4 5

Tasks Learned
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04

Average Accuracy (%)

Overall Performance: Average Accuracy over Tasks

100 4
—8— EWC
. = ~— L2-Previous
—yr— |2
90 == SGD
80
70 A
60 -
50
40 -
2 3 4 5 6 7 9

Number of Tasks Learned
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04 Backward Transfer BrAIn Lab.
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Backward Transfer (BWT)

=10 -

-20 4

Average Forgetting (%)

_50 -
-51.50%

EWC L2-Previous 2 SGD

24



Conclusion

25



05 Conclusion BrAIn Lab. &

v Key Contributions
 Bio-inspired Mechanism
» Replay-Free
 Selective Plasticity

v Limitations & Future Work
* Limitations:
« Approximation: EfEfDIH 2 X E Diagonal Gaussian2 2 Tha=slA| 7.
. Rigidity: Ef23 47} BOFE 42 F| 90| L=XE|0f SH#0| WM
* Future Directions:
e Online EWC: EjA3 A Q0| AMA|ZIC 2 SR WAl
- Generative Replay: ‘8- 2@t Zo5H0] HO|H § O|E I+ e 22

“Knowing What is important to remember is key to AGL.”
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