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I Background PEII‘NP_E

 Continual learning requires the model to learn multiple task sequentially.

Learning in sequential

2 -: Stability ~ — ~ :Plasticity

Learning a new Task

» Task-agnostic problem vs Task-aware problem: Task identities :available or not.
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(a) Different learning objectives
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 Different learning objectives may cause different degrees of forgetting in CL.

 |f a new learning objective leads to more forgetting, a good continual learner should
pay more attention to the model's stability. Otherwise, a good continual learner should
pay more attention to the model's plasticity.

— : Stability —— : Overal plasticity :Balanced area

= = Plasticity for new class distinction @ ----- : Plasticity for new/old class distinction

More Stability More Plasticity More Stability More Plasticity

Separating the learning of new task [
Maore Stability More Plasticity
Exsting methods Ours

(b) Stability-plasticity trade-off in different methods
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 Learning objective for replay-based methods:

|Bt‘ ‘BM‘
1 My M 1
> |Bt‘ Zﬁnew f@) ) )-I_ ‘BM| ; E’f“ﬂp(f@(mt )7yt ) (1)

» We assume that Lnew is cross-entropy (CE) loss:

B Loew(fo(@),y) = Lee(fo (@), y) = ~log (Zifff (0’”)(02)) - o

i—1 exp
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Analyzing Learning Objectives by Decoupling Loss

> Enew(f@(m)jy) = — lOg (Zmiip(ﬂy) ) — lo og (szﬂj-+l e}{P(Og)) (3)

i—m-+1€XP(0;) > ey exp(o;)
=lee(fo (), y;Cn) + ln(fo(T)).
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Loss Decoupling for Continual Learning

| Be Bl

t t M
> |Bt| Z 181 -ce f@( ) y@ )_I_BZFH(JC@( ) yf.», |BM‘ Z Lrep f@ Y; ) (4)

Cal
c.|

> 61 — O? 62 = pP
» Combining LODE with ER and DER++: The combinations of LODE with these two methods are direct.

» Combining LODE with ESMER:

|B¢| 1Bl

|Bt| sz 431 ce f@( ) y?, )+ngn(f@( ) yz Z £?"ep f@ i‘,’f\/t) (6)
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Relation with Existing Methods

» Let g, = 1and 35, = 0 , we can get the of experience replay with asymmetric cross entropy(ER-ACE):

| Bt| | Bl
1 1
L= —— E ‘Cce $E ; g;cn + E £re mg,M : ;,AA . 7

| 1=1

Algorithm 1 Loss Decoupling (LODE) for Continual Learning

: Imput: a sequence of tasks with datasets {D1, ..., Dr}, a neural network model fe(-).
: Output: a learned neural network model fe(-).
while Get a mini-batch of samples 3; from a task ¢ do
Sample a mini-batch B4 from memory M;
Specify the weights for the two different learning objectives by (5);
Get the losses for learning objective through (3);
Compute the final loss through (4).
Perform backward propagation and update the model fe(-) through SGD;
Update memory M with B; through some memory update methods;
: end while

SR AERNT
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Table 1: Classification results which are averaged across 5 runs.

Ex‘ff:%‘;ﬁel Seq-CIFAR10 Seq-CIFAR100 Seq-TinyImageNet

o Joint 91.86+026 70.10+060 59.82+031
finetune 19.65+0.03 17.41+009 8.13+0.04
Buffer Size 500 5120 500 5120 500 5120
SCR [27] 57.95+157 82.47+044 23.06+022 45.02+067 8.37+026 18.204048
PCR [25] 65.74+320 82.58+042 28.38+046 5H2.51+161 11.88+161 26.39+1.64
MIR [3] 63.93+039 83.73+097 27.80+052 53.73+0s2 11.22+043 30.60+040

o ER-ACE [8] 68.45+178 83.49+040 40.67+006 58.56+091 17.73+056 37.99+017
ER [9] 61.78+072 83.64+095 27.69+058 53.86+057 10.36+0.11 27.54+030
LODE (ER) 68.87+071 83.73+048 41.52+122 58.59+048 17.77+1.03 38.34+0.04
DER++ [7] 73.294+096 85.66+014 42.08+1711 62.73+058 19.28+061 39.72+047
LODE (DER++) 75.45+090 85.78+040 46.31+1.01 64.00+048 21.15+068 40.31+0.03
CLS-ER [5] 70.73+054 85.73+029 51.21+084 60.17+038 29.44+166 45.66+047
TAMIL [6] 74.25+031 84.82+177 50.62+023 63.77+043 27.83+041 43.00+056
iCaRL [33] 61.60+2.03 72.01+062 49.59+005 54.23+028 20.01+o0s50 30.34+0.18

yes BIC [43] 52.63+246 T79.98+149 37.06+060 60.43+061 29.82+088 37.60+023
SSIL [1] 64.31+080 T1.72+147 41.61+037 57.53+052 16.80+071 40.06+0.58
ESMER [36] 71.48+098 79.19+068 52.37+087 63.99+013 30.97+1.12 44.07+052
LODE (ESMER) 74.53+095 85.34+041 55.06+035 65.69+033 32.15+017 46.40+0.46
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Figure 3: (a) and (b) show the variation of the accuracy for different methods on Seq-CIFAR10 and
Seq-CIFAR100. (c) and (d) show the variation of accuracy on Seq-CIFAR100 with different number

of tasks.
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Figure 4: (a) and (b) show the variation of the accuracy for different p. (c) and (d) show the variation
of the accuracy for different C'.
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Table 2: Ablation study on Seq-CIFAR10 and Seq-CIFAR100.
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LODE (DER++) LODE (ESMER)
Seq-CIFAR10  Seq-CIFAR100 Seq-CIFAR10  Seq-CIFAR100
75.45+090 46.31+1.0n1 T74.53 +0.9s 55.06+0.35
71.18+080 37.49+1.79 73.414040 45.64+087
73.80+0.72 42.08+1.71 73.08+0.81 52.37+0.87
73.19+0.5 40.79+0.12 72.38+0.24 51.86+0.3s5

Table 3: Classification results which are averaged across 5 runs in the online continual learning

setting.

Extra Model

Keeping

Seq-CIFAR10

Seq-CIFAR100 Seq-TinyImageNet

no

SCR [27]
PCR [25]

ER-ACE [8]

MIR [3]
ER [9]

LODE (ER)
DER++ [7]
LODE (DER++)

69.49+3.02
73.28+1.83
69.17+1.64
71.10+1.59
67.93+2.04
69.63+1.41
72.30+099
74.00+0.08

36.09+0s2
34.89+067
35.24+051
35.08+1.32
34.404+1.13
36.91+1238
34.72+151
37.82+1.16

20.0441.24
23.84+0.60
23.424034
20.644+1.17
21.14+072
24.31+032
20.40+1.m
25.30+1.80
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