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Background

Continual Learning / Incremental Learning / Life-long Learning

« Training sets are provided sequentially: X;, X,, ..., X¢, ...,
each training set is typically called a task

« Model can only access to one training set X at step t
(a few memory samples from previous tasks are acceptable),
while being evaluated on test set of all tasks.

-> requires model to maintain performance on old tasks when learning on new tasks



Background

Class-incremental Learning

« Each training set corresponds to a label set Y;,
Y, are incrementally increasing

« Typically, ;,nY; =@ foranyi # j

« TestsetcontainsY =Y, uUY,U--Y, U--



Background

Three typical scenario of class-incremental learning

1. Training from scratch
-> DyTox: Transformers for Continual Learning with DYnamic TOken eXpansion

2. Training with a large initial phase
-> Mimicking the Oracle: An Initial Phase Decorrelation Approach for Class Incremental Learning

3. Training with no sample memory available
-> Self-Sustaining Representation Expansion for Non-Exemplar Class-Incremental Learning



Dytox

DyTox: Transformers for Continual Learning with DYnamic TOken eXpansion
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Dytox

Dynamic task token expansion

* For each task, learn a task token 6;,
the task token is first concatenate with the feature tokens

2 = [einy] = R(N-i—l)x]])

» Obtain task-specific feature via task-attention (cross attention):

Qi — qui’
Ki — szi:
Vji — szia

A; = Softmax (Qi KT /\/d/h) ,
0; = W, A;V; + b, € R*P

« After obtain task-specific embeddings E = {eq, e,, ..., e;},
classification score for each task is obtained by

3}2' = le@ (63) = U(W@ NOI‘IIL,; €; —+ bz) y

DyTox: Transformers for Continual Learning with DYnamic TOken eXpansion



Dytox

Others:

* Objectives

E = (]_ — Of)ﬁclf + Of[-:kd -+ A['div

« Classification scores are obtained separately
-> requires classification scores to be well calibrated
-> BCE rather than CE
-> post-hoc fine-tuning

DyTox: Transformers for Continual Learning with DYnamic TOken eXpansion
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Results
ImageNet100 10 steps ImageNet1000 10 steps
up top-1 top-5 up top-1 top-5

Methods Avg Last Avg Last Avg Last Avg Last
ResNet18 joint 11.22 - - E 95.10 | 11.68 E - - 89.27
Transf. joint 11.00 - 79.12 - 03.48 | 11.35 - 73.58 - 90.60
E2E [5] 11.22 - - 8992 8029 | 11.68 - - 7209 5229
Simple-DER [48] - - - - - 28.00 66.63 5924 85.62 80.76
iCaRL [59] 11.22 - - 83.60 63.80 | 11.68 3840 2270 63.70 44.00
BiC [32] 11.22 - - 90.60 84.40 | 11.68 - - 84.00 73.20
WA [80] 11.22 - - 91.00 84.10 | 11.68 65.67 55.60 &86.60 81.10
RPSNet [56] - - 87.90 74.00 - - - - -
DER w/o P [75] | 11227 77.18 66.70 93.23 8752 | 116.89 68.84 60.16 88.17 82.86
DER' [75] - 76.12 66.06 92.79 88.38 - 66.73 58.62 87.08 &81.89
DyTox 11.01 7715 69.10 9204 8798 | 11.36 71.29 6334 88.59 84.49

DyTox: Transformers for Continual Learning with DYnamic TOken eXpansion
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Ablations
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_.
Quantitative Analysis
0.8
First obtain feature covariance matrix of class c 0.6
1 <~ (o = N |
() _ (@) _ Z()y(7© _ Z(e)\T (c)
K = —3 (27 = 292" - 2) a’
oi=l 0.4
Then obtain the eigen value A, and calculate ~®— 10 classes
B (¢) 25 classes
(c) . Zizl A 1 0.2 50 classes
Qp " = d (¢) = [0’ ] @&~ 100 classes
Zizl )\@, . v . . v v v
_ _ 0 5 10 15 20 25 30
a represents the importance of the top-k feature dimensions k

If ay, is close to 1 even when k is small, then the top eigenvalues dominate.

Mimicking the Oracle: An Initial Phase Decorrelation Approach for Class Incremental Learning



CwD

Class-wise Decorrelation (CwD) objective

Make eigen value distribute uniformly by minimizing:

Lo 1 i A - li)\‘?"} 2
shape d — i d o j 3

It can be approve that
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Effect
(a) 10 classes (b) 25 classes (c) 50 classes
—e 0.8
0.8 0.8
0.6
a
k 0.4
qu 0.4
0.2 0.2 0.2
135 10 15 20 30 1 35 10 15 20 30 135 10 15 20 30
k k k

—&— No CwD - N=0.1 ~o- n=0.5 -8 100 classes

Mimicking the Oracle: An Initial Phase Decorrelation Approach for Class Incremental Learning



CwD
Results
CIFAR100 (B=50) ImageNet100 (B=50) ImageNet (B=100)
Method
S=10 5 2 10 5 2 100 50

LwF [18] 53.59+051 48.66+058 45.56+028  53.627 47.647 44 321 40.86+0.13 27.72+0.12
iCaRL [26]  60.82+003 53.74+025 47.86+041 65447 59,887 52977 49564000 42.61+0.15
BiC [33 51.58+0.16 48.07+0.02 43.10+037  70.07T 64.967 57.73% 43.23+013 38.83+0.12
LUCIR [1?] 66.27+028 60.80+029 52.96+025 70.60+043 67.764+040 62.76+022 56.40+010 52.75+0.18
+CwD (ours) 67.26+0.16 62.89+0.09 56.81+021 71.94+0.11 69.34+031 65.10+059 57.42+011 53.37+022
PODNet [¥] 66.98+0.13 63.76+048 61.00+018 75.714+037 72.80+035 65.57+041 57.014+012 54.06+0.09
+CwD (ours) 67.44+035 64.64+038 62.24+032 76.91+0.10 74.34+0.02 67.42+007 58.18+020 56.01+0.14
AANet [ 9] 69.794+021 67.97+026 64.92+030 71.96+0.12 70.05+063 67.28+034 51.76"+0.14 46.86*+0.13
+CwD (ours) 70.30+037 68.62+0.17 66.17+0.13 72.92+029 71.10+0.16 68.18+027 52.30"+0.08 47.61%+0.20

Mimicking the Oracle: An Initial Phase Decorrelation Approach for Class Incremental Learning



CwD

Ablations

S | B LUCIR +CwD (ours) T
10 57.01+0.14 57.90+0.07 +0.89
20 61.21+035 62.49+0.36 +1.28

10 | 30 64.82+038 66.54+40.35 +1.72
40 67.68+037 69.70+0.10 +2.02
50 70.60+0.43 71.9440.11 +1.33
10 50.47+031 51.92+0.10 +1.45
20 56.41+037 58.1440.13 +1.73

5 30 61.00+0.09 63.18+0.14 +2.18
40 63.73+023 66.25+0.16 +2.52
50 67.76+0.40 69.34+0.31 +1.58

Mimicking the Oracle: An Initial Phase Decorrelation Approach for Class Incremental Learning
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DSR

Overview
Overall

. 3*3 Convolution + Batchnorm
1 Convolution Block
@ Threshold Function
(+) similarity Metric

Over-sampling

<« Loss Function

—> Expand Flow

Old Classes
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DSR

Detalls

A. Dynamic Structure Reorganization |B. Main-branch Distillation and Prototype Balance
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DSR
Results
CIFAR-100 TinyImageNet ImageNet-Subset
Methods p=5 P=10 P=20 P=5 P=10 P=20 P=10
S | iCaRL-CNN* 51.07 48.66 4443 34.64 31.15 27.90 50.53
A | iCaRL-NCM” [25) 58.56 54.19 50.51 45.86 43.29 38.04 60.79
~ | EEIL* [1] 60.37 56.05 52.34 47.12 45.01 40.50 63.34
~ | UCIR* [10] 63.78 62.39 59.07 49.15 48.52 42.83 66.16
EWC* [14] 24.48 21.20 15.89 18.80 15.77 12.39 20.40
~ | LwF_MC* [25] 45.93 27.43 20.07 29.12 23.10 17.43 31.18
A | MUC* [34] 49.42 30.19 21.27 32.58 26.61 21.95 35.07
S | SDC [35] 56.77 57.00 58.90 - ; ; 61.12
~ | PASS [37] 63.47 61.84 58.09 49.55 47.29 42.07 61.80
Ours 65.88+2.41 65.04+320 61.70+2.80 | 50.39:0.84 48.93+1.64 48.17+6.10 67.69:+5.89

Self-Sustaining Representation Expansion for Non-Exemplar Class-Incremental Learning



DSR
Ablations
CIFAR-100
DSR— MBD — PSM S phases 10 phases 20 phases 68
61.11 57.08 51.04 =0=5 phases 65.88 €5 45
V 64.86 63.25 54.09 66 || 010 phases | '
V 62.70 62.60 58.57 z
v Y 6510  63.87 60.60 % 64 || “O~20 phases 6018
v v 65.88 64.69 61.61 2 o, | 615 |
L
<
CIFAR-100 60
Method 5 phases 10 phases 20 phases 58
3x3 conv 64.28 63.47 60.81 0.5 0.6 0.7 0.8 0.85
1 x1 conv + bn 65.88 64.84 60.72 Threshold
1x1 conv 65.87 65.12 61.60

Self-Sustaining Representation Expansion for Non-Exemplar Class-Incremental Learning



Conclusion

How to handle the compatibility between different tasks?
-> using task-specific design (DyTox, DSR)
-> increase the compatibility of previous representation (CwD)

-> selective optimization (DSR)



