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Class-Incremental Continual Learning
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Class-Incremental Continual Learning
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Class-Incremental Continual Learning
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Class-Incremental Continual Learning

Task 2

Train

Feature porgetting

>\ ‘Feature Forgetting

A Feature direction 3
(@]
o C;O ¥
o Ofo 3 »
O
o©O t 2 B
O OAn 8
o." "
(o] 8
%®| %
)74 *
(()) : 8“ Task 1 Task 2
© OO #8 Cat ® Car
O Dog O Bicycle

Task 3
# Phone
O Laptop

Learned feature space




Class-Incremental Continual Learning
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Class-Incremental Continual Learning
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BFP: Backward Feature Projection

Backward Feature Projection Loss
= |[Az = Z'||,
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BFP brings significant performance boosts
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Split-CIFAR100

47.45
+1.30

38.86
+0.91

Buffer 500

DER++ (Baseline)

[1] Buzzega, Pietro, et al. "Dark experience for general continual learning: a strong, simple baseline." NeurlPS 2020
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How does feature space evolve in CL?

e After training on task 1

Data x from task 1
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e After training on task 1
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How does feature space evolve in CL?
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How does feature space evolve in CL?

e Before training on task 2
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How does feature space evolve in CL?

 After training on task 2, ideally

Data x from task 2

00| ©
0 o ©O

Features z

Task 1
# Class1
O Class 2

Task 2
# Class 3
O Class 4

Linear P
‘ ‘ Logits y

14



Features z' before
training on task 2
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In case of feature forgetting...
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ackward Feature Projection

Backward Feature Projection Loss
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Backward Feature Projection

» Old feature extractor f':x — z' € R
* New feature extractor: f:x — z € R%
* Learnable linear projection matrix A € R%*¢

Lgrp = z“f'(x) —Af ()]l

e Baseline: Feature Distillation

Lep = ) If'G9) = F()lla



BFP Combined with Experience Replay

Algorithm 1 - Continual Learning with BFP

Input: dataset {D1,--- , Dr}, parameters § = {¢p, 1)}, scalars
a, 3 and vy, optimizer sgd, sgdm,
Memory buffer < 13+ {} |
for ¢t from 1 to 7" do
A < random-init()
sgdm < reinit(sgdm)
for (z,,y,) in D; do
x,y < augment(Zo,Yo)
L < cross-entropy(y, fo(x))
if £ > 1 then
T,y < augment(
Liep-ce < cross-entropy(y, fo(x))
x,y « augment(sample(M })-
Lieptogits = || fo(z) — foua(z) |2
x,y < augment(sample( M)
Lgrp < |[Ahy(z) — hoa(2)]|2
L= + Lrep—ce + Lrep-logits = LBFP
end if
0 < sgd(0,VyL)
A sgdm(A,V L)
Reservoir sampling <+«— M <« balanced-reservoir(M, (o, yo))
end for

Jouw = freeze(fo)

end for

Experience replay

[1] Buzzega, Pietro, et al. "Dark experience for general continual learning: a strong, simple baseline." NeurlPS 2020
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BFP Combined with Experience Replay

Algorithm 1 - Continual Learning with BFP

Input: dataset {D1,--- , Dr}, parameters § = {¢p, 1)}, scalars
a, 3 and vy, optimizer sgd, sgdm,
M« {}
for ¢ from 1 to 7" do
A < random-init()
sgdm <— reinit(sgdm)
for (z,,y,) in D; do
x,y < augment(Zo,Yo)
L < cross-entropy(y, fo(x))
if £ > 1 then
x,y < augment(sample(M))
Liep-ce < cross-entropy(y, fo(x)) - Cross-entropy and
z,y + augment(sample(M)) logits regularization [1]
Lrepogiis < || fo (%) — foua()]|2
x,y < augment(sample(M))
Lgrp < ||Ahy(z) — hoa(z)]|2
L= + Lrep—ce + Lrep-logits G LBFP
end if
0 < sgd(0,VoL)
Gradient Descent <« A < sgdm(A,VaL)
M < balanced-reservoir(M, (o, Yo))
end for

Jouw = freeze(fo)

end for

Random init A <«

v

BFP

21
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Datasets

* Class-incremental learning datasets
« Split-CIFAR10

e 5 tasks, 2 classes per task

* Split-CIFAR100

e 10 tasks, 10 classes per task
* Split-TinylmageNet
e 10 tasks, 20 classes per task
* Metrics
* Final class-IL accuracy
* Final forgetting (refer to the paper)



BFP improves performance by a large margin

Method S-CIFARI10 S-CIFAR100 S-TinyImageNet
Buffer Size 200 500 500 2000 4000

Joint Training (JT) 01.27+0.57 70.68+0.57 59.61+0.25
Finetuning (FT) 36.20+2.02 9.36+0.07 8.11+0.08

iCaRL [41] 63.58+1.22 62.62+2.07 46.66+0.23 52.60+0.38 31.47+0.46
FDR [5] 31.24+2.61 28.7242.86 22.64+0.56 34.84+1.03 26.52+0.41
LUCIR [23] 58.53+3.03 70.37+0.97 35.14+0.57 48.95+1.21 29.79+0.70

BiC [50] 59.53+1.77 75.41+1.14 35.96+1.38 45.44+0.96 15.98+1.01
ER-ACE [10] 63.54+0.42 71.17+1.38 38.86+0.72 50.20+0.39 37.72+0.16

ER [47] 58.07+2.92 68.04+2.18 20.34+0.96 37.44+1.48 23.29+0.54

ER w/ BFP (Ours) 63.27£1.09 (+5.21)  71.51x1.58 (+3.47)  22.54+1.10 (+2.20)  38.92+1.94 (+1.48)  26.33+0.68 (+3.04)
DER++ [¥] 65.41+1.60 72.65+0.33 38.88+0.91 52.74+0.79 41.24+0.64

DER++ w/ BFP (Ours)

72.214+0.22 (+6.80)

76.02+0.79 (+3.37)

47.45+1.30 (+8.56)

57.91+0.66 (+5.17)

43.40+0.41 (+2.16)
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Ablation study with Feature Distillation

Split-CIFAR10
76.02
74.5
72.21 72.65
68.44
65.41 I
Buffer 200 Buffer 500

Results are averaged over 5 runs, with standard deviation in parentheses.

Split-CIFAR100

Buffer 2000

Buffer 500

Split-TinylmageNet

43.4

42.4
41.24

Buffer 4000

B DER++ M DER++w/FD M DER++w/ BFP (Ours)
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BFP results in linearly separable features

Backward Feature Projection Loss
= |[Az = Z'||,
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Linear Probing

* After continual learning on all tasks ...

Final Feature

Linear Classifier oA
Extractor ‘ Features z ‘ (Reinitialized) ‘ Logits y

(Frozen)

1

/ Subsampled training data \
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Linear Probing

* After continual learning on all tasks ...

Final Feature Linear Classifier
Extractor - Features z - (Reinitialized & - Logits y
(Frozen) retrained)

t Linearly Separable

Feature Space Higher accuracy

/ Subsampled training data \
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Test accuracy

BFP results in a linearly separable feature
space and higher linear probing accuracies

Linear probe accuracy on CIFAR10 Linear probe accuracy on CIFAR10
0.80
—— DER++ w/ BFP
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Portion of the training set Portion of the training set
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and replay where no replay is applied.




Test accuracy

BFP results in a linearly separable feature
space and higher linear probing accuracies
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Conclusion

* We proposed Backward Feature Projection, a simple yet strong method to reduce forgetting in
continual learning.

* We showed that BFP can reduce feature forgetting by learning a more linearly separable feature
space.

* Experiments showed that BFP can boost CL performance by a significant margin, achieving state-
of-the-art results.

Backward Feature Projection
Lprp(4,z) = ||Az — 2|,

—

Continual Learning

Task 1 Task 2
Features space Z (t-SNE) « Class 1 « Class 3 Feature space z (t-SNE)

after training on task 1 Class 2 * Class 4 after training on task 2
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