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Background

® Class-Incremental Learning

Task 3 @ Learns continuously from a

m % ﬁ sequential data stream in

Train Train Train which new classes occur
N/ A4 i
CIL Model CIL Model CIL Model @ Perform multi-class
® . :
______ ® @ ® classification for all classes
O’t (o
>
® observed so far
Test Set 1 Test Set 3 (® Computational requirements

and memory footprint

remain bounded

[1] Zhou D W, Wang Q W, Qi Z H, et al. Deep class-incremental learning: A survey[J]. arXiv preprint arXiv:2302.03648, 2023.




Background

® Stability-Plasticity Dilemma
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® Conflicts between Old and New classes

Traditional Training Prospective Learning

Base Phase

Traditional Training:

@ Divide up all the embedding in the
base phase

@ Deal with the conflicts after a new

task comes in

Reserved

Prospective Learning:

@ Reserve space for unknown classes

@ Make the newly coming class

embedded in the reserved space




Method

WUHAN
UNIVERSITY

®* Preemptive Embedding Squeezing (PES)
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CE Loss I

Y

PES

ﬁeemptive Embedding Squeezing

\ Intra-class
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During the base phase (t = 0):

» Reinforce intra-class concentration
and inter-class reserved separation:
s= Y (Fo(a). Fo,(2))),
Vol xleB

i#£]
Yi=Yj

E (Fo. (2"), Fo, (2F)),
\v’wi,mkEB
Yi Yk

EpEs(gt; Dt) = (1 — S) + A% (1 + d),
» Optimize the model with CE loss:

Ly = Lee(0r, 015 Dy) + v Lpps(0:; Dy).

d=
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® Prototype-Guided Representation Update (PGRU)

. O feature

stored prototypes

— [ —— e ——- —

3 prototype l

frozgn old model

I =~
\\

! |
1
:?t—ll

10309(01g

N _--
b’

3

latent spac

lKD

ali gn/

gl
NADd

current model

o
®B

current space

During the incremental phase (t > 0):

» Employs prototypes as proxies for past classes to
embed new classes into appropriate space:

Loe= Y (Po(Fori(x), Py, (p))]

vaz'cB
Vp“EPy.t—1

» Align the current embedding space with the latent
space: ' |
Latign = Y, Luse(Po,(Fo, ., (a7)), Fo, ("))

zeX;

» PGRU loss:

EPGRU - Eort(¢t; Dt7PO:t—1) + ‘Calign(eta @t; Dt)
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® Average Incremental Accuracy

Table 1. Quantitative comparisons of the average incremental accuracy (%) with other methods on CIFAR-100, TinylmageNet, ImageNet-
Subset, and ImageNet-1K. P represents the number of incremental phases. The best performance is shown in bold, and the sub-optimal
performance is underlined. The relative improvement compared to the SOTA NECIL methods is shown by the red.

Methods CIFAR-100 TinyImageNet ImageNet-Subset ImageNet-1K
P=5 P=10 P=20 P=5 P=10 P=20 P=5 P=10 P=20 P=10
Fine-tuning 23.15  12.96 7.93 18.64  10.68 5.75 2343 13.12 7.96 11.32
Upper Bound 76.72  76.72  76.72 59.12  63.08 63.08 7894 7894  78.94 68.58
EWC [17] 2448  21.20  15.89 18.80 1577  12.39 — 20.40 — —
LwF_MC [35] 4593  27.43  20.07 29.12  23.10 1743 — 31.18 — —
MUC [24] 4942  30.19  21.27 3258  26.61 2195 — 35.07 — —
SDC [50] 56.77  57.00  58.90 — — — — 61.12 — —
PASS [57] 6347 61.84  58.09 4955 4729  42.07 6440 61.80 51.29 55.90
SSRE [58] 65.88  65.04 61.70 5039 4893  48.17 — 67.69 — 58.12
SOPE [59] 66.64  65.84 61.83 53.69 5288 51.94 — 69.22 — 60.20
POLO [45] 6895 68.02 65.71 5490 5338 49093 70.81  69.11 — —
PRAKA [40] 70.02  68.86  65.86 5332 52.61 49.83 69.81 6898  63.95 5742
NAPA-VQ [28] || 7044  69.04 67.42 5277  51.78 4951 69.15 68.83  63.09 54.21
PRL(Ours) 7129  70.23  68.32 58.16 57.04 54.71 72.85 7150  66.88 62.57
Improvement +0.85 +1.19  +0.90 +3.26 +3.66 +2.77 +2.04 4228 +2.93 +2.37

Slide 7



WUHAN

Experiment UNIVERSITY

® YVisualization

® ©® ® ® oldclass features ©®®0® newclass features
Baseline PRL

<> Highlight inter-class separation

0)

< (: :‘ Highlight intra-class concentration
2T Highlight overlap between
AN old and new classes

7 Model with PRL:

> More clustered intra-class distributions

Last phase (t

» More dispersed inter-class distributions
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® Plasticity and stability analysis

(a) Fine-tuning (b) PASS

O . N . . . .
The diagonal entries indicate correct classification
The non-diagonal entries indicate misclassification

0.8

0.6

0.4

True Classes

0.2 Finetune: strong confusion on the last task

40 60 80 100 0 20 40 60 80 100 0.0

(c) NAPA-VQ, (d) PRL(OUr) PASS: slightly biased toward recently learned tasks
0

0 20

e NAPA-VQ: more accurate for the initial classes
0.6

True Classes

o4 PRL(Ours): higher average accuracy, more balanced
0.2 performance on old and new classes
100 20 40 60 80 0 100 20 40 60 80 00 0.0

Predicted Classes Predicted Classes

Confusion matrix

Slide 9



},‘ NEURAL INFORMATION
;‘? . PROCESSING SYSTEMS
NQ

Thank you !
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https://github.com/ShiWuxuan/NeurlPS2024-PRL E ﬁ
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