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IC'V"- Introduction

On Machine Learnin:

dIncremental Learning

Incremental learning: Enables continuous knowledge acquisition,

mimicking human behavior.

Practical Significance:
» No need for retraining;

» Adapt models to intricate usage.
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- B Introduction

dThree Settings of IL

Class Incremental Learning (CIL) is one of the most difficult and most
common setting in the field of IL.

Class-Incremental Learning

Task-Incremental Learning

Domain-Incremental Learning

Task 1 Task 2
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Bird or Dog ?

Train

Bird or Dog ?  Tiger or Fish ?

Zhou, D. W., Wang, Q. W., Qi, Z. H., Ye, H. )., Zhan, D. C., & Liu, Z. (2023). Deep class-incremental learning: A survey. TPAMI, 2024. 3
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IC'V"- Introduction

On Machine Learnin:

EIChaIIenges: Catastrophic Forgetting

» Model Learns in multiple stages and different tasks;
» New model does well in new tasks;

» Performance decrease for the previous tasks.
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EIChaIIenges behind CF

» Semantic Shift: features of previous tasks shift after new task;

> Decision bias: biased decision boundaries since training on new data solely;

(a) Semantic Shift in Embedding Space

(b) Decision Bias towards New Tasks
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OEmebddlngs of old task
[ extracted by old backbone

-» Semantic shift

O Emebddings of old task
extracted by new backbone

X Emebddings of new task
O extracted by new backbone

— =~ Decision boundaries

L2 norms of the weights
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old classes
B new classes

Classes of CIFAR100

Hou, S., et.al. (2019). Learning a unified classifier incrementally via rebalancing. In Proceedings of the IEEE/CVF conference on computer vision and pattern recognition (pp. 831-839).
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K- 29D Introduction

dOur Solution: DPCR

» Dual Projection: estimate the semantic shift across tasks;

» Classifier Reconstruction: reconstruct the classifier via ridge-regression;

(a) Incremental Representation Learning : (b) Shift-Estimation via Dual-projection e \A‘ TS IQI
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(- E2i13 Proposed Method

O DPCR: Dual Projection and Classifier Reconstruction

(a) Incremental Representation Learning (b) Shift-Estimation via Dual- pro]ectlon - \A = IQ'
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Store for next task

« Dual Projection to estimate both task and class-specific shift
Classifier Reconstruction addresses the decision bias :
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dIncremental Representation Learning

labels

« Utilize Knowledge Distillation

to avoid CF

Liep = Lee(DT (fo, (Xr), ye) + aLya(Xy).

Lya = Lee(hF_ (fo,_, (X)), 17 (fo, (X))
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K- 190D Proposed Method

dShift Estimation via Dual-Projection (DP)

Eq (1 2) > pt—1-t
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dRidge Regression-based Classifier Reconstruction (RRCR)

New Info
eCy
{‘I’t e Mt c}c \L
Integrated - 0 ceC;
Dual Info for CR {q)z c) :u’z c}z 1:t —> RRCR
Projection
A0 ) ‘
{q)z,tc 17 1 f,tc_l }fi%t—l E TSSP —> {q)z ,c? ,u'z c}feft 1 >
Old Info CIP Calibrated Store for next task
Old Info

> Formulate the classifier training as a reconstruction process

» Calibrate the old information with DP analytically

10
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@ L2 Proposed Method

dRidge Regression-based Classifier Reconstruction (RRCR)

New Info
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> Classifier training via ridge-regression
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dRidge Regression-based Classifier Reconstruction (RRCR)

New Info
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> Calibrate semantic shift with DP
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= 20 Proposed Method

dRidge Regression-based Classifier Reconstruction (RRCR)

New Info

{q’t cr My c}CECf \L
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> Classifier Normalization
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dCompare with State-of-the-arts

CIFAR-100 Tiny-ImageNet ImageNet-100

Methods T=10 T=20 T=10 T=20 T=10 T=20

Ar Aave Ar Aavg Ar Aave As Ave Ay Aave As Auvg
LwF (2017) 42.60 5851 36.34 5152 | 2699 4292 1880  33.05 | 4225 61.23 | 30.11 5040
SDC (2020) 4225 5843 | 3310 48.68 | 2386 40.66 | 1345 2970 | 37.68 6033 | 23.64 4552
PASS (2021b) | 44.47  55.88 | 2848 4265 | 23.89 36.82 | 1250 2538 | 3652 5202 | 1959 3155
ACIL (2022b) | 3553 5053 | 27.22 3958 | 26.10 41.86 | 2140  33.60 | 44.01 59.77 | 33.05  48.58
FeCAM (2023)| 34.82  49.14 | 2577  41.21 | 2983 4219 | 2269 3448 | 4192  58.21 28.64  43.04
DS-AL (2024b)| 36.83  51.47 | 2890 4037 | 27.01  40.10 | 21.86 3355 | 4555 60.56 | 34.10 4938
ADC (2024) 46.80  62.05 | 34.69 5216 | 3290 4693 | 20.69  36.14 | 46.69 6560 | 3221 5236
LDC (2024) 46.60  61.67 | 36.76  53.06 | 33.74 4737 | 2449  38.04 | 4998 6747 | 3487 5484

DPCR (Ours) [50.24"7463.2171°38.98'>%* 54.42""%%35,20""4° 47.557"1%| 26,547 38.09 " %|52.16 *"* 67.511""|38.35 %4 57,2212

CUB200 (T=5) As (%) Aavg (%) TmageNet-1k (T=10) Ar (%) Auve (%)
LwF (Li & Hoiem, 2017) 25.40 36.38 T (0 & Towem_ 2017 501 510
‘gglif;f“g ctal, 22%22'213 ;i});‘ :;;‘6‘ ACIL (Zhuang et al., 2022b) 32.28 46.61
- uang et al., 2 ) 2 32. _
She (Yfl el 2020, " oo DS-AL (Zhuang ct .. 2024b) 33.67 48.84
ADC (Goswami et al.. 2024) 28.84 39.44 ADC (Goswam“et al., 2024) 31.34 50.95
LDC (Gomez-Villaetal,, 2024) | 28.70 39.09 LDC (Gomez-Villaetal., 2024)| 3515 >3.88
DPCR (Ours) SO T DPCR (Ours) 35.49 54.22

» Outperform existing EFCIL methods with considerable gap.

14
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dEvolution Curve

a) CIFAR-100 Tiny-ImageNet
y g
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= LwF = SDC == PASS = ADC = LDC == ACIL = DS-AL = FeCAM —4— DPCR (Ours)

» Outperform existing methods across the training tasks.

15
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dAblation Study

» The performance can be further improved » DP outperform existing methods

with TSSP, CIP and CN on top of RRCR that estimate semantic shift

Components A (%) A (%) CIFAR-100 Tiny-ImageNet
RRCR 32.17 44.89 Methods T=10 T=20 T=10 T=20
RRCR+TSSP 40.86 55.76 Ar Awg | Ar Awg | At Avg | Ar Awg
| ADC  |47.65 62.63|35.17 52.16|30.71 41.81]18.63 31.55
RRCR+TSSP+CIP 45.56 62.15 LDC  |47.40 62.39|37.10 53.28]32.90 43.67| 23.57 34.08
RRCR+TSSP+CIP+CN S1.04 64.44 DP-NCM [49.19 63.47| 37.64 53.86| 33.47 43.86| 24.90 35.22

(a) Old Classes (b) New Classes
%0 16
- B /o CIP B /o CIP
=807 g mm w/crp |70 i s w/ CIP
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dAblation Study

» CIP Enhances Both the Stability and » RRCR reduces decision bias
Plasticity
%0 (a) Old Classes (b) New Classes
B /o CIP B o CIP )
< ggﬂ' e W/ CIP | e o/ CIP (a) CIFAR-100 (b) Tiny-ImageNet
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dAblation Study

> Visualization of effect of DP on the decision boundaries

(a) Boundary without DP (b) Boundary w1t11 DP

18
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» Our codes are available at: https://github.com/RHe502/ICML25-DPCR.

» The corresponding QR code:

20


https://github.com/RHe502/ICML25-DPCR

	幻灯片 1
	幻灯片 2
	幻灯片 3
	幻灯片 4
	幻灯片 5
	幻灯片 6
	幻灯片 7
	幻灯片 8
	幻灯片 9
	幻灯片 10
	幻灯片 11
	幻灯片 12
	幻灯片 13
	幻灯片 14
	幻灯片 15
	幻灯片 16
	幻灯片 17
	幻灯片 18
	幻灯片 20

