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Introduction & motivation

* Online Class Incremental Learning (OCIL) requires to
train the model on an online data stream task by task.
New classes occur in new task and all training has to
be done in one epoch (i.e., one pass data stream).

* The goal of OCIL is to counter Catastrophic Forgetting
(CF), the losing of previous knowledge when new data
are Introduced.




Introduction & motivation

To solve CF, several methods are proposed, which can
be considered as two type:

* Exemplar-free: adds constraint to loss function to
avold forgetting.

* Replay-based: stores some historical data and reuse
the in new task.

Exemplar-free methods use less training resources while
show less competitive results.

Replay-based methods counter CF effectively but
requires additional GPU memory and long training time.



Introduction & motivation

Analytic Continual Learning (ACL):

* A new branch that redefines the Continual Learning,
Including Class Incremental Learning Into recursive least
square problem.

« ACL Is able to train the model in one epoch without
compromising Its accuracy.

* ACL has been used In several CL scenario such as classic
CIL, few-shot CIL.



F-OAL

The proposed framework has to parts: frozen pre-trained encoder and
Analytic Classifier.
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In encoder part, we leverage the pre-trained Vision Transformer and add two module: Feature fusion and
Smooth Projection to produce representative activations.
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In Analytic Classifier part, we update the weight matrix of the linear classifier by recursive least square with the
activations extracted by encoder.
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Results

Metric ~ Method Replay? CIFAR-100 CORe50 FGCVAircraft DTD Tiny-ImageNet Country211
iCaRL(CVPR 2017)[31] v 91.6 95.6 36.4 74.1 91.3 12.2
ER(ICRA 2019)(12] v 90.1 94.8 35.7 65.4 87.3 14.0
ASER(AAAI 2021)[33) v 87.2 87.1 25.2 574 85.8 13.2
SCR(CVPR 2021)[23] v 91.9 95.3 55.6 75.0 82.6 14.7
. DVC(CVPR 2022)[9] v 92.4 97.1 337 67.3 91.5 16.1
|\/| etrics: Aawg(%)T  PCR(CVPR 2023)(21) v 89.1 95.7 10.1 35.0 91.0 9.7
LwF(TPAMI 2018)20] X 69.3 47.0 14.2 40.2 82.5 1.4
Ave rage accurac EWC(PNAS 2017)[17) X 49.9 479 12.0 27.6 60.5 6.1
g y, EASE(CVPR 2024)[42) X 91.1 85.0 38.2 76.0 92.0 15.9
LAE(ICCV 2023)[8] X 79.1 73.3 13.5 63.5 86.7 14.5
|ast tas k accu racy SLCA(ICCV 2023)[40] X 90.4 93.7 34.3 70.9 88.6 17.8
F-OAL X 91.1 96.3 62.2 82.8 91.2 24.4
an d fo rg ettin g rate iCaRL(CVPR 2017) v 87.5 93.2 29.8 66.3 87.8 6.5
. ER(ICRA 2019) v 84.6 92.1 28.6 54.3 81.6 6.8
ASER(AAAI 2021) v 82.0 82.1 14.8 49.4 80.0 6.7
SCR(CVPR 2021) v 87.7 93.6 503 68.7 75.8 8.0
DVC(CVPR 2022) v 87.8 96.0 27.0 572 87.2 9.2
ReS u | ts: Aot (%)T  PCR(CVPR 2023) v 81.4 93.9 9.0 34.6 86.1 6.1
. LwF(TPAMI 2018) X 64.8 26.3 58 18.3 72.5 0.5
.. EWC(PNAS 2017) X 25.2 21.1 3.0 13.3 44.6 1.9
Com petltlve on coarse- EASE(CVPR 2024) X 85.4 783 29.3 67.6 89.3 10.5
LAE(ICCV 2023) X 75.6 67.1 6.3 53.6 82.4 9.3
r ai ne d d atasets SLCA(ICCV 2023) X 85.6 88.2 32.1 63.3 85.4 12.9
g . F-OAL X 86.5 92.5 54.0 75.9 87.3 17.5
iCaRL(CVPR 2017) v 3.2 23 7.1 7.8 2.7 6.7
ER(ICRA 2019) v 20.7 43 34.0 29.8 13.3 21.0
. . ASER(AAAI 2021) v 16.5 9.9 35.7 29.3 16.3 19.4
Dom|nant on f|ne_ SCR(CVPR 2021) v 6.2 3.8 14.5 1.6 7.7 6.4
DVC(CVPR 2022) v 8.2 23 29.7 21.7 8.9 18.9
. d d F(%)l  PCR(CVPR 2023) v 9.2 42 27 1.4 8.0 1.7

graine atasets. LwF(TPAMI 2018) X 13 0.4 31 45 1.0 0

EWC(PNAS 2017) X 67.4 81.0 38.8 68.3 20.7 51.5
EASE(CVPR 2024) X 6.1 10.7 19.2 12.5 28 16.8
LAE(ICCV 2023) X 11.8 13.8 12.2 25.0 5.4 16.7
SLCA(ICCV 2023) X 7.1 3.4 10.2 12.7 42 14.9
F-OAL X 55 3.9 10.0 10.1 5.0 6.9




Results

 Fast training time: Less trainable parameters, only R and W
* Low GPU footprint: no gradients needed.
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Thank you!
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