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Introduction
Continual Learning
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Introduction
Applications of Continual Learning

Application examples of continual learning

Face Recognition Health
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Introduction

Challenges of Continual Learning

Catastrophic forgetting
» Tendency of neural networks to underfit past data when new one is
ingested
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Introduction
Class-Incremental Learning
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Introduction

Two scenarios of Class-Incremental Learning

» Incremental Learning with memory

States Si Sz S T

» Incremental Learning without memory
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Introduction

Usefulness of a bounded memory

Mean score

25

20

Memory reduces prediction bias towards new classes
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State of the art

Three main categories

Continual Learning

Methods
Fixed-representation Fine-tuning Parameter-isolation
based based based
Pseudo N el Repla Fixed Dynamic
Replay play [(MEY Network Network
|Bia5 rernova.l‘ ‘ Regularization ‘ ‘Bias rernoval| ‘Regularization|
DeeSIL DGM SIW LwF IL2M iCaRL PackNet Expert Gate
Deep SLDA DGR TransIL EWC ScalL E2EIL Piggyback PNN
REMIND GMNF MAS BiC LUCIR TFM DAN
FearNet MDF
LUCIR

[Schema inspired by Lange et al., 2019]

[References are in appendix slides]
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State of the art
Challenges

/ Complexity*
| Scalability | \

Memory*
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State of the art

Pros and Cons

Complexity | Memory Accuracy Timeliness Plasticity- Scalability
Stability
Fine tuning Increases The bigger Best SoTA Retraining is | Depends on Depends on
based slowly the memory, | results with needed at the availability | the size of the
the better the | memory each state of the memory | memory
model
Fixed Increases Low Good if the Fast Bad if Heavily
representation | slowly dependency | initial model incremental depends on
based is trained on classes are the fixed
large dataset different from | representation
the initial ones
Parameter Depends if | Non Depends on | Retrainingis Good Scale well if
isolation fixed or compulsory how much needed at resources are
based dynamic the model each state available
network architecture
can increase
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State of the art
LwF: Learning without Forgetting

LwF: Learning without Forgetting (Li and Hoiem, 2016)

e Fine Tuning with distillation loss

Ni—1

i)=Y Y —6l.(x) loglai(x)] (1)

(x,y) € Dy Jj=1

where & is the softened softmax

» (+) No memory of the past is needed
» (—) The gap with a Joint training is large
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State of the art
iCaRL: Incremental Classifier and Representation Learning

iCaRL: Incremental Classifier and Representation Learning
(Rebuffi et al., 2017)

e [wF with memory

e Herding to select exemplars

. 1 -—
e argmin||u — £[f(x) + ; f(e)l (2)
e Nearest Exemplars Mean (NEM)
y" = argmin |[|f(x) — py | (3)

y€E[L,N]

(+) Combination of powerful components

| 4
» (—) Unfair comparison with baselines
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State of the art

LUCIR: Learning a Unified Classifier Incrementally via Rebalancing

LUCIR: Learning a Unified Classifier Incrementally via
Rebalancing (Hou et al., 2019)

e Cosine normalization
e Less-forget constraint
e Inter-class separation

> (+) Powerful objective
» (—) Important execution time

e,

-~ Positive

Ambiguities Inter-Class Separation
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State of the art
BiC: Bias Correction

BiC: Bias Correction (Wu et al., 2019)

e Distillation loss

e Bias-removal layer

k .
k| of if kell, t—1]
B’C("t)_{ aof + B 1 if k=t “)

(+) Simple, fast, and accurate

| 4
» (—) Uses a validation set (memory required)
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2. Class-incremental learning with memory
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Class-Incremental Learning with memory

DeeSIL: Deep-Shallow Incremental Learning (W-ECCV 2018)

DeeSIL: Deep-Shallow Incremental Learning
(Belouadah and Popescu, 2018, W-ECCV)
e Fixed Representation based

e Inspired by transfer learning

e Works with and without memory
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7 A} ~ gy o
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Overview of DeeSIL
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Class-Incremental Learning with memory

IL2M: Incremental Learning with Dual memory (ICCV 2019)

IL2M: Incremental Learning with Dual memory
(Belouadah and Popescu, 2019, ICCV)

e Fine Tuning based

e Leverages past class statistics

T ——— T = {u, 1, s(M1)}—— To = Ty U {433, 13, w(Ma)}

X (mm, o1/ = m
bes| :}} ol (x3=(e o)) & ); :
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0 | FFr
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Overview of IL2M
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Class-Incremental Learning with memory
IL2M: Incremental Learning with Dual memory (ICCV 2019)

e Past class score rectification

For all past classes (j =1,..., N;_1):

. J
o{xl’j—j‘;x 5, if pred = new

ol = IL2M(0)) = (5)

- otherwise

with:
» | - the initial state in which the j class was learned
P t - the current incremental state
> o{ - the raw prediction the j® class in the current state t

> ,uJ, and u’é - the mean classification scores of the j* class in states i
and t

> u(M;) and pu(M;) - the model mean score in states t and /

Eden BELOUADAH April 20th, 2023 20 / 60



e Effect of IL2M
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Class-Incremental Learning with memory

IL2M: Incremental Learning with Dual memory (ICCV 2019)
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Class-Incremental Learning with memory

ScallL: Classifier weights Scaling for Class IL (WACV 2020)

ScallL: Classifier weights Scaling for Class IL
(Belouadah and Popescu, 2020, WACV)

e Fine Tuning based
e Forgetting happens mainly in the final layer
e Features are usable across incremental states
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Class-Incremental Learning with memory

ScallL: Classifier weights Scaling for Class IL (WACV 2020)

e Past class weights replay

T — L ={W}, Wi} — L=TLUu{W], W}

1

States S S Sy T

Overview of Scall
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Class-Incremental Learning with memory

ScallL: Classifier weights Scaling for Class IL (WACV 2020)

e Sort class weights

W{ = sort(|wj1|, |WJ-2|,..., |Wjd|, ey |vij|) ij € [Nez1, Ni],d € [1,D] (6)

W{ is the sorted version of the initial weights vector of new class j.

e Compute state mean vector

1
d ~d
Mt:Ptx,E w; de[1,D] (M

where g, (of dimension D) is the mean vector of the ranked new classes’
weights in the state S;, and d is a dimension in the feature vector.

Eden BELOUADAH April 20th, 2023




Class-Incremental Learning with memory

ScallL: Classifier weights Scaling for Class IL (WACV 2020)

e Normalize past class weights

,R@
dl My d
Wi = TR@ Wi (8)
i
Wjd is the scaled version of Wjd, the dt" dimension of the initial classifier
W/ of the j™ past class.
e Effect of Scall
25 25
|K| = 5000 | K |=5000
mzo [ = - . " m20 H i ) ? - u -
§ = » L] . g M : . . R .
2 151 ¢ . c 15 .
©
%’ + ‘ . . M g
10 + . 10
+ Past classesl[ = New classesl s [ M PaStCIassesH ® New classes

5 1 2 3 4 5 6 7 8 9

1 2 3 4 5 6 78 9 Incremental state
Incremental state

Before After

Eden BELOUADAH April 20th, 2023

25 / 60



2. Class-incremental learning without memory
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Class-Incremental Learning without memory

SIW: Standardization of Initial Weights for Class IL (BMVC 2020)

SIW: Standardization of Initial Weights for Class
Incremental Learning (Belouadah et al., 2020, BMVC)

e Fine Tuning based
e Bias in the mean weights magnitudes

FT,ILSVRC,T=10

B New classesimm Past classes
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Mean weights magnitudes without memory
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Class-Incremental Learning without memory

SIW: Standardization of Initial Weights for Class IL (BMVC 2020)

e Past class weights replay

L={W,W}} — I, =1 u{w, Wi}

States Sy Ss S3 T

Overview of SIW
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Class-Incremental Learning without memory

SIW: Standardization of Initial Weights for Class IL (BMVC 2020)

e Classifier weights distribution
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Class-Incremental Learning without memory

SIW: Standardization of Initial Weights for Class IL (BMVC 2020)

e Standardization of Initial Weights
;W4 — M(W)
Wi = W) 9)
with:

wy is the d* dimension of an initial classifier W, u(W) and o(W) are
the mean and standard deviation of W.

e State-level calibration

H(Mt)
(M)

ol(x) = (f(x) - W] + b)) (10)

(M) and pu(M;) are means of top-1 predictions of models learned in
the t'" and it states

Eden BELOUADAH April 20th, 2023 30/ 60



Class-Incremental Learning without memory

SIW: Standardization of Initial Weights for Class IL (BMVC 2020)

e Effect of SIW on weights magnitudes

FT,ILSVRC, T =10 inFTsiw, ILSVRC, T =10
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Class-Incremental Learning without memory

TranslL: Dataset Knowledge Transfer for Class IL (WACV 2022)

TranslL: Dataset Knowledge Transfer for Class IL
(Slim et al., 2022, WACV)

e Fine Tuning based

e Bias in the mean classification scores after LwF and LUCIR
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Class-Incremental Learning without memory

TranslL: Dataset Knowledge Transfer for Class IL (WACV 2022)

Enable the use of Bias Correction layers in a memoryless scenario

e BiC : Bias Correction (Wu et al., 2019)

k .
. ky o, if kE[l,t—l]
Bic(or) = { oof + -1 if k=t (11)

State

33 /60

April 20th, 2023
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Class-Incremental Learning without memory

TranslL: Dataset Knowledge Transfer for Class IL (WACV 2022)

e adBiC : Adaptive Bias Correction (proposed)

adBiC(of) = akok +8K-1; ke [l,1] (12)

where ok, B are the parameters applied in state S; to classes first

learned in state Sk.

o xal 4+ f]
> x od + 8 ———> [

I > <o+ [

April 20th, 2023 34 / 60

Eden BELOUADAH



Class-Incremental Learning without memory

TranslL: Dataset Knowledge Transfer for Class IL (WACV 2022)

e Dataset knowledge transfer

Validation memory
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Class-Incremental Learning without memory

TranslL: Dataset Knowledge Transfer for Class IL (WACV 2022)

e Effect on classification scores

Before

After
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4. Continual Learning for Object Detection
on the Edge
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Continual Learning for Object Detection on the Edge

Context Adaptation with Continual Learning

Object Detection: From generic to specific

» Adapt pretrained models to specialized domains (fixed camera, few
set of classes, fixed context...)

Object Detector

P o e
*»i -

Prediction

Source Target
dataset dataset

Eden BELOUADAH April 20th, 2023
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Continual Learning for Object Detection on the

Context Adaptation with Continual Learning

Challenges

» Data is not annotated

» Limited resources in memory and computational power
» Overfitting

» Catastrophic Forgetting (Mccloskey and Cohen, 1989)
» Domain shift, low image resolution ...etc

Source Target
dataset dataset

Eden BELOUADAH April 20th, 2023
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Continual Learning for Object Detection on the Edge

Context Adaptation with Continual Learning

Classical solution: infer a large model on the cloud

» (+) Excellent performance

(+) Straight forward deployment

(—) Data sent to the cloud — not GDPR compliant
(—) Frequent internet access
(-)

| 4
| 4
>
> High cost

local device

Input
Data
Stream

Output
Data
Stream

- (i —

Cloud Server
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Continual Learning for Object Detection on the Edge

Context Adaptation with Continual Learning

Wanted solution: infer tiny model on the edge
» (+) Straight forward deployment

» (+) GDPR compliant

» (+) No internet access

> (+) Low cost

» (—) Very poor performance

local device

Output
Data
Stream

Data
Stream
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Continual Learning for Object Detection on the Edge

Context Adaptation with Continual Learning

Solution 1: run both large and tiny model on the edge
» (+) Good performance

| 4
>
>
>

Design ———p continuous inference
light _ .
student -« -« p once in a while

Input e . RN Output
Data "o L) . Data
Stream A= AR . Stream

Provide a
Teacher
model
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Continual Learning for Object Detection on the Edge

Context Adaptation with Continual Learning

Solution 2: run only part of large model on the edge

» (4) Good performance

(+) GDPR compliant

(+) Energy consumption
(=) Frequent internet access
(=)

| 4
| 2
| 2
> Cloud cost

local device

Output
Data J o Data
Stream = S AR e 5 Stream
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Experiments and Results
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Experiments and Results

Experimental protocol

e Evaluation of DeeSIL, IL2M, Scall, and SIW

Dataset #Train | #Test | #Classes | p(train) | o(train)
ILSVRC (Russakovsky et al., 2015) | 1,231,167 | 50,000 1,000 1231.2 70.2
VGGFACE2 (Cao et al., 2018) 491,746 | 50,000 1,000 491.7 49.4
LANDMARKS (Noh et al., 2017) 374,367 | 20,000 1,000 374.4 103.8
CIFAR-100 (Krizhevsky, 2009) 50,000 10,000 100 500.00 0.00

Summary of the datasets used for evaluation

» Architecture: a ResNet-18 network

» Memory size : |K| = {2%,1%,0.5%} of the training set, and no
memory.

» Number of states: 7 = {10, 20,50}
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Experiments and Results
Experimental protocol

e Evaluation of TranslL

10 Reference datasets

10 random 100 leaf classes from ImageNet (Deng et al., 2009)
Train 500 images per class
Val 200 images per class

4 Test datasets

CIFAR-100 (Krizhevsky, 2009), IMN-100 (Deng et al., 2009),
BIRDS-100 (Deng et al., 2009), FOOD-100 (Bossard et al., 2014)
Train 500 images per class
Test 100 images per class

» Architecture: a ResNet-18 network
» No memory of the past
» Number of states: 7 = {5, 10,20}

Eden BELOUADAH April 20th, 2023




Experiments and Results

Experimental protocol

Evaluation of Object Detection Model

Dataset | Total hours # splits  # train (mn)  # val (mn) classes
| 10 10 40 20 car

Set \ Total frames 1 frame per second 1 frame per two seconds
Train \ 72000 1200 600
Val | 36000 X 300

Moringview . Night view
> Large model: YOLO-V4
» Small model: MobileNet-V1 4+ SSD with FPN
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Experiments and Results
Experimental protocol

e Class-IL baselines - with memory

Method works without memory?
FT v
FR v

iCaRL (Rebuffi et al., 2017) LwF (Li and Hoiem, 2016)
LUCIR (Hou et al., 2019)
BiC (Wu et al., 2019)
REMIND (Hayes et al., 2019)

BN

e Class-IL baselines - without memory

> FT, FR, LwF (Li and Hoiem, 2016), LUCIR (Hou et al., 2019),
REMIND (Hayes et al., 2019)

» FT+ (Masana et al., 2021)
» Deep-SLDA (Hayes and Kanan, 2019)

Eden BELOUADAH April 20th, 2023




Experiments and Results
Experimental protocol

e Plugins applied on top of Class-IL FT

init - use of initial classifiers of past classes (used in Scall and SIW)
L2 - L2 normalization of the weights matrix

mc - mean state calibration (used in /L2M and SIW)

th - threshold calibration (Buda et al., 2018)

BAL - balanced fine tuning (Castro et al., 2018)

vV v v vV VY

NEM - nearest exemplars mean (Rebuffi et al., 2017)

e Upper bound of Class IL

» Joint - full training with all data
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Experiments and Results
Experimental protocol

e Class-IL Evaluation metrics

» Average incremental accuracy (Castro et al., 2018)

> G; aggregation measure

< — A(Join
EZ: Amax AEJomg (13)

C - number of tested configurations; A(c) - accuracy of each
configuration ; A(Joint) - accuracy of Joint ; Amax = 100

e Object Detection metric

» Mean Average Precision at [0.5:0.05:0.95] loU thresholds
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Results and discussion

Class-Incremental Learning with memory

Top-5 results with herding (7 fixed, || variable)

States T=10

Dataset ILSVRC VGGFACE2 LANDMARKS CIFAR-100

K] 2% 1% [ 0.5% | 2% 1% [ 05% | 2% 1% [ 0.5% | 2% 1% | 0.5%
iCaRL 793 | 765 | 71.0 | 96.0 [ 953 [ 939 | 951 | 94.0 | 91.8 | 66.5 | 56.1 | 47.9
FT 794 | 74.4 65.9 96.4 | 945 91.3 96.6 | 94.7 91.4 824 | 77.9 70.7

FT+init 792 | 765 | 730 | 959 | 952 | 946 | 97.0 | 955 | 92.7 | 83.4 | 80.5 | 75.2
FT+NEM || 81.4 | 79.0 | 750 | 964 | 954 | 940 | 96.1 | 946 | 926 | 85.1 | 81.7 | 76.0
FT+BAL || 84.0 | 80.9 | 765 | 97.0 | 95.7 | 924 | 969 | 953 | 92.2 | 80.0 | 74.0 | 69.0
FT+th 843 | 821 | 783 | 97.2 | 963 | 948 [ 97.2 | 958 | 94.0 | 86.4 | 83.9 | 79.1
LUCIR 79.9 | 76.4 | 726 | 97.2 [ 96.9 | 96.5 | 97.2 | 96.6 | 96.1 | 79.8 | 75.4 | 69.9

BiC 855 | 82.8 | 79.7 | 97.3 | 966 | 95.7 | 97.9 | 97.3 | 96.6 | 88.8 | 87.6 | 83.5
Scall 820 | 79.8 | 76.6 | 965 | 958 | 95.2 [ 97.3 | 96.0 | 94.0 | 856 | 83.2 | 79.1
IL2M 80.9 | 781 | 739 | 96.7 | 954 | 93.4 | 965 | 94.7 | 925 | 81.8 | 77.0 | 71.2
FR 76.7 | 76.6 | 76.4 | 91.7 | 915 | 89.7 | 938 | 9356 | 935 | 795 | 79.4 | 78.7

DeeSIL 755 | 751 | 743 | 927 | 925 | 922 | 940 | 93.7 | 93.2 | 66.9 | 65.8 | 64.2
REMIND 809 | 80.7 | 782 | 947 | 93.2 | 93.0 | 963 | 95.8 | 94.7 | 60.7 | 60.7 | 60.7
Joint 92.3 99.2 99.1 91.2
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Results and discussion

Class-Incremental Learning with memory

Top-5 results with herding (7 fixed, || variable)

States T=10

Dataset ILSVRC VGGFACE2 LANDMARKS CIFAR-100

K] 2% 1% [ 0.5% | 2% 1% [ 05% | 2% 1% [ 0.5% | 2% 1% | 0.5%
iCaRL 793 | 765 | 71.0 | 96.0 [ 953 [ 939 | 951 | 94.0 | 91.8 [ 66.5 | 56.1 | 47.9
FT 794 | 74.4 65.9 96.4 | 945 91.3 96.6 | 94.7 91.4 824 | 77.9 70.7

FT+init 792 | 765 | 730 | 959 | 952 | 946 | 97.0 | 955 | 92.7 | 83.4 | 80.5 | 75.2
FT+NEM || 81.4 | 79.0 | 750 | 964 | 954 | 940 | 96.1 | 946 | 926 | 85.1 | 81.7 | 76.0
FT+BAL || 84.0 | 80.9 | 765 | 97.0 | 95.7 | 924 | 969 | 953 | 92.2 | 80.0 | 74.0 | 69.0
FT+th 843 | 821 | 783 | 97.2 | 963 | 948 [ 97.2 | 958 | 94.0 | 86.4 | 83.9 | 79.1
LUCIR 79.9 | 76.4 | 726 | 97.2 [ 96.9 | 96.5 | 97.2 | 96.6 | 96.1 | 79.8 | 75.4 | 69.9

BiC 855 | 82.8 | 79.7 | 97.3 | 966 | 95.7 | 97.9 | 97.3 | 96.6 | 88.8 | 87.6 | 83.5
Scall 820 | 79.8 | 76.6 | 965 | 958 | 95.2 [ 97.3 | 96.0 | 94.0 | 856 | 83.2 | 79.1
IL2M 80.9 | 781 | 739 | 96.7 | 954 | 93.4 | 965 | 94.7 | 925 | 81.8 | 77.0 | 71.2
FR 76.7 | 76.6 | 76.4 | 91.7 | 915 | 89.7 | 938 | 9356 | 935 | 795 | 79.4 | 78.7

DeeSIL 755 | 751 | 743 | 927 | 925 | 922 | 940 | 93.7 | 93.2 | 66.9 | 65.8 | 64.2
REMIND 809 | 80.7 | 782 | 947 | 93.2 | 93.0 | 963 | 95.8 | 94.7 | 60.7 | 60.7 | 60.7
Joint 92.3 99.2 99.1 91.2
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Results and discussion

Class-Incremental Learning with memory

Top-5 results with herding (7 fixed, || variable)

States T=10

Dataset ILSVRC VGGFACE2 LANDMARKS CIFAR-100

K] 2% 1% [ 0.5% | 2% 1% [ 05% | 2% 1% [ 0.5% | 2% 1% | 0.5%
iCaRL 793 | 765 | 71.0 | 96.0 [ 953 [ 939 | 951 | 94.0 | 91.8 | 66.5 | 56.1 | 47.9
FT 794 | 74.4 65.9 96.4 | 94.5 91.3 96.6 | 94.7 91.4 824 | 77.9 70.7

FT+init 792 | 765 | 730 | 959 | 952 | 946 | 97.0 | 955 | 92.7 | 83.4 | 80.5 | 75.2
FT+NEM || 81.4 | 79.0 | 750 | 964 | 954 | 940 | 96.1 | 946 | 926 | 85.1 | 81.7 | 76.0
FT+BAL || 84.0 | 80.9 | 765 | 97.0 | 95.7 | 924 | 969 | 953 | 92.2 | 80.0 | 74.0 | 69.0
FT+4th 843 | 821 | 783 | 972 | 963 | 948 [ 972 | 958 | 94.0 | 864 | 839 | 79.1
LUCIR 79.9 | 76.4 | 726 | 97.2 [ 96.9 | 96.5 | 97.2 | 96.6 | 96.1 | 79.8 | 75.4 | 69.9

BiC 855 | 82.8 | 79.7 | 97.3 | 966 | 95.7 | 97.9 | 97.3 | 96.6 | 88.8 | 87.6 | 83.5
Scall 820 | 79.8 | 76.6 | 965 | 958 | 95.2 [ 97.3 | 96.0 | 94.0 | 856 | 83.2 | 79.1
IL2M 80.9 | 781 | 739 | 96.7 | 954 | 93.4 | 965 | 94.7 | 925 | 81.8 | 77.0 | 71.2
FR 76.7 | 76.6 | 76.4 | 91.7 | 915 | 89.7 | 938 | 9356 | 935 | 795 | 79.4 | 78.7

DeeSIL 755 | 751 | 743 | 927 | 925 | 922 | 940 | 93.7 | 93.2 | 66.9 | 65.8 | 64.2
REMIND 809 | 80.7 | 782 | 947 | 93.2 | 93.0 | 963 | 95.8 | 94.7 | 60.7 | 60.7 | 60.7
Joint 92.3 99.2 99.1 91.2
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Results and discussion

Class-Incremental Learning with memory

Top-5 results with herding (7 fixed, || variable)

States T=10

Dataset ILSVRC VGGFACE2 LANDMARKS CIFAR-100

K] 2% 1% [ 0.5% | 2% 1% [ 05% | 2% 1% [ 0.5% | 2% 1% | 0.5%
iCaRL 793 | 765 | 71.0 | 96.0 [ 953 [ 939 | 951 | 94.0 | 91.8 | 66.5 | 56.1 | 47.9
FT 794 | 74.4 65.9 96.4 | 945 91.3 96.6 | 94.7 91.4 824 | 77.9 70.7

FT+init 792 | 765 | 730 | 959 | 952 | 946 | 97.0 | 955 | 92.7 | 83.4 | 80.5 | 75.2
FT+NEM || 81.4 | 79.0 | 750 | 964 | 954 | 940 | 96.1 | 946 | 926 | 85.1 | 81.7 | 76.0
FT+BAL || 84.0 | 80.9 | 765 | 97.0 | 95.7 | 924 | 969 | 953 | 92.2 | 80.0 | 74.0 | 69.0
FT+th 843 | 821 | 783 | 97.2 | 963 | 948 [ 97.2 | 958 | 94.0 | 86.4 | 83.9 | 79.1

LUCIR 799 | 764 | 726 | 972 | 969 | 96.5 | 972 | 966 | 961 | /98 | /5.4 | 69.9
BiC 85.5 | 82.8 | 79.7 | 97.3 | 966 | 957 | 97.9 | 97.3 | 96.6 | 88.8 | 87.6 | 83.5
ScalL 82.0 | 79.8 | 766 | 965 | 958 | 952 | 97.3 | 96.0 | 940 | 856 | 83.2 | 79.1
IL2M 809 | 781 | 739 | 96.7 | 954 | 934 | 965 | 947 | 925 | 818 | 77.0 | 71.2
FR 767 | 766 | 76.4 | 91.7 | 915 | 89.7 | 93.8 | 935 | 935 | 79.5 | 79.4 | 78.7

DeeSIL 755 | 751 | 743 | 927 | 925 | 922 | 940 | 93.7 | 93.2 | 66.9 | 65.8 | 64.2
REMIND 809 | 80.7 | 782 | 947 | 93.2 | 93.0 | 963 | 95.8 | 94.7 | 60.7 | 60.7 | 60.7
Joint 92.3 99.2 99.1 91.2

Eden BELOUADAH April 20th, 2023 51 / 60




Results and discussion

Class-Incremental Learning with memory

Top-5 results with herding (7 fixed, || variable)

States T=10

Dataset ILSVRC VGGFACE2 LANDMARKS CIFAR-100

K] 2% 1% [ 0.5% | 2% 1% [ 05% | 2% 1% [ 0.5% | 2% 1% | 0.5%
iCaRL 793 | 765 | 71.0 | 96.0 [ 953 [ 939 | 951 | 94.0 | 91.8 | 66.5 | 56.1 | 47.9
FT 794 | 74.4 65.9 96.4 | 945 91.3 96.6 | 94.7 91.4 824 | 77.9 70.7

FT+init 792 | 765 | 730 | 959 | 952 | 946 | 97.0 | 955 | 92.7 | 83.4 | 80.5 | 75.2
FT+NEM || 81.4 | 79.0 | 750 | 964 | 954 | 940 | 96.1 | 946 | 926 | 85.1 | 81.7 | 76.0
FT+BAL || 84.0 | 80.9 | 765 | 97.0 | 95.7 | 924 | 969 | 953 | 92.2 | 80.0 | 74.0 | 69.0
FT+th 843 | 821 | 783 | 97.2 | 963 | 948 [ 97.2 | 958 | 94.0 | 86.4 | 83.9 | 79.1
LUCIR 79.9 | 76.4 | 726 | 97.2 [ 96.9 | 96.5 | 97.2 | 96.6 | 96.1 | 79.8 | 75.4 | 69.9

BiC 855 | 82.8 | 79.7 | 97.3 | 966 | 95.7 | 97.9 | 97.3 | 96.6 | 88.8 | 87.6 | 83.5
Scall 820 | 79.8 | 76.6 | 965 | 958 | 95.2 [ 97.3 | 96.0 | 94.0 | 856 | 83.2 | 79.1
IL2M 80.9 | 781 | 739 | 96.7 | 954 | 93.4 | 965 | 94.7 | 925 | 81.8 | 77.0 | 71.2
FR 767 | 766 | 764 [ 917 [ 915 [ 89.7 | 938 [ 935 [ 935 [ 795 [ 79.4 | 787

DeeSIL 755 | 751 | 743 | 927 | 925 | 922 | 940 | 93.7 | 93.2 | 66.9 | 65.8 | 64.2
REMIND 809 | 80.7 | 782 | 947 | 932 | 930 | 963 | 958 | 947 | 60.7 | 60.7 | 60.7
Joint 92.3 99.2 99.1 91.2
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Results and discussion

Class-Incremental Learning with memory

Top-5 results with herding (7 fixed, || variable)

States T=10

Dataset ILSVRC VGGFACE2 LANDMARKS CIFAR-100

K] 2% 1% [ 0.5% | 2% 1% [ 05% | 2% 1% [ 0.5% | 2% 1% | 0.5%
iCaRL 793 | 765 | 71.0 | 96.0 [ 953 [ 939 | 951 | 94.0 | 91.8 | 66.5 | 56.1 | 47.9
FT 794 | 74.4 65.9 96.4 | 945 91.3 96.6 | 94.7 91.4 824 | 77.9 70.7

FT+init 792 | 765 | 730 | 959 | 952 | 946 | 97.0 | 955 | 92.7 | 83.4 | 80.5 | 75.2
FT+NEM || 81.4 | 79.0 | 750 | 964 | 954 | 940 | 96.1 | 946 | 926 | 85.1 | 81.7 | 76.0
FT+BAL || 84.0 | 80.9 | 765 | 97.0 | 95.7 | 924 | 969 | 953 | 92.2 | 80.0 | 74.0 | 69.0
FT+th 843 | 821 | 783 | 97.2 | 963 | 948 [ 97.2 | 958 | 94.0 | 86.4 | 83.9 | 79.1
LUCIR 79.9 | 76.4 | 726 | 97.2 [ 96.9 | 96.5 | 97.2 | 96.6 | 96.1 | 79.8 | 75.4 | 69.9

BiC 855 | 82.8 | 79.7 | 97.3 | 966 | 95.7 | 97.9 | 97.3 | 96.6 | 88.8 | 87.6 | 83.5
Scall 820 | 79.8 | 76.6 | 965 | 958 | 95.2 [ 97.3 | 96.0 | 94.0 | 856 | 83.2 | 79.1
IL2M 80.9 | 781 | 739 | 96.7 | 954 | 93.4 | 965 | 94.7 | 925 | 81.8 | 77.0 | 71.2
FR 76.7 | 76.6 | 76.4 | 91.7 | 915 | 89.7 | 938 | 9356 | 935 | 795 | 79.4 | 78.7

DeeSIL 755 | 751 | 743 | 927 | 925 | 922 | 940 | 93.7 | 93.2 | 66.9 | 65.8 | 64.2
REMIND 809 | 80.7 | 782 | 947 | 93.2 | 93.0 | 963 | 95.8 | 94.7 | 60.7 | 60.7 | 60.7
[ Joint 92.3 99.2 99.1 91.2 |
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Results and discussion
Class-Incremental Learning with memory

Top-5 results with herding (|X| fixed, 7 variable)

States |K| = 0.5%
Dataset ILSVRC VGGFACE2 | LANDMARKS | CIFAR-100 Gy
T 20 50 20 50 20 50 20 50
iCaRL 55.9 45.0 | 885 782 | 86.8 824 | 355 354 || -7.36
FT 69.4 643 | 916 892|909 890 | 643 548 || -519

FT+init 736 673 | 946 914 | 91.2 88.5 63.6 44.1 || -4.43
FT+NEM || 765 690 | 940 91.1 | 91.9 89.9 68.8 559 | -4.28
FT+BAL || 75.9 67.1 | 923 895 | 91.2 88.9 629 542 | -470

FT+th 78.6 71.2 | 943 916 | 929 90.7 | 71.4 57.9 || -3.62

LUCIR 63.9 553 | 935 88.3 | 93.7 90.5 535 479 || -4.13

BiC 746 639 | 923 853 | 94.7 905 505 19.6 | -4.03
Scall 76.6 709 | 95.0 92.4 | 926 90.4 69.8 51.0 || -3.70
2m 709 606 | 925 88.4 | 90.8 88.1 615 51.0 || -4.95

FR 69.2 582 | 85.8 75.2 | 89.3 82.8 623 335 | -7.62

DeeSIL 73.0 581 | 872 80.0 | 90.5 85.1 63.9 440 || -6.92
REMIND || 73.9 65.0 | 87.4 80.1 | 92.8 88.6 528 464 || -6.02

Joint 92.3 99.2 99.1 91.2 -

Eden BELOUADAH April 20th, 2023




Results and discussion
Class-Incremental Learning with memory

Top-5 results with herding (|X| fixed, 7 variable)

States |K| = 0.5%
Dataset ILSVRC VGGFACE2 | LANDMARKS | CIFAR-100 Gy
T 20 50 20 50 20 50 20 50
iCaRL 55.9 45.0 | 885 782 | 86.8 824 | 355 354 || -7.36
FT 69.4 643 | 916 892|909 890 | 643 548 || -519

FT+init || 73.6 67.3 | 946 91.4 | 91.2 885 | 63.6 44.1 || -4.43
FT+NEM || 765 69.0 | 940 91.1 | 91.9 899 | 688 55.9 | -4.28
FT+BAL || 759 67.1 | 923 895 | 912 839 | 629 542 | -470

| FT+th 78.6 71.2 943 9016 | 929 90.7 | 71.4 57.9 | -3.62]

LUCIR 63.9 553 | 935 88.3 | 93.7 905 | 535 479 || -4.13
BiC 746 639 | 923 853|947 905 | 505 196 || -4.03
Scall 76.6 709 | 95.0 92.4 | 926 904 | 69.8 51.0 || -3.70
IL2M 709 606 | 925 834 | 90.8 831 | 615 51.0 | -4.95
FR 69.2 582 | 858 752 | 89.3 828 | 623 335 | -7.62
DeeSIL 73.0 581 | 872 80.0 | 905 851 | 639 440 | -6.92
REMIND || 73.9 65.0 | 87.4 80.1 | 928 886 | 52.8 46.4 | -6.02
Joint 92.3 99.2 99.1 91.2 -
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Results and discussion
Class-Incremental Learning with memory

Top-5 results with herding (|X| fixed, 7 variable)

States |K| = 0.5%
Dataset ILSVRC VGGFACE2 | LANDMARKS | CIFAR-100 Gy
T 20 50 20 50 20 50 20 50
iCaRL 55.9 45.0 | 885 782 | 86.8 824 | 355 354 || -7.36
FT 69.4 643 | 916 892|909 890 | 643 548 || -519

FT+init || 736 673 | 946 914 | 912 885 | 63.6 44.1 || -4.43
FT+NEM || 765 69.0 | 940 91.1 | 91.9 899 | 688 55.9 | -4.28
FT+BAL || 759 67.1 | 923 895 | 91.2 889 | 629 542 || -4.70

FT+th | 78.6 71.2| 943 916 | 929 90.7 | 71.4 57.9 || -3.62

LUCIR 63.9 553 | 935 883 | 937 905 | 535 479 [ -4.13

BiC 746 639 | 923 853 | 947 905 | 505 196 || -4.03

| Scall 766 709 [ 95.0 92.4] 926 904 | 698 510 || -3.70]
IL2M 709 606 | 925 834 | 90.8 881 | 615 51.0 | -4.95
FR 69.2 582 | 858 752 | 89.3 828 | 623 335 | -7.62

DeeSIL 73.0 581 | 872 80.0 | 90.5 851 | 639 440 | -6.92
REMIND || 739 650 | 874 80.1 | 928 886 | 52.8 464 | -6.02

Joint 92.3 99.2 99.1 01.2 -

Eden BELOUADAH April 20th, 2023




Results and discussion
Class-Incremental Learning with memory

Top-5 results with herding (|X| fixed, 7 variable)

States |K| = 0.5%
Dataset ILSVRC VGGFACE2 | LANDMARKS | CIFAR-100 Gy
T 20 50 20 50 20 50 20 50
iCaRL 55.9 45.0 | 885 782 | 86.8 824 | 355 354 || -7.36
FT 69.4 643 | 916 892|909 890 | 643 548 || -519
FT+init || 73.6 67.3 | 946 91.4 | 91.2 885 | 63.6 44.1 | -4.43
FT+NEM || 765 69.0 | 940 91.1 | 919 89.9 | 688 559 || -4.28
FT+BAL || 75.9 67.1 | 923 89.5 | 91.2 88.9 62.9 542 | -470

FT+th 78.6 71.2(| 943 916 | 929 90.7 |(71.4 57.9|| -3.62
LUCIR 63.9 553 (|| 93.5 88.3|| 93.7 90.5 535 479 ||| -4.13
BiC 746 639|923 85.3|| 94.7 905 505 19.6 ||| -4.03
Scall 76.6 70.9 [[95.0 92.4|| 92.6 90.4 69.8 51.0 || -3.70
2m 709 606 | 925 88.4 | 90.8 88.1 615 51.0 || -4.95
FR 69.2 582 | 85.8 75.2 | 89.3 82.8 623 335 | -7.62
DeeSIL 73.0 581 | 87.2 80.0 | 90.5 85.1 63.9 440 || -6.92
REMIND || 73.9 65.0 | 87.4 80.1 | 92.8 88.6 528 464 || -6.02
Joint 92.3 99.2 99.1 91.2 -

Eden BELOUADAH April 20th, 2023




Results and discussion
Class-Incremental Learning with memory

Top-5 results with herding (|X| fixed, 7 variable)

States |K| = 0.5%
Dataset ILSVRC VGGFACE2 | LANDMARKS | CIFAR-100 Gy
T 20 50 20 50 20 50 20 50
iCaRL 55.9 45.0 | 885 782 | 86.8 824 | 355 354 || -7.36
FT 69.4 643 | 916 892|909 890 | 643 548 || -519

FT+init 736 673 | 946 914 | 91.2 88.5 63.6 44.1 || -4.43
FT+NEM || 765 690 | 940 91.1 | 91.9 89.9 68.8 559 | -4.28
FT+BAL || 75.9 67.1 | 923 895 | 91.2 88.9 629 542 | -470

FT+th 78.6 71.2 | 943 916 | 929 90.7 | 71.4 57.9 || -3.62

LUCIR 63.9 553 | 935 88.3 | 93.7 90.5 535 479 || -4.13

BiC 746 639 | 923 853 | 94.7 905 505 19.6 | -4.03
Scall 76.6 709 | 95.0 92.4 | 926 90.4 69.8 51.0 || -3.70
2m 709 606 | 925 88.4 | 90.8 88.1 615 51.0 || -4.95

FR 69.2 582 [ 85.8 75.2 | 89.3 82.8 623 335 | -7.62

DeeSIL 73.0 581 | 872 80.0 | 90.5 85.1 63.9 440 || -6.92
REMIND || 739 65.0 | 874 80.1 | 92.8 88.6 528 464 || -6.02

Joint 92.3 99.2 99.1 91.2 -
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Results and discussion
Class-Incremental Learning without memory

Top-5 results without memory

Dataset ILSVRC VGGFACE2 | LANDMARKS | CIFAR-100 c

States T 10 20 50| 10 20 50| 10 20 50 | 10 20 50 i
FT 206 13.4 7.1 |21.3 136 7.1 |21.3 13.6 7.1 |21.3 13.7 17.4|/-54.91
LwF 453 37.6 27.1(53.3 42.6 30.8|58.8 49.2 352|795 65.3 39.0| -34.72
FT tinit 610 449 238|900 64.4 33.1|68.8 49.4 222|551 40.8 19.9| -28.99

FT+init+L2 51.6 43.3 345|76.8 66.8 55.1|61.4 52,5 39.2|47.5 39.3 22.5|(-26.80
FT-+init+L2+mc|53.6 42.7 35.6/86.9 71.4 53.6/66.2 52.6 37.9|52.6 43.1 18.2|-25.02

SIW(FT) 64.4 54.3 41.4/88.6 84.1 62.6|79.5 64.5 43.2|59.7 443 18.4|[-19.38
SIW (LwF) 54.0 45.8 35.1|70.4 59.3 45.2|61.0 53.8 42.2/80.0 68.8 44.6| -28.06
LUCIR 57.6 39.4 21.9|91.4 68.2 32.2|87.8 63.7 32.3|57.5 35.3 21.0|[-24.75
FR 74.0 66.9 49.2|88.7 83.0 54.4/93.6 88.1 71.2|73.1 54.8 27.4|/-16.30
DeeSIL 73.9 67.5 53.9|92.3 87.5 75.1/93.6 91.1 82.1|65.2 63.4 32.3| -9.22
REMIND 62.2 56.3 44.4|86.8 81.4 69.2(84.5 79.6 69.0|52.7 40.5 25.7( -22.00
Deep-SLDA 70.3 64.5 56.0/90.2 85.4 78.2/89.3 86.4 81.3|/68.9 64.4 54.5| -15.40
Joint 923 99.2 99.1 91.2 -
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Results and discussion
Class-Incremental Learning without memory

Top-5 results without memory

Dataset ILSVRC VGGFACE2 | LANDMARKS | CIFAR-100 c

States T 10 20 50| 10 20 50| 10 20 50 | 10 20 50 i
FT 206 134 7.1 213 136 7.1 213 136 7.1 213 13.7 17.4| 54.01
LwF 453 37.6 27.1/53.3 42.6 30.8|58.8 49.2 35.2|79.5 65.3 39.0| -34.72
FT tinit 610 449 238|900 64.4 33.1|68.8 494 222|551 40.8 19.9| -28.99

FT+init+L2 51.6 43.3 345|76.8 66.8 55.1|61.4 52,5 39.2|47.5 39.3 22.5|(-26.80
FT-+init+L2+mc|53.6 42.7 35.6/86.9 71.4 53.6/66.2 52.6 37.9|52.6 43.1 18.2|-25.02

SIW(FT) 64.4 54.3 41.4/88.6 84.1 62.6|79.5 64.5 43.2|59.7 443 18.4|[-19.38
SIW (LwF) 54.0 45.8 35.1|70.4 59.3 45.2|61.0 53.8 42.2/80.0 68.8 44.6| -28.06
LUCIR 57.6 39.4 21.9|91.4 68.2 32.2|87.8 63.7 32.3|57.5 35.3 21.0|[-24.75
FR 74.0 66.9 49.2|88.7 83.0 54.4/93.6 88.1 71.2|73.1 54.8 27.4|/-16.30
DeeSIL 73.9 67.5 53.9|92.3 87.5 75.1/93.6 91.1 82.1|65.2 63.4 32.3| -9.22
REMIND 62.2 56.3 44.4|86.8 81.4 69.2(84.5 79.6 69.0|52.7 40.5 25.7( -22.00
Deep-SLDA 70.3 64.5 56.0/90.2 85.4 78.2/89.3 86.4 81.3|/68.9 64.4 54.5| -15.40
Joint 923 99.2 99.1 91.2 -

Eden BELOUADAH April 20th, 2023 53 / 60



Results and discussion
Class-Incremental Learning without memory

Top-5 results without memory

Dataset ILSVRC VGGFACE2 | LANDMARKS | CIFAR-100 c

States T 10 20 50| 10 20 50| 10 20 50 | 10 20 50 i
FT 20.6 13.4 7.1 |21.3 13.6 7.1 |21.3 13.6 7.1 |21.3 13.7 17.4|/-54.91
LwF 453 376 27.1|53.3 42.6 30.8|58.8 492 352|795 65.3 39.0| -34.72
FT tinit 610 449 238|900 64.4 33.1/68.8 49.4 222|551 40.8 19.9| -28.99

FT+init+L2 51.6 43.3 345|76.8 66.8 55.1|61.4 52.5 39.2{|47.5 39.3 22.5|(-26.80
FT-+init+L2+mc|53.6 42.7 35.6/86.9 71.4 53.6/66.2 52.6 37.9/|52.6 43.1 18.2|-25.02

SIW(FT) 64.4 54.3 41.4/88.6 84.1 62.6|79.5 64.5 43.2|59.7 443 18.4|[-19.38
SIW (LwF) 54.0 45.8 35.1|70.4 59.3 45.2|61.0 53.8 42.2/80.0 68.8 44.6| -28.06
LUCIR 57.6 39.4 21.9|91.4 68.2 32.2|87.8 63.7 32.3|57.5 35.3 21.0|[-24.75
FR 74.0 66.9 49.2|88.7 83.0 54.4/93.6 88.1 71.2|73.1 54.8 27.4|/-16.30
DeeSIL 73.9 67.5 53.9|92.3 87.5 75.1/93.6 91.1 82.1|65.2 63.4 32.3| -9.22
REMIND 62.2 56.3 44.4|86.8 81.4 69.2(84.5 79.6 69.0|52.7 40.5 25.7( -22.00
Deep-SLDA 70.3 64.5 56.0/90.2 85.4 78.2/89.3 86.4 81.3|/68.9 64.4 54.5| -15.40
Joint 923 99.2 99.1 91.2 -

Eden BELOUADAH April 20th, 2023 53 / 60



Results and discussion
Class-Incremental Learning without memory

Top-5 results without memory
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Results and discussion

Class-Incremental Learning without memory

Top-1 results without memory

Method | CIFAR-100 | BIRDS-100 | FOOD-100 |
States | T-=5 T=10 T=20 | 7=5 T=10 T=20 | T=5 T=10 T=20 |
LwF 53.0 44.0 291 53.7 418 301 429 318 22.2

w/ BiC 540 +10 455+ 15 308+17 |546+09 431+13 318+17 |434+05 326+08 238+ 16
w/ AdBiC 543+13 46.4+24 323 +32 | 550+13 440+22 328+27 |435+06 333+15 247 +25
w/ AdBIiC + O | 549 + 19 473 +33 326 +35 | 558+21 448 +30 333 +32 | 440+ 11 342 +24 253 +31
LUCIR 50.1 337 195 50.8 31.4 17.9 442 26.4 155

w/ BiC 525+24 371 +34 224429 | 56.0+52 37.7+63 206+27 |499+57 315+51 172417
w/ AdBiC 54.8 +47 422 +85 284 +89 |585+77 454 +140 273 +94 |520+78 371 +107 17.7 +22
w/ AdBiC + O | 555 + 54 436 +99 312+ 117 | 59.0 +82 460 + 146 288 +109 | 526 + 84 382+ 118 21.0+55
SIw 29.9 227 14.8 306 23.2 149 29.4 216 141

w/ BiC 314 +15 228 +01 147 -01 328 +22 227-05 12.8 - 21 29.1-03 20.3-13 12.1- 2.0
w/ AdBiC 317+18 241+14 158+10 | 33.0+24 252420 153404 | 309+15 21.3-03 145 + 0.4
w/ AdBIC + 0 | 328 +29 250+23 165+ 17 | 344 +38 262+30 163 +14 | 315+21 226+10 151+ 1.0
FT+ 28.9 226 145 29.7 233 135 287 211 133

w/ BiC 307 +18 225-01 148 +03 | 323 +26 225-08 124 - 11 286 - 0.1 20.6 - 05 11.8-15
w/ AdBiC 319+30 236+10 150+05 | 340+43 25.0+17 142+07 | 308+21 222+11 142409
w/AdBIC + 0 | 325 +36 246 +20 159414 | 345+48 257 +24 154 +1.9 | 313+26 227 +16 145+ 12
Joint \ 727 | 80.9 | 71.03

Eden BELOUADAH

gains, losses
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States | T-=5 T=10 T=20 | 7=5 T=10 T=20 | T=5 T=10 T=20 |
LwF 53.0 44.0 291 53.7 418 301 429 318 22.2
w/ BiC 540 +10 455+ 15 308+17 |546+09 431+13 318+17 |434+05 326+08 238+ 16
w/ AdBiC 543+13 46.4+24 323 +32 | 550+13 440+22 328+27|435+06 333+15 247 +25
w/ AdBIiC + O | 549 + 19 473 +33 326 +35 | 558+21 448 +30 333 +32 | 440+ 11 342 +24 253 +31
LUCIR 50.1 337 195 50.8 31.4 17.9 442 26.4 155
w/ BiC 525+24 371 +34 224429 | 56.0+52 37.7+63 206+27 |499+57 315+51 172417
w/ AdBiC 54.8 +47 422 +85 284 +89 |585+77 454 +140 273 +94 |520+78 371 +107 17.7 +22
w/ AdBiC + O | 555 + 54 436 +99 312+ 117 | 59.0 +82 460 + 146 288 +109 | 526 + 84 382+ 118 21.0+55
SIw 29.9 227 14.8 306 23.2 149 29.4 216 141
w/ BiC 314 +15 228 +01 147 -01 328 +22 227-05 12.8 - 21 29.1-03 20.3-13 12.1- 2.0
w/ AdBiC 317+18 241+14 158+10 | 33.0+24 252420 153404 | 309+15 21.3-03 145 + 0.4
w/ AdBIC + 0 | 328 +29 250+23 165+ 17 | 344 +38 262+30 163 +14 | 315+21 226+10 151+ 1.0
FT+ 28.9 226 145 29.7 233 135 287 211 133
w/ BiC 307 +18 225-01 148 +03 | 323 +26 225-08 124 - 11 286 - 0.1 20.6 - 05 11.8-15
w/ AdBiC 319+30 236+10 150+05 | 340+43 250+17 142+07 | 308 +21 222+11 1424009
w/AdBIC + 0 | 325 +36 246 +20 159414 | 345+48 257 +24 154 +1.9 | 313+26 227 +16 145+ 12

| Joint 72.7 80.9 71.03 ||

gains, losses
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Results and discussion

Continual Learning for Object Detection on the Edge

e Results without Continual Learning

d3 4 ds nl n2

videos
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Results and discussion

Continual Learning for Object Detection on the Edge

e Results with Continual Learning

a1

d2

a3

44

ds

n

n2

d2{ 0611 0713 0519 0444
a3 0408 0.465
g4 0451 0468 = 0306 0623
ds 0364 049 0504
£ m{ 0303 0384 0473 0556
g
n2| 0682 0737 0706 0717
n3{ 0679 065 0485 0372
ne | 0667 0662 0405 0381 0509 0496
ns | 0624 0665 0464 0351 0308 0567 0636
avg 4 0523 0.567 0501 0459 0.486 0.605 06 0.563 0526
model

0.606

0.598

1.0

0.305

0.507

0.285
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Conclusions

» In fine tuning, the classification layer is the most affected
by catastrophic forgetting

» Fine-tuning-based methods are the best option when a
memory is allowed

» Fixed representations are an appropriate choice without
memory

» Usefulness of distillation is reduced at large scale

» We reduce the model’s footprint by half compared to
distillation-based methods

» In object detection, transfer learning is useful to tackle both
overfitting and forgetting
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» Focus more on continual learning without memory
» Find or create challenging datasets for continual learning

» Propose a class-incremental method for object detection

Eden BELOUADAH April 20th, 2023 59 / 60




Thank you!
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Appendix
State of the art

Fixed-Representation-based methods:

DeeSIL (Belouadah and Popescu, 2018), Deep-SLDA (Hayes and Kanan,
2019), REMIND (Hayes et al., 2019), FearNet Kemker and Kanan, 2018.

Fine-Tuning-based methods:

DGM (Ostapenko et al., 2019), DGR (Shin et al., 2017), GMNF (Cong
et al., 2020), LwF (Li and Hoiem, 2016), EWC (Kirkpatrick et al.,
2016), MAS (Aljundi et al., 2018), BiC (Wu et al., 2019), MDF (Zhao
et al., 2020), LUCIR (Hou et al., 2019), iCaRL (Rebuffi et al., 2017),
E2E|L (Castro et al., 2018).

Parameter-isolation-based methods:

PackNet (Mallya and Lazebnik, 2018), PiggyBack (Mallya et al., 2018),
TFM (Masana et al., 2020), Expert — Gate (Aljundi et al., 2017), PNN
(Rusu et al., 2016), DAN (Rosenfeld and Tsotsos, 2017).
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Backup Slides

Mean Features Similarity

FT,ILSVRC,T=10, No memory FT,ILSVRC,T=10, memory=1% FT,ILSVRC, T =10, memory=2%
> 1.0 3‘1'0 > 1.0
208 208 208
£ £ £
@ @ @
0 0.6 006 0 0.6
2 2 2
304 204 304
c c c
3 b 302
s 0.2 2 0.2 20.
0(}0123456789(:"()0123456789O'GC)123456789
Incremental states Incremental states Incremental states

(a) (b) (c)

Mean feature similarities between incremental states for test images of the first state.
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Additional Storage of our methods

Method Additional Storage (AS) AS for N7 = 1000
in float T=5 7T =10 T =20 T =50 T =100
DeeSIL 0 0 0 0 0 0
IL2m T+ Nr 4.02 KB | 4.04 KB | 4.08 KB 4.2 KB 4.4 KB
Scall N7 x D 2.05 MB | 2.05 MB | 2.05 MB 2.05 MB 2.05 MB
Siw T+ Ny xD 2.05 MB | 2.05 MB | 2.05 MB 2.05 MB 2.05 MB
TranslL (AdBIC) | R x (T+2)x (T —1) || 1.12KB | 432 KB | 16.72 KB | 101.92 KB | 403.92 KB
TranslL (BiC) 2x Rx (T -1) 320 B 720 B 1.52 KB 3.92 KB 7.92 KB

Additional Storage (AS) of our proposed IL approaches
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Results with other deep architectures

iCaRL @ EEIL @ BiC @ IL2M
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Results with other architectures (Masana et al., 2021)
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