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1. Introduction to Continual Learning and Replay Methods
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2. Applications of Generative Replay in Image Data
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2. Applications of Generative Replay in Image Data
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2. Applications of Generative Replay in Image Data
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2. Applications of Generative Replay in Image Data
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2. Applications of Generative Replay in Image Data
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2. Applications of Generative Replay in Image Data
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2. Applications of Generative Replay in Image Data
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2. Applications of Generative Replay in Image Data
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% DGR : Continual learning with deep generative replay (NIPS, 2017)

« Generator2 £H MMHEl HO|EHE 25 El SolverE 0|26l label £

I =
Task 1 7| > Solver > Prediction
Cil O] E
Generator
Solver

Task 2

Bl KOREA Data Mining
v UI\R!ERSITY o\..o Quality Analytics 26




2. Applications of Generative Replay in Image Data

7/

% DGR : Continual learning with deep generative replay (NIPS, 2017)

« Scholare Generator2} SolverZ2 4, Generator= WGAN-GP 2 & &

Task 1 l E‘|T(|)-|E-E'| > Solver > Prediction

Generator

Solver l

Task 2 Al ——  Solver > Prediction
Hjo| &

S8 KOREA Data Mining
v UI\RIERSITY o{.o Quality Analytics 27




2. Applications of Generative Replay in Image Data

7/

% DGR : Continual learning with deep generative replay (NIPS, 2017)

« Scholare Generator2} SolverZ2 4, Generator= WGAN-GP 2 & &

Task 1 l E‘|T(|)-|E-E'| > Solver > Prediction

Generator

Solver l

Task 2 Al ——  Solver > Prediction

{ G| 0| E

| Memory
Buffer
Task N » Solver > Prediction
Mt
Ci| o] E

S8 KOREA Data Mining
v UI\RIERSITY o{.o Quality Analytics 28




2. Applications of Generative Replay in Image Data

7/

% DGR : Continual learning with deep generative replay (NIPS, 2017)

« =z0= FHAELE O ZEZS SolverZ AFEH=X| AGoHK| =

7

Task 1 l E‘|T(|)-|E-E'| > Solver > Prediction

Generator

Solver l

Task 2 Al ——  Solver > Prediction

{ G| 0| E

| Memory
Buffer
Task N » Solver > Prediction
Mt
Ci| o] E

S8 KOREA Data Mining
v UI\RIERSITY o{.o Quality Analytics 29




2. Applications of Generative Replay in Image Data
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% DGR : Continual learning with deep generative replay (NIPS, 2017)
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2. Applications of Generative Replay in Image Data
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% DGR : Continual learning with deep generative replay (NIPS, 2017)
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Figure 3: Accuracy on classifying samples from two different domains. (a) The models are trained on
MNIST then on SVHN dataset or (b) vice versa. When the previous data are recalled by generative
replay (orange), knowledge of the first domain is retained as if the real inputs with predicted responses
are replayed (green). Sequential training on the solver alone incurs forgetting on the former domain,
thereby resulting in low average performance (violet).
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2. Applications of Generative Replay in Image Data

% DGR : Continual learning with deep generative replay (NIPS, 2017)
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Figure 4: Samples from trained generator in MNIST to SVHN experiment after training on SVHN
dataset for 1000, 2000, 5000, 10000, and 20000 iterations. The samples are diverted into ones that

mimic either SVHN or MNIST input images.
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2. Applications of Generative Replay in Image Data
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Abstract

Popular deep-learning models in the field of
image classification suffer from catastrophic
forgetting—models will forget previously ac-
quired skills when learning new ones. Generative
replay (GR), which typically consists of a genera-
tor and a classifier, is an efficient way to mitigate
catastrophic forgetting. However, conventional
GR methods only focus on a single instruction
relationship (generator-to-classifier), where the
generator synthesizes samples for previous tasks
to instruct the training of the classifier, while ig-
noring the ways in which the classifier can benefit
the generator. In addition, most generative replay
methods typically reuse the generated samples to

Data Mining
Quality Analytics

that existing standard deep learning methods quickly forget
their previously acquired experiences when learning new
tasks (Kirkpatrick et al., 2017). This phenomenon, referred
to as catastrophic forgetting (Kumaran et al., 2016), repre-
sents a significant challenge for scenarios in which tasks are
learned in sequence and previous training data cannot be
obtained.

Continual learning (CL)—also referred to as lifelong learn-
ing (Chen & Liu, 2018), sequential learning (Aljundi et al.,
2019), and incremental learning (Aljundi et al., 2018)—has
emerged as an efficient way to mitigate catastrophic for-
getting in deep learning models. Classical CL works have
explored a range of approaches to help the model remember
previous knowledge. Among them, the generative replay
(GR) model is one of the most popular methods due to its

HFAH
=Ne)

Batch
(Task)

Updating the generator by
rcusmg gencrated samples

Updating the generator by
original pru ious samples

Fuzzy sample

Figure 1. We use DGR as an example to demonstrate that reusing generated samples will lead to the generation of low-quality samples for
previous tasks. We conduct experiments on CORe50. Further details of these experiments are provided in Section 3.2.
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Figure 2: An illustration of the architecture of our CNN, explicitly showing the delineation of responsibilities o _t; E»:¢§~§»§ E’g"g.g % 8
between the two GPUs. One GPU runs the layer-parts at the top of the figure while the other runs the layer-parts g 2| |2 & 2| 12| Iz 2 &l 12l 3 » |’r
at the bottom. The GPUs communicate only at certain layers. The network’s input is 150,528-dimensional, and
the number of neurons in the network’s remaining layers is given by 253,440-186,624-64,896-64,896-43,264— FE] ' 33 ¥
3 - § h
4096-4096-1000. 2% 2 ER] i
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2. Applications of Generative Replay in Image Data
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Table A.1. Details of datasets

Tasks Classes/task

Train data/task Task selection

NC+= Class@| =& 2|0|

i {50,5} or {25000, 2500} or
CIFAR-100 5 (50,10} {25000, 5000} random class
=Slo L - = 500, 50 650000, 65000
v CIFAR 1002] &t Class GIO|E{S Task 1014 2:83}11 0|50 57§ S= 107} ClassS Z:7t TaskDICH 2 tmagenet 5 (o0 T0h 100000 0O random cass

v ImageNet & 5007} Class H|O|E{E Task 101|A] -83t11 O|=0]| 507K == 1007H ClassE =7t TaskOCH 2HE

Table 1. All results on two datasets in the CI scenario. We present the final average accuracy Ar and forgetting rate F;."9.

Ar = acerpor = Z::Eﬂ'r Fr[|Crl
CIFAR-100 ImageNet CIFAR-100 ImageNet
Method AlexNet ResNet AlexNet ResNMNet AlexNet ResNet AlexNet ResNMet

NO=5 10 5 10 50 100 50 100 5 10 5 10 50 100D 50 1000
Finetuning  6.11 512 18.08 17.50 533 324 1295 10.28 6045 35987 6l.65 6279 5655 5783 5858 59.71
—SI 16,96  13.57 2645 2315 1938 1438 2888 2438 4858 S50.18 5227 5665 41.18 4594 4193 44356
ool 3k oL EWC 1529 971 2549 1882 1522 13.03 2351 22.03 5038 5427 5283 6047 4565 4701 4698 4696
=ea MAS 20013 1894 2994 2828 1635 1451 31.25 2551 4575 4537 4938 5131 4485 4570 3955 4434
MM 11.26 987 21.02 1979 1368 11.13 2319 1973 5460 5457 5812 5989 4665 4931 47.70 4962
— DGR 42,49 3816 5296 48094 4394 3881 5332 4756 2408 2652 2636 3114 1731 2252 1796 21.84

oj|o|E{ 2+H cL MeRGAN 4603 4323 57.19 55.69 — — — — 36.95 2649 20,12 22.55 — — — —

== PASS 53.21 4865 62.30 60.63 — — — — 2735 1943 1697 21.21 — — — —

DDGR 59.20 5222 6340 6004 5386 52.21 6483 61.26 23.00 1686 1534 1925 698 782 565 7.73
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2. Applications of Generative Replay in Image Data

% Continual learning with deep diffusion-based generative replay

>

MuJH

- 24 4= ol A
v 7|Z GANZ 0| &8¢t DGRe| &2 O|0|X|7t 0 E 1 Task”t ZOIE+E J&H 2 40| o2z

v DDGRQ| A2 O|O|X| MME & SlLj= 25

Updating the generator by Batch Updating the generator by
ongmal previons samples (Task) reusmg genera(ed samples

Figure E.1. The samples generated by DDGR at the last three batches.
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3. Conclusion

/7

%  Summary

F

ok
>
0=
IE

«  Continual Learning O[T 0] st5ot LIS S4X| R FX|ot=
v EEO| Hotsh= HO|E 2HF0i|M X|EH = YH0|ESHY H|0|E 7t HEIH 2 7t | AL HE E [ {78 / Class, Domain incremental
v’ Fine-tuning= 7|&2 2 Catastrophic ForgettingS 5l Z5}= 20| S & (Transfer leaming= FAISH H|0|H 54 5 58 = Q)

v 7|Z HO|HE 22 2 Y= 4RE Y4stH 71E HO|H 2| LRI 2EJLE LEBHX| §iS

- DGR, DDGR & GANZ} Diffusion= 0| &8¢t dd 2 H 7|9t Continual Learning 2|57
v DGR:WGANS 0|83t O Taske| 2 A HIO|HZFH oigot 225 0|80l tHg Task 250 AHE 2 HIO[H dd

v DDGR: DDPM2 O|&5}0{ O™ TaskQ| AA| LIO|HZ2FH sh59t 2L E 0|23l CHS Task 2501 AHE g O|O|EH 4-d

Forgetting =7

Task 1 Eli(l)i_":'l — Classifier — Prediction
Diffusion Task 1 TaskN -1 py Task N

Classifier 1 J— Task N _I_
Memo !
. L

Buffer Task N-1 Task N-1
Task 2 A Classifier —* Prediction
Mt

{ Hlo|E

|
Memory Task 1 i Task 1 Task 1

Buffer . :

Task N Classifier — Prediction — L

i
o] & 27t Uzt w7}

Bl KOREA .{.. Data Mining

UNIVERSITY Quality Analytics 47




Sl KOREA Data Mining
¥/ UNIVERSITY o.o\o Quality Analytics




