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Method Buffer size  Average Acc (T) Forgetting (1)
LRCIL [42] 16.99* -4.39%
iCaRL [40] 100/class 79.76% -8.73%
LUCIR [20] 82535 -5.34*
LRCIL [42] 74.01% -8.62%
iCaRL [40] 73.98% -14.50%*
LUCIR [20] 50/class 80717 -7.85%
DyTox [14] 86.21 -1.55
EWC [29] 50.59 -42.62
LwF [35] 60.94 -13.53
DyTox [14] 5127 -45.85
L2P [55] Wiclass 61.28 9.23
S-1Prompts (ours) 74.51 -1.30
S-liPrompts (ours) 838.65 -0.69
Upper-bound (S-1Prompts) - 85.50 -
Upper-bound (S-liPrompts) - 91.91 -




Method

Average Acc (1)

Buffer size
ER [8] 80.10+0.56*
GDumb [44] 74.92+0.25%
BiC [36] 79.28+0.30%
DER++ [4] 50/class 79.7040.44*
Co?L [6] 79.75+0.84*
DyTox [14] 79.21+0.10
L2P [S3] 81.07+0.13*
EWC [29] 74.8240.60*
LwF [35] 75.45+0.40%
L2P [539] O/class 78.33+0.06*
S-1Prompts (ours) 83.1340.51
S-liPrompts (ours) 89.06+0.86
Upper-bound (S-1Prompts) - 84.01+0.53
Upper-bound (S-11Prompts) - 93.19+0.21




Method Buffer size  Average Acc (1)

DyTox [14] 50/class’ 62.94
EWC [29] 47.62
LwF [33] 49.19
SimCLR [10]-CaSSLe [17] 44 2%
BYOL [18]-CaSSLe [17] 49.7*
Barlow Twins[59]-CaSSLe [17] 48.9%
Supervised Contrastive [27]-CaSSLe [17] 0/class 50.9%
L2P o] 40.15
S-1Prompts (ours) 50.62
S-liPrompts (ours) 67.78
Upper-bound (S-1Prompts) - 65.22

Upper-bound (S-liPrompts) . 64.08
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Proposed S-iPrompts

continual deepfake detection

5 domains

27000 images

CORe50

continual object recognition
It has 50 categories from 11 distinct domains. The continual learning setting uses 8 domains

120000

Domain Net

. Images from Domain Net is split into 6 domains

345 categories and roughly 600,000 images
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Pre-trained CLIP

-60 -40 -20 0 20 40 60

Proposed S-1iPrompts

GauGAN, BigGAN, WildDeepfake, WhichFaceReal, and SAN respectively

® GauGAN/real

® GauGAN/fake

® BigGAN/real
BigGAN/fake

e WildDeepfake/real
WildDeepfake/fake

e WhichFaceReal/real
WhichFaceReal/fake

® SAN/real

® SAN/fake



[1904.07734] Three scenarios for continual learning (arxiv.orq)

Task IL
1.Each task has its own task-ID number.

2.The model can identify which task the current input data is from, making it the simplest
scenario of continual learning.

Split MNIST B 2; 5 /> task, task-1D & task 2% ID=1{0,1}, ID=2{2,3}, ID=3{4,5}.
ID=41{6,7}, ID=5{89}. %4t 0~ 9 FMERE—THA x, HARELL task-1D [EEF
BRI FTUN{ES B4 (ks task-1D=3) |, FBAKEEIS M ID=3 {4,5} XMEFEF
STREAR x #EFTTUN . $3XF Task-1L = A0ELSE IERGE B AT MESEING—N TR
TN AR, BREYZA M EE E multi-headed i B . 7ZE multi-headed i BT MESEE L
BB CH output head, MIMEZRFZE (—REFMTREE) BE XS EH‘LELN.

Task 1 Task 2 Task 3 Task 4 Task 5
first second first second first second first second first second

class class class class class class class class class class



https://arxiv.org/abs/1904.07734

Domain IL

1.In Domain-IL, the model is not provided with a task-ID. Instead, it directly makes predictions on the incoming samples

2. In Domain-IL scenarios, tasks typically have the same structure but different input distributions (i.e., the task objectives
remain constant, but the distribution of input data varies)

MNIST #1 Permuted MNIST 8% 0 ~ 9 FrB#=F. A MNIST fEAE —MESH,

17 permutation, 5% Permuted MNIST £ 858 —MES,

TN B #r{5 8 0 ~ 9;

=5 FamiN

FWOM B HRrA 0 ~9; X MNIST #

s~ —

FM - ESHET MNIST
HITAER permutation, XEFESHEADTAE, EFS BFRESEXFEAR x #H17 0~9 BTN,

Difference between D;_; and D;

' Task-ID li
i PXi)# PX) P #P(Y) (Y z(v) | 09 bt
Task Incremental v v v Train & Test No
Class Incremental v v No Optional
Domain Incremental v No Optional




Class IL

1.Class-IL requires the model to infer which task the to-be-predicted sample x belongs to, and make predictions on x
accordingly.

2. Class-IL models typically use a single-headed structure, meaning that predictions for all tasks utilize the same output layer.
Split MNIST ¥£tF 0 ~ 9 X34 5 MESF, 23514 {01}, {23}, {45}, {67}, {89} 4 0~ 9 FHER—PHFA X,

AN H X2 8FIL . FUNESFE/VXNERESES T mEdn, BEEMNEIREZWMNMES (FERT
task-1D) FEZEFZ B HFERNIERHD K,



