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Problem
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Method

* no VAE-based CGL without replay
o VAE’s stable training

° gigf}:{ﬁgmlz@t; 0¢) + Lévap (@) + AL L6 + A{LEGL (¢r,60)}

* Knowledge reconstruction

o Extend VAE’s sample reconstruction

> LigL(6y) = —E y't=1|),z~N(0,I) [108 Po, &y, Z)]

po,_, (& yt1z)y~U(1,

e Feedback consolidation
o Re-encode reconstructed data

° LEGL(th» 0;) = IIElog o, (X|y',z) [KL[Chpt (Zlyt:k\t)”p(z)]]
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Experiments
FashionMNIST | Epoch Time ACCT
rCGAN 11 700s  58.90
CEWC 7 388 61.67
MGAN 18 1230s  73.03
rCVAE 4 417s  73.69
KFC 3 157s  75.28
CIFAR10 Time FID |
rCVAE/GR 12h  186.17
KFC 7h 132.62

Table 1: CGL models first reached optimal accu-
racy (ACC) on learning 10 FashionMNIST tasks
with the consumed training epochs and times
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CIFAR10 tasks with the training times (in hours). (a) KFC (b) GR (c) CIFAR10
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Experiments: /imited resource
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(a) Fine (b) tICGAN (c) EWC (d) MGAN (e) tfCVAE (f)KEC  (g) Joint (h) MNIST

Figure Al: The generated digits after the each method of (a) Fine, (b) rCGAN, (¢c) CEWC, (d)
MGAN, (e) rCVAE, (f) KFC, (g) Joint sequentially learn (h) 10 MNIST tasks.
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Experiments: unlimited resource
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Experiments: ablations

Task | rCGAN CEWC MGAN rCVAE | Fine-Tuning Baselinel Baseline2 KFC
| ACC FID ACC FID ACC FID ACC FID | ACC FID ACC FID ACC FID ACC FID

1 87.95 270.28 88.45 202.65 87.05 23343 87.35 258.99 | 86.29 271.00 86.69 257.02 86.79 246.32 87.95 241.98
(£2:92) (£9.01) (£3:09) (£0.72) (£1.31) (£1.33) (£0.86) (£0.57)

2 66.17 194.66 50.05 287.93 67.76 204.61 66.65 181.46 | 44.37 21540 4696 266.10 60.39 195.10 69.33 150.73
(+6.93) (£2:80) (+1.66) (£0.59) (£2.02) (£2:21) (£0.13) (£0.28)

3 55.75 26194 4422 275.06 5992 166.89 5893 176.80 | 3846 293.71 41.09 23241 5442 191.57 6445 141.74
(£4.49) (+0.68) (30.60) (30.92) (£2:24) (£1.50) (30.88) (£0.70)

4 50.09 23722 3847 347.21 56.01 17495 55.11 186.17 | 35.11 214.60 36.83 262.85 4995 18746 61.11 132.62
(30.52) (10.91) (%£3.93) (30:30) (30.91) (30.96) (£0.73) (£0.75)

T,P | 16.63h,4.03m  10.42h,4.03m  10.02hs,4.01lm 11.88h,4.01m | 5.98hs,4.02m  6.76h,4.02m 6.20h,4.02m 6.89h,4.02m

Table Al: ACC (%) + sty and FID of various CGL methods evaluated on 4 sequential CIFAR-10
tasks with well trained models. 71" and P indicate the whole training time (in hours) and the number
of network parameters (in mega), respectively.
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Conclusion

* Existing CGL methods

o High time complexity of generative replay (GAN & VAE)
o [nferior-quality sample of training on current-task data (GAN only)

* We propose KFC

o Use VAE’s stable training
o Propose knowledge reconstruction
o Propose Feedback consolidation

* Improves VAE-based CGL method efficiently and effectively
o MNIST, FashionMNIST, CIFAR10
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Thanks for your attention!

Libo Huang
huanglibo@ict.ac.cn
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