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Humans learn differently

Limited data and supervision:
Few-shot learning mage generation
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Continual learning in humans
(a.k.a. lifelong/sequential learning)

* Reuse of past knowledge (i.e. knowledge transfer, transfer learning)
+ Learn new skills for new tasks
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...and forgetting
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Why is continual learning important?

Efficient processing of data streams
Learning with privacy (e.g. discard data after processing)
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Learning in neural networks
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Continual learning in neural networks

Catastrophic forgetting
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Transfer learning and continual learning
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Catastrophic interference and forgetting
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Kirkpatric et al., Overcoming catastrophic forgetting in neural networks, PNAS, 2017



https://arxiv.org/abs/1612.00796

Catastrophic interference and forgetting
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Liu et al., Rotate your Networks: Better Weight Consolidation and Less Catastrophic Forgetting, ICPR 2018

http://www.lherranz.org/2018/08/21/rotating-networks-to-prevent-catastrophic-forgetting



https://arxiv.org/abs/1802.02950
http://www.lherranz.org/2018/08/21/rotating-networks-to-prevent-catastrophic-forgetting

Generative models: networks that imagine

Training data Sampling
(e.g. 64x64x3=12K dims)

Different approaches
- Density estimation - Generative adversarial networks (GANs)
- Variational autoencoders

- Autoregressive models 12



Indirect generative sampling

Learning and sampling from a complex distribution directly is very difficult
ldea: sample from a simple distribution and learn a transformation
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Generative Adversarial Networks (GANSs)

Classify fake images vs real images
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Generate fake samples to fool the discriminator

Goodfellow et al., “Generative Adversarial Networks”, NIPS 2014
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https://arxiv.org/abs/1406.2661

Conditional
Generative Adversarial Networks
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Auxiliary Classifier GAN (AC-GAN)
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Odena et al., Conditional Image Synthesis With Auxiliary Classifier GANs, ICML 2017



https://arxiv.org/abs/1610.09585

Generative Adversarial Networks
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Conditional image generation

Generator
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Continual learning in image generation

Catastrophic forgetting
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Sequential learning for image
generation

Go to http:.//www.lherranz.org/2018/10/29/mergans to play the videos

MNIST 10 categories (10 tasks)
c=0 c=1 cC=2 c=3 c=4 c=5 C=6 c=7 C

LSUN 4 categories (4 tasks)
c=bedroom c=kitchen c=church c=tower



http://www.lherranz.org/2018/10/29/mergans

Memory Replay GANs (MeRGANSs)
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GAN with EWC

Training data task 3
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Seff et al., Continual Learning in Generative Adversarial Nets, arxiv 2017



https://arxiv.org/abs/1705.08395

MeRGAN-JTR: joint training w/ replay

Extended Training Data
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C. Wu et al., “Memory Replay GANs: learning to generate images from new categories without forgetting”, NeurlPS 2018



https://arxiv.org/abs/1809.02058

MeRGAN-RA: replay alighnment
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Step 1: replay previous tasks and align



MeRGAN-RA: replay alighnment

Training data task 3

Current gen.

Discrim. real/fake?

(task 3)

Step 2: learning new task
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www.lherranz.org/2018/10/2 9/mergans to play the video

Go to http:

” NeurlPS 2018

“Memory Replay GANs: learning to generate images from new categories without forgettin

C.Wu et al.


https://arxiv.org/abs/1809.02058
http://www.lherranz.org/2018/10/29/mergans

Scene generation (LSUN)

4 tasks (4 categories) 18 -layer ResNet generator

o , Different bedrooms! Same bedroom!
Sequential fine tuning MeRGAN -JTR MeRGAN -RA
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C. Wu et al., “Memory Replay GANs: learning to generate images from new categories without forgetting”, NeurlPS 2018



https://arxiv.org/abs/1809.02058

Visualizing catastrophic interference

4 tasks (4 categories) 18 -layer ResNet generator
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Learning task 4 (tower) epoch 5000



http://www.lherranz.org/2018/10/29/mergans

t-SNE visualizations (MNIST)

Generating digit O (i.e. first task) after learning 10 tasks
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Samples from MeRGANs
overlap with real data

C. Wu et al., “Memory Replay GANs: learning to generate images from new categories without forgetting”, NeurlPS 2018



https://arxiv.org/abs/1809.02058

Learning and forgetting in t-SNE
(MNIST)

Generating digit O (i.e. task 1)
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C. Wu et al., “Memory Replay GANs: learning to generate images from new categories without forgetting”, NeurlPS 2018



https://arxiv.org/abs/1809.02058
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More details at http://www.lherranz.org/category/continual-learning
MeRGANSs, NeurlPS 2018, https://arxiv.org/abs/1809.02058
R-EWC, ICPR 2018 https://arxiv.org/abs/1802.02950
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