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Three types of continual learning

* Task-incremental learning
* Incrementally learn a set of clearly distinct tasks

* Domain-incremental learning
* Learn the same type of task, but with changing contexts

* Class-incremental learning
* Incrementally learn to distinguish between a growing number of classes

van de Ven & Tolias (2018) NeurIPS workshop, https://arxiv.org/abs/1904.07734
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Class-incremental learning

* Main challenge:
— Learn to distinguish between classes that are not observed together

Learning episode 1 Learning episode 2
Class 1 Class 2 Class 3 Class 4
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Strategies for class-incremental learning

Store some of the past data

Generative replay

* Learn a generative model to generate samples
representative of past data

Parameter Regularization

* Encourage parameters important for past tasks
not to change too much when learning new tasks

Bias-correction

* Correct the bias of the output layer, which tends
to only predict recently seen classes, by making
the magnitude of the output weights of all
classes comparable

- Only methods that do not store data are considered

- Deep Generative Replay (DGR; Shin et al., 2017 NeurlIPS)
Brain-Inspired Replay (BI-R; van de Ven et al., 2020 Nature Communications)

-> Elastic Weight Consolidation (EWC; Kirckpatrick et al., 2017 PNAS)
Synaptic Intelligence (SI; Zenke et al., 2017 ICML)

- CopyWeights with Re-init (CWR; Lomonaco & Maltoni, 2017 CoRL)
AR1 (Maltoni & Lomonaco, 2019 Neural Networks)
“Labels trick” (Zeno et al., 2019 arXiv)



Proposed strategy: generative classification

Discriminative classifiers Generative classifiers

category|2 ‘

e Learn rules / shortcuts / features to * Learn a model / template / representation for each
distinguish between the classes to be learned class to be learned

 Comparison between classes is during training  Comparison between classes is during inference



Proposed strategy: generative classification

Discriminative classifiers Generative classifiers

* Discriminative classifiers directly * We instead learn p(x, y), factorized

learn p(y|x), or argmax p(y|x). as p(x|y)p(y), and classify using
y Bayes’ rule: p(y|x) < p(x|y)p ().

* With class-incremental learning, this * With class-incremental learning, the
is problematic because, based on empirical version of p(x|y) does not
the most recently seen data, the have any bias, while learning p(y)
empirical version of p(y|x) is heavily without forgetting is typically
biased towards the newer classes straight-forward

Generative classification rephrases a class-incremental problem as a task-incremental
problem, whereby each ‘task’ is to learn a class-conditional generative model.



Implementation for a proof-of-principle:
VAE per class & importance sampling

* To learn the distributions p(x|y), we
train a separate VAE model for each
classy

* When classifying a test sample Xeqt,
for each class y, the class-conditional
likelihood p(xest|V) is estimated
using importance sampling

Training Class 1 Class 2 Class 3

= = =

(1) Estimate likelihoods v
p(xtestly =1) p(xtestly =2) p(xtestly =3)

Classification

(2) Classify using Bayes’ rule

§ Feest) = argmaxp(xtest|y = i)
4

* The VAE models are chosen so that the total number of parameters is
similar to the number of parameters used by generative replay




Class-incremental learning benchmarks

» Task-based (left) vs. task-free (right)
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* Other important differences between studies:
= Data storage

= Pre-training

Dataset Info Data-Stream Parameters Pretrained
Classes Image-type Tasks  Iterations  Batch size Models?
MNIST 10 28x28, grey 5 2000 128
CIFAR-10 10 32x32, RGB 5 5000 256
CIFAR-100 100 32x32, RGB 10 5000 256 ConvLayers
CORe50 10 128x128, RGB 5 single pass 1 ResNet18




How to use a pre-trained model?

e Use the pre-trained model as a
fixed feature extractor

* Train VAE models on the extracted
features rather than on the raw
inputs (i.e., with reconstruction
loss in the feature space!)

Class 1 Class 2 Class 3

VAE @ @ I%'

models 1

Pre-trained I:l

feature | \
extractor | A |

* Reminiscent of recent studies performing generative replay in the
featu re space (van de Ven et al., 2020 Nature Communications; Liu et al., 2020 CVPR-W)




Results

Strategy Method MNIST CIFAR-10 CIFAR-100 COReS0
Baselin None 19.92 (£ 0.02) 18.74 (+ 0.29) 7.96 (£ 0.11) 18.65 (£ 0.26)
asetmnes Joint 98.23 (+ 0.04) 82.07 (£ 0.15) 54.08(+£0.27) 71.85(+ 0.30)

DGR 91.30 (£ 0.60) 17.21 (& 1.88) 9.22 (£ 0.24) -

Generative Replay  BI-R - - 21.51 (£ 0.25) 60.40 (£ 1.04)
BI-R + SI - - 3438 (£ 0.21) 62.68 (= 0.72)
Reeularization EWC 19.95 (£ 0.05) 18.63 (£ 0.29) 8.47 (£ 0.09) 18.56 (£ 0.31)
& SI 19.95 (£ 0.11) 18.14 (£ 0.36) 8.43 (£ 0.08) 18.69 (£ 0.26)
CWR 3248 (£2.64) 18.37(£1.61) 21.90(£0.68) 40.28 (& 1.13)
Bias.correction CWR+ 37.20 (£ 3.11) 22.32 (£ 1.08) 9.34 (£ 0.25) 40.12 (£ 1.06)
AR1 48.84 (+2.55) 24.44(+1.08) 20.62(+=0.45) 45.27 (+1.02)
Labels Trick 32.46 (£ 1.95) 18.43 (£ 1.31) 23.68(4+0.26) 42.59 (&+ 1.03)
Other SLDA 87.30 (£ 0.02) 38.35(£0.03) 44.49(£0.00) 70.80 (£ 0.00)
Generative Classifier 93.79 (£ 0.08) 56.03(+0.04) 49.55(+£0.06) 70.81(+0.11)

All experiments were performed 10 times with different random seeds, reported is the mean (+ SEM) accuracy over these runs. Code to replicate: https://github.com/GMvandeVen/class-incremental-learning.
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Results

Strategy Method MNIST CIFAR-10 CIFAR-100 COReS0
Baselines None 19.92 (£ 0.02) 18.74 (+ 0.29) 7.96 (£ 0.11) 18.65 (£ 0.26)
Joint 98.23 (£ 0.04) 82.07 (£ 0.15) 54.08 (£ 0.27) 71.85 (% 0.30)

DGR 91.30 (£ 0.60) 17.21 (£ 1.88) 9.22 (£ 0.24) -

Generative Replay  BI-R - - 21.51 (£ 0.25) 60.40 (£ 1.04)
BI-R + SI - - 3438 (£0.21) 62.68 (£ 0.72

Reoularization EWC 19.95 (£ 0.05) 18.63 (£ 0.29) 847 (£0.09) 18.56 (£ 0.31)
8 SI 1995 (£ 0.11) 18.14 (£ 0.36) 843 (£0.08) 18.69 (£ 0.26)
CWR 3248 (£ 2.64) 1837(x=1.61) 2190(£0.68) 40.28 (£ 1.13)

Bias-correction CWR+ 37.20 (£ 3.11) 22.32 (£ 1.08) 9.34 (£ 0.25) 40.12 (£ 1.06)
AR1 48.84 (= 2.55) 2444 (£1.08) 20.62(+0.45) 45.27 (£ 1.02)

Labels Trick 32.46 (+1.95) 18.43 (£ 1.31) 23.68(£0.26) 42.59 (£ 1.03)

Other SLDA 87.30 (£ 0.02)  38.35 (£ 0.03) 44.49 (£ 0.00) 70.80 (£ 0.00)

Generative Classifier 93.79 (£ 0.08) 56.03(+0.04) 49.55(+£0.06) 70.81(+0.11)

All experiments were performed 10 times with different random seeds, reported is the mean (+ SEM) accuracy over these runs. Code to replicate: https://github.com/GMvandeVen/class-incremental-learning.
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Generative classification vs. generative replay

Generative classification?

How to best use a given generative model?

Generate samples to train
a discriminative classifier?

Table 3. Comparison of the performance of the generative classifier with the performance of a softmax-based classifier discriminatively
trained on samples from the VAE models of the generative classifier. Shown is the test accuracy (as %) over all classes. All experiments
were performed 10 times with different random seeds, reported are the means (&= SEMs) over these runs.

MNIST CIFAR-10 CIFAR-100 COReS0

Generative classifier 93.79 (+0.08) 56.03 (- 0.04) 49.55(+ 0.06) 70.81 (+ 0.11)
Discriminative classifier trained on generated samples  85.93 (£ 0.43) 13.71 (£ 0.61) 33.84(4+=0.14) 47.86 (£ 1.77)




Quality of the generative models underlying
the generative classifier
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Samples randomly drawn from the VAE models of the generative classifier for (A) MNIST and (B) CIFAR-10.




Results

Strategy Method MNIST CIFAR-10 CIFAR-100 COReS0
Baselin None 19.92 (£ 0.02) 1874 (£0.29)  7.96(+0.11) 18.65 (+ 0.26)
asetmnes Joint 98.23 (+ 0.04) 82.07 (£ 0.15) 54.08(+£0.27) 71.85(+ 0.30)

DGR 91.30 (£ 0.60) 17.21 (= 1.88)  9.22 (4 0.24) -

Generative Replay  BI-R - - 21.51 (£ 0.25) 60.40 (£ 1.04)
BI-R +SI ; ; 3438 (£ 0.21)  62.68 (£ 0.72)
Reeularization EWC 19.95 (4 0.05) 18.63 (0.29) 847 (£ 0.09) 18.56 (£ 0.31)
& SI 19.95 (£ 0.11) 18.14(+0.36) 843 (£ 0.08) 18.69 (+ 0.26)
CWR 32.48 (£2.64) 1837 (£ 1.61) 21.90 (& 0.68) 40.28 (& 1.13)
P CWR+ 37.20 (£3.11) 2232 (£ 1.08) 934 (4 0.25) 40.12 (& 1.06)
ARI1 48.84 (+ 2.55) 20.62 (£ 0.45) 4527 (+ 1.02)

Labels Trick

24.44 (4 1.08)

68 (< 0.26)

87.30 (£ 0.02)

38.35 (£ 0.03)

44.49 (£ 0.00)

42.59 (£ 1.03)
70.80 (£ 0.0C

Generative Classifier

93.79 (£ 0.08)

56.03 (£ 0.04)

49.55 (£ 0.06)

All experiments were performed 10 times with different random seeds, reported is the mean (+ SEM) accuracy over these runs. Code to replicate: https://github.com/GMvandeVen/class-incremental-learning.

70.81 (£ 0.11
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SLDA: a generative classifier in disguise

* SLDA (Hayes & Kanan, 2020 cVPR-W) performs incremental linear discriminant analysis
to the features extracted by a fixed, pre-trained deep neural network

* For MNIST and CIFAR-10, we applied SLDA directly on the pixel space

* SLDA can be interpreted as a generative classifier

* SLDA learns a mean vector u,, for each class y and a covariance matrix X that is shared
between all classes, and the generative model that SLDA implicitly assumes for each class y is

given by p(x|y) = N(x; u, Z)

* SLDA can only learn a linear classifier

* SLDA’s performance can be seen as the minimal attainable performance for a
generative classifier, upon which can be improved when sufficient data is available



Strategy Method CIFAR-10 CIFAR-100 COReS0
Baselin None 19.92 (£ 0.02)\ 18.74 (+ 0.29) 7.96 (£ 0.11) 18.65 (£ 0.26)
asetmnes Joint 98.23 ( 0.04) \ 82.07 (£ 0.15) 54.08 (£ 0.27) 71.85 (£ 0.30)

DGR 91.30 (£ 0.60) \17.21 (£ 1.88) 9.22 (£ 0.24) -

Generative Replay  BI-R - - 21.51 (£ 0.25) 60.40 (£ 1.04)
BI-R + SI - - 3438 (£ 0.21) 62.68 (= 0.72)
Reeularization EWC 19.95 (£ 0.05) 8.63 (£ 0.29) 8.47 (£ 0.09) 18.56 (4 0.31)
& SI 19.95 (£ 0.11) 8.14 (& 0.36) 8.43 (£ 0.08) 18.69 (£ 0.26)
CWR 3248 (£2.64) N837(£1.61) 21.90(£0.68) 40.28 (£ 1.13)
Bias.correction CWR+ 37.20 (£ 3.11) [22.32 (£ 1.08) 9.34 (£ 0.25) 40.12 (£ 1.06)
AR1 48.84 (+2.55) J24.44 (£1.08) 20.62 (+=0.45) 45.27 (+1.02)
Labels Tricky{ 32.46 (= 1.95) J18.43 (£ 1.31) 23.68(+0.26) 42.59 (+ 1.03)
Other SLDA 87.30 (£ 0.02) § 38.35(£0.03) 44.49 (£0.00) 70.80 (£ 0.00)
Generative Classifier 56.03 (= 0.04) 49.55(+£0.06) 70.81 (£ 0.11)

All experiments were performed 10 times with different random seeds, reported is

ean (+ SEM) accuracy over these runs. Code to replicate: https://github.com/GMvandeVen/class-incremental-learning.
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Limitations / discussion / future work

* Inference with generative classifiers is slow, as likelihood must be
computed/estimated for each possible class
— Likelihood estimation can be (a lot) more efficient
—> Classification decisions could be made hierarchical

* How scalable is learning a new generative model for each class?
-2 In the comparison we controlled for total number of parameters

— Share parts of the generative models (e.g., using existing techniques for task-
incremental learning)



One-sentence summary

* Generative classification is a promising, “rehearsal-free”
strategy for class-incremental learning
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