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Motivation: Life-Long Learning

Change the network weights to match the network
output (function) at Data 1 while classifying Data 2



Weight-Space vs Function-Space

Weight/parameter space Function/data space

* Finite dimensional * Infinite dimensional
« Easy to train * Difficult to train
— e.g., SGD is scalable — e.g. GP reg is not
« Difficult to regularize « Easy to regularize
— Actual value of the — Properties of the
weights do not matter network outputs are
— Complex relationship easier to specify and
between network Interpret.

outputs and weights



This Talk

Connections between the weight and function spaces.

— Cheap algorithms to train in the weight space while
regularizing in the function space.

Background

— Linear models and GPs

— Neural Nets and GPs (requires infinite-width nets)
DNN2GP

— Convert trained finite-widths nets to GPs

— Convert the iterates of DL algorithms to GPs
Applications to Continual Learning



Linear model and GPs

Gaussian prior on weights induces GP prior on functions

Chapter 2 in Rasmussen and Williams, Gaussian processes for Machine Learning, 2006
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Linear model and GPs

Gaussian prior on weights induces GP prior on functions
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Linear model and GPs

Gaussian prior on weights induces GP prior on functions
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Linear model and GPs

Gaussian prior on weights induces GP prior on functions
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Deep Networks and GPs

Gaussian prior on weights induces GP prior on functions

Lee et al., Deep Neural Networks as Gaussian Processes, ICLR 2018 (and many more...)



Deep Networks and GPs

Gaussian prior on weights induces GP prior on functions
DNN
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Deep Networks and GPs

Gaussian prior on weights induces GP prior on functions

W NJ\/(O I) DN; 0( (m\wvit’s%j\’ 7[:(x) ~ G‘F(SN) W)

@4 W;A‘Hﬂ - 144 Mmeéan Kevne L
. ST
L/
X —>

Lee et al., Deep Neural Networks as Gaussian Processes, ICLR 2018 (and many more...)



Deep Networks and GPs

Gaussian prior on weights induces GP prior on functions
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Q: Does this hold at finite width? And for posteriors?

Lee et al., Deep Neural Networks as Gaussian Processes, ICLR 2018 (and many more...)



Deep Networks and GPs

Gaussian prior on weights induces GP prior on functions
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DNN2GP for regression

Using DNN2GP, we can convert a trained network into GP
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Khan et al., Approximate Inference Turns Deep Networks into Gaussian Processes, NeurlPS, 2019



DNN2GP for regression

Using DNN2GP, we can convert a trained network into GP
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DNN2GP for regression

Using DNN2GP, we can convert a trained network into GP
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DNN2GP Generalization

This generalizes to twice differentiable loss and priors
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Deep Learning as GP inference

lterations of algorithms too can be written as GP inference
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Deep Learning as GP inference

lterations of algorithms too can be written as GP inference

~ B - )

by < OW, - 8 C$++SL> [ 9 ]&“mmi&zk

\..,.\,,_:{:) 3%&8%‘%

Seale + (- S T J YUY atch
&Mnxﬁ P € $> EM (x) X (X) < GN zwmé Y,
Training in w space induces a sequence in f space

g \N(la).b ) Z\‘Q QGF( ch <X> Jw ()() Z\’ J;’()(l) >
tﬂ) 2-t*|> GP Jc G‘) J ® 2 JQ) >

b t41

024 e d

Khan et al., Approximate Inference Turns Deep Networks into Gaussian Processes, NeurlPS, 2019




Outline of the derivation
DNN

Khan et al., Approximate Inference Turns Deep Networks into Gaussian Processes, NeurlPS, 2019
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Outline of the derivation
DNN Posterior Approx.

Khan et al., Approximate Inference Turns Deep Networks into Gaussian Processes, NeurlPS, 2019
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Outline of the derivation

Posterior Approx.

Linear Model
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Outline of the derivation

Posterior Approx.
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Application to Continual Learning

Deep
Learning
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Kirkpatrick, James, et al. "Overcoming catastrophic forgetting in neural networks." Proceedings of the

national academy of sciences 114.13 (2017): 3521-3526.



Application to Continual Learning

T\

Update Deep
Network
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Continual Learning: past classes never revisited
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FROMP in Three Steps

Functional prior Weight-space
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Pan et al. Continual Deep Learning by Functional Regularisation of Memorable Past, ArXiv 2020

12



Memorable Past

Which examples are most relevant for the
classifier? Red circle vs Blue circle.
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Model view vs Data view

DNN2GP provides a measure of relevance

mg @ 8
= ‘.I.*. 5 l.ll' O Model
tgr ¥ w gufF view
[P m Om :--
l=. o .-l %
I1:. OO o = m o)
00 pp &
.l %o "o ©%g
B g °9 &L g & 0
Q)OO@ o0 = . 0 0©°
(o) © o8&
O ©9 ¢ ° © oo
RO P 08 % %o
o 08 o B
0o © % ® Q@ o
o oO o o
o)

(By Roman Bachmann)



Model view vs Data view

DNN2GP provides a measure of relevance

. Data
LI )
et view
mo “ - 5]
& “ o
oo e o
g - ] ®
; o L o
% o e .
° Il. oy
=] . o - °
@
'
eoo °o O 9 Z°°°
° o 000 oo 00
o o

(By Roman Bachmann)



Model view vs Data view

DNN2GP provides a measure of relevance

Data
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d 0 2 J 2 7
[~ 4 4 7'/ 4

« 2Z 72 3 d

L east Relevant

O Ce o0 0 0O

RAARXA QAL

/

/

f

3 & 2 2

¥ %

>3 23 1% 3 3

¢ ¢ L 6 6o
7 7277 77

e ¢ b\ 6 1

1 *+ =

S

P LH H g ]

& € 3 B ¢ ¢

Q92729 7

QG2 49 7 9

15



Least Relevant

Most Relevant
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Validation accuracy

FROMP improves over EWC!
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ROMP improves over EWC!
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(Some) Regularization-based
Continual Learning Methods

 Elastic-weight consolidation (EWC) [1]
— Based on a diagonal Laplace approximation
— [2] considers structured Laplace

« Synaptic Intelligence (Sl) [3]

 Variational Continual learning (VCL) [4]
— Based on variational inference

* With better approximations, we expect accuracy
to improve, but unfortunately we don’t see this!

1. Kirkpatrick, James, et al. "Overcoming catastrophic forgetting in neural networks." PNAS (2017).
2. Ritter et al. "Online structured laplace ... for overcoming catastrophic forgetting." NeurlPs. 2018.
3. Zenke et al. "Continual learning through synaptic intelligence." ICML, 2017.

4. Nguyen et al. "Variational continual learning." arXiv preprint arXiv:1710.10628 (2017).



NeurlPS 2019

Tutorial
#NeurlPS 2019
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Human Learning at
the age of 6 months.
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