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Limitations of Deep Learning

ResNet (2016)
CIFAR-100

Robust Deep Learning

fragile (adversarial examples)

well calibrated uncertainty estimates:

deep learning is often confidently wrong ‘.:

correct diff ostrich

Data-Efficient Deep Learning prediction confidence

small data, big models (few-shot learning
and reinforcement learning)

leverage heterogenous data sources (multi-task learning)
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Flexible Deep Learning I .
probabilistic modelling
continual learning (online learning & model building) +

active learning (RL exploration-exploitation) probabilistic inference



Logistic Regression as a motivating example

Logistic regression: A single neuron
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Logistic regression: Maximum Likelihood Estimation

observe data: estimate parameters f( ) P( 1| ) 1
X. W) = y oy W.X =

X ={x,}N ’ ’ 1+ exp(—a(x,w))

o=0 CL(X./ W) = wo + del'd = WTX w0 0.5}/

x=1 d=1 =,

-5 0 5
X KA 000 = wop + Wiy a(x,w) =w'x
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X

maximum likelihood estimate: parameters that make observed data most probable

N N
PYIw, X) = Hp(yn|w7xn) = H Fw %)V (1= f(wx,)) o)
n=1 n=1

N
w''= arg max log P()|w, X)= arg max Z [ynlog f(Wx,) + (1 —y,) log(l — f(w'x,))]

n=1
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Logistic regression: Maximum Likelihood learning
observe data: estimate parameters
data and prediction objective log P(Y|w, X)
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maximum likelihood estimate: parameters that make observed data most probable

N
w'"'= arg max log P()|w, X)= arg max Z [yn log f(WTXn) + (1 —yp)log(1 — f(WTxn))]

n=1
6/31



Logistic regression: Maximum Likelihood learning

observe data: estimate parameters

data and prediction objective log P(Y|w, X)
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f(wi) =P (y = 1|W7 X) - = X = {X'fl}nzl

1+exp(—w'x) 1 + exp(—(wo+ w12y))

maximum likelihood estimate: parameters that make observed data most probable

Y= {yn}ﬁzl

N
w''= arg max log P()|w, X)= arg max Z [y, log fw'x,) + (1 —y,)log(1 — f(WTXn))]

n=1
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Bayesian approaches to logistic regression

Probabilistic model |
. . . . p(w)
encodes prior assumptions in a recipe for generating .
datasets > o]
X
p(w) = g(W;O,U‘ZNI) w, ° é 05
X Il
1 - 2
Py =1lw,x) = o
1 + eXp(_CL(X’ W)) 25 -1 0 i 2 ’ ~10 0 10
wo €T

Probabilistic inference
only way to be coherent, Cox 1946

the weights that indicates the plausiblity of that setting given data only way to protect against

1. "right" answer is a probability distribution over all possible settings of(
Dutch books, Ramsey 1926

2. apply the sum and product rules of probability to compute the
plausibility of any setting of any unknown variable

sum rule: P(A|C) =)z P(A,B|C)
impIies(prOdUCt rule:  P(A, B|C) = P(B|C)P(A|B,C) = P(A|C)P(BJ|A,C)
Bayes' rule: P(A|B,C) = WP(%HC)P(B‘A,C)



The posterior distribution over weights

Probabilistic model .
encodes prior assumptions in a recipe for generating | .
datasets o]
p(w) = G(w;0,021) w, ° E
Il
1 - =
Py =1|w,x) = a
I+ exp(—a(x, W)) R 0 i 2 ’ T 0 10
wo xr
Probabilistic inference structure of model
) A=w B=Y (C=X
p(WD)) X) = POYIX) p(W) P(y|W, X)

posterior X prior X likelihood of W
what we know what we knew what the
after seeing data before seeing data data told us

sum rule: P(A|C) =) 5 P(A,B|C)
productrule:  P(A, B|C) = P(B|C)P(A|B,C) = P(A|C)P(B|A,C)
Bayes'rule:  P(A|B,C) = WP(A\C)P(B\A,C')
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The predictive distribution over class labels

Probabilistic model .
encodes prior assumptions in a recipe for generating .
datasets o]
p(w) = G(w;0,03,1) w Z o
Il
1 a =
Py =1lw,x) = &
1+ exp(—a(x, W)) Bl — 0 1 2 ’ 1o 0 10

Probabilistic inference

p(WIY, X) = prirey p(w) P(Vlw, )

structure of model

p(y*|a*, Y, X) = [py*, wlz*, Y, X)dw = [p(w|V, X)p(y*|w, 2*)dw
NA=y" B=w C=2")X

sum rule: P(A|C) =) 5 P(A,B|C)
productrule:  P(A, B|C) = P(B|C)P(A|B,C) = P(A|C)P(B|A,C)
Bayes' rule: P(A‘B,C) = WP(%HC)P(B‘A,C)
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Bayesian Inference in Action: 1D Classification Example

ply*|wm), 2*)

XX
0 X
-2 0 2 4
X
PY|w, X) X p(w|Y, X)
prior likelihood of W posterior
what we knew what the what we know
before seeing data data told us after seeing data
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Bayesian Inference in Action: 1D Classification Example
*ah
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p(w) X P(y’W,X) X p(W|y,X)
prior likelihood of W posterior
what we knew what the what we know
before seeing data data told us after seeing data
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Bayesian Inference in Action: 1D Classification Example
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Bayesian Inference in Action: 1D Classification Example
P(W|Y1in—1,X1:n-1) P(ynlw, zp) P(W|Y1ins X1:n) p(y*|wi™, z%)
x x
Wo Wo Wo x
prior likelihood of w posterior
what we knew what the what we know
before seeing data data told us after seeing data
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Bayesian Inference in Action: 1D Classification Example

P(W|Y1:n—1,X1:n—1) p(yn|W7 $n) p(w|y1:nvx1:n) P(Z/*|W(m),$*)

X X oos0 o
wo wo x
prior likelihood of w posterior
what we knew what the what we know
before seeing data data told us after seeing data
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Why be Bayesian (distributional estimates of weights)?
maximum-likelihood Bayes
: ML — 1

learning W = argvf’nax log P(Y|w, X) p(w|Y,X) = POTE) p(w) P(Y|w,X)

prediction  p(y*|z*, Y, X) ~ p(y*|w", z*) p(y*|z*, Y, X) = [p(w]Y, X)p(y*|w, z*)dw
A A A

single weight setting ensemble over requires
weight settings approximation

Robust Deep Learning

point estimates over-confident, averaging over weight settings less so

Bayesian methods are more robust to adversarial examples (hard to fool ensemble of networks + uncertainty)
Data-efficient Deep Learning

small data, big model: build models 'the size of a house' & let data prune/learn structure

leverage heterogeneous data sources (multi-task learning) using shared parameters
Flexibile Deep Learning

continual learning: use old posterior as prior
active learning: select data that are expected to reduce uncertainty in parameter estimates the most
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Approximate Bayesian Inference
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Laplace’s approximation: MacKay 1991 (Saddle point approximation)
% 1 >k MAP
P(W[Y, X) < p(¥, W[X) = p* (w) e )
wMAP — arg max log p(w|Y, X) = arg max [log p(Y|w, X) + log p(w)]
Taylor expand log-prob to 2nd order about MAP est:
* ~ * MAP
log p™(w) ~ log p*(Ww"*") + 0 Hessian WMAP w
(W — wMAP T d W) + E(W _ WI\IAP)T d2 lng* (W) ’ ( _ WMAP)
dw W MAP dwdw ' | ° p
1 d?log p*(w)
* ~ o * [y MAPY - o MAP\T =) _ </ MAP
) v e (o - wn) TR ) e
42 log p* (W) Monte Carlo
* ~ ¥ MAP 1/2 .y MAP -1__ = el \7/
P (w) ~p (WAP)det(27Y) “Q(W,w ’E). D ‘w:wm /
~p(y|x) a(w) wim o~ g(w)

M
1
Prediction requires additional approx.: p(y*|x*, X,)) = /p(y*|w,x*)q(w)dw ~ o E p(y*|w™ x*)
m=1
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Laplace’s approximation: MacKay 1991 (Saddle point approximation)

10 >k WMAP
P(WIY, X) o p(¥, wlX) = p"(w) sy
wMAP — arg max logp(w|Y, X) = arg max [log p(Y|w, X) + log p(w)] @
w w
1. optimise to find MAP solution p*(w)
might not converge —» Hessian not positive definite
2. compute Hessian at optimum to form approximate wMAP w
posterior and marginal likelihood
cubic cost in the number of parameters
3. predict using local linearisation of network about
MAP weights @
simple
Monte Carlo
d?log p*(w)
1/2 -1
P(w) = p (W) det(2mD) 2G (wiw D) ST = —— Rt 4
1L 1 -
~p(y]x) a(w) @ w) ~ q<w>

Prediction requires additional approx.: p(y*|x", X, )V) = /p(y*|w,x*)q(w)dw by Z p(y |w ,x")
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Laplace’s approximation: Classification Example

P(W|Y1:n—1,X1:n—1) p(yn|W, xn) p*(W) OC p(W|Y1;n,X1m) q(W)

wMA'

9

wo wo wo wWo
prior likelihood of w X posterior Laplace approx.
what we knew what the what we know G (w; whMar Y))
before seeing data data told us after seeing data

® wMAP — arg max log p(w|Y, X)
@ - _ logp*(w)

dwdw T w=wMAP
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Variational Inference: the KL Divergence

Kullback-Leibler (KL) divergence  KL(q(w)||p(w) w)log (w)dw

1. non-negative

52 1
@KL(Q(W)HP(W) aw) >0

2. zero (minimised) when ¢(w) = p(w)
KLl lp(v)) = [ pw)log 2w =0

p(w)

KL(q(w)[lp(w))

Hq

18/31

Variational Inference: the KL Divergence

Kullback-Leibler (KL) divergence KL(g(w)||p(w)) = /q(w) log QEW; dw
p(w
1. non-negative -

52 1

— KL(g(w)|[p(w)) = —— >0 divergence

oq q(w) measures 'distance’
2. zero (minimised) when ¢(w) = p(w) between distributions

KLGp(w)lpw) = [ o(w)log 20w =0

3. can be computed up to an additive constant w/o needing normalisation for p(w)

o ) e o = e o

_ () )
_/q(w)logp*(w)dw—i—/q(w)logZdW —/q( )1 gp*(w)d +log Z

—>» suitable for approximate inference
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Variational Inference

1&2
Kullback-Leibler (KL) divergence  KL(q(w)||p(w)) = /q(w) log a(w) dw > 0 equality when
p(w) g(w)=p(w)

Use KL to optimise an approximation ¢(w) to the true posterior

e (W)lizarg min KL(g(w)||p(w|), X)) i arg min / q(w) log q(w) dw

7eQ 7eQ p(w)p(Y|w, X)
(m)) requires
W q
il E (m) icati
~ arg mln og w ~ q(w) reparameterisation
q€Q —1 p(W(m))p(y|W(m) X) trick

3. can be computed up to an additive constant w/o needing normalisation for p(w)

L (st ) = [atmrion 0w = fatmion ST aw
= /q(w) log ;(‘:’3 dw+/q(w) log Zdw = /q(w) log ;*(("VW)) dw + log Z

—>» suitable for approximate inference
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Variational Inference: Classification Example

¢ (w) = argmin KL(q(w)||p(w|Y, X))

qeQ
g(w™)
~ arg mln— log
geQ Z p(w(m)p(Y|wim), X)
approximate family: w

factorised Gaussian

q(w) = G(wo; po,08) X G(wy; pa,0%)

optimise w.r.t. fo, 08, 1, O’%

VI converts inference into optimization
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Variational Inference vs Laplace: Classification Example

Laplace Approximation (diagonal Hessian) Variational Inference (factorised)
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Case study 1. Robust Deep Learning
Uncertainty calibration & adversarial
examples
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Towards Robust Deep Learning

fragile (adversarial examples) '“"I.E

Error

Case study 2. Flexible Deep Learning
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What is Continual Learning?

corner cutter line pins corner cutter" or "line pin

( statistics of data J§ ?

may change
b
- over time:
\ L

!\§ continuously adapt ~r ?
| ]

without revisiting

Tf)‘ \(;(;[,. ~ | all old data

collect data set online

predictions
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What is Continual Learning?
avoid forgetting old tasks
(2
!
corner cutter line pins caulking iron rope making wrench belay separator

\\ @=J @

i\\\; ll@\\ % &

TASK 1

p—— TASK2 ——M
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A zoo of discriminative continual learning tasks

3. new classes 4. new tasks
(k-shot learning) (online multi-task learning
7\7'?' \ (y( % 8 & transfer Iearning)
r \ B
2
v @)@ () y®
Vig | Vi Ve
h
W p(y™M,y@ [V, VE W, x)
X
1. online iid data N
(online learning) p(x1:n) = [[=1 P(xn)

2. online non-iid inputs

_ 1N
(covariate shift) P(x1:N) = [z Pu(Xn[X1in-1)
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Continual Learning Test 1: Permuted MNIST (online non-iid inputs, single head)

=
o

ey — . —e— Laplace
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]
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n apply fixed

E 06- J permutation

[} Z to pixels to
change task
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~Q
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Continual Learning Test 2: Split MNIST (new tasks, multi-head)

> 100 e 1.00 { @, )
= Y r Y
g \.
o 0.75 4
g o
c 0.95 4
L
®
Y 0.504
=
ﬁ 0.90 A
L
¢ 0.254
T T T T T 0.85 - T T T T
1 2 3 4 5 1 2 3 4 5
Ovs) 2Zvsd dvsD (pvs") Bvs9q number of tasks
/ number of tasks —e— Laplace —— VCL
p # VCL + memory
e~ \
= vs \ ( VS®
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Summary

e Continual learning is naturally handled by Bayesian inference: allows multi-task
transfer and avoids catastrophic forgetting

e Variational Continual Learning is a state-of-the-art continual learning method

e Orthogonal research directions: complex models (adapting more than just the head of
the network) and online automatic model building

Variational Continual Learning, ICLR 2018
Streaming Sparse Gaussian Process Approximations, NIPS 2017
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Case study 3: Data Efficient Deep Learning
One-shot learning
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One shot learning using Approximate Bayesian inference

p(yu) y(2)|V(1) v W x) TASK 1 TASK 2 TASK 3
b R K ) bl traln
one ahoy 1@ Al [TE[[=]5] [o]n ]2/ gl
v v 9125‘43"@% ”TI'DU]C\K P[] eolon =
| 3 | test 1R (B |02 |\ ||| =T @ [ dn|
W I8N (M@ B[S ([T | e
| x | -
omniglot omniglot minilmageNet
5 way 20 way 5 way
98 99 100 90 95 100 45 50 55
Matching nets (Vinyals et al. 2016) [ m m
Meta LSTM (Ravi and Larochelle, 2017) n
Neural Stat (Edwards and Storkey, 2017) [ [
Memory Mod (Kaiser et al., 2017) m n
Prototypical (Snell et al., 2017) m n [
MAML (Finn et al., 2017) —a— n ——
Reptile (Nichol and Schulman, 2018) [ [ n

[Versa (Gordon et al., 2018) HH ™ m
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One shot learning using Approximate Bayesian inference
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One shot learning using Approximate Bayesian inference
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