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Reminder from Chapter 5

— - Training error

Underfitting zone| Overfitting zone

— Generalization error

Error

0 Optimal Capacity
Capacity

Regularization:

any modification we make to a learning algorithm that is
intended to reduce its generalization error but not its
training error

Limit model capacity
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Chapter structure
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x€ {1,2} penalties
under-constrained problems
dataset augmentation

noise robustness
semi-supervised learning
multi-task learning

early stopping

parameter tying and sharing
sparse representations
bagging and ensemble methods
dropout

adversarial training

tangent distance, prop and manifold tangent classifier
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Chapter structure

7.x x€ {1,2} penalties

7.3 under-constrained problems
7.4 dataset augmentation

7.5 noise robustness

7.6 semi-supervised learning

7.7 multi-task learning

7.8 early stopping

7.9 parameter tying and sharing
7.10 sparse representations
7.11 bagging and ensemble methods
7.12 dropout

7.13 adversarial training

7.14 tangent distance, prop and manifold tangent classifier
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Regularizing with penalties

min J(w) + ¢! Q(w), a>0
w ~—— Ha'ad
tuning parameter

——
"old” objective function penalty

L2 regularization Q(w) = 3||w]|3
ridge regression, Tickhonov regularization
L1 regularization Q(w) = | w]|?
Least Absolute Shrinkage and Selection Operator

Link with constrained optimization
min J(w) such that Q(w) < k, k>0
w

Skrinkage effect: details on board
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Shrinkage effect

T x
w = Z A ——— )\ _|_a q; W
_ coord. of w* in dir. g;
skrinks

> shrinkage effect 0 <

A
Aita

A
Nita —

> increasing in \;

Ai curvature shrinkage variability
small small great small
great great small great

Remember the picture
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Early stopping

Optimization problem

min J(w)

Solve by building a sequence w(™, 7 =0,1,...:
w( = w= _ ey, J(wmD)

Standard GD go on until VWJ(W(T)) ~0
Early stopping stop early

Approximately equivalent to L2 regularization
“proof” on board
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Dropout

Standard neural network lawyer (I + 1), i-th hidden unit

gt — ¢ {w(Hl)Ty(l) + b@(”l)}

i %

Dropout model lawyer (I + 1), i-th hidden unit

l

&

N Ber(p)
gD _ 5 {WZ(Hl)T(r(z) wy®) 4 b(l“)}

r

—

i

=

Remove units at random

» Links with noise adding

» Links with bagging
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Learning

[As far as | understood... please check!]

> input x, output y, predictor gw ,(x)

» 1 binary vector encodes presence/absence of units

In principle minimize expected loss

: 2
r/?}\{} Ep,,x,y [gw,l.t (X) - y]
In practice minimize estimated loss
1« 9
min 1 [9w.p: (%i) — wi]
i=

where 1, ..., iy i Ber(p)
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Dataset augmentation

Quote

create fake data and add it to the training set

> easiest for classification
» effective for object recognition

> links with noise adding
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Noise robustness

Apply noise to

> inputs
> weights

> outputs

Links with dropout
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Semi-supervised learning

Recall the learning context: y ~ F(y|x).
Given a class {fq,« € A}, guess Nature's response

Supervised in principle we do
min R(e) = min [ L(y. fa(x)) dF (x,0).

In practice: we have data {(x;,y;)} and do

min R (@) = min [ Ly, fa(x)) dF(x.)

Semisupervised incorpore a priori knowledge about F'
(e.g., build a joint distribution function)
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Multi-task learning

I x2 L1 L2
ygl) yél) ygl) yél)
y§2) y§2) y§2) y§2)
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Parameter Tying and parameter sharing

Learn a first task:
. A
min [y — fa(wi,x)P
w(4) p
Learn a second, but “stay close” to the first

) 1
min > S[" — W) + g W - w3
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Sparse representations

Quote

place a penalty on the activations of the units in a neural
network, encouraging their activation to be sparse

Example: given input x, find representation h such that

h = arg min ||x — Wh)?
h:||hjjo<k

where ||hl|p is number of non-zero entries
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Bagging and other ensemble methods

Data: {x;,y;};,. For k=0,1,... K,

1. draw a bootstrap sample {xgk),ygk) A

2. learn fék)()

Then average the predictions

50 = = > i)

More generally, the idea is to combine several models
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