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Lecture 22: Neural Networks 3



Menu for Today
Topics:
— Neural Networks part 3 — Normalization
— Weight Initialization — Preventing Overfitting

— Today'’s Lecture: Szeliski 5.1.3, 5.3-5.4, Justin Johnson Michigan EECS
498/598

Reminders:

—Quiz 6 April 7th
—Assignment 6: due Apr 10th <— watch out!
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Rise of large datasets

(@) & LAION-5B: A NEW ERA OF OPEN LARGE-SCALE MULTI-MODAL DATASETS | LAION

() htips:/faion.ai/blog/laion-5b; : v O % B o o 5=

LAION LAION-5B: A NEW ERA OF
OPEN LARGE-SCALE MULTI-

Blog

- MODAL DATASETS

About
FAQ

by: Romain Beaumont, 31 Mar, 2022

Donations We present a dataset of 5,85 billion CLIP-filtered image-text pairs, 14x bigger than LAION-400M, previously the biggest openly

Privacy Policy accessible image-text dataset in the world - see also cur NeurlP52022 paper

Authors: Christoph Schuhmann, Richard Vencu, Romain Beaumont, Theo Coombes, Cade Gordon, Aarush Katto, Robert

Dataset Reguests SN
Kaczmarczyk, lenia Jitsev
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Clever architectures

Convolutional neural networks
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Lecun, Bottou, Bengio, and Haffer, “Gradient-Based Learmning Applied to Document Recognition”, 1998]
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| |
—— Softplus

Clever architectures =

Convolutional neural networks

ro‘l.

-

[Nair and Hinton, “Rectified Linear Units Improve
Restricted Boltzmann Machines’, 2010]
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Clever architectures

Transtformers, Vaswani et al., 2017

Attention is all you need

Authors

Publication date
Journal
Volume

Description

Total citations

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N
Gomez, tukasz Kaiser, lllia Polosukhin

2017
Advances in neural information processing systems
30

The dominant sequence transduction models are based on complex recurrent
orconvolutional neural networks in an encoder and decoder configuration. The best
performing such models also connect the encoder and decoder through an attentionm
echanisms. We propose a novel, simple network architecture based solely onan
attention mechanism, dispensing with recurrence and convolutions entirely. Experiments
on two machine translation tasks show these models to be superiorin quality while being
more parallelizable and requiring significantly less timeto train. OQur single model with 165
million parameters, achieves 27.5 BLEU onEnglish-to-German translation, improving
over the existing best ensemble result by over 1 BLEU. On English-to-French translation,
we outperform the previoussingle state-of-the-art with model by 0.7 BLEU, achieving a
BLEU score of 41.1.

Cited by 87925

2018 2019 2020 2021 2022 2023
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Figure 1: The Transformer - model architecture.
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Proper Initialization schemes

Much more iImportant than you think

layer mean

layer std

.

Stanford cs231n

/

xavier Initialization”
Glorot et al., 2010]

Neuron activations are
well spreac


http://cs231n.stanford.edu/

Proper Initialization schemes NI

Much more important than you think Glorot et al., 2010]

| ess Important now with "normalization”

© (But still can be VERY important in some cases)
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Welght initialization

A look Into ways things can go wrong

Q: what happens when W=0 init is used"?
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Input layer

output layer

hidden layer

Based on slides for Stanford ¢cs231n by Li, Jonson, and Young. Modified and reused with permission
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Welght initialization

A looK Into ways things can go wrong

-irst idea:; Small random numbers
(gaussian with zero mean and 1e-2 standard deviation)

W= 0.01* np.random.randn(D,H)

Works ~okay for small networks, but problems with
deeper networks.

13
Stanford cs231n
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00 Gj 2 < @ (;\ @ github.comlerildinder noren!Pylorch‘-GANIblobImasterﬁmplementationsllsganﬂsgan.py B O
W
‘

parser.add_argument("——img_size", type=int, default=32, help="size of each image dimension")
parser.add_argument("-—channels", type=int, default=1, help="number of image channels")

/ﬁ\ ‘()‘ 29 parser.add_argument("-—sample_interval", type=int, default=1000, help="number of image channels")
‘ opt = parser.parse_args()
print(opt)

cuda = True if torch.cuda.is available() else False

def weights_init_normal(m):
classname = m.__class . name__
if classname.find("Conv") != -1:
torch.nn.init.normal_(m.weight.data,
elif classname.find("BatchNorm") != -1:
torch.nn.init.normal_(m.weight.data,
torch.nn.init.constant_(m.bias.data,

class Generator(nn.Module):
def __init_ (self):

super (Generator, self).__init__()

self.init_size = opt.img_size // 4

Stanford cs231n
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Welght initialization

A look Into ways things can go wrong

# assume some unit gaussian 10-D input data
D = np.random.randn(1000, 500)
hidden layer sizes = [500]*10

Le-t’S ‘OOK a—t nonlinearities = ['tanh']*len(hidden layer sizes)

act = {'relu':lambda x:np.maximum(®,x), 'tanh':lambda x:np.tanh(x)}

Hs = {}

r”T’] for i in xrange(len(hidden layer sizes)):
X =D if 1 == 0 else Hs[i-1] # input at this layer

fan in = X.shape[1]
fan out = hidden layer sizes[i]

E C_U\/ S-U : n W = np.random.randn(fan_in, fan out) * 0.01 # layer initializatio,\

H = np.dot(X, W) # matrix multiply
H = act[nonlinearities[i]](H) # nonlinearity
Hs[i] = H # cache result on this layer

Statistics nit with small random numbers

# look at distributions at each layer
print 'input layer had mean %f and std %f' % (np.mean(D), np.std(D))
layer means = [np.mean(H) for i,H in Hs.iteritems()]
layer stds = [np.std(H) for i,H in Hs.iteritems()]
for i,H in Hs.iteritems():
print 'hidden layer %d had mean %f and std %f' % (i+l, layer means[i], layer stds[i])

E.g. /I O_|ayer net Wi-th zlf;%:;g‘z?:(f;eans and standard deviations

plt.subplot(121)

ES()(:) r]EBLJrC)r]ES ()r] E}Eﬂ(}f} plt.plot(Hs.keys(), layer means, 'ob-')

plt.title('layer mean')
plt.subplot(122)

|Ei§/€3r, LJESiFWQ} TEﬁ’Wk\ FWC)FW- plt.plot(Hs.keys(), layer stds, ‘or-')
. L L o plt.title('layer std')
inearties, and Initializing

as described |

# plot the raw distributions
' plt.figure()
n |aSt Sl|de for i,H in Hs.iteritems():
plt.subplot(1l,len(Hs),i+1)
plt.hist(H.ravel(), 30, range=(-1,1))

14
Stanford cs231n
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Welght initialization

look Into ways things can go wrong

layer std

layer mean
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Welght initialization

A look Into ways things can go wrong

layer mean : layer std
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000040 r e O——— i - s 1 8 3¢ P AH aC-U\/a-UOnS

become zero!

oA Q: think about the
S — S . L — pbackward pass.

0400 ool o S s i \\VVhat do the
250400 25000 250400 250401 250dot 250400 250402 250409 gradieﬂJ[S OOK \IK@7

A o o
LU

R P amAdan ey g ST snndan sandAAn anndr wiim A _ -
"‘-’3 W'Y 2 ., 1 LI A'.l..l ~.” U M _'L LIV Al ‘1‘ Uy Fab b} ':! v Pl J‘ ‘.' v UL | gy PULNE LN

000¢ 150q00 150400 150400 15040 15080 e S o i HiNt: think about backward
V 100¢00 102400 10000 100400 100000 100402 L 0040° ass ]CQI’ a W*X gate,

100C S0400 SO400 S0400 S0400 &300 5300 50400 50400
~ ~ " " " " ”
R T B \ : 10 '-Y ALOE BN AP 1 .l ‘.1 ~ At AA AL T A \11 - nE 8N AL \ \I ' 6L | AL ) " " | v - 1 A Ve & Y= 1 4 M . l
o V=V. 2 UV v J e V= V"N, J vy v J e Ve NV “.- w vV V.4 .‘ -l Y _.v - YV ¥ v e V=LN=V.J v . L - g - . —.- o vV ./ - e LY. J v 3 - e .V -‘-' - J

Stanford cs231n



http://cs231n.stanford.edu/

THE UNIVERSITY
OF BRITISH COLUMBIA

Weig h-t initia‘izatiOn W = np.random.randn(fan_in, fan out) * 1.0 # layer initialization

A look Into ways things can go wrong

*1.0 Instead of *0.01

layer mean +9.815¢~
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Based on slides for Stanford ¢cs231n by Li, Jonson, and Young. Modified and reused with permission
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u | | | ] 5 _ _ -
vWeight initialization s esessmisi s fu gt sus s

Glorot initialization [Glorot et al., 2010] Some number according to “fan in’

layer mean c L layer std
LA A S . S Statistically motivated

(Go00d for tanh

18
Stanford cs231n
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Welght initialization

Glorot initialization [Glorot et al., 2010]

layer mean

W

= np.random.randn(fan in, fan out) / np.sqrt(fan in) # layer initialization

layer std

Some number according to “fan in”
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Based on slides for Stanford ¢cs231n by Li, Jonson, and Young. Modified and reused with permission
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u | | | ] 5 _ -
Weight initialization e st fen 2w st s <o i

He initialization [He et al., 2015] magic number 2

layer mean layer std
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u | | | ] 5 _ o
Welg ht Inltla“zathn W = np.random.randn(fan in, fan out) / np.sqrt(fan in/2) # layer initialization

He initialization [He et al., 2015] magic number 2
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Recall: But It Is never that easy

A typical sad loss curve

Did something wrong, network not learming

L 0SS //

Finally learming, but | graduated last year

/

Steps

22
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Recall: But It Is never that easy

A typical sad loss curve

Did serething INit wrong, retwerkroHearg gradients saturated’?
LOss //

Finally learming, but | graduated last year

/

Steps

23
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BatCh ﬂOrma‘IzaJ[lOﬂ loffe and Szegedy, 2019

Recall...

a; — g(in;) = g (X;W;a;)

J

Bias Weight

a(] — "l i
W ()i

[nput Input  Activation Outout Output
Links Function Function P Links

25
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BatCh ﬂOrma‘IzaJ[lOﬂ loffe and Szegedy, 2019

Recall...
/ Linear operations should cancel out

y

a; — glin;) = g (2;W;a;)

Bias Weight

(g == —
0 ” R a;= g(in;)
W
(Il—i»
Input Input  Activation Outout Output
Links l-unctlon Function i Links

26
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BatCh ﬂOrma‘IzaJ[lOﬂ loffe and Szegedy, 2019

Forcing a zero-mean and unit standard deviation

consider a batch of activations at some layer. 1o
make each dimension unit gaussian, apply:

(k) — 2™ — E[z'®] this Is a linear ditterentiable
Var|[z(%)] function...

27
Stanford cs231n
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BatCh ﬂOrma‘IzaJ[lOﬂ loffe and Szegedy, 2019

Forcing a zero-mean and unit standard deviation

1. Compute the empirical mean ano

variance independently for each
dimension.
N
X 2. Normalize
(k) _ k) — E[z(*)]

28
Stanford cs231n
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BatCh ﬂOrma‘IzaJ[lOﬂ loffe and Szegedy, 2019

Forcing a zero-mean and unit standard deviation

FC Usually inserted after Fully Connecteo
N ) or Convolutional layers, and before
nonlinearity.

tanh

l

FC

| k g
BN k) _ = — E[aV]

tanh

29
Stanford cs231n
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BatCh ﬂOrma‘IzaJ[lOﬂ loffe and Szegedy, 2019

Introducing learnable scale / shift

(k) _ E[r(k)

Var[z(¥)]

And then allow the network to sguash
the range It it wants 1o:

y®) = A (K)3(H) 4 (k)

Stanford cs231n

30

Note, the network can leam:
'y(k) — \/Var[ac(k)]
Bk) = E[z(*)]

to recover the identity
mapping.
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BatCh ﬂOrma‘IzaJ[lOﬂ loffe and Szegedy, 2019

Introducing learnable scale / shift

IMPORTANT: At test time, we don't have these — use training time stats

/
(k) _ (k)
’x\(k) - £ E[IB ] / Note, the network can leam:
\/ Var[z(k)] «

7("') — \/Var[:z:(k')]

And then allow the network to sguash B (k) _ E[ ( k)]
the range if it wants to: — L|T

to recover the identity

y(k) = ,Y(k)’x\(k) 3 [3(’9) mapping.

31
Stanford cs231n
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oF BRI CoLumens Skipped in class
Other normalization techniques (outside of scope)

Batch Normalization

Batch Norm
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L S

H, W
Va5 A\
LT 777 7




[ = s Skipped in class
Other normalization techniques (outside of scope)

Batch Normalization

Batch Normalization for

Batch Normalization for convolutional networks

fully-connected networks (Spatial Batchnorm, BatchNorm2D)
Xx: N x D X: NXCxHxW
Normalize * Normalize ‘ $ ‘
gH,o0: 1 x D MH,0: 1xCx1lxl
Y,p: 1 x D Y,B: 1xCx1lxl

y = Y(x-M)/0o+p y = Y(x-M) /0o+B

33
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@ o e ot Skipped in class
Other normalization techniques (outside of scope)

Batch Normalization

L ¢ Batch Normalization for
Batch Normalization for convolutional networks

fully-connected networks (Spatial Batchnorm, BatchNorm2D)

Nis IS why train/test needs to be different

34
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i = e e Skipped in class
Other normalization techniques (outside of scope)

Batch Normalization

L ¢ Batch Normalization for
Batch Normalization for convolutional networks

fully-connected networks (Spatial Batchnorm, BatchNorm2D)

Always watch out when implementing!!!
Nis IS why train/test needs to be different

35
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oF BRI CoLumens Skipped in class
Other normalization techniques (outside of scope)

Batch Normalization

Batch Norm

/‘/"\ )
WA X
\ \ \
\
\

L S

H, W
Va5 A\
LT 777 7




oF BRI CoLumens Skipped in class
Other normalization techniques (outside of scope)

Layer Normalization

Batch Norm Layer Norm
<, T

H, W

L L S

R
.
i
o
.
.
<

X
N
Pt
=
\\
£
N
C

37



UBC

oF BRI coLume1s Skipped in class
Other normalization techniques (outside of scope)

Layer Normalization

Layer Normalization for

Batch Normalization for fully-connected networks
fully-connected networks Same behavior at train and test!
Can be used in recurrent networks
’ X
x: N »x D x: N x D
Normalize _
Normalize ‘
o: 1 x D
H M,0: N x 1
Y,B: 1 x D
Y,P: 1 x D

y = Y(x-l) /0'+ﬂ y = Y(X—") /O-+ﬁ



oF BRI CoLumens Skipped in class
Other normalization techniques (outside of scope)

Instance Normalization

Batch Norm Instance Norm
- ,A\\ 2N

5N

s \\\\Q :
T TS P
3.. \\i\ 3 N
= :\\\ = <
D S
\\\ ;
\\\\ g
1\ "
C ,
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i = e e Skipped in class
Other normalization techniques (outside of scope)

Instance Normalization

Batch Normalization for Instance Normalization for
convolutional networks convolutional networks
Same behavior at train / test!

X: NXCxHxW X: NXCxHxW

Normalize & % Normalize .

M,0: 1xCxlxl H,0: NxCx1lxl
Y,B: 1xCx1lxl Y,B: 1xCx1lx1l

y = Y(x-j)/0o+p y = Y(x-M)/o+p

Ulyanov et al, Improved Texture Networks: Maximizing Quality and Diversity in Feed-forward Stylization and Texture Synthesis, CVPR 2017
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oF BRI CoLumens Skipped in class
Other normalization techniques (outside of scope)

Group Normalization

Batch Norm Layer Norm Instance Norm

o

N >
\\‘\<’ | ,,-f"
= ST -
. \\ ’\ .
el B NN L=
SN
\\\\ A
N -
OB fi
\\\ |
B
C N

41



THE UNIVERSITY

Skipped in class
Other normalization techniques (outside of scope)

Group Normalization

Batch Norm Layer Norm Instance Norm Group Norm

/\\ S

- o

\
\

\,(\ S =
\\<<, \\ =

- \ = 4
=R NN T [ =
S s &

] [ et L 0=
\\\‘\ \\ ’,/
\\\ <4 o=

B
C N
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oF BRI CoLumens Skipped in class
Other normalization techniques (outside of scope)

Group Normalization

Batch Norm

>

\)/

RN

H, W
LT IO
PR AT 0 A

QWA WA

=
@

W .0 )

VAR (7 ST S AT

No train/test-time differences.

\Vuch preferred In my opinion.
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oF BRI CoLumens Skipped in class
Other normalization techniques (outside of scope)

Group Normalization

Batch Norm

>

\)/

RN

H, W
LT IO
PR AT 0 A

QWA WA

H, W

W .0 )

VAR (7 ST S AT

Can be implemented using Py Torch’'s Group norm.
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oF BRI CoLumens Skipped in class
Other normalization techniques (outside of scope)

Group Normalization

\)/

RN

H, W

W .0 )

Pre
~ TS
a
=)
S S
=l
o I ey
o
<L
~
C

<
R
e
.
e
.
.

Choice of normalization should be data dependent

45
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[loffe and Szegedy, 2015]

Batch normalization

- = = |nception

- = BN-Baseline

''''''' BN-x5

BN-x30

+  BN-x5-Sigmoid

¢ Steps to match Inception

| 1

5M 10M 15M 20M 25M 30M

47
Based on slides for Stanford cs231n by Li, Jonson, and Young. Modified and reused with permission
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W OF BRITISH COLUMBIA

Batch normalization

Recall...

[loffe and Szegedy, 2015]

1. compute the empirical mean and
variance independently for each
dimension.

2. Normalize

48
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Batch normalization

[loffe and Szegedy, 2015]

This imbalance between
dimensions is the problem

=




% THE UNIVERSITY
W OF BRITISH COLUMBIA [Ioffe and Szegedy, 2015]

Batch normalization

Let's artificially make it like this!




THE UNIVERSITY
OF BRITISH COLUMBIA

[loffe and Szegedy, 2015]

Batch normalization

- = = |nception

- = BN-Baseline

''''''' BN-x5

BN-x30

+  BN-x5-Sigmoid

¢ Steps to match Inception

| 1

5M 10M 15M 20M 25M 30M

951
Based on slides for Stanford ¢cs231n by Li, Jonson, and Young. Modified and reused with permission
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Preventing overtitting



THE UNIVERSITY
OF BRITISH COLUMBIA

Beyond training loss

Recall the other problem

Train Loss

17.5

15.0

12.5

100

1.5

5.0

y A

0.0

0 2500 5000 0 10000 12500 15000 17500 20000

Better optimization
algorithms help reduce
training loss

53
Based on slides for Stanford cs231n by Li, Jonson, and Young. Modified and reused with permission

0.9 -

0.8 1

0.7 |

0.6 -

W e o
A

0.5

Accuracy

—e— train
—e— val

0

2500 5000 7500

10000 12500 15000 17500 20000

But we really care apout error
on new data - how to reduce

the gap”?


http://cs231n.stanford.edu/

THE UNIVERSITY
OF BRITISH COLUMBIA

Beyond training loss

Recall the other problem

Train Loss Accuracy
17.5 0.9 - —e— train
15.0 —e— val
12.5 _ | | 0.8 -
. NOTE: No validation loss|
0.7 -
¥ A
i 0.6 1
25 EE S22 A
0.0 05
0 2500 5000 7500 10000 12500 15000 17500 20000 0 2500 5000 7500 (10000 12500 15000 17500 20000
Better optimization But we really care about error
algorithnms help reduce on new data - how to reduce
training loss the gap”?

54
Based on slides for Stanford cs231n by Li, Jonson, and Young. Modified and reused with permission
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UBC| THE UNIVERSITY
‘-‘W OF BRITISH COLUMBIA

A typical approach to overfitting

Regularization

N
1
=1
N J J
Y Y
Data loss: Model predictions Regularization: Model HWHz
should match training data should be “simple”, so it 2

works on test data

Occam'’s Razor:

"Among competing hypotheses,
the simplest is the best”

William of Ockham, 1285 - 1347

55
Stanford cs231n
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Common regularizers

L=+, max(0, f(zi; W); — f(zi; W)y, + 1) +AR(W)

In common use:

L2 reqularization R(W) =33, Wy, (Weightdecay)
L1 regularization RW) =3, Wk

Elastic net (L1 + L2) rw) =3, 3, 8W2, + Wi
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Common regularizers

L=+, max(0, f(zi; W); — f(zi; W)y, + 1) +AR(W)

In common use:

L2 reqularization R(W) = >, >, Wy, (Weight decay)
L1 regularization RW) =3, Wk

Elastic net (L1 + L2) rw) =3, 3, 8W2, + Wi
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UBC| THE UNIVERSITY
w OF BRITISH COLUMBIA

Common regularizers

My personal warning against L2

L=+, max(0, f(zi; W); — f(zi; W)y, + 1) +AR(W)

In common use:
L2 regularization  E(W) =530, >, Wy, (Weight decay)

L1 reqularization RW) =33, |W

Elal Laarhoven. 2017, “However, we show that L2
regularization has no regularizing effect when
combined with normalization. Instead,

regularization has an influence on the scale of
weights, and thereby on the effective learning rate.”

58
Stanford cs231n
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THE UNIVERSITY
OF BRITISH COLUMBIA

Why does this happen In the first place”

Train Loss Accuracy
17.5 09 - —e— train
15.0 *— val
12.5 0.8 1
10.0
0.7 1
15
5.0
0.6 -
25 ol
WM'..
0.0 0.5 -
0 2500 5000 7500 10000 12500 15000 17500 20000 0 2500 5000 7500 10000 12500 15000 17500 20000
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Why does this happen In the first place”

Train Loss Accuracy
17.5 0.9 - —e— train
15.0 —e— Val
125 @ 08 -
10.0
0.7 1
15
5.0
0.6 1
25 000000 0000000000
0000000000 e0d
0.0 0.5 | etee
0 2500 5000 7500 10000 12500 15000 17500 20000 0 2500 5000 7500 10000 12500 15000 17500 20000

Can we somehow encode
Uncertainty in data’”/
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Regularization: Dropout
Making it impossible to trust the data 100%

N each forward pass, randomly set some neurons to zero
CProbapility of dropping Is a hyperparameter; 0.5 Is common

O @

fo¥e o # 0

()
lo
' (/
-
%‘Ii'
\ /

o

C
Y
QY
AU
BKS
Ol
2N
C

Srivastava et al, “Dropout: A simple way to prevent neural networks from overfitting”, JMLR 2014

61
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UBC| THE UNIVERSITY
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Regularization: Dropout
Making it impossible to trust the data 100%

O Forces the network to have a redundant representation;
Prevents co-adaptation of features

Q/ Q - has an ear X
Q - has a tall
@ S furry X - cat

" SCore

Q has claws '
Q mischievous X

OOk

Srivastava et al, “Dropout: A simple way to prevent neural networks from overfitting”, JMLR 2014

62
Stanford cs231n



http://cs231n.stanford.edu/

o snian osumn Skipped in class
Regularization: Dropout (outside of scope)
Making it impossible to trust the data 100%

Another interpretation:

Dropout Is training a large ensemble of
models (that share parameters).

—ach binary mask Is one mode

An FC layer with 4096 units has
24096 ~ 101238 possible masks!

Only ~ 1082 atoms In the universe...

Srivastava et al, “Dropout: A simple way to prevent neural networks from overfitting”, JMLR 2014

63
Stanford cs231n
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B e Skipped in class

Regularization: Dropout at test tinteutside of scope)
Again the train / test gap

Output Input
(label) (image)

Random
Dropout makes our output random! . Jw .. mask

VVant to "average out” the randomness at test-time
y= @) = B:[f(@,2)] = [ p(2)f (2, 2)d:

Sut this integral seems hard ...
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§ o s coims Skipped in class
Regularization: Dropout at test tingeutside of scope)

An approximate solution

\Want to approximate the integra y = flz) = By fl2,2)| = / p(2)f(z, z)dz

36

Consider a single neuron.

65
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§ o s coims Skipped in class
Regularization: Dropout at test tingeutside of scope)

An approximate solution

\Want to approximate the integra y = flz) = By fl2,2)| = / p(2)f(z, z)dz
Consider a single neuron.

@ At test time we have: F|a| = wix + way
Wi ; E Wo

66
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§ o s coims Skipped in class
Regularization: Dropout at test tingeutside of scope)

An approximate solution

\Want to approximate the integra y = flz) = By fl2,2)| = / p(2)f(z, z)dz
Consider a single neuron.

@ At test time we have: F|a| = wix + way

. - i (o8 1
During training we have:  E|a =Z('w1:27 + woy) + :1(11,’1:1: + Oy)

1 1
+ Z(O;'L‘ + Oy) + 1(05"' + way)
1

zi(wlx + way)

Srivastava et al, “Dropout: A simple way to prevent neural networks from overfitting”, JMLR 2014

67
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§ o s coims Skipped in class
Regularization: Dropout at test tinteutside of scope)

An approximate solution

\Want to approximate the integra y = flz) = By fl2,2)| = / p(2)f(z, z)dz

Consider a single neuron.

@ At test time we have: F|a| = wix + way
. - | 1 1
W W, During training we have:  E|a :Z(wlx + way) + L_l(q_,,lg; + 0y)
1 1
+ Z(O‘LL‘ + Oy) + 1(0:{: + way)
At test time, multiply by .
dropout probability _i(u"l + way)

Srivastava et al, “Dropout: A simple way to prevent neural networks from overfitting”, JMLR 2014

68
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THE UNIVERSITY

Skipped in class
Regularization: Dropout (outside of scope)

How good is it

2'5_ ................................................................................................ RN S OTHPAIT PRI DIV XA e g o 50

’ ‘.
. p \
' ‘ A . y R A 2 \/
/ \ 2 A\\ N\ : 7 v ) v e 0 :
| D .
\ » ‘ ~' ’ ‘ 5 .n A
W AN A e v ; = . A \ A 4 )
: / ’ ‘ ’ - A .; - 5 : ! ~t 5 i D Y _
' v J — - Y » v y
’ ¥ Y . . - o V o . y
5t :

Classification Error %

\w«‘ '(‘f'"?\ AN L %

| [ I LoV Y XAVARIARRVA K

0 206000 400000 600000 800000 1000000
Number of weight updates

Srivastava et al, “Dropout: A simple way to prevent neural networks from overfitting”, JMLR 2014
69

Based on slides for Stanford ¢s231n by Li, Jonson, and Young. Modified and reused with permission Figures copyright JLMR, 2014. Reproduced for educational purposes.
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i = e e Skipped in class
Regularization: A common patterrioutside of scope)

Training: Add some kind of randomness

Y = fw(CC,Z)

Testing: Average out randomness
(sometimes approximate)

y = f(z) = B, [f(z,2)] = / Bl F 2, #)ds
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o snian osumn Skipped in class
Regularization: A common patterrioutside of scope)

Training: Add some kind of randomness Example: Batch Normalization
Training: Normalize using stats
Y = fW(an Z) from random minibatches

Testing: Use fixed stats to

Testing: Average out randomness ,
normalize

(sometimes approximate)

y = f(z) = B, [f(z,2)] = / (a2, #)ds

/1
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THE UNIVERSITY

Skipped in class
Why does this happen in the first ptadeitie of scope)

Train Loss Accuracy
17.5 i —e— train
15.0 —e— val
12.5 0.8 -
10.0
0.7

-9

5.0 -

25 -
0.0 05 - WWM.“

0 2500 5000 7500 10000 12500 15000 17500 20000 0 2500 5000 7500 10000 12500 15000 17500 20000
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Skipped in class
Why does this happen in the first ptadeitie of scope)

Train Loss Accuracy
17.5 0.9 - —e— train
15.0 —e— val
125 @ 0.8 1
10.0
0.7
15
5.0
0.6 1
25 o
WM'..
00 0.5 1
0 2500 5000 7500 10000 12500 15000 17500 20000 0 2500 5000 7500 10000 12500 15000 17500 20000

HOwW can we have more data’”?

/3



oF BRI coLumens Skipped in class
Regularization: Data augmentatiorjoutside of scope)

Load image
and label

Compute
< > . _ loss
/
g CNN
— _ /

74
Based on slides for Stanford cs231n by Li, Jonson, and Young. Modified and reused with permission



http://cs231n.stanford.edu/
https://www.flickr.com/photos/malfet/1428198050
https://www.flickr.com/photos/malfet/
https://creativecommons.org/licenses/by/2.0/

oF BRI CoLumens Skipped in class
Regularization: Data augmentatiorjoutside of scope)

Load image
and label
Compute
< —~ oSS

Transform image

75
Based on slides for Stanford cs231n by Li, Jonson, and Young. Modified and reused with permission
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oF BRI CoLumens Skipped in class
Regularization: Data augmentatiorjoutside of scope)

Load image
and label
Compute
< ~ loss
N— _

Transform image

- Horizontal / vertical flips
- Color / brightness

- Rotations / scaling

- Elastic transformation

/6
Based on slides for Stanford ¢cs231n by Li, Jonson, and Young. Modified and reused with permission
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oF BRI coLumens Skipped in class
Regularization: Data augmentatiorjoutside of scope)

Load image
and label

Compute

D — loss

g CNN

5 5 o :.'-'Y\ . i 0 ll N\ Y e b |,

‘ 2 S b | gy . ’ AY
& » W -
'y . .‘1_ e . "
s o g - :

. ) = L 6. '
" - .- " .
- » ) - : . -
ransform image [ d

- Horizontal / vertical flips
- Color / brightness
- Rotations / scaling
- Elastic transformation <

Simard, Steinkraus and Platt, "Best Practices for Convolutional Neural Networks applied to Visual Bgcument Analysis”, ICDAR, 2003
Based on slides for Stanford cs231n by Li, Jonson, and Young. Modified and reused with permission
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UBC| THE UNIVERSITY

@ o e coLumeis Skipped in class
Regularization: Data augmentatioroutside of scope)

Elastic deformations

1. Create random
displacement field with
Jniform distrinution

2. Smooth the displacement
fleld with a Gaussian
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oF SRITISH Cotumer Skipped in class
Regularization: Data augmentatiorjoutside of scope)

Elastic deformations

Algorithm Distortion Error | Ref.

2 layer =~ MLP | affine 1.6% | [3]
(MSE)

SVM atfine 1.4% | [9]
Tangent dist. affine+thick | 1.1% | [3]
LenetS (MSE) affine 0.8% | [3]
Boost. Lenet4 MSE | affine 0.7% | [3]
Virtual SVM affine 0.6% | |9]

2 layer MLP (CE) | none 1.6% | this paper
2 layer MLP (CE) | affine 1.1% | this paper
2  layer  MLP | elastic 0.9% | this paper
(MSE)

2 layer MLP (CE) elastic 0.7% | this paper
Simple conv (CE) | affine 0.6% | this paper
Simple conv (CE) | elastic 0.4% | this paper

Table 1. Comparison between various algorithms.

Simard, Steinkraus and Platt, "Best Practices for Convolutional Neural Networks applied to Visual Bgcument Analysis”, ICDAR, 2003
Based on slides for Stanford ¢cs231n by Li, Jonson, and Young. Modified and reused with permission
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oF BRI CoLumens Skipped in class
Regularization: Data augmentatiorjoutside of scope)

Elastic deformations

d

Name PhC-U373 DIC-Hela
IMCB-SG (2014) 0.2669 0.2935
KTH-SE (2014) 0.7953 0.4607
HOUS-US (2014) 0.5323 -
second-best 2015 0.83 0.46

u-net (2015) 0.9203 0.7756

Ron bg et. al,, "U-Net: Convolutio INtwkadeImgngtt ', 2015 80
Based on slides for Stanford ¢ 231byLJ and Young. Modified and re dwthpm
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oF BRI coLumens Skipped in class
Regularization: Data augmentatiorjoutside of scope)
Synthetic data

depth image == bodyparts =% 3D joint proposals

e Recognition in Parts from Single Depth Images”, 2011 g
[ nson, and Young. Modified and reused with permission
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oF BRI coLumens Skipped in class
Regularization: Data augmentatiorjoutside of scope)

Synthetic data + generative models

Unlabeled Real Images Simulated images

V5 PVW’*»V
vy Fupysy

Unlabeled Real Images Simulated images

Refined  Synthetic

Synthetic

Refined

supervis
Based on in dddddd Stanford cs231n by Li, oooooo , and Young . I\/Iodified and reused with permission
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v

THE UNIVERSITY amue Bt al, “BeCAF: A Deep Convolutional\ctivalion
F fi nexi | Becyndliony VIgRO14

OF BRITISH COLUMBIA zavi j ffcs JRFERL: A “ l C aSS
As ding B in aeOgnitiorM C VP WorkshOp

2014

Using pretrained networks outside of scope

1. Train on Imagenet

FC-1000
FC-4096
FC-4096

MaxPool
Conv-512
Conv-512

MaxPool
Conv-512
Conv-512

MaxPool
Conv-256
Conv-256

MaxPool
Conv-128
Conv-128

MaxPool
Conv-64
Conv-64

| Image |

83

Based on slides for Stanford ¢cs231n by Li, Jonson, and Young. Modified and reused with permission
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THE UNIVERSITY ame Bt al, “BeCAF: A Deep Convolutionalctivalion
f i eCcOl )
OF BRITISH COLUMBIA Rezar ”‘j' o 014“ l C aSS
As ding B in aeOgnitiorM C VP WorkshOp

Using pretrained networks outside of scope

1. Train on Imagenet 2. Small Dataset (C classes)
FC-1000 FC-C
FC-4096 A \\ Reinitialize
FC-4096 FC-4096 . .
this and train
MaxPool MaxPool
Conv-512 Conv-512
Conv-512 Conv-512
MaxPool MaxPool
Conv-512 Conv-512
Conv-512 Conv-512
MaxPool MaxPool > Freeze these
Conv-256 Conv-256
Conv-256 Conv-256
MaxPool MaxPool
Conv-128 Conv-128
Conv-128 Conv-128
MaxPool MaxPool
Conv-64 Conv-64
Conv-64 Conv-64 )
| Image | | Image |

84

Based on slides for Stanford cs231n by Li, Jonson, and Young. Modified and reused with permission
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OF BRITISH COLUMBIA
Using pretrained networks

1. Train on Imagenet

amue Bt al. “MeCAF: A Deep Convolutionalf\ctivallon

- j fes IS In Cl1ass
zavi “ t ( ‘q@- o[f: A

As ding B in aeOgnitiorM C VP WorkshOp

2014

(outside of scope)

2. Small Dataset (C classes) 3. Bigger dataset

FC-1000 FC-C \ FC-C

FC-4096 FE4% T\ ™ Reinitialize RESOON |« Train these
FC-4096 FC-4096 thIS an d train FC-4096

MaxPool MaxPool MaxPool \
Conv-512 Conv-512 Conv-512 W|th b|gger
Conv-512 Conv-512 Conv-512 dataset, train
MaxPool MaxPool MaxPool more IayerS
Conv-512 Conv-512 Conv-512
Conv-512 Conv-512 Conv-512

MaxPool MaxPool > Freeze these MaxPool
Conv-256 Conv-256 Conv-256 Freeze these
Conv-256 Conv-256 Conv-256

MaxPool MaxPool MaxPool .
Conv-128 Conv-128 Conv-128 Lower Iearnlng rate
Conv-128 Conv-128 Conv-128 when finetuning;
MaxPool MaxPool MaxPool 1/10 of Original LR
Conv-64 Conv-64 Conv-64 IS good Starting
Conv-64 Conv-64 j Conv-64 j p Oi nt

Image Image Image

Stanford cs231n

85
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T | Skipped in class
| arge generative meadeige of scope)

' 4
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o0
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-

Video from https.//twitter.com/HaiperGenAl/status/1 7458456 /0844522 /60
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T | Skipped in class
| arge generative meadeige of scope)
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Video from https.//twitter.com/HaiperGenAl/status/1 7458456 /0844522 /60
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S Skipped in class
FIShiNg INformation wWithiiselof scope)

Synthesized image «“ o watches

Average cross—attention maps across all timestamps
Cross—attention maps for individual timestamps

T3

Image from [Hertz et al., ICLR, 2023]

bear

87



B e vy Skipped in class
Correspondences frasmsolof scope)

Successful

Mixed

Failure

Spair-71k  CUB-200 PE-Willow

83
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| KypO\ﬂS from Jgutside of scope)
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AT | Skipped In class
| KypO\ﬂS from Jgutside of scope)
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B e Skipped in class
Text-to-3D from wldside of scope)

Input Multi-view images

“A cute squirrel”
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Based on slides for Stanford cs231n by Li, Jonson, and Young. Modified and reused with permission



http://cs231n.stanford.edu/

Skipped In class
(outside of scope)

More on Neural Networks

Lots more to learn! A good place to start is
Justin Johnson, University of Michigan, EECS 498/598, e.q.,
https://web.eecs.umich.edu/~justincj/teaching/eecs498/W12022/
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Skipped In class

Training Neural Nets: Clever Hans |
utside of scope

Clever Hans R 2 Wilhelm
(Orlov Trotter horse) &8 S A von Osten|



Skipped In class

Training Neural Nets: Clever Hans |
outside of scope
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Clever Hans AR Y Wilhelm |
(Orlov Trotter horse) S A von Osten)|

Hans could get 89% of the math questions right
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Hans could get 89% of the math questions right



