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Activation functions
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how big fraction is the blue
region in 10-dim space”?
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e what happens when sigmoid input is only positive?

tanh activation function
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Activation functions

e zero gradient when saturated
* not zero-centered (pos. output)=>zig-zag
e computationally expensive

SlngId
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PyTorch: nn.Sigmoid()

tanh e zero gradient when saturated
tanh(z _f_ * computationally expensive
 PyTlorch: nn.Tanh()

ze@—g%a@eﬂﬁﬁheﬂ—&a%u%a%eel (dead ReLU!)

not zero-centered (only positive ouputs)
o eemﬁu%a%eﬂaﬁue%@eﬂa%
 Pylorch: nn.RelLu()
8 max(0, ) {0 z <0

RelLU
max (0, x)

e pbackprop: 5 —
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1 otherwise o
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Activation functions

RelLU
max (0, x)

o zero-gradctentwhen-saturated (partially => dead RelLU!)

* Not zero-centered (only positive ouputs)

o computatonaty-expensive
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Several RelLU variants

RelLU e PyTorch: nn.ReLu()
max (0, x) + backprop: O max(0, x) _ {0 r <0

ox 1 otherwise

ELU e Suppress discontinuity around zero
{x z 2  Pylorch: nn.LeakyRelLU(alpha=1)
ae®—1) z<0 - - i
* Does not suffer from dead Rel.Us
1 0.1 0
+ backprop: Omax(0.1x, ) _ { T <

Leaky RelLU
max(0.1z, x)

ox 1 otherwise

e Suppress discontinuity around zero

* Does not suffer from dead Rel.Us
* |mproved functionality in transformers 23
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Summary so far observed issues

- Values in feature maps can easily explode, diminish or get biased
- Gradients can easily explode or diminish or get biased

- We need to keep reasonable values - what are reasonable values?

INnitialization

Normalization
-1 0 +1

" =0 varx) = 1
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Batch normalization layer [loffe and Szegedy 2015]

https://arxiv.org/pdf/1502.03167.pdf (over 6k citation)
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Preserve signal variance among layers (i.e. var(y) = var( X;))

VW1
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Preserve signal variance among layers (i.e. var(y) = var( X;))
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Preserve signal variance among layers (i.e. var(y) = var( X;))

X1
" =0, V&I‘(lel) =1
X1
X2
_
" =0, var(zp) =1
.

2 2 — — 1
var(ziwi) = (var(z1) + g, ) (var(wi) + gy, ) — K, fo,= var(z)var(wi)
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Preserve signal variance among layers (i.e. var(y) = var( X;))
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Preserve signal variance among layers (i.e. var(y) = var( x;))
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Preserve signal variance among layers (i.e. var(y) = var( x;))
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Preserve signal variance among layers (i.e. var(y) = var( x;))
VV1
2 How should |

. Initialize weigths? y
1
var(w1

Va,f(x] ) ﬂ

T(we) = 1\

| Vax(m‘ﬂ
V&I‘(QJQ =1

var(ziwy) = (var(zy) + uil)(va,r(’wl) + ,uful) — uilufﬂlz var(xq)var(wy) = 1

N | -

var(y) = var(ziw; + Taws) = var(ziwy) + var(zews) = 2 = var(w;) =

var(y) = var( Wix; + WoXo + aaét Wy Xy ) =
IN

= var(w;j)var(x;) ! N " var(w;)var(Xx;)= var(w;) =

1
. N
1=1



Batch normalization layer [loffe and Szegedy 2015]
https://arxiv.org/pdf/1502.03167.pdf (over 6k citation)
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Kaimimg initialization
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Summary so far observed issues

- Values in feature maps can easily explode, diminish or get biased
- Gradients can easily explode or diminish or get biased

- We need to keep reasonable values - what are reasonable values?

INnitialization

Normalization
-1 0 +1

=0 varx) =1
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Summary so far observed issues

- Values in feature maps can easily explode, diminish or get biased
- Gradients can easily explode or diminish or get biased

- We need to keep reasonable values - what are reasonable values?

INnitialization

Normalization
-1 0 +1

=0 varx) =1

30



After the gradient update the weights changes ...
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After the gradient update the weights changes ...

normalization
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After the gradient update the weights changes ...
Using the same mean all channels too restrictive

normalization
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Using the same mean/cov for all channels too restrictive
Using the different mean/cov for each channel is ill-conditioned

LayerNorm
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Batch normalization layer [loffe and Szegedy 2015]
https://arxiv.org/pdf/1502.03167.pdf (over 6k citation)
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Batch normalization layer [loffe and Szegedy 2015}
https://arxiv.org/pdf/1502.03167.pdf (over 6k citation)
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Batch normalization layer [loffe and Szegedy 2015]
https://arxiv.org/pdf/1502.03167.pdf (over 6k citation)
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batch size channels width  height

~N |/ /

>>> nput =torch .randn( 20, 100, 35, 45)
>>> m = nn . BatchNorm2d( 100)
>>> output = m( input )

What is dimensionality of the output?

the same: 20x100x35x45
What is dimensionality of mean 7 AN
100 dimensional vector IV N
[
What is dimensionality of mean # 7 N
. . O L
100 dimensional vector YA
\ @@‘ C
Which ! are used during inference (testing)? Y
1 estimated either by exponential / A

smoothing or over the whole training set. channel index



't provably improves learning

Batch normalization layer [loffe and Szegedy 2015]
https://arxiv.org/pdf/1502.03167.pdf (over 6k citation)
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Why batch normalization helps®”??

't is still unclear remain an active research topic
Reduces internal covariate shift |, i.e. changes in distribution of layer inputs
Improves gradient [3ow and smoother loss  [Santurkar, NIPS, 2019]
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https://arxiv.org/pdf/1805.11604.pdf

BN Is model regularizer: one training example always normalized differently =>
small feature map |ittering (dataset augmentation) => better generalization
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Batchnorm drawback: sensitivity to batch size

Batch Norm (BN)
60
— BN, 32 1ms/gpu
55 — BN, 16 1ms/gpu
— BN, 8 ims/gpu
>0 — BN, 4 ims/gpu
— BN, 2 ims/gpu
45
w 40 |
-
=
L
35 ¢
30 - \‘.——‘. <) \‘
—
25 + T~
20 | | | | | | | 1 | J
0 10 20 30 40 50 60 70 80 90 100
epochs

\Wu, He, CVPR, 2018] https://arxiv.org/pdi/1803.08494.pdf
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There are other normalizations

Batch Norm Instance Norm Group Norm

- Channel-wise normalization

H, W

[ S S S S S

LSS S S S

- (Good performance

H, W

=l
|
<
=
N
N

NAAAVAWAY

[T 7777
NAVAVAVAWAY

- Sensitive to batch size

[ S S S S S

N/L LSS S S

Group normalization [Wu, He, 2018]

Layer Norm . o https://arxiv.org/pdf/1803.08494. pdf
- Instance-wise normalization

- Worse performance

H, W

Insensitive to batch size

ARV

NAVAVAVAVA

- Why do not take best of both worlds?
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Classification task
BN vs GN performance comparable for sufficiently large batch sizes

batch size = 32

val error
60
—Batch Norm (BN)
551 —Layer Norm (LN)
—Instance Norm (IN)

S0 —Group Norm (GN)

45
s
= 40
:
o IN

35

LN
30 1 M
k———“
BN
25
e -
20 :
0 10 20 30 40 50 60 70 80 90 100
epochs

\Wu, He, CVPR, 2018] https://arxiv.org/pdi/1803.08494.pdf
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Group Normalization - conclusions
BN Is sensitive to mini-batch size.

Batch Norm (BN)

— BN, 32 1ms/gpu
—BN, 16 ims/gpu
— BN, 8 ims/gpu
——BN, 4 ims/gpu

20 ©

— BN, 2 1ims/g

DU

0

10

| |
20 30 40 50 60 70 30 90

epochs

\Wu, He, CVPR, 2018] https://arxiv.org/pdi/1803.08494.pdf

J
100
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Group Normalization - conclusions

e BN Is sensitive to mini-batch size.

 GN is insensitive to mini-batch size.
» For smaller mini-batches GN outperforms BN significantly

Batch Norm (BN)

— BN, 32 1ms/gpu
—BN, 16 ims/gpu
— BN, 8 ims/gpu
——BN, 4 ims/gpu
— BN, 2 1ims/gpu
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\Wu, He, CVPR, 2018] https://arxiv.org/pdi/1803.08494.pdf
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Batch-lnstance normalizatior
\v.org/pdf/1805.07925.pdf

https://arx

What if | even learn to combine normalizations?

Batch Norm

H, W

[ S S S S S

/L LSS S S

(BN )

Instance Norm

H, W

[ S S S S S

C",L S S S S S

AR

[ LSS S S

(N )
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o Suitable for both style transter and classification

accuracy (%)

Batch-lnstance normalizatior
https://arxiv.org/pdf/1805.07925.pdf

y= 1&aRBN) £ 1)y aN) g+ 4

e BIN is learnable combination of BN a IN
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50 @ A ———
— BIN

40 ............................................................................................................... BN
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30 : :
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Batch-lnstance normalizatior
https://arxiv.org/pdf/1805.07925.pdf

y= 1aEN) @1 1)yaN) g+ #

 BIN is learnable combination of BN a IN
o Suitable for both style transter and classification
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Dropout
Filter pruning
Weight decay

Three more ways to suppress overfitting
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Dropout layer
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Dropout layer

e Pﬁ Z X g y
I ?Wz ; il Holololal
g -H0]010]0
Y y2
Conv(x, w2)
Bx3x5x5 F wa Bx3x4x4 Bx3x4x4 Bx3x4x4
-
Batch Batch Batch Batch
of of of of
images feature feature feature
layer: Maps — gyer:  MaPs  |gyer;t MaPs |gyer:
conv nonlin Drop-out conv?2

FCN layer: drop-out, ConvNet: Spatial drop-out, Transformers: Attention drop-out
Drop-out Is removed during testing (inference)
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Filter pruning

e Filters with negative response for all training data are dead.

o Filters with positive response for all training data are suspicious.
* Entropy-based filter pruning:

* High-entropy filters usually react on noise

e |Low-entropy filters usually react on almost nothing or almost everything

Number of filters

Entropy of activations
over training data

predictable NOISE
sensitive
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Weight decay

P

p(ylx,w) ! Ny(f (x,w),! )

10 0.0

w' = arg max p(yi [Xi, W) = arg min- (F(Xj, W) Yi)°
| |



Weight decay

pCyIx,w) I Ny (T (X, w),! 2) P
po(w) ! N (0, ! 2) T L

L ‘l P | 0.8
Norm of weights determmes =l f

Lipchitz constral nts
onthe f(x,w)

0.0

0.6

0.2 0.4 vy

0.4
0.6

. . 08 1.0 0.0

w' = arg max p(yi [xi, w)p(w)| =argmin  (f (xi,w) ! Yi)® +

0.2




How Is this penalty connect to decaying weights”?

w' = arg max o(yi [xi,w) = argmwin # (T(x,w), )
w:=w! ¥ (xw). y)
dw
w' = arg max o(yi [Xi, w)p(w)| = argmwin # (T, w), yy + (w(
wi=w! ¥ [,y 2wy = (1! 2 )w! ¥ (xw).y)
[ S ] B

Weight decay implemented as a part of optimizer
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Conclusions

 Robust initialization: set weights to have "normal” values in all layers
 Normalization:

BN Is reparametrization of the original NN which has the same expressive
power.

BN yilelds less sensitivity to vanishing or exploding gradient
(Improves beta smoothness => taster learning ).

BN Is model regularizer: one training example always normalized differently
=> small feature map jittering (dataset augmentation) => better generalization

BN works well on classi Pcation problems with larger batches (>4).

BN not suitable for transformers and recurrent networks. Different length
of training samples within a single batch => LayerNorm used instead.

o Alternatives LN, GN, IN, BIN are typically used for smaller batches,
recurrent, generative and transformers networks.

* Regqularization:

e Drop-out : reduces overfitting by randomly deactivating neurons/channels
 Weight decay : reduces overfitting by reducing reliance on specific kernels s



L oss functions Py Torch:

Regression:

Lo(w) = f(xi,w)" yil3 nn.MSELoss()
i

Lo(w)= f(xi,w)! i nn.L1Loss()

o
0B (xi,w) " yits, i f(xi,w) "yl < 1

L W) =
Laroan (W) f(xi,w)" yi|+0.5 otherwise

nn.SmoothL1Loss()

Classification (cross entropy):
# (W) = | log(s, (T(X;, w))) input logits: torch.nn.NLLLoss

|
iINnput probs: torch.nn.CrossEntropyLoss
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L oss functions
focal loss = less aggressive cross-entropy (#) + unbalanced classes ( )

CE(w) = l logp —n
i —y = 0.5
4 | | 1
FL(w)= !1i@Y pi) logp  [=—y=2
3 i —— =
)
N
ke
2 -
well-classified
examples
1 K—H
O Focal Loss —
0 0.2 0.4 0.6 0.8 1

probability of ground truth class



Py lorch: torch.

Trn data triplets:
(Xi X1 Yij)

Loss functions: Ranking loss

nn.MarginRankingLoss()

Interpretation:

If Vi
T Y;

+1, )  1(x,w) > 1(x;,w)
11,) 1, w) < T(X, w)

Loss construction:
Yi(T(x;, w) ! 1(x;, w)) > O

H o andW) = | ReLU( LY (T, w) ! f(xj,w)))
]
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