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Activation functions
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how big fraction is the blue
region in 10-dim space”?

d opt
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e what happens when sigmoid input is only positive?

0 20 40 60 80
step

sigmoid activation function
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e what happens when sigmoid input is only positive?

tanh activation function
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Activation functions

Sigmoid | e zero gradient when saturatead
o(z) = 1 * NOt zero-centered (pos. output)=>zig-zag

A== * computationally expensive

Pylorch: nn.Sigmoid()

e zero gradient when saturated

tanh . ot 2ora cantarad fanly maciiua A
tanh(z) . empuationaHy xensi o
 Pylorch: nn.Tanh()
m o zero-gradientwhen-saturated (dead Rel U!)
Rel U * NOt zero- Centered (only posmve ouputs)
maX(O7CE) o PyTQrch nn.RelLu()

e pbackprop:

Omax(0,z) |0 x<0
0x B

1 otherwise o
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Activation functions

Rel U
max (0, x)

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

* NOt zero- Centered (only pOS|t|ve ouputs)
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Several RelLU variants

ReLU o PyTQrch: nn.RelLu()
max (0, x) + backprop: O max(0, x) _ {0 r <0

ox 1 otherwise

ELU e Suppress discontinuity around zero

{x z 20  Pylorch: nn.LeakyReLU(alpha=1)
ae®—1) z<0 - - i

* Does not suffer from dead Rel.Us

Leaky RelLU
Omax(0.1x, x) 0.1 =<0
e pbackprop: =

max(0.1x, x)

ox 1 otherwise

e Suppress discontinuity around zero

* Does not suffer from dead Rel.Us
* |mproved functionality in transformers 23

GELU




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

u, =0 var(x) =1
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Batch normalization layer [loffe and Szegedy 2015]

https://arxiv.org/pdf/1502.03167.pdf (over 6k citation)

) how to initialize?

:: Y Y1 —_llllllll o= —
:: ﬁw . _>_’:: —
\A Y2
Conv(x, w,)
3x5x5 @ﬁﬁ“@ IxAx 3x4x4
N deviated values
Y3 (
images feature feature
maps maps
. layer: ‘ layer: layer:
conv nonlin conv?

-1 0 +1 -1

0O +1

29
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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 signa\ variance among layers (i.e. var(y) = var(x;))
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var(ziwy) = (var(zy) + uil)(va,r(wl) + ,uful) — uilufulz var(xq)var(wy) = 1
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Preserve S|gna\ varlance among layers (i.e. var(y) = var(x;))
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Preserve S|gna\ varlance among layers (i.e. var(y) = var(x;))
2 How should |

" |n|t|aI|ze weigths? Y
: Var(w1

Vaf(:zfl ) ﬂ

var(zo) = 1
var(zqwy) = (var(z1) + ps, ) (var(wr) + po,, ) — pg, pe, = var(zy)var(w;) = 1

Var(y) = V&I‘(il?l’wl -+ LEQ’wg) — V&I’(.’El’wl) -+ V&I‘((EQ’LUQ) = 2
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Preserve S|gna\ varlance among layers (i.e. var(y) = var(x;))
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Preserve S|gna\ varlance among layers (i.e. var(y) = var(x;))
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Batch normalization layer [loffe and Szegedy 2015]
https://arxiv.org/pdf/1502.03167.pdf (over 6k citation)

how to |n|t|aI|ze’?
T ﬁ [ivarwz _N

\ _|||| ||||||||

; ﬁw@ — el
\A y2
Conv(x, w) What does ReLU do
SXOX ﬁwg Sxaxa MP the variance?
\ ys3
Lconv(x, w3
images feature feature
maps Maps
layer:

A

-1 0 +1

conv

. layer: I ayer:
nonlin >onve2
-1 0 +1 -1 0 +1


https://arxiv.org/pdf/1502.03167.pd

Emor

Kaimimg initialization
https://arxiv.org/pdf/1502.01852. pdf
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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

u, =0 var(x) =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

u, =0 var(x) =1
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After the gradient update the weights changes ...
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After the gradient update the weights changes ...
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After the gradient update the weights changes ...

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

et f " % v, B v
:_ " Y1 —_llllllll \ [ s s s o= —
i ol = SRR O | EERE R D HEEEE

" Y2 ﬁ _ Xi — U

3x5x5 fﬁ“’?’ x4 x4 | g 3x4x4 3x4x4
S 3 Ye =vX+ P
G x>
images feature feature feature
maps maps maps

I layer: ‘
conv

-1 0 +1 -1 0 +1 _1

' layer: ' layer:
nonlin convZ

O +1 o Y O

40



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 lay

er [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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H,
[T 77 77

LSS S S S

/\ set of all element indexes
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channel Ingex
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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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https://arxiv.org/pdf/1502.03167.pd

batch size channels width  height

~N |/ /

>>> input = 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 u

100 dimensional vector

What is dimensionality of mean y 7
100 dimensional vector

Which u, o are used during inference (testing)?

u, o estimated either by exponential
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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| | |

15M 20M 25M 30M
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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 flow and smoother loss |Santurkar, NIPS, 2019

10 | @ Standard 250 mmm Standard 45 —— Standard
J I, Standard #+ BatchNorm é | Standard + BatchNorm 40 -~ Standard + BatchNorm
Qv . < 200 A 35
Q | S U
© m VV‘ J = e 30
2 N \ = 150 \ <
-\l L | A, ,
j % 100 ! L | g 20 h‘ L AN Aol ol WA Il' || ‘
e : | ’ z '
- o0 b 8 50 \ Il /J | M 15
O 10
0 4 5
0 5k 10k 15k 0 5k 10k 15k 0 5k 10k 15k
Steps Steps Steps
(a) loss landscape (b) gradient predictiveness (¢) “effective” B-smoothness

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, 8 ims/g
——BN, 4 ims/g
— BN, 2 1ims/g

— BN, 32 1ms/gpu
—BN, 16 ims/gpu

ol
ol

DU

10

| |
20 30 40 50 60 70 30 90

epochs

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

100
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error (%)

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

10

| | |
20 30 40 50 60 70 30 90
epochs

100

60

55 -

S50

error (%)

Group Norm (GN)

—GN, 32 1ms/gpu

—GN, 16 ims/gpu

—GN, 8 ims/gpu
—GN, 4 ims/gpu
—GN, 2 ims/gpu

10

20

30

|
40

50
epochs

60

70 380 90

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

|
100
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Batch-lnstance normalizatior
https://arxiv.org/pdf/1805.07925. pdf

What if | even learn to combine normalizations?

Batch Norm Instance Norm

H, W

[ S S S S S

C",L S S S S S

o
B
< ™
=
"N
N

AR

([ /S /S /S S/

/L LSS S S

(BN) (IN)


https://arxiv.org/pdf/1805.07925.pdf

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

y=(p- 2"V +(1=p)- 2y 45
 BIN is learnable combination of BN a IN
o Suitable for both style transter and classification

80
70 R ———————— yesecscevocevedasocitoles iV Ul ccccoscccccsoscssssssvssssssssssvssesovse
_ AV oy
N1 — e Classification..-
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§ O Y (-
—— BIN
Vi (I EETU SRR ....................................................................................... BN
—— BN+IN
—— IN
30 T T
0 20 40 60 80 100 120 140 160
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Batch-lnstance normalizatior
https://arxiv.org/pdf/1805.07925.pdf

y=(p- 2PN+ (1=p)-20) 545
 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

llllllllll E Z X p

‘!

_: \ Y1 __llllllll _llllllll \ _llllllll
I Conv(x, wi)——t| I T N _, 11010[0[0
i pEn : i 0000
. -0[0]010
N :
D
Bx3x5%5 FWS Bx3x4x4 Bx3x4x4 Bx3x4x4
lnnj |
LB
Batch Batch Batch Batch
of Of Of Of
layer: Maps — jgyer:  MaPs  Jayer: ™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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p(y|x, w) ~ Ny (f(x,w),o" =

Weight decay

W = arg max
W



p(y|x,w) ~ N, (f(x,w), o°)
p(w) ~ Nw (O,

o

Norm of weights determmes

)

Lipchitz Constramts AL

on the f(x, w)

0.0
0.2

0.4

W = arg mvgx (H p(yi|x:, w)p(w)

J
| > >
L~ |

Weight decay

0.6
X

[w]l
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How Is this penalty connect to decaying weights”?

W' = arg max (H (Y X, W)) = arg mvin Z(f(x,w), y)

0Z (f(x, W), y)
oW

W =W—Q

W' = arg max (Hp(yixi,w)p(w)) = arg mvin Z(fix,w), y) + lIw]|

0Z (f(x, W), y)
9A% s

0Z (f(x, W), y)
oW

WZ=W—0([ +2W] = (1 -20)w—a

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 yields 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 classification 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.
» Alternatives LN, GN, IN, BIN are typically used for smaller batches,
recurrent, generative and transformers networks.
* Regularization:
* 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:
ZHf Xiy, W Y’LHQ nn.MSELoss ()
:Z‘f Xy W —yi‘ nn.L1Loss ()

0.5 fXZ',W — 7;2, ifin,W — Yy < 1.
Llsmooth (W) — {ZZ ” ( ) Y ||2 | ( ) Y ‘ nn.SmoothLlLoss ()

Zi ‘f(Xz', W) — yz-l + 0.5, otherwise.

Classification (cross entropy):
L(w) = ) log(s, (f(x;, W))) input logits: torch.nn.NLLLoss
iINput pProbs: torch.nn.CrossEntropyLoss
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Loss functions
focal loss = less aggressive cross-entropy (y) + unbalanced classes ()

| CE(w) =) —logp; —
() m—~ = 0.5
4 1
FL(w) = Z —ai(1 —p;)7 logp;  |=—ny=2

3 i — =8
7))
N
O

2 -

well-classified
examples
1+ A\
O Focal Loss —
0 0.2 0.4 0.6 0.8 1

probability of ground truth class
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Loss functions: Ranking loss

Pylorch: torch.nn.MarginRankingLoss/()
Trn data triplets: Interpretation:
(X, X, Vi) it y;=+1, = fAx,w)>fx,w)

it y,=—-1, = fXx, W) <f(X,wW)

LOSS construction:
y{f(X;, W) — f(X;, w)) > 0

LW = Y ReLU( — 3 (fx W) — fix; w)))

J
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