Spatial Transformer

Ref: Max Jaderberg, Karen Simonyan, Andrew Zisserman, Koray
Kavukcuoglu, “Spatial Transformer Networks”, NIPS, 2015



Spatial Transformer Layer

* CNN is not invariant to scaling and rotation
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H NNIayer

Can also transform
feature map
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Spatial Transformer Layer

* How to transform an image/feature map
Layer -1 Layer |

. l l l
Spatial Transformer Layer | @11 | @12 | Q13

E—)

Translate

General layer: al,, = Z Z nm”
=1 j=1

If we want translate as above: ah;, = aén Dm

l _ e . I . ,
nm,ij — 1 ifi=n—-1,j=m Wpm,ij = 0 otherwise

w



Spatial Transformer Layer

* How to transform an image/feature map

Layer |-1 Layer | Layer I-1 Layer |

Control the
connection

Control the

R “



Image Transformation

Expansion, Compression, Translation
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https://home.gamer.com.tw/c
reationDetail.php?sn=792585

Image Transformation

* Rotation
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Spatial Transformer Layer

[ J=1¢ bl

Index of layer |-1

Layer |-1

Index of layer |

ais

az;

as;

6 parameters to describe
the affine transformation

Layer |



Spatial Transformer Layer

] [ 1] 6 parameters to describe
[y] 1 the affine transformation

Index of layer |-1 Index of layer |

Layer |-1 Layer |




Spatial Transformer Layer

[ [0 0. 5][2] [ 6 parameters to describe

the affine transformation

Index of layer |-1 Index of layer |
What is the problem?

Layer |-1 Layer |

Gradient is
always zero

L»m




| ﬂte rpC)latiQ N Now we can use gradient descent

Layer |

[0 0. 5"2] [ 6 parameters to describe
[ the affine transformation
Index ofIayerI 1 Index of layer | a, | at, |al,
0.4 0.6 aél aéz aé3
S
A / A a3, | as, | ass
0.6 0.6

IS

ab, = (1 —0.4) x (1 —0.4) x ak;?
o, [ _4 +(1-0.6) X (1—0.4) xal;?
+(1-0.6) x (1 —0.6) x al3?
+(1— 0.4) X (1 —0.6) X a3’
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Spatial Transformer







Size
Model 64px | 128px
Maxout CNN [10] || 4.0 -
. CNN (ours) 40 | 56
Street View DRAM® [1] 39 | 45
Single 37 | 39
House Number ST-CNN v 55 | 36 | 39

Single: one transformation layer
Multi: many transformation layer
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(a) m ST,f’ conv —+ST— conv —ST— conv —ST— - <6
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. . a 0”‘3]
Brid Recognition o dllf

224px

448px

Inceptionl

Model
Cimpoi " 15 [4] 66.7
Zhang *14 [30] 74.9
Branson ’14 [2] 5.7
Lin *15 [20] 80.9
Simon *15 [24] 81.0

CNN (ours) 224px || 82.3

2xST-CNN 224px || 83.1
2xST-CNN 448px || 83.9
4xST-CNN 448px || 84.1




Highway Network &

Grid LSTM



Feedforward v.s. Recurrent

1. Feedforward network does not have input at each step
2. Feedforward network has different parameters for each layer

“HMM

= filat™ ) = oc(Wtat~1 + bt) tis layer

g g t is time step

= f(at~ 1,xt) = o(What~1 + Wixt + b')

Applying gated structure in feedforward network




GRU — Highway Network

No input xtat each
step

No output ytat
each step

atlis the output of
the (t-1)-th layer

atis the output of
the t-th layer

No reset gate




h' =oc(Wat™1)
z=oc(W'at™1)
at=zQa"" '+(1-2)0Oh

Highway Network

* Highway Network * Residual Network
1at 4 at
<
Z — at~1
e B
Gate h copy
controller copy

— | —
_Cltl Eatl

Training Very Deep Networks Deep Residual Learning for Image
https://arxiv.org/pdf/1507.0622 Recognition
8v2.pdf http://arxiv.org/abs/1512.03385
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Highway Network automatically
determines the layers needed!




Mean Cross Entropy Error
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Highway Network

Lesioned Highway Layer

10 20

30

40

non-lesioned performance

MNIST

Mean Cross Entropy Error

Lesioned Highway Layer
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non-lesioned performance

CIFAR-100




Grid LSTM Memory for both

time and depth

depth







Grid LSTM




3D Grid LSTM
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Recursive Structure



Application: Sentiment Analysis

58

Word Sequence

—>‘ sentiment

<«— \Wword vector

Recurrent Structure

Special case of recursive
structure

Recursive Structure » dimension

How to stack function f
is already determined




Recursive Model

syntactic structure

How to do it is out
of the scope

not very good

word sequence:

not very

good



Recursive Model

syntactic structure

By composing the two
meaning, what should

, not very good
the meaning be. :

Dimension of word
vector = |Z]

Input: 2 X |Z], output: |Z]

Meaning of “very good”
XX * @@ @) V(“very good”)

—

(09000000 XXXXIXX) XXIXXIXX)
V(”not”)f V(”very”)f V(”good”)f

not very good




Recursive Model

syntactic structure
V(w, wg) #V(w,) + V(wg)

o

not”: neutral not very good

“good”: positive

“not good”: negative Meaning of “very good”
(XX * ® @ e V(“very good”)

f

—

(09000000 XXXXIXX) XXIXXIXX)
V(”not”)f V(”very”)f V(”good”)f

not very good




Recursive Model

syntactic structure
V(w, wg) #V(w,) + V(wg)

“PR": positive not very good
“IFRR": positive
“UFHEE”: negative Meaning of “very good”
(XX * ® @ e V(“very good”)
network f
(09000000 (XIXIXX) XIXTXIXXD)

V(”not”)f V(”very”)f V(”good”)f

not very good



Recursive Model

syntactic structure
“not good” “not bad”

I not very good

T

not” | ”good” | «“ tn | " ’ Meaning Of Hvery gOOd”
" bad XX * @ ® @ V(“very good”)

o

| | “reverse” another input :

“not” /

(09000000 XXXXIXX) XXIXXIXX)
V(”not”)f V(”very”)f V(”good”)f

not very good




Recursive Model

syntactic structure
“very good” “very bad”

_— - VoS
e e L .

uverynl “000d” I”ver . 7 Meaning of “very good”
y ad f_-_.' oo * oo '.:'j V(uvery goodn)

| | : “emphasize” another input

“very” /

(09000000 XXXXIXX) XXIXXIXX)
V(”not”)f V(”very”)f V(”good”)f

not very good

f




- ref
v 5 classes
OUTUt »(--I_IOI+I++)
g

“ Train both ...
V(“not very .
200d") If_ll-l*lll_; :

f

{ll.?lll}

f

\

CXXXXIXX) fXXXXxx) CXXXXxxy

V(”not”)f V("very”)f V(“good”

not very good




Recursive Neural Tensor Network

O 0000 OGOV

O )
2 -l ® |
O /V ~—

Little interaction between Q0090000 NN
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Experiments

5-class sentiment classification (--,-,0, +, ++)
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There has spice
z o 2 O ]'1.. enghl .
0 © parts | k[.) -
o O repetitive intell..ing
slow and

Demo: http://nlp.stanford.edu:8080/sentiment/rntnDemo.html



Experiments

's  justincredibly dull s definitely

Socher, Richard, et al. "Recursive deep models for semantic compositionality
over a sentiment treebank." Proceedings of the conference on empirical
methods in natural language processing (EMNLP). Vol. 1631. 2013.



Matrix-Vector Recursive Network
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Tree LSTM

Typical LSTM »

Tree LSTM




More Applications

* Sentence relatedness

a woman is slicing potatoes
4.82 awoman is cutting potatoes NN
4.70 potatoes are being sliced by a woman / \

4.39 tofu is being sliced by a woman

f_.l'f.ll:} ﬂ.l'?.ll:}

Tai, Kai Sheng, Richard Socher, and Recursive Recursive
Christopher D. Manning. "Improved Neural Neural
semantic representations from tree- Network Network
structured long short-term memory

networks." arXiv preprint 1 1

arXiv:1503.00075 (2015). Sentence 1 Sentence 2



Batch
Normalization



Experimental Results
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coode o0 BN=-x5-Sigmoid

Inception
BN-Baseline
BN-x5
BN-x30

¢ Steps to match Inception

]
10M

]
15M

20M

25M

30M




