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Spatial Transformer Layer

• CNN is not invariant to scaling and rotation
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5

6

NN layer

End-to-end learn
Can also transform 
feature map



Spatial Transformer Layer
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Spatial Transformer Layer

• How to transform an image/feature map
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Image Transformation

Expansion, Compression, Translation
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Image Transformation

• Rotation

https://home.gamer.com.tw/c
reationDetail.php?sn=792585
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Spatial Transformer Layer
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6 parameters to describe 
the affine transformation
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Spatial Transformer Layer
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Spatial Transformer Layer
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What is the problem?

Gradient is 
always zero



Interpolation
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Now we can use gradient descent







Single: one transformation layer
Multi: many transformation layer
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House Number



Brid Recognition
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Highway Network & 
Grid LSTM 



x f1 a1 f2 a2 f3 a3 f4 y

𝑎𝑡 = 𝑓𝑙 𝑎
𝑡−1 = 𝜎 𝑊𝑡𝑎𝑡−1 + 𝑏𝑡
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𝑎𝑡 = 𝑓 𝑎𝑡−1, 𝑥𝑡 = 𝜎 𝑊ℎ𝑎𝑡−1 +𝑊𝑖𝑥𝑡 + 𝑏𝑖

t is layer

t is time step

Applying gated structure in feedforward network

Feedforward v.s. Recurrent

1. Feedforward network does not have input at each step

2. Feedforward network has different parameters for each layer



GRU → Highway Network
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Highway Network

• Residual Network• Highway Network

Deep Residual Learning for Image 

Recognition

http://arxiv.org/abs/1512.03385

Training Very Deep Networks

https://arxiv.org/pdf/1507.0622

8v2.pdf
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Input layer

output layer

Input layer

output layer

Input layer

output layer

Highway Network automatically 
determines the layers needed!



Highway Network



Grid LSTM

LSTM
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Grid LSTM

Grid
LSTM
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3D Grid LSTM
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Recursive Structure



x1
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Application: Sentiment Analysis
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h3 f g
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h3 gWord Sequence 

sentiment

Recurrent Structure

Recursive Structure

Special case of recursive 
structure

How to stack function f 
is already determined 

same 
dimension

word vector



Recursive Model

not very good

not very good

syntactic structure

word sequence:

How to do it is out 
of the scope



Recursive Model

f

By composing the two 
meaning, what should 
the meaning be.

Meaning of “very good”
V(“very good”)

not very good

syntactic structure

not very good

V(“not”) V(“very”) V(“good”)

Dimension of word 
vector = |Z|

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



Recursive Model

not very good

V(“not”) V(“very”) V(“good”)

f

not very good

syntactic structure
V(wA wB) ≠ V(wA) + V(wB) 

“good”: positive

“not”: neutral 

“not good”: negative Meaning of “very good”
V(“very good”)



Recursive Model

V(wA wB) ≠ V(wA) + V(wB) 

“棒”: positive

“好棒”: positive

“好棒棒”: negative

not very good

V(“not”) V(“very”) V(“good”)

f

not very good

syntactic structure

Meaning of “very good”
V(“very good”)

network



Recursive Model

not very good

V(“not”) V(“very”) V(“good”)

f

not very good

syntactic structure

f

“not” “good”

f

“not” “bad”

“not bad”“not good”

“not”
: “reverse” another input

Meaning of “very good”
V(“very good”)



Recursive Model

not very good

V(“not”) V(“very”) V(“good”)

f

not very good

syntactic structure

f

“very” “good”

f

“very” “bad”

“very bad”“very good”

“very”
: “emphasize” another input

Meaning of “very good”
V(“very good”)



f

f

V(“not”) V(“very”) V(“good”)

g

-

output
5 classes 

( -- , - , 0 , + , ++ )

not very good

ref

f

g

Train both …V(“not very 
good”)



Recursive Neural Tensor Network
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Experiments

5-class sentiment classification ( -- , - , 0 , + , ++ )

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



Experiments

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.



f

Matrix-Vector Recursive Network

inherent 
meaning

how it changes 
the others

not good

𝑎 𝐴 𝑏 𝐵
Zero? Identity?

Informative?
−1 0
0 −1
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Tree LSTM
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More Applications

• Sentence relatedness

NN

Sentence 1 Sentence 2

Recursive 
Neural 

Network

Recursive 
Neural 

Network

Tai, Kai Sheng, Richard Socher, and 

Christopher D. Manning. "Improved 

semantic representations from tree-

structured long short-term memory 

networks." arXiv preprint 

arXiv:1503.00075 (2015).



Batch 
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Experimental Results


