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Recurrent Neural Networks

How can hierarchical compositionality be processed incrementally, in
linear time, by a recurrent artificial neural network?
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( five plus seven )
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How do we study the network?

Plotting activation values
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Diagnostic Classification
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Classifier

Perceptron

Model
GRU

Embedding

How do we study the network?

Diagnostic Classification
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minus_scope2+
minus_scopel+

close minus_scopel+

((-2-(6-((8+(-3-10))-(-2-10)))) - (1--8))
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mode

switch_mode
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Hypotheses
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minus:scopel+ 1111111111111 11111111 11111
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How about the gates?

Iiupdate gate
In reset gate
[

A minus_scopel+

C mode
B brackets to_close

D switch _mode
E subtotal




Using diagnostic classifier weights
What happens where?

...... Majority classifier . _________.
Minority cl
0o 1 2 3 4 5 6 7
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Symbolic Guidance

-»- GRU baseline

== GRU symbolically guided F

-B- LSTM baseline RS
1 | am= LSTM Symbolically guided K

0.5

0

L1

L2 L3 L4 L5 Le L7 L8 L9



A W0 NN

Future work

Now what?

. Understanding what learning biases we need?
. Injecting symbolic knowledge in neural networks?

. Understanding if neural networks have linguistic knowledge?



