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Recap

• What	is	Deep	Learning?
• What	is	Neural	Networks?
• What	is	Recurrent	Neural	Networks?
• Different	formulations	of	RNNs
• Sequence-to-sequence	(Many-to-Many)	is	the	most	expressive

• Applications	of	RNNs:	machine	translation,	summarization,	image	
captioning,	…



Semantic	Parsing:	Sequence	to	Sequence
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Computing	the	gradient

Gradient	computation	involves	many	multiplication	of	V!
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Gradient	computation	problem

Largest	singular	value	>	1:	exploding	gradient

Largest	singular	value	<	1:	vanishing	gradient

Solution:	gradient	clipping.	Rescale	the	gradient	if	its	norm	is	too	big.

Solution:	LSTM.	Long	short	term	memory	networks.	
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Long	Short	Term	Memory	(LSTM)	
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Training

Algorithm:	Stochastic	Gradient	Descent
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Algorithm:	Stochastic	Gradient	Descent

Training	Objective:

Auto	differentiate!
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Prediction
Inference	Objective:

Approximate	arg max	with	beam	search



Beam	Search	(K=3)
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Beam	Search

• Can	be	very	slow	in	practice	
• How	to	prune	branches	more	efficiently?	
• How	to	take	into	account	global	structure?



Improvements	– Attention	Mechanism

Issue:	Compress	a	long	sentence	into	a	single	vector?

Solution:	Look	back	to	the	input	at	each	time	step
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Improvements	– Copying	Mechanism

Issue:	How	to	generate	rare	words?	How	to	generate	
words	that	do	not	occur	during	training?

Solution:	Attention-based	copying
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Other	tricks

• Increase	depth
• Bidirectional	LSTM
• Dropout
• Pre-train	word	embeddings
• Optimization	algorithms:	SGD,	SGD+Momentum,	AdaGrad,	Adam,	…



SEMPRE	vs	Seq2Seq

• Data	preparation
• Seq2Seq	is	simpler,	no	grammar

• Training
• SEMPRE	is	more	flexible	in	encoding	structural	features	(structural	loss	vs.	
maximum	likelihood	loss)
• With	enough	training	data,	seq2seq	can	learn	complex	hidden	patterns	

• Prediction
• Both	using	beam	search
• SEMPRE	may	not	need	beam	search	when	the	grammar	is	constrained	
enough



PyTorch Tutorial
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