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RNN:	modifications
• Gradient	clipping	(Mikolov,	2012;	Pascanu	et	al.,	2012)

• Gated	models:	
LSTM	(Hochreiter and	Schmidhuber,	1997)
GRU	(Cho	et	al.,	2014)
SCRN	(Mikolov	et	al.,	2015)

• Orthogonal	and	unitary	matrices	in	RNN	(Saxe	et	al.,	2014;	Le	et	al.,	
2015;	Arjovsky and	Shah	and	Bengio,	2016)

• Echo	State	Networks	(Jaeger	and	Haas,	2004;	Jaeger,	2012)
• Second-order	optimization	(Martens,	2010;	Martens	&	Sutskever,	

2011)
• Regularization	(Pascanu et	al.,	2012)
• Careful	initialization	(Sutskever et	al.,	2013)
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GRU
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SCRN
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Structurally	Constrained	Recurrent	Network
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Orthogonal	and	unitary	matrices
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uRNN
𝑊 = 𝐷Z𝑅[𝐹#$𝐷[Π𝑅$𝐹𝐷$

Complex:	
• hidden	units,	
• in-to-hidden	
• hidden-to-hidden

𝑜" = 𝑓(𝑈 𝑅𝑒 ℎ"
𝐼𝑚 ℎ"

+ 𝑏H)

𝑚𝑜𝑑𝑅𝑒𝐿𝑈 𝑧 = a
𝑧 + 𝑏

𝑧
𝑧 							𝑖𝑓	 𝑧 + 𝑏 ≥ 0

0																												𝑖𝑓	 𝑧 + 𝑏 < 0



uRNN

Pros:
• No	vanishing	or	exploding	gradients
• Memory:	𝑂(𝑛),	time:	𝑂(𝑛	𝑙𝑜𝑔𝑛)
• Good	parametrization:	𝑂 𝑛 parameters	→ more	hidden	units
• Very	long	dependencies

Cons:	
• LSTM	has	stronger	local	dependencies



RNN	for	sequence	classification

Generative	model	
for	each	𝑦

Discriminative	models

(𝑥$, … , 𝑥i) → 𝑦 ∈ {0,1}

many	to	one



RNN	for	sequence	classification

Generative		+	Discriminative

(𝑥$, … , 𝑥i) → 𝑦 ∈ {0,1}



URL	classification

Error, %
3-grams 13.3
Boosting:	3-grams	+	other 11.4

G-RNN 9.8

D-RNN:many	to	one 9.2
GD-RNN 9.4

LSTM,	GRU: no	improvements	

Malicious	URL	examples:
• qoog1e.com
• blog.arrowservice.net
• 777nmsc.com

Data:	train	≈	20k,	test	≈	10k
Architecture:
• 2RNN:	500+300,	
• 0.3	Dropout



Binary	files	classification

Too	much	data	for	RNN:
• millions	of	files
• average	file	size	≈	2MB

We	need	to	compress	it:
• Handcrafted	features
• Pretrained autoencoder/CNN
• Joint	training	of	RNN	and	

autoencoder/CNN

Why	is	it	hard:
• Non-symmetric	task
• Noisy	labeled	data
• Big	data
• Dynamic	data	distribution


