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•  	Deep	Learning:	a	quick	review		
•  	Background	Biology:	a	quick	review		
	
• Deep	Learning	for	analyzing	SequenDal	Data	about	RegulaDon:		

• DeepChrome	
• AIenDveChrome	
• DeepMoDf	
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hIps://www.deepchrome.org		

hIps://github.com/qdata		



Why breakthrough ? 
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Deep	Learning	 Deep	Reinforcement	Learning	

GeneraDve		
Adversarial		
Network	(GAN)	



Breakthrough from 2012 Large-Scale  
Visual Recognition Challenge (ImageNet)   

In one “very large-scale” benchmark competition 
(1.2 million images [X] vs.1000 different word labels [Y])  
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10%	improve		
with	deepCNN	
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Adapt	from	From	NIPS	2017	DL	Trend	Tutorial			
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DNNs help us build more intelligent computers

• Perceive	the	world,		
• e.g.,	objecDve	recogniDon,	speech	recogniDon,	…		

• Understand	the	world,		
• e.g.,	machine	translaDon,	text	semanDc	understanding	

• Interact	with	the	world,		
• e.g.,	AlphaGo,	AlphaZero,	self-driving	cars,	…	

• Being	able	to	think	/	reason,		
• e.g.,	learn	to	code	programs,	learn	to	search	deepNN,	…	

• Being	able	to	imagine	/	to	make	analogy,		
• e.g.,	learn	to	draw	with	styles,	……	
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Some Recent Trends
•  1.	Autoencoder	/	layer-wise	training		
•  2.	CNN	/	Residual	/	Dynamic	parameter		
•  3.	RNN	/	AIenDon	/	Seq2Seq,	…		
•  4.	Neural	Architecture	with	explicit	Memory		
•  5.	NTM	4program	inducDon	/	sequenDal	decisions	
•  6.	Learning	to	opDmize	/	Learning	DNN	architectures		
•  7.	Learning	to	learn	/	meta-learning/	few-shots	
•  8.	DNN	on	graphs	/	trees	/	sets	
•  9.	Deep	GeneraDve	models,	e.g.,	autoregressive	
•  10.	GeneraDve	Adversarial	Networks	(GAN)	
•  11.	Deep	reinforcement	learning		
•  12.	Validate	/	Evade	/	Test	/	Understand	/	Verify	DNNs		
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hIps://qdata.github.io/deep2Read/		



Deep Learning Way:  Learning Representa9on from data 

Feature Engineering  
ü  Most critical for accuracy  
ü   Account for most of the computation  
ü   Most time-consuming in development cycle  
ü   Often hand-craft and task dependent in practice  

Feature Learning  
ü  Easily adaptable to new similar tasks   
ü  Learn layerwise representation from data  
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Basics

• Basic	Neural	Network	(NN)	
•  	single	neuron,	e.g.	logisDc	regression	unit		
•  	mulDlayer	perceptron	(MLP)	
•  	various	loss	funcDon	

•  E.g.,	when	for	mulD-class	classificaDon,	soemax	layer	
•  	training	NN	with	backprop	algorithm	
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One “Neuron”: Expanded Logis9c Regression
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Mul9-Layer Neural Network (MLP)- (Feed-Forward) 
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“Block View”
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Training Neural Networks
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How	do	we	learn	the	opDmal	 weights	WL 	for	our	task??	
●  Stochas/c	Gradient	descent:		

LeCun	et.	al.	Efficient	Backpropaga0on.	1998		

WL
t
   =  WL 

t-1
  - 𝜂  𝝏 E 

𝝏 WL 

But	how	do	we	get	gradients	of	lower	layers?	
●  Backpropaga/on!	

○  Repeated	applicaDon	of	chain	rule	of	calculus	
○  Locally	minimize	the	objecDve	
○  Requires	all	“blocks”	of	the	network	to	be	differenDable	

x ŷ 

W1 

w3 

W2 

 E (ŷ,y) 

–	Main	Idea:	error	in	hidden	layers	
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Building Deep Neural Nets

hIp://cs231n.stanford.edu/slides/winter1516_lecture5.pdf	

f 
x y 



Important Block: Convolu9onal Neural  Networks (CNN)

• Prof.	Yann	LeCun	invented	CNN		in	1998		
•  First	NN	successfully	trained	with	many	layers		
	

16	Y.	LeCun,	L.	BoIou,	Y.	Bengio,	and	P.	Haffner,	Gradient-based	learning	applied	to	document	recogniDon,	Proceedings	of	the	IEEE	86(11):	2278–2324,	1998.	
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Adapt	from	From	NIPS	2017	DL	Trend	Tutorial			

CNN models Locality and Transla9on Invariance  


Make	fully-connected	layer	locally-connected	and	sharing	weight	



• Prof.	Schmidhuber	invented	"Long	short-term	memory”	–	Recurrent	
NN	(LSTM-RNN)	model	in	1997	
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Sepp	Hochreiter;	Jürgen	Schmidhuber	(1997).	"Long	short-term	memory".	Neural	ComputaDon.	9	(8):	1735–1780.		

Image	Credits	from	Christopher	Olah	

Important Block: Recurrent Neural Networks (RNN)



RNN models dynamic temporal dependency 

19	

Image	credit	:	wildML	

•  Make	fully-connected	layer	model	each	unit	recurrently	
•  Units	form	a	directed	chain	graph	along	a	sequence		
•  Each	unit	uses	recent	history	and	current	input	in	modeling	

LSTM	for	Machine	TranslaDon	
(Germany	to	English)		



State-of-the-art: Deep Neural Networks (DNNs)

ATGCGATCAAGTCTG

“Dog”	

“Protein-binding	Site”	
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Deep Neural Network (DNN) 

X	 Y	

	Y=f4	(f3	(f2	(f1	(X))))		

Challenge	:	DNNs	are	hard	to	Interpret	
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Interpretability	

DNNs	

Our Goal: Interpretable DNNs

Challenge	:	DNNs	are	
hard	to	Interpret	

Linear	Regression	
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Summary of our tools 
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Accurate	

DeepChrome	 AIenDveChrome	

DeepMoDf	

Understandable	

hIps://www.deepchrome.org		
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Biology in a Slide

DNA	 RNA	
PROTEIN	

ORGANISM	
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CELL	

Transcrip/on	

Transla/on	



DNA and Diseases

DNA	
PROTEIN	

•  Down	Syndrome	
	
•  Parkinson’s	Disease	
	
•  AuDsm	
	
•  Muscular	Atrophy	
	
•  Sickle	Cell	Disease	

	……….	
	………..	
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EpigeneDcs	
“Environment	
of	the	DNA”	



Control	
Gene	

TranscripDon	

27	

Chroma9n

2/22/18	



Histone Proteins
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Image:hIps://www.khanacademy.org/science/biology/cellular-molecular-biology/intro-to-cell-division/a/dna-and-chromosomes-arDcle	

CELL	
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DNA 

Gene 

ATCGCGTAGCTAGGGATGACAGACACACATAATGT	

TF 

TranscripDon	Factors	

Gene	

Transcrip9on Factor Binding  => Gene Transcrip9on



Histone Modifica9ons (HM)

Histone	

DNA	 Gene	

Gene	
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TF 



Genome Organiza9on and Gene Regula9on 

Genes	
Promoters	
Enhancers	

Regulatory	Elements	
Histone	ModificaDons	
DNA	methylaDon	

ChromaDn	remodeling	

ChromaDn	Structure	 Nuclear	Architecture	

Chromosomal	organizaDon	
Long	range	interacDons	
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Level	1	 Level	2	 Level	3	

Cellular	Phenotype	
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Genes	
Promoters	
Enhancers	

Regulatory	Elements	
Histone	ModificaDons	
DNA	methylaDon	

ChromaDn	remodeling	

ChromaDn	Structure	

Level	1	 Level	2	

ENCODE	Project	(2003-Present)	
Describe	the	funcDonal	elements	encoded	in	human	DNA	
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Genes	
Promoters	
Enhancers	

Regulatory	Elements	
Histone	ModificaDons	
DNA	methylaDon	

ChromaDn	remodeling	

ChromaDn	Structure	

Level	1	 Level	2	

ENCODE	Project	(2003-)	
Describe	the	funcDonal	elements	encoded	in	human	DNA	

Roadmap	Epigene/cs	Project	(REMC,	2008-)	
To	produce	a	public	resource	of	epigenomic	maps	for	stem	
cells	and	primary	ex	vivo	Dssues	selected	to	represent	the	
normal	counterparts	of	Dssues	and	organ	systems	
frequently	involved	in	human	disease.	
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Gene	
Expression	

TF	Binding	
Signals	

Histone	
ModificaDon	

Signals	

DNA	
Segments	

on	
Genomes	

Many	Possible	Computa/onal	Tasks	

34	

ATGCGATCAAGTCTG	
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hIps://www.deepchrome.org		
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Summary of our tools 
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Accurate	

DeepChrome	 AIenDveChrome	

DeepMoDf	

Understandable	

hIps://www.deepchrome.org		



Gene	
Expression	

TF	Binding	
Signals	

Histone	
ModificaDon	

Signals	

DNA	
Segments	

on	
Genomes	

Many	Important	Data-Driven	Computa/onal	Tasks	
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ATGCGATCAAGTCTG	

First	Task	



Histone Modifica9on and Gene Transcrip9on 

TranscripDon	Factor		
(TF)	

Gene	TranscripDon	

Histone	ModificaDon	
(HM)	
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TranscripDon	Factor		
(TF)	

Gene	TranscripDon	

Histone	ModificaDon	
(HM)	 ?	
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Histone Modifica9on and Gene Transcrip9on 
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TranscripDon	Factor		
(TF)	

Gene	TranscripDon	

Histone	ModificaDon	
(HM)	 ?	
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Histone Modifica9on and Gene Transcrip9on 
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•  Epigenomics:		
•  Study	of	chemical	changes	in	DNA	and	histones	(without	altering	DNA	sequence)		
•  Inheritable	and	involved	in	regulaDng	gene	expression,	development,	Dssue	
differenDaDon	and	suppression	…  	

• ModificaDon	in	DNA/histones	(changes	in	chromaDn	structure	and		funcDon)		
•  =>	influence	how	easily	DNA	can	be	accessed	by	TF	
	

•  Epigenome	is	dynamic	
•  Can	be	altered	by	environmental	condiDons		
•  Unlike	geneDc	mutaDons,	chromaDn	changes	such	as	histone	modificaDons	are	
potenDally	reversible	=>	Epigenome	Drug	for	Cancer	Cells?	

	

Why Studying [HM => Gene Expression] ?
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Study how HMs influence genes?

42	

Gene	A	 Gene	B	

HM1	 HM2	HM3	 HM1	 HM2	 HM3	 DNA	

2/22/18	

~56	Cell	Types	



Input
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-5000	bp	 +5000	bp	

Gene	A	

Gene	A	

Gene	A	

Gene	A	

Gene	A	

HM1	

HM2	

HM3	

HM4	

HM5	

TranscripDon	Start	Site		

Bin	#	 1	 2	 3	 4	..	 100 

HM1

HM2
HM3
HM4
HM5

Bin # 1 2 3 4 .. 100
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Computa9onal Challenge
Input	 Output	

HM1	

Gene	

DNA	 Gene	

?	 ?	 ?	

HM2	

HM5	

DNA	

DNA	

Gene	

Gene	

?	

?	
Search	Space	per	Gene	=	2100x5	

44	

… 	
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Related Work
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Gene	Expression	On/Off		

Linear	Regression,		
SVM,		
Random	Forest	

2/22/18	
[1]	Karli´c,	R.	et	al,	Histone	modificaDon	levels	are	predicDve	for	gene	expression.	Proceedings	of	the	NaDonal	Academy	of	Sciences	(2010)	
[2]	Cheng,	C.	et	al,		A	staDsDcal	framework	for	modeling	gene	expression	using	chromaDn	features	and	applicaDon	to	modENCODE	datasets.	Genome	Biology	(2011)	
[3]	Dong,	X.	et	al,	Modeling	gene	expression	using	chromaDn	features	in	various	cellular	contexts.	Genome	Biology	(2012)	



Related Work
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Linear	Regression,		
SVM,		
Random	Forest	

2/22/18	

Gene	Expression	On/Off		
[1]	Karli´c,	R.	et	al,	Histone	modificaDon	levels	are	predicDve	for	gene	expression.	Proceedings	of	the	NaDonal	Academy	of	Sciences	(2010)	
[2]	Cheng,	C.	et	al,		A	staDsDcal	framework	for	modeling	gene	expression	using	chromaDn	features	and	applicaDon	to	modENCODE	datasets.	Genome	Biology	(2011)	
[3]	Dong,	X.	et	al,	Modeling	gene	expression	using	chromaDn	features	in	various	cellular	contexts.	Genome	Biology	(2012)	



Drawback of Related Works
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Linear	Regression,		
SVM,		
Random	Forest	

2/22/18	

Gene	Expression	On/Off		
[1]	Karli´c,	R.	et	al,	Histone	modificaDon	levels	are	predicDve	for	gene	expression.	Proceedings	of	the	NaDonal	Academy	of	Sciences	(2010)	
[2]	Cheng,	C.	et	al,		A	staDsDcal	framework	for	modeling	gene	expression	using	chromaDn	features	and	applicaDon	to	modENCODE	datasets.	Genome	Biology	(2011)	
[3]	Dong,	X.	et	al,	Modeling	gene	expression	using	chromaDn	features	in	various	cellular	contexts.	Genome	Biology	(2012)	



DeepChrome

48	R.	Singh,	et	al.	”Deep-learning	for	predicDng	gene	expression	from	histone	modificaDons”.	Bioinforma0cs.	(ECCB)	(2016)	

Our First Solu9on: DeepChrome : CNN

HM1	

HM2	

HMk	



Our First Solu9on : CNN

Input	 Output	

Park	

SKY	
TREE	

HUMAN	

HM1	

HM2	

DNA	

DNA	

Gene	
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HM	signals	occupy	a	local	region	
and	look	similar	in	different	parts?				



Experimental Setup
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•  Roadmap	EpigeneDcs	Project	(REMC)	
•  Cell-types:	56	
•  Input	(HM):	ChIP-Seq	Maps	/	5	Tier-1	HMs	

•  Output	(Gene	Expression):	DiscreDzed	RNA-Seq		
•  Baselines:	Support	Vector	Classifier	(SVC)	and	Random	Forest	Classifier	(RFC)	

Histone	Mark	 Func/onal	Category	

H3K27me3	 Repressor	

H3K36me3	 Structural	Promoter	

H3K4me1	 Distal	Promoter	

H3K4me3	 Promoter	

H3K9me3	 Repressor	

Training	Set	
6601	Genes	

ValidaDon	Set	
6601	Genes	

Test	Set	
6600	Genes	



Results: Accuracy
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Summary of our tools 
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Accurate	

DeepChrome	 AIenDveChrome	

DeepMoDf	

Understandable	

hIps://www.deepchrome.org		

R.	Singh,	et	al.	Deep-learning	for	predicDng	gene	expression	from	histone	modificaDons”.	Bioinforma0cs.		(2016)	



Our 2nd Solu9on: Interpretability by Hierarchical Aeen9on

Input	 Output	

HM1	

HM2	

DNA	 Gene	

DNA	
Gene	

Gene	

Aeen/on	
Mechanism	
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Park	



Our 2nd Solu9on: Interpretability by Hierarchical Aeen9on

Input	 Output	

HM1	

HM2	

DNA	 Gene	

DNA	
Gene	

Gene	

Aeen/on	
Mechanism	
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Park	

(1)	What	posiDons	are	important?	

(2)	What	HMs	are	important?	
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Aeen9ve
Chrome

HM1	

HM2	

R.	Singh,	et	al.	”AIend	and	Predict:	Understanding	Gene	RegulaDon	by	SelecDve	AIenDon	on	ChromaDn”.	NIPS	(2017)		

HMk	



Overview

HM1	 HM2	 HM3	

LOCAL	
LEVEL	

Input	

GLOBAL	
LEVEL	

Gene	

Output	
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Overview

HM1	 HM2	 HM3	

LOCAL	
LEVEL	

Input	

GLOBAL	
LEVEL	

Gene	

Output	

57	
(1)	What	posiDons	are	important?	

(2)	What	HMs	are	important?	
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Recurrent	Neural	
Network	(RNN)	 RNN	RNN	RNN	RNN	

Mul/ple	Recurrent	Neural	Networks	(Hierarchical	RNNs)		
to	model	each	HM	and	the	Combina/on	of	all	HMs	:	for	example	on	HM1	

HM1	



Using Aeen9on to Select RNN per-unit outputs
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Wb	is	learned			

Image	Credits	from	Christopher	Olah	



Baselines Our Model 
Models DeepChrome (CNN)  RNN AttentiveChrome 
Mean 0.8008 0.8052 0.8115 

Median 0.8009 0.8036 0.8123 
Max 0.9225 0.9185 0.9177 
Min 0.6854 0.7073 0.7215 
Improvement over DeepChrome  

(out of 56 cell types) 
36 49 

Results

60	



Results: Local level aeen9on

CELL	TYPE:	GM12878	(Blood	Cell)	

						H3K27me3							H3K36me3					H3K4me1					H3K4me3							H3K9me3					

61	(1)	What	posiDons	are	important?	



Results: Global level aeen9on

62	

Ø An	important	differenDally	regulated	
gene	(PAX5)	across	three	blood	
lineage	cell	types:		
Ø H1-hESC	(stem	cell),		
Ø GM12878	(blood	cell),		
Ø K562	(leukemia	cell).		

Ø Trend	of	its	global	weights	(beta)	
Verified	through	the	literature.		

2/22/18	 (2)	What	HMs	are	important?	



Valida9on of Aeen9on Weights (using one extra HM signals )

63	

Ø  AddiDonal	signal	-	H3K27ac	(H-AcDve)	from	REMC	
Ø  Average	local	aIenDon	weights	of	gene=ON	correspond	well	with	H-acDve	
Ø  IndicaDng	AIenDveChrome	is	focusing	on	the	correct	bin	posiDons	

2/22/18	



Summary of our tools 
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Accurate	

DeepChrome	 AIenDveChrome	

DeepMoDf	

Understandable	

hIps://www.deepchrome.org		

R.	Singh,	et	al.	”AIend	and	Predict:	Understanding	Gene	RegulaDon	by	SelecDve	AIenDon	on	ChromaDn”.	NIPS	(2017)		
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Expression	

TF	Binding	
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Many	Important	Data-Driven	Computa/onal	Tasks	

65	

ATGCGATCAAGTCTG	

Second	
Task	



...GCGACGAATCG...AACGATATGCT...CATATCATTTC...TGTCAAG...CTCGAGTC...TATCAAGCTG...	

Task: Sequence Based Func9onal Annota9on Tasks 

TF1	 TF1	TF2	 TF3	

66	

TF2	TF3	 TF1	 TF2	



67	

Input	Sequence	
Probability	of	
Binding	Site	

1.   Convolu/onal	(CNN)	
	

3.	Convolu/onal-	
				Recurrent	(CNN-RNN)	

DeMo	Dashboard	-	LanchanDn,	Singh,	Wang,	&	Qi	 University	of	Virginia	

2.	Recurrent	(RNN)	
	

DeepSEA,	DeepBind,	BASSET,	DanQ,	….	

Literature: Various DNN Tools 



Deep Mo9f Dashboard: Understand DNNs by Post Analysis
Lanchan9n, Singh, Wang & Qi - Pacific Symposium on Biocompu9ng, 2017 

1.  Saliency	Maps	
2.  Temporal	Output	Values	

3.  Class	OpDmizaDon	

DeMo	Dashboard	-	LanchanDn,	Singh,	Wang,	&	Qi	



1. Saliency Map

Which	nucleoDdes	are	most	important	for	my	current-sample	classificaDon?	

posiDve	binding	site	
X S+ 

69	

DeMo	Dashboard	-	LanchanDn,	Singh,	Wang,	&	Qi	



1. Saliency Map

posiDve	binding	site	
X0 

S+ 
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= “saliency map” 

DeMo	Dashboard	-	LanchanDn,	Singh,	Wang,	&	Qi	

Quiz:	What	is	gradient?	

 
Deep Inside Convolutional Networks: Visualising Image 
Classification Models and Saliency Maps, ICLR 2013	



1. Saliency Map

PosiDve	senDment	
X S+ 

71	

This	 movie		 has		 one	 of		 the	 best	 plots	 I			 have	 seen	

=	important	for	classificaDon	

This	movie	has	one	of	the	
best	plots	I	have	seen	

DeMo	Dashboard	-	LanchanDn,	Singh,	Wang,	&	Qi	



1. Saliency Map

PosiDve	Test	Sequence	

Saliency	Map	

=	important	nucleoDde	for	predicDon	

posiDve	binding	site	
X S+ 
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DeMo	Dashboard	-	LanchanDn,	Singh,	Wang,	&	Qi	



2. Temporal Output Values

What	are	the	model’s	predicDons	at	each	Dmestep	of	the	DNA	sequence?	

posiDve	binding	site	
X S+ 

73	

DeMo	Dashboard	-	LanchanDn,	Singh,	Wang,	&	Qi	



2. Temporal Output Values

Check the RNN’s prediction scores when we vary the input of 
the RNN starting from the beginning to the end of a sequence. 

posiDve	binding	site	
X S+ 

74	

DeMo	Dashboard	-	LanchanDn,	Singh,	Wang,	&	Qi	



I	 don’t	 like		 the	 actors,	 but	 I	 really	 enjoyed		 this	 movie	

2. Temporal Output Values

posiDve	senDment	
X 

S+ 

I	don’t	like	the	actors,	but	I	really	enjoyed	this	movie	

=	negaDve	senDment	 =	posiDve	senDment	
75	

DeMo	Dashboard	-	LanchanDn,	Singh,	Wang,	&	Qi	



2. Temporal Output Values

posiDve	binding	site	
X S+ 

PosiDve	Test	Sequence	

RNN	Forward	Output	

RNN	Backward	Output	

=	negaDve	binding	site	predicDon	 =	posiDve	binding	site	predicDon	 76	

DeMo	Dashboard	-	LanchanDn,	Singh,	Wang,	&	Qi	



3. Class Op9miza9on

For	a	parDcular	TF,	what	does	the	opDmal	binding	site	sequence	look	like?	

?	 posiDve	binding	site	for	TF	“CBX3”	

77	

DeMo	Dashboard	-	LanchanDn,	Singh,	Wang,	&	Qi	



3. Class Op9miza9on

posiDve	binding	site	for	TF	“CBX3”	

Where X is the input sequence and the score S+ is probability of 
sequence X being a positive binding site 

78	

DeMo	Dashboard	-	LanchanDn,	Singh,	Wang,	&	Qi	

 
Deep Inside Convolutional Networks: Visualising Image 
Classification Models and Saliency Maps, ICLR 2013	



OpDmal	binding	
site	for	TF	“CBX3”	

3. Class Op9miza9on

posiDve	binding	site	for	TF	“CBX3”	
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DeMo	Dashboard	-	LanchanDn,	Singh,	Wang,	&	Qi	



1.  Saliency	Maps	
2.  Temporal	Output	Values	

3.  Class	OpDmizaDon	

Visualiza9on Methods

Sequence	
Specific	

TF	Specific	

DeMo	Dashboard	-	LanchanDn,	Singh,	Wang,	&	Qi	 University	of	Virginia	

code	available	at:	deepmo/f.org		



Related Work to Post-Understand DNN

• DeconvoluDon	

• PerturbaDon-based		

• BackpropagaDon-based	

• Difference	to	Reference	

•  Influence	based		
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Temporal	Output	Values	

Saliency	Map	 Class	OpDmizaDon	

DeepLie	

InfluenDal	FuncDon	/	ICML27	Best	Paper	



Summary of our tools 
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Accurate	

DeepChrome	 AIenDveChrome	

DeepMoDf	

Understandable	

hIps://www.deepchrome.org		



Summary: 
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Accurate	

Understandable	

DeepChrome	 AIenDveChrome	

DeepMoDf	

Linear??	
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Thank you
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More	Tools:		learning	graphs	
from	data	 
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hIps://www.jointggm.org		



Fast and Scalable Joint Estimators for Learning Sparse 
Gaussian Graphical Models from Heterogeneous Data 
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ObservaDonal	Samples		

Graphs	
	(Features	as	Nodes)		
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Mo9va9on: Graphs vary across contexts

2/22/18	



Mo9va9on: Graphs vary across contexts

Normal Leukemia	 Stem 

•  Different but related TF co-binding patterns in the form of graphs 
•  e.g., estimated from Chi-Seq  

89	
2/22/18	



Task I: Learning sparse changes between two graphs 

•  For example:  
•  Find differences in the brains of people with diseases, e.g. Autism, Alzheimer’s 

•  Used for understanding  
•  Used for diagnosis  90 

A

B

C A

B

C- = 

2/22/18	



Task II: Learning both shared and context-
specific graphs explicitly and simultaneously 

• Able to Know both 
•  House keeping interactions 
•  Context-specific networks 

91 2/22/18	



Limita9on of Previous Methods : Storage

92	

e.g.,	calculate	the	gradient	

in	memory	

Double	type:	65	TB		

When	K	contexts=	91,	p	nodes=	30K	

2/22/18	



Limita9on of Previous Methods: Speed

93	

Current	OpDmizaDon:		
	----	SDll	needs	SVD	for	each	covariance	matrix	

	
SVD	for	the	matrices	needs		

Traditional	OpDmizaDon	Method		
	----	Block	Coordinate	Descent	:		 

K	=	91,	p=	30K	

more	than	2	billion	years	

Suppose they have same iteration number T 

3.5	days	

/ Itera 

/ Itera 2/22/18	



Our Tools 

• Fast and scalable estimators for joint graph discovery 
from heterogeneous samples 

• Parallelizable algorithms 
• Sharp convergence rate (sharp error bounds) 

94 2/22/18	

More	details	at:	hep://www.jointggm.org/		



Summary

2/22/18	 95	

Accurate	

Scalable	

(n)JGL,Diff-CLIME	

DIFFEE,	FASJEM,SIMULE	
(R	packages)	

hep://jointggm.org/	



More	Tools:		A	Scalable	Tool	
to	Classify	Strings 
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hIps://www.jointggm.org		



One more scalable tool: GaKCo-SVM for 
sequence classifica9on 

97	

Ac
cu
ra
cy
	 gkmSVM	

(Trie)	
GaKCo-SVM	
(Sort+Count)	

Scalable	
R. Singh, et al. "Gakco: a fast gapped k-mer string kernel using counting." Joint European Conference on 
Machine Learning and Knowledge Discovery in Databases. Springer. (2017)	



Scales well with increasing ∑ and m

GaKCo

(b) Protein (1.34)(a) DNA (EP300)
GaKCo (Single thread)

(c) Text (Sentiment)
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gkm-SVM	:	>	5	hrs	
GaKCo	:	4	mins	

GaKCo

(b) Protein (1.34)(a) DNA (EP300)
GaKCo (Single thread)

(c) Text (Sentiment)
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More	Tools:		Making	Machine	
Learning	Robust	against	

Adversaries 
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Details	at:	
securemachinelearning.org/		



Tools for Robustness of Machine Learning

2/22/18	 100	

Accurate	

Robust	against	adversary	
(Secure	and	Private)	



Adversarial Examples to Fool DNN Models 

101	

0.007 × [𝑛𝑜𝑖𝑠𝑒]	+	 =	“panda” “gibbon” 
Example from: Ian J. Goodfellow, Jonathon Shlens, Christian Szegedy. 
Explaining and Harnessing Adversarial Examples. ICLR 2015. 

2/22/18	



EvadeML-Zoo: a benchmark toolbox

Model	

•  FGSM,	BIM,	
•  JSMA,	DeepFool,	
•  CW2,	CWi,	CW0	

•  MNIST	
•  CIFAR-10	
•  ImageNet	

•  CNN	
•  DenseNet	
•  MobileNets	

•  Feature	Squeezing	

2/22/18	 102	

More	available	at:	securemachinelearning.org/	



Backup 
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When to use Machine Learning ? 

• 1. Extract knowledge from data
•   Rela9onships and correla9ons can be hidden within large amounts of data
•   The amount of knowledge available about certain tasks is simply too large 

for explicit encoding (e.g. rules) by humans 


• 2. Learn tasks that are difficult to formalise

•   Hard to be defined well, except by examples (e.g. face recogni9on)

• 3. Create sooware that improves over 9me
•   New knowledge is constantly being discovered. 
•   Rule or human encoding-based system is difficult to con9nuously re-design 

“by hand”.
1042/22/18	



Nonlinearity Func9ons 
(aka transfer or ac9va9on func9ons)

x﹡w 

105	
hIps://en.wikipedia.org/wiki/AcDvaDon_funcDon#Comparison_of_acDvaDon_funcDons	

Name	 Plot	 Equa/on	 Deriva/ve	(	w.r.t	x )	

usually	works	best	in	pracDce	



History è Perceptron: 1-Neuron Unit with Step 
− First	proposed	by	RosenblaI	(1958)		
− A	simple	neuron	that	is	used	to	classify	its	input	into	one	of	two	categories.		
− A	perceptron	uses	a	step	func/on	

		
φ(z)= +1	if	z ≥0

−1	if	z <0
⎧
⎨
⎩

2/22/18	 106	

x1 

x2 

x3 

Σ 

Summing	
FuncDon	

Step	FuncDon	

w1 

w2 

w3 

+1	

b1 

z 

MulDply	by	
weights	



z1 

z2 

z3 
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x1 

x2 

x3 

x 

Σ 

Σ 

Σ 

ŷ1 

ŷ2 

ŷ3 

When for Mul9-Class Classifica9on

“So&max”	func/on.	Normalizing	
funcDon	which	converts	each	class	
output	to	a	probability.	
	

E (ŷ,y) = loss = -     yj ln ŷj Σ 
j = 1...K 

= P( ŷi = 1 | x ) 

W1 W3 

W2 

ŷi  

Cross-entropy	loss		

K = 3 
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Building Deep Neural Nets

“GoogLeNet”	for	Object	ClassificaDon	



Many classifica9on models  
invented since late 80’s
• Neural	networks	
• BoosDng	
•  Support	Vector	Machine	
• Maximum	Entropy		
• Random	Forest	
• ……		

2/22/18	 109	



Deep Learning (CNN) in the 90’s 
• Prof.	Yann	LeCun	invented	ConvoluDonal	Neural		Networks	(CNN)		in	1998		
•  First	NN	successfully	trained	with	many	layers		

2/22/18	 110	

Y.	LeCun,	L.	BoIou,	Y.	Bengio,	and	P.	Haffner,	Gradient-based	learning	applied	to	document	recogniDon,	Proceedings	of	the	IEEE	86(11):	2278–2324,	1998.	



Deep Learning (RNN) in the 90’s 

• Prof.	Schmidhuber	invented	"Long	short-term	memory”	–	Recurrent	
NN	(LSTM-RNN)	model	in	1997	

2/22/18	 111	

Sepp	Hochreiter;	Jürgen	Schmidhuber	(1997).	"Long	short-term	memory".	Neural	ComputaDon.	9	(8):	1735–1780.		

Image	Credits	from	Christopher	Olah	



Between ~2000  to  ~2011 
Machine Learning Field Interest

• Learning	with	Structures	!	+	Convex	FormulaDon!		
• Kernel	learning	
• Manifold	Learning	
• Sparse	Learning	
• Structured	input-output	learning	…		
• Graphical	model	
• Transfer	Learning	
• Semi-supervised			
• Matrix	factorizaDon		
• …… 	

2/22/18	 112	



“Winter of Neural Networks” Since 90’s  to  ~2011

• Non-convex	

• Need	a	lot	of	tricks	to	play	with	
•  How	many	layers	?		
•  How	many	hidden	units	per	layer	?			
• What	topology	among	layers	?	…….		

• Hard	to	perform	theoreDcal	analysis		

2/22/18	 113	



Breakthrough in 2012 Large-Scale  
Visual Recognition Challenge (ImageNet)   

In one “very large-scale” benchmark competition 
(1.2 million images [X] vs.1000 different word labels [Y])  
 

114	2/22/18	

10%	improve		
with	deepCNN	
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Adapt	from	From	NIPS	2017	DL	Trend	Tutorial			

2/22/18	



DeepChrome: Convolu9onal Neural Network (CNN) 

HM1	

HM2	

HM3	
HM4	
HM5	

X	

116	

1.	ConvoluDon	



DeepChrome: Convolu9onal Neural Network (CNN) 

HM1	

HM2	

HM3	
HM4	
HM5	

X	

f(X)	

Y=1/-1	

		
E = loss( f (

n=1

Nsamp

∑ X (n)), y(n))

1.	ConvoluDon	 2.	Max	
Pooling	

3.	Dropout	
4.	MulD-layer	
Perceptron	

5.	Soemax	
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DeepChrome: Convolu9onal Neural Network (CNN) 

HM1	

HM2	

HM3	
HM4	
HM5	

X	
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Θ←Θ−η ∂E

∂Θ
Back-propaga/on:	

 E (ŷ,y) 


