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The	NCI-DOE	partnership	will	extend	the	frontiers	
of	precision	oncology	(Three	Projects)

§ Cancer	Biology	
– Molecular	Scale	Modeling	of	RAS	Pathways
– Unsupervised	Learning	and	Mechanistic	models
– Mechanism	understanding	and	Drug	Targets	

§ Pre-clinical	Models	
– Cellular	Scale	PDX	and	Cell	Lines
– ML,	Experimental	Design,	Hybrid	Models
– Prediction	of	Drug	Response

§ Cancer	Surveillance	
– Population	Scale	Analysis
– Natural	Languge	and	Machine	Learning
– Agent	Based	Modeling	of	Cancer	PateintTrajectories
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Predictive	Modeling	of	Drug	Response
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Drug	Response	CANDLE	General	Workflow
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Drug	Combination	Response	Prediction
How	to	search	1	trillion	drug	combinations?

Aspuru-Guzik	et.al.	Variational	Autoencoder	



Preliminary	Deep	Learning	on	
Combination	Drug	Response
Classification:	87.9%	acc
Regression:	0.036	mse	loss

• 3,580,891	samples
• 310,898	unique	(CL,	D1,	
D2)	combinations

• 33,362 features
• Cell	Line:	25,722	RNA
• D1/D2:	3,820	descriptors

HP	Sweep	is	>	10K	cases

Pilot 1
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Hyperparameter	Search

3 x 3 x 3 x 4 x 3 x 3 x 3 x 4 = 11,664 cases  



Parallelism	Targets	in	CANDLE

Model
Parallel
10x-100x

Model
Parallel
10x-100x

Model
Parallel
10x-100x

Model
Parallel
10x-100x

Model
Parallel
10x-100x... ...

Hyperparameter	Search		~10,000x

Data	Parallel		10x-100x Data	Parallel		
10x-100x

...

10,000	x	10-100	x	10-100	=	1M	– 100M	cores



• Variational	Autoencoder
– Learning	(non-linear)	features	of	core	data	types

• Autoencoder
– Molecuar	dynamics	trajectory	state	detection

• MLP+LCNN	Classification
– Cancer	type	from	gene	expression/SNPs

• MLP+LCNN	Regression	
– NCI-60	drug	response	(gene	exp,	descriptors)

• CNN	
– Cancer	pathology	report	term	extraction

• RNN-LSTM
– Cancer	pathology	report	text	analysis

• RNN-LSTM
– Molecuar	dynamics	simulation	control

CANDLE	Benchmarks..	Representitve	problems



7 CANDLE	Benchmarks

Benchmark Type Data ID OD Sample
Size

Size	of	
Network

Additional	
(activation,	layer	

types,	etc.)
1.	P1:	B1	Autoencoder MLP RNA-Seq 105 105 15K 5	layers Log2	(x+1)	à [0,1]	

KPRM-UQ	
2.	P1:	B2	Classifier MLP SNP	à

Type
106 40 15K 5	layers Training	Set	Balance	

issues
3.	P1:	B3	Regression MLP+LCN expression;	

drug descs
105 1 3M 8	layers Drug	Response

[-100,	100]

4.	P2:	B1	Autoencoder MLP MD	K-RAS 105 102 106-108 5-8	layers State	Compression

5.	P2:	B2	RNN-LSTM RNN-LSTM MD	K-RAS 105 3 106 4	layers State	to	Action

6.	P3:	B1	RNN-LSTM RNN-LSTM Path	
reports

103 5 5K 1-2	layers Dictionary	12K	+30K

7.	P3:	B2	Classification CNN Path	
reports

104 102 105 5	layers Biomarkers	

Benchmark	Owners:
• P1:	Fangfang	Xia	(ANL)
• P2:	Brian	Van	Essen	(LLNL)
• P3:	Arvind	Ramanathan	(ORNL)
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https://github.com/ECP-CANDLE





Github	and	FTP

• ECP-CANDLE	GitHub	Organization:
• https://github.com/ECP-CANDLE

• ECP-CANDLE	FTP	Site:
• The	FTP	site	will	be	used	to	host	all	the	public	
datasets	for the	benchmarks	from	three	pilots.

• http://ftp.mcs.anl.gov/pub/candle/public/



BDEC	Questions	for	Deep	Learning

• What	are	the	key	frameworks	and	workloads	
for	Deep	Learning?

• Is	Deep	Learning	becoming	a	major	element	of	
scientific	computing	applications?

• What	hardware	and	systems	architectures	are	
emerging	for	supporting	deep	learning?

• Is	Deep	Learning	a	distinct	class	worthy	of	its	
own	software	stack	in	the	BDEC	Universse?



What	are	the	key	frameworks	and	
workloads	for	Deep	Learning?







Interactive	Computing	is	
key	in	Deep	Learning	workflows



How	Many	Projects?



Deep	Learning	is	becoming	a	major	element	of	
scientific	computing	applications

• Across	the	DOE	lab	system	hundreds	of	
examples	are	emerging
– From	fusion	energy	to	precision	medicine
–Materials	design
– Fluid	dynamics
– Genomics
– Structural	engineering
– Intelligent	sensing
– Etc.



DL	System	Architecture	Challenges
• Node	Centric	vs	Network	Centric
– Integrated	resources	on	a	node
– Disaggregated	resources	on	a	network*
– Static	Ratios	or	Dynamic	Ratios*

• Name	Space/Address	Space	Across	Instances/Stacks
– One	integrated	space	across	stacks
– Each	stack	maintains	names	and	addresses*
– Are	technology	components	converging?

• Training	vs	Inferencing..
– Online	vs	offline	training
– Embeddable	in	simulation	environments*



Hardware	and	systems	architectures	are	
emerging	for	supporting	deep	learning?

• CPUs
– AVX,	VNNI,	KNM,	KNH,	…

• GPUs
– Nvidia	P100,	AMD	Instinct,	Baidu	GPU,	…

• ASICs
– Nervana,	DianNao,	Eyeriss,	GraphCore,	TPU,	DLU,	…

• FPGA
– Arria	10,	Stratix	10,	Falcon	Mesa,	…

• Neuromorphic
– True	North,	Zeroth,	N1,	…



Is	Deep	Learning	a	distinct	class	
worthy	of	its	own	software	stack	in	

the	BDEC	Universe?



CANDLE	Software	Stack

Hyperparameter	Sweeps,	
Data	Management	(e.g.	DIGITS,	Swift,	etc.)

Architecture	Specific	Optimization	Layer	
(e.g.	cuDNN,	MKL-DNN,	etc.)

Tensor/Graph	Execution	Engine	
(e.g.	Theano,	TensorFlow,	LBANN-LL,	etc.)	

Network	description,	Execution	scripting	API
(e.g.	Keras,	Mocha)

Workflow

Scripting

Engine

Optimization
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CANDLE	Workflow	Layer
• “Convienence	and	Productivity”	layer
• Used	to	manage	large-scale	training	runs
– Hyperparameter	searches	O(104)	jobs
– Cross	validation	(5-fold,	10-fold,	etc.)
– Data	encodings	(log2,	Z-score,	percent,	etc.)
– Low-level	optimizations	(tensor	backends)

• Locate	and	transform	input	data
• Manage	caching	on	local	NV	store
– Internal	joins,	batching	management,	epochs

• Each	job	could	be	100’s	to	1000’s	of	nodes
• Driver	scripts	manage	runs	of		1K	>10M	core/hrs



Model	Scripting	Interface
• Aimed	at	the	user	developing	models..	Keras	is	
our	canonical	example

• Keras – python	interface
– Theano	and	TensorFlow
– target	for	LBANN

• Mocha – julia	interface	(similar	to	Caffe)
– Pure	julia	backend
– cuDNN

• Lasagne – python	interface
– Theano

• Torch7	NN	– Lua	Interface
– Torch	(TH	Tensor	Library)



DL	Frameworks	“Tensor	Engines”
• TensorFlow	(c++,	symbolic	diff+)
• Theano	(c++,	symbolic	diff+)
• Neon (integrated)	(python	+	GPU,	symbolic	diff+)
• Torch7	TH	Tensor	(c	layer,	symbolic	diff-,	pgks)
• Mxnet (integrated)	(c++)
• Caffe (integrated)	(c++,	symbolic	diff-)
• Mocha backend	(julia	+	GPU)
• LBANN (c++,	aimed	at	scalable	hardware)
• CNTK	backend	(microsoft)	(c++)
• PaddlePaddle	(Baidu)	(python,	c++,	GPU)



Torch7	“Stack”



Hardware	Optimization	Layers

• cuDNN – NVIDIA	low	level	library
– Caffe,	TensorFlow,	Theano,	Torch,	CNTK
– Supports	many	DL	features,	forwad	and	backward	
layer	types	for	common	topologies

– Forward	and	backward	convolution
• MKL-DNN	– intel	deep	learning	library
– Convolution,	pooling,	ReLU,	etc.	C	API
– Cifar,	AlexNet,	VGG,	GoogleNet and	ResNet*.



Parallelism	Options	and	I/O
• Data	Parallelism	(distributed	training	by	
partitioning	training	data)
– Can	this	be	managed	at	the	L2	(L3?)	

independently	of	L1?
• Model	parallelism	(parallel	training	by	
partitioning	network)
– Can	this	be	managed	at	the	L0	and	L1	levels	
independently	of	L2?

• Streaming training	data	loaders	at	what	level?
• Dashboard reporting	at	L2?
• Main	IO	at	L2?



Hybrid	Models	in	Cancer
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