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FARY HRPG B A N — (1)

« B3~M20DtE (1999~2002%)

- BEXKERIE NT/LBBITEY Y —
« Sun Ultra Enterprise 10000 y
— 64CPUs, 16GB mem, 818GB disk

9 Human Genome Center
Insti f Medical Science, University of Tok:

« SGI Origin2000
— 128CPUs, 24GB mem, 636 GB disk

« I3 7EERRU

-« 7OERAKREKRA or pthread
o HEXFIERE

« THINAZVY

« /X7
e
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e DI~ (2003~)
~-HEKERMFE NT/LBREYT—D
A/NNANUZa2—=7)
« Sun SF1bK
— 96 CPUs, 288GB mem, 10TB disk

« SGI Origin 3900T
— 512 CPUs, 512 GB mem, 15TB disk

« Xeon PC 7 5 RX%
— 128 CPUs, 256 GB mem, 3 TB disk
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. 20084

- Ry 77UMERETZTOS 7 MMCSn

« 20094F~

— e N/ LEREYY—D /)XY
—a—x)l (Shirokanel)

« Sun Blade (Xeon

Linux PC 7 2 X% —)

- 700 /—RK~, Lustre 7 714IL> A7 L (1.6PB)

« Sun Grid Engine

— IEARICC
« HEDICHEVEES

m

ENELGDEL

— Xeon 1024/ —NR

(81923 7)




R

« HGC Shirokane2 (15#tEH)
— AMD Opteron 494 /— kK (16,1282

« mem: 32GB/node

—Xeon 12 /—K (144 377)
« mem: 144GB/node

— Disk: 4PB
_Top500 (June 2013)T 468 {iL.
¢ TR

- TSUBAME

N



¢« 5> EIITHHIRDFEZ.




Gene Network Estimatior

Gene expression can be measured at mMRBNA level.

mMRNA Ly »

. i Genel 145 -154 1.23
Estimation
Gene 2 3.21 2.1 1.44

K Gene

Regulatlon ﬁ < |
Reverse engineering of  Gene Expression Data

Gene
? /C) the background system
,/C% Discovery of a new marker.
O Predict drug side effect.

k Gene Network / Comparison of gene regulations between
normal versus cancer cells.

DNA chip (microarray) bt SR
W | Gene | Kp1 | K02 | KD3 | .|




Eﬁ?*wh?—ﬁ%?ﬂ
RAITIRYNT—D

Node = Gene X, X5,.. ,Xp . Random variables corresponds to p

@ genes (transcripts).

Consider the joint probability of these p variables.

Pr(X,,X,,...X,)

Joint Probability by a DAG (Directed Acyclic Graph]

@ Pr(X,,X,,...,X¢) Product of local probabilities
@ = Pr(X,) x Pr(X,) x Pr(X, | X,) x Pr(X, | X,,X,)
Directed Edge =
Regulatory x Pr(X, 1 X;) xPr(X, 1 X,,X,)

Relationships

DAG = Directed graph with no loops.

12




i
Imoto et al. (2002])

Nonparametric Bayesian Network Model

\We use the nonparametric Bayesian network as models for gene networks

Joint density function by a DAG [Directed Acyclic Graph]
Node = Gene (X, X5, ., Xg)
@ =p1(X1)p2(X2)p3(X3 |X1)p6(X6 |X39X4)

Nonparametric regression by B-spline

e.g. X =m(x;)+¢€ e ~ N(0,0°)

General Form:

o] oy 0 )
o’ i&’&&_\ Xy =mu (X ) +..+my (X, )+¢;
@ @ = o € ~ N(O’Oj)
i s
Directed Edge = . PN (/) E D (5
Regulator‘y ‘Tiofo 02 04 06 ° 08 10 Jk (x ) /=1 )/lkb )

Relationships parent gene [X;]

coefficients B-spline curves
13




RAITPIRYRNT—D 2

DAG (Directed Acyclic Graph: 3EX[EIE AT 2 7) I & 2 [EIRFHESR

P(X,X,X,X,X,X,)
- P(X,)P(X,)P(X,| X )P(X,|X,,X,)P(X,| X,)P(X,| X,,X,)

= HP(XJ. | Pa(X)) n: the number of nodes.
j=1 :
DAG Pa(X): parents of X;
@ @ Network score = Posterior Probability
P(G)P(X|G) GFvyhI—vtEE
PG| X)= X BHF—5

@ 0 P(X)

< P(G)P(X|G)

SREXRODSVWRY NV —7UBE=R\WRYy NV —71E&

FE: Ad7DRHBVLWDAGEEZEEL WL,




Problem Definition

Posterior probability N
2(G1X)«a(@ [] ]| [F(x;1pa.0,)7(8, 1 2)d6,

i=1 j=1

Network score

(x) BNRC(G, X) = —ZIOg{ﬂ(G) ) ﬁ]‘[ f(x,| pal.6,)n(6, 11)d6, }

i=1 j=1
= > s(X,Pa’(X)),X)
ofRe g
s:Vx2"xR" =R |V |=n :nodes

Network estimation [Definition)
@ .
@ G= argmGlnEs(Xj,Pa (XJ,),X)
j=1

subject to G is acyclic.

Score-based structure learning (search) of a Bayesian network




# Nodes="1

O

Searching DAGs

# DAGs=1

16



Searching DAGs

# Nodes=1 # DAGs=1

# Nodes=2 O
# DAGs=3

17



Searching DAGs

;

T O
Nodes=2 g
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# Nodes=5

DAGs = 29,281




# Nodes=5

DAGs = 29,281

# Nodes=6

DAGs = 3,781,503




# Nodes=5

DAGs = 29,281

# Nodes=6

DAGs = 3,781,503

# Nodes=/

DAGs = 1,138,7/79,265




# Nodes=5

DAGs = 29,281

# Nodes=6

DAGs = 3,781,503

# Nodes=/

DAGs = 1,138,7/79,265

# Nodes=8

DAGs = /783,/02,329,343




Difficulty in Bayesian Network Estimation

A huge number of possible DAGs : Impossible to search the optimal one.

# of DAGs # of nodes # of DAGs

1 1 16 ~ 8.37 x 10%

2 3 17 ~6.26 x 1052

3 25 18 ~9.93 x 1058

4 543 19 ~3.32 x 1065

5 29,281 20 ~2.34 x 1072

6 3,781,503 21 ~3.46 x 1079 nuﬁﬁﬁe:f::sms
7 1,138,779,265 22 ~ 1.07 x 1087 in the universe
8 783,702,329,343 23 ~6.97 x 10%

9 1,213,442,454,842,881 24 ~9.43 x 10102

10 ~4.17 x 108 25 ~1.86 x 1011

11 ~3.15 x 1022

12 ~5.21 x 1026 30 ~2.71 x 10158

13 ~1.86 x 103

14 ~1.43 x 1036

15 ~2.37 x 1041 40 ~1.12 x 10276

Optimal search is NP-hard. (Chickering, 1995)
D
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DAG BRRH&E

« FEBMFE (Heuristics Algorithm)
— Greedy Hill-Climbing Algorithm
— Neighbor Node Sampling & Repeat Algorithm

« ESULTHEEBEZEDIFZWL

— Optimal searc
programming

N algorithm by dynamic




Greedy Hill-Climbing Algorithm (HC)

[Algor‘ithm for searching the local optimal DAG structure ]

Heuristics algorithm applicable to estimate gene networks for ~ 100 genes.

® © ® ©

©@ 0 0C @Q @?

. Begins with an empty graph. 4. Employs the best operation that
D Visits nodes in a random order.  IMproves the score. ﬁ

3. Calculates local scores for all Add/Delete/Reverse

possible candidate parents. 5. Repeats until any operation
can improve the score.

> Need to check every time whether a cyclic path is made or not. 21

X% Repeat this many times, then employs the best structure because they are local optimal.
e



Greedy Hill-Climbing Algorithm (HC)

Still, very slow for large networks, e.g., 1,000 nodes [genes)

1. Restrict parent candidates O O O

All the 1-to-1 scores are calculated and then
we use n best scored nodes as parent
candidates in the greedy algorithm.

n=10~ 20
2. Restrict maximum number of parents

We allow each node to have at most m parent nodes. m=10~20

3. Repeat the algorithm several times

\WWe repeat the algorithm ¢ times and choose the best

scored network as the final result of the algorithm. =10

[ The quality of the result is unknown... )




HC + Bootstrap ~ 1000 genes

[ Bootstrapping is required for calculating the reliability of edges. ]

Network @ @

3555 3 d I e estimation
bt et of > TS 050 803598
°ses o dee H >0 )
B TRERE  sampling with §fis e, o ogeaste et s
: Y replacement Pofo02°7 0 0272800: §°
Original expression Re-sampled
dataset dataset Estimated network

~

~
N

- Estimate networks many times for re-sampled dataset. (1,000 times ~]

- The final structure is determined by the frequencies of edges during the
repeated estimation.

- \We can perform each network estimation independently for the re-sampled

datasets in parallel.
Parallelization is easy for Bootstrap HC.



For Much Larger Networks...

* Home sapiens
— ~30,000 genes.
— ~100,000 proteins.

* HC algorithm
— ~ 1,000 genes.

We want to estimate much larger
networks to apply to all the human genes!




e B o s e e e -

2008 F£HH

'Ry CEREREINSHAENT—%ZFE>TE h2ELGFZETE
KEREGFRY NV =V Z#HEFEAGELR7IL TV I LZHEREL
e (AT L) .

ﬁ ) E{LERRER RIS ERNSHEEE IO S5 A
o 7 — 5 BATRAHRERF — I

RIK=N ISLiM

"R, OFTVT—avAEIOYY b




HC + Bootstrap ~ 1000 genes

[ Bootstrapping is required for calculating the reliability of edges. ]

Network
estimation

: ® Random

3 ‘ i sampling with
LN, replacement

Original expression Re-sampled
dataset dataset

~

~
S

Estimated network

HC+Bootstrap 77JL 3Y X L D854k,
24576 /—K (196608 077) T&EMEI 2V 7 U 7 Z=HE
E¥1,000EDT— KX ~Zw7— 1,000,000 BIHIREMIC




Load Imbalance in HC Bootstrap

load imbalance

Frequency
400 600 800 1000

200

o -

J

L

min: 48.9 sec

r—T T
40 60
I

- BiicnEdT 5L
- BT IC

+ 170t 2y aTEIDHTERICER

T
80

— 8%55 DA HHLINEDLE

T
100

time in sec

Bootstrap 1 [B]D
Xy D=7 HEERM

200 nodes & 200 samples

T T
120 140 | 160
m

ax: 156.4

oad imbalance [C & D hERHZE
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For Much Larger Networks...

* Home sapiens
— ~30,000 genes.
— ~100,000 proteins.

* HC algorithm
— ~ 1,000 genes.

We want to estimate much larger
networks to apply to all the human genes!




Greedy Hill-Climbing Algorithm [HC]

[Algomthm for searching the local optimal DAG structure

Heuristics algorlthm applicable to estimate gene networks for ~ 100 genes.

o @ @) [ ®© 0~ 0O
© ] G ] @\ ® of }>

©0 00 ©6 &%

1. Begins with an empty graph. 4. Employs the best o Qeratlo n that

O Visits nodes in a random order.  Improves the score.
—~ o~ _ . . AAA /nnlnh: /Bovarco

HCIZZE X 77)L 3 ')7\“_/A= {EDYEE L Ly

> Need to check every time whether a cyclic path is made or not. 37

X% Repeat this many times, then employs the best structure because they are local optimal.




Naive Algorithm: RSR Algorithm

Random Sampling & Repeat ([RSR] Algorithm

Randomly pick up
subsets of genes  _ O Construct a single gene network by
- accumulating the estimated subnetworks.

-

Each subnetwork estimation can be
performed completely independently.

* Estimate subnetworks repeatedly for subset
of genes selected at random.

e Fach subnetwork estimation can be
performed completely independently.



Neighbor Node Sampling & Repeat Algorithm

Randomly pick up genes with Perform a random walk to collect [
Perform subnetwork probabilities proportional to the genes that are close to each other
estimation network score. in terms of the network.

e
-

Construct a single gene network
by accumulating the estimated
subnetworks.

—
o -

—

170 _ OO0 )
ooy | 220"
A‘~:;<_\O OO O

—
s = = = = T

Repeat this many times independently S

Sub-network estimation is performed by the HC algorithm.

To determine the final network structure, NNSR uses a threshold and collects
edges whose estimation frequencies during the sub network estimation are
greater than the threshold.

g, - # of estimated (u,v]

c. # of times selected both

Final Structure G=(V,E): E-= {(u,v) : guv/cuv > H} (u<v) nodes in a sub network
g :threshold




Parallelization

root rank

- ~

other ranks...

—>

Q
£
i)
l r Broadcast the input data

Node sampllng & network est|mat|on (f times in each rank]

Exchange the estimated networks (all-to-all communication)

Repeat this part.

$ global graph

Gather the edges whose fregs are greater than the threshold. ‘
/
Jﬁﬁg ——

Broadcast the global graph structure




Simulation Results

e Simulation on the

Gene network 10540 nodes
0.65

I I I I
(a) M =1000, By = 0.3, T=15k

0.6

Specificity

055 |
05 |
0.45 |
04 |

0.35

() Sensitivity

0.3

06 055 05 045 04 035 03 0.25

# of samples: 500
Sp=TP/(TP+FP) Sn=TP/(TP+FN)]

artificial network and
expression data.

* 5p and Sn were

compared by NNSR,
RSR and HC.

(n) HC4 1s a 40 hr
execution of HC while
(a) took 2 hrs with 200

COres.



Optimal Search (0S) algorithm

Ott, S., Imoto, S., and Miyano, S., (2004). Finding optimal models for small gene networks.
Pacific Symposium on Biocomputing, 9, 557- 567

[ DAG = there exists a topological orderlng

e All edges are connected from left to right

O »

D ] @ ® © @

. Parent candidate of node d.
Optimal — + -
Structure @ f N\
[ Optimal Parents } ‘9

\.

Both can be calculated by dynamic programming




Para-0S Algorithm

Largest optimal Bayesian network size until 2010:
Silander, T. and Myllyméki, P. (2006): n = 29 using 100GB HDD.

(in 1 week]

Para-0S algorithm (Tamadaetal, 2011)

HGC Supercomputer System
Dual Xeon 5450 [3GHz): 8 cores / node
32 GB / node (4 GB / core]
256 cores / 32 nodes [max 1TB]

n =31 using 453.4GB

6.3 days by continuous model
2.9 days by discrete model

n = 32 using 836.1GB 5.8 days by discrete model
PREVIOUS WORLD RECORD

CURRENT RECORD n = 33 by O. Nikolova.
e



Performance Test (1)

Scalability to the number of cores

Tested on RIKEN RICC (Fat-tree network]

Dual Xeon 5570 (2.93GHz): 8 cores / node 55 hr by 1 CPU core
12GB / node (1.5 GB / core]) ;L’

515 sec by 1024 CPU cores

e 9 512

Time (left) —%—
Speedup sright; e
p (right) -

100000 |} Ideal Speedu Ny T(ny,) S(ny) E(n,) T.(n,) Rc(ny,)

1 203297.04 1.00 1.00 0.00 0.00
8  26367.58 7.71 0.96 145.24 0.01
16  13563.89  14.99 0.94 490.24 0.04
1 2%6 32 6932.09  29.33 0.92 398.29 0.06
64 3574.89  56.87 0.89 302.46 0.08
128 1909.72  106.45 0.83 269.90 0.14
256 1072.85 189.49 0.74 249.06 0.23
1 64 512 667.38 304.62 0.59 251.46 0.38
1024 515.29 394.53 0.39 305.12 0.59

Speedup

10000 f

Time in seconds (log scale)

1000 |

83264 128 256 512
Number of processors

Figure 3: Scalability test results for n = 23 and N = 50 with ¢ = 3. We did not present
the result for n, = 1024 in the graph on the left-hand side because the speedup
was too low.



Network Size and Algorithms

Different search algorithms are developed depending on the size of networks

2,000~20,000
Neighbor Node Sampling & Repeat ([NNSR) algorithm
(Tamada et al.,, 2011)
~2,000
Greedy Hill-climbing Algorithm [HC) +
Bootstrap (Imoto et al. 2002]
~500

| Extended COS (Kojima et al. 2010) |

ﬂ Constrained Optimal Search algorithm [COS]) (Perrier et al. 2008) ]

~30 1 Parallel OS (Para-0S) (Tamada et al. 2011) ]

Optimal Search algorithm (OS] by Dynamic
Programming (Ott et al. 2004)




ESKB“] (1)

« SIGN: A collection of large-scale gene
network estimation software designed for
utilizing super computers.

— SIGN-BN: Bayesian networks

_ RATF7YxY bT—=7)
— SIGN-SSM: State space models
(REEZZREEFIL)
— SIGN-L1: L1-regularization based models

(L1IEEE)

SIGN Web Site: http://sign.hgc.jp/




RFKDEE




HEOAMEWLIC S LVA T

° %‘I’%—k + FEﬁ = E‘I’

BLUTHZTWVWEDSDS AL

~R 2 4HE
~-HGC: &K2+7 A (KZ#I$4 8KMH)

« KEICHYIN

7% UEW

- —Eic kB E (IGE)

- AT

gty — A0RYVa T/ F

- HGC : 2 3

O0RYa7J/%=

— I\ AL TATIEESERTHBINHLSS EP
MNE.




mEAEWVC L LVE2

- Java, R, -

—RiEgecc TAVNRALILLTEIK KD IChEo e
b, ., , fcc TIEE® (SIMDEZT) .

« BEUEE © ELUT




5 LB T E S 1
C A ENMEBREBESS E LTV

. E+E%*%0>7 JEENRRNILR Y TIC
- 22X T4 X7 1/0

s B 7 7 ) A a D ETES O TRIE
& ENERERR D KRZE




XEDHP?PEE?

B ET>TWBDIE (3EDTIL—FT

(&) AT DB,

— X7V TN REIFZEIFTSBMNC/FortranTy

75|

JO7 2 ALFEFT R,

 RTIETEZDEN IO T LIERKRL EFH

LWEDMNTS.

=LU7TaRLLVY, | .
—— DOV 3 IHEKAISEERED.

FEXY )T NEFEIC job BEIY AT LA
DAP| ©VEEREER A VT —T 114 A%




« T/ LT - NA AL T HEINICDE
5.
—DFD, BEZNTTF 21—V IRERE
DfcHDITKR%ZE LIXLY,

b |

- HLL<FEFT)INI1AOY—




IN—R T 7ICOWNWTIE?

. T4Z7 /O
IR > TE Z IS,




Ho&

¢+ HEoE/NNA AN YT ANT AV Y, R
FEZIEVNWNDIC
_fEWCKLLTHY Y —ZIZERAR

CRgE
—ERP DY —ILHEIHR LN,
— PERFEREE CTE WL &,

%‘—?/\6 HZB5Z &, [ExEDHLHWVWEWTEL
_ tb\%?g
c AT—=ITED, RT—=I7ED, AT (rya




=

s BlF oA THAIVADI I T TERPRA
NRZIEHTZL,
—~ZO5U0UPRWVWEREZBEWVWTH S XG0,
—bH-oEHIUIZERWEF g 7OaOXR/NOVIEK
EICEOMEVNWPLTWVWEDICRS AL, |

+ I—HIEPES v
—ES5PHoT?
—FRIFPolEDENL !




)
= / —
BEC
c WBEWBEWEXRULED

. 71 '
1: ’Jr ;Z\, 7 HME B HY
j%??iﬂj?ﬁ%wﬁ%m Z
LJ77V-741951H%%%

« HAIEBRATHED TP DL
L)




Acknowledgments 1

Computational time was provided by the Super
Computer System, Human Genome Center, Institute
of Medical Science, The University of Tokyo, and RIKEN
Integrated Cluster of Clusters (RICC) system.

Collaborators
Human Genome Center, IMS, The University of Tokyo N
Prof. ) Assoc. Prof, Lecturer
Satoru Miyano Seiya Imoto Rui Yamaguchi
_ Dr. Ayumu Saito Dr. Atsushi Niida
Assist Prof. Dr. Yuichi Shiraishi
. TeppeiShimamura o epich Chiba )
Univ. Auckland (NZ Univ. Cambridge (UK g A
niv. Auckland (NZ) niv. Cambridge (UK) Cell Innovator Inc.
Assoc. Prof. . Reader Yuki Tomiyasu & Kaori Yasuda
Cristin Print . D S Charnock-Jones
or o Kyushu University
Hiromitsu Araki Muna Affara, Ben Dunmore, Kosuke Tashiro s Satoru Kuhara
Now in Kyushu U Debby Sanders, and Sally Humphreys

G J




Acknowledgments 2

LR RIERHERARERETAT S A
RERESREREIaL—2a vV I7 oz 7 OHRERRE,

® :
RIKSN  ISLiM

© HPCI BBE 74 S AR TRHT 254K - ERE & ORISR
SCLS

o %ﬁ—*‘?ﬁ?ﬁ%ﬁiﬁiﬁﬁ% AT LARREEBREICE D K NADKIGNEZRT. BF
et WWORTFLDA)  FHEEORFE rstEeyIalL—vI3vic J:%b\/u/ZTA—?U)EUbTLJ
(ARfEE | 5% B)

BfE DNREBEF 21—V IV HBERRI HHDY 7 U o 7EBEDIHF,
(B5ERE  BH fL10)

JST CREST N&EMRY 7O—FICL2BIINEGI AT LARITHARZEDEH,
(H5EAERE  RILKZE BR EX)

AEROBRO—ERIE, BEPMEANEELTCVWSIREIVE21—Y TRy ORBRNABICLZHDTT.
e



