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]
Pruned DPA

Guillem Rigaill [4]
Pruned dynamic programming for optimal multiple change-point detection

Algorithm for the segmentation of datasets:

@ Returns optimal segmentation in
o Exact with respect to given loss 1 to Kmax segments

e Fast: empirically in nlog(n) @ allows for a vast range of
methods for the choice of K
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|
CGH profile, Pruned DPA
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o Lebarbier: [3], Lavielle: [2] :
n
pen(K) = K log <R>
o K =28

@ 1to Kpax =50
@ Runtime = 10.834s
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|
CGH profile, Pruned DPA

o 50000 100000 150000
ndex

e mBIC (Zhang and Siegmund [5]):
n
pen(K) = K log <R> +g (Zrem(K) log n,)
o K =142

@ 1to Kpax =50
@ Runtime = 10.834s
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CGH profile, CART

o 50000 100000 150000

ndox

1
@ 1to Kmax =50 o SIC: pen(K +1) = EKlogn
@ Runtime = 0.171s o K =12
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CGH profile, PELT

o 50000 100000 150000

ndox

1
e SIC: pen(K +1) = EKlogn
o K=17

@ Runtime = 14.651s
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Comparison for K=17

— cart
s — FeLTandPoPA

o s0000 100000 150000

ndex

Runtimes:
e PDPA = 3.621s
o CART = 0.062s
e PELT = 14.651s
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Breakpoints
@ PELT and PDPA: same breakpoints
e CART: only 9 out of 16 are identical



An example

Four-point signal
Y1=0 Y> =05 Y; =04 Ys =—0.5

Contrast (Y, u) = (Y — u)?
Segmentation in K=2 segments
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Dynamic Programming approach:

o Vte{l,...,n} compute
cost of segmentation with
last breakpoint t as a
function of last-segment 1
parameter .

o Vte{l,...,n} find +
minimum of cost function N
in p \/

e identify the minimum of ' '
those minimums
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]
Main idea:

o If we add a new point, the
values of u change, but 3
not the best candidates
for last breakpoint

@ = A beaten candidate
can never become optimal
again o
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0s |
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|
Pruned DPA: The algorithm

Initialization:
vVt € {1, n} compute C; ¢

T=K-1=1
(t =1 Signal: Y1 =0)
Cost function:
° hy (u)=Ca1=0

g
N
. w |
Set of intervals: -
1 _ . 2 o |
o |
o
© 5 T T T
-1.0 -0.5 0.0 0.5 1.0
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New entry:

Signal: Y1 =0 Y, =0.5

Cost functions:
o hyo(p) = hyq 4+ (Yo—p)? =025 —p+ p?
o 15,())=Cp=0.125

S T
o !
Set of intervals: -
1 _ . .
[*] 5272 — [014‘6, 05] g o | 1
S~ |
o S5, =[-0.5;0.146] o

; e
o i

© 5 T f T T

1.0 0.5 0.0 0.5 1.0
u
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New entry:
Signal: Yl =0 Y2 =0.5 Y3 =04

Cost functions:
o hha(1) =hy+ (Y3 — p)? =041 — 1.8u+ 243
o 12.(1) = h3,+ (Ys— )2 =0.285 — 0.8 + 2
o hy(u)=Cs=014

Set of intervals:

S T
o S35 =[0.190;0.5] o]
2 _ .
© 53=9 Bed
3 _ . o i

® 53, =[-0.5;0.190] o ] ./

T = 2 is discarded = N S

1.0 0.5 0.0 0.5 1.0
o
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Last entry:

Signal: Y1 =0 Y2 =0.5 Y3 =04 Y4 =-0.5

Cost functions:
o h%,zl(ﬂ) = h%,a + (Y4 — p)? = 0.66 — 0.8 + 32
° hg,4(ﬂ) = h:2573 + (Y4 — /j,)2 =0.39 + i+ M2
o 5 ,(1) = Cra=0.62

Set of intervals:

7 =1 is discarded

° 52174 =g 9 |

e 53, =[-0.5;0.190] Eeo.

e S5, =1[0.190;0.5] 2 74
’ S
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Last step: minimization

o Hy (1) = min{K—1<T<t} {hf(,t(ﬂ)}

[ 039+ p+pu? for pe[-0.50.190]
° Hice(n) _{ 0.62 for 1 €[0.190;0.5]

) CK,t = minu {HK,t(/'L)}
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From the original DPA to the Pruned DPA

Original DPA: segment additivity ©(Kn?)

G = 4 T {Ck S Y““)}}

i=7+1

Pruned DPA: point additivity

t
Cie = min {{krfli?a}{ck_l” 2 V(Yi’u)}}

i=7+1

:min{ min {Ck 1,7+ Z Y,,M)-i-’}/ Yt, )}}

Iz {k—1<7<t} i
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Generic C+4 implementation

Compression

Gaussian
— S
Poisson
oYL Poisson ]
by Negative
Binomial
Paves = | Sets Segmentor \
¥ 2 =
—_—-— Cm =)
| Balls !

| \ Penalty
- Functions
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Performances on real datasets
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Figure: Chromosome 1, positive strand of S. cerevisiae (yeast)
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Performances on real datasets
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Performances on real datasets
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Performances on real datasets

Neuroblastoma copy number data

Result from Hocking et al. [1]

errors  FP FN | Timing(s)
PDPA-Lavielle 2.2 0.6 11.6 2.10
Fused Lasso (A = f(K)) 6.7 36 185 0.08
Circular Binary Segmentation (SD) 115 7.6 322 51.62
Fused Lasso (\ = cste) 16.0 127 36.6 0.04
Circular Binary Segmentation (default) | 405 493 05 1.78

40.9 49.4 0.0 1.47

PDPA-mBIC

Table: Comparison of a few segmentation methods on a real data set. Tuning

parameters are learned by Leave-one-out.
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More methods are compared in [1]
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Conclusions and Perspectives

e Conclusion: PDPA is a fast and exact algorithm that allows the use of:

> a large range of data type (CGH, Seg-data, etc)
> a large range of possible contrasts (Quadratic, Poisson, etc)
» a large range of methods for the choice of K (mBIC, Lavielle, AIC, etc)

@ Perspectives:

» Application to real datasets for the discovery of new transcripts, etc.
» Theoretical proof of the complexity of the algorithm
» Implementation of Ridge-type penalties
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]
The End

Thank you!
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Runtime Comparisons, PELT-PDPA
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