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@ Online Software Trigger
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- Study on the event shape with full PANDA simulation

- TMVA application for the event shape variables
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Event/Data acquired by DAQ
(temporarily)

Software Trigger
Algorithms

Events to be
stored on disc

Required background reduction rate 1/1000 in total
by means of

online software trigger with high selectivity
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Event Building Software Trigger

Gearnetry | — --. Tratking DO(Kﬂ.)

Imdividual Algorithms
Calibsatian, DO(Kﬂ'ﬂ'O)
Alignment, +
: D~ (Kzx)
J/w(ee)
Global _
Iy (u'u)
9 Jy(xtn 7z
PR e DO( te* select event
Tracks [ - (i‘ f )+ if one of algorithms
D (z7e"u™) is fulfilled
DO + -
PID / Event Building e(fefl )

H = = o wc) |
reject event

D (¢7) ) :
If none of algorithms
e " 7.(77) are satisfied
A(pr)
Ag(pK™7™)
h.(777)

Combine to Event Candicdates Feeth
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Software Trigger e

Event flow
Track/PID candidates ]
Combinatorial (charged, neutral) }
Vv
[ Mass cut (resonances) ]

g &
miuy) [Gevle]

W
[ Kinematic cut (e.g. p;) ]

p, (Gevic)

[ trigger decision (multiple line) ]
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[ e SIP ) EEmE e SIS ] «  Multiplicities of all, charged, neutrals,
\l/ < above a certain momentum threshold,
[ Combinatorial (charged, neutral) ] with certain PID quality
\ /4
[ Mass cut (resonances) ] e  Maximum/Minimum momenta,

Fonn
3

transverse momenta, cluster energy,
transvers energy (cms & lab system)

g
miuy) [Gevle]

v «  Sums of momenta, transverse
[ Kinematic cut (e.g. py) ] momenta, energies, transverse
M energies (cms & lab system)

 Event shape variables like sphericity,
] aplanarity, planarity, thrust, Fox Wolfram
moments (usually cms system)

[ POCA/Vertex cut

. Detector information like total size of hits
Y at MUO, STT, MVD and cluster size of
} EMC (new feature!)

[ trigger decision (multiple line)
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Event shape @ generated MC
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With toy MC simulation using cuts on event shape variables
pure reduction of DPM background is found to be a level of few %

Performance of Event Cuts

Energy/channel Pure eventshape cut | Combined with simultaneous cut

2.4GeV sig eff dpm eff eff eff w/ cut rel eff cut

phi (KK) phi 90% 0,6% 95% 90% . 94% ||nk>1 & sumpc<1.632 & pmax<0.6

Lam(ppi) Lamb 93% 0,2% 96% 91% ' 5% | npr>0 & npart>3 & npi<4 & fw1>0.132 & fw4>0.2112

DPM 9% 1% I 6% Faktor 16,04

3.77 GeV sig eff dpm eff eff effw/cut rel eff cut

phi (KK) phi 93% 0,2% 96% 93% I 98%  |nk>18& npart>3 & fw2>0.5456

Lam(ppi) Lamb 92% 0,2% 96% 91% [ 94%  ||npr>0& npart>3 & fw2>0.6248 & fw4>0.3784 & fw5>0.22
J/psi(ll) pipi 91% 0,0% 89% 83% np10>1 & npi<4 & pmax>1.464 & sumpc>3.424 & fw2<0.8976
DO(Kpi) DOb 91% 2,1% 92% 80% nk>0 & sumptl>1.38 & pmax>0.768 & pmax<1.056 & fw3<0.1848
D+-(Kpipi) D-+ 90% 4,3% 91% 78% E E% | |nk>0& sumptl>1.5 & pmax<0.936

DPM 18% 2% B 12% Faktor 8,52

4.28 GeV sig eff dpm eff eff  effw/cut rel eff cut

phi (KK) phi 91% 0,1% 96% 90% B 94%  ||nk>1& sumptl>0.96 & fw2>0.6424

Lam(ppi) Lamb 93% 0,1% 96% 91% _95%  ||npr>0 & npart>3 & fw2>0.7216 & fw4>0.484 & fw5>0.1408
J/psi(ll) pipi 92% 0,0% 89% 83% [92%  ||npi<4 & np05>2 & sumpc>3.904 & ptmax>0.612

DO(Kpi) DOb 91% 1,9% 93% 74% nk>0 & pmax>0.936 & sumptl>2.1

D+-(Kpipi) D-+ 90% 5,3% 92% 79% nk>0 & ptmax>0.516 & sumptl>1.8

Ds+-(KKpi) Ds-+ 92% 1,5% 93% 80% I 5% | Ink>1& npi<7 & sumptl>1.62

DPM 21% 3% bl 13% Faktor 7,74

5.0 GeV sig eff dpm eff eff eff w/ cut rel eff cut

phi (KK) phi 91% 0,1% 96% 90% B 94%  ||nk>1& sumptl>1.14 & fw2>0.7392

Lam(ppi) Lamb 95% 0,1% 96% 91% _95%  ||npart>3 & ptmax>0.504 & fw1>-0.0176 & fw2>0.8008
J/psi(ll) pipi 92% 0,0% 89% 84% W 94% | |npi<4 & sumpc>4.608 & ptmax>0.828

DO(Kpi) DOb 91% 1,4% 93% 75% nk>0 & pmax>1.152 & sumptl>2.4

D+-(Kpipi) D-+ 91% 5,2% 92% 81% nk>0 & ptmax>0.6 & sumpt|>2.04

Ds+-(KKpi) Ds-+ 92% 1,6% 94% 82% [ 87% | |nk>18& npi<7 & sumptl>1.92

Le (pKpi) Leb 91% 2,8% 95% 82% nk>0 & npr>0 & npart>5 & sumpt>1.5 & fw1>-0.0176

DPM 264 3% ) 13% Faktor 7,82

simultaneous tagging
with 7 algo.
eff.(bk) = 3%
@ 5.0 GeV
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Full MC simulation (Geant3) :
pp—> /' >Vt

Event shape distribution ftiete
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Optimization from distribution =

JGlu
e VERS AT wa
Mode beam mom. = 15 GeV/c

Category Siganl MC DPM background
D'—Kr* 83.3% 45.1 %
DKt 84.3 % 49.0 %
Djf—¢m* 91.9 % 68.3 %
pp—ete” 81.8 % 3.3x 107
Jhyrmd—eteyy 81.7 % 1.4 %
Jyn'n—etenin 82.3 % 10.8 %
Iy —-p e 81.3 % 6.8 %
A—pKn* 86.2 % 52.8%
A—pn” 91.0 % 43.5 %
d—KK~ 89.3 % 46.8 %
DO—K 't rf 82.5% 452 %
DK it 89.1 % 54.5 %
D*—-K n'nn? 82.3 % 49.7 %
D' —Kn'n'n” 91.9 % 63.1 %
D*—Kn*nd 88.0 % 58.9 %
D*—-nepu* 75.5 % 19.1 %
D, —¢nn’ 90.2 % 62.2 %

* Find cuts from left/right of
event shape distributions :
R RBac:k > 1%

signal ~

» Background survive more
than 68 % (maximum @ D,")
by an event shape cut
for single category

« Simultaneous tagging with
all 17 algorithms
eff =95 %

*Background

not suitable for tagging

8/23
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Is it possible to use MVA approach for event shape variables?

- only need a lot of sets of tested/trained data samples
according physics channels

- evaluation @ online stream should fast enough
because of direct accessing the lookup table via *.xml format

9/23
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TMVA (Toolkit for Multivariate Data Analysis with ROOT)

- Evaluation of multi-variated classification by supervised learning algorithms

- make a decision boundary from a set of trained events/data/algorithms

Assessment of MVA properties. good (**) fair (*), bad(°)
MVA METHOD
CRITERIA Cuts  Likeli- PDE- PDE- H- Fisher MLP BDT Rule- SVM
hood RS / Foam Matrix / LD Fit
k-NN
No or linear * * % * * * * % *ox * *k *
Perfor-  correlations
mance  Nonlinear o o *x *x o o *ok *ox *k *k
correlations
| TI‘Hillillg O ok ok ok *k * * * * @]
Speed _ -
Response *x = o B . . . * *x
Robust- Overtraining *x * * * *x . * *39 * *x
ness Weak variables *k * o o *x * % * o * *
Curse of dimensionality o = o o . . . * *
Transparency xx xx * * *x >k o o o o

10/ 23
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Working principle

pp— J/yr'n -l z* 7~ @As = 5.474 GeVe(signal)

Pp — generic DPM @ +/s = 5.474 GeV/c(background)

TMVA overtraining check for classifier: TMIpANN

H
N

=
N

III|III|III|III|III|III7<I

(L/N) dN / dx

[H
o

TMVA
- SignrJiI (t&st plel)I I g}nal (tralAlﬁg;a}nﬂlesl L

Background (test sample) ® Background (training sample)

olmogorov-Smirnov test: signal (background) probability = 0.073 (0.0268)

v cut value

U/O-flow (S,B): (0.0, 0.0)% / (0.0, 0.0)%

04 -02 02 04 06 08 1 1.2
TMIpANN response
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Artificial Neural Network
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(L/N) dN / dx

TMVA overtraining check for classifier: BDT

(1/N) dN/ dx
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[T NATZ AT A N A A (D) Js =5.474 GeV/c

training check for classifier: FDA_GA

I dord (ted sampiy” 7 T 1T

@ Background (test sample)

TMVA
"' donal (wralningsample) | ]

* Background (training sample)

olmogorov-Smirnov test: signal (background) probability = 0.321 (Q;199)

HHMHWHHMHWHHMHWHH*Y

-0.6 -0.4 -0.2 0 0.2 0.4 0.6 0.8
FDA_GA response

TMVA overtraining check for classifier: KNN

TMVA
* 'Sghal (raining sample) |
* Background (training sample)

E- 'Sgn'al (t&s'anﬁle) T

@ Background (test sample)

[CKolmogorov-Smirnov test: signal (background) probability = 0.671 (0.473) 7
0 0.2 0.4 0.6 0.8 1

KNN response

TMVA
100 |/ S S I DA ek SRS AR B

@ Background (test sample) * Background (training sample)

[[Kolmogorov-Smirnov test: signal (background) probability = 0.0238 (0.000372

TTT T[T rrrry
el b b b Tiboa

04 -03 -02 -01 0 01 02 03 04
BDT response

U/O-flow (S,B): (0.0,0.0)% / (0.0, 0.0)% UIO-flow (S,B): (0.0,0.0)% / (0.0, 0.0)%

U/O-flow (S,B): (0.0,0.0)% / (0.0, 0.0)%

TMVA overtraining check for classifier: Likelihood
MVA
570 Sgnal adstsampl) '~ T ' || ' Sdnal (wraning sahple) | T

-@ Background (test sample)
l(olmogorov-Smirnov test: signal (background) probability = 1 (Q.712)

[

* Background (training sample) B

o
0

.l Likelihood

(1/N) dN / dx

04—
02—
ol Lioibiororoiorel
-8 -6 -4 2 0 2

Likelihood response

TMVA overtraining check for classifier: TMIpANN

TMVA
5 10 [ Sodi i g T Sdhal (g e T ]
E E Background (test sample) * Background (training sample) E
; 12 [[Kolmogorov-Smirnov test: signal (background) probability = 0.073 (0.0268)
2
10

04 02 0 02 04 06 08 1 12
TMIDANN response
TMVA overtraining check for classifier: MLP

TMVA

S o M0 Sgnal et sampld) T 1| 'Sigral (wainingsample) |3

zZ @ Background (test sample) * Background (training sample) 4
°

2 5 ["Kolmogorov-Smirnov test: signal (background) probability = 0.832 (0.976) |

=) C + ]

= C ] 4

- MLP ]

r A .

3 .

2| .

1 .

-1.5 il 0.5 0 05 1 15
MLP response

U/O-flow (S,B): (0.0, 0.0)% / (0.0, 0.0)% U/O-flow (S,B): (0.0, 0.0)% / (0.0, 0.0)%

U/O-flow (S,B): (0.0,0.0)% / (0.0, 0.0)%

TMVA overtraining check for classifier: Fisher

< T T T T T T T T T T

@.002 E- Si&;na] (test sar#‘ple) f

%0018 E@ Background (test sample)

g [-Kolmogorov-Smirnov test: signal (background) probability = 0.443 (0.709)
0016

Fischer

TMVA

T T T T T T T T
. SJ‘;)nal (traininbsarrple)
* Background (training sample)

0.0012

0.001
0.0008
0.0006
0.0004

0.0002

bbb bbb bbb b

U/O-flow (S,B): (0.0,0.0)% / (0.0, 0.0)%

e

-500 0 500 1000 1500 2000

Fisher response
TMVA overtraining check for classifier: RuleFit
. TMVA
0.6
é ngna! (te%t sa'rrpIVe) T lﬂgn'al (t'rajn'ing Lamy)le) T ]
pd @ Background (test sample) * Background (training sample) ]
° ES
E\ 0.5 {-Kolmogorov-Smirnov test: signal (background) probability = 0.4 (0.919)
S r
04 1
- RuleFit
C 7| o
0.3 — 4 5]
+ s
. 2
+ g
0.2 — S
+ )
- S
F @
0.1 @
E 2
E S
0 : > 2
-4 -2 0 2 4
RuleFit response

TMVA overtraining check for classifier: SVM

TMVA
LA PL Y LIV L L 1 e
T Sonal dessampley | T Sighal (wraifing sample) !
:@ Background (test sample) * Background (training sample)
["Kolmogorov-Smirnov test: signal (background) probability = 0.654 (0.265)

SVM

10

$

(1/N) AN/ dx

U/O-flow (S,B): (0.0,0.0)% / (0.0, 0.0)%

04 05 06 07 S?/MJO%?)
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Relative Operation Characteristic
pp o J/wr > 7' r @As =5.474 GeVlc
Background rejection versus Signal efflciency

1:*—&]_!:F:_‘Jllllllllllillill|||l||;-7...

e _ .................. A S TR WU W N

pifcY | m— MVAMQThOd .................... ................. ................. ................. ............

: BDT (Boosted Dech|on Tree)

07‘ __:.SVM ...... ( SupportvectorMaChlne) .......... ................. ........ 3 ............

RuIeFlt

0.6 _ .................................... S S S ................
b fe—— MLF’ (ArtIfICIa| Neural Networks) i : a

05 ) —_KNN .................. ................. ................. ..... 4]
© - TMIpANN b i A
[}4 _leelihOOd ................. ................. ................. ................. .........

Background rejection
T

0 3 _,,.\‘ ............
: : : : : :

02 IIIIIIIIIIIIIIIIIIIIIIIIIlllIIlIlI[lllIlllllIllll

0 61 02 03 04 05 06 07 08 0.9 1
Signal efficiency 13/ 23
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Pp > DD > K 7tz + Any @ s =5.474 GeVic

TMVA overtraining check for classifier: FDA_GA

IMVA
5 [0 Sofa (o e e A B
zZ ‘@ Background (test sample) * Background (training sample) T
5 L i
2 :Kolmogorov-Smirnov test: signal (background) probability = 0.279 (0.802) ]
2 20 ]
L ,_% -

C 1s

15 — — —8

C Je

C 1e

C 18

10 — s

L —H9

L ds

s = ] E

C 1z

C .| =2

- 49

=)

0.4 0.5 0.6 0.7 0.8

FDA_GA response

TMVA overtraining check for classifier: KNN
v

5 o[ Sonal bt somple) | || |+ Sgfal (raining sanble) ||
P @ Background (test sample) * Background (training sample) ]
° = =
= 5 |HKolmogorov-Smirnov test: signal (background) probability = 0.0295 (7.82e-07)—
S 0 ]

41— £

C 2

C <

3 S

7 2

2 C’.

7 g

% a

1 / g

7 3

7 o

0 A g
0 0.2 0.4 0.6 0.8 1
KNN response

TMVA overtraining check for classifier: BDT

< TMVA
3 6 T Sonal geltsampigT T [e Sdna (raining sampid) T T
zZ @ Background (test sample) * Background (training sample) ]
° = n
2 5 |Kolmogorov-Smirnov test: signal (background) probability = 1.57e-06 (8.4e-09)—
S .
4 g

C 18

r ]2

- 1=

3 Js

C 1=

- ]2

S

2~ o

- de

C Ja

e Je

C 13

- 18

C 1o

=

04 03 -02 -01 0 0.1 0.2 0.3
BDT response

TMVA overtraining check for classifier: Likelihood
[ TMVA overtraining check for classifier: Likelihood | MVA

_é iééﬁai(té T I‘e)H T ‘-‘S‘dnéj‘(t‘rz‘a.ihihg‘;”‘l‘e)” T Y
Zz 1.4 [£7/) Background (test sample) o Background (training sample) ]|
o
= [_Kolmogorov-Smirnov test: signal (background) probability = 0.583 (0.101) ]
€ 12 + -
< L
a3 C . . h
+ Likelihood 1
- 1€
- —~o
0.8 — —c
C Jje
06— - ,§
B q1o
C Je
04— —e
C Ja
- 42
0.2 — i
n 43
C Jo
0 =)

-7 -6 -5 4 3 -2 -1 0 1
Likelihood response

TMVA overtraining check for classifier: TMIpANN

TMVA

3 S ded et ampg’ T T dgh raidingstpie) | T4
pd @ Background (test sample) * Background (training sample) T
= L i
~ 25 [ Kolmogorov-Smirnov test: signal (background) probability = 1.34e-05 (1.6e-13)_]
g C ]
2 r -

C NS

- 1@

C —H2

15— -8

u 1=

- 49

o 35

C Je

C Ja

05— —2

C 12

06 -04 02 0 02 04 06 08 1 12 14
TMIpANN response

TMVA overtraining check for classifier: MLP
2 TMVA

2.4 [ Gnal (tekt sample) | | r
2.2 E Background (test sample)
2 :ﬂ(olmogorov-Smirnov test: signal (background) probability.
18F
16
14
1.2

1
0.8
0.6
0.4

o Sgnal (training sample) |

* Background (training sample)
=0.701 (0.215)

(1/N) dN / dx

i T e e R

0.2
0

il 0.5 0 05 1 15
MLP response

TMVA overtraining check for classifier: Fisher
va
Do o donal tet'sahle) ||| * Sdnal (rainingsample) | |
m Background (test sample) * Background (training sample)
FKolmogorov-Smirngv test: signal (background) probability = 0.999 (0.528)

zZ
- 02
Z o018
—

=

0.16

0.14
0.12
0.1
0.08
0.06
0.04
0.02
0

Fischer

UIO-flow (S,B): (0.0, 0.0)% / (0.0, 0.0)%

VAZA

|t ordiobolorl 1

-5000 0 5000 10000 15000 20000
Fisher response

TMVA overtraining check for classifier: RuleFit
v

0.8 T T T T T T T T T T T T T T T T T
-é Signa]‘(test sarrplé) rre Sgnél (training sgnple) I 7
Z 07 @ Background (test sample) * Background (training sample) -
o
2 [ Kolmogorov-Smirnov test: signal (background) probability = 0.898 (0.721) ]
E 0.6 — . —
- RuleFit »#
C E )
r Jo
04t EE
o 1=
03 -8
o Jo
r 1s
0.2 — i %
C @
C )
0.1 ; _g
E )
0 =)

-4 -3 -2 -1 0 1 2
RuleFit response

TMVA overtraining check for classifier: SVM
. TMVA
is E-‘Sj‘gﬁautés‘t‘ T I‘e)‘ T ‘-“Séﬂa‘l(‘tr‘aj‘nr{gl T I(-‘:)‘ T
E@ Background (test sample) * Background (training sample)
jKc’lmc:gorcw-Smirn%\! test: signal (background) probability = 0.00751 (2.27e-05]

SVM

(1/N) dN / dx
iy

U/O-flow (S,B): (0.0,0.0)% / (0.0, 0.0)%

0. 0.2 0.3 04 05 06 07 0. 0
w23
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Relative Operation Characteristic
Pp > DD > K ztz" + Any @ /s =5.474 GeV/c
Background rejection versus Signal efficiency
1

TMVA

(= L ' T I
2 : i
8 0.9 :_. ............................................................................................................................... _:
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S
S+B

Optimization of cut value according to significance :

Pp—>D'D” > K 7"z + Any @ /s =5.474 GeV/c

Cut efficiencies and optimal cut value Cut efficiencies and optimal cut value

Efficiency (Purity)

Signal efficiency — —— Signal purity Signal efficiency ——— Signal purity
------- Signal efficiency*purity ------- Signal efficiency*purity
Background efficiency Si#sqrt{S+B} Background efficiency Si#sqrt{S+B}
T T : ] [+#] _— T T : T ] (1]
i : 1 & € [ s -
—25 3 : ]
17 & :25 =
1 o B 0.8 |t b NP Ko e i B
£ —20 @
2 ]
= s
& E NN _: i5
0.4 __ ........................... ........................ ....................... ........... _: 10 A .................. ................... ................... N\ —:11‘_‘]
0.2 _—Fnr1ﬂﬂl15|gnaland1~uﬂﬂhauk round ......................... ........... ] 5 0.2 _—Fnr1ﬂﬂ&5|gnaland1ﬂﬂﬂbauk I‘ﬁl.1|1d T ................ __5
| i events the maximum S/ YS+B is : ] | events the maximum S/ {S+B is : : : P
| 26.21 when cutting at 0.43 ] | 26.29 when cutting at -0.01 | : ; ]
n | | 11 11 | 11 1 | | 11 11 | 11 1 o | U n 1 1 1 | L1 1 1 | I | 1 11 1 | 1 11 1 | L1 11 L | | n
=1 -0.5 0 0.5 1 1.5 -0.4 -0.3 -0.2 -0.1 0 0.1 0.2 0.3
Cut value applied on MLP output Cut value applied on BDT output

Artifiical Neural Networks (MLP) Boosted Decision Tree (BDT)

Find optimal cut for different MC data samples / classifiers
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Determine DPM suppression for simultaneous tagging of all channels

Mode Beam mom. =15 GeV/c

Category(Tagging) Distr. Optmization | TMVA : BDT[%] | TMVA : MLP[%] | TMVA : SVM[%]

DO—K " 45.1 13.3 15.8 16.1
D'—-Kn'n* 49.0 25.7 25.9 22.1

—> | D,"—¢n” 68.3 32.7 217.7 22.3
pp—e'e” 0.01 1.0 2.4 1.4
Jhynd—eteyy 1.4 0.6 1.8 0.5
Jyn'n"—e'en'n 10.8 3.6 5.0 3.1

Jyn' -t 6.8 3.1 6.5 2.9

—> | Ac—pK'nt” 52.8 31.1 35.3 36.8
A—pr” 43.5 7.1 7.7 7.0
d—KK~ 46.8 6.5 8.0 7.5

Total (tagging) 93.0 56.7 56.5 54.7

~ 43 % background reduction (1-¢ff) by TMVA methods
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TMVA ini heck f | ifier: CFMIpANN
CFMIPANN (Clemont-Ferrant) v
5 16_‘bbhéﬁ(@&'@ﬁde‘)”"”""-"si;rhe{lkt}a{iAihdéaMe)"""'E
L. . _% :@ Background (test sample) ® Background (training sample) _
= ArtIfICIal Neural Network used |n rZ-\ 14 :Kolmogorov-Smirnovtest: signal (background) probability = 0.0944 (0.623) —:
=]

ALEPH and BaBar 12

10 f— §

- adjust hidden layer structure 8- $
level 2 : N+1,N (level 3 : N+33,N,10) 6 2

- good separation for D" 2 :
0 0.1 0.2 03 0.4 0.5 0.7 0.8 0.9 13

CFMIpANN response

TMVA overtraining check for classifier: CFMIpANN TMVA overtraining check for classifier: CFMIpANN
. . TMVA . . TMVA

3 10 100 sonal @estsample) | | | ¢ Sghal (raining sample) - 3 0770 Sgnal (st samgg T T e Sghal (raiingsanple) |
pd —@ Background (test sample) ® Background (training sample) - pzd ° T@ Background (test sample) ® Background (training sample) -
© - = © = =
2 | Kolmogorov-Smirnov test: signal (background) probability = 0.512 (0.105) i 2 Kolmogorov-Smirnov test: signal (background) probability = 0.993 (0.594) -
o - e —
3 8 S
- D, —o¢m A—pKT
61— S e 3 E
- S S
- S e
4 — g 2 g‘
B S S
B S e
2 15 ) 1 ' g
- Feig 2 S
mﬂlﬂ = v <
0 0.2 0.4 0.6 0.8 1 0 01 02 03 04 05 0.6 0.7 08 09

CFMIpANN response CFMIpANN response
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CFMIpANN with 33 variables : training 7 different inclusive data samples and DPM

simultaneous tagging

Mode P=15 GeV/c : —
— Tagging contribution for DPM background
Data TMVA (level 3) [%]
>, 03r .
DY—Kn* 94.8 o F -
v 2 0.25- .
D*—K™n'n 92.8 IE N
Dt 89.8 0 ok E
Jyn'n—1"Tn'n~ 98.5 : ]
0.15F -
Ac—pKmt 90.4 : ]
A—pr- 96.2 . E
d—K K 97.6 0.05H =
0: | | | | | . | -
P ‘ Jy(')  DYK7TY)) D(Kn'n") DIK'K®Y) Al(pK=?)  Alpm)  o(K'K)
DPM | 4 03 Channel

- 60 % background reduction (1-&ff) after tuning of TMVA (20% more gain)
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CFMIpANN with 33 variables : training 7 different inclusive data samples and DPM

simultaneous tagging

Mode Beam mom. = 15 GeV/c

bata TMVAp[IjZ]: Mass cut + PID(Loose) [0] |y ro o< cut + PID(Lgol\fe\)fl?‘;g]
DO—K " 94.8 44.3 43.1
D*—Kn'n* 92.8 39.7 37.7
D,S—on* 89.8 37.0 34.2
Jyn'n—1"Tn'n~ 98.5 45.4 45.1
Ac—pKn? 90.4 32.4 30.1
A—pm” 96.2 - -
d— KK~ 97.6 24.8 24.2
DPM 40.3 20.4 9.6

- 60 % background reduction (1-¢ff) after tuning of TMVA (20% more gain)

- DPM background contains A, cannot use further in efficiency estimation
20/ 23
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Mode Beam mom. = 6.569 GeV/c (cms = 3.770 GeV)
Data pure n 0 TMVA +
TMVA [%] Mass cut + PID(Loose) [ o] Mass cut + PID(Loose) [%]
D'—Kn* 89.1 37.4 35.6
D*—Kn'n* 88.8 26.2 24 .4
JAVT 4 e B 98.0 51.2 51.1
A—pn” 94.1 - -
d— KK~ 95.0 35.5 34.8
DPM 34.1 10.1 4.7
Mode Beam mom. = 1.7 GeV/c (cms = 2.325 GeV)
A—pr 93.4 - -
d— KK~ 94.8 29.7 29.3
DPM 30.0 3.6 0.7

- 70% background reduction (1-¢ff) @ low energy mode
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Improvement of TMVA for event shape variables

- isolation of large contribution (e.g. A-—pK™n") at background suppression

- additional hit information from other detector (e.g. Scitil)

- different combination of hidden layer structure for neural network
(e.g. N+10, N, N-1)

- test other classification (e.g. TMIpANN)

- variable transformation by de-correlation in a preprocessing

- combining event shape variables with kinematic variable of resonances

Event Shape +
N D* kinematic parallel
DO, D* Jhy ' Event Shape + : TMVA
A, Ds, Ac, ¢ Jhy kinematic

e -/ .
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Event flow @ online software trigger

20 MHz

[ Track/PID candidates J
Event Shape cut by MVA .
[ Combinatorial (charged, neutral) ] start from 40% of background data rate
v 8 MHz
[ Mass cut (resonances) ] =

5 3
mu'p) [Gevic]

. ] 2 MHz

[ Kinematic cut for resonances (e:g- pr) | meemmemememem e e e e e m e e e s e e e me e e e -

"

1 3
o / ]
L . L L
O 5 g 5
T T T VTN
I R R R T

[ POCA / Vertex cut ]

o
-
T
-
oo 3
et
1
e
L

" " Boch -

[ Trigger decision (multiple line) ] 23/23
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Distribution optimization approach
For every signal channel and every variable do the following :

- Integrate up to 99% signal area from both sides

- Determine DPM residual and compare with signal residual
- Find cut with R0 - Rgackground = 1%0

- Apply and find next variable

h_sig[7] h_sig[21]
2200F- Entries 99500 - Entries 99500
- Mean 1.259 6000 — Mean 0.02876
2000/ RMS  0.3756 - RMS  0.1634
18001 5000{—
1600f— I
1400 Integrated 4000—
1200 E
1000 30001
800 -
= _ 2000
600E - Signal -
400 - DPM 1000
200|— -
ok . R N ) SN B e eI
0 1.5 2 2.5 3 1 -0.8 -0.6 0.4 -0.2 0.2 0.4 0.6 0.8 1
pT max (GeV/c) R1(Fox-W)
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EMC cluster information

Pp > DD > K 7z 7" + Any @ s =5.474GeV/c

total number of hit in detector

® I o . T . e a ———— a
2500 — Si 5000 S | g ol =
o o | :
- - > UE >
3 'gna 8 | anal 3 s e Muo :
= 2000 — ~54000 = I ‘H b~
© - L - o o
g DPM g DPM 41:103 | HHH ®
1500 - 3000~ - i ‘ H
F . . 107}
1000 2000 - ‘ E
F I I il
" I I
s00- 1000 3 10k
: : | Jn
L ) T R m T 1 10 20 30 40 50 0 10 20 30 0 50 60
E ax (GEV) Number of MUO hit Number of GEM hit
S °F = °F 160 ,g T T E ——
[ E D 5 S ]
o 7= S w >
E 6 g o 120 © MVD ]
w E w F H* B
S L 100 =
i 4F 50 3
3= 3 i 160 E
2 2 40 7
1E 1= 20 ]
o J PR TR ISR
Oy Oy I ] o3 & 0 e D 40 50 60 80 100
E (GeV) Number of MVD hit Number of STT hit

Signal Data

DPM background

- Signal
- DPM
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Non-vanishing correlations between input variables would lead to underperforming

33 X 33 variables
ta_mult_1_lab 38 6 24 8 10/ 21 -8 24 2l 437 100
tk_mult_1_lab [PYE S R T 25-18-21.31 g 2 4 3 3 D -6
tp_mult_1_lab [ 283 g 26 6 3 421 6 6
tm_mult_1_lab TR D19 -6 -6 21 18 . 80
te mult 1 lab [ 10 4 9 -9 -g 9 -8 4 -6 0C
ta_num_particle : : 3 4 £ 4 4 : 00
tk_num_particle 4 : : 20 g 22 2¢ 20 4 6 20100 6 60
tp_num_particle 4 16 18 18 3-14-16 28 30-14 23 6 : ] 810020 8 -4
tm_num_particle [[: . f g D0 8
te_num_particle : : 4 00 40
i -9-16-18 428 26 6 D 4-14 14-42-4 0 28 30 00 4
tr3 D-10 P 29 ) -6 9 23-18 052 22 [m‘iff;
tre Al 6 4 222321 4 -8 g .g 5-45 8 0022 e
tr1 > R rh ’»!I .. > ;”'Jm L : DU W ¥ 20
tthrust 8-16-20 -9 4 26 25 i s i 4100 0 N 28 =
tplan 0-29 : i N0-54 A §
taplan |50 0 4 : 9 4 -4 ) 64100 §-56 i : 0
el 14 6 9 1% 28 -4 : (0 B -1810064 B-4 6 4
tp_sum_cms_char |: 8163 79-19 85 66 00-18-10 03 23 14 23 20
fp_sum_cms_neut ) -6-1( B( 00 5 § -9-14 . s -20
tp_sum_lab_char 4 44 b1 63 34 v 42 10100 0C 8 -4 § : J 25 9
tpt_sum_lab_char [: 523 G D0 76 85-10 -4 -1( ¥ 28 22
tp_sum_lab_neut 3830 22 : D0-22-42 80 4 4 G 6 -O g
tot_sum_lab_neut 10 00 8 : : 8 -G 4 -9 -40
tot_sum_lab_all 5 305750 30 00 b 93 65 9 -8 ] ) 6 4 102320 g
tpt_max z 20 2744 00 5 4 21 31 21 29 26 /
tp_max_cms |~ 82100 81-4 0 25 i@ﬁ’« 5 28 ; 4 -60
tp_max_lab | - 31003244 30 53-10:33-28 26-14 22 ’ :
tmult_2_lab 0018 17 27180 -7 -3152 61 -6 1 4 2 4-11 4 813 ¢
tmult_1_lab b 18100 2057 22 10 9 -4 8 18 4 -80
tnum_particle_all 96100 18 G 4 44 g j 65-10-18 6 : :
tnum_particle_neu [l - 547 38 - | : 4-10-16 5

tnum_particle_cha

f’?uff;@ Y ?}p ﬁﬁé@#ﬁéﬂ%ﬁﬁ@aﬁb@ 2 13 g te fpy

gﬁ? har

-100
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Variable ranking in the neural network approach

sum of the weights-squared of the connection
between the variable in the input and 15t hidden layer

Determine relevance in the application of TMVA

- search for variable with smallest information loss if removed
- remove variable, calculate information loss again

- start over until no more variable(only improtant var.) left
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Variable ranking can use to find the importance of variables (for ANN & BDT)

TMVA overtraining check for classifier: MLP

2.5

(L/N) dN / dx

15

TMVA

I--- Signal (tst mple)
:@ Background (test sample)

Sbral (waitingsample) |

® Background (training sample)

_Kolmogorov Smirnov test: signal (background) probability = 0.778 (0. 0484)

7 variables
with best ranking 7

U/O-flow (S,B): (0.0, 0.0)% / (0.0, 0.0)%

0.4 0.6 0.8 1

MLP response

TMVA overtraining check for classifier: MLP

. TMVA
5 ‘HED Sgnal festsamply T [ o Signal (haining shrple) |7
E 3.5 E@ Background (test sample) ® Background (training sample) _:
- 2 -
2 _Kolmogorov -Smirnov test: signal (background) probability = 0.108 (O 976) ]
S s | =

st 31 variables EN

C  exclude linearly correlated var. 13

2 23

- 13

15— —] g

- is

1 = =

C 0

C @

05— E

2 o

0 )

2

0.8 1 1.
MLP response

(1/N) dN / dx

TMVA overtraining check for classifier: MLP

(L/N) dN / dx

TMVA overtraining check for classifier: MLP

2.5

15

4

3.5

3

2.5

2

15

1

0.5

TMVA

I Sonal (tet sample) |

:@ Background (test sample)

e Slgnal( alnlngel%\rrpI IIe)I L I‘

® Background (training sample)

"Kolmogorov-Smirnov test: signal (background) probability = 0.237 (0.444)

10 variables
with best ranking 10

0.6 0.8 1 1.2

MLP response

-0.4

TMVA

® Sgnal (training mle)

_|.

L 1T 1T 17T
;- Sgnal I(test samf)le) I
@ Background (test sample)
Kolmogorov-Smirnov test: signal (background) probability =0.927 (1)

41 variables

maximum available

® Background (training sample)

U/O-flow (S,B): (0.0, 0.0)% / (0.0, 0.0)%

3

0.6

0.8 1 1.2
MLP response

-0.4

S
(N

0 0.2 0.4

U/O-flow (S,B): (0.0, 0.0)% / (0.0, 0.0)%



