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Event rate @ PANDA

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

20 MHz

20 kHz
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Trigger concept

Event Building
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Software Trigger

Track/PID candidates 

Combinatorial (charged, neutral)

Mass cut (resonances)

POCA/Vertex cut

Event flow

Kinematic cut (e.g. pT)

POCA 

 (GeV/c)s

4 4.5 5 5.5

 (
G

eV
/c

)
m

ax
Tp

0

0.5

1

1.5

2

2.5

 (GeV/c)
p

p
7 8 9 10 11 12 13 14 15

T
Maximum p

 + 0.25 (GeV/c), LTS regression fit
maxT

p

trigger decision (multiple line)
4 / 23



Application of event shape

Track/PID candidates 

Combinatorial (charged, neutral)

Mass cut (resonances)

POCA/Vertex cut

• Multiplicities of all, charged, neutrals, 
above a certain momentum threshold, 
with certain PID quality

• Maximum/Minimum momenta, 
transverse momenta, cluster energy,
transvers energy (cms & lab system)

• Sums of momenta, transverse 
momenta, energies, transverse 
energies (cms & lab system)

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

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

Event flow

Kinematic cut (e.g. pT)

POCA 

 (GeV/c)s

4 4.5 5 5.5

 (
G

eV
/c

)
m

ax
Tp

0

0.5

1

1.5

2

2.5

 (GeV/c)
p

p
7 8 9 10 11 12 13 14 15

T
Maximum p

 + 0.25 (GeV/c), LTS regression fit
maxT

p

trigger decision (multiple line)

Event shape variables
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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 %  

Event shape @ generated MC

simultaneous tagging
with 7 algo. 

eff.(bk) = 3%
@ 5.0 GeV
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Event shape distribution 
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(Loose)
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Optimization from distribution
Mode beam mom. = 15 GeV/c

Category Siganl MC DPM  background

D0→K−+ 83.3 % 45.1 %

D+→K−++ 84.3 % 49.0 %

Ds
+→+ 91.9 % 68.3 %

pp→e+e− 81.8 % 3.3 x 10−5

J/0→e+e−γγ 81.7 % 1.4 %

J/+−→e+e−+− 82.3 % 10.8 %

J/+−→μ+μ−+− 81.3 % 6.8 %

ΛC→pK−+ 86.2 % 52.8 %

Λ→p− 91.0 % 43.5 %

→K+K− 89.3 % 46.8 %

D0→K−+0 82.5 % 45.2 %

D0→K−++− 89.1 % 54.5 %

D+→K−++0 82.3 % 49.7 %

D+→Ks++− 91.9 % 63.1 %

D+→Ks+0 88.0 % 58.9 %

D+→+e−μ+ 75.5 % 19.1 %

Ds
+→+0 90.2 % 62.2 %

• Find cuts from left/right  of  
event shape distributions :
Rsignal - RBack > 1% 

• Background survive more   
than 68 % (maximum @ Ds

+)
by an event shape cut
for single category

• Simultaneous tagging with 
all 17 algorithms 

eff.Background = 95 % 

not suitable for tagging
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TMVA application

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
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Introduction of TMVA
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(◦) 
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TMlpANN response
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GeV/c 474.5s @ /    llJpp

Classification for J/

SVM response
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BDT response
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TMVA overtraining check for classifier: BDT

FDA_GA response
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TMVA overtraining check for classifier: FDA_GA

Fisher response
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ROC of J/

GeV/c 474.5s @  /    llJpp

(Boosted Decision Tree)

(Support Vector Machine)

(Artificial Neural Networks)

Relative Operation Characteristic
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Classification for D±
GeV/c 474.5s @    AnyKDDpp 

BDT response
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Kolmogorov-Smirnov test: signal (background) probability = 0.279 (0.802)
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TMVA overtraining check for classifier: FDA_GA

Fisher response
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Kolmogorov-Smirnov test: signal (background) probability = 0.999 (0.528)
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TMVA overtraining check for classifier: Fisher

KNN response
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Kolmogorov-Smirnov test: signal (background) probability = 0.0295 (7.82e-07)
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TMVA overtraining check for classifier: KNN

Likelihood response
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Kolmogorov-Smirnov test: signal (background) probability = 0.583 (0.101)
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TMVA overtraining check for classifier: Likelihood
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Kolmogorov-Smirnov test: signal (background) probability = 0.701 (0.215)
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TMVA overtraining check for classifier: MLP

RuleFit response
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Kolmogorov-Smirnov test: signal (background) probability = 0.898 (0.721)
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TMVA overtraining check for classifier: RuleFit

SVM response
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Kolmogorov-Smirnov test: signal (background) probability = 0.00751 (2.27e-05)
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TMVA overtraining check for classifier: SVM
TMlpANN response
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Kolmogorov-Smirnov test: signal (background) probability = 1.34e-05 (1.6e-13)
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TMVA overtraining check for classifier: TMlpANN

FDA_GA Likelihood Fischer

KNN TMlpANN RuleFit

BDT MLP SVM
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ROC of D±

GeV/c 474.5s @    AnyKDDpp 
Relative Operation Characteristic

(Boosted Decision Tree)

(Support Vector Machine)

(Artificial Neural Networks)
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Cut optimization
Optimization of cut value according to significance :

BS
S


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

GeV/c 474.5s @    AnyKDDpp 

Find optimal cut for different MC data samples / classifiers
16 / 23



Efficiency of TMVA 
application

Mode Beam mom. = 15 GeV/c
Category(Tagging) Distr. Optmization TMVA : BDT[%] TMVA : MLP[%] TMVA : SVM[%]

D0→K−+ 45.1 13.3 15.8 16.1

D+→K−++ 49.0 25.7 25.9 22.1

Ds
+→+ 68.3 32.7 27.7 22.3

pp→e+e− 0.01 1.0 2.4 1.4

J/0→e+e−γγ 1.4 0.6 1.8 0.5

J/+−→e+e−+− 10.8 3.6 5.0 3.1

J/+−→μ+μ−+− 6.8 3.1 6.5 2.9

ΛC→pK−+ 52.8 31.1 35.3 36.8

Λ→p− 43.5 7.1 7.7 7.0

→K+K− 46.8 6.5 8.0 7.5

Total (tagging) 93.0 56.7 56.5 54.7

Determine DPM suppression for simultaneous tagging of all channels

~ 43 % background reduction (1-εff) by TMVA methods
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TMVA tuning
CFMlpANN (Clemont-Ferrant) 

- Artificial Neural Network used in 
ALEPH and BaBar

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

- good separation for Ds
+ 

CFMlpANN response
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Kolmogorov-Smirnov test: signal (background) probability = 0.512 (0.105)
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TMVA overtraining check for classifier: CFMlpANN

CFMlpANN response
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Kolmogorov-Smirnov test: signal (background) probability = 0.993 (0.594)
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TMVA overtraining check for classifier: CFMlpANN

CFMlpANN response
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Kolmogorov-Smirnov test: signal (background) probability = 0.0944 (0.623)
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TMVA overtraining check for classifier: CFMlpANN

ΛC→pK−+

D+→K−++

Ds
+→+



Efficiency of CFMlpANN

Mode =15 GeV/c

Data TMVA (level 3) [%]

D0→K−+ 94.8 

D+→K−++ 92.8 

Ds
+→+ 89.8 

J/+−→l+l−+− 98.5 

ΛC→pK−+ 90.4

Λ→p− 96.2

→K+K− 97.6

DPM 40.3

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

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

simultaneous tagging 

Channel

)-l+(lψJ/ ))+π-(K0D )+π+π-(K+D )+π-K+(K+
sD )+π-(pK+

cΛ )-π(pΛ )-K+(Kφ

E
ff

ic
ie

n
c
y

0

0.05

0.1

0.15

0.2

0.25

0.3

Tagging contribution for DPM background
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Efficiency of CFMlpANN

Mode Beam mom. = 15 GeV/c

Data pure
TMVA [%] Mass cut + PID(Loose) [%] TMVA +  

Mass cut + PID(Loose) [%]

D0→K−+ 94.8 44.3 43.1

D+→K−++ 92.8 39.7 37.7

Ds
+→+ 89.8 37.0 34.2

J/+−→l+l−+− 98.5 45.4 45.1

ΛC→pK−+ 90.4 32.4 30.1

Λ→p− 96.2 - -

→K+K− 97.6 24.8 24.2

DPM 40.3 20.4 9.6

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

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

- DPM background contains Λ, cannot use further in efficiency estimation   

simultaneous tagging 
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Efficiency of CFMlpANN

Mode Beam mom. = 6.569 GeV/c (cms = 3.770 GeV)

Data pure
TMVA [%] Mass cut + PID(Loose) [%] TMVA +  

Mass cut + PID(Loose) [%]

D0→K−+ 89.1 37.4 35.6

D+→K−++ 88.8 26.2 24.4

J/+−→l+l−+− 98.0 51.2 51.1

Λ→p− 94.1 - -

→K+K− 95.0 35.5 34.8

DPM 34.1 10.1 4.7

- 70% background reduction (1-εff) @ low energy mode

simultaneous tagging 

Mode Beam mom. = 1.7 GeV/c (cms = 2.325 GeV)

Λ→p− 93.4 - -

→K+K− 94.8 29.7 29.3

DPM 30.0 3.6 0.7
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TMVA analysis

Improvement of TMVA for event shape variables

- isolation of large contribution (e.g. ΛC→pK−+) 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. TMlpANN) 

- variable transformation by de-correlation in a preprocessing 

- combining event shape variables with kinematic variable of resonances

Event 
Shape 

D0, D+ J/ψ
Λ, Ds, Λc, ϕ

Event Shape +
D+ kinematic

Event Shape + 
J/ψ kinematic

TMVA
parallel 
TMVA

…..
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Summary

Track/PID candidates 

Combinatorial (charged, neutral)

Mass cut (resonances)

POCA / Vertex cut

Event flow @ online software trigger

Kinematic cut for resonances (e.g. pT)

POCA 
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p
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T
Maximum p

 + 0.25 (GeV/c), LTS regression fit
maxT

p

Trigger decision (multiple line)

Event Shape cut by MVA

start from 40% of background data rate
8 MHz

20 MHz

2 MHz
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Backup



Event shape analysis

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 Rsignal - RBackground > 1% 
- Apply and find next variable 

h_sig[21]
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Additional variables

EMC cluster information    total number of hit in detector

GeV/c 474.5s @    AnyKDDpp 

Signal Data DPM background
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TMVA tuning
Non-vanishing correlations between input variables would lead to underperforming

33 X 33 variables



TMVA tuning
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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 1st hidden layer

- 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

Determine relevance in the application of TMVA



TMVA tuning
Variable ranking can use to find the importance of variables (for ANN & BDT)

MLP response
-0.4 -0.2 0 0.2 0.4 0.6 0.8 1 1.2

d
x

 / 
(1

/N
) 

d
N

0

0.5

1

1.5

2

2.5

3
Signal (test sample)

Background (test sample)

Signal (training sample)

Background (training sample)

Kolmogorov-Smirnov test: signal (background) probability = 0.237 (0.444)
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TMVA overtraining check for classifier: MLP
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Kolmogorov-Smirnov test: signal (background) probability = 0.778 (0.0484)
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TMVA overtraining check for classifier: MLP
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Kolmogorov-Smirnov test: signal (background) probability = 0.108 (0.976)
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TMVA overtraining check for classifier: MLP
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Kolmogorov-Smirnov test: signal (background) probability = 0.927 (    1)
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TMVA overtraining check for classifier: MLP

7 variables 
with best ranking 7

10 variables
with best ranking 10

31 variables
exclude linearly correlated var.

41 variables
maximum available 


