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global strategy

3

18 Chapter 2. Physics Studies with Photons and Electrons

Figure 2.2: Diphoton invariant mass spectrum after the selection for the cut-based analysis.

Events are normalised to an integrated luminosity of 1 fb
−1

and the Higgs signal, shown for

different masses, is scaled by a factor 10.

Table 2.5: Selection efficiency for the Higgs signal in different mass windows.

Window Window Window Window Window

MH( GeV/c
2
) ±1 GeV/c

2 ±1.5 GeV/c
2 ±2.5 GeV/c

2 ±5 GeV/c
2

Total

115 17% 21% 25% 28% 29%

120 18% 22% 26% 29% 30%

130 18% 22% 27% 31% 32%

140 18% 23% 28% 32% 34%

150 28% 24% 29% 33% 36%

puted using all generated signal events. The signal contribution to the total number of events

is very small, particularly outside the mass region under study. The background can be esti-

mated by a fit to the data mass distribution.

The error on the background estimation comes from two sources:

• the statistical precision which decreases with the size of the mass range that is

used to perform the fit;

• the systematic error related to the shape of the function that is used to fit the

distribution.

• use Mγγ distribution
• apply cuts to remove 

reducible background
• look if there is signal 

➡ width of Higgs peak (≃ 5e-2 GeV) ->  need a good 
resolution on Mγγ

➡ few signal and big background -> need a good 
background and signal modeling

global 
strategy
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1.5. CMS: the overall concept 15

resolution, measured by fitting a Gaussian function to the reconstructed energy distributions,
has been parameterized as a function of energy:
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where S is the stochastic term, N the noise and C the constant term. The values of these
parameters are listed in the figure.
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Figure 1.7: ECAL supermodule energy resolution, σE/E, as a function of electron energy
as measured from a beam test. The upper series of points correspond to events taken with
a 20×20 mm2 trigger and reconstructed using a containment correction described in Sec-
tion 4.3.2.2. The lower series of points correspond to events selected to fall within a 4×4 mm2

region. The energy was measured in an array of 3×3 crystals with electrons impacting the
central crystal.

1.5.4 Hadron calorimeter

The design of the hadron calorimeter (HCAL) [3] is strongly influenced by the choice of mag-
net parameters since most of the CMS calorimetry is located inside the magnet coil (Fig. CP
1) and surrounds the ECAL system. An important requirement of HCAL is to minimize
the non-Gaussian tails in the energy resolution and to provide good containment and her-
meticity for the Emiss

T measurement. Hence, the HCAL design maximizes material inside the
magnet coil in terms of interaction lengths. This is complemented by an additional layer
of scintillators, referred to as the hadron outer (HO) detector, lining the outside of the coil.
Brass has been chosen as absorber material as it has a reasonably short interaction length, is
easy to machine and is non-magnetic. Maximizing the amount of absorber before the mag-
net requires keeping to a minimum the amount of space devoted to the active medium. The
tile/fibre technology makes for an ideal choice. It consists of plastic scintillator tiles read
out with embedded wavelength-shifting (WLS) fibres. The WLS fibres are spliced to high-

(TDR 2006 volume 1 ) 

energy resolution of ecal

4

intercalib
+LASER

168 Chapter 4. Electromagnetic Calorimeter

4.3.2.3 Energy resolution as a function of energy

The energy resolution, measured by fitting a Gaussian function to the reconstructed energy

distributions, has been parameterized as a function of energy,

�
σ

E

�2

=
�

S√
E

�2

+
�

N

E

�2

+ C2, (4.2)

where S is the stochastic term, N the noise and C the constant term. As presented earlier,

Fig. 1.7 shows an example of the energy resolution as function of energy, together with the

fitted function. Similar results are obtained for sets of data (energy scans) taken throughout

the supermodule. The upper series of points are the resolution values obtained from fits to

the energy distribution obtained for unselected events taken with a 20×20 mm2 trigger and

reconstructed using the containment correction described in the previous section. The lower

series of points are obtained from events selected to fall within a 4×4 mm2 region. Due to

the tight selection, the statistical error on the measured energy resolution in the lower set is

rather large for some data points.

4.4 Calibration and alignment
Calibration is a severe technical challenge for the operation of the CMS ECAL. It is naturally

seen as composed of a global component, giving the absolute energy scale, and a channel-to-

channel relative component, which is thereafter referred to as intercalibration.

Many small effects which are negligible at low precision need to be treated with care as the

level of precision of few per mil is approached. The essential issue is stability in both time

and space, so that showers in different locations in the ECAL in data recorded at different

times are accurately related to each other.

The main source of channel-to-channel response variation in the barrel is the crystal-to-

crystal variation of scintillation light yield which has an RMS of ≈ 8%. In the endcap the

VPT signal yield, the product of the gain, quantum efficiency and photocathode area, has

an RMS variation of almost 25%. The nature and technology of the ECAL provides no con-

venient or a priori way of intercalibrating the channels and the target precision can only be

achieved using physics events. Over the period of time in which the physics events used to

provide an intercalibration are taken the response must remain stable and constant to high

precision. Where there is a source of significant variation, as in the case of the changes in

crystal transparency caused by irradiation and subsequent annealing, the variation must be

precisely tracked by an independent measurement. The changes in crystal transparency are

tracked and corrected using the laser monitoring system.

The final goal of the calibration strategy is to achieve the most accurate energy measurement

for electron and photons. Schematically the reconstructed energy might be decomposed to 3

factors,

Ee,γ = G× F ×
�

i

ci ×Ai, (4.3)

where G is a global absolute scale. The function F is a correction function depending on

the type of particle, its position, its momentum and of the clustering algorithm used. The

need to control C ! 

➡intercalibration, alignement
➡ LASER correction

Transparency loss in 2011
• Significantly larger losses seen in 2011, due to higher irradiation

21

EB

EE

uncorrected

corrected

On average 3% loss in EB, 10% in EE (~20% in high eta region)
so far, consistent with expectations

A. Ledovskoy A. Benaglia et al.

LASER correction not 
good in prompt RECO 

for now -> need 
RERECO
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energy correction

5

!"#

$%&'()#*+#,-.&/0#
 Investigated effects of pileup (2010 conditions) on our signal  
 Effective width worsened by about 12% 
 Selection efficiency needs to be re-optimized: 10% drop 
 Clustering for photon reconstruction should be checked. 

use of R9 =
E3×3

ESC

R9> 0.94 in EB (0.95 in EE) Eγ = E5x5
R9< 0.94 in EB (0.95 in EE) Eγ = ESC

✓ E5x5 -> Local containment and cracks corrections (not yet 
applied)

✓ ESC -> Super Cluster correction for photon in development 
(before calculated with electrons) + check using the Z->μμγ   

SC 
corrections
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Higgs vertex :

6

• default vertex in RECO vertex with the max sum of Pt2

•official analyse = multivariate analysis with 3 variables 
10 4 Vertex reconstruction
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Figure 3: Distributions of the variables chosen for the vertex identification (ptbal, ptasym,

sumpt2) in simulated H → γγ events with pile-up. In red for the true production vertex (signal)

and in blue for pile-up vertices (background).
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Figure 4: Vertex identification efficiency as a function of the boson pT (left). Vertex identifica-

tion efficiency as a function of the number of simulated pile-up vertices (right).

of the boson pT and of pile-up. It can be seen that exploting the correlations between the di-295

photon kinematics and the recoiling system improves the efficiency of choosing the right vertex296

both at low pT and high pile-up.297

4.1.2 Measurement of the algorithm performance in data298

Events with a Z boson decaying into a muon or electron pair can be exploited to measure the299

performance of the vertex identification on data.300

In fact, the lepton tracks can be used to identify the hard interaction vertex and be subsequently301

removed from the vertex reconstruction algorithm to mimic the topology of a Higgs boson302

4.1 Vertex ID from all tracks 9

• sumpt2: ∑i |�pi
T|2.255

The variables below are instead sensitive to the vertex kinematics and its correlation to the256
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The discriminating power of each variable was evaluated by looking at the rank of the signal269

vertex in events with pile-up (PU). In order to establish the best performing vertex identifi-270

cation algorithm, combining the information from multiple variables, the correlation among271

them needs to be taken into account.272

We identified the best performing variables by choosing those where the signal vertex has the273

best rank and by limiting the linear correlation coefficient between the chosen set.274

The study was performed on a simulated sample of a SM Higgs produced in gluon-gluon275

fusion with a mass of 120 GeV/c2
. Events were preselected requiring both of the photons from276

the Higgs decay to be reconstructed with a transverse energy above 40 (30) GeV for leading277

(subleading) photon and with a pseudorapidity, evaluated with respect to the centre of the278

detector, below 2.5. All the tracks used for the vertex fitting were employed.279

Different PU scenarios (between 4 and 18 average interactions) were studied and the set of most280

discriminating variables was found to be stable: ptbal, ptasym, sumpt2. The use of additional281

variables resulted in a marginal gain in performance.282

The distributions of the selected variables are shown in Figure 3.283

4.1.1 Vertex identification algorithm284

The rank-product algorithm uses the rank each vertex has in each of the discriminating vari-285

ables and takes their product. The rank of the vertices in each variable ranges from 1 to N for286

an event with N reconstructed vertices. The lowest ranking (1) is assigned to the vertex with287

the most signal-like value in that variable. E.g., in the case of ptbal, the vertex with largest ptbal288

will be assigned rank 1, the second largest rank 2, etc.289

The rank-product classification was extensively compared to the boosted decision tree (BDT)290

multivariate method. It was found that the improvement in performance offered by the BDT291

was not significant given that its use would imply a much less straightforward way to perform292

the classification.293

Figure 4 compares the efficiency of the rank-product with the sumpt2 only both as a function294
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10 4 Vertex reconstruction
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Figure 3: Distributions of the variables chosen for the vertex identification (ptbal, ptasym,

sumpt2) in simulated H → γγ events with pile-up. In red for the true production vertex (signal)

and in blue for pile-up vertices (background).
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Figure 4: Vertex identification efficiency as a function of the boson pT (left). Vertex identifica-

tion efficiency as a function of the number of simulated pile-up vertices (right).
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Figure 3: Distributions of the variables chosen for the vertex identification (ptbal, ptasym,

sumpt2) in simulated H → γγ events with pile-up. In red for the true production vertex (signal)

and in blue for pile-up vertices (background).
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Figure 4: Vertex identification efficiency as a function of the boson pT (left). Vertex identifica-

tion efficiency as a function of the number of simulated pile-up vertices (right).

of the boson pT and of pile-up. It can be seen that exploting the correlations between the di-295

photon kinematics and the recoiling system improves the efficiency of choosing the right vertex296

both at low pT and high pile-up.297

4.1.2 Measurement of the algorithm performance in data298

Events with a Z boson decaying into a muon or electron pair can be exploited to measure the299

performance of the vertex identification on data.300

In fact, the lepton tracks can be used to identify the hard interaction vertex and be subsequently301

removed from the vertex reconstruction algorithm to mimic the topology of a Higgs boson302

vertex 

+ use the tracks of 
conversion for the 

converted case

form Higgs -> gg official note

NOT yet in our analysis
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photon ID 

7

EGM 006 Loose
no Pixel Seed yes
trackerIso < 2 GeV

ecalIso < 4.2 GeV
hcalIso < 2.2 GeV

pt >30 GeV
σiηiη 0.01(EB) 0.03(EE)
HoE 0.05

η-Gap no |η| < 2.5 and no 1.4442 < |η| <1.566

no pile-up substraction for now !

photon ID 
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NN training : 

the weight of the NN are optimized to minimize  
the distance between the NN output and a perfect 

NN output (1 for signal 0 for bg)

8.10 Artificial Neural Networks (nonlinear discriminant analysis) 97

It is likely that the same performance can be achieved with a network of more than one hidden
layer and a potentially much smaller total number of hidden neurons. This would lead to a shorter
training time and a more robust network.

8.10.4 Training of the neural network

Back-propagation (BP)

The most common algorithm for adjusting the weights that optimise the classification performance
of a neural network is the so-called back propagation. It belongs to the family of supervised learning
methods, where the desired output for every input event is known. Back propagation is used by all
neural networks in TMVA. The output of a network (here for simplicity assumed to have a single
hidden layer with a Tanh activation function, and a linear activation function in the output layer)
is given by

yANN =
nh�

j=1

y(2)
j w(2)

j1 =
nh�

j=1

tanh

�
nvar�

i=1

xiw
(1)
ij

�
· w(2)

j1 , (73)

where nvar and nh are the number of neurons in the input layer and in the hidden layer, respectively,
w(1)

ij is the weight between input-layer neuron i and hidden-layer neuron j, and w(2)
j1 is the weight

between the hidden-layer neuron j and the output neuron. A simple sum was used in Eq. (73) for
the synapse function κ.

During the learning process the network is supplied with N training events xa = (x1, . . . , xnvar)a,
a = 1, . . . , N . For each training event a the neural network output yANN,a is computed and compared
to the desired output ŷa ∈ {1, 0} (in classification 1 for signal events and 0 for background events).
An error function E, measuring the agreement of the network response with the desired one, is
defined by

E(x1, . . . ,xN |w) =
N�

a=1

Ea(xa|w) =
N�

a=1

1
2

(yANN,a − ŷa)2 , (74)

where w denotes the ensemble of adjustable weights in the network. The set of weights that
minimises the error function can be found using the method of steepest or gradient descent, provided
that the neuron response function is differentiable with respect to the input weights. Starting from
a random set of weights w(ρ) the weights are updated by moving a small distance in w-space into
the direction −∇wE where E decreases most rapidly

w(ρ+1) = w(ρ) − η∇wE , (75)

where the positive number η is the learning rate.

The weights connected with the output layer are updated by

∆w(2)
j1 = −η

N�

a=1

∂Ea

∂w(2)
j1

= −η
N�

a=1

(yANN,a − ŷa) y(2)
j,a , (76)

X1 to XN are the training events 

if the stat of signal >> stat of bg : the training will 
privilege the signal shape

γ/π0 discrimination

8

• MLP
• Neuron type  : tanh
• VarTransform :N
• NCycles : 600
•Hidden Layers : N,N-1
• TestRate : 5
• no regulator

training = error back-propagation -> minimize error 
between perfect NN output and the real NN output

after EGM loose photon ID 
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input variables

9

R19
Emax/Rscraw
E2x2 / E5x5

λ-/λ+

σηφ2

η-width
brem=  φ-width /η-width

λ-/σηη2

SC spread 

SC axis

λ- and λ+   = Eigen value of the 
covariance matrix  

discrimina
ting 

variables
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input variables

10

discrimina
ting 

variables
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input variables

11

some signal is missing
+

no PU reweighting
+

normalized to entries

f irst results 
in 

CMSSW42X
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input variables
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input variables
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training of the NN 

14

•training with MC, 
✓signal = partonic photon (MC truth) (ISR-FSR photon not 
used)
✓background = jet (MC truth)  

• choice of training sample : GammaJet EMenriched for signal
QCD doubleEMenriched for background

good 
training
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training of the NN 

15

•choice of the training stat : relative importance between 
signal and background

sig >> background sig << background
same performance  ! 

good 
training
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training of the NN 

16

•should we use categories ?

good 
training

EB EE

no if we don’t use a variable defined only in a category

same result for conversion
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NN stability 

17

stable NN

• stability respect to the training sample : loss of 
discriminating  

power ? 

signalbackground
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NN stability 

18

stable NN

•good stability respect to Et and η
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NN stability 

19

stable NN

•good stability respect to Et and η
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NN stability 

20

stable NN

•good stability respect to Et and η

gammaJet EM enriched
diphoton born
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NN efficiency in DATA 

21

with CMSSW 41X

from MC only
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Use of NN in the Higgs analysis

22

NN in 
the 

analysis• Apply EGM Loose 006
• cut on the NN -> min NN output of the 2 photons
• no categories 

cut optimization : find a mass window and optimize s√
b

Best window = ±2 GeV

Best minNN cut  = 0.7
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Use of NN in the Higgs analysis

23

NN in 
the 

analysis

s√
b

How too improve the result ? 
s = 0.3 -> optimize together the photon ID and 

the NN cut to have a 

do some categories of minR9 and barrel/
endcap (like in the official analysis) 
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signal and background modeling

24

•background -> just fit the background
•signal shape :

➡use a sum a gaussian
➡find yield and width from MC and correct 
form DATA

7.1 Signal modeling 37
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(a) Correct Vertex Selection
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(b) Incorrect Vertex Selection

Figure 32: Fit results for signal shape model with correct and incorrect primary vertex selection
for a single category (high pT, barrel-barrel, high R9) in 120 GeV Higgs Monte Carlo. The black
points are the weighted Monte Carlo events and the blue lines are the corresponding fit results.
Individual Gaussian components of the fits are also shown.
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Figure 33: A selection of fit parameters in one category (high pT, barrel-barrel, high R9) for the
fitted masses of 110,120,130,140 GeV along with the linear interpolations.

of 2 Gaussians, or a single Gaussian, depending on the category. The means, widths, and673

relative fraction (for categories with two Gaussians) are left free in the fits to the Monte Carlo.674

A representative set of fits for events with correct and incorrect primary vertex selection in one675

category are shown in Figure 32. The evolution as a function of Higgs mass is shown for a676

selection of fit parameters in Figure 33.677

The combined shape in each category for correct and incorrect vertex selection is constructed by678

adding the shapes for the two subcomponents together, according to the correct vertex selection679

efficiency determined from Monte Carlo. This efficiency is treated as another model parameter680

for the purposes of interpolation between mass points.681

bg
 modeling

signal 
modeling

form Higgs -> gg official note
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summary

25

bg
 modeling

signal 
modeling

NN in 
the 

analysisstable NN

good 
training

discrimina
ting 

variables

global 
strategy

photon ID intercalib
+LASER

SC 
corrections

vertex 
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look in DATA

26

reRECO of the 12th of may + prompt RECO 
1fb–1

cuts = Pt > 40, 30 GeV +loose EGM on the 2 photon + 
minNN > 0.7

look in DATA

background modeling  = exp
signal  = gaussian at 115GeV and 1GeV of width
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look in DATA

27

reRECO of the 12th of may + prompt RECO 
1fb–1

cuts = Pt > 40, 30 GeV +loose EGM on the 2 photon + 
minNN > 0.7

Nb = 3053 ± 50 
Nsig = 37 ± 15 

look in DATA

(Nsig expected from MC = 
9.88 ± 0.01)
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look in DATA

28

look in DATA

using RooStat

significance of Toy = 0.7
significance of DATA = 

2.74
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Conclusion : 

29

- NN under control 
- still a lot of work to do in the analysis side :

•use the official vertex selection
•improve our cuts in categories
•compare with CIC (official cut based analysis)
•perform the signal modeling (efficiency with tag 
and prob, use of mu mu gamma)
•use the official code for stat

•do a multivariate analysis (later ... )
+ use rereco of 5th  of july
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backup

30
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with rereco of 5 july

31

N sig = 8.5 ± 13

signif of data = 1.05


