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QCD lecture 2 (p. 3)
PDF introduction Factorization & parton distributions

Cross section for some hard
process in hadron-hadron
collisions

x
2 p

2

p1 p2

x 1
p 1

!

Z H

σ =
!

dx1fq/ p(x1, µ
2)

!
dx2føq/ øp(x2, µ

2) öσ(x1p1, x2p2, µ
2) , ös = x1x2s

! Total X-section isfactorizedinto a Ôhard partÕ öσ(x1p1, x2p2, µ2) and
ÔnormalizationÕ from parton distribution functions (PDF).

! Measure total cross section! need to know PDFsto be able to test
hard part (e.g. Higgs electroweak couplings).

! Picture seems intuitive, but
! how can we determine the PDFs? NB: non-perturbative
! does picture really stand up to QCD corrections?

�0�I�L�Z�W�V���+�W�T�T�Q�L�M�Z

�Ÿ�<�W�\�I�T���K�Z�W�[�[���[�M�K�\�Q�W�V���Q�[���N�I�K�\�W�Z�Q�b�M�L���Q�V�\�W���I���R�P�I�Z�L���X�I�Z�\�S���5�I�\�Z�Q�`���-�T�M�U�M�V�\��
���L�Q�N�N�M�Z�M�V�\�Q�I�T���K�Z�W�[�[���[�M�K�\�Q�W�V�����I�V�L���R�V�W�Z�U�I�T�Q�b�I�\�Q�W�V�S���N�Z�W�U���X�I�Z�\�W�V��
�L�Q�[�\�Z�Q�J�]�\�Q�W�V���N�]�V�K�\�Q�W�V�[�����8�,�.�������Q�V�\�Z�W�L�]�K�M�L���J�a���.�M�a�V�U�I�V�������!���!������

�Ÿ�5�M�I�[�]�Z�M�U�M�V�\���W�N���\�W�\�I�T���K�Z�W�[�[���[�M�K�\�Q�W�V���V�M�M�L�[���\�W���S�V�W�_���8�,�.�[���\�W���J�M��
�I�J�T�M���\�W���\�M�[�\���R�P�I�Z�L���X�I�Z�\�S�����M���O�����0�Q�O�O�[���M�T�M�K�\�Z�W�_�M�I�S���K�W�]�X�T�Q�V�O�[����

�Ÿ�8�,�.�[���I�Z�M���V�W�\���K�I�T�K�]�T�I�J�T�M���Q�V���X�M�Z�\�]�Z�J�I�\�Q�W�V���\�P�M�W�Z�a���I�V�L���V�M�M�L�[���\�W���J�M��
�L�M�\�M�Z�U�Q�V�M�L���N�Z�W�U���L�I�\�I

!2

�+�Z�W�[�[���[�M�K�\�Q�W�V���W�N���P�I�Z�L���X�Z�W�K�M�[�[��
�Q�V���P�I�L�Z�W�V���P�I�L�Z�W�V���K�W�T�T�Q�[�Q�W�V�[��
���9�+�,���T�M�K�\�]�Z�M���������!�����/�����;�I�T�I�U��

! =
!

dx1dx2f 1(x, µ 2)f 2(x, µ 2)!̂ (x1, x2; " s, µ2)� =
Z

dx1dx2f1(x, µ2)f2(x, µ2)�̂(x1, x2;↵s, µ
2)� =

!
dx1dx2f 1(x, µ 2)f 2(x, µ 2)�̂(x1, x2;↵s, µ2)
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Figure 3.1: The NNPDF3.1 NNLO PDFs, evaluated at µ2 = 10 GeV2 (left) and µ2 = 104 GeV2 (right).

3.3 Parton distributions

We now inspect the baseline NNPDF3.1 parton distributions, and compare them to NNPDF3.0
and to MMHT14 [7], CT14 [6] and ABMP16 [8]. The NNLO NNPDF3.1 PDFs are displayed
in Fig. 3.1. It can be seen that although charm is now independently parametrized, it is still
known more precisely than the strange PDF. The most precisely determined PDF over most of
the experimentally accessible range ofx is now the gluon, as will be discussed in more detail
below.

In Fig. 3.2 we show the distance between the NNPDF3.1 and NNPDF3.0 PDFs. According
to the deÞnition of the distance given in Ref. [98],d ! 1 corresponds to statistically equivalent
sets. Comparing two sets with Nrep = 100 replicas, a distance ofd ! 10 corresponds to a
di!erence of one-sigma in units of the corresponding variance, both for central values and for
PDF uncertainties. For clarity only the distance between the total strangeness distributions
s+ = s + øs is shown, rather than the strange and antistrange separately. We Þnd important
di!erences both at the level of central values and of PDF errors for all ßavors and in the entire
range of x. The largest distance is found for charm, which is independently parametrized in
NNPDF3.1, while it was not in NNPDF3.0. Aside from this, the most signiÞcant distances are
seen in light quark distributions at large x and strangeness at mediumx.

In Fig. 3.3 we compare the full set of NNPDF3.1 NNLO PDFs with NNPDF3.0. The
NNPDF3.1 gluon is slightly larger than its NNPDF3.0 counterpart in the x "< 0.03 region, while
it becomes smaller at largerx, with signiÞcantly reduced PDF errors. The NNPDF3.1 light
quarks and strangeness are larger than 3.0 at intermediatex, with the largest deviation seen
for the strange and antidown PDFs, while at both small and largex there is good agreement
between the two PDF determinations. The best-Þt charm PDF of NNPDF3.1 is signiÞcantly

23

NNPDF3.1, Eur. Phys. J. C77, 10, 663 (2017)
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8 6 Template Fit for Photon Yield

• R9, sihih , sihif, E2x2/E5x5, E1x3/E5x5, E2x5max/E5x5, h-width, f-width.112

• ESsRR and ES-energy/SC-RawE, if EE photons113

• r for PU dependency,114

where Enxm is the number of crystal in energy sum where n is number in h direction and m in115

f direction. For multiple choices, the highest energy sum is used.116

Figure 7: pT and h distributions for true photons (black line), reweighted true (black dots) and
fakes (red).

The distributions of variables are shown in appendix A. Training results are shown in Fig. 8 for117

EB and EE on the BDT responds of signal and background events. ROC curves are also shown.118

The MVA photon ID for 25ns is approved and recommended by EGM POG with DPS [5] results119

in public.120

6 Template Fit for Photon Yield121

The previous analysis estimating photon purity and fake rate typically rely on fitting one vari-
able, e.g. sihih , that is not used for photon identification. In this analysis, since all variables that
carry separation power of photon and fake are used in the BDT training, we intent to use BDT
output response as the fitting variable and extract the signal and background components from
the fit. The photon yield is obtained by fitting the BDT output distributions. Signal template
is obtained from Monte-Carlo while background template is obtained from data. The fitting is
performed using a binned, extended maximum likelihood technique, by minimizing �lnL, on
BDT output distribution of photon candidates. The likelihood function L is defined by:

L =
e
�(Ns+Nb)(Ns + Nb)N

N!

N

’
i=1

NsP
i

s + NbP
i

b
(1)

where Ps and Pb are the signal and background probability density functions (PDFs), respec-122

tively, N is the number of measured events, Ns and Nb are the number of signal and background123

events.124

6.1 Signal template125

The signal template is obtained from PYTHIA gamma jet MC samples with photon candidates126

matching a true photon in generator level, described earlier in photon MVA section. Data and127

EPJC 79 (2019) 20 
CMS-SMP-16-003
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Figure 5: The dσ/dpγT distribution versus the transverse momentum of the photon
for the process pp → γ + c +X at

√
s =8 TeV using CTEQ6.6M (solid blue line),

BHPS CTEQ6c2 (dashed red line) and sea-like CTEQ6c4 (dash-dotted green line),
for central photon rapidity | yγ |<1.37 (top). The ratio of these spectra with respect
to the CTEQ6.6M (solid blue line) distributions (bottom). The calculation was done
within the NLO QCD approximation.

quired using the CTEQ66 PDF and µr = µf = µF = pγT , are presented. The shaded
yellow region, represents the scale dependence. Clearly the difference between the
spectrum using the BHPS IC PDF and the one using the radiatively generated PDF
increases as pγT increases, however in this central rapidity region at pγT ∼ 400 GeV
the BHPS IC and sea-like IC spectra are roughly the same.

In Fig. 6 the same distributions as in Fig. 5 are shown, however for forward
photon rapidity 1.52 <| yγ |< 2.37. In this case larger - x values are probed and
therefore we start to observe the difference between the solid and dashed (dash-
dotted) lines at smaller pγT values than in Fig. 5. The difference when using the
BHPS IC PDFs is about 200% at pγT ∼ 200 GeV and increases almost up to 300%
for pγT ∼ 400 GeV. In this rapidity region the difference between the BHPS and
sea-like spectra is clearly visible even as early as pγT ∼ 200 GeV. However, while
the IC is more accentuated, the cross-section and hence the number of events is less
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Figure 2: The Feynman diagrams for the hard process c(b)g → γc(b), the one-quark
exchange in the s-channel (left) and the same in the t-channel (right).

process gq → γq is used in the LO QCD form [31]:

dσgq→γq(ŝ, t̂)

dt̂
=

8π

ŝ2
αemαs(Q

2)×
{

−
e2q
3

(

û

ŝ
+

ŝ

û

)}

, (8)

where αem is the electromagnetic coupling constant, αs(Q2) is the QCD running
coupling constant obtained within LO QCD, eq is the quark charge and Q2 =
2ŝt̂û/(ŝ2 + t̂2 + û2). Within LO QCD, in addition to the main subprocesses il-
lustrated in Fig. 2 one considers the subprocesses gg → cc̄, qc → qc, gc → gc
accompanied by the bremstrallung c(c̄) → cγ, the contribution of which is sizable
at low pγT and can be neglected at pγT > 60 GeV/c, according to [37]. The diagrams
within the NLO QCD are more complicated than Fig. 2.

Let us illustrate qualitatively the kinematical regions where the IC component
can contribute significantly to the spectrum of prompt photons produced together
with a c-jet in pp collisions at the LHC. For simplicity we consider only the contribu-
tion to the reaction pp → γ+c(jet)+X of the diagrams given in Fig. 2. According to
(6) and (7), at certain values of the transverse momentum of the photon, pγT , and its
pseudo-rapidity, ηγ , (or rapidity yγ) the momentum fraction of γ can be xFγ > 0.1,
therefore the fraction of the initial c-quark must also be above 0.1, where the IC
contribution in the proton is enhanced (see Fig. 1). Therefore, one can expect some
non-zero IC signal in the pγT spectrum of the reaction pp → γ+ c+X in this certain
region of pγT and yγ. In principle, a similar qualitative IC effect can be visible in the
production of γ∗/Z0 decaying into dileptons accomponyed by c-jets in pp collisions.

In Fig. 3 the distribution dσ/dpγT of prompt photons produced in the reaction
pp → γ + c + X at

√
s = 8 TeV is presented for the photon rapidity interval

1.52 <| yγ |< 2.37 and for c-jet rapidity | yc |< 2.4. The calculation was carried out
within PYTHIA8 [38] and only the diagrams in Fig. 2 are included.

The upper line in the top of Fig. 3 is calculated with the use of the CTEQ66c
PDF and includes IC, while the lower line uses the CTEQ66 PDF where the charm
PDF is radiatively generated only. The probability of the IC contribution is about
3.5% [12]. The ratio of the spectra with IC and without IC as a function of pγT is
presented in the bottom of Fig. 3.
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! CMS
" c-tagging identification based on CSVv2 (now 

baseline is DeepCSV)
" similar inputs as in b-tagging + additional 

kinematics of the soft-lepton taggers 
" discrimination exploited for c-vs light-flavourand 

c-vs b-jets (using Gradient Boosting Classifier) 
" focus on DNN-based c-tagging response, i.e. 

DeepCSV-outperforming dedicated CSVv2 
algorithm 

! ATLAS
" Topology of the displaced vertex reconstructed by the 

JetFitteralgorithm in addition to b-tagging inputs used 
in a dedicated BDT for c-tagging 

" MV2c100 (b discrimination), MV2cl100 (light-flavour
discrimination) 

" DL1 taggers show improved performance

!"

C-Taggers -ATLAS & CMS

this approach leads to better performance for light-ßavour andc-jet rejection than when using the full set
of SMT variables. The e! ect of the Þnite number of events available for the MC samples for the MV2
training is estimated by performing cross-training tests where independent sub-samples are used as input
to the BDT classiÞer. The tagging performance for light-ßavour andc-rejection is observed to be stable
at the level of a few %, and the statistical uncertainty on the values of the typical light-ßavour andc-jet
rejections on the evaluation sample is found to be negligible. The performance of thisb-tagging algorithm
will be discussed in Section5.

4.3 DL1 tagger

The second high level tagger (DL1) is based on an ArtiÞcial Deep Neural Network. DL1 is trained using
K!"#$ with theT%!#&' [32] backend and theA(#) optimizer [33]. The DL1 NN has a multidimensional
output corresponding to the probabilities for a jet to be ab-, c- or light-ßavour jets. Its topology consists
of a mixture of fully-connected hidden layers and maxout layers [34].

The input variables to DL1 consist of those used for the MV2 BDT, with the full set of SMT ob-
servables replacing the SMT BDT output, and the addition of the JetFitterc-tagging variables, discussed
in Section3.2.3.

The parameters of DL1 are optimised, including the architecture of the NN, the number of training
epochs, the learning rates and training batch sizes. Batch Normalisation [35] is added by default since it is
found to improve the performance. Training with multiple output nodes o! ers additional ßexibility when
constructing the Þnal cut discriminant by combining theb, c and light probability, as done for the RNNIP
tagger without the presence of the! node (see Equation1). By treating all ßavours equally during training,
the trained network can be used for bothb-jet andc-jet tagging. Therefore, the Þnal determination of
thec- andb-jets fraction can be chosen a posteriori according to the desired performance. Iso-e" ciency
curves of the DL1 discriminant forc- andb-tagging showing the light-ßavour jet rejection vsc- andb-jet
rejection for di! erent charm fractions in the training are shown in Figure17.
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Figure 17: DL1 light-ßavour vsb-jet rejection (a) andc-jet rejection (b) for a set of working points corresponding
to di! erent values of thec-jet andb-jet e" ciency, respectively. The evaluation is performed ontøt events.

The use of a deep NN is motivated by the interest in exploring whether this architecture might be better
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B-tagging

I We use Deep CSV as flavour disciminator.

I Deep Flavour show better flavour separation performances but
not available for 2016.
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�‡ W,Z and Drell-Yan distributions �t sensitivity to valence quarks, strangeness, photon PDF
ATLAS peak W,Z data has already reached systematic uncertainties of ~0.5%, experimental 
improvement unlikely and this is already challenging NNLO calculations
The reach to lower x at 13,14,27TeV brings more theoretical challenges- need for ln(1/x) 
resummation- see arXIV:1710.05935
Off-peak Drell-Yan can still improve BUT low-mass brings the same low-x challenges.
This also affects the LHCb data
And high-mass requires good understanding of the NLO-EW corrections and photon PDF

�‡ Inclusive, di-jet and tri-jet distributions------sensitivity to gluon
Already challenging theoretical understanding -NNLO is needed but scale choice is still an issue
�‡ Top-antitop distributions �tsensitivity to gluon
NNLO calculations already required, data can also improve (data consistency?)

Combinations of types of data and different beam energies �taccounting for their correlations-
can help

For all of these below: precision of the data can improve
�‡ W,Z +jets --------sensitivity to gluon- so far limited, can improve                          
�‡ W,Z/�v+heavy flavour  -sensitivity to strangeness and intrinsic charm- can improve
�‡ Direct photon-------sensitivity to gluon�v studies needed

Summary: where can we improve in future?
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. Jet Classification techniques in CMS in Run 2 - Moriond EWK 2019 !10

The challenges of c-jets identification

The c-quark properties (lifetime, …) and the corresponding physics 
observables for c-jet tagging are between the ones of light quarks and 
b-quarks

light jets c-jets b-jetsc vs light c vs b

DeepCSV provides three discriminants 
• P(B) used directly for b-tagging 
• P(C) and P(L) used for c-tagging 

From P(L), P(C) and P(B),  
    define c-tagging variables: 
    CvsL = P(C) / [ P(C) + P(L) ] 
    CvsB = P(C) / [ P(C) + P(B) ]
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