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IML workshop

April 6-9 IML workshop@CERN

• Discussion on challenges and 

storing data

• Jet physics a important topic 

• Last time ~150 participants

Would be happy to see some of you there
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Content

• Deep learning in jets, some 

thoughts

• Current b-tagging

• DeepJet: physics object base neural 

networks at CMS for jet physics

• Shallow fat jets
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Deep learning

classical ML
medium NN

• High dimensional inputs with big dataset and a large Deep Neural 
Networks (DNN) brought breakthroughs

• We have plenty of  simulated labeled data 
• Great opportunity J IF there is headroom left by old methods L

headroom
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How much do we win in CMS by DL?
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Deep neural network for flavour tagging



Task to find the particle ID of  a jet, e.g. b-quark

Key features:
• Long lifetime of  heavy flavor 

quarks
• Displaced tracks, …
• Usage of  ML standard for this 

problem
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Jet tagging



4 exclusive  flavour categories:
• Exactly one b hadron in the jet
• Exactly one c hadron, with no b-hadron in the jet
• Two or more b hadrons in jet
• Light quark/gluon jets (udsg)

® Using many classes is important for a robust taggers. In real 
data the tagger will see all possible classes

Jet flavour tagging is intrinsically a multi-class classification problem
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Jet tagging: Multiclass classification

Generic jet tagging has even more classes: light quark, gluons, hadronic t, 
pile up
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Similar impact as the new inner pixel! 

• Diverse samples
Ø QCD and tt

• Optimal training: Large jet sample to avoid over-fitting
Ø 50M jets!

• Use complete standard CSV b-tag “Tag info” (from ~30→60)
• Dense Deep Neural Network (Dense)

Old tagger with new pixel detector 
in simulation

new
old
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New deep learned flavour tagger
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1. Use the 4 jets with highest b-tag discriminant to construct 3 
possible H1H2 pairings

2. Select H1H2 pair minimizing mass difference:
3. Define ∆Rmax as the larger of the opening angle between the two 

b-quarks for H1 and H2

SUS-16-044: Analysis definitions

�m = |mH1 �mH2 |

Higgs reconstruction

Objects

2b ≡ Nb,T = 2, Nb,M = 2

3b ≡ Nb,T ≥ 2, Nb,M = 3, Nb,L = 3

4b ≡ Nb,T ≥ 2, Nb,M ≥ 3, Nb,L ≥ 4

b-tag categories

Search for Higgsinos in the context of GMSB in 
the HH+MET final state, where the Higgs bosons  
are reconstructed in their h→ bb decay.

Overview

• No veto leptons or tracks
• 4 or 5 jets, at least 2 tight b-tags
• pTmiss > 150 GeV
• ∆!1,2 > 0.5, ∆!3,4 > 0.3, where ∆!i ≡ ∆R(pTmiss, ith jet)
• ∆m < 40 GeV, ∆Rmax < 2.2 

Baseline event selection
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h
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h

Nominal search performed in 
Higgs boson mass window in 

the 3b and 4b categories 
defined based on DeepCSV

6 3 Object and variable definitions

to have pT > 10 GeV (pT > 20 GeV) and |h| < 2.5, and to satisfy identification criteria—98

corresponding the veto (medium) working point as defined by the EGAMMA POG—designed99

to minimize any misidentification of light-parton jets, photon conversions, and electrons from100

heavy flavor hadron decays as prompt electrons. Muons are reconstructed by associating tracks101

in the muon system with those found in the silicon tracker [13]. Veto (signal) muon candidates102

are required to satisfy pT > 10 GeV (pT > 20 GeV) and |h| < 2.4 and the medium working point103

as defined by the MUON POG.104

To preferentially select leptons that originate in the decay of W and Z bosons, leptons are re-105

quired to be isolated from other PF candidates. Isolation is quantified using an optimized ver-106

sion of the “mini-isolation” variable originally suggested in Ref. [14], in which the transverse107

energy of the particles within a cone in h-f space surrounding the lepton momentum vector108

is computed using a cone size that scales as 1/p`
T, where p`

T is the transverse momentum of109

the lepton. In this analysis, mini-isolation, Irel
mini = Imini/p`

T, is defined as the transverse energy110

Imini of particles in a cone of radius Rmini-iso around the lepton, divided by p`
T. The transverse111

energy Imini is computed as the scalar sum of the pT values of the charged hadrons from the PV,112

neutral hadrons, and photons. The last term is a correction that estimates the average amount113

of pileup energy near the leptons by taking the contribution from charged candidates not orig-114

inating from the primary vertex and multiplying by 1
2 to account for the average difference in115

neutral and charged contributions from pileup.116

The cone radius Rmini-iso varies with the p`
T according to

Rmini-iso =

8
>><

>>:

0.2, p`
T  50 GeV

10 GeV
p`

T
, p`

T 2 (50 GeV, 200 GeV)

0.05, p`
T � 200 GeV.

(1)

The 1/p`
T dependence is motivated by considering a two-body decay of a massive parent par-117

ticle with mass M and large pT, for which the angular separation of the daughter particles118

is roughly DRdaughters ⇡ 2M/pT. The pT-dependent cone size reduces the rate of accidental119

overlaps between the lepton and jets in high-multiplicity or highly Lorentz-boosted events,120

particularly overlaps between b jets and leptons originating from a boosted top quark. The121

cone remains large enough to contain b-hadron decay products for non-prompt leptons across122

a range of p`
T values. Muons (electrons) must satisfy Irel

mini < 0.2 (0.1). The combined efficiency123

for the signal electron reconstruction and isolation requirements is about 50% at a p`
T of 20 GeV,124

increasing to 65% at 50 GeV and reaching a plateau of 80% above 200 GeV. The combined recon-125

struction and isolation efficiencies for signal muons are about 70% at a p`
T of 20 GeV, increasing126

to 80% at 50 GeV and reaching a plateau of 95% at 200 GeV.127

As already noted in Section 1, the dominant background in the analysis arises from tt single-128

lepton events in which the lepton is a t decaying hadronically or is a light lepton that is not129

Table 2: Summary of object selection requirements.

Object pT [GeV] |h| Other
Jets 30 2.4 Anti-kt R=0.4, cleaned from leptons
Veto electrons 10 2.5 Cut-based Veto ID, Imini < 0.1
Veto muons 10 2.4 Medium ID, Imini < 0.2
Lepton tracks 5 2.4 Itk < 0.2, mT(tk, pmiss

T ) < 100 GeV
Hadronic tracks 10 2.4 Itk < 0.1, mT(tk, pmiss

T ) < 100 GeV

• Up to 50% more signal with 
15% more bkg.

• Gained 150 GeV in m(c!")

hh->bbbb and MET

~

This new flavour tagger officially recommended since 
2017 in CMS!
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Application of new tagger in data



DeepCSV best c tag performance
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ROC for c vs b an light



Application in physics analysis
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Baseline, pmiss
T > 300, � 3b 12.9±0.8 2.4 4.2

Baseline, pmiss
T > 300, 4b 4.0±0.4 1.7 2.8

DeepCSV TChiHH TChiHH
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T > 300, � 3b 16.3±0.8 3.2 5.7

Baseline, pmiss
T > 300, 4b 4.6±0.4 2.5 4.0

Comparison of CSVv2 and DeepCSV

Comparison of the total background and signal yields in simulation for selections based on CSVv2 (left) and DeepCSV (right) in the context 
of the SUS-16-044 analysis. Two benchmark TChiHH points with Higgsino masses of 225 GeV and 700 GeV, and Goldstino mass of 1 GeV 
are shown. The yields for the three b-tag categories are shown for three cases: prior to any selection, after the baseline, and in the high-
pT

miss region where the sensitivity to high mass Higgsinos is enhanced. The background is dominated by events with 2 true b quarks, while 
the signal has 4 b quarks. Compared to CSVv2, the high b-tagging efficiency of the DeepCSV algorithm extends the expected exclusion 
limit by approximately 150 GeV in the Higgsino mass, corresponding to a cross-section that is 3 times smaller. This gain in mass reach is 
aided by the increasingly more favorable kinematics of the signal at higher Higgsino masses.
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1. Use the 4 jets with highest b-tag discriminant to construct 3 
possible H1H2 pairings

2. Select H1H2 pair minimizing mass difference:
3. Define ∆Rmax as the larger of the opening angle between the two 

b-quarks for H1 and H2

SUS-16-044: Analysis definitions

�m = |mH1 �mH2 |

Higgs reconstruction

Objects

2b ≡ Nb,T = 2, Nb,M = 2

3b ≡ Nb,T ≥ 2, Nb,M = 3, Nb,L = 3

4b ≡ Nb,T ≥ 2, Nb,M ≥ 3, Nb,L ≥ 4

b-tag categories

Search for Higgsinos in the context of GMSB in 
the HH+MET final state, where the Higgs bosons  
are reconstructed in their h→ bb decay.

Overview

• No veto leptons or tracks
• 4 or 5 jets, at least 2 tight b-tags
• pTmiss > 150 GeV
• ∆!1,2 > 0.5, ∆!3,4 > 0.3, where ∆!i ≡ ∆R(pTmiss, ith jet)
• ∆m < 40 GeV, ∆Rmax < 2.2 

Baseline event selection
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Nominal search performed in 
Higgs boson mass window in 

the 3b and 4b categories 
defined based on DeepCSV

6 3 Object and variable definitions

to have pT > 10 GeV (pT > 20 GeV) and |h| < 2.5, and to satisfy identification criteria—98

corresponding the veto (medium) working point as defined by the EGAMMA POG—designed99

to minimize any misidentification of light-parton jets, photon conversions, and electrons from100

heavy flavor hadron decays as prompt electrons. Muons are reconstructed by associating tracks101

in the muon system with those found in the silicon tracker [13]. Veto (signal) muon candidates102

are required to satisfy pT > 10 GeV (pT > 20 GeV) and |h| < 2.4 and the medium working point103

as defined by the MUON POG.104

To preferentially select leptons that originate in the decay of W and Z bosons, leptons are re-105

quired to be isolated from other PF candidates. Isolation is quantified using an optimized ver-106

sion of the “mini-isolation” variable originally suggested in Ref. [14], in which the transverse107

energy of the particles within a cone in h-f space surrounding the lepton momentum vector108

is computed using a cone size that scales as 1/p`
T, where p`

T is the transverse momentum of109

the lepton. In this analysis, mini-isolation, Irel
mini = Imini/p`

T, is defined as the transverse energy110

Imini of particles in a cone of radius Rmini-iso around the lepton, divided by p`
T. The transverse111

energy Imini is computed as the scalar sum of the pT values of the charged hadrons from the PV,112

neutral hadrons, and photons. The last term is a correction that estimates the average amount113

of pileup energy near the leptons by taking the contribution from charged candidates not orig-114

inating from the primary vertex and multiplying by 1
2 to account for the average difference in115

neutral and charged contributions from pileup.116

The cone radius Rmini-iso varies with the p`
T according to

Rmini-iso =

8
>><

>>:

0.2, p`
T  50 GeV

10 GeV
p`

T
, p`

T 2 (50 GeV, 200 GeV)

0.05, p`
T � 200 GeV.

(1)

The 1/p`
T dependence is motivated by considering a two-body decay of a massive parent par-117

ticle with mass M and large pT, for which the angular separation of the daughter particles118

is roughly DRdaughters ⇡ 2M/pT. The pT-dependent cone size reduces the rate of accidental119

overlaps between the lepton and jets in high-multiplicity or highly Lorentz-boosted events,120

particularly overlaps between b jets and leptons originating from a boosted top quark. The121

cone remains large enough to contain b-hadron decay products for non-prompt leptons across122

a range of p`
T values. Muons (electrons) must satisfy Irel

mini < 0.2 (0.1). The combined efficiency123

for the signal electron reconstruction and isolation requirements is about 50% at a p`
T of 20 GeV,124

increasing to 65% at 50 GeV and reaching a plateau of 80% above 200 GeV. The combined recon-125

struction and isolation efficiencies for signal muons are about 70% at a p`
T of 20 GeV, increasing126

to 80% at 50 GeV and reaching a plateau of 95% at 200 GeV.127

As already noted in Section 1, the dominant background in the analysis arises from tt single-128

lepton events in which the lepton is a t decaying hadronically or is a light lepton that is not129

Table 2: Summary of object selection requirements.

Object pT [GeV] |h| Other
Jets 30 2.4 Anti-kt R=0.4, cleaned from leptons
Veto electrons 10 2.5 Cut-based Veto ID, Imini < 0.1
Veto muons 10 2.4 Medium ID, Imini < 0.2
Lepton tracks 5 2.4 Itk < 0.2, mT(tk, pmiss

T ) < 100 GeV
Hadronic tracks 10 2.4 Itk < 0.1, mT(tk, pmiss

T ) < 100 GeV

SUS-16-044:
Search for events with two h->bb and MET

1. Use the 4 jets with highest b-tag discriminant to construct 3 
possible H1H2 pairings

2. Select H1H2 pair minimizing mass difference:
3. Define ∆Rmax as the larger of the opening angle between the two 

b-quarks for H1 and H2

SUS-16-044: Analysis definitions

�m = |mH1 �mH2 |

Higgs reconstruction

Objects

2b ≡ Nb,T = 2, Nb,M = 2

3b ≡ Nb,T ≥ 2, Nb,M = 3, Nb,L = 3

4b ≡ Nb,T ≥ 2, Nb,M ≥ 3, Nb,L ≥ 4

b-tag categories

Search for Higgsinos in the context of GMSB in 
the HH+MET final state, where the Higgs bosons  
are reconstructed in their h→ bb decay.

Overview

• No veto leptons or tracks
• 4 or 5 jets, at least 2 tight b-tags
• pTmiss > 150 GeV
• ∆!1,2 > 0.5, ∆!3,4 > 0.3, where ∆!i ≡ ∆R(pTmiss, ith jet)
• ∆m < 40 GeV, ∆Rmax < 2.2 

Baseline event selection
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Nominal search performed in 
Higgs boson mass window in 

the 3b and 4b categories 
defined based on DeepCSV

6 3 Object and variable definitions

to have pT > 10 GeV (pT > 20 GeV) and |h| < 2.5, and to satisfy identification criteria—98

corresponding the veto (medium) working point as defined by the EGAMMA POG—designed99

to minimize any misidentification of light-parton jets, photon conversions, and electrons from100

heavy flavor hadron decays as prompt electrons. Muons are reconstructed by associating tracks101

in the muon system with those found in the silicon tracker [13]. Veto (signal) muon candidates102

are required to satisfy pT > 10 GeV (pT > 20 GeV) and |h| < 2.4 and the medium working point103

as defined by the MUON POG.104

To preferentially select leptons that originate in the decay of W and Z bosons, leptons are re-105

quired to be isolated from other PF candidates. Isolation is quantified using an optimized ver-106

sion of the “mini-isolation” variable originally suggested in Ref. [14], in which the transverse107

energy of the particles within a cone in h-f space surrounding the lepton momentum vector108

is computed using a cone size that scales as 1/p`
T, where p`

T is the transverse momentum of109

the lepton. In this analysis, mini-isolation, Irel
mini = Imini/p`

T, is defined as the transverse energy110

Imini of particles in a cone of radius Rmini-iso around the lepton, divided by p`
T. The transverse111

energy Imini is computed as the scalar sum of the pT values of the charged hadrons from the PV,112

neutral hadrons, and photons. The last term is a correction that estimates the average amount113

of pileup energy near the leptons by taking the contribution from charged candidates not orig-114

inating from the primary vertex and multiplying by 1
2 to account for the average difference in115

neutral and charged contributions from pileup.116

The cone radius Rmini-iso varies with the p`
T according to

Rmini-iso =

8
>><

>>:

0.2, p`
T  50 GeV

10 GeV
p`

T
, p`

T 2 (50 GeV, 200 GeV)

0.05, p`
T � 200 GeV.

(1)

The 1/p`
T dependence is motivated by considering a two-body decay of a massive parent par-117

ticle with mass M and large pT, for which the angular separation of the daughter particles118

is roughly DRdaughters ⇡ 2M/pT. The pT-dependent cone size reduces the rate of accidental119

overlaps between the lepton and jets in high-multiplicity or highly Lorentz-boosted events,120

particularly overlaps between b jets and leptons originating from a boosted top quark. The121

cone remains large enough to contain b-hadron decay products for non-prompt leptons across122

a range of p`
T values. Muons (electrons) must satisfy Irel

mini < 0.2 (0.1). The combined efficiency123

for the signal electron reconstruction and isolation requirements is about 50% at a p`
T of 20 GeV,124

increasing to 65% at 50 GeV and reaching a plateau of 80% above 200 GeV. The combined recon-125

struction and isolation efficiencies for signal muons are about 70% at a p`
T of 20 GeV, increasing126

to 80% at 50 GeV and reaching a plateau of 95% at 200 GeV.127

As already noted in Section 1, the dominant background in the analysis arises from tt single-128

lepton events in which the lepton is a t decaying hadronically or is a light lepton that is not129

Table 2: Summary of object selection requirements.

Object pT [GeV] |h| Other
Jets 30 2.4 Anti-kt R=0.4, cleaned from leptons
Veto electrons 10 2.5 Cut-based Veto ID, Imini < 0.1
Veto muons 10 2.4 Medium ID, Imini < 0.2
Lepton tracks 5 2.4 Itk < 0.2, mT(tk, pmiss

T ) < 100 GeV
Hadronic tracks 10 2.4 Itk < 0.1, mT(tk, pmiss

T ) < 100 GeV

Significant Improvement: e.g. up to ~50% more signal for 15% more bkg
® Significantly improved lower mass limit (150 GeV in Higgsino mass)
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DeepJet
Physics object based deep learning
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Collecting particles from one hard scatter particle

• We are interested in the properties (momentum, particle Id) of  the “black”; 
but in the detector we see the loose ends on the right.

• We use a clustering algorithm (anti-kT) to collect particle candidates and 
than secondary vertices that might belong to one particle from the hard 
scatter.

• We remove particles coming from PU collisions (z displaced vertex)

time



• Translation: Jet-images are translated such that the leading pT subjet is located at (η, φ) = (0, 0).
Note that translations in φ are effectively rotations around the detector z-axis, while translations in
η are Lorentz boosts along the z-axis. As such, translations in η can alter the mass of a jet-image if
the pixel energies are kept fixed. However, the transverse energy is invariant to such η translations,
and thus is used for the pixel intensities.

• Rotation: Jets are rotated such that the second leading pT subjet is aligned along the vertical axis of
the jet-image. If the jet has only one subjet, the first principle component of the energy distribution
in (η, φ) is rotated to align with the vertical axis of the jet-image.

• Parity Flip: After rotation, images are flipped over the vertical axis such that the right side of the
image has a higher energy than the left. This helps to standardize the location of additional radiation
in the jet-image.

After pre-processing, the leading subjet within the jet-image is located at the center of the image, and
the second subjet (if it exists) is aligned along the vertical axis of the image. In facial recognition
tasks, this is equivalent to aligning the eyes within an image of a face. With such a standardized
jet-image representation, the machine learning algorithms do not need to learn about the symmetries
in the jet-image, thus allowing the learning to focus more effectively on discrimination. The effect of
the pre-processing on a collection of W jets can be found in Figure 1.
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Figure 1. The average jet-image for W jets before (left) and after (right) pre-processing. The average is taken
over jet-images with 240 GeV/c < pT < 260 GeV/c and 65 GeV/c2 < m < 95 GeV/c2.

4 Deep learning architectures and training

Discrimination between W and quark/gluon jet-images is performed using deep neural networks
(DNN), which have been found to outperform competing algorithms in computer vision tasks sim-
ilar to jet tagging with jet-images. DNNs have been found to learn rich high-level representations
from raw (pixel-level) image data [5–7]. We make use of the power of such networks by training
them on jet-images, with the pixel level information as input. We focus our attention here on two

    
  

DOI: 10.1051/,127 1270000EPJ Web of Conferences epjconf/20160000  (2016)
201Connecting The Dots 6

9 9

3

• Convolutional networks propose for jet images* and shown to work for 
some problems

• In general the CMS detector is more complex, e.g. not translational 
invariant

CMS not “image” like, 2D CNN less easy to use
13

CMS is a complex detector
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What is a charged particle in the detector?

Npixel hits

Charged particles flow candidates

• Particle flow candidates 
combine the information of  all 
subdetector

• pT, h, f, and and particle ID
• Estimated of  probability to be 

from the primary vertex
• Provides links to rawer objects 

like tracks
• Via particle tracks access to 

“BTV” features and others
• Maybe a DeepParticle

candidate would be interesting
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More features of particle jets

global features
Neutral particles candidates

Secondary vertices

Strategy:
• Add quite extended information of  jets
• Build a DNN that can deal with many and potentially low information features



part25
ch CNNch RNNch

part0ch CNNch RNNch

18 8

… … …
150

• Four 1x1 1D CNN layers reduces 18 to 8 features (feature engineering)

• A recurrent NN (LSTM) represents the sequence of  charged particles 
that is sorted by impact parameter significance

• A constant length vector is than given to the next layers

16

Physics object based NN architecture
Example: charged particle candidates



CNNchchar. part. RNNchCNNchchar. part. RNNchCNNchchar. part. RNNchCNNsvsec. vert. RNNsv

CNNchchar. part. RNNchCNNchchar. part. RNNchCNNchchar. part. RNNchCNNneneutr. part. RNNne

Classification
DNN

CNNchchar. part. RNNchCNNchchar. part. RNNchCNNchchar. part. RNNchCNNchcharg. part. RNNch

FC

global

Classification
DNN

~700 400 250
® ® ®

• Particle and vertex based DNN has factor 10 less free parameters than a 
generic Dense DNN would have

• 100M jets used for training, overtraining is not an issue

~ 700 inputs and 250.000 model parameters

17

Particle and vertex based DNN: DeepJet



DP-2017-013

Blue: generic DNN (650 inputs)
Green: CMS tagger (~65 human made inputs)
Red: Physics inspired DNN (650 inputs)

Particle&Vertex based DNN performs best
18

Impact of DNN architecture



DP-2017-013

• With DeeJet network can reproduce DeepCSV if  for same inputs
• Increase input step by step:

• Not applying track selection as in BTV (lost valuable information)
• More features help, e.g. number of  Pixel hits

~O(10)

50%

19

DNN reveals true CMS potential

Very significant gain at high pT

• Past human features track selection procedure a bottleneck of  performance
• DNN allows more automated evaluation of  which information is needed
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Simplified pT evolution of b-tagging

✶ ✶

SV
tracks

mm cm

sensor

• Vertexing and tracking increasingly difficult at high pT
• Tracks and e.g. number of  pixel hits or even pixel images become more 

interesting
• Track selection at high pT was suboptimal in CMS



Gluon radiate more:
• Typically wider spread and softer 

particles
• Thinner and harder particles

Both, quark and gluon have are 
prompt, i.e. displaced particles and 
vertices are not relevant
• Image approach proposed in 

1612.01551

1612.01551

21

Quark gluon separation
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Input features, pT descending: Dense

100
pT, h, Nch, Nneu

Recurrent for q/g:
J
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E
P
0
1
(
2
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1
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1
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η φ
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m

pre-process

convolutional layer

max-pooling

dense layer

quark jet

gluon jet

! "# $
×3

Figure 2. An illustration of the deep convolutional neural network architecture. The first layer is
the input jet image, followed by three convolutional layers, a dense layer and an output layer.

Only moderate optimization of the network architecture and minimal hyperparameter-

tuning were performed in this study. This optimization included exploration of different

optimizers (Adam, Adadelta, RMSprop), filter sizes, number of filters, activation functions

(ReLU, tanh), and regularization (dropout, L2-regularization), though this exploration was

not exhaustive. Further systematic exploration of the space of architectures and hyperpa-

rameter values, such as with Bayesian optimization using Spearmint [51], might increase

the performance of the deep neural network.

3.3 Jet images in color

All implementations of the jet images machine learning approach that we know of take as

the input image a grid where the input layer contains the pre-processed energy or transverse

momentum in a particular angular region. This can be thought of as a grayscale image,

with only intensity in each pixel and all color information discarded. In computer vision

– 8 –

2D convolutional, four channels (CNN as in 1612.01551): 

pT
rel, Dh, Df, pWup to 25 charged 100

up to 25 neutrals

global

pT, h, Nch, Nnglobal

SpT
rel

Nch
SpT

rel

Nneu

ch

neu

pW as in 1407.6013

Investigate a few custom DNN q/g tagging: 

22

Quark gluon separation
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Performance of the DeepJet multi classification algorithm, the recurrent and the convolutional 
approach, demonstrating the probability for gluon jets to be misidentified as a light quark (uds) jet, 
as a function of the efficiency to correctly identify light quark jets. The curves are obtained on 
simulated QCD events with p̂T between 600 and 800 GeV and using jets with a pT above 500 GeV. 
The absolute performance in this figure serves as an illustration since the light quark jet 
identification efficiency depends on the pT and η distribution of the jets, the event topology, the 
flavour composition of the sample, and the generator used. All curves are obtained using Pythia8. 
Jets that originate from a gluon splitting to cc or bb quarks are not considered gluon jets.
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DPS-2017-027DPS-2017-027

• We filter on generator level only light quarks and gluons that did 
NOT split to heavy flavour.

→ Generic DeepJet and custom q/g DNN gave very similar results!
→ Data is multi-class, without heavy flavour removed DeepJet was clearly best

23

Comparisons of DNNs
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(sub) Structure + flavour

Physics object based DNN showed great performance for quark/gluon and 
flavour tagging.

Should work also for heavy object tagging?

Could DeepJet work also for regression. 
• As densities (as in q vs g) and flavour matter for JEC, DeepJet seems a good 

approach (work in progress)

b
c

s

• Particles of  subjets can overlap
• No clear that we can factorize into “flavour” and 

substracture without loss of  performance
• Good place to try DeepJet like approaches
• See Huilins talk for NEW CMS results
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Retraining
• New condition (PU or new geometry) require retraining of  the 

network
• Use “similar” training sample with huge statistics to “pre-train”
• Increases effectively your data-sets

100M 2017
simulation

50M 2016
simulation

DNN DNN

Used 2017 DNN as start or fixed some inner layers for 2016 
DeepJet
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Methods to deal with simulation
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Definition of the target (loss)

⦿ ⦿

Current target

Optimal performance in 
simulation

Desired target

Optimal and known 
performance in data

We teach ML to hit the wrong target
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Core of the problem: data ≠ MC

a) Data has no labels: 
• fully supervised learning impossible

b) Simulation is not perfect:
• Data is only similar to simulation, e.g. has worse resolution

Are we on our own or is that a usual problem of  data 
science?
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Domain adaptation

Good samples with 
labels for training a 
classifier

Source domain (MC) Target domain (real data)

User samples to 
apply the training, 
no labels available

Much literature; mainly aimed to have good performance of  classifier in target 
domain.



★ ★
● ●

“data” additionally smeared dots

30

Building intuition: Toy

Source
domain

Target
domain

Separating stars and dot samples

How to get good performance in “data”?



31

Adding data/MC agreement to target

data

simulation

DNN
Target 2:
Best 
classification in 
simulation only

Target 1:
Same output for 
data and simulation

Add RMS of differences 
of moments in simulation 
and data

MC only x-enthropy
+

• Enforce that classifier output is independent of  source, i.e data or MC
• One solution for DNN: improve data classifier at expense of  simulation



• Trained with mc (mc)
• Retrained with mc adding 

adversarial loss
• Trained using data labels

(data)

➔ Better data/MC agreement
➔ Smaller systematics uncertainty
➔ Better data performance

32

Toy Results

Simply toy shows that one can use data to go in the right 
direction



arXiv:1702.05464v1 
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Domain adaptation methods

source mapping

Which 
adversarial 
objective?

source 
input

target 
input target mapping

classifier

Weights 
tied or 
untied?

source 
discriminator

target 
discriminator

Generative or 
discriminative 

model?

Figure 2: Our generalized architecture for adversarial do-
main adaptation. Existing adversarial adaptation methods
can be viewed as instantiations of our framework with dif-
ferent choices regarding their properties.

space, and shows that this can learn features useful for image
classification tasks. The conditional generative adversarial
net (CGAN) [15] is an extension of the GAN where both
networks G and D receive an additional vector of information
as input. This might contain, say, information about the
class of the training example. The authors apply CGAN to
generate a (possibly multi-modal) distribution of tag-vectors
conditional on image features.

Recently the CoGAN [13] approach applied GANs to the
domain transfer problem by training two GANs to generate
the source and target images respectively. The approach
achieves a domain invariant feature space by tying the high-
level layer parameters of the two GANs, and shows that
the same noise input can generate a corresponding pair of
images from the two distributions. Domain adaptation was
performed by training a classifier on the discriminator output
and applied to shifts between the MNIST and USPS digit
datasets. However, this approach relies on the generators
finding a mapping from the shared high-level layer feature
space to full images in both domains. This can work well
for say digits which can be difficult in the case of more
distinct domains. In this paper, we observe that modeling
the image distributions is not strictly necessary to achieve
domain adaptation, as long as the latent feature space is
domain invariant, and propose a discriminative approach.

3. Generalized adversarial adaptation
We present a general framework for adversarial unsuper-

vised adaptation methods. In unsupervised adaptation, we
assume access to source images Xs and labels Ys drawn
from a source domain distribution ps(x, y), as well as target
images Xt drawn from a target distribution pt(x, y), where
there are no label observations. Our goal is to learn a tar-
get representation, Mt and classifier Ct that can correctly
classify target images into one of K categories at test time,
despite the lack of in domain annotations. Since direct su-

pervised learning on the target is not possible, domain adap-
tation instead learns a source representation mapping, Ms,
along with a source classifier, Cs, and then learns to adapt
that model for use in the target domain.

In adversarial adaptive methods, the main goal is to reg-
ularize the learning of the source and target mappings, Ms

and Mt, so as to minimize the distance between the empir-
ical source and target mapping distributions: Ms(Xs) and
Mt(Xt). If this is the case then the source classification
model, Cs, can be directly applied to the target representa-
tions, elimating the need to learn a separate target classifier
and instead setting, C = Cs = Ct.

The source classification model is then trained using the
standard supervised loss below:

min

Ms,C
Lcls(Xs, Yt) =

E(xs,ys)⇠(Xs,Yt) �
KX

k=1

[k=ys] logC(Ms(xs)) (1)

We are now able to describe our full general framework
view of adversarial adaptation approaches. We note that
all approaches minimize source and target representation
distances through alternating minimization between two
functions. First a domain discriminator, D, which classi-
fies whether a data point is drawn from the source or the
target domain. Thus, D is optimized according to a standard
supervised loss, LadvD (Xs,Xt,Ms,Mt) where the labels
indicate the origin domain, defined below:

LadvD (Xs,Xt,Ms,Mt) =

� E
xs⇠Xs [logD(Ms(xs))]

� E
xt⇠Xt [log(1�D(Mt(xt)))]

(2)

Second, the source and target mappings are optimized ac-
cording to a constrained adversarial objective, whose partic-
ular instantiation may vary across methods. Thus, we can
derive a generic formulation for domain adversarial tech-
niques below:

min

D
LadvD (Xs,Xt,Ms,Mt)

min

Ms,Mt

LadvM (Xs,Xt, D)

s.t.  (Ms,Mt)

(3)

In the next sections, we demonstrate the value of our
framework by positioning recent domain adversarial ap-
proaches within our framework. We describe the poten-
tial mapping structure, mapping optimization constraints
( (Ms,Mt)) choices and finally choices of adversarial map-
ping loss, LadvM .

• Many recent papers, active field!
• Special to us, we prefer a classifier that perform similar in source and 

target domain and want to know the difference in performance and 
uncertainty
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Your 
experiment

Needs
you!

reality

oracels

Join or complain in your collaboration if  wrong incentives inside collaborations 
stop you from working there on ML.
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TensorFlow in CMS software

• (Most) of  the training is done on a package on top of  
KERAS/TensorFlow (github.com/mstoye/DeepJet)

• The inference at production time done using directly the 
TensorFlow model and C++ TensorFlow API inside CMSSW

• Also for older CMSSW version a recipe (using TenorFlow python 
is available)

• Significant work to implement TensorFlow into CMSSW, but allow 
much profit from dynamic TensorFlow developments by huge 
community.



• Deep learning improved CMS reconstruction significantly

• Designed custom DNNs for our problems

• Training on simulation is a common problem with other fields 

and can partially addresses by ML procedures in the future

36

Conclusions
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Not using simulation at all
Semi-supervised learning works on data only

Different sample “bags” with different class compositions, e.g.

Z0+jets:

many quark jets

Assumes that quark gluon is the ONLY difference, e.g. color reconnections are 
different and many classes present

Dijet:

many gluon jets

d

Z0
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Quark gluon data only example

tion of quark initiated jets varies between 0.21 and 0.32. Figure 3 shows that, while the individual
observables perform di↵erently in the high or low gluon e�ciency (true positive rate) regimes, their
combination in a NN gives consistently better performance. The weakly supervised classifier matches
the performance of the fully supervised NN, despite only knowing sample proportions instead of indi-
vidual event labels. By construction the weakly supervised classifier is also robust against a realistic
amount of mis-modeling in the input variables. This feature is tested by building a pseudo-data sample
where the probability distributions of n and w are distorted in the training sample to emulate the
di↵erence in e�ciency measured in Ref. [6]. The study in Ref. [6] found that a classifier extracted from
simulation is more powerful than one extracted from the data. This is reflected in the results presented
in the right plot of Fig. 3. When a fully supervised classifier is trained on a sample generated with
the same distribution as the test sample (mimicking training and testing on simulation), it achieves a
better performance than when trained on the original sample and tested on the distorted pseudo-data
(mimicking training on simulation and testing on data). In contrast, the weakly supervised classifier
can be trained directly on the distorted pseudo-data sample (representing the data) so is insensitive to
the mismodeling of the input variables. This results in a 10% bias from the standard procedure that
is avoided by the weakly supervised classifier. Even larger di↵erences may be expected from this and
other classification tasks that utilize even more input features or are more mis-modeled. The weakly
supervised classifier is robust and outperforms the standard supervised learning trained on simulation.

Figure 4: ROC curves for instance classification using five individual features and then combined
using a fully supervised network and the weakly supervised classifier.

4 Conclusions

We have presented a new approach to classification with NN in cases where class proportions are
known but individual labels are not readily available. This weakly supervised classification has broad
applicability and has been demonstrated in one important discrimination task in high energy physics:
quark versus gluon jet tagging. In the quark/gluon and related contexts, weakly supervised classifi-
cation provides a robust and powerful approach because it can be directly trained on examples from
(unlabeled) data instead of (labeled, but unreliable) simulation. The examples presented so far have
used a small number of input features to illustrate the ideas, but there is no algorithmic limitation on

– 6 –

Arxiv:1702.00414

Test in simulation with known 
labels and a simple neural 
network:
→ Weakly and fully supervised 
lead to same performance

Very interesting approach with a few caveats:
• Limited statistics in data in tails → tricky for deep learning
• Not straight forward to know what “classes” really are finally learned 

(i.e. anything that separates the sample)
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Core of the problem II: data ≠ MC
Simulation misses classes:

• Data has a few “noise” samples, e.g. beam halo events

Classifier should not assign this event to a class!
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Unknown class problems
shown in Figures 10 and 11. Similarly, the results on unknown classes are shown in Figures 12(a)
and 12(b). We observe that both measures of uncertainty capture meaningful ambiguity.

Figure 10: Results on MNIST showing test examples with high or low disagreement between the
networks in the ensemble: Top two rows denote the test examples with least disagreement and the
bottom two rows denote test examples with the most disagreement.

Figure 11: Results on MNIST showing test examples with high or low confidence: Top two rows
denote the test examples with highest confidence and the bottom two rows denote test examples with
the least confidence.

(a) Least and most disagreement (b) Highest and least confidence

Figure 12: Deep ensemble trained on MNIST and tested on the NotMNIST dataset containing unseen
classes: On the left, top two rows denote the test examples with highest confidence and the bottom
two rows denote the test examples with the least confidence. On the right, top two rows denote the
test examples with highest confidence and the bottom two rows denote the test examples with the
least confidence. We observe that these measures capture meaningful ambiguity: for example, the
ensemble agreement is high for letters ‘I’ and some variants of ‘J’ which resemble 1 in the MNIST
training dataset. The ensemble disagreement is high and confidence is low for examples visually
dis-similar from the MNIST training dataset.
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Train only on numbers to 
classify numbers

Problem: In real application 
text “contaminated” by 
letters

• A neural network might estimate a high probabilities for known class  
(e.g. p1=1) to an unknown classes

• The high estimated probability of  100% should not be confused with a 
low uncertainty on the probability

→ Need some sort of  “uncertainty”
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Intuition: ensemble methods

DNN typically have
many minima (non convex)

• DNNs with different random initial values end in 
different minima (ensemble), i.e. different 
models
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Figure 7: Histogram of the predictive entropy on test examples from known classes (top row) and
unknown classes (bottom row), as we vary the number of networks in the ensemble.

Figure 8: Network trained on MNIST and tested on the NotMNIST dataset containing unseen classes:
Top two rows denote the test examples with least disagreement and the bottom two rows denote the
test examples with the most disagreement.
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Figure 8: Network trained on MNIST and tested on the NotMNIST dataset containing unseen classes:
Top two rows denote the test examples with least disagreement and the bottom two rows denote the
test examples with the most disagreement.
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a, b,…
unknown

• Known: Ensemble averages with single 
high probability prediction

• Unknown: Averaged ensemble predictions 
spread over several classes

Ensemble spread indicates an uncertainty
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Predictive uncertainty methods

• Ensemble method not generically 
sufficient, just easy to build 
intuition

• Many methods and much 
progress, like MC dropout, 
ensemble + adversarial training, 
…

• A typical challenge is to keep it 
scaleable, e.g. a single DeepJet 
training already takes 24h
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Figure 6: Accuracy vs Confidence curves: Networks trained on MNIST and tested on both MNIST
test containing known classes and the NotMNIST dataset containing unseen classes. MC-dropout can
produce overconfident wrong predictions, whereas deep ensembles are significantly more robust.

classes). The network will produce incorrect predictions on out-of-distribution examples, however we
would like these predictions to have low confidence. Given the prediction p(y = k|x), we define the
predicted label as ŷ = argmaxk p(y = k|x), and the confidence as p(y = ŷ|x) = maxk p(y = k|x).
We filter out test examples, corresponding to a particular confidence threshold 0  ⌧  1 and plot the
accuracy for this threshold. The confidence vs accuracy results are shown in Figure 6. If we look at
cases only where the confidence is � 90%, we expect higher accuracy than cases where confidence
� 80%, hence the curve should be monotonically increasing. If the application demands an accuracy
x%, we can trust the model only in cases where the confidence is greater than the corresponding
threshold. Hence, we can compare accuracy of the models for a desired confidence threshold of the
application. MC-dropout can produce overconfident wrong predictions as evidenced by low accuracy
even for high values of ⌧ , whereas deep ensembles are significantly more robust.

4 Discussion

We have proposed a simple and scalable non-Bayesian solution that provides a very strong baseline
on evaluation metrics for predictive uncertainty quantification. Intuitively, our method captures two
sources of uncertainty. Training a probabilistic NN p✓(y|x) using proper scoring rules as training
objectives captures ambiguity in targets y for a given x. In addition, our method uses a combination
of ensembles (which captures “model uncertainty” by averaging predictions over multiple models
consistent with the training data), and adversarial training (which encourages local smoothness),
for robustness to model misspecification and out-of-distribution examples. Ensembles, even for
M = 5, significantly improve uncertainty quality in all the cases. Adversarial training helps on
some datasets for some metrics and is not strictly necessary in all cases. Our method requires very
little hyperparameter tuning and is well suited for large scale distributed computation and can be
readily implemented for a wide variety of architectures such as MLPs, CNNs, etc including those
which do not use dropout e.g. residual networks [22]. It is perhaps surprising to the Bayesian deep
learning community that a non-Bayesian (yet probabilistic) approach can perform as well as Bayesian
NNs. We hope that our work will encourage the community to consider non-Bayesian approaches
(such as ensembles) and other interesting evaluation metrics for predictive uncertainty. Concurrent
with our work, Hendrycks and Gimpel [23] and Guo et al. [20] have also independently shown that
non-Bayesian solutions can produce good predictive uncertainty estimates on some tasks. Abbasi
and Gagné [1], Tramèr et al. [57] have also explored ensemble-based solutions to tackle adversarial
examples, a particularly hard case of out-of-distribution examples.

There are several avenues for future work. We focused on training independent networks as training
can be trivially parallelized. Explicitly de-correlating networks’ predictions, e.g. as in [37], might
promote ensemble diversity and improve performance even further. Optimizing the ensemble weights,
as in stacking [60] or adaptive mixture of experts [28], can further improve the performance. The
ensemble has M times more parameters than a single network; for memory-constrained applications,
the ensemble can be distilled into a simpler model [10, 26]. It would be also interesting to investigate
so-called implicit ensembles the where ensemble members share parameters, e.g. using multiple
heads [36, 48], snapshot ensembles [27] or swapout [52].
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• x-axis: prob. threshold
• y-axis” accuracy for sample above 

threshold

• Several methods and much recent progress
• Not much used in HEP

Mixed known and unknown test sample


