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Introduction

I Precision measurements of Yukawa couplings
important test of SM.

I H → ττ second largest branching ratio to
fermions, lower background than H → bb.

Observation of H → ττ with > 5σ (2016 data combined with 8TeV result)

I Cut-based analysis
I Three categories

(VBF/qqH, ggH,
background)

I 2-d discriminators
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New results using machine learning techniques

CMS-PAS-18-032
Measurement of H → ττ cross sections:

I Inclusively

I Split by production mode (ggH and qqH)

I In different kinematic regions (Higgs pT, nJets,...) → STXS stage-1

New compared to previous analysis:

I Analyzed 2016+2017 data (77 fb−1).

I Multi-class neural network approach.

I STXS stage-1 (oriented) cross section measurement.

I Data-driven approaches for 90% of the background contributions:
I Z → ττ : τ -embedding
I Jet → τh: fake factor method

Teresa Lenz H→ ττ measurements using neural networks 3



Analysis strategy

Before the neural net enters the stage:

I Four channels are separately analysed:
τhτh (ττ), τµτh (µτ), τeτh (eτ), τeτµ (eµ)

I Loose preselection:
I Oppositly charged leptons.
I Minimal pT thresholds required (see table).
I Background suppressing cuts: e.g. b-jet veto in eµ.
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Analysis strategy

1. Selection + validation of input variables.

2. Classification into 2 signal classes (ggH, qqH) and several background classes
(e.g. Z → ττ , tt) → used as control regions.

3. Cut-based splitting into stage-1 STXS categories.
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1.) Selection + validation of input variables

Modelling of input variables checked with Goodness-of-fit tests.

1. Start from the most general set of sensitive variables.

2. Goodness-of-fit tests based on saturated model (including all systematic
uncertainties).

3. Check p-value: below 5% → discard.

Test modelling of correlations

1. 2-d distributions are “unrolled” to 1-d distributions.

2. Look individually to all p-values.

3. Severe mismodelling of correlations → discard variable.
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1.) Selection + validation of input variables

I 17-22 variables selected
(channel dependent).
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2.) Multi-class neural network for event classification

I Two step approach:

1. Training: supervised learning with simulated samples.
2. Prediction: 90% of background processes are data-driven.

I Targets: signal and background classes/categories.
I Output: probability that an event belongs to a certain class.

Event is classified according to the highest probability
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2.) Multi-class neural network for event classification

I Training of neural networks per year and per channel.
I To exploit full statistical power of MC samples → two folds are trained.
I All processes weighted equally in the loss function.
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2.) Multi-class neural network for event classification

2016 exemplary background classes:

eµ-channel

µτ -channel
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2.) Multi-class neural network for event classification

2016 eτh signal classes:

To further improve sensitivity:

→ Cut-based splitting of inclusive classes.

→ Cuts (on reconstructed variables) aligned
with the generator-level STXS stage-1
categories.
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Simplified template cross sections (STXS)

I Defined in the “LHC Higgs Cross Section Working Group“.

I Intention: easier combination and BSM interpretation.

I Stage-1 categories used (got updated in the meanwhile stage 1.1).
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3.) Cut-based splitting into STXS stage-1 categories
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→
CMS
Preliminary

 (2016, 13 TeV)-135.9 fb, ggHhτe

1

10

210

310

410

510

610

710

810

dN
/d

(N
N

 o
ut

pu
t)

0 Jet     

 0.25  0.50  0.75   

NN output

0.5

1

1.5

2

 embeddedτ→µ hτ→Jet ll→Z

tt Diboson Bkg. unc.

H,bbH→gg VBF+V(qq)H V(lep)H+ttH

Data

 embeddedτ→µ hτ→Jet ll→Z

tt Diboson Bkg. unc.

H,bbH→gg VBF+V(qq)H V(lep)H+ttH

Data

Data H+bbH+bkg.→gg VBF+V(qq)H+bkg. Bkg. unc.Data H+bbH+bkg.→gg VBF+V(qq)H+bkg. Bkg. unc.

CMS
Preliminary

 (2016, 13 TeV)-135.9 fb, ggHhτe

1−10

1

10

210

310

410

510

610

dN
/d

(N
N

 o
ut

pu
t)

[0,60]
T

+missττ1 Jet p [60,120]
T

+missττ1 Jet p ]∞[120,
T

+missττ1 Jet p

 0.25  0.50  0.75   
0.5

1

1.5

2

 0.25  0.50  0.75    0.25  0.50  0.75   

NN output

 embeddedτ→µ hτ→Jet ll→Z

tt Diboson Bkg. unc.

H,bbH→gg VBF+V(qq)H V(lep)H+ttH

Data

 embeddedτ→µ hτ→Jet ll→Z

tt Diboson Bkg. unc.

H,bbH→gg VBF+V(qq)H V(lep)H+ttH

Data

Data H+bbH+bkg.→gg VBF+V(qq)H+bkg. Bkg. unc.Data H+bbH+bkg.→gg VBF+V(qq)H+bkg. Bkg. unc.

CMS
Preliminary

 (2016, 13 TeV)-135.9 fb, ggHhτe

1−10

1

10

210

310

410

510

610

dN
/d

(N
N

 o
ut

pu
t)

[0,60]
T

+missττ1 Jet p [60,120]
T

+missττ1 Jet p ]∞[120,
T

+missττ1 Jet p

 0.25  0.50  0.75   
0.5

1

1.5

2

 0.25  0.50  0.75    0.25  0.50  0.75   

NN output

 embeddedτ→µ hτ→Jet ll→Z

tt Diboson Bkg. unc.

H,bbH→gg VBF+V(qq)H V(lep)H+ttH

Data

 embeddedτ→µ hτ→Jet ll→Z

tt Diboson Bkg. unc.

H,bbH→gg VBF+V(qq)H V(lep)H+ttH

Data

Data H+bbH+bkg.→gg VBF+V(qq)H+bkg. Bkg. unc.Data H+bbH+bkg.→gg VBF+V(qq)H+bkg. Bkg. unc.

Teresa Lenz H→ ττ measurements using neural networks 13



Results: Inclusive

I Background + cut-based splitted signal categories → statistical inference.
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I Signal strength µ = 0.75+0.18
−0.17.

I Visualization of excess.
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Results: stage-0 and stage-1
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I Due to missing sensitivity: Several STXS stage-1 categories merged.
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Conclusion

I First results in H → ττ with the use of neural networks.
I CMS-PAS-HIG-18-032

I First measurement of stage-1 STXS.

I Further improvements under study for full Run-II result.

Thank you.
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BACKUP
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2.) Multi-class neural network for event classification

Confusion matrix (eµ):

I Efficiency matrix
(columns normalized to
one).

→ More efficient
categorization of qqh
than ggh events.
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τ -Embedding
JINST 14 (2019) P06032
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Fake factor method: Jet → τh JHEP 09 (2018)007
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STXS categories: qqH
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STXS categories for H → ττ analysis: qqH

  

Teresa Lenz H→ ττ measurements using neural networks 22


