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Three Top Quark Production at the LHC

𝑠 = 13 TeV 𝑝𝑝 collisions at Large Hadron Collider during RunII
(2016-2018)

• 163 fb−1 integrated luminosity (ℒ𝑖𝑛𝑡) collected, validated by CMS

𝑝𝑝 → 𝑡 ҧ𝑡𝑡 is a rare Standard Model (SM) with 𝑡 ҧ𝑡 + jet as main 
background

• ො𝜎𝑡𝑡𝑡𝑊 = 0.733 fb

• ො𝜎𝑡𝑡𝑡𝑗 = 0.474 fb

• ො𝜎𝑡𝑡 = 831762.0 fb

𝑡 → 𝑏 +𝑊± and 𝑊 can decay hadronically or leptonically

• 𝑡 ҧ𝑡𝑡 characterized by 𝑏 jets, missing transverse energy and “𝑊𝑡𝑏” 
vertex

• Final states: single lepton, dilepton, multilepton, all hadronic
• Single lepton ~40% of final states

July 12, 2021 2021 APS DPF 3



The CMS Experiment

The Compact Muon Solenoid (CMS) is a general-
purpose detector located at P5 of the LHC

• 6 m inner diameter superconducting solenoid →
𝐵 = 3.8 T

Four main layers: inner tracker, electromagnetic 
calorimeter, hadronic calorimeter, muon tracker

• Covers psuedorapidity range of 𝜂 < 2.4 and 
3.0 < 𝜂 < 5.0

Particle Flow is a physics object reconstruction 
algorithm using detector tracks

• Tag 𝑏 jets using neural networks (deepCSV)
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Samples and Event Selection

Monte Carlo samples for the 2017 (41.53 fb−1) and 
2018 (59.97 fb−1) shown in Table 1

• Signal: 𝑡 ҧ𝑡𝑡𝑊 and 𝑡 ҧ𝑡𝑡𝐽

• Backgrounds grouped as: single-top, 𝑡 ҧ𝑡, QCD 
and electroweak

• Pythia with NNPDF3.0 and CP5 tune

Offline event selection:

• 1 isolated electron or muon

• Lepton 𝑝𝑇 ≥ 20 GeV and 𝜂 ≤ 2.1

• AK4 Jet 𝑝𝑇 ≥ 30 GeV and 𝜂 ≤ 2.4

• AK4 Jet 𝐻𝑇 > 350 GeV

• 𝐸𝑇
𝑚𝑖𝑠𝑠 > 30 GeV

• 𝑁𝑗 ≥ 5 and 𝑁𝑏 ≥ 2
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2017 MC Input Distributions
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DNN: Variable Importance Framework

Take a list of 76 multivariate variables as 
inputs for training DNN to produce a 
discriminator for maximum likelihood 
analysis

Variable Importance Framework for 
optimizing DNN training

1. Rank the 76 inputs using Variable 
Importance

2. Hyper Parameter Optimization on 
ranked subsets

3. Final Training with 𝑘-fold Cross 
Validation
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The Mechanics of Variable Importance

Variable Importance ranks the inputs using an 
importance metric, 𝐼

• Higher ranked → More discriminatory power

• Importance metric constructed from Area under the 
Curve (AUC) for the Receiver-Operator 
Characteristic (ROC) curve → “AUC differential”

For a given input 𝑥𝑖, the importance metric evaluated as
𝐼𝑖 = AUC𝑁 − AUC𝑁−𝑖

where 𝑁 is the number inputs and 𝑁 − 𝑖 removes 𝑥𝑖
• Variable Importance factors in correlation between 

inputs to mitigate zero-biasing of 𝐼𝑖 (Figure 3)

• Sample 𝐼𝑖 many times and take the mean
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Zero-bias and multi-

modal peaks are the 

result of importance 

blinding from highly 

correlated inputs



𝑡 ҧ𝑡𝑡 → 1ℓ + jets Variable Ranking

Rank using the ratio of the mean and RMS of 𝐼𝑖 (Significance) to de-value inconsistent performance

Training for results on the right using jet multiplicity cut of 𝑁𝑗 ≥ 5 and 𝑁𝑏 ≥ 3 to improve discrimination ability in signal region

More inputs does not necessarily mean better performance → addition of “useless” information hinders optimization process
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These bottom ranked inputs are 

effectively providing no 

discriminatory power between 𝑡 ҧ𝑡𝑡
and 𝑡 ҧ𝑡 background → “useless”



Maximum Likelihood Analysis MC Results

Control and signal regions split by jet multiplicities:

• 𝑁𝑗 = 5,6,7, ≥ 8

• 𝑁𝑏 = 2,≥ 3 → 𝑏-tag jet

• 𝑁𝑊 = 0,≥ 1 →𝑊-tagged jet

• 𝑁𝑡 = ≥ 0 → 𝑡-tag jet

• 𝑁𝐻𝑂𝑇 = 0,≥ 1 → resolved “HOT” (medium 𝑝𝑇) 𝑡-tag jet

Combined 2017 and 2018 (101 fb−1) results from Maximum 
Likelihood analysis:

• Expected 𝑡 ҧ𝑡𝑡 Significance = 0.0425𝜎

• Expected 𝑡 ҧ𝑡𝑡 Cross-Section = 0.0680 pb
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Summary

Preliminary results for 2017 and 2018 search for 𝑝𝑝 → 𝑡 ҧ𝑡𝑡 in the single lepton final state shown 
using neural networks

• Producing more MC for 𝑡 ҧ𝑡𝑡 process for better statistics

• Improve discriminatory ability using the Variable Importance optimization framework

Variable Importance framework is a systematic way of optimizing the training inputs and hyper 
parameters of neural networks

• Ranked list provides both computational benefits and an understanding of the physics process

• More inputs is not necessarily better → little reward for much effort to optimize

Switching to Ultra Legacy Monte Carlo samples and incorporating in full Run 2 dataset from 2016 to 
2018
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Appendix 
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Sources of Uncertainty
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Variable Importance Seeds and Subseeds

Rather than including all inputs when training the DNN for VI, a random sampling 
of the inputs is used → the set of randomly selected inputs is referred to as a seed

• For each seed with 𝑚 inputs, 𝑚 subseeds are generated by excluding each included variable 
thus having 𝑚− 1 inputs

The total number of DNNs that are trained given 𝑛 variables for the VI ranking step 
comes out statistically as,

𝑁𝐷𝑁𝑁 = 𝑁𝑠𝑒𝑒𝑑 0.5𝑛 + 1

where 𝑁𝑠𝑒𝑒𝑑 is the number of samples desired.  
• For this analysis, 𝑁𝑠𝑒𝑒𝑑 = 3000 and 𝑛 = 76 coming out to a total of ≲ 117,000 DNN trained

Correlation consideration reduces the coefficient for 𝑛 where it decreases with 
decreasing correlation threshold (i.e. increasing number of correlated groups)
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Correlation Consideration Example

Consider the seed with five possible inputs: 01011
• Say that 𝑥2 and 𝑥4 are the same variable (i.e. redundant information)

Calculate the importance for 𝑥2 and 𝑥4
𝐼𝑉𝐼
2 = 𝑓 01011 − 𝑓 00011 = 0
𝐼𝑉𝐼
4 = 𝑓 01011 − 𝑓 01001 = 0

• The exclusion of a redundant variable does not result in the loss of discriminating power

Define a correlation threshold above which two inputs cannot be included in the 
same seed 

• If correlation threshold is too low, correlated groups are too expansive and each highly 
correlated variable will be sampled too few times
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Hyper Parameter Optimization
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Hyper parameters are optimized based on 
assumption that each subset of ranked 
inputs has a unique “best” hypre
parameter space

• Using scikit-optimize—a Bayesian 
optimizer using Gausian processes

• Choose 𝑁𝑟 random starts and 𝑁𝑖 inferred 
iterations

Perform 𝑘-fold cross validation after 
hyper parameter optimization to get a 
statistical evaluation of the architecture 
and to obtain final trained model


