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Research

There is a fundamental shift occurring in how 
computing is used in research in general and data 
analysis in particular. The abundance of cheap, 
powerful, easy to use computing power in the form of 
CPUs, GPUs, FPGAs, etc., has changed the role of 
computing in physics research over the last decade. 
The rise of new techniques, like deep learning, means 
the changes promise to keep coming. 



Longed Lived Particle Signatures
A Little Physics Context
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Hidden Sector does 
interact via Gravity
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expect, kinematics, etc.

How long it lives
𝑐𝜏
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The mixing means the end result will be Standard Model Particles

Couples to leptons (𝑀𝑋 small)

Couples to heavy fermions (quarks)

“lepton-jets” – jets of leptons

Φ
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G. Watts (UW/Seattle) 8

Which means two (displaced) jets
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Detection strategy 
depends on where in 
the detector the 
decay happens

Lets concentrate on the calorimeter



Identifying Displaced Jets in the 
ATLAS Calorimeter
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1. Look for the “appearance” of energy the Calorimeter
2. Little or no activity in the tracker

Decays in the Calorimeter
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“CalRatio”

G. Watts (UW/Seattle) 12

Signal Like

Background Like
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Can We Do Better?
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There are lots more attributes 
connected with displaced jets



13 Jet Shape Variables
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Boosted Decision Tree
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We used TMVA, and an old version at that 

Training:

Jets with 𝑝𝑇 > 40 GeV, 𝜂 < 2.4
Signal if Δ𝑅 < 0.2 to a 𝜋𝑣

We are just finding out 
we are missing out here!

Reweight to flatten 𝑝𝑇 spectra to avoid 
model dependence



Training
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A few parameter modifications 
from the defaults:
• Minimum Leaf Size: 1%
• Maximum Training Depth: 20 
• Signal Training: 944,638 
• Background Training: 1,499,996

Measuring performance:
• What BDT cut gives you a straight-cut background rate?
• Calculate the signal efficiency

Systematic Errors:
• Many input variables depend on 

Jet Energy Scale
• Required re-running on full 

sample many many times



Ordered Variables
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This result released as a conference note
• Same sensitivity with 3.2 𝑓𝑏−1 of data as the 

previous one with 20 𝑓𝑏−1

• Note the 𝑠 change!
• Low mass sensitivity not as good in Run 2!



What is next?
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We had to limit the sensitivity of 
the last BDT artificially.
• Beam induced background is 

ugly and looks exactly like our 
signal.

• Currently training a multi-class 
BDT to look for Multijet, signal, 
and Beam Induced Background

Per-Jet BDT

Signal Weight

Multijet Weight

BIB Weight

Analysis BDT?

Training separately… because we were unaware of the tools available

Further in the future:
• The calorimeter is just a 3D CCD
• These jets have particular shapes
• Use Deep Learning to do image recognition.
• Some work along these lines in other contexts 

has already been done



Peaches and Cream
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Pain…
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GRID Samples
(xAOD)

Group Flat Ntuples Training Ntuples Training

Main Analysis Code Training Evaluation

Partly ATLAS’ Fault
Partly the tools
Partly the analysis team

I am a professor! How the 
heck can I tell the Internal 
Review Board what dataset I 
used on Tuesday, 6 months 
ago!?
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Testing the training required a huge 
amount of repeated runs.

Also a disaster to track.



Automated Everything
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• Tracks from GRID to TMVA 
training XML

• Scripts to download and scan 
log files automatically to 
generate performance tables

Command line 
configuration 
parameters



TMVA Training Simpler?
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var training = flatSignalTrainingData
.AsSignal(isTrainingEvent: e => !(e.EventNumber % 3 == 1))
.Background(flatBackgroundTrainingData, isTrainingEvent: e => !(e.EventNumber % 3 == 1))
.UseVariables(varList);

// Build options (like what we might like to transform.
var m1 = training.AddMethod(ROOTNET.Interface.NTMVA.NTypes.EMVA.kBDT, "BDT")

.Option("MaxDepth", options.BDTMaxDepth.ToString())

.Option("MinNodeSize", options.BDTLeafMinFraction.ToString())

.Option("nCuts", "200")
;

// Do the training
var trainingResult = training.Train("JetMVATraining");

Does the required flexibility really require the existing TMVA complexity?

Obviously I should be exploring some of the tools mentioned here



Conclusions

• How to give theorists object efficiency 
plots for reinterpretation of the 
results

• The Community White Paper 
processes
• The groups are not islands
• Analysis complexity is rising too fast
• For us: ML is too small a part of the 

overall experiment

• Automate all tools

• Make sure their use can easily be 
moved to the “cloud”
• Config files, network access required, 

keep to a minimum

• I’ve been involved in ML for a long 
time
• Since DZERO single top discovery days

• This is the first time I did it
• Rather than a student or post-doc of 

mine. 

• I’m bullish in that given my limited 
analysis time I was able to contribute 
to an analysis
• Obvious measure of TMVA and ML’s 

success and accessibility

• But, I am a “pet” analyzer
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