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Preliminary results of a paper we plan to release on the arXiv soon

Pileup at the LHC (Run 3): <> =50

Pileup at the LH-LHC (Run 4): <> = 200

Increasing pileup will provide a challenge to trigger systems, essential to 
physics performance of ATLAS & CMS

Outline

- Demonstrating this problem

- Identifying a potential solution using BDT classification and 
regression

- Discussing implementation in L1 trigger system with the fwX
framework

Introduction & outline 



Stephen Roche

3

Motivation is best shown with an example:

- Background: dijet

- Signal: ggF HH4b

- Generation: Madgraph3.5.0 + Pythia8 + Delphes

- Event generation performed by us

Event simulation
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Use sliding window algorithm to identify “L1 jets” based on locations with 
a high isolated ET 

Sliding window
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Use sliding window algorithm to identify “L1 jets” based on locations with 
a high isolated ET (done by ATLAS in jet feature extractor jFEX)

- Fast, simple able to be performed at L1

- Limited ability to suppress pileup

Sliding window



Stephen Roche

6

Anti-kt used for offline jets

- Too complex for efficient calculation at L1

- Built-in pileup suppression

Compare to anti-kt
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Anti-kt used for offline jets

- Too complex for efficient calculation at L1

- Built-in pileup suppression

Compare to anti-kt
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Markedly increases the number of jet candidates!

Makes L1 triggering on jets more difficult

Effect of increased pileup
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Goal 1:

Identify which sliding 
window jets are from 
pileup vs which are 
from hard scatter

Using ML to improve performance

Goal 2:

Accurately estimate 
the jet’s true E_T in 
the high pileup 
environment

Machine learning 
inputs:

- ET, ET 
had, ET 

EM for

- Ring center  0.1

- Ring center  0.4

- 0.1  0.2

- 0.2  0.4

- 0.4  0.6

- Ring Center Eta

Machine learning 
model:

30 trees, maximum 
depth 8
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Goal: identify probability a sliding window jet arises from hard scatter 
(vs pileup) 

Method: classify based on distance from anti-kt jet (R<0.3=signal)

ML training: Classifier
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Goal: identify probability a sliding window jet arises from hard scatter 
(vs pileup) 

Method: classify based on distance from anti-kt jet (R<0.3=signal)

Score: S / (S+B) in BDT leafs

ML training: Classifier

When weighting jets by classifier score, significantly increases 
number of sliding window jets matched to anti-kt jet
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Goal: improve jet ET estimation

Comparison: Sum of ET inside jet radius (R=0.4)

Target variable for regression: Anti-kt energy

ML training: Regressor

Using BDT improves resolution and accuracy
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How do we use these in real-time?
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How do we use these in real-time?

Each sliding 
window jet
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How do we use these in real-time?

Each sliding 
window jet

Apply 
regression 

BDT
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How do we use these in real-time?
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How do we use these in real-time?

Each sliding 
window jet

Apply 
classification 

BDT

Apply 
regression 

BDT

0 (pileup) 1 (hard-scatter)

ET estimation
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How do we use these in real-time?

Each sliding 
window jet

Apply 
classification 

BDT

Apply 
regression 

BDT

Multiply

0 (pileup) 1 (hard-scatter)

ET estimation
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How do we use these in real-time?

Each sliding 
window jet

Apply 
classification 

BDT

Apply 
regression 

BDT

Jet trigger score 
(weighted ET)Multiply

0 (pileup) 1 (hard-scatter)

ET estimation
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How do we use these in real-time?

Each sliding 
window jet

Apply 
classification 

BDT

Apply 
regression 

BDT

Jet trigger score 
(weighted ET)Multiply

0 (pileup) 1 (hard-scatter)

ET estimation

Trigger score:

Estimated ET (more accurate), weighted by probability that jet arises 
from hard scatter (reduce pileup effects)
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At <>=200, this procedure improves a sample L1 4j trigger over 
simple ET sum

Jet trigger
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At <>=200, this procedure improves a sample L1 4j trigger over 
simple ET sum

Jet trigger

Measurement prospects of the pair production and self-
coupling of the Higgs boson with the ATLAS experiment at 
the HL-LHC - CERN Document Server
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At <>=200, this procedure improves a sample L1 4j trigger over 
simple ET sum

Jet trigger

Measurement prospects of the pair production and self-
coupling of the Higgs boson with the ATLAS experiment at 
the HL-LHC - CERN Document Server
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At <>=200, this procedure improves a sample L1 4j trigger over 
simple ET sum

Jet trigger

Measurement prospects of the pair production and self-
coupling of the Higgs boson with the ATLAS experiment at 
the HL-LHC - CERN Document Server

90% signal efficiency
Offline 4th Jet ET = ~ 105 GeV
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At <>=200, this procedure improves a sample L1 4j trigger over 
simple ET sum

Jet trigger

Measurement prospects of the pair production and self-
coupling of the Higgs boson with the ATLAS experiment at 
the HL-LHC - CERN Document Server

90% signal efficiency
Offline 4th Jet ET = ~ 105 GeV

90% signal efficiency
Offline 4th Jet ET = ~ 85 GeV
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Designed for L1 implementation

- Requires firmware, strict timing and latency requirements

- Use fwX package to implement regression & classification 
BDTs on FPGA 

- Results for regression below (classification uses same inputs 
and forest configuration)

Firmware implementation

Feature Value

Latency 2 clock ticks (50 ns) 

Interval 1 clock tick  (25 ns)

Flip-flops (FF) 10399 (0.44%)

Look-up tables (LUT) 13274 (1.1%)

Digital signal processors (DSPs) 0

Block-RAM (BRAM) 9 (0.36%)

Ultra-RAM (URAM) 0
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- Increased pileup will provide challenges for triggering at the HL-LHC

- Using ML regression and classification, we can provide additional 
pileup suppression and jet ET calibration

- Implementation of BDT models on FPGA for the L1 trigger can be 
performed with the fwX framework

- Plan to submit paper and put on arXiv in the coming weeks

Questions?

stephen.roche@health.slu.edu

Summary


