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• Compare the usefulness of 
additional event-level loss terms 
in improving the reconstruction 
of jets and MET.

• Baseline approach (no additional 
event loss term) performs best.

Event-level validation

• MLPF training truth defined based on detector simulation 
information to closely approximate the input the simulation 
receives from the generator.• Machine-learned particle-flow (MLPF) 

algorithm is a graph neural network trained 
to perform particle-flow (PF) reconstruction 
via supervised learning.

• MLPF does the linking of tracks and clusters, 
after clustering/tracking has been performed. 
See figure below.

• Datasets are generated using CMSSW under Run 3 conditions.

• Advantages of MLPF include the possibility 
of deployment on heterogeneous 
computing accelerators (e.g. GPUs) and 
reoptimizing the algorithm in light of new 
experimental conditions.

• We can now train MLPF in CMS 
on a gen/sim-level target (i.e. 
without referencing an existing 
PF algorithm) and get results that are 
largely compatible, and in some cases 
better, than standard PF.

Event loss scans

• Comparable response for 
charged hadron reconstruction 
between MLPF and PF, with 
slightly better efficiency/fake-rate 
and pT resolution for MLPF.

• Reconstruct PUPPI jets with either PF or MLPF and compare them with 
gen-level jets: full distributions and response relative to gen-level.

• Comparable performance between PF and MLPF for jet and MET 
reconstruction (shown for the QCD+PU sample).
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with the detector, we have to define which of those we wish to reconstruct as PF particles,
and with which granularity. The simulation particles are cleaned with an algorithm, which
proceeds as follows:

1. Coalesce particle labels according to PF granularity: all charged hadrons become charged
pions, all neutral hadrons become K0 etc.

2. Particles that leave energy deposits only to the same. PFElement are not reconstructable
separately, and are thus merged, keeping the label of the highest-energy particle.

3. Electrons or muons with pT < 1 GeV are relabeled as charged or neutral hadrons, based
on the deposited track and calorimeter energy.

The resulting set of simulated particles is denoted as the MLPF ground truth. We may subse-
quently cross-check the distributions of the MLPF truth with respect to the reconstructed PF,
both on the particle as well as event level.

In cases with no pileup, e.g. single-particle gun samples, the simulations inputs can be clearly
isolated. Therefore, we can also compare both the reconstructed PF and the MLPF truth to the
generator-level inputs in gun samples.

1.1 Datasets

With the algorithm above, we generate datasets for MLPF truth validation and subsequent
model optimization. The sample statistics are reported in table 1. We use CMSSW_12_3_0_pre6
for sample generation, with the conditions tag auto:phase1_2021_realistic and the Run3
era, with

p
s = 14 TeV.

For the samples with pileup, we use a flat 55-75 Poisson PU profile with the tag
Run3_Flat55To75_PoissonOOTPU, mixed in from the dataset
/RelValMinBias_14TeV/-
CMSSW_12_2_0_pre2-122X_mcRun3_2021_realistic_v1_HighStat-v1/-
GEN-SIM.

physics process PU configuration MC events
top quark-antiquark pairs flat 55–75 100 k
QCD p̂T 2 [15, 3000]GeV flat 55-75 100 k

QCD p̂T 2 [3000, 7000]GeV flat 55–75 100 k
Z ! tt all-hadronic flat 55–75 100 k

single e flat pT 2 [1, 1000]GeV no PU 10 k
single µ log-flat pT 2 [0.1, 2000]GeV no PU 10k

single p0 flat pT 2 [0, 1000]GeV no PU 10 k
single p± flat pT 2 [0.7, 1000]GeV no PU 10 k

single t flat pT 2 [1, 1000]GeV no PU 10 k
single g flat pT 2 [1, 1000]GeV no PU 10 k

single p flat pT 2 [0.7, 1000]GeV no PU 10 k
single n flat pT 2 [0.7, 1000]GeV no PU 10 k

Table 1: MC simulation samples used for optimizing the MLPF model.

1.2 Single electron

On fig. 1, we show the kinematic distributions of generated particles and the MLPF truth for
single electron gun samples. Event level quantities for this sample are shown on fig. 2. In
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• Particle-flow (PF) reconstruction is a global 
event reconstruction that combines 
information from calorimeter clusters and 
tracks to reconstruct stable particles.
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