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A focus of the CMS research involves identifying jets originated from quarks and gluons produced
in high-energy proton-proton collisions. At the electroweak scale, resonances like the Z and
W bosons, as well as the Higgs boson, are often produced with a significant Lorentz boost,
causing their decay products to form large and massive jets, typically reconstructed as AK8 jets.
Identifying the particle that initiates these jets is essential for distinguishing boosted bosons from
the QCD background. This proceeding provides an overview of the use of boosted jet taggers in
CMS, emphasizing new machine learning techniques. Additionally, it presents the validation of
ML-based taggers for AK8 jets from boosted resonances decaying into bb̄, comparing CMS data
with simulations.
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1. Jet flavor-tagging at CMS
At the Compact Muon Solenoid (CMS) experiment [1] the hadronic decay products of a

particle are reconstructed as jets with the anti-k𝑇 algorithm [2]. In particular, the decay products
of resonances produced with a high transverse momentum (𝑝𝑇 ) are collimated and reconstructed
as a jet of radius 0.8 (AK8 jet). Through the years, several jet-flavour tagging algorithms, based on
machine learning techniques, have been developed in order to exploit the full potential of the CMS
detector.
ParticleNet (PNet) [3], one of the latest algorithms, is based on a Dynamic Graph Convolutional
Neural Network which represents jets as particles clouds (an unordered set of particles) [4]. In
contrast to other algorithms, PNet uses the coordinates of the jet constituents to reprocess the
properties of each jet constituent by analysing the corresponding k nearest neighbours in the
pseudorapidity (𝜂) - azimuthal angle (𝜙) plane. Based on the PNet architecture, ParticleNet-
MD is a mass-decorrelated (not dependent on the mass of the AK8 jet) particle identification
algorithm designed for identifying two-prong hadronic decays of highly Lorentz-boosted resonances
X. Trained on CMS Run 2 (2016-2018) Monte Carlo (MC) simulated events, PNet-MD has the best
performance among the mass-decorrelated tagging algorithms [5]. Since the detector conditions
have changed, PNet-MD has been retrained for Run 3. The next section shows the validation of the
PNet-MDbbvsQCD score, defined by means of the probability outputs as p(𝑋 → 𝑏𝑏̄) / [p(𝑋 → 𝑏𝑏̄)
+ p(QCD)], for 2022 data [6].

2. ParticleNet-MD score validation
Z→ qq̄ + jets like events have been used for the PNet-MDbbvsQCD validation. They have been

split into five regions of PNet-MDbbvsQCD. In the four highest score regions (PNet-MDbbvsQCD
> 0.641) a simultaneous likelihood fit of the mSD [7] distributions has been done to improve the
agreement between 2022 data and the corresponding simulated samples. The expected standard
model (SM) is composed by the Z→ qq̄ signal and the W→ qq̄’ background, estimated from
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Figure 1: Post-fit data to prediction comparison in the highest score region (PNet-MDbbvsQCD > 0.988). The
upper plot shows the mSD distributions of data (black markers) and prediction (stack of QCD, W→ qq̄’ and
Z→ qq̄, with the last split on the basis of its decay products). The lower plot shows the ratio between data
and prediction [6].
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simulation, and the dominant QCD multijet background, which is estimated fitting data in different
regions. The normalization factors for simulated Z→ qq̄ (r𝑍 ) and W→ qq̄’ (r𝑊 ) are obtained
independently in each score region. As an example, Figure 1 shows a clear Z boson mass peak in
the data distribution and a good data-simulation agreement.

3. Results
The parameters rZs, with uncertainties are reported in Table 1 for each of the four highest score

regions. In each score region, rZ is compatible with unity within uncertainties. PNet-MD succeeds
in identifying b quarks, since mis-identified 𝑍 → 𝑏𝑏̄ percentage decreases as PNet-MDbbvsQCD
increases, as shown in Table 2.

rZ

0.641 < PNet-MDbbvsQCD ≤ 0.875 0.9 ± 0.5 (stat) ± 0.3 (syst)
0.875 < PNet-MDbbvsQCD ≤ 0.957 1.37 ± 0.26 (stat) ± 0.21 (syst)
0.957 < PNet-MDbbvsQCD ≤ 0.988 1.25 ± 0.15 (stat) ± 0.12 (syst)

0.988 < PNet-MDbbvsQCD ≤ 1 1.01 ± 0.07 (stat) ± 0.07 (syst)

Table 1: MC 𝑍 → 𝑞𝑞 (q = u, d, s, c, b) normalization factors (rZ) with the corresponding uncertainties (split
in statistical and systematic uncertainties) in the four highest score regions [6].

𝑍 → 𝑏𝑏̄ 𝑍 → 𝑐𝑐 𝑍 → 𝑢𝑢̄/𝑑𝑑/𝑠𝑠
0.641 < PNet-MDbbvsQCD ≤ 0.875 48.8% 35.5% 15.7%
0.875 < PNet-MDbbvsQCD ≤ 0.957 73.9% 20.5% 5.6%
0.957 < PNet-MDbbvsQCD ≤ 0.988 87.7% 10.9% 1.4%

0.988 < PNet-MDbbvsQCD ≤ 1 96.6% 3.18% 0.26%

Table 2: Percentage of the total number of MC 𝑍 → 𝑞𝑞 (q = u, d, s, c, b) events depending on the quark
flavours in the four highest score regions [6].
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