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PAIRWISE FEATURES
Addition of (explicit) pairwise features on the edges

eij = MLP(xi, xj) eij = MLP(xi, xj, xij)
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xij

ParticleNet
ParticleNeXt

Examples of pairwise features: 

,    ,   

,    

(use the logarithm to improve stability of the training)

Δ2
ij ≡ (yi − yj)2 + (ϕi − ϕj)2 m2 ≡ (pi + pj)2

kT ≡ min(pT,i, pT, j) Δij z ≡
min(pT,i, pT, j)

pT,i + pT, j

…
…

ATTENTIVE POOLING
Use attention-based pooling to increase the expressive power 

for both the local neighborhood pooling, and the final global pooling

zi = meanj(eij)

ParticleNet ParticleNeXt

xi

xjeij

xi

xjeij

 
 

attnij = MLP(eij)
wij = softmaxj(attnij)

zi = Σj(wij eij)

… …

MULTI-SCALE AGGREGATION
Multi-scale aggregation to better capture both short- and long-range correlations perform local aggregation for the 4, 8, 16 and 32 nearest neighbors (with different attentive 

pooling) and combine the 4 aggregated representations with a MLP

ParticleNet
ParticleNeXt

xi

xjeij

…

k = 16
xi

xjeij

…

xi

xjeij

…

xi

xjeij

…

xi

xjeij

k = 16 k = 32

k = 8k = 4( )concat

x′ i = zi x′ i = MLP(zconcat
i )
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TABLE V: Number of parameters, inference time per object, and background rejection of di↵erent models. The
CPU inference time is measured on an Intel Core i7-6850K CPU with a single thread using a batch size of 1. The

GPU inference time is measured on a Nvidia GTX 1080 Ti GPU using a batch size of 100.

Accuracy AUC 1/"b at Parameters Inference time Training time
"s = 70% "s = 50% (CPU) (GPU) (GPU)

ParticleNet 0.980 0.9979 1342± 4 6173± 425 366k 23 ms 0.30 ms 1.0 ms
ParticleNeXt 0.981 0.9982 2008± 75 8621± 309 560k 30 ms 0.54 ms 1.7 ms

arXiv:1501.04794 [hep-ph].
[5] Danilo Ferreira de Lima, Petar Petrov, Davison Soper,

and Michael Spannowsky, “Quark-Gluon tagging with
Shower Deconstruction: Unearthing dark matter and
Higgs couplings,” Phys. Rev. D95, 034001 (2017),
arXiv:1607.06031 [hep-ph].

[6] Philippe Gras, Stefan Höche, Deepak Kar, Andrew
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TABLE II: Performance comparison on the top tagging benchmark dataset. The ParticleNet, ParticleNet-Lite,
P-CNN and ResNeXt-50 models are trained on the top tagging dataset starting from randomly initialized weights.
For each model, the training is repeated for 9 times using di↵erent randomly initialized weights. The table shows

the result from the median-accuracy training, and the standard deviation of the 9 trainings is quoted as the
uncertainty to assess the stability to random weight initialization. Uncertainty on the accuracy and AUC are
negligible and therefore omitted. The performance of PFN on this dataset is reported in Ref. [52], and the

uncertainty corresponds to the spread in 10 trainings.

Accuracy AUC 1/"b at "s = 70% 1/"b at "s = 50%
ParticleNet 0.983 0.9983 1562± 24 5128± 237
ParticleNeXt 0.985 0.9986 2045± 29 7143± 349

ParticleNeXt (extended dataset) 0.986 0.9989 2770 13699

TABLE III: Performance comparison on the top tagging benchmark dataset. The ParticleNet, ParticleNet-Lite,
P-CNN and ResNeXt-50 models are trained on the top tagging dataset starting from randomly initialized weights.
For each model, the training is repeated for 9 times using di↵erent randomly initialized weights. The table shows

the result from the median-accuracy training, and the standard deviation of the 9 trainings is quoted as the
uncertainty to assess the stability to random weight initialization. Uncertainty on the accuracy and AUC are
negligible and therefore omitted. The performance of PFN on this dataset is reported in Ref. [52], and the

uncertainty corresponds to the spread in 10 trainings.

Accuracy AUC 1/"b at "s = 70% 1/"b at "s = 50%
ParticleNet 0.980 0.9979 1342± 4 6173± 425
ParticleNeXt 0.981 0.9982 2008± 75 8621± 309

FIG. 3: Performance comparison in terms of ROC
curves on the top tagging benchmark dataset.

ParticleNet model achieves state-of-the-art performance
on the top tagging benchmark dataset and improves over
previous methods significantly. Its background rejection
power at 30% signal e�ciency is roughly 1.8 (2.1) times

as good as PFN (P-CNN), and about 40% better than
ResNeXt-50. Even the ParticleNet-Lite model, with sig-
nificantly reduced complexity, outperforms all the pre-
vious models, achieving about 10% improvement with
respect to ResNeXt-50. The large performance improve-
ment of the ParticleNet architecture over the PFN archi-
tecture is likely due to a better exploitation of the local
neighborhood information with the EdgeConv operation.

B. Quark-gluon tagging

Another important jet tagging task is quark-gluon tag-
ging, i.e., discriminating jets initiated by quarks and by
gluons. The quark-gluon tagging dataset from Ref. [52]
is used to evaluate the performance of the ParticleNet
architecture on this task. The signal (quark) and back-
ground (gluon) jets are generated with Pythia8 using
the Z(! ⌫⌫) + (u, d, s) and Z(! ⌫⌫) + g processes, re-
spectively. No detector simulation is performed. The
final state non-neutrino particles are clustered into jets
using the anti-kT algorithm [75] with R = 0.4. Only jets
with transverse momentum pT 2 [500, 550] and rapidity
|y| < 2 are considered. This dataset consists of 2 mil-
lion jets in total, half signal and half background. We
follow the recommended splitting of 1.6M/200k/200k for
training, validation and testing in the development of the
ParticleNet model on this dataset.
One important di↵erence of the quark-gluon tagging

dataset is that it includes not only the four momentum,

- Significant performance improvement: +30% bkg. rejection
- Also: crucial to use large training samples for deep taggers

- another +30% when training set extended from 2M to 10M

ParticleNeXt: next-generation of ParticleNet
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State-of-the-art: ParticleNet [Qu and Gouskos (2020)]

Jet tagging: crucial for physics at high-energy colliders
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