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INTRODUCTION
Reconstruction and identification of boosted heavy particles (top/W/Z/Higgs) can 
provide powerful handles for new physics searches at the LHC 

Of particular interest are their hadronic decays 

highly collimated decay products: can be clustered to form a single large-radius jet 

unique substructure: distinguishable from jets initiated by a single quark or gluon 

There has been a lot of development in jet substructure 

better understanding the properties of these boosted jets  

improvement in identification performance 

Also a growing interest in applying machine learning techniques 

especially using deep neural networks (DNN) and “raw” inputs
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DEEP LEARNING APPROACHES
Two categories of deep learning approaches for jet tagging: 

Based on jet image: 

calorimeter as a camera and jet as a 2D image 

can apply techniques used for image recognition (e.g., 
convolutional neural networks (CNN)) 

however, jet images are much more sparse than normal images 

also difficult to embed information from other sub-detectors 
(e.g., tracking) 

Based on particle sequence: 

jet as a sequence of its constituent particles 

can apply techniques used for natural language processing (e.g., 
recurrent neural networks, 1D CNN, etc.) 

straightforward to include as much information as possible for 
each particle 

more suitable for exploiting the full potential of the CMS 
detector
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FIG. 1. QCD-motivated recursive jet embedding for classifi-
cation. For each individual jet, the embedding hjet

1 (tj) is com-
puted recursively from the root node down to the outer nodes
of the binary tree tj . The resulting embedding is chained to
a subsequent classifier, as illustrated in the top part of the
figure. The topology of the network in the bottom part is
distinct for each jet and is determined by a sequential recom-
bination jet algorithm (e.g., kt clustering).

B. Full events

We now embed entire events e of variable size by feed-
ing the embeddings of their individual jets to an event-
level sequence-based recurrent neural network.

As an illustrative example, we consider here a gated re-
current unit [21] (GRU) operating on the pT ordered se-
quence of pairs (v(tj),h

jet
1 (tj)), for j = 1, . . . ,M , where

v(tj) is the unprocessed 4-momentum of the jet tj and

hjet
1 (tj) is its embedding. The final output hevent

M
(e) (see

Appendix B for details) of the GRU is chained to a subse-
quent classifier to solve an event-level classification task.
Again, all parameters (i.e., of the inner jet embedding
function, of the GRU, and of the classifier) are learned
jointly using backpropagation through structure [9] to
minimize the loss Levent. Figure 2 provides a schematic
of the full classification model. In summary, combining
two levels of recurrence provides a QCD-motivated event-
level embedding that e↵ectively operates at the hadron-
level for all the particles in the event.

In addition and for the purpose of comparison, we
also consider the simpler baselines where i) only the 4-
momenta v(tj) of the jets are given as input to the GRU,
without augmentation with their embeddings, and ii) the
4-momenta vi of the constituents of the event are all di-
rectly given as input to the GRU, without grouping them
into jets or providing the jet embeddings.

IV. DATA, PREPROCESSING AND
EXPERIMENTAL SETUP

In order to focus attention on the impact of the
network architectures and the projection of input 4-
momenta into images, we consider the same boosted W
tagging example as used in Refs. [1, 2, 4, 6]. The signal
(y = 1) corresponds to a hadronically decaying W boson
with 200 < pT < 500 GeV, while the background (y = 0)
corresponds to a QCD jet with the same range of pT .
We are grateful to the authors of Ref. [6] for shar-

ing the data used in their studies. We obtained both
the full-event records from their PYTHIA benchmark sam-
ples, including both the particle-level data and the tow-
ers from the DELPHES detector simulation. In addition,
we obtained the fully processed jet images of 25⇥25 pix-
els, which include the initial R = 1 anti-kt jet clustering
and subsequent trimming, translation, pixelisation, rota-
tion, reflection, cropping, and normalization preprocess-
ing stages detailed in Ref. [2, 6].

Our training data was collected by sampling from the
original data a total of 100,000 signal and background jets
with equal prior. The testing data was assembled sim-
ilarly by sampling 100,000 signal and background jets,
without overlap with the training data. For direct com-
parison with Ref. [6], performance is evaluated at test
time within the restricted window of 250 < pT < 300
and 50  m  110, where the signal and background jets
are re-weighted to produce flat pT distributions. Results
are reported in terms of the area under the ROC curve
(ROC AUC) and of background rejection (i.e., 1/FPR) at
50% signal e�ciency (R✏=50%). Average scores reported
include uncertainty estimates that come from training 30
models with distinct initial random seeds. About 2% of
the models had technical problems during training (e.g.,
due to numerical errors), so we applied a simple algo-
rithm to ensure robustness: we discarded models whose
R✏=50% was outside of 3 standard deviations of the mean,
where the mean and standard deviation were estimated
excluding the five best and worst performing models.

For our jet-level experiments we consider as input to
the classifiers the 4-momenta vi from both the particle-
level data and the DELPHES towers. We also compare the
performance with and without the projection of those
4-momenta into images. While the image data already
included the full pre-processing steps, when considering
particle-level and tower inputs we performed the initial
R = 1 anti-kt jet clustering to identify the constituents of
the highest pT jet t1 of each event, and then performed
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PARTICLE-FLOW JETS IN CMS
In CMS, jets are clustered from 
particles reconstructed with the CMS 
particle-flow algorithm, which 
combines information from all sub-
detectors 

Rich information for each particle: 

energy/momentum 

particle category 

trajectories of charged particles 

vertex association 

displacement from the primary 
vertex 

reconstruction quality 

…
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Traditionally well exploited for jet flavor 
(i.e., b- or c-)tagging

Not so well exploited for boosted jet 
tagging, but should also be powerful

especially for top(→bW) and Higgs(→bb)

Inputs for jet 
substructure



PARTICLE-FLOW + DEEP LEARNING
At CMS, jets are clustered from 
particles reconstructed with the 
particle-flow algorithm, which 
combines information from all sub-
detectors 

Rich information for each particle: 

energy/momentum 

particle category 

trajectories of charged particles 

vertex association 

displacement from the primary 
vertex 

reconstruction quality 

…
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By treating a jet as a sequence of particles 
and using deep learning, we can exploit jet 
substructure (from energy/momentum 
measurement) and flavor information (from 
tracking) in one go and improve boosted jet 
tagging performance



INPUTS
Use jet constituent particles from particle-flow reconstruction directly as inputs 
to the machine learning algorithm 

the goal is to get as much information as possible on both substructure and flavor 

In total: 100*10 + 60*30 + 5*14 = 2870 inputs per jet 

need a ML algorithm that can process such inputs both effectively and efficiently
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Inclusive particles
• Up to 100(*) particles 

(charge+neutral)

• Sorted in descending pT order

• 10 features per particle:

• basic kinematic variables

Charged particles
• Up to 60(*) charged particles

• Sorted in descending impact 
parameter significance order

• 30 features per particle:

• track kinematics and 
properties (displacement, 
quality, etc.)

Secondary vertices (SV) 
• Up to 5(*) SV (inside jet cone)

• Sorted in descending 
displacement significance order

• 14 features per SV:

• SV kinematics and 
properties (displacement, 
quality, etc.)

(*) Number chosen to include all constituents for ≥ 90% of the jets. Use zero padding if needed. 

Substructure

Flavour



PARTICLE-LEVEL CNN
Particle-level CNN (P-CNN) 

one dimensional CNN over a sequence of particles

8

x1 x2 x3 x4 x5 x6particle sequence only one feature: xi  
(e.g., pT of the ith particle)



PARTICLE-LEVEL CNN
Particle-level CNN (P-CNN) 

one dimensional CNN over a sequence of particles
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PARTICLE-LEVEL CNN
Particle-level CNN (P-CNN) 

one dimensional CNN over a sequence of particles
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PARTICLE-LEVEL CNN
Particle-level CNN (P-CNN) 

one dimensional CNN over a sequence of particles
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x1 x2 x3 x4 x5 x6

kernel kj

k1 k2 k3

z1

z1=k1*x1+k2*x2+k3*x3

z2

z2=k1*x2+k2*x3+k3*x4

z3

z3=k1*x3+k2*x4+k3*x5

z4

z4=k1*x4+k2*x5+k3*x6

zm = Σj kj*x(m+j-1)

only one feature: xi  
(e.g., pT of the ith particle)

particle sequence 



PARTICLE-LEVEL CNN (II)
Particle-level CNN (P-CNN) 

one dimensional CNN over a sequence of particles
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We can add more features

kernel kb,j

multiple features: xa,i 
(e.g., pT, η, φ, displacement,  

etc. of the ith particle)

fe
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e  

 d
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n

zm = Σa Σj ka,j*xa,(m+j-1)

a transformation that combines all features 
of nearby particles

…

particle sequence 



PARTICLE-LEVEL CNN (III)
Particle-level CNN (P-CNN) 

one dimensional CNN over a sequence of particles
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multiple kernels: kαb,j

fe
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 d
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zαm = Σa Σj kαa,j*xa,(m+j-1)
…

each kernel gives a different transformation

We can add more features

and more kernels

multiple features: xa,i 
(e.g., pT, η, φ, displacement,  

etc. of the ith particle)

particle sequence 



PARTICLE-LEVEL CNN (III)
Particle-level CNN (P-CNN) 

one dimensional CNN over a sequence of particles
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multiple kernels: kαb,j

fe
at

ur
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 d
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n

…

each kernel gives a different transformation
these transformations are “learned” from the 
training sample to best extract information 
that are useful for boosted jet tagging

We can add more features

and more kernels

multiple features: xa,i 
(e.g., pT, η, φ, displacement,  

etc. of the ith particle)

particle sequence 

zαm = Σa Σj kαa,j*xa,(m+j-1)



ARCHITECTURE
Inclusive particles, charged particles and SVs are first processed separately by three P-
CNNs, then combined with a fully connected network to produce the final prediction 

fairly deep P-CNNs to better get the correlation between particles 

CNN architecture inspired by the ResNet model for image recognition 

eases the training of very deep networks and improves the performance
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relu-activation, 
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kernels
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TECHNICAL DETAILS
Jets are clustered with anti-kT algorithm with a distance parameter R=0.8 

requires pT > 400 GeV for top-tagging 

Uses ~40 million jets from simulated samples for training 

top quark jets taken from Z’ -> tt sample 

light quark/gluon jets taken from QCD multijet sample 

“reweight” events to have a flat distribution in pT to avoid bias 

Utilizes Apache MXNet package for training 

cross entropy loss function 

ADAM optimizer, learning rate = 0.001
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PERFORMANCE
Performance of the new DNN-based tagger is compared with alternative methods 
based on boosted decision trees (BDT) and jet-level observables 

the BDT algorithm is based on the top tagger used in the CMS search for supersymmetric 
top quarks in the all-jets final state [CMS-SUS-16-049: JHEP 10 (2017) 005] 

two versions with different inputs are considered 

BDT (w/o b-tag): uses only substructure-related inputs, no “flavor” information 

the soft drop mass, N-subjettiness ratios, observables related to quark gluon 
discrimination for each subjet, the relative difference in pT between the subjets, and the 
mass of each subjet 

BDT (Full): adds additional inputs related to flavor-tagging 

e.g., the b tagging discriminator values of the subjets 

As a comparison, a simplified version of the DNN-based tagger without any flavor 
information is also investigated 

DNN (Particle kinematics): uses only 6 basic kinematics variables [pT, η, φ, ΔR(jet), 
ΔR(subjet1), ΔR(subjet2)] for each particle
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PERFORMANCE (II)
Flavor information helps a lot for 
boosted jet tagging, especially for 
top-tagging 

clear improvement from BDT (w/o 
b-tag) to BDT (Full) 

even larger gain from DNN (Particle 
kinematics) to DNN (Particle full) 

The new DNN algorithm [DNN 
(Particle full)] based on P-CNNs 
shows great power in exploiting the 
full set of information from jet 
constituents and significantly 
improves the performance 

~4x reduction in QCD multijet 
misidentification rate for the same 
top efficiency (@60%)
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SUMMARY
Presented a new method for boosted jet tagging using particle-flow jets in CMS 
and deep learning 

direct use of jet constituent particles reconstructed by the particle-flow algorithm 

try to get as much information as possible for a jet and target substructure-
tagging and flavor-tagging in one go for boosted jet identification 

a customized deep architecture based heavily on particle-level convolutional neural 
networks to exploit the large amount of inputs efficiently 

significant improvement in top-tagging performance compared to alternative 
methods based on boosted decision trees and jet-level observables
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EXTRA: RESIDUAL NETWORK
In principle, the performance of neural networks should not get worse when 
increasing the depth 

deeper networks have large capacity 

if the shallow network already achieves the best performance, the additional layers could be 
just identity mapping 

However, in practice, the performance of neural networks tend to degrade when it 
becomes very deep 

Residual network overcomes this problem by adding identity mapping between layers 

then, the network only needs to learn the “residual” function (w.r.t the identity mapping) 

Residual network achieves the best performance at ILSVRC 2015 contest and has been 
widely adopted in deep neural network models 

Rerefences: 
Kaiming He, Xiangyu Zhang, Shaoqing Ren, Jian Sun: 

Deep Residual Learning for Image Recognition, arXiv:1512.03385 

Identity Mappings in Deep Residual Networks, arXiv:1603.05027
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Figure 2. Residual learning: a building block.

are comparably good or better than the constructed solution
(or unable to do so in feasible time).

In this paper, we address the degradation problem by
introducing a deep residual learning framework. In-
stead of hoping each few stacked layers directly fit a
desired underlying mapping, we explicitly let these lay-
ers fit a residual mapping. Formally, denoting the desired
underlying mapping as H(x), we let the stacked nonlinear
layers fit another mapping of F(x) := H(x)�x. The orig-
inal mapping is recast into F(x)+x. We hypothesize that it
is easier to optimize the residual mapping than to optimize
the original, unreferenced mapping. To the extreme, if an
identity mapping were optimal, it would be easier to push
the residual to zero than to fit an identity mapping by a stack
of nonlinear layers.

The formulation of F(x)+x can be realized by feedfor-
ward neural networks with “shortcut connections” (Fig. 2).
Shortcut connections [2, 34, 49] are those skipping one or
more layers. In our case, the shortcut connections simply
perform identity mapping, and their outputs are added to
the outputs of the stacked layers (Fig. 2). Identity short-
cut connections add neither extra parameter nor computa-
tional complexity. The entire network can still be trained
end-to-end by SGD with backpropagation, and can be eas-
ily implemented using common libraries (e.g., Caffe [19])
without modifying the solvers.

We present comprehensive experiments on ImageNet
[36] to show the degradation problem and evaluate our
method. We show that: 1) Our extremely deep residual nets
are easy to optimize, but the counterpart “plain” nets (that
simply stack layers) exhibit higher training error when the
depth increases; 2) Our deep residual nets can easily enjoy
accuracy gains from greatly increased depth, producing re-
sults substantially better than previous networks.

Similar phenomena are also shown on the CIFAR-10 set
[20], suggesting that the optimization difficulties and the
effects of our method are not just akin to a particular dataset.
We present successfully trained models on this dataset with
over 100 layers, and explore models with over 1000 layers.

On the ImageNet classification dataset [36], we obtain
excellent results by extremely deep residual nets. Our 152-
layer residual net is the deepest network ever presented on
ImageNet, while still having lower complexity than VGG
nets [41]. Our ensemble has 3.57% top-5 error on the

ImageNet test set, and won the 1st place in the ILSVRC
2015 classification competition. The extremely deep rep-
resentations also have excellent generalization performance
on other recognition tasks, and lead us to further win the
1st places on: ImageNet detection, ImageNet localization,
COCO detection, and COCO segmentation in ILSVRC &
COCO 2015 competitions. This strong evidence shows that
the residual learning principle is generic, and we expect that
it is applicable in other vision and non-vision problems.

2. Related Work

Residual Representations. In image recognition, VLAD
[18] is a representation that encodes by the residual vectors
with respect to a dictionary, and Fisher Vector [30] can be
formulated as a probabilistic version [18] of VLAD. Both
of them are powerful shallow representations for image re-
trieval and classification [4, 48]. For vector quantization,
encoding residual vectors [17] is shown to be more effec-
tive than encoding original vectors.

In low-level vision and computer graphics, for solv-
ing Partial Differential Equations (PDEs), the widely used
Multigrid method [3] reformulates the system as subprob-
lems at multiple scales, where each subproblem is respon-
sible for the residual solution between a coarser and a finer
scale. An alternative to Multigrid is hierarchical basis pre-
conditioning [45, 46], which relies on variables that repre-
sent residual vectors between two scales. It has been shown
[3, 45, 46] that these solvers converge much faster than stan-
dard solvers that are unaware of the residual nature of the
solutions. These methods suggest that a good reformulation
or preconditioning can simplify the optimization.

Shortcut Connections. Practices and theories that lead to
shortcut connections [2, 34, 49] have been studied for a long
time. An early practice of training multi-layer perceptrons
(MLPs) is to add a linear layer connected from the network
input to the output [34, 49]. In [44, 24], a few interme-
diate layers are directly connected to auxiliary classifiers
for addressing vanishing/exploding gradients. The papers
of [39, 38, 31, 47] propose methods for centering layer re-
sponses, gradients, and propagated errors, implemented by
shortcut connections. In [44], an “inception” layer is com-
posed of a shortcut branch and a few deeper branches.

Concurrent with our work, “highway networks” [42, 43]
present shortcut connections with gating functions [15].
These gates are data-dependent and have parameters, in
contrast to our identity shortcuts that are parameter-free.
When a gated shortcut is “closed” (approaching zero), the
layers in highway networks represent non-residual func-
tions. On the contrary, our formulation always learns
residual functions; our identity shortcuts are never closed,
and all information is always passed through, with addi-
tional residual functions to be learned. In addition, high-
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