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今後のLHC
統計は今後も増える（発見の物理から精密測定の物理へ） 

標準模型のプロセスのずれを探す。 

より厳しいカットをかけて、面白いイベントを探す   

過去の成功体験（LEP) vs QCD 特有の難しさ

high pT objects (Events in Tail)   
soft object, mono something  

or something unknown Physics outputs 
effective operator,  

top partner 
dark matter.. 

 hadronization,  
PDF, parton shower  

modeling, …

*システマティクスへの理解が重要  

** 解析のスピードアップの必要 

馬鹿でかい統計
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機械学習(ML)への期待
機械学習を使って 

イベントの再構成の効率化、高速化 

ジェットやイベントの特性を学習させて、top W 

H などのを取り出す 

目的　ルミノシティに見合ったアウトプット　QCD 

の不定性を実データを使って迂回（理解しないで済
ます）あるいはソフトはプロセスの理解の促進
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Jets と機械学習
Jet physics : QCDの中ではソフトな物理を含むにも変わらず比較的成功し

ている (Theoretical understanding + computation) 

理論と現象論パートンシャワーー＞ハドロン 

実験データとの比較 

Jet reconstruction algorithm ( kT, CA, antikT)  IRC safe アルゴリズム 

numerical progress (fastjet N^3-> Nlog N)  

Jet substructure (mass drop),  Hi,,s W, Top reconstruction  (BSM search) 

 minimal Validation Analysis 
(leaving optimization to  
algorithm) →機械学習

                                                   
theory and computational 
developments 
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機械学習の基本要素 

Introduction Neural Network Crash Course A spectral function of jet substructure Spectral Analysis of Jet Substructure: Higgs Spectral Analysis of Jet Substructure: Sgluon Spectral Analysis of Jet Substructure: A Quick Sketch on Top Jets Spectral Analysis of Jet Substructure: Understanding Neural Networks Conclusion

Neural Network Crash Course: What is an Artificial Neural Network?

The artificial neural network is a biology inspired framework of modelling a
function.

Basic architectural unit: neuron
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This kind of feed-forward network’s output ŷ(x1, · · · , xn) could
approximate an output of a function y(x1, · · · , xn) if proper weights and
biases are assigned.
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Input:Jet images 

QCD 

Higgs 
output:              

φ: source of non linearity 

rearrangement

optimization 

wij,bi
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より“構造を持った入力”へ 
Introduction Neural Network Crash Course A spectral function of jet substructure Spectral Analysis of Jet Substructure: Higgs Spectral Analysis of Jet Substructure: Sgluon Spectral Analysis of Jet Substructure: A Quick Sketch on Top Jets Spectral Analysis of Jet Substructure: Understanding Neural Networks Conclusion

Practical Example with NN: Image Recognition Techniques with Jet Image
L. G. Almeida, M. Backovic, M. Cliche, S. J. Lee, M. Perelstein, (1501.05968)

Input layer Hidden layer 1 Hidden layer 2 Output layer
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Practical Example with CNN: Image Recognition Techniques with Jet Image
L. Oliveira, M. Kagan, L. Mackey, B. Nachman, A. Schwartzman, (1511.05190)32- -

Generic overview slide
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Even more non-linearity: Going Deep

Deep Convolutional Architectures for  
Jet-Images at the Large Hadron Collider

Introduction 
The Large Hadron Collider (LHC) at CERN is the largest and most powerful particle accelerator in 
the world, collecting 3,200 TB of proton-proton collision data every year. A true instance of Big 
Data, scientists use machine learning for rare-event detection, and hope to catch glimpses of new 
and uncharted physics at unprecedented collision energies.  

Our work focuses on the idea of the ATLAS detector as a camera, with events captured as 
images in 3D space. Drawing on the success of Convolutional Neural Networks in Computer 
Vision, we study the potential of deep leaning for interpreting LHC events in new ways.

The ATLAS detector 
The ATLAS detector is one of the two general-purpose experiments at the LHC. The 100 million 
channel detector captures snapshots of particle collisions occurring 40 million times per second. 
We focus our attention to the Calorimeter, which we treat as a digital camera in cylindrical space. 
Below, we see a snapshot of a 13 TeV proton-proton collision.

LHC Events as Images 
We transform the ATLAS coordinate system (η, φ) to a rectangular grid that allows for an image-
based grid arrangement. During a collision, energy from particles are deposited in pixels in (η, φ) 
space. We take these energy levels, and use them as the pixel intensities in a greyscale analogue. 
These images — called Jet Images — were first introduced by our group [JHEP 02 (2015) 118], 
enabling the connection between LHC physics event reconstruction and computer vision.. We 
transform each image in (η, φ), rotate around the jet-axis, and normalize each image, as is often 
done in Computer Vision, to account for non-discriminative difference in pixel intensities.  

In our experiments, we build discriminants on top of Jet Images to distinguish between a 
hypothetical new physics event, W’→ WZ, and a standard model background, QCD.  

Jet Image

Convolution Max-Pool Convolution Max-Pool Flatten

Fully  
Connected 
ReLU Unit

ReLU Dropout ReLU Dropout
Local 

Response 
Normalization

W’→ WZ event

Convolutions
Convolved  

Feature Layers

Max-Pooling

Repeat

Physics Performance Improvements 
Our analysis shows that Deep Convolutional Networks significantly improve the classification of 
new physics processes compared to state-of-the-art methods based on physics features, 
enhancing the discovery potential of the LHC.  More importantly, the improved performance 
suggests that the deep convolutional network is capturing features and representations beyond 
physics-motivated variables.  

Concluding Remarks 
We show that modern Deep Convolutional Architectures can significantly enhance the discovery 
potential of the LHC for new particles and phenomena. We hope to both inspire future research 
into Computer Vision-inspired techniques for particle discovery, and continue down this path 
towards increased discovery potential for new physics.

Difference in average 
image between signal 

and background

Deep Convolutional Networks 
Deep Learning — convolutional networks in particular — currently represent the state of the art in 
most image recognition tasks. We apply a deep convolutional architecture to Jet Images, and 
perform model selection. Below, we visualize a simple architecture used to great success.  

We found that architectures with large filters captured the physics response with a higher level of 
accuracy. The learned filters from the convolutional layers exhibit a two prong and location based 
structure that sheds light on phenomenological structures within jets. 

Visualizing Learning 
Below, we have the learned convolutional filters (left) and the difference in between the average 
signal and background image after applying the learned convolutional filters (right). This novel 
difference-visualization technique helps understand what the network learns.

2D  
Convolutions 
to Jet Images

Understanding Improvements 
Since the selection of physics-driven variables is driven by physical understanding, we want to be 
sure that the representations we learn are more than simple recombinations of basic physical 
variables. We introduce a new method to test this — we derive sample weights to apply such that 

meaning that physical variables have no discrimination power. Then, we apply our learned 
discriminant, and check for improvement in our figure of merit — the ROC curve.

Standard physically motivated 
discriminants — mass (top)  
and n-subjettiness (bottom)

Receiver Operating Characteristic

Notice that removing out the individual effects of 
the physics-related variables leads to a likelihood 
performance equivalent to a random guess, but 
the Deep Convolutional Network retains some 
discriminative power. This indicates that the deep 
network learns beyond theory-driven variables — 
we hypothesize these may have to do with 
density, shape, spread, and other spatially driven 
features.

Luke de Oliveiraa, Michael Aaron Kaganb, Lester Mackeyc, Benjamin Nachmanb, Ariel Schwartzmanb 

 
aStanford University, Institute for Computational and Mathematical Engineering (ICME), bSLAC National Accelerator Laboratory,  cStanford University, Department of Statistics 

Repeat

Apply deep learning techniques on jet images! [3]

convolutional nets are a standard image 
processing technique; also consider maxout

Basic building unit: 2D convolutional layer
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Reduce number of free parameters by weight and bias sharing.
Specialized in understanding local spatial correlations
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CNN 
correct nearby image first 1511.05190  DNN (all bins in a line) 

Recursive(Taoli Cheng 1711.02633) 

“ Maybe we do not know physics behind,  
architecture do the job for you”??   

Almeida et al 1501.05968

Recursive Neural Networks in Quark/Gluon Tagging 7

Fig. 4 Workflow including jet embedding and the following classification (schematic plot of the recursion is credited to
Brentsmith101 under Wikimedia Commons).

AUC, the better the performance. And as baseline, we
also give the Boosted Decision Tree (BDT) results using
expert features as input.

3.1 Quark/Gluon Discrimination

The processes used to sample jets are qq̄ ! gg and
gg ! gg for gluon jets, and gg ! qq̄, qq̄ ! qq̄, qq !
qq for light quarks (u,d,s), at

p
s = 13 TeV. A set of

benchmark jet pT s are examined. The pT bins are set to
be: [90,110], [180, 220], [480, 520], [950, 1050] (in GeV).
Jets are clustered using anti-kt algorithm [29] and cone
size is set to be R = 0.7 for high pT (pT = 1 TeV) and
R = 0.4 for other relatively lower pT s.

The performace for di↵erent simulation levels are
explored: pythia level, delphes e-flow and delphes tow-
ers. According to our experiments, using only towers
can’t provide significant discrimination for q/g, thus
we don’t put the results here. For pythia level analy-
sis, we employ the constraints of |⌘| < 2.5, and discard
neutrinos before clustering.

We first investigated the RecNN performance with
the architecture indicated in the previous section, ROCs
are shown and comparison with image approach (CNN)
and BDT is also carried out. The baseline BDT is com-
posed of scaled mass (mJ/pT ), charged particle multi-

plicity, and girth (g =
P

i2Jet

pi
T

pJ
T
ri). For adding infor-

mation of particle flow, three scenarios are considered:
1) without extra particle flow identification; 2) with
one-hot vector implementation of particle flow identi-
fication; 3) with recursively defined pt-weighted charge
Q

rec instead. Then the jet-pT dependence is studied.
Furthermore, we explored the behavior of several vari-
ants: changing cone size for jet clustering; modification

of the input feature set; modification of the embedding
feed; etc.

To show the physical implications more clearly, the
acceptance and rejection rate can be translated into a
significance improvement (SI) factor for any working
point as:

� ⌘ Sp
B

! ✏SSp
✏BB

=

✓
✏Sp
✏B

◆
� ! SI =

✏Sp
✏B

(11)

Thus, the ROCs can be mapped into significance im-
provement curves (SICs) [32]. We also show the corre-
sponding SICs in the following.

In Table 1, we present the gluon e�ciency at the
working point of 50% quark acceptance, at benchmarks
pT = 200, 1000 GeV. We first show the results for pythia
level in the upper part of the table. And the perfor-
mance after detector simulation is shown in the lower
part.

In Pythia-level, we also take numbers from Ref. [11]
for CNNs (pythia level) as a quick comparison. From
the numbers, RecNN is not working much better, but
still matches the previous results from BDT and CNN.
In Delphes-level, the RecNN is still giving excellent per-
formance after fast detector simulation. And compared
to pythia level, the delphes level got more influence
from pT . The decrease in jet pT reduces the perfor-
mance much quicker. The detector responses at di↵er-
ent pT s deserve more careful investigation. The num-
bers show that RecNNs are obviously surpassing BDT
and there is a potential for full detector simulation. In
Ref. [18], CMS Collaboration has carried out full simu-
lation in DNNs for q/g tagging (CMS Collaboration has
done the simulation within three di↵erent DNN archi-
tectures: DeepJet, LSTM, CNN). We put the number
from there (with extrapolation. Since the three DNN
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Top Tagger performance in MC
• Performance comparisons in two different ranges of pT(truth)

• mSD + τ32: addition of the subjet b tagging in the reduces the misidentification 
probability for t quarks by up to ∼ 50% (depends on pT). 

• HOTVR: performance lies between mSD + τ32 and mSD + τ32 + b.

• N3 − BDT (CA15): shows improved performance compared to the aforementioned 
algorithms, particularly in the low pT range. 

• The improved performance stems from the usage of the ECFs, which provide complementary 
information to τ32. In the low-pT region, the gain is mainly due to the use of larger-cone jets (i.e. jets 
clustered with R = 1.5). 

• BEST: targets the high-pT regime and shows similar performance to the ECF algorithm 
in this regime. 

• The best discrimination is achieved with algorithms based on lower level information: 
ImageTop and DeepAK8 algorithms. 

• ImageTop & DeepAK8-MD yield comparable performance in low & high pT regions

• The optimal performance in terms of ROC curves is achieved with the nominal version 
of DeepAK8 over the entire pT region.

better

top vs QCD

Significant improvement from the new developments
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「機械学習が何をやってるか知りたい」

ML だとなぜ良い結果が得られるか。 

Hidden layerは何をしているか 

QCD との関係
やったことのまとめ 

1. jet image(400 inputs) CNNはやめにして、もう少し意味
のある量 (~40)       (jet spectrum)  の DNNをやった 

2. CNN classifier vs   DNN  

3. さらに“Interpretable model”を作って、何が使われてい
るかみる。

They are Equivalent! 
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Input を絞る (Jet spectrum)  

 Monte Carlo →Parton splitting + hadronization

(p, R, z) describe   
   parton shower spritting  

p21 + p22 = p2[(1� z)2 + z2]
<latexit sha1_base64="PzxWyW94g29WHnRLKG87AomtQtI="></latexit><latexit sha1_base64="PzxWyW94g29WHnRLKG87AomtQtI="></latexit><latexit sha1_base64="PzxWyW94g29WHnRLKG87AomtQtI="></latexit><latexit sha1_base64="PzxWyW94g29WHnRLKG87AomtQtI="></latexit>

p1p2 = p2z(1� z)
<latexit sha1_base64="QuRWz4oW8k4hvyGTCzGGqUjp7PI="></latexit><latexit sha1_base64="SA5WSHWxzz+lFuhu/ulJx9xifMk="></latexit><latexit sha1_base64="SA5WSHWxzz+lFuhu/ulJx9xifMk="></latexit><latexit sha1_base64="E85+X0N0M56T9+5/8l5WE/CNGRA="></latexit>

sum  over  pairs of jet constituents   
proportional to momenta of particles to be IRC safe (C-correlator 

R

R’ p(1-z)y

p(1-z)(1-y)

p1 = pz
<latexit sha1_base64="RI7vTVkIS+XmW91O4+8sGxrvIOQ="></latexit><latexit sha1_base64="ZW9a0qDa/MS/OeSthwJMbwRRSrs="></latexit><latexit sha1_base64="ZW9a0qDa/MS/OeSthwJMbwRRSrs="></latexit><latexit sha1_base64="tEtHD0ZUUDIY5g/h7tGnJESitdk="></latexit>

p2 = p(1� z)
<latexit sha1_base64="3Y2vemdCzpSf6u7oqxE6dkIlOSM="></latexit><latexit sha1_base64="3L83ED9pl3sCsPaCVq3jNGaEHVU="></latexit><latexit sha1_base64="3L83ED9pl3sCsPaCVq3jNGaEHVU="></latexit><latexit sha1_base64="4UVt7E67tt4eGIdeqiZQrf1KKi0="></latexit>

p

S2(R,�R) =

P
ij pTipTj for R < Rij < R+�R

<latexit sha1_base64="eA8bBj9EhmdsKdjxtyHmpEEZYPg="></latexit><latexit sha1_base64="NX4c2nx6+mAW4iGSPuzuA2FWfi0="></latexit><latexit sha1_base64="NX4c2nx6+mAW4iGSPuzuA2FWfi0="></latexit><latexit sha1_base64="eA8bBj9EhmdsKdjxtyHmpEEZYPg="></latexit>

Our minimum input  (Jet Spectrum) 

for  R = 0, 0.1, 0.2 … 
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The Lund Plane

The Lund Plane is the phase space of these 
emissions: it naturally factorises perturbative 
and non-perturbative effects, UE/MPI, etc.

m ~ z*ΔR2 

The jet mass is just one 
diagonal line in this space 

…

So what if we could 
measure the whole 

thing?
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‣ A jet may be approximated as soft emissions 
around a hard core which represents the 
originating quark or gluon 

‣ Emissions may be characterized by 

‣ z = relative momentum of emission wrt jet 
core 

‣ ∆R = angle of emission relative to the jet core

最近の Lund Plane とも近い (Dreyer, Salam, Soyez, JHEP 12(2018)064) 

( CA jet clustering のヒストリーを２次元面に射影） 

Jet Spectrum ~ Energy Energy correlation, C-correlator (1996 Tkachov) 
（IRC safe な要件で作った量　比較的起源の古い概念）

Roloff Boost 2019



jet image を使った分類との関係

2 Two-Point Correlation Spectrum and Two-Prong Jets

2.1 Jet Spectra

In [28], we introduced a two-point correlation spectral function S
2

(R) which maps a jet to a function
of angular scale R,

S
2
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Z
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1
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2
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2
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12
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p
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where J is a set of jet constituents, ~R
i
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) is the position of the i-th jet constituent in the
pseudorapidity-azimuth plane, R
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)2 is the angular distance between the
two jet constituents i and j, and P

T

(~R) is an energy flow functional [60] of J. For practical purpose,
S
2

(R) is discretized as below,

S
2

(R; �R) =
1

�R

Z
R+�R

R

dR S
2

(R)

=
1

�R

X

i,j2J

p
T,i

p
T,j

I
[R,R+�R)

(R
ij

), (2.3)

where I
A

(R
ij

) is an indicator function of the angular distance R
ij

of the domain A,

I
A

(x) =

(
1 if x 2 A,

0 if x /2 A.

The spectral function S
2

(R; �R) is, therefore, the sum of the product of p
T

’s of the two jet con-
stituents with an angular distance R

ij

lying between R and R + �R.
We obatin IRC safe quantities by multiplying smooth functions2 w(~R) and P

T

(~R) (or S
2

(R)),
and integrating over ~R. To understand the IRC safety of P

T

(~R), let us consider a splitting of a
given constituent i

0

in J into two constituents, i
0

! i
1

i
2

. The inner product of w(~R) and the
di↵erence of the energy flows before and after the splitting, �P

T

(~R), is given as follows,
Z

d~R �P
T

(~R)w(~R) = p
T,i1w(~R

i1) + p
T,i2w(~R

i2) � p
T,i0w(~R

i0) (2.4)

=
h
�p

T,i0 � p
T,i1(� ~R

i1 · r
~

R

) � p
T,i2(� ~R

i2 · r
~

R

) + · · ·
i
w(~R

i0), (2.5)

where �p
T,i0 = p

T,i1 + p
T,i2 � p

T,i0 , and � ~R
i1(i2)

= ~R
i1(i2)

� ~R
i0 . The soft limit, where i

2

carries

a small momentum, corresponds to �p
T,i0 , � ~R

i1 , p
T,i2 ! 0, while �p

T,i0 , � ~R
i1 , � ~R

i2 ! 0 in the
collinear limit. The integral vanishes in these limits, namely the energy flow after parton splitting
converges weakly [60] to the one before splitting.

The spectrum S
2

(R) inherits the same property. The inner product of the smooth function
w(R) and the di↵erence of the spectrum, �S

2

(R), before and after the splitting i
0

! i
1

i
2

is given
as follows,
Z

dR �S
2

(R)w(R) = 2
X

j2J

h
�p

T,i0 + p
T,i1(� ~R

i1 · r
~

R

) + p
T,i2(� ~R

i2 · r
~

R

) + · · ·
i
p
T,j

w(R
i0j). (2.6)

Again, this integral vanishes in the IRC limits. Note that the binned spectrum S
2

(R; �R) is not
completely IRC safe because of the discontinuity of the indicator function at the bin boundaries.

2 Continuous functions are su�cient for the convergence and IRC safety [60], but we further restrict w’s to smooth

functions for perturbative calculations.
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The jet trimming also introduces a p
T

scale hierarchy among the subjets, and so their pairwise
contributions to S

2

(R;�R) can be classified by the scale. We define a quantity S
2,soft

(R;�R)
where,

S
2,soft

(R;�R) = S
2

(R;�R) � S
2,trim

(R;�R). (2.15)

In the r.h.s. of the above equation, the correlations among the constituents of the hard subjets are
canceled, and we have,

S
2,trim

(R;�R) = p2
T,J · O [1] , (2.16)

S
2,soft

(R;�R) = p2
T,J · �O [f

trim

] + O ⇥
f2

trim

⇤�
. (2.17)

The dominant contributions to S
2,soft

(R;�R) (i.e., the O [f
trim

] terms) come from the correlations
between a constituent in J

trim

and a constituent in J�J
trim

. The subleading O ⇥
f2

trim

⇤
terms denote

the correlations among the constituents in J � J
trim

.

2.2 Derivation of Classifiers based on Energy Flows and Jet Spectra

We discuss the relation between S
2

(R) and neural network classifiers trained on the energy flow
P
T

(~R). A general softmax classifier that solves K-class jet classification problem can be expressed
as a functional  ̂

i

which maps the energy flow to real numbers h
i

, i.e.,

h
i

=  ̂
i

[P
T

] (2.18)

ŷ = '
softmax

(~z) , z
k

= w
(out)

ki

h
i

+ b
(out)

k

, k 2 {1, · · · , K}, (2.19)

where w
(out)

ki

and b
(out)

k

are the weights and biases of the output layer, and ŷ is the prediction of the
classifier. Here the '

softmax

is the softmax function whose k-th component is expressed as follows,

'
softmax,k

(~z) =
ezk

P
K

k=1

ezk
. (2.20)

Many jet classifiers can be expressed in the form of eq. (2.18). For example, in the cut-based
analysis,  ̂

i

are the jet substructure variables, such as the ratios of n-subjettiness [12], ratios of
energy correlation functions [16, 17] etc. The deep neural network classifiers, such as artificial
neural network tagger [18], convolutional neural network using pixelated jet images [19], energy
flow network [31] etc., are also described by eq. (2.18). The neural networks that are introduced in
section 3 and section 4 also belong to this category.

The jet spectra S
2

and S
2,trim

can be derived from eq. (2.18) using a functional Taylor expan-
sion. The energy flow is decomposed by trimming as follows,

P
T,a

(~R) =

(
P
T,trim

(~R) a = 1,

P
T

(~R) � P
T,trim

(~R) a = 2.
(2.21)

One can express  ̂
i

[P
T,a

] as a functional series at a reference point P
T,a

(~R) = 0,

h
i

= w
(0)

i

+

Z
d~R P

T,a

(~R)w(1)

i,a

(~R) +
1

2!

Z
d~R

1

d~R
2

P
T,a

(~R
1

)P
T,b

(~R
2

)w(2)

i,ab

(~R
1

, ~R
2

) + · · · , (2.22)

where w
(n)

i,a1···an
(~R

1

, · · · , ~R
n

) is the coe�cient of n-th correlation function. The first order coe�cient

w
(1)

i,a

can be chosen as a constant if we are not interested in features depending on reference vectors,

for example, jet axes, beam directions, etc. The linear term in P
T

(~R) of eq. (2.22) is related to the
jet momentum p

T,J and trimmed jet momentum p
T,J,trim as follows,

Z
d~R P

T,1

(~R) ' p
T,J,trim,

Z
d~R P

T,2

(~R) ' p
T,J � p

T,J,trim. (2.23)
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classifier. Here the '

softmax

is the softmax function whose k-th component is expressed as follows,

'
softmax,k

(~z) =
ezk

P
K

k=1

ezk
. (2.20)

Many jet classifiers can be expressed in the form of eq. (2.18). For example, in the cut-based
analysis,  ̂

i

are the jet substructure variables, such as the ratios of n-subjettiness [12], ratios of
energy correlation functions [16, 17] etc. The deep neural network classifiers, such as artificial
neural network tagger [18], convolutional neural network using pixelated jet images [19], energy
flow network [31] etc., are also described by eq. (2.18). The neural networks that are introduced in
section 3 and section 4 also belong to this category.

The jet spectra S
2

and S
2,trim

can be derived from eq. (2.18) using a functional Taylor expan-
sion. The energy flow is decomposed by trimming as follows,

P
T,a

(~R) =

(
P
T,trim

(~R) a = 1,

P
T

(~R) � P
T,trim

(~R) a = 2.
(2.21)

One can express  ̂
i

[P
T,a

] as a functional series at a reference point P
T,a

(~R) = 0,

h
i

= w
(0)

i

+

Z
d~R P

T,a

(~R)w(1)

i,a

(~R) +
1

2!

Z
d~R

1

d~R
2

P
T,a

(~R
1

)P
T,b

(~R
2

)w(2)

i,ab

(~R
1

, ~R
2

) + · · · , (2.22)

where w
(n)

i,a1···an
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, · · · , ~R
n

) is the coe�cient of n-th correlation function. The first order coe�cient

w
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i,a

can be chosen as a constant if we are not interested in features depending on reference vectors,

for example, jet axes, beam directions, etc. The linear term in P
T

(~R) of eq. (2.22) is related to the
jet momentum p

T,J and trimmed jet momentum p
T,J,trim as follows,

Z
d~R P

T,1

(~R) ' p
T,J,trim,

Z
d~R P

T,2

(~R) ' p
T,J � p

T,J,trim. (2.23)
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The second order coe�cient w
(2)

i,ab

, the first non-trivial term of the series expansion, is a function of

the relative distance of ~R
1

and ~R
2

. The basis vectors of w
(2)

i,ab

are two-point correlation functions
S
2,ab

(R),

h
i

= w
(0)

i

+

Z
d~R P

T,a

(~R) w
(1)

i,a

+
1

2!

Z
dR S

2,ab

(R) w
(2)

i,ab

(R) + · · · (2.24)

S
2,ab

(R) =

Z
d~R

1

d~R
2

P
T,a

(~R
1

)P
T,b

(~R
2

) �(R � R
12

). (2.25)

The spectra S
2

and S
2,trim

are expressed in terms of S
2,ab

as follows,

S
2

(R) =
X

a,b

S
2,ab

(R), S
2,trim

(R) = S
2,11

(R). (2.26)

Instead of the energy flows, we consider a classifier of S
2,A

(A = 1,2),

h
i

=  
i

[S
2,A

; ~x
kin

], (2.27)

where ~x
kin

is a set of additional inputs to the classifier based on the kinematics of the jet, and the
index A is equal to 1 for “trim” and 2 for “soft”. Similar to eq. (2.24), we expand eq. (2.27) around
S
2,A

(R) = 0 as

h
i

= w
(0)

i

(~x
kin

) +

Z
dR S

2,A

(R)
w

(2)

i,A

(R; ~x
kin

)

2

+
1

2

Z
dR

1

dR
2

S
2,A

(R
1

)S
2,B

(R
2

)
w

(4)

i,AB

(R
1

, R
2

; ~x
kin

)

12
+ · · · . (2.28)

where w
(n)

i,A1···An
2

are the corresponding weight functions. One may further truncate the series to

get a linear form,

h
i

=
1

2

Z
dR S

2,A

(R)w(2)

i,A

(R; ~x
kin

). (2.29)

The above-mentioned linear setup has an advantage on the interpretability and visualization of the
network predictions; we discuss more on this network in section 4.

2.3 Spectra of Two-Prong Jets

The S
2

(R;�R) spectrum is useful to identify the substructures of the jet and also to characterize
the jet. Typically, S

2

(R;�R) of QCD jets have a peak at R = 0 with a long tail towards large R.
The peak originates from the autocorrelation term

P
i

p2
T,i

in eq. (2.3). On the other hand, if a jet
originates from a Higgs boson decaying into bb̄, the b-partons create two isolated cores inside the
jet. The spectra have a peak at the angular scale equal to the angle between the two clusters. In
addition, S

2

(R;�R) encodes the fragmentation pattern of b-partons.

At the LHC, boosted heavy objects such as top quark, gauge bosons and Higgs boson decay-
ing into quarks can be studied by identifying jet substructures. Usually, these substructures are
characterized by parameters such as D

2

defined as,

D�

2

= e�
3

/(e�
2

)3,

e�
2

=
1

p2
T,J

X

i,j2J,i<j

p
T,i

p
T,j

R�

ij

,

e�
3

=
1

p3
T,J

X

i,j,k2J,i<j<k

p
T,i

p
T,j

p
T,k

R�

ij

R�

jk

R�

ki

, (2.30)
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Nevertheless, when the domain is discretized into small sections [R
i

, R
i

+ �R
i

), the IRC unsafe
terms cancel in the sum,

P
i

S
2

(R
i

; �R
i

) w(R
i

), and it is approximately IRC safe up to binning
errors.

The resulting IRC safe observables belong to C-correlators [60] which are multilinear forms of
the energy flow. An n-linear C-correlator is expressed as follows,

Z
d~R

1

· · · d~R
n

P
T

(~R
1

) · · · P
T

(~R
n

) w(~R
1

, · · · , ~R
n

), (2.7)

where w is a continuous function of ~R
1

, · · · , ~R
n

. For example, an inner product of P
T

(~R) and w(~R)
is a linear C-correlator, and an inner product of S

2

(R) and w(R) is a bilinear C-correlator with w

depending only on the relative distance R
12

,
Z

dR S
2

(R) w(R) =

Z
d~R

1

d~R
2

P
T

(~R
1

)P
T

(~R
2

) w(R
12

). (2.8)

Many well-known jet observables belong to the C-correlator, for example, a jet transverse momen-
tum p

T,J is a linear C-correlator with w(~R
1

) ⇡ 1, a jet mass mJ is a bilinear C-correlator with
w(~R

1

, ~R
2

) ⇡ R2

12

/2.
The S

2

(R) spectra use all the jet constituents, but it is useful to separate the correlations
of constituents of the hard subjets; we consider jet trimming for this purpose. We recluster the
constituents of a jet of a radius parameter RJ to subjets with a smaller radius parameter R

trim

.
A subjet J

a

is discarded if p
T,Ja < f

trim

p
T,J, where p

T,J and p
T,Ja are the transverse momenta of

the jet and a-th subjet respectively. The trimmed jet J
trim

is defined as a union of the remaining
subjets,

J
trim

=
[

a

pT,Ja
pT,J

�ftrim

J
a

. (2.9)

The jet trimming is beneficial because it does not introduce additional angular scale parameters
other than R

trim

. The trimmed spectrum is then calculated using the constituents of the trimmed
jet. We denote it as S

2,trim

(R) and its binned version S
2,trim

(R; �R) which are defined as follows:

S
2,trim

(R) =

Z
d~R

1

d~R
2

P
T,trim

(~R
1

) P
T,trim

(~R
2

) · �(R � R
12

), (2.10)

P
T,trim

(~R) =
X

i2Jtrim

p
T,i

�(~R � ~R
i

), (2.11)

S
2,trim

(R; �R) =
1

�R

X

i,j2Jtrim

p
T,i

p
T,j

· I
[R,R+�R)

(R
ij

), (2.12)

where P
T,trim

(~R) is the energy flow of J
trim

.
In the limit of the constituents of each subjet J

a

are localized, the energy flow and the jet
spectrum can be approximated in terms of the subjet momenta. The energy flow of such a jet is
decomposed into a sum of energy flows of all the subjets,

P
T

(~R) =
X

a

P
T,a

(~R), P
T,a

(~R) =
X

i2Ja

p
T,i

�(~R � ~R
i

). (2.13)

The energy flow of each subjet converges weakly to p
T,Ja�(~R � ~RJa). The S

2

(R) spectrum can be
approximated by the momenta of the subjets, i.e.,

S
2

(R; �R) ⇡
X

a,b

Ja,Jb⇢J

p
T,Ja p

T,Jb · I
[R,R+�R)

(R
ab

). (2.14)
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constituents of a jet of a radius parameter RJ to subjets with a smaller radius parameter R

trim

.
A subjet J

a

is discarded if p
T,Ja < f

trim

p
T,J, where p

T,J and p
T,Ja are the transverse momenta of

the jet and a-th subjet respectively. The trimmed jet J
trim

is defined as a union of the remaining
subjets,

J
trim

=
[

a

pT,Ja
pT,J

�ftrim

J
a

. (2.9)

The jet trimming is beneficial because it does not introduce additional angular scale parameters
other than R

trim

. The trimmed spectrum is then calculated using the constituents of the trimmed
jet. We denote it as S

2,trim

(R) and its binned version S
2,trim

(R; �R) which are defined as follows:

S
2,trim

(R) =

Z
d~R

1

d~R
2

P
T,trim

(~R
1

) P
T,trim

(~R
2

) · �(R � R
12

), (2.10)

P
T,trim

(~R) =
X

i2Jtrim

p
T,i

�(~R � ~R
i

), (2.11)

S
2,trim

(R; �R) =
1

�R

X

i,j2Jtrim

p
T,i

p
T,j

· I
[R,R+�R)

(R
ij

), (2.12)

where P
T,trim

(~R) is the energy flow of J
trim

.
In the limit of the constituents of each subjet J

a

are localized, the energy flow and the jet
spectrum can be approximated in terms of the subjet momenta. The energy flow of such a jet is
decomposed into a sum of energy flows of all the subjets,

P
T

(~R) =
X

a

P
T,a

(~R), P
T,a

(~R) =
X

i2Ja

p
T,i

�(~R � ~R
i

). (2.13)

The energy flow of each subjet converges weakly to p
T,Ja�(~R � ~RJa). The S

2

(R) spectrum can be
approximated by the momenta of the subjets, i.e.,

S
2

(R; �R) ⇡
X

a,b

Ja,Jb⇢J

p
T,Ja p

T,Jb · I
[R,R+�R)

(R
ab

). (2.14)
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The jet trimming also introduces a p
T

scale hierarchy among the subjets, and so their pairwise
contributions to S

2

(R;�R) can be classified by the scale. We define a quantity S
2,soft

(R;�R)
where,

S
2,soft

(R;�R) = S
2

(R;�R) � S
2,trim

(R;�R). (2.15)

In the r.h.s. of the above equation, the correlations among the constituents of the hard subjets are
canceled, and we have,

S
2,trim

(R;�R) = p2
T,J · O [1] , (2.16)

S
2,soft

(R;�R) = p2
T,J · �O [f

trim

] + O ⇥
f2

trim

⇤�
. (2.17)

The dominant contributions to S
2,soft

(R;�R) (i.e., the O [f
trim

] terms) come from the correlations
between a constituent in J

trim

and a constituent in J�J
trim

. The subleading O ⇥
f2

trim

⇤
terms denote

the correlations among the constituents in J � J
trim

.

2.2 Derivation of Classifiers based on Energy Flows and Jet Spectra

We discuss the relation between S
2

(R) and neural network classifiers trained on the energy flow
P
T

(~R). A general softmax classifier that solves K-class jet classification problem can be expressed
as a functional  ̂

i

which maps the energy flow to real numbers h
i

, i.e.,

h
i

=  ̂
i

[P
T

] (2.18)

ŷ = '
softmax

(~z) , z
k

= w
(out)

ki

h
i

+ b
(out)

k

, k 2 {1, · · · , K}, (2.19)

where w
(out)

ki

and b
(out)

k

are the weights and biases of the output layer, and ŷ is the prediction of the
classifier. Here the '

softmax

is the softmax function whose k-th component is expressed as follows,

'
softmax,k

(~z) =
ezk

P
K

k=1

ezk
. (2.20)

Many jet classifiers can be expressed in the form of eq. (2.18). For example, in the cut-based
analysis,  ̂

i

are the jet substructure variables, such as the ratios of n-subjettiness [12], ratios of
energy correlation functions [16, 17] etc. The deep neural network classifiers, such as artificial
neural network tagger [18], convolutional neural network using pixelated jet images [19], energy
flow network [31] etc., are also described by eq. (2.18). The neural networks that are introduced in
section 3 and section 4 also belong to this category.

The jet spectra S
2

and S
2,trim

can be derived from eq. (2.18) using a functional Taylor expan-
sion. The energy flow is decomposed by trimming as follows,

P
T,a

(~R) =

(
P
T,trim

(~R) a = 1,

P
T

(~R) � P
T,trim

(~R) a = 2.
(2.21)

One can express  ̂
i

[P
T,a

] as a functional series at a reference point P
T,a

(~R) = 0,

h
i

= w
(0)

i

+

Z
d~R P

T,a

(~R)w(1)

i,a

(~R) +
1

2!

Z
d~R

1

d~R
2

P
T,a

(~R
1

)P
T,b

(~R
2

)w(2)

i,ab

(~R
1

, ~R
2

) + · · · , (2.22)

where w
(n)

i,a1···an
(~R

1

, · · · , ~R
n

) is the coe�cient of n-th correlation function. The first order coe�cient

w
(1)

i,a

can be chosen as a constant if we are not interested in features depending on reference vectors,

for example, jet axes, beam directions, etc. The linear term in P
T

(~R) of eq. (2.22) is related to the
jet momentum p

T,J and trimmed jet momentum p
T,J,trim as follows,

Z
d~R P

T,1

(~R) ' p
T,J,trim,

Z
d~R P

T,2

(~R) ' p
T,J � p

T,J,trim. (2.23)
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CNN vs DNN with  S2trim (R) and S2soft (R) 

Two point correlation pick up most important  effects.  (Or NN with 
jet image “find” two-point correlation by itself ( not proven)  

Chance to understand the distribution contributing  to the decision? 

6

Input Hidden1 Hidden2 · · · Hiddenn Output

Activation: ReLU ReLU ReLU softmax

pT,j

mj

bias nodes

{S2}

b b

· · ·

b

FIG. 5: Schematic diagram of our DNN setup. Dashed nodes represent nodes dropped out.

FIG. 6: ROC curve comparison

(ROC correlation study. ) [from Mihoko: need a scatter plot of signal-like score converted to signal e�ciency.]
Here I compare e�ciency required catch event ✏

sig

for each DNN with D2 and S2. Following is 1 � ✏

sig

histogram
from Zh and Zj event sample.

The results only slightly worse  than   CNN 

CNN

our setup 

for 300GeV<pT<400GeV and 100GeV<mj<150GeVFigure 10. The ROC curves of the binary classifiers: the MLP trained on S
2,trim and S

2,soft (red dashed),

the CNN trained on jet images (blue solid), and the two-level architecture (see section 4) trained on S
2,trim

and S
2,soft (green dotted) with PY8 samples. We show the results of Higgs jet vs QCD jet (left), sgluon jet

vs QCD jet (center), and Higgs jet vs sgluon jet (right) classifications.

about the accuracy of the models of soft physics. Specifically, the performance of the classifier could
be sensitive to the soft activities in the jet while the simulated soft activities may be significantly
di↵erent from the truth.

In figure 11, we compare the ROC curves of the MLP trained with PY8 and HW7 samples.
As these two event generators are based on di↵erent modeling of parton shower and hadroniza-
tion scheme, the comparison would give us a reasonable estimate of the systematic uncertainty
originating from the generator choice.

Figure 11. The ROC curves of the MLP trained on S
2,trim and S

2,soft. The solid and dashed lines

correspond to the classifier trained with PY8 and HW7 respectively. The red and blue lines correspond to the

classifier tested with PY8 and HW7 respectively. We show the results of discriminating Higgs jet vs QCD jet

(left), sgluon jet vs QCD jet (center), and Higgs jet vs sgluon jet (right).

In the left panel of figure 11, we compare the ROC curves of the Higgs jet vs QCD jet classifi-
cation for di↵erent generator choices. By doing this exercise, we estimate a systematic uncertainty
in the predictions of the classifier by comparing ROC(PY8, PY8) and ROC(HW7, HW7) curves, where
the first and second entries in the parenthesis correspond to the generators used to simulate the
training and test samples respectively. On the other hand, ROC(PY8, HW7) and ROC(PY8, HW7)
show degradation of the performance of classifier trained on the “wrong sample” to analyse “real
events”.

– 15 –

Jet  
spectrums 
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[kinetic module]・[radiation module]   
10

B. S2 analysis, kinematics dependent weights

For the purpose, I prepare the following network:

layer: Input Hidden1 Hidden2
Activation: ELU ELU

p

T,j

m

j

bias nodes b b

layer: Input

{S2}

Inner product Output

softmax

⇥

⇥

⌃

This NN tries to build a predicted class vector ŷ

i

from the softmax activation using Boltzmann factors z

i

for the
signal and background.

ŷ

i

= z

i

�X

i

z

i

(11)

log z
i

= W

i

X

R

W

R

(x1, x2)S2(R;�R) (12)

W

R

(x1, x2) = fELU(b
2
R

+W

2
Rj

[fELU(b
1
j

+W

1
jk

x

k

)]) (13)

where x1 = p

T,j

and x2 = m

j

.
To make a long story short, the only change from the previous setup is

W

R

! W

R

(p
T,jet,mjet) (14)

and NN algorithm optimizes p

T,jet,mjet dependence of W
R

(p
T,jet,mjet). Note that we have replcaed the activation

from ReLU to the exponential linear unit (ELU),

f(x) =

(
x x � 0

e

x � 1 x < 0
(15)

Note that ReLU has a problem called ”Dying ReLU”. This setup has a local minima which has no p

T,jet and mjet

given by the previous simple NN setup without p
T,jet and mjet. If such phase space has a local minima, then ReLU

settle down at negative input region, where output is 0, and all training is just fitting a bias constant number. Hence,
the setup becomes same as previous. To avoid ”Dying ReLU”, we have to use activation function which has no flat
region so I choose ELU.

y = (1, 0)[Higgs]
y = (0, 1)[jet] (1)

<latexit sha1_base64="Y5iiPgCCMDp2CUfE8JK59CEx5+A="></latexit><latexit sha1_base64="lSIYasva8kXPlCDm90ItPk9atsU="></latexit><latexit sha1_base64="lSIYasva8kXPlCDm90ItPk9atsU="></latexit><latexit sha1_base64="bs8QlLljyYde7WbNFuyzJJm+ZMk="></latexit><latexit sha1_base64="WikISvxvfYcrpQ3T1rpaIVtYmD0="></latexit><latexit sha1_base64="WikISvxvfYcrpQ3T1rpaIVtYmD0="></latexit><latexit sha1_base64="0QT3I2y9v6EvELZXzmNNzodmAbw="></latexit><latexit sha1_base64="lSIYasva8kXPlCDm90ItPk9atsU="></latexit><latexit sha1_base64="lSIYasva8kXPlCDm90ItPk9atsU="></latexit><latexit sha1_base64="lSIYasva8kXPlCDm90ItPk9atsU="></latexit><latexit sha1_base64="lSIYasva8kXPlCDm90ItPk9atsU="></latexit><latexit sha1_base64="lSIYasva8kXPlCDm90ItPk9atsU="></latexit><latexit sha1_base64="Y5iiPgCCMDp2CUfE8JK59CEx5+A="></latexit>

w1 and w2 are  trained to be  MAX for Higgs 
events and MIN for QCD jet events 

jet interior  
information

The performance of the classifier improves as we vary generator combinations in the following
order: ROC(HW7, HW7), ROC(PY8, HW7), ROC(PY8, PY8), and ROC(HW7, PY8). We find that the
classification performance is significantly better for PY8 test samples than that of HW7 samples.
On the other hand, the classification performance for the same test samples hardly depend on the
classifiers, namely ROC(HW7, PY8) ⇠ ROC(HW7,HW7) and ROC(PY8,HW7) ⇠ ROC(PY8, PY8). For
the Higgs jet vs QCD jet classification, the classifier mostly concentrates on the core substructures
within the jet, and here both PY8 and HW7 provide similar kinematics and radiation spectra. There-
fore, we do not observe any significant change in the ROC curves by varying training samples while
keeping the test samples the same.

In the middle panel of figure 11, we compare the classifier performance for the sgluon jet
vs QCD jet classification. It improves in the following order: ROC(HW7, PY8), ROC(PY8, HW7),
ROC(HW7, HW7) and ROC(PY8, PY8). The classifiers are indeed sensitive to the choice of generators.
The network trained with PY8 (HW7) samples have failed to capture the features of HW7 (PY8) test
samples. The networks have focused on di↵erent portions of the distribution of the fragmentation
functions. In the right panel of figure 11, the ROC curves for the Higgs jet vs sgluon jet classification
show similar behavior.

4 Interpretable Two-level Architecture

Quantitative understanding of a neural network is not straightforward because the parameters
and intermediate outputs of the neural network are less readable. In this section, we propose an
architecture constructed from the truncated series in eq. (2.29) and try to explain quantitatively
how this network classifies events. The discretized architecture is then defined as follows,

h =
X

k

Sk

2,trim

wk

1

+
X

k

Sk

2,soft

wk

2

, wk

A

=
1

2

Z
Rk+�Rk

Rk

dR w
(2)

A

(R) (A = 1, 2), (4.1)

ŷ
i

= exp[w(out)

i

h]

� X

i

exp[w(out)

i

h] , (4.2)

where wk

A

are the trainable weights. This setup is essentially a logistic classifier on Sk

2,trim

and
Sk

2,soft

. The loss function is the categorical cross-entropy as defined in eq. (3.8). In the case of binary

classifications with a single h, change in w
(out)

1

and w
(out)

2

does not alter the classification results
because the components of softmax function are monotonic. We set w

(out)

1

= 1 and w
(out)

2

= �1
without loss of generality. After the training, the magnitude of Sk

2,trim

wk

1

or Sk

2,soft

wk

2

is high when
the corresponding Sk

2,trim

or Sk

2,soft

is useful for the classification.

Note that the logistic classifier does not take into account the p
T,J dependence of R̂

b

¯

b

. Therefore,
we introduce a two-level architecture which is a variant of the logistic classifier. The weights wk

A

are calculated by a kinetic module �k

A

(~x
kin

) of an MLP trained on ~x
kin

= (p
T,J, mJ),

wk

A

= �k

A

(~x
kin

). (4.3)

A schematic diagram of this setup is shown in figure 12. The inputs ~x
kin

are standardized before
training, and Sk

2,trim

and Sk

2,soft

are divided by their maximum value of the training sample because
standardizing the spectra reintroduce the zeroth order term of eq. (2.28). This architecture is
similar to the self-explaining neural network [84]. The �k

A

is modeled with the MLP of two hidden
layers with exponential linear unit (ELU) activations [85],

'
ELU

(x) =

(
x x > 0,

ex � 1 x < 0.
(4.4)

– 16 –

w1 and w2 

= [Interpretable model] 
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Figure 10. The ROC curves of the binary classifiers: the MLP trained on S
2,trim and S

2,soft (red dashed),

the CNN trained on jet images (blue solid), and the two-level architecture (see section 4) trained on S
2,trim

and S
2,soft (green dotted) with PY8 samples. We show the results of Higgs jet vs QCD jet (left), sgluon jet

vs QCD jet (center), and Higgs jet vs sgluon jet (right) classifications.

about the accuracy of the models of soft physics. Specifically, the performance of the classifier could
be sensitive to the soft activities in the jet while the simulated soft activities may be significantly
di↵erent from the truth.

In figure 11, we compare the ROC curves of the MLP trained with PY8 and HW7 samples.
As these two event generators are based on di↵erent modeling of parton shower and hadroniza-
tion scheme, the comparison would give us a reasonable estimate of the systematic uncertainty
originating from the generator choice.

Figure 11. The ROC curves of the MLP trained on S
2,trim and S

2,soft. The solid and dashed lines

correspond to the classifier trained with PY8 and HW7 respectively. The red and blue lines correspond to the

classifier tested with PY8 and HW7 respectively. We show the results of discriminating Higgs jet vs QCD jet

(left), sgluon jet vs QCD jet (center), and Higgs jet vs sgluon jet (right).

In the left panel of figure 11, we compare the ROC curves of the Higgs jet vs QCD jet classifi-
cation for di↵erent generator choices. By doing this exercise, we estimate a systematic uncertainty
in the predictions of the classifier by comparing ROC(PY8, PY8) and ROC(HW7, HW7) curves, where
the first and second entries in the parenthesis correspond to the generators used to simulate the
training and test samples respectively. On the other hand, ROC(PY8, HW7) and ROC(PY8, HW7)
show degradation of the performance of classifier trained on the “wrong sample” to analyse “real
events”.
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kinetic module  vs radiation module with readout  

 inner product

For a practical use, we can discretize the integral by the first mean value theorem.

F

2

=
X

i

S

2,trim

(R
i

; �R

i

)�R

i

· f

2

(R̂
i

) +
X

i

(S
2

(R
i

; �R

i

) � S

2,trim

(R̂
i

; �R

i

))�R

i

· f

0
2

(R̂
i

)(4.5)

where R̂

i

is a number in [R
i

, R

i

+ �R

i

]. Hence, F

2

is a dot product of two vectors

~

f

2

= (f
2

(R̂
i

)�R

i

, f

0
2

(R̂
i

)�R

i

) (4.6)

~

S

2

= (S
2,trim

(R
i

; �R

i

), S
2

(R
i

; �R

i

) � S

2,trim

(R̂
i

; �R

i

)) (4.7)

(Network setup)

~

f

2

= N
1

(p
T,J, mJ) (4.8)

F

2

= ~

f

2

· ~

S

2

(4.9)

ŷ = N
2

(F
2

) (4.10)

we may consider multiple dual vectors, but we use one dual vector to explain how this module
works.

(dying relu problem) Note that we cannot use ReLU or parametric ReLU on N
1

because
of dying ReLU problem. If N

1

is a constant function, the function ~

f

2

can be absorbed into linear
transformation part of first layer in N

2

, hence N
1

may learn a constant function which is a local
minimum of loss function. There are two cases to realize this minimum. One is a standard dying
relu problem, so that use bias to map input to 0. The other is use a small weight

Hence, we have to avoid activation function

We use exponential linear unit (ELU) in N
1

to avoid this problem.

f

ELU

(x) =

(
x x > 0

e

x � 1 x < 0
(4.11)

(trained functionals)
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The performance of the classifier improves as we vary generator combinations in the following
order: ROC(HW7, HW7), ROC(PY8, HW7), ROC(PY8, PY8), and ROC(HW7, PY8). We find that the
classification performance is significantly better for PY8 test samples than that of HW7 samples.
On the other hand, the classification performance for the same test samples hardly depend on the
classifiers, namely ROC(HW7, PY8) ⇠ ROC(HW7,HW7) and ROC(PY8,HW7) ⇠ ROC(PY8, PY8). For
the Higgs jet vs QCD jet classification, the classifier mostly concentrates on the core substructures
within the jet, and here both PY8 and HW7 provide similar kinematics and radiation spectra. There-
fore, we do not observe any significant change in the ROC curves by varying training samples while
keeping the test samples the same.

In the middle panel of figure 11, we compare the classifier performance for the sgluon jet
vs QCD jet classification. It improves in the following order: ROC(HW7, PY8), ROC(PY8, HW7),
ROC(HW7, HW7) and ROC(PY8, PY8). The classifiers are indeed sensitive to the choice of generators.
The network trained with PY8 (HW7) samples have failed to capture the features of HW7 (PY8) test
samples. The networks have focused on di↵erent portions of the distribution of the fragmentation
functions. In the right panel of figure 11, the ROC curves for the Higgs jet vs sgluon jet classification
show similar behavior.

4 Interpretable Two-level Architecture

Quantitative understanding of a neural network is not straightforward because the parameters
and intermediate outputs of the neural network are less readable. In this section, we propose an
architecture constructed from the truncated series in eq. (2.29) and try to explain quantitatively
how this network classifies events. The discretized architecture is then defined as follows,

h =
X

k

Sk

2,trim

wk

1

+
X

k

Sk

2,soft

wk

2

, wk

A

=
1

2

Z
Rk+�Rk

Rk

dR w
(2)

A

(R) (A = 1, 2), (4.1)

ŷ
i

= exp[w(out)

i

h]

� X

i

exp[w(out)

i

h] , (4.2)

where wk

A

are the trainable weights. This setup is essentially a logistic classifier on Sk

2,trim

and
Sk

2,soft

. The loss function is the categorical cross-entropy as defined in eq. (3.8). In the case of binary

classifications with a single h, change in w
(out)

1

and w
(out)

2

does not alter the classification results
because the components of softmax function are monotonic. We set w

(out)

1

= 1 and w
(out)

2

= �1
without loss of generality. After the training, the magnitude of Sk

2,trim

wk

1

or Sk

2,soft

wk

2

is high when
the corresponding Sk

2,trim

or Sk

2,soft

is useful for the classification.

Note that the logistic classifier does not take into account the p
T,J dependence of R̂

b

¯

b

. Therefore,
we introduce a two-level architecture which is a variant of the logistic classifier. The weights wk

A

are calculated by a kinetic module �k

A

(~x
kin

) of an MLP trained on ~x
kin

= (p
T,J, mJ),

wk

A

= �k

A

(~x
kin

). (4.3)

A schematic diagram of this setup is shown in figure 12. The inputs ~x
kin

are standardized before
training, and Sk

2,trim

and Sk

2,soft

are divided by their maximum value of the training sample because
standardizing the spectra reintroduce the zeroth order term of eq. (2.28). This architecture is
similar to the self-explaining neural network [84]. The �k

A

is modeled with the MLP of two hidden
layers with exponential linear unit (ELU) activations [85],

'
ELU

(x) =

(
x x > 0,

ex � 1 x < 0.
(4.4)
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contribution to <h>=<S2 w>Figure 14. The weights w
1

and w
2

for the sgluon jet vs QCD jet (left), and Higgs jet vs sgluon jet (right)

classifications. We show the weights at pT,J = 350 GeV and mJ = 115 GeV.
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Figure 15. The distribution of the mean value hS
2,trim(R) w

1

(R)i (solid) and hS
2,soft(R) w

2

(R)i (dashed).

The red lines correspond to the Higgs jet and the blue lines correspond to the QCD jet. In the right

figure, we additionally demand that ŷh of the Higgs jet and ŷ
QCD

of the QCD jet are larger than their 95th

percentile respectively.

Higgs jet vs QCD jet classification. However, the |w
2

| is much smaller. This comes from the fact
that S

2,soft

of sgluon jet is similar to that of QCD jet and it is less important in the classification.
No peak of S

2,soft

around R . R
trim

also indicates that the soft substructures of sgluon jet are
as radiative as QCD jet. Additionally, there is no color coherence restriction of soft radiations for
the sgluon jet. This leads to small |w

2

| for R > RJ. In the right panel of figure 14, we show the
weights for the Higgs jet vs sgluon jet classification. The peak of w

1

around R = R̂
b

¯

b

is small as the
hard substructures of Higgs jet and sgluon jet are (almost) the same. However, a sgluon is more
radiative than a Higgs boson, and w

2

is negative in the entire region of R < 1.5.

As described above, weights w
1

and w
2

may take large values, but it does not necessarily
mean that the corresponding S

2,trim

and S
2,soft

contribute dominantly in the jet classification. The
energy scaling factors on the S

2,trim

(S
2,soft

) and its weight w
1

(w
2

) cancel out in the quantity of
our interest h =

P
k

(Sk

2,trim

wk

1

+ Sk

2,soft

wk

2

). For example, O[1] terms in S
2,trim

and O[f
trim

] terms
in S

2,soft

contribute equally to the classifier if w
2

is around f
trim

w
1

. In the left panel of figure 15,
we draw the mean values hSk

2,trim

wk

1

i and hSk

2,soft

wk

2

i of Higgs jet vs QCD jet classification, which
are more directly related to the jet classification. The solid and dashed red lines correspond to
the distributions of the Higgs jet, while the solid and dashed blue lines are for the QCD jet. The
regions where Higgs jet and QCD jet distributions di↵er significantly are important for the network
predictions. We find hSk

2,trim

wk

1

i around R ⇠ R̂
b

¯

b

and hSk

2,soft

wk

2

i in the region R < 1.2 mostly
contribute to the jet classification.

The average distribution may not illustrate all the features of the classifier performance. The
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“Reasons” behind jet classification 

two hard  
substructure  

making peaks  
in S2trim

Large Hard-and-soft  
correlation 

soft emission  
near jet boundary 

Higgs
QCD
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MC は「正しい」か
quark ->パートンシャワー　-> たくさんの quark gluon 　(Qstart, Qhadron, αs)  

Herwig anglar ordering (より大きい角度から小さい角度に向かって放出が起こる。
メリット angular ording が保証されている 

Pythia, Sherpa pT ordering(よりkT の大きい放出から小さい放出が順次起こる） 

options Dipole VINCIA (より複雑なカーネル） 

パートンシャワーからハドロンへ( Qhadron)  

クラスター模型（Herwig とSherpa)  parton shower の中のqqbar から近いものを見
つけてペアを作り崩壊させる。  

String 模型（Pythia)　color connection がちぎれてMeson ができる。 

parton shower + hadronization のパラメーターがデータで調整されたものが、使われ
ている現象論的な量.　(Matrix element といった精度が評価できる量と異なる。 

できるだけ、 resumして評価できるところは抑えて、その範疇でjet の物理をやりたい
というのが今の流れ
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‣ Non-trivial differences between 
different generators and 
unfolded data 

‣ Region dominated by hard and 
wide-angle splitting is affected 
by parton shower 

‣ Hadronization effects in region 
with non-perturbative effects

ATLAS-CONF-2019-035

The Lund Jet Plane
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different generators and unfolded 
data 
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wide-angle splitting is affected by 
parton shower 
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MPI (as expected)
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The Lund Jet Plane
MC は現象をうまく記述しているか?

Lund jet Plane (Jet core からの分布）
(zE , ΔR)

from Boost 2019 talk by Jennifer Roloff  

計算可能
計算がむずかしい



energy deposits in each bin fluctuate, and the bins with hits higher than the average value contribute
more to the network decisions. For example, soft emissions outside the angle between the two
hardest subjets are rare in the Higgs jet. Once there is large angle radiation outside the cone of
hard subjets, the network is likely to identify the jet as a QCD jet. In the right panel of figure 15, we
plot the hSk

2,trim

wk

1

i and hSk

2,soft

wk

2

i distributions of the Higgs jet (QCD jet) with ŷ
h

(ŷ
QCD

) higher
than 95th percentile. The distributions indicate that the selected Higgs jets are mostly classified
because of the S

2,trim

excess at R̂ ⇠ R
b

¯

b

, while the QCD jets are classified using S
2,soft

excess above
R > 0.2.
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Figure 16. The weights w
1

(red) and w
2

(blue) for classifying a) Higgs jet, b) sgluon jet, c) QCD jet of

PY8 and HW7 events.

We now use the architecture to compare PY8 and HW7. As we have already shown in section
3, the performance of the classifier depends on the event generators significantly. In figure 16, we
show the weights of the classifiers for p

T,J = 350 GeV and mJ = 115 GeV trained with a) Higgs
jet, b) sgluon jet and c) QCD jet. For each plot, the signals are PY8 events and the background are
HW7 events. The w

1

in R . RJ is close to zero everywhere, representing S
2,trim

spectra of PY8 and
HW7 events are similar. It is not surprising because both PY8 and HW7 events from identical hard
partons and these partons create the trimmed subjets inside the jet. On the other hand, correlation
involving constituents of the soft activities, S

2,soft

, is manifestly di↵erent and so w
2

is nonzero. For
Higgs jet and sgluon jet, the w

2

distribution of PY8 events is significantly large (and positive) for
R ⇠ R

trim

and it decreases as R increases. The weight w
2

is negative for R > RJ, which means
that HW7 events have more soft activity in the region R � R̂

b

¯

b

.

For the case of QCD jet, the distribution of w
2

is always positive and flat for R < RJ and
negative for R > 1.5. It would be interesting to evaluate the weights for the classifiers trained with
the experimental data and compare with the simulated results to tune the parameters of the event
generators further.
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PY8 vs HW7 はどこが違うか

* 違うMC で同じプロセスを作って、機械学習で分類させてみる。 
* ハードなサブジェットの分布は同じ。  
* ソフト部分は違う。(そしてそれにかなり依存して分類をやっている。)

energy deposits in each bin fluctuate, and the bins with hits higher than the average value contribute
more to the network decisions. For example, soft emissions outside the angle between the two
hardest subjets are rare in the Higgs jet. Once there is large angle radiation outside the cone of
hard subjets, the network is likely to identify the jet as a QCD jet. In the right panel of figure 15, we
plot the hSk

2,trim

wk

1

i and hSk

2,soft

wk

2

i distributions of the Higgs jet (QCD jet) with ŷ
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PY8 and HW7 events.

We now use the architecture to compare PY8 and HW7. As we have already shown in section
3, the performance of the classifier depends on the event generators significantly. In figure 16, we
show the weights of the classifiers for p

T,J = 350 GeV and mJ = 115 GeV trained with a) Higgs
jet, b) sgluon jet and c) QCD jet. For each plot, the signals are PY8 events and the background are
HW7 events. The w

1

in R . RJ is close to zero everywhere, representing S
2,trim

spectra of PY8 and
HW7 events are similar. It is not surprising because both PY8 and HW7 events from identical hard
partons and these partons create the trimmed subjets inside the jet. On the other hand, correlation
involving constituents of the soft activities, S

2,soft

, is manifestly di↵erent and so w
2

is nonzero. For
Higgs jet and sgluon jet, the w
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distribution of PY8 events is significantly large (and positive) for
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and it decreases as R increases. The weight w
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is negative for R > RJ, which means
that HW7 events have more soft activity in the region R � R̂
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.

For the case of QCD jet, the distribution of w
2

is always positive and flat for R < RJ and
negative for R > 1.5. It would be interesting to evaluate the weights for the classifiers trained with
the experimental data and compare with the simulated results to tune the parameters of the event
generators further.
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We now use the architecture to compare PY8 and HW7. As we have already shown in section
3, the performance of the classifier depends on the event generators significantly. In figure 16, we
show the weights of the classifiers for p

T,J = 350 GeV and mJ = 115 GeV trained with a) Higgs
jet, b) sgluon jet and c) QCD jet. For each plot, the signals are PY8 events and the background are
HW7 events. The w
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in R . RJ is close to zero everywhere, representing S
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spectra of PY8 and
HW7 events are similar. It is not surprising because both PY8 and HW7 events from identical hard
partons and these partons create the trimmed subjets inside the jet. On the other hand, correlation
involving constituents of the soft activities, S
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, is manifestly di↵erent and so w
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is nonzero. For
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and it decreases as R increases. The weight w
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is negative for R > RJ, which means
that HW7 events have more soft activity in the region R � R̂
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For the case of QCD jet, the distribution of w
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is always positive and flat for R < RJ and
negative for R > 1.5. It would be interesting to evaluate the weights for the classifiers trained with
the experimental data and compare with the simulated results to tune the parameters of the event
generators further.
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モンテカルロ依存性 
color singlet or octet vs QCD
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Figure 11. The ROC curves of the MLP trained on S2,trim and S2,soft. The solid and dashed
lines correspond to the classifier trained with PY8 and HW7, respectively. The red and blue lines
correspond to the classifier tested with PY8 and HW7, respectively. The dashed gray lines represent
the ROC curves of the random guess. We show the results of discriminating Higgs jet vs. QCD jet
(left), sgluon jet vs. QCD jet (center), and Higgs jet vs. sgluon jet (right).

hand, ROC(HW7, PY8) and ROC(PY8, HW7) show the degradation of the performance of

classifier trained on the “wrong sample” to analyze “real events”.

The performance of the classifier improves as we vary generator combinations in the

following order: ROC(PY8, HW7), ROC(HW7, HW7), ROC(HW7, PY8), and ROC(PY8, PY8).

We find that the classification performance is significantly better for PY8 test samples

than that of HW7 samples. On the other hand, the classification performance for the same

test samples hardly depends on the classifiers, namely ROC(PY8, HW7) ∼ ROC(HW7, HW7)

and ROC(HW7, PY8) ∼ ROC(PY8, PY8). For the Higgs jet vs. QCD jet classification, the

classifier mostly concentrates on the core substructures within the jet, and here both PY8

and HW7 provide similar kinematics and radiation spectra. Therefore, we do not observe

any significant change in the ROC curves by varying training samples while keeping the

test samples the same.

In the middle panel of figure 11, we compare the classifier performance for the sgluon jet

vs. QCD jet classification. It improves in the following order: ROC(PY8, HW7), ROC(HW7,

PY8), ROC(HW7, HW7), and ROC(PY8, PY8). The classifiers are indeed sensitive to the

choice of generators. The network trained with PY8 (HW7) samples has failed to capture

the features of HW7 (PY8) test samples. The networks have focused on different portions of

the distribution of the fragmentation functions. In the right panel of figure 11, the ROC

curves for the Higgs jet vs. sgluon jet classification show similar behavior.

4 Interpretable two-level architecture

A quantitative understanding of a neural network is not straightforward because the pa-

rameters and intermediate outputs of the neural network are less readable. In this section,

we propose an architecture constructed from the truncated series in eq. (2.29) and try to ex-

plain quantitatively how this network classifies events. In the case of binary classifications,
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singlet (Higgs ) octet(scalar gluon) 

機械学習が注目する特徴すら 

同じでない場合
MC によらず機械学習が 

注目している分布が同じ



まとめ 
 ML H-QCD ジェット分類で[実際に参照されている分布]を同定
した。 

ジェットイメージ  NxN to スペクトル N (N~20 for our case.) 

とても簡単に収束するし、結果も安定。ジェットイメージを
使ってるCNNはかなりの場合ジェットスペクトルを発見するた
めに時間を無駄にしてると思う。 

機械学習はソフトな分布も使っている。MC と実データが違う
ことからくる不定性がある。 

自然がパートンシャワーで記述できるとは限らない。 

トップはもっと複雑で計算中
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