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Disclaimer:  
This lecture is NOT aimed as a review of  AI in the field. It is 
heavily biased by presenter’s own research experience, 
centered around DAMPE and HERD experiments. 

Science motivated:  
We we will focus on concrete physics examples of how AI 
helps to uncover the full potential of our instruments 2



Part I:   Cosmic Ray Detection in Space at High Energies              
             Rationale for Deep Learning
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Space (satellites, ISS, balloons) 

Very precise — measurement errors reaching 1% level


Limited in energy up to ~hundreds of TeV


Ground-based 

Cover very large ares ~O(100) km2  and reach maximum possible energies — up 
to 1019 eV (~millions of TeV)


Not very precise — measurement errors more than 100%!
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Plastic Scintillator

Silicon tracker

Calorimeter

~ 1.5 mNeutron detector

DAMPE — a high-energy cosmic ray space mission

Example of a typical cosmic ray (let particle) 
gamma ray (right particle) interaction in DAMPE

Joined project of China, 
Switzerland and Italy 
(launched in 2015)

Video credit: Chinese Academy of Science

DArk Matter Particle Explorer (DAMPE) 6



PSD 
• Z identification up to Ni (Z=28) 
• γ anti-coincidence signal 

STK 
• Position solution  ~50 micron 
• γ-ray angular resolution  0.5°—0.1° 
• Absolute Charge (Z) identification 

BGO 
• 31 X0 — thickest in space 
• e/γ detection GeV — 10 TeV 
• p/ions:  50 GeV — PeV 

NUD 
• Additional e/p rejection power

Tykhonov Part B2 PeVSPACE

PSD: double layer 
of scintillating strip 
detector acting as 
ACD 

STK: 6 tracking double layer 
+ 3 mm tungsten plates. 

Used for particle track and 
photon conversion 

BGO: the calorimeter  made of 308 BGO 
bars in hodoscopic arrangement (~31 
radiation length). Performs both energy 
measurements and trigger 

NUD: it’s complementary to the BGO by 
measuring the thermal neutron shower 

activity. Made up of boron-doped plastic 
scintillator 

 γ 

The	detector	

C
R

 

G.	Ambrosi	

PSD

NUDBGO

STK

LYSO  
calorimeter

Tracker-Converter  

Tracker 

Figure 1: Schematic view of DAMPE (left) and HERD (right) detectors.

The present proposal can be logically grouped in work packages:

1. Particle track pattern recognition and reconstruction using machine learning (ML) techniques.

2. Electron/proton (e/p) discrimination using the Deep-Neural-Net (DNN) or a similar approach.

3. Tuning of hadronic MC models with DAMPE data.

4. Applying the developed techniques to the DAMPE data analysis and HERD performance assessment.

Below in this section the DAMPE and HERD missions are briefly introduced. Then the current status of
the field is described in detail, in the connection with the outlined work packages of the proposal. The section
is concluded with the list of objectives and the deliverables associated to these objectives.

The DAMPE (DArk Matter Particle Explorer) detector was developed by an international collaboration
formed by Chinese, Swiss and Italian institutes [12]. It was successfully launched in space in December 2015
and operates smoothly since then. The group of University of Geneva (hereafter UniGe), of which I am a
leading member, has proposed and developed the Silicon–Tungsten tracKer–converter (STK) sub-detector of
DAMPE [13]. I am personally responsible for tracking software, CR data analysis and MC simulations. With a
relatively large acceptance, DAMPE features a deep highly-granular calorimeter of about 31 radiation lengths.
It provides a unique opportunity to probe CRE and gamma-rays between few GeV and 10 TeV with an un-
precedented energy resolution of about 1% (above 100 GeV) and CR proton/nuclei in the kinetic energy range
between 10 GeV and 100 TeV with the best available energy resolution (around 20% at 1 TeV). There are in
total four sub-detectors in DAMPE, as shown in Figure 1 left, from top to bottom:

• Plastic Scintillator Detector (PSD) for charge identification and for providing veto signal for the photon
discrimination.

• Silicon–Tungsten tracKer–converter (STK) for gamma-ray direction identification and for CR trajectory
and charge reconstruction and identification.

• BGO calorimeter for precise energy measurement and e/p discrimination;

• Neutron Detector (NUD) for improving the e/p discrimination.

HERD is the next generation spaceborne instrument with a thicker calorimeter of about 55 radiation lengths and
one order of magnitude higher acceptance compared to DAMPE. UniGe group is one of the leading contributors
to the HERD R&D program. In the core of HERD design is the 3D imaging LYSO calorimeter, consisting of
almost 10k cubic crystals of 3 cm3 each, as shown in Figure 1 right. The tracker detectors will be installed
on five out of six sides of HERD. This unique 3D arrangement allows to detect particles coming from five
directions, while in conventional detectors only one direction (from the top) is admitted.

Tracker sub-detectors of DAMPE and HERD include thin tungsten layers to enhance photon conversions
into electron-positron pairs. Therefore, CR and gamma-rays at high energies tend to pre-shower before the
calorimeter, creating a large hit multiplicity in the tracker. Moreover, the back-splash of secondary particles
from calorimeter severely deteriorates the picture, creating tens of thousands noise hits, as illustrated in Fig-
ure 2. As can be seen from the figure, only a small fraction of events have clean topology in the tracker.
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Plastic Scintillator 
Detector (PSD) Silicon-Tungsten Tracker 

Converter (STK)

Calorimeter (BGO)
Neutron Detector (NUD)
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Video credit: Chinese Academy of Science

(mm)
600− 400− 200− 0 200 400 600

(m
m
)

300−

200−

100−

0

100

200

300

400 (G
eV)

50

100

150

200

DAMPE XZ   E=1.416 TeV

(M
eV)

0
1
2
3
4

STK

BGO

PSD

(mm)
600− 400− 200− 0 200 400 600

(m
m
)

300−

200−

100−

0

100

200

300

400 (G
eV)

50

100

150

200

DAMPE YZ   E=1.416 TeV

(M
eV)

0
1
2
3
4

(mm)
600− 400− 200− 0 200 400 600

(m
m
)

300−

200−

100−

0

100

200

300

400 (G
eV)

2000

4000

6000

8000

DAMPE XZ   E=65.699 TeV

(M
eV)

0

50

100

STK

BGO

PSD

(mm)
600− 400− 200− 0 200 400 600

(m
m
)

300−

200−

100−

0

100

200

300

400 (G
eV)

2000

4000

6000

8000

DAMPE YZ   E=65.699 TeV

(M
eV)

0

50

100

Figure 1. Typical displays of simulated cosmic-ray protons in DAMPE. The proton kinetic energy
is 3.8 TeV (top) and 179 TeV (bottom), respectively. Both events are shown in two orthogonal
views of the detector (corresponding to the left and right subfigures). Three subdetectors can be
seen, from top to bottom: these are the calorimeter (BGO), tracker (STK), and plastic scintillator
detector (PSD). Hits in the tracker are shown with black stars. Track candidates reconstructed with
the standard algorithm [6, 37] are shown with gray lines. The total deposited (observed) energy in
BGO is indicated on top of the figure.

the track is identified, it is projected onto the PSD subdetector, which can provide the
absolute charge measurement with high resolution in a broad dynamic range, up to nickel
(Z=28) [46, 47]. Moreover, it is worth mentioning that the width of a PSD bar is 2.8 cm,
which is much higher than the pointing resolution of the STK, 50–100 µm [6]. Hence, the
PSD measurement is not so vulnerable to potential errors in the STK track identification.
In other words, given that the selected STK track candidate is relatively close to the real
trajectory of the particle, even if it is wrongly identified, the PSD measurement is likely
correct. With the argumentation above, the PSD rightfully serves as a major tool for ab-
solute charge identification in DAMPE. However, the advantage of a relatively large PSD
bar size turns into a weakness at high energies, especially in the context of proton and light
ion identification, as described below.

Figure 2 demonstrates the ultimate charge identification capacity of PSD and STK with
respect to protons and helium nuclei, in different energy bins, up to 1 PeV. The distributions
are obtained from simulation, using the true particle direction. In addition, a selection is

– 5 –

Example of a typical interaction in DAMPE 
(one projection) for a ~ 1 TeV cosmic ray

As a baseline for data analysis, classical well-
understood techniques are use: Kalman filter for 
reconstructing particle track, linear regression for 
calorimeter image processing, etc.

Cosmic Ray 
(p, He, e, …)

DArk Matter Particle Explorer (DAMPE) 8
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Figure1.Typicaldisplaysofsimulatedcosmic-rayprotonsinDAMPE.Theprotonkineticenergy
is3.8TeV(top)and179TeV(bottom),respectively.Botheventsareshownintwoorthogonal
viewsofthedetector(correspondingtotheleftandrightsubfigures).Threesubdetectorscanbe
seen,fromtoptobottom:thesearethecalorimeter(BGO),tracker(STK),andplasticscintillator
detector(PSD).Hitsinthetrackerareshownwithblackstars.Trackcandidatesreconstructedwith
thestandardalgorithm[6,37]areshownwithgraylines.Thetotaldeposited(observed)energyin
BGOisindicatedontopofthefigure.

thetrackisidentified,itisprojectedontothePSDsubdetector,whichcanprovidethe
absolutechargemeasurementwithhighresolutioninabroaddynamicrange,uptonickel
(Z=28)[46,47].Moreover,itisworthmentioningthatthewidthofaPSDbaris2.8cm,
whichismuchhigherthanthepointingresolutionoftheSTK,50–100µm[6].Hence,the
PSDmeasurementisnotsovulnerabletopotentialerrorsintheSTKtrackidentification.
Inotherwords,giventhattheselectedSTKtrackcandidateisrelativelyclosetothereal
trajectoryoftheparticle,evenifitiswronglyidentified,thePSDmeasurementislikely
correct.Withtheargumentationabove,thePSDrightfullyservesasamajortoolforab-
solutechargeidentificationinDAMPE.However,theadvantageofarelativelylargePSD
barsizeturnsintoaweaknessathighenergies,especiallyinthecontextofprotonandlight
ionidentification,asdescribedbelow.

Figure2demonstratestheultimatechargeidentificationcapacityofPSDandSTKwith
respecttoprotonsandheliumnuclei,indifferentenergybins,upto1PeV.Thedistributions
areobtainedfromsimulation,usingthetrueparticledirection.Inaddition,aselectionis

–5–

Video credit: Chinese Academy of Science

Example of a typical interaction in DAMPE 
(one projection) for a ~ 100 TeV cosmic ray

Analysis becomes challenging at > ~ 100 TeV due to back-
scattering of secondaries particle from calorimeter.  

Identifying a track of a Cosmic Ray in a vast noise of 
secondary tracks is a search for a needle in a haystack! 

Cosmic Ray 
(p, He, e, …)

3 34. Passage of Particles Through Matter

atoms Bethe [3] used “Born Theorie” to obtain the di�erential cross section

d‡B(W ; —)
dW

= d‡R(W, —)
dW

B(W ) . (34.2)

Electronic binding is accounted for by the correction factor B(W ). Examples of B(W ) and d‡B/dW
can be seen in Figs. 5 and 6 of Ref. [1].

Bethe’s original theory applies only to energies above which atomic e�ects are not important.
The free-electron cross section (Eq. (34.1)) can be used to extend the cross section to Wmax. At high
energies ‡B is further modified by polarization of the medium, and this “density e�ect,” discussed
in Sec. 34.2.5, must also be included. Smaller corrections are discussed below.

The mean number of collisions with energy loss between W and W +dW occurring in a distance
”x is Ne”x (d‡/dW )dW , where d‡(W ; —)/dW contains all contributions. It is convenient to define
the moments

Mj(—) = Ne ”x
⁄

W j d‡(W ; —)
dW

dW , (34.3)

so that M0 is the mean number of collisions in ”x, M1 is the mean energy loss in ”x, (M2≠M1)2 is the
variance, etc. The number of collisions is Poisson-distributed with mean M0. Ne is either measured
in electrons/g (Ne = NAZ/A) or electrons/cm3 (Ne = NA flZ/A). The former is used throughout
this chapter, since quantities of interest (dE/dx, X0, etc.) vary smoothly with composition when
there is no density dependence.
34.2.2 Maximum energy transfer in a single collision

For a particle with mass M ,

Wmax = 2mec2 —2“2

1 + 2“me/M + (me/M)2 . (34.4)

In older references [2,7] the “low-energy” approximation Wmax = 2mec2 —2“2, valid for 2“me π M ,
is often implicit. For a pion in copper, the error thus introduced into dE/dx is greater than 6% at
100 GeV. For 2“me ∫ M , Wmax = Mc2 —2“.

At energies of order 100 GeV, the maximum 4-momentum transfer to the electron can exceed
1 GeV/c, where hadronic structure e�ects modify the cross sections. This problem has been in-
vestigated by J.D. Jackson [8], who concluded that for incident hadrons (but not for large nuclei)
corrections to dE/dx are negligible below energies where radiative e�ects dominate. While the
cross section for rare hard collisions is modified, the average stopping power, dominated by many
softer collisions, is almost unchanged.
34.2.3 Stopping power at intermediate energies

The mean rate of energy loss by moderately relativistic charged heavy particles is well described
by the “Bethe equation,”

=
≠dE

dx

>
= Kz2 Z

A

1
—2

C
1
2 ln 2mec2—2“2Wmax

I2 ≠ —2 ≠ ”(—“)
2

D

. (34.5)

Eq. (34.5) is valid in the region 0.1 . —“ . 1000 with an accuracy of a few percent. Small
corrections are discussed below.

This is the mass stopping power ; with the symbol definitions and values given in Table 34.1,
the units are MeV g≠1cm2. As can be seen from Fig. 34.2, ÈdE/dxÍ defined in this way is about
the same for most materials, decreasing slowly with Z. The linear stopping power, in MeV/cm, is
fl ÈdE/dxÍ, where fl is the density in g/cm3.

1st June, 2020 8:29am

Q: Why it is essential to precisely identify a track of a cosmic ray? 

A:  To extract information about the particle type  (if it is p, He or other ion)!

~
(Remember Bethe-Bloch formula for ionization losses)

DArk Matter Particle Explorer (DAMPE) 9



DAMPE on orbit

• Many exciting results published since 2015: electrons, protons, helium, B/C and B/O, γ-rays, solar physics 
• More in progress (C,O, Ne-Mg-Si, Fe)



• Detection of new feature in light cosmic rays (p+He) at ~150 TeV 
→ What is the physics behind it? We need individual p and He measurements towards PeV  ... but here comes the problem (see next slides)

~14 TeV
DAMPE proton (2019)

Motivation — exploring TeV-PeV energies in Space 11

DAMPE p+HE (2024)

PRD 109, L121101 (2024)

DAMPE's previous proton-spectrum result is limited 
to 100 TeV, and it's not only due to statistics!

?
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Figure 1. Typical displays of proton cosmic ray events in the simulated DAMPE data. Top and
bottom plots correspond to a primary particle energy of 3.8 TeV and 179 TeV respectively. Both
events are shown in two orthogonal views of the detector (corresponding to left and right sub-
figures). Hits in the tracker are shown with black stars. Particle track candidates, reconstructed
with the standard tracking algorithm [26, 27] are shown with gray lines. Three sub-detectors can be
seen, from top to bottom: calorimeter (BGO), tracker (STK) and plastic scintillator array (PSD).
Total reconstructed (observed) energy in BGO is indicated. Energy deposits in BGO and PSD are
in units of GeV and MeV respectively.

• Reconstruction of seed direction in BGO calorimeter;95

• Track reconstruction in STK using the BGO seed direction;96

• Projection of STK track onto PSD, calculation of path length therein;97

• Measurement of absolute particle charge (Z) in PSD using the STK track projection.98

Normally, additional selection criterion is applied requiring consistency between signals99

in different PSD bars along the path of the particle to ensure the correct absolute charge100

identification, which could be otherwise altered by inelastic interaction or fragmentation of101

cosmic ray inside PSD [3, 4]. The particle track finding starts with the reconstruction of102

shower direction in BGO, which is obtained from the fit of the energy-weighted “cluster”103

positions in different calorimeter layers [1]. Somewhat similar approach is reported in other104

calorimetric experiments to date, including FERMI [29], CALET [33] and CREAM [32].105

– 3 –

BG
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DAMPE XZ projection

Cosmic 
Ray

Conventional track reconstruction: 

• Shower axis from CALO as a seed 

• Kalman fitting 

• Combinatorial track finding 

• XZ and YZ fitted separately, 

•  … then combined in 3D tracks

Problems: 

• Selection needed to find the ONLY track 

• Efficiency drops at high hit multiplicity

At TeV— PeV hit multiplicity increases dramatically  →  
Track reconstruction & identification is a key challenge!

Example of > TeV cosmic ray in DAMPE

A. Tykhonov AI for cosmic ray detection in space at high-energy frontier

Challenge: CR reconstruction at > 100 TeV 12
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Figure 1. Typical displays of proton cosmic ray events in the simulated DAMPE data. Top and
bottom plots correspond to a primary particle energy of 3.8 TeV and 179 TeV respectively. Both
events are shown in two orthogonal views of the detector (corresponding to left and right sub-
figures). Hits in the tracker are shown with black stars. Particle track candidates, reconstructed
with the standard tracking algorithm [26, 27] are shown with gray lines. Three sub-detectors can be
seen, from top to bottom: calorimeter (BGO), tracker (STK) and plastic scintillator array (PSD).
Total reconstructed (observed) energy in BGO is indicated. Energy deposits in BGO and PSD are
in units of GeV and MeV respectively.

• Reconstruction of seed direction in BGO calorimeter;95

• Track reconstruction in STK using the BGO seed direction;96

• Projection of STK track onto PSD, calculation of path length therein;97

• Measurement of absolute particle charge (Z) in PSD using the STK track projection.98

Normally, additional selection criterion is applied requiring consistency between signals99

in different PSD bars along the path of the particle to ensure the correct absolute charge100

identification, which could be otherwise altered by inelastic interaction or fragmentation of101

cosmic ray inside PSD [3, 4]. The particle track finding starts with the reconstruction of102

shower direction in BGO, which is obtained from the fit of the energy-weighted “cluster”103

positions in different calorimeter layers [1]. Somewhat similar approach is reported in other104

calorimetric experiments to date, including FERMI [29], CALET [33] and CREAM [32].105
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Charge identification in PSD — track used as a pointer: 
• Tolerant to track mis-identification 
• However, p and He peaks “washed out” at high energies! 

PSD charge STK charge 

Energy: 50 — 100 TeV

Energy: 0.5 PeV  — 1 PeV

13

Still OK...

Not sustainable for 
reliable analysis

We need a new algorithm to reconstruct particle track with ultimately better precision! (regression type of problem)

Challenge: CR reconstruction at > 100 TeV

Example of > TeV cosmic ray in DAMPE



14Challenge: CR electron/proton discrimination 

Protons are 104—105 times more than electrons at > TeV energies. While electromagnetic showers are prominently different from hadronic 
ones, at such high rates one can get proton showers that look exactly like electrons (for example due to >90% pi0 content). As we move to 
higher energies, our e/p discrimination methods have to "look" for more-and-more subtle details that tell electron from proton

Typical electron 
interaction in DAMPE

Typical proton 
interaction in DAMPE

We need very powerful e/p separation technique!  
(classification type of the problem)!



15Challenge: CR electron/proton discrimination 

Arguably, we are on a brink of detection of the first CR 
accelerator directly in CR spectra: electrons at > 10 TeV

First direct detection 
of TeV break

Nature 552, 63–66 (2017)

DAMPE (2017)

CALET (2023)

PRL 131, 191001 (2023)

Challenge!

We need very powerful e/p separation technique!  
(classification type of the problem)!

?

Evidence of local 
CR accelerator?



Part II:   AI applications for Cosmic                                            
              Ray Detection in Space
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Artificial Intelligence 
Human Intelligence 
Exhibited by Machines

Machine Learning 
An Approach to Achieve 
Artificial Intelligence

Deep Learning 
A Technique for 
Implementing Machine 
Learning

We focus mostly on deep learning 
applications in this talk

17AI terminology 17



A. Tykhonov

• Powerful technique for classification                
(and in certain case regression)  

• Well-known/studied since pre-LHC era 
• Commonly used in space experiments           

(AMS-02, CALET, DAMPE ) 

Classical use case:  combination of correlated high-level 
variables each having some classification power (number 
of hits in the detector, energy-per-layer etc.)

pe

e

p

Adriani et al. (CALET 
Collaboration) PRL 131, 
191001(2023)

18Boosted Decision Trees (BDTs)  [... not deep learning]



19Boosted Decision Trees (BDTs)  [... not deep learning]

• We all saw this canonical image, but 
what is BDT and how it is trained?



20Boosted Decision Trees (BDTs)  [... not deep learning]

       E_TOT            phi             theta           X_max                       particle         
       [7.75681502e+01, 1.53397721e+00, 1.44904093e-01, 4.88372628e-01]             [0] 
       [9.44332801e+01, 4.99172621e-01, 1.01597742e+00, 4.05432853e-01]             [0]              
       [8.07924576e+01, 1.09393488e+00, 1.70475418e+00, 8.92284561e-02]             [1] 
       [9.07662861e+01, 2.94882994e-01, 1.43258714e+00, 6.00182604e-01]             [0] 
       [2.56174396e+01, 1.60203322e-01, 2.53668119e+00, 9.24928506e-02]             [0] 
       [5.11821004e+01, 1.55394742e+00, 1.68910805e+00, 4.05057996e-01]             [0] 
       [5.52805087e+01, 1.49059293e+00, 9.15734664e-01, 2.89532404e-01]             [1] 
       ...                                                                          ... 
       ...                                                                          ... 
       ...                                                                          ... 
       [6.02792632e+00, 3.36060004e-01, 1.13356232e+00, 2.46623555e-01]             [1] 
       [9.32034716e+01, 1.38081000e+00, 5.86855693e+00, 6.46444145e-01]             [0] 
       [1.95756751e+01, 7.29298459e-01, 3.65878315e+00, 3.08917693e-01]             [0]

Let's take an example of DAMPE detector: 
• Say, we have one million simulate particle interaction in DAMPE, denoted as 0 for proton, 1 for electron. 
• Each interaction is characterized, say, by 4 features (ΕTOT, φ, θ, XMAX) (it is very ovesimplified)Tykhonov Part B2 PeVSPACE

PSD: double layer 
of scintillating strip 
detector acting as 
ACD 

STK: 6 tracking double layer 
+ 3 mm tungsten plates. 

Used for particle track and 
photon conversion 

BGO: the calorimeter  made of 308 BGO 
bars in hodoscopic arrangement (~31 
radiation length). Performs both energy 
measurements and trigger 

NUD: it’s complementary to the BGO by 
measuring the thermal neutron shower 

activity. Made up of boron-doped plastic 
scintillator 

 γ 

The	detector	

C
R

 

G.	Ambrosi	

PSD

NUDBGO

STK

LYSO  
calorimeter

Tracker-Converter  

Tracker 

Figure 1: Schematic view of DAMPE (left) and HERD (right) detectors.

The present proposal can be logically grouped in work packages:

1. Particle track pattern recognition and reconstruction using machine learning (ML) techniques.

2. Electron/proton (e/p) discrimination using the Deep-Neural-Net (DNN) or a similar approach.

3. Tuning of hadronic MC models with DAMPE data.

4. Applying the developed techniques to the DAMPE data analysis and HERD performance assessment.

Below in this section the DAMPE and HERD missions are briefly introduced. Then the current status of
the field is described in detail, in the connection with the outlined work packages of the proposal. The section
is concluded with the list of objectives and the deliverables associated to these objectives.

The DAMPE (DArk Matter Particle Explorer) detector was developed by an international collaboration
formed by Chinese, Swiss and Italian institutes [12]. It was successfully launched in space in December 2015
and operates smoothly since then. The group of University of Geneva (hereafter UniGe), of which I am a
leading member, has proposed and developed the Silicon–Tungsten tracKer–converter (STK) sub-detector of
DAMPE [13]. I am personally responsible for tracking software, CR data analysis and MC simulations. With a
relatively large acceptance, DAMPE features a deep highly-granular calorimeter of about 31 radiation lengths.
It provides a unique opportunity to probe CRE and gamma-rays between few GeV and 10 TeV with an un-
precedented energy resolution of about 1% (above 100 GeV) and CR proton/nuclei in the kinetic energy range
between 10 GeV and 100 TeV with the best available energy resolution (around 20% at 1 TeV). There are in
total four sub-detectors in DAMPE, as shown in Figure 1 left, from top to bottom:

• Plastic Scintillator Detector (PSD) for charge identification and for providing veto signal for the photon
discrimination.

• Silicon–Tungsten tracKer–converter (STK) for gamma-ray direction identification and for CR trajectory
and charge reconstruction and identification.

• BGO calorimeter for precise energy measurement and e/p discrimination;

• Neutron Detector (NUD) for improving the e/p discrimination.

HERD is the next generation spaceborne instrument with a thicker calorimeter of about 55 radiation lengths and
one order of magnitude higher acceptance compared to DAMPE. UniGe group is one of the leading contributors
to the HERD R&D program. In the core of HERD design is the 3D imaging LYSO calorimeter, consisting of
almost 10k cubic crystals of 3 cm3 each, as shown in Figure 1 right. The tracker detectors will be installed
on five out of six sides of HERD. This unique 3D arrangement allows to detect particles coming from five
directions, while in conventional detectors only one direction (from the top) is admitted.

Tracker sub-detectors of DAMPE and HERD include thin tungsten layers to enhance photon conversions
into electron-positron pairs. Therefore, CR and gamma-rays at high energies tend to pre-shower before the
calorimeter, creating a large hit multiplicity in the tracker. Moreover, the back-splash of secondary particles
from calorimeter severely deteriorates the picture, creating tens of thousands noise hits, as illustrated in Fig-
ure 2. As can be seen from the figure, only a small fraction of events have clean topology in the tracker.
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21Boosted Decision Trees (BDTs)  [... not deep learning]

       E_TOT            phi             theta           X_max                       particle         
       [7.75681502e+01, 1.53397721e+00, 1.44904093e-01, 4.88372628e-01]             [0] 
       [9.44332801e+01, 4.99172621e-01, 1.01597742e+00, 4.05432853e-01]             [0]              
       [8.07924576e+01, 1.09393488e+00, 1.70475418e+00, 8.92284561e-02]             [1] 
       [9.07662861e+01, 2.94882994e-01, 1.43258714e+00, 6.00182604e-01]             [0] 
       [2.56174396e+01, 1.60203322e-01, 2.53668119e+00, 9.24928506e-02]             [0] 
       [5.11821004e+01, 1.55394742e+00, 1.68910805e+00, 4.05057996e-01]             [0] 
       [5.52805087e+01, 1.49059293e+00, 9.15734664e-01, 2.89532404e-01]             [1] 
       ...                                                                          ... 
       ...                                                                          ... 
       ...                                                                          ... 
       [6.02792632e+00, 3.36060004e-01, 1.13356232e+00, 2.46623555e-01]             [1] 
       [9.32034716e+01, 1.38081000e+00, 5.86855693e+00, 6.46444145e-01]             [0] 
       [1.95756751e+01, 7.29298459e-01, 3.65878315e+00, 3.08917693e-01]             [0]

Let's take an example of DAMPE detector: 
• Say, we have one million simulate particle interaction in DAMPE, denoted as 0 for proton, 1 for electron. 
• Each interaction is characterized, say, by 4 features (ΕTOT, φ, θ, XMAX) (it is very ovesimplified)Tykhonov Part B2 PeVSPACE
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Figure 1: Schematic view of DAMPE (left) and HERD (right) detectors.

The present proposal can be logically grouped in work packages:

1. Particle track pattern recognition and reconstruction using machine learning (ML) techniques.

2. Electron/proton (e/p) discrimination using the Deep-Neural-Net (DNN) or a similar approach.

3. Tuning of hadronic MC models with DAMPE data.

4. Applying the developed techniques to the DAMPE data analysis and HERD performance assessment.

Below in this section the DAMPE and HERD missions are briefly introduced. Then the current status of
the field is described in detail, in the connection with the outlined work packages of the proposal. The section
is concluded with the list of objectives and the deliverables associated to these objectives.

The DAMPE (DArk Matter Particle Explorer) detector was developed by an international collaboration
formed by Chinese, Swiss and Italian institutes [12]. It was successfully launched in space in December 2015
and operates smoothly since then. The group of University of Geneva (hereafter UniGe), of which I am a
leading member, has proposed and developed the Silicon–Tungsten tracKer–converter (STK) sub-detector of
DAMPE [13]. I am personally responsible for tracking software, CR data analysis and MC simulations. With a
relatively large acceptance, DAMPE features a deep highly-granular calorimeter of about 31 radiation lengths.
It provides a unique opportunity to probe CRE and gamma-rays between few GeV and 10 TeV with an un-
precedented energy resolution of about 1% (above 100 GeV) and CR proton/nuclei in the kinetic energy range
between 10 GeV and 100 TeV with the best available energy resolution (around 20% at 1 TeV). There are in
total four sub-detectors in DAMPE, as shown in Figure 1 left, from top to bottom:

• Plastic Scintillator Detector (PSD) for charge identification and for providing veto signal for the photon
discrimination.

• Silicon–Tungsten tracKer–converter (STK) for gamma-ray direction identification and for CR trajectory
and charge reconstruction and identification.

• BGO calorimeter for precise energy measurement and e/p discrimination;

• Neutron Detector (NUD) for improving the e/p discrimination.

HERD is the next generation spaceborne instrument with a thicker calorimeter of about 55 radiation lengths and
one order of magnitude higher acceptance compared to DAMPE. UniGe group is one of the leading contributors
to the HERD R&D program. In the core of HERD design is the 3D imaging LYSO calorimeter, consisting of
almost 10k cubic crystals of 3 cm3 each, as shown in Figure 1 right. The tracker detectors will be installed
on five out of six sides of HERD. This unique 3D arrangement allows to detect particles coming from five
directions, while in conventional detectors only one direction (from the top) is admitted.

Tracker sub-detectors of DAMPE and HERD include thin tungsten layers to enhance photon conversions
into electron-positron pairs. Therefore, CR and gamma-rays at high energies tend to pre-shower before the
calorimeter, creating a large hit multiplicity in the tracker. Moreover, the back-splash of secondary particles
from calorimeter severely deteriorates the picture, creating tens of thousands noise hits, as illustrated in Fig-
ure 2. As can be seen from the figure, only a small fraction of events have clean topology in the tracker.
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• Training of the first "tree" (stump):  
➡Look for the best feature (one out of 4) and its corresponding value (1 out of Million) 
➡Set the above as a threshold: if the feature is < threshold - classify event as "0" (in reality it's a continuous number), otherwise "1" 

• Train the second tree to correct for the error of the previous one, by selecting new feature-value pair (threshold) 
• Repeat many times each time creating a new tree, until reaching a desired level of prediction accuracy 

1 Million 
simulated 
particle 
interactions in 
DAMPE



22Boosted Decision Trees (BDTs)  [... not deep learning]

       E_TOT            phi             theta           X_max                       particle         
       [7.75681502e+01, 1.53397721e+00, 1.44904093e-01, 4.88372628e-01]             [0] 
       [9.44332801e+01, 4.99172621e-01, 1.01597742e+00, 4.05432853e-01]             [0]              
       [8.07924576e+01, 1.09393488e+00, 1.70475418e+00, 8.92284561e-02]             [1] 
       [9.07662861e+01, 2.94882994e-01, 1.43258714e+00, 6.00182604e-01]             [0] 
       [2.56174396e+01, 1.60203322e-01, 2.53668119e+00, 9.24928506e-02]             [0] 
       [5.11821004e+01, 1.55394742e+00, 1.68910805e+00, 4.05057996e-01]             [0] 
       [5.52805087e+01, 1.49059293e+00, 9.15734664e-01, 2.89532404e-01]             [1] 
       ...                                                                          ... 
       ...                                                                          ... 
       ...                                                                          ... 
       [6.02792632e+00, 3.36060004e-01, 1.13356232e+00, 2.46623555e-01]             [1] 
       [9.32034716e+01, 1.38081000e+00, 5.86855693e+00, 6.46444145e-01]             [0] 
       [1.95756751e+01, 7.29298459e-01, 3.65878315e+00, 3.08917693e-01]             [0]

1 Million 
simulated 
particle 
interactions in 
DAMPETraining/learning of BDT is a discretized process of looping 

through features and their values, finding the one giving the 
best separation at each step. This is fundamentally different 
from training Neural Networks, where parameters of the model 
are updated continuously through gradient descent method



23Boosted Decision Trees (BDTs)  [... not deep learning]

BDTs are still considered well suitable for many applications: 

• Easier to interpret (e.g. compared to "black-box" Neural Networks) 

• Easier to train (computation-wise) 

• Considered more reliable (e.g. to outliers) 

• Work well with small datasets 

Disadvantages of BDTs 

• Limited performance on high-dimensional unstructured data 

• Prior feature extraction is important 

• Limited architecture flexibility 

• Mostly classification tasks (regression is also possible, however 
BDTs by construction do not predict continues values, but rather a 
"grid" of values defined by the training sample)



We found BDTs quite efficient for identifying particle 
interaction point in the detector:

24BDTs @ DAMPE - particle physics in space!



We found BDTs quite efficient for identifying particle 
interaction point in the detector:

25BDTs @ DAMPE - particle physics in space!

This allowed us to measure proton and helium inelastic cross sections on heavy 
target in the energy regions not probed by accelerators or EAS detectors!

Phys. Rev. D 111, 012002 
(2025); arxiv:2408.17224.



Artificial Neural Networks



27Neural Networks (NNs)

Artificial Neural Networks are inspired by human brain's signal transmission and processing 

In a fully-connected NN, each neuron takes a linear combination of signals in previous layer, adds a bias/offset and apply a non-
linear activation 

"Synapses"
"Neurons"



28Neural Networks (NNs)

x1

x2

x3
y

wights bias

- activation function: 
ReLU, Sigmoid,  etc.



1943: theoretical concept by Warren McCulloch and Walter Pitts: "A Logical Calculus of the Ideas Immanent in Nervous Activity" 
1958: Frank Rosenblatt developed the Perceptron, the first trainable neural network (on IBM 704)





Mid-2010s



Most advanced NNs, e.g. GPT4-turbo ~ (arguably) 1-10 Trillion parameters 
Human brain ~ 100-1000 Trillion synapses

NVidia evlaution as of 2025 ~ 3.5 Trillion USD 
(rivals first place with Microsoft and Apple)



import numpy as np 
import math 

# Create random input and output data 
x = np.linspace(-math.pi, math.pi, 2000) 
y = np.sin(x) 

# Randomly initialize weights (4 numbers) 
a,b,c,d = np.random.randn(4) 

learning_rate = 1e-6 
for t in range(100): 
    # Forward pass: compute predicted y 
    # y = a + b x + c x^2 + d x^3 
    y_pred = a + b * x + c * x ** 2 + d * x ** 3 

    # Compute and print loss 
    loss = np.square(y_pred - y).sum() 
    print(t, loss) 

    # Backprop to compute gradients of a, b, c, d with respect to loss 
    grad_y_pred = 2.0 * (y_pred - y) 
    grad_a = grad_y_pred.sum() 
    grad_b = (grad_y_pred * x).sum() 
    grad_c = (grad_y_pred * x ** 2).sum() 
    grad_d = (grad_y_pred * x ** 3).sum() 

    # Update weights 
    a -= learning_rate * grad_a 
    b -= learning_rate * grad_b 
    c -= learning_rate * grad_c 
    d -= learning_rate * grad_d 

Code from: https://docs.pytorch.org/tutorials/beginner/pytorch_with_examples.html

NNs: do-it-yourself (no Tensorflow, no PyTorch)

x

x2

x3

y_pred
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One-neuron NN

https://docs.pytorch.org/tutorials/beginner/pytorch_with_examples.html


import numpy as np 
import math 

# Create random input and output data 
x = np.linspace(-math.pi, math.pi, 2000) 
y = np.sin(x) 

# Randomly initialize weights (4 numbers) 
a,b,c,d = np.random.randn(4) 

learning_rate = 1e-6 
for t in range(100): 
    # Forward pass: compute predicted y 
    # y = a + b x + c x^2 + d x^3 
    y_pred = a + b * x + c * x ** 2 + d * x ** 3 

    # Compute and print loss 
    loss = np.square(y_pred - y).sum() 
    print(t, loss) 

    # Backprop to compute gradients of 
    grad_y_pred = 2.0 * (y_pred - y) 
    grad_a = grad_y_pred.sum() 
    grad_b = (grad_y_pred * x).sum() 
    grad_c = (grad_y_pred * x ** 2).sum() 
    grad_d = (grad_y_pred * x ** 3).sum() 

    # Update weights 
    a -= learning_rate * grad_a 
    b -= learning_rate * grad_b 
    c -= learning_rate * grad_c 
    d -= learning_rate * grad_d 

NNs: do-it-yourself (no Tensorflow, no PyTorch)

x

x2

x3

y_pred

Training/learning of NN done through gradient descent: 
iteratively compute gradients of loss function and update 
parameters (weights, biases) of neurons...  

34

One-neuron NN



NN application in DAMPE
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x4  better proton background 
rejection at > 10 TeV 
compared to classical 
methods!

Standard method (shower-shape):

Shower spread (mm)

En
er

gy
 fr

ac
tio

n 
in

 la
st

 B
GO

 la
ye

r

Neural Network classifier:
BGO energy (GeV)

Residual proton background (lower is better)

Ba
ck

gr
ou

nd
 

(a
rb

itr
ar

y u
ni

ts
)

Particle identification (classification): e / p

Droz et al. JINST 16 P07036 (2021)
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Figure 4. Convolutional neural network for the particle direction prediction in the BGO calorime-
ter. The output of the convolution layers is a set of 100 variables augmented with two additional
variables: the total deposited energy and maximum-bar energy (both in units of TeV). It is fol-
lowed by a fully-connected layer of 50 neurons, in turn, fully connected to the 4 output variables.
Activation in all layers is done with the Rectified Linear Unit (ReLU) function, except for the last
layer where the activation is linear. An additional fully-connected layer of 4 outputs with linear
activation is added to perform the data/MC correction (alignment).

precision and found no significant difference in the network performance. The output of
the network, x̂, is a vector of 4 variables, which correspond to particle coordinates (x and
y) in the first plane and the last plane of the STK. The choice of the output variables is
motivated by the fact that the BGO direction prediction serves as a first approximation
for the particle trajectory finding in the tracker. As a target for training we use the mean
squared error:

L(x̂, x̂tru) =
1

4N

NX

i=1

(x̂� x̂tru)
2,

where x̂tru is the corresponding vector of true particle coordinates in the first and the last
planes of the STK and N is the number of events in the batch.

The training of the network has been done with MC data consisting of simulated proton,
helium, and electron particles passing through the DAMPE detector. The CNNs were
trained separately for the low-, middle- and high-energy ranges, corresponding to particle
kinetic energy between 10 GeV and 10 TeV, between 1 TeV and 1 PeV, and between 10 TeV
and 1 PeV, respectively. This yields a better accuracy compared to the case when a single
model is trained on the entire energy range. We intentionally choose highly overlapping
energy intervals for the three models in order to facilitate smooth transitions between the
models. The output accuracy of the low- and middle-energy range models overlap in the
region in which the deposited energy is about a few hundreds of GeV, while the accuracy
of middle- and high-energy models overlap in the region of few tens of TeV. Hence, the
transition thresholds were chosen at 300 GeV and 20 TeV, respectively5. The fact that the
multiple energy range training shows a better performance compared to a single energy
range model is due to few factors. Firstly, at energies below ⇠100 GeV, considerably fewer

5
Depending on the value of deposited energy, one of the 3 models is used for the inference.
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Figure1.Typicaldisplaysofsimulatedcosmic-rayprotonsinDAMPE.Theprotonkineticenergy
is3.8TeV(top)and179TeV(bottom),respectively.Botheventsareshownintwoorthogonal
viewsofthedetector(correspondingtotheleftandrightsubfigures).Threesubdetectorscanbe
seen,fromtoptobottom:thesearethecalorimeter(BGO),tracker(STK),andplasticscintillator
detector(PSD).Hitsinthetrackerareshownwithblackstars.Trackcandidatesreconstructedwith
thestandardalgorithm[6,37]areshownwithgraylines.Thetotaldeposited(observed)energyin
BGOisindicatedontopofthefigure.

thetrackisidentified,itisprojectedontothePSDsubdetector,whichcanprovidethe
absolutechargemeasurementwithhighresolutioninabroaddynamicrange,uptonickel
(Z=28)[46,47].Moreover,itisworthmentioningthatthewidthofaPSDbaris2.8cm,
whichismuchhigherthanthepointingresolutionoftheSTK,50–100µm[6].Hence,the
PSDmeasurementisnotsovulnerabletopotentialerrorsintheSTKtrackidentification.
Inotherwords,giventhattheselectedSTKtrackcandidateisrelativelyclosetothereal
trajectoryoftheparticle,evenifitiswronglyidentified,thePSDmeasurementislikely
correct.Withtheargumentationabove,thePSDrightfullyservesasamajortoolforab-
solutechargeidentificationinDAMPE.However,theadvantageofarelativelylargePSD
barsizeturnsintoaweaknessathighenergies,especiallyinthecontextofprotonandlight
ionidentification,asdescribedbelow.

Figure2demonstratestheultimatechargeidentificationcapacityofPSDandSTKwith
respecttoprotonsandheliumnuclei,indifferentenergybins,upto1PeV.Thedistributions
areobtainedfromsimulation,usingthetrueparticledirection.Inaddition,aselectionis

–5–

Convolutional Neural Networks (CNNs) have proven to be 
extremely efficient for this kind of tasks:

~ 60 cm

We start with the analysis 
of calorimeter data to get a 
first “rough” prediction of 
particle trajectory:
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We use combined calorimeter image (two projections merged in one image) which are 
processed by a CNN to predict a particle direction (2 variables — intercept and slope per 
projection — 4 output variables in total)

Regression: reconstructing particle trajectory 37
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Figure1.Typicaldisplaysofsimulatedcosmic-rayprotonsinDAMPE.Theprotonkineticenergy
is3.8TeV(top)and179TeV(bottom),respectively.Botheventsareshownintwoorthogonal
viewsofthedetector(correspondingtotheleftandrightsubfigures).Threesubdetectorscanbe
seen,fromtoptobottom:thesearethecalorimeter(BGO),tracker(STK),andplasticscintillator
detector(PSD).Hitsinthetrackerareshownwithblackstars.Trackcandidatesreconstructedwith
thestandardalgorithm[6,37]areshownwithgraylines.Thetotaldeposited(observed)energyin
BGOisindicatedontopofthefigure.

thetrackisidentified,itisprojectedontothePSDsubdetector,whichcanprovidethe
absolutechargemeasurementwithhighresolutioninabroaddynamicrange,uptonickel
(Z=28)[46,47].Moreover,itisworthmentioningthatthewidthofaPSDbaris2.8cm,
whichismuchhigherthanthepointingresolutionoftheSTK,50–100µm[6].Hence,the
PSDmeasurementisnotsovulnerabletopotentialerrorsintheSTKtrackidentification.
Inotherwords,giventhattheselectedSTKtrackcandidateisrelativelyclosetothereal
trajectoryoftheparticle,evenifitiswronglyidentified,thePSDmeasurementislikely
correct.Withtheargumentationabove,thePSDrightfullyservesasamajortoolforab-
solutechargeidentificationinDAMPE.However,theadvantageofarelativelylargePSD
barsizeturnsintoaweaknessathighenergies,especiallyinthecontextofprotonandlight
ionidentification,asdescribedbelow.

Figure2demonstratestheultimatechargeidentificationcapacityofPSDandSTKwith
respecttoprotonsandheliumnuclei,indifferentenergybins,upto1PeV.Thedistributions
areobtainedfromsimulation,usingthetrueparticledirection.Inaddition,aselectionis

–5–

~ 60 cm

The calorimeter-based CNN  
prediction particle trajectory 
with a millimeter precision
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CNN prediction based 
on Calorimeter data 

Next step is to analyze tracker data, given the few 
millimeters “region-of-interest” provided by the previous CNN
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Figure 9. Hough image of a typical Helium event and the architecture of the tracker convolu-
tional neural network. Big (black) and small (red) circles represent the true and the reconstructed
trajectory of a primary particle, respectively. Similar to the calorimeter CNNs model, the ReLU
activation function is used in all layers except for the last one, which has a linear activation. The
400⇥400 dimension is determined by the chosen RoI size and pixel resolution.

In particular, the raw tracker image does not necessarily show a pre-shower profile corre-
lated with the primary particle direction. The true particle track may be hidden among
secondary-particle hits with higher signals. In fact, we have also tried to develop a CNNs
model which uses raw STK images but no satisfying solution was found11. Another possible
alternative could potentially lie in the Graph Neural Networks domain [82], which we do not
cover in this paper. We opt for the Hough transform as a simple but powerful enough way of
structuring topologically the hits. As we will show later in the paper, the Hough transform
combined with the CNNs allows to achieve an excellent particle trajectory reconstruction
in DAMPE.

Similar to the calorimeter network, 8-bit precision is used to store information in each
pixel. Two tracker projections are mapped on separate images. Moreover, each projection
is split further into two images, consisting of hits with STK signal (charge) either below
or above a threshold Zthr, respectively12. In other words, for each projection, there is one
image with the STK hits more likely corresponding to protons and the other one with the
hits which potentially correspond to helium or heavier ions. In this way we partially encode
the STK signal information into the image. As a result, the input image has a dimension
400⇥400⇥4. The internal STK alignment is applied to correct for the hit positions in the

11
The raw-image CNNs in turn prove to be useful for a classification type problem, as will be shown in

Section 6.
12

The performance of the algorithm is not sensitive to the exact choice of the Zthr value. We have tested

values in the range from 1 to 2, found no significant difference, and chosen Zthr =
p
2. At the same time

the algorithm performance is better than in the case of no splitting.
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Before applying an ML algorithm to the tracker data, we convert tracker 
signals (points on the left image into lines using the Hough transformation!)

Regression: reconstructing particle trajectory 38

This point represents the 
truth cosmic ray trajectory

This is a CNN 
prediction



Image credit: scalar topics Image credit: scalar topics 

Hough transform: every point (left image) converted into a line in the parameter space of a line questions (y = ax + b)

a

 b

On the Hough transform (not necessarily used with CNNs) 39
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Figure 9. Hough image of a typical Helium event and the architecture of the tracker convolu-
tional neural network. Big (black) and small (red) circles represent the true and the reconstructed
trajectory of a primary particle, respectively. Similar to the calorimeter CNNs model, the ReLU
activation function is used in all layers except for the last one, which has a linear activation. The
400⇥400 dimension is determined by the chosen RoI size and pixel resolution.

In particular, the raw tracker image does not necessarily show a pre-shower profile corre-
lated with the primary particle direction. The true particle track may be hidden among
secondary-particle hits with higher signals. In fact, we have also tried to develop a CNNs
model which uses raw STK images but no satisfying solution was found11. Another possible
alternative could potentially lie in the Graph Neural Networks domain [82], which we do not
cover in this paper. We opt for the Hough transform as a simple but powerful enough way of
structuring topologically the hits. As we will show later in the paper, the Hough transform
combined with the CNNs allows to achieve an excellent particle trajectory reconstruction
in DAMPE.

Similar to the calorimeter network, 8-bit precision is used to store information in each
pixel. Two tracker projections are mapped on separate images. Moreover, each projection
is split further into two images, consisting of hits with STK signal (charge) either below
or above a threshold Zthr, respectively12. In other words, for each projection, there is one
image with the STK hits more likely corresponding to protons and the other one with the
hits which potentially correspond to helium or heavier ions. In this way we partially encode
the STK signal information into the image. As a result, the input image has a dimension
400⇥400⇥4. The internal STK alignment is applied to correct for the hit positions in the

11
The raw-image CNNs in turn prove to be useful for a classification type problem, as will be shown in

Section 6.
12

The performance of the algorithm is not sensitive to the exact choice of the Zthr value. We have tested

values in the range from 1 to 2, found no significant difference, and chosen Zthr =
p
2. At the same time

the algorithm performance is better than in the case of no splitting.

– 17 –

From the Region-of-Interest inferred by a calorimeter CNN, we create a Hough image (two images in two 
projections, we also artificially divide signals into two groups “low” and “high” - resulting in 4 images total) 

The tracker-based neural network infers particle position with 100 micron precision!

CNNs & Hough-transformed images 41
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Figure 3. Absolute charge of particles with different kinetic energies measured with STK for
MC events, obtained using the STK track. Track reconstruction is done with the conventional
DAMPE algorithm [37]. The candidate track is selected using either the ideal identification (left)
or the standard identification (right) method [13]. All distributions are normalized to unity.
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Figure 2. Absolute charge of particles with different kinetic energies measured with PSD (left)
and STK (right) for MC events, obtained using the true particle direction. All distributions are
normalized to unity.
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Figure1.Typicaldisplaysofsimulatedcosmic-rayprotonsinDAMPE.Theprotonkineticenergy
is3.8TeV(top)and179TeV(bottom),respectively.Botheventsareshownintwoorthogonal
viewsofthedetector(correspondingtotheleftandrightsubfigures).Threesubdetectorscanbe
seen,fromtoptobottom:thesearethecalorimeter(BGO),tracker(STK),andplasticscintillator
detector(PSD).Hitsinthetrackerareshownwithblackstars.Trackcandidatesreconstructedwith
thestandardalgorithm[6,37]areshownwithgraylines.Thetotaldeposited(observed)energyin
BGOisindicatedontopofthefigure.

thetrackisidentified,itisprojectedontothePSDsubdetector,whichcanprovidethe
absolutechargemeasurementwithhighresolutioninabroaddynamicrange,uptonickel
(Z=28)[46,47].Moreover,itisworthmentioningthatthewidthofaPSDbaris2.8cm,
whichismuchhigherthanthepointingresolutionoftheSTK,50–100µm[6].Hence,the
PSDmeasurementisnotsovulnerabletopotentialerrorsintheSTKtrackidentification.
Inotherwords,giventhattheselectedSTKtrackcandidateisrelativelyclosetothereal
trajectoryoftheparticle,evenifitiswronglyidentified,thePSDmeasurementislikely
correct.Withtheargumentationabove,thePSDrightfullyservesasamajortoolforab-
solutechargeidentificationinDAMPE.However,theadvantageofarelativelylargePSD
barsizeturnsintoaweaknessathighenergies,especiallyinthecontextofprotonandlight
ionidentification,asdescribedbelow.

Figure2demonstratestheultimatechargeidentificationcapacityofPSDandSTKwith
respecttoprotonsandheliumnuclei,indifferentenergybins,upto1PeV.Thedistributions
areobtainedfromsimulation,usingthetrueparticledirection.Inaddition,aselectionis
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Comparison of Cosmic Ray signal (charge) obtained by analyzing the synthetic 
DAMPE data with two different algorithms, classical (Kalman) and ML (CNNs):

Finally we are able to identify 
a Cosmic Ray “needle” in         
a “haystack" of noise!                      

CNNs & Hough-transformed images 42



Enables the most precise extension of the DAMPE 
proton flux measurement beyond 100 TeV!
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Power of CNNs 43

Why this is important/exciting for physics?

Before:

Now:
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Our calorimeter CNN model achives ~6 times 
better PSF compared to classical methods! 
(Key implications for gamma-ray detection)

Why this is important/exciting for physics?

Classical

CNN

Power of CNNs



A. Tykhonov AI for cosmic ray detection in space at high-energy frontier

Recovered 
signal

PROBLEM: Lost signal: happens at very high energies (> 100 TeV) due to the detector saturation 
➡ Up to 50% of information lost in such events... 

SOLUTION: We employ CNNs to recover the missing “pixels” using the image of the calorimeter 
➡ recovered profiting of the information of surrounding pixels

45

Important instrumentation implications ...

Power of CNNs
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A. Tykhonov AI for cosmic ray detection in space at high-energy frontier

CNNs as a “working horse” of ML in DAMPE (also used in classification tasks) 
• Gamma ray astronomy is part of DAMPE science 
• Digging out gamma rays from overwhelming proton background is a challenge 
• We use similar CNN architecture based on calorimeter images as an input for gamma-ray VS proton classification

46Power of CNNs



https://wisdomml.in/category/computer-vision/cv-tutorial/

ResNet is a popular type of CNN architecture where 
the convolutional-processed data is added to the 
original image.  

• The dimension either remains unchanged (Identity 
block) or is reduced (Conv Block).  

• The ResNet allows to train very deep networks 
avoiding the vanishing gradient problem.  

• The ResNet model represents a stack of repeating 
Conv and Identity blocks (e.g. 50 blocks)

ConvBlock Identity Block

ResNet — a modern CNN architecture 

47

47ResNet - a deep CNN
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FIG. 4. Top: an example image from the training set in which
two protons, one electron, and one muon are produced. The
gaps along the trajectory of an electron and proton on the left
are due to unresponsive wires [6] in the detector. Bottom: the
event from the top image that shows PL weighting categories
indicated in di↵erent colors.

V. DATA SAMPLES FOR TRAINING AND
VALIDATION

A. Training Sample Preparation

We prepare training samples using a custom event gen-
erator called MultiPartVertex (MPV), available in
the MicroBooNE software repository, uboonecode [16].
MPV can be configured to randomly generate a single 3D
point in a detector with the emission of multiple charged
particles. Any random process employed by MPV is a
uniform distribution within the specified range in the
configuration. The multiplicity and type of particles to
be generated are configurable parameters as outlined be-
low. Restrictions and ranges for the generation are pre-
sented in the following two paragraphs.

For 80% of the sample, the MPV is configured to gen-
erate events with a random total particle multiplicity be-
tween one and four. One of the generated particles must
be a light lepton (e� or µ�) with kinetic energy rang-
ing from 50 to 1000 MeV. The direction of each particle
is chosen from an isotropic distribution. For the other
generated particles, the MPV is configured to randomly
assign their types to a photon, charged pion, proton, or

FIG. 5. (a) The training loss value as a function of train-
ing time using the validation sample. The red line shows the
average at a given Epoch computed using 200 the neighbor-
ing Epoch points. (b) Incorrectly Classified Pixel Fraction
(ICPF) for the same sample. The sudden drop in both fig-
ures at Epoch 14 is due to lowering of the learning rate by a
factor of 10.

another lepton (e� or µ�). We also set the maximum
multiplicity for leptons and protons to be three and pho-
tons and charged pions to be two. There is no strong
motivation for this configuration. In fact we demonstrate
later in this paper that the network works well on neu-
trino candidate events with a shower particle from real
detector data with multiplicity five.

The remaining 20% of images are generated with a
di↵erent configuration. The total multiplicity is set ran-
domly between one and four particles but there is no
restriction to include at least one light lepton. Instead,
particle types are set randomly between showers (e� and
photon) and tracks (µ�, charged pion, and proton). For
each particle type, the maximum multiplicity is set to
two. The ranges for the randomly assigned momentum
are specified as 30 to 100 MeV/c for e� and photon, 85
to 175 MeV/c for µ�, 95 to 195 MeV/c for charged pion,
and 300 to 450 MeV/c for proton. The distribution of
particle directions is isotropic. This 20% fraction is cho-
sen to have a particular focus on the low energy region
where classification of particle types becomes di�cult.
The motivation for this is to enhance the networks per-

Pixel-level particle identification 
in MicroBooNE Liquid Argon 
Time Projection Chamber

PhysRevD.99.092001, 
arXiv.1808.07269

3

Figure 1. The five columns on the left represent photometric bands from SDSS. Simulated galaxy clusters are shown in the first
row along with random SDSS noise in the second row. The combination of the two is shown in the third row, and a real WHL12
cluster is shown in the final row for comparison. In the rightmost column, we give an example of a cluster being o↵-centered by
illustrating the process on the simulated r-band.

Simulated cluster images are then generated using
the Python package PyMGal1, which calculates magni-
tudes using techniques from EzGal (Mancone & Gonza-
lez 2012) and then projects them to create mock obser-
vations. When using the software, we assume the simple
stellar population model described in Bruzual & Charlot
(2003) with a Chabrier initial mass function (Chabrier
2003), and we select the Gaussian smoothing length of
a given particle to be the distance to its 30th nearest
neighbor.
For each snapshot, 10 random projection angles are

chosen, giving 40 di↵erent projections for each of the
324 clusters. This makes for a total of 12960 projec-
tions. For each one, we generate images in all five of the
SDSS bands. These bands are ultraviolet (u), green, (g),
red (r), near-infrared (i), and infrared (z). Each projec-
tion is thus made up of a 5-channel 256x256 image. We
select the side lengths to represent a physical distance
of roughly 1.33 Mpc. A sample can be found in the first
row in Figure 1.

2.2. SDSS data

The data obtained from SDSS can be split into two
separate parts: noise images and cluster images.

1 https://pypi.org/project/pymgal/

We begin with the noise. To make the simulated clus-
ters similar in appearance to observed ones, we must
add realism to them. To do this, we superimpose ran-
domly selected images of the sky obtained from SDSS.
Coordinates are chosen randomly from the area of the
Baryon Oscillation Spectroscopic Survey (BOSS) survey
(Alam et al. 2017). We then cut out an image with side
length equal to approximately 1.33 Mpc to match the
scale of simulated images. This side length is calcu-
lated by producing a random redshift between z = 0.15
and z = 0.25. For a given redshift, the length is con-
verted to a physical distance by assuming a cosmology
of H0 = 67.8 and ⌦m,0 = 0.307. The number of unique
noise samples collected is equal to the number of sim-
ulated observations, meaning that no noise sample is
repeated.
Though the mock observations each have a side length

of 256 pixels, this is not necessarily true for SDSS data.
We must therefore resize SDSS images to match the di-
mensions of the simulations. We use the rebinning algo-
rithm described in the RealSim Python package (Bot-
trell et al. 2019), which resizes images to a charge-
coupled device (CCD) angular scale. This method en-
sures that the total flux is conserved and maximizes the
fidelity of the mock observations. Clean simulated im-
ages and SDSS noise are then added together in FITS

Identification of Brightest Cluster 
Galaxies in Large Surveys

arXiv:2502.00104

48ResNet - a deep CNN



A brief look at the near future of space 
missions (HERD): deep learning case 



3D calorimeter of 55X0 (3Λ) + 5-side tracker  
• CR electrons up to 100 TeV

• CR p/ions up to PeVs

• x 10 acceptance compared to DAMPE


 → hundreds of PeV cosmic rays / yearNew features

• Minor fixes and improvements to 
the event display (#206)

Simulation of a particle in 
HERD-like setup

top viewside view
Launch around ~2028

HERD (High Energy cosmic Radiation Detector) 50
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One order of magnitude higher complexity of the detector (compared to DAMPE) — ideal 
“playground” for deep learning ...

Yang et al. NIM A 1066 
(2024) 169571

HERD - the first 3D calorimeter in space 51
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100 GeV 
electron in 
HERD

Yang et al. NIM A 1066 (2024) 169571

3D CNN for HERD

Unlike DAMPE, HERD features is a fully 3D calorimeter  
• Inspired by the DAMPE example, a 3D CNN developed 
• CNN shows twice better PSF at 100 GeV compared to classical methods  
•  ... surprisingly less prominent improvement compared to DAMPE case)

52
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Beyond CNNs  
(Transformers, GNNs, Normalizing flows) ... 



Mach. Learn.: Sci. Technol. 5 (2024) 045008 R K Hashmani et al

Figure 10. (a) The architecture of our CvT model, showing the hierarchical multi-stage structure facilitated by the convolutional
token embedding layer. (b) Details of the convolutional transformer block, which contains the convolution projection as the first
layer.

4.1. Physics-based feature engineering
We developed a physics-based feature engineering method, shown in figure 11, with the original goal of
making our CvT more efficient on smaller training sets by focusing only on the most important pixels in an
ECAL image and adding additional depth information provided by the Tracker. This feature engineering uses
the Tracker’s projected line of the particle’s shower through the ECAL to provide an independent estimation
of the shower direction. Each pixel along the projection, along with the 20 surrounding pixels, is extracted
and made into another dataset of dimensions 1× 18× 21. A second channel containing the actual depth
crossed by the particle was also added. This was done by dividing the vertical distance of the z layers by cosθ
to get the diagonal, true distance. Thus, the final dimension of the new feature engineered dataset is
2× 18× 21. When using this in conjunction with the CvT, we label the model as Phys+CvT.

With all relevant models and variations being introduced, each model’s total number of trainable
parameters can be seen in table 2.

4.2. Shared configurations
Certain hyperparameters were shared between all the DL models for fairness. These can be seen in table 3.
The loss function chosen was a weighted binary cross entropy (BCE) with Logits, where weighing was done
to counteract the imbalance between electrons and protons statistics and Logits means the output of the BCE
is passed through a sigmoid function:

Sigmoid(x) =
1

1+ exp(−x)
. (6)

The BCE loss itself takes the form:

ℓ=mean(L) , (7)

L= {l1, · · · , lN}T , ln =−wn [yn · logpn +(1− yn) · log(1− pn)] (8)

where w is the weight, y is the ground truth label, p is the model prediction, and N is the batch size.
For each model, we searched for the optimal learning rate using grid search on a log-scale and 1.0× 10−4

was found to be the best for all models.
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Figure 10. (a) The architecture of our CvT model, showing the hierarchical multi-stage structure facilitated by the convolutional
token embedding layer. (b) Details of the convolutional transformer block, which contains the convolution projection as the first
layer.
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making our CvT more efficient on smaller training sets by focusing only on the most important pixels in an
ECAL image and adding additional depth information provided by the Tracker. This feature engineering uses
the Tracker’s projected line of the particle’s shower through the ECAL to provide an independent estimation
of the shower direction. Each pixel along the projection, along with the 20 surrounding pixels, is extracted
and made into another dataset of dimensions 1× 18× 21. A second channel containing the actual depth
crossed by the particle was also added. This was done by dividing the vertical distance of the z layers by cosθ
to get the diagonal, true distance. Thus, the final dimension of the new feature engineered dataset is
2× 18× 21. When using this in conjunction with the CvT, we label the model as Phys+CvT.

With all relevant models and variations being introduced, each model’s total number of trainable
parameters can be seen in table 2.

4.2. Shared configurations
Certain hyperparameters were shared between all the DL models for fairness. These can be seen in table 3.
The loss function chosen was a weighted binary cross entropy (BCE) with Logits, where weighing was done
to counteract the imbalance between electrons and protons statistics and Logits means the output of the BCE
is passed through a sigmoid function:

Sigmoid(x) =
1

1+ exp(−x)
. (6)

The BCE loss itself takes the form:

ℓ=mean(L) , (7)

L= {l1, · · · , lN}T , ln =−wn [yn · logpn +(1− yn) · log(1− pn)] (8)

where w is the weight, y is the ground truth label, p is the model prediction, and N is the batch size.
For each model, we searched for the optimal learning rate using grid search on a log-scale and 1.0× 10−4

was found to be the best for all models.
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Image of particle 
shower in AMS-02 
calorimeter is taken as 
an input (similar to 
DAMPE and HERD 
cases)

• Astro-particle community is also exploring modern deep learning methods 
• AI enthusiasts at AMS claim that Transformers outperform CNNs (including 

ResNet) by about one order of magnitude and generalize better when trained 
/ applied across different energies (still to be confirmed with real data)

Validation of ML models with real 
data is probably the most 
challenging part of applying AI in 
space astroparticle physics!

Transformers @ AMS 54
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• Not always the data can be represented in a grid-like form compatible with image (hence CNNs) 
• A more generic/universal representation of data is graph - anything can be presented as a graph

H H

O

The brown
dog jumped. The

brown dog

jumped

(a) (b)

(c) (d)

(e) (f)

Molecule Mass-Spring System

n-body System Rigid Body System

Sentence and Parse Tree Image and Fully-Connected Scene Graph

Figure 2: Di↵erent graph representations. (a) A molecule, in which each atom is represented as a
node and edges correspond to bonds (e.g. Duvenaud et al., 2015). (b) A mass-spring system, in
which the rope is defined by a sequence of masses which are represented as nodes in the graph (e.g.
Battaglia et al., 2016; Chang et al., 2017). (c) A n-body system, in which the bodies are nodes and
the underlying graph is fully connected (e.g. Battaglia et al., 2016; Chang et al., 2017). (d) A rigid
body system, in which the balls and walls are nodes, and the underlying graph defines interactions
between the balls and between the balls and the walls (e.g. Battaglia et al., 2016; Chang et al., 2017).
(e) A sentence, in which the words correspond to leaves in a tree, and the other nodes and edges
could be provided by a parser (e.g. Socher et al., 2013). Alternately, a fully connected graph could
be used (e.g. Vaswani et al., 2017). (f) An image, which can be decomposed into image patches
corresponding to nodes in a fully connected graph (e.g. Santoro et al., 2017; Wang et al., 2018c).

of mass of a solar system comprised of n planets, whose attributes (e.g., mass, position, velocity,
etc.) are denoted by {x1,x2, . . . ,xn}. For such a computation, the order in which we consider the
planets does not matter because the state can be described solely in terms of aggregated, averaged
quantities. However, if we were to use a MLP for this task, having learned the prediction for a
particular input (x1,x2, . . . ,xn) would not necessarily transfer to making a prediction for the same
inputs under a di↵erent ordering (xn,x1, . . . ,x2). Since there are n! such possible permutations, in
the worst case, the MLP could consider each ordering as fundamentally di↵erent, and thus require
an exponential number of input/output training examples to learn an approximating function.
A natural way to handle such combinatorial explosion is to only allow the prediction to depend
on symmetric functions of the inputs’ attributes. This might mean computing shared per-object
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Node 
 V (vector of node features)

Edge (connection) 
 E (vector of edge features)

 u (vector of global graph features)

}



(a) Full GN block

u�,u�
hid

<latexit sha1_base64="W2hu4ghYojV0SmOcBbcdBDITOSo=">AAACDnicbVC7TsMwFHV4lvIKMLJYVBUMqEoQEgwMlVgYi0QfUhtFjuu0Vm0nsh2kKsoXsPArLAwgxMrMxt/gpBlKy5EsHZ9zr+69J4gZVdpxfqyV1bX1jc3KVnV7Z3dv3z447KgokZi0ccQi2QuQIowK0tZUM9KLJUE8YKQbTG5zv/tIpKKReNDTmHgcjQQNKUbaSL5dH3Ckx0GYJtnpOZz7+AWXPB3TYebbNafhFIDLxC1JDZRo+fb3YBjhhBOhMUNK9V0n1l6KpKaYkaw6SBSJEZ6gEekbKhAnykuLczJYN8oQhpE0T2hYqPMdKeJKTXlgKvMd1aKXi/95/USH115KRZxoIvBsUJgwqCOYZwOHVBKs2dQQhCU1u0I8RhJhbRKsmhDcxZOXSeei4ToN9/6y1rwp46iAY3ACzoALrkAT3IEWaAMMnsALeAPv1rP1an1Yn7PSFavsOQJ/YH39AtnQnJg=</latexit><latexit sha1_base64="W2hu4ghYojV0SmOcBbcdBDITOSo=">AAACDnicbVC7TsMwFHV4lvIKMLJYVBUMqEoQEgwMlVgYi0QfUhtFjuu0Vm0nsh2kKsoXsPArLAwgxMrMxt/gpBlKy5EsHZ9zr+69J4gZVdpxfqyV1bX1jc3KVnV7Z3dv3z447KgokZi0ccQi2QuQIowK0tZUM9KLJUE8YKQbTG5zv/tIpKKReNDTmHgcjQQNKUbaSL5dH3Ckx0GYJtnpOZz7+AWXPB3TYebbNafhFIDLxC1JDZRo+fb3YBjhhBOhMUNK9V0n1l6KpKaYkaw6SBSJEZ6gEekbKhAnykuLczJYN8oQhpE0T2hYqPMdKeJKTXlgKvMd1aKXi/95/USH115KRZxoIvBsUJgwqCOYZwOHVBKs2dQQhCU1u0I8RhJhbRKsmhDcxZOXSeei4ToN9/6y1rwp46iAY3ACzoALrkAT3IEWaAMMnsALeAPv1rP1an1Yn7PSFavsOQJ/YH39AtnQnJg=</latexit><latexit sha1_base64="W2hu4ghYojV0SmOcBbcdBDITOSo=">AAACDnicbVC7TsMwFHV4lvIKMLJYVBUMqEoQEgwMlVgYi0QfUhtFjuu0Vm0nsh2kKsoXsPArLAwgxMrMxt/gpBlKy5EsHZ9zr+69J4gZVdpxfqyV1bX1jc3KVnV7Z3dv3z447KgokZi0ccQi2QuQIowK0tZUM9KLJUE8YKQbTG5zv/tIpKKReNDTmHgcjQQNKUbaSL5dH3Ckx0GYJtnpOZz7+AWXPB3TYebbNafhFIDLxC1JDZRo+fb3YBjhhBOhMUNK9V0n1l6KpKaYkaw6SBSJEZ6gEekbKhAnykuLczJYN8oQhpE0T2hYqPMdKeJKTXlgKvMd1aKXi/95/USH115KRZxoIvBsUJgwqCOYZwOHVBKs2dQQhCU1u0I8RhJhbRKsmhDcxZOXSeei4ToN9/6y1rwp46iAY3ACzoALrkAT3IEWaAMMnsALeAPv1rP1an1Yn7PSFavsOQJ/YH39AtnQnJg=</latexit><latexit sha1_base64="W2hu4ghYojV0SmOcBbcdBDITOSo=">AAACDnicbVC7TsMwFHV4lvIKMLJYVBUMqEoQEgwMlVgYi0QfUhtFjuu0Vm0nsh2kKsoXsPArLAwgxMrMxt/gpBlKy5EsHZ9zr+69J4gZVdpxfqyV1bX1jc3KVnV7Z3dv3z447KgokZi0ccQi2QuQIowK0tZUM9KLJUE8YKQbTG5zv/tIpKKReNDTmHgcjQQNKUbaSL5dH3Ckx0GYJtnpOZz7+AWXPB3TYebbNafhFIDLxC1JDZRo+fb3YBjhhBOhMUNK9V0n1l6KpKaYkaw6SBSJEZ6gEekbKhAnykuLczJYN8oQhpE0T2hYqPMdKeJKTXlgKvMd1aKXi/95/USH115KRZxoIvBsUJgwqCOYZwOHVBKs2dQQhCU1u0I8RhJhbRKsmhDcxZOXSeei4ToN9/6y1rwp46iAY3ACzoALrkAT3IEWaAMMnsALeAPv1rP1an1Yn7PSFavsOQJ/YH39AtnQnJg=</latexit>

E�, E�
hid

<latexit sha1_base64="ZYHbDTDbKJNm66GNrt+dUMK6558=">AAAB/HicbVDLSgMxFM3UV62v0S7dBIvUhZQZEXThoiAFlxXsA9phyGQybWiSGZKMUIb6K25cKOLWD3Hn35hpZ6GtBwKHc+7lnpwgYVRpx/m2SmvrG5tb5e3Kzu7e/oF9eNRVcSox6eCYxbIfIEUYFaSjqWakn0iCeMBIL5jc5n7vkUhFY/GgpwnxOBoJGlGMtJF8u9qqn8NW3R9ypMeSZ2Mazny75jScOeAqcQtSAwXavv01DGOcciI0Zkipgesk2suQ1BQzMqsMU0UShCdoRAaGCsSJ8rJ5+Bk8NUoIo1iaJzScq783MsSVmvLATOYZ1bKXi/95g1RH115GRZJqIvDiUJQyqGOYNwFDKgnWbGoIwpKarBCPkURYm74qpgR3+curpHvRcJ2Ge39Za94UdZTBMTgBZ8AFV6AJ7kAbdAAGU/AMXsGb9WS9WO/Wx2K0ZBU7VfAH1ucPbBGT+A==</latexit><latexit sha1_base64="ZYHbDTDbKJNm66GNrt+dUMK6558=">AAAB/HicbVDLSgMxFM3UV62v0S7dBIvUhZQZEXThoiAFlxXsA9phyGQybWiSGZKMUIb6K25cKOLWD3Hn35hpZ6GtBwKHc+7lnpwgYVRpx/m2SmvrG5tb5e3Kzu7e/oF9eNRVcSox6eCYxbIfIEUYFaSjqWakn0iCeMBIL5jc5n7vkUhFY/GgpwnxOBoJGlGMtJF8u9qqn8NW3R9ypMeSZ2Mazny75jScOeAqcQtSAwXavv01DGOcciI0Zkipgesk2suQ1BQzMqsMU0UShCdoRAaGCsSJ8rJ5+Bk8NUoIo1iaJzScq783MsSVmvLATOYZ1bKXi/95g1RH115GRZJqIvDiUJQyqGOYNwFDKgnWbGoIwpKarBCPkURYm74qpgR3+curpHvRcJ2Ge39Za94UdZTBMTgBZ8AFV6AJ7kAbdAAGU/AMXsGb9WS9WO/Wx2K0ZBU7VfAH1ucPbBGT+A==</latexit><latexit sha1_base64="ZYHbDTDbKJNm66GNrt+dUMK6558=">AAAB/HicbVDLSgMxFM3UV62v0S7dBIvUhZQZEXThoiAFlxXsA9phyGQybWiSGZKMUIb6K25cKOLWD3Hn35hpZ6GtBwKHc+7lnpwgYVRpx/m2SmvrG5tb5e3Kzu7e/oF9eNRVcSox6eCYxbIfIEUYFaSjqWakn0iCeMBIL5jc5n7vkUhFY/GgpwnxOBoJGlGMtJF8u9qqn8NW3R9ypMeSZ2Mazny75jScOeAqcQtSAwXavv01DGOcciI0Zkipgesk2suQ1BQzMqsMU0UShCdoRAaGCsSJ8rJ5+Bk8NUoIo1iaJzScq783MsSVmvLATOYZ1bKXi/95g1RH115GRZJqIvDiUJQyqGOYNwFDKgnWbGoIwpKarBCPkURYm74qpgR3+curpHvRcJ2Ge39Za94UdZTBMTgBZ8AFV6AJ7kAbdAAGU/AMXsGb9WS9WO/Wx2K0ZBU7VfAH1ucPbBGT+A==</latexit><latexit sha1_base64="ZYHbDTDbKJNm66GNrt+dUMK6558=">AAAB/HicbVDLSgMxFM3UV62v0S7dBIvUhZQZEXThoiAFlxXsA9phyGQybWiSGZKMUIb6K25cKOLWD3Hn35hpZ6GtBwKHc+7lnpwgYVRpx/m2SmvrG5tb5e3Kzu7e/oF9eNRVcSox6eCYxbIfIEUYFaSjqWakn0iCeMBIL5jc5n7vkUhFY/GgpwnxOBoJGlGMtJF8u9qqn8NW3R9ypMeSZ2Mazny75jScOeAqcQtSAwXavv01DGOcciI0Zkipgesk2suQ1BQzMqsMU0UShCdoRAaGCsSJ8rJ5+Bk8NUoIo1iaJzScq783MsSVmvLATOYZ1bKXi/95g1RH115GRZJqIvDiUJQyqGOYNwFDKgnWbGoIwpKarBCPkURYm74qpgR3+curpHvRcJ2Ge39Za94UdZTBMTgBZ8AFV6AJ7kAbdAAGU/AMXsGb9WS9WO/Wx2K0ZBU7VfAH1ucPbBGT+A==</latexit>

V �, V �
hid

<latexit sha1_base64="WhBBytL7AOLCOPFKqkdbfTZ2xq4=">AAAB/HicbVBPS8MwHE3nvzn/VXf0EhwyDzJaEfTgYeDF4wTXDbZS0jTdwpK0JKkwyvwqXjwo4tUP4s1vY7r1oJsPAo/3fj9+Ly9MGVXacb6tytr6xuZWdbu2s7u3f2AfHnkqySQmXZywRPZDpAijgnQ11Yz0U0kQDxnphZPbwu89EqloIh70NCU+RyNBY4qRNlJg173mOfSawZAjPZY8H9NoFtgNp+XMAVeJW5IGKNEJ7K9hlOCME6ExQ0oNXCfVfo6kppiRWW2YKZIiPEEjMjBUIE6Un8/Dz+CpUSIYJ9I8oeFc/b2RI67UlIdmssiolr1C/M8bZDq+9nMq0kwTgReH4oxBncCiCRhRSbBmU0MQltRkhXiMJMLa9FUzJbjLX14l3kXLdVru/WWjfVPWUQXH4AScARdcgTa4Ax3QBRhMwTN4BW/Wk/VivVsfi9GKVe7UwR9Ynz+huZQa</latexit><latexit sha1_base64="WhBBytL7AOLCOPFKqkdbfTZ2xq4=">AAAB/HicbVBPS8MwHE3nvzn/VXf0EhwyDzJaEfTgYeDF4wTXDbZS0jTdwpK0JKkwyvwqXjwo4tUP4s1vY7r1oJsPAo/3fj9+Ly9MGVXacb6tytr6xuZWdbu2s7u3f2AfHnkqySQmXZywRPZDpAijgnQ11Yz0U0kQDxnphZPbwu89EqloIh70NCU+RyNBY4qRNlJg173mOfSawZAjPZY8H9NoFtgNp+XMAVeJW5IGKNEJ7K9hlOCME6ExQ0oNXCfVfo6kppiRWW2YKZIiPEEjMjBUIE6Un8/Dz+CpUSIYJ9I8oeFc/b2RI67UlIdmssiolr1C/M8bZDq+9nMq0kwTgReH4oxBncCiCRhRSbBmU0MQltRkhXiMJMLa9FUzJbjLX14l3kXLdVru/WWjfVPWUQXH4AScARdcgTa4Ax3QBRhMwTN4BW/Wk/VivVsfi9GKVe7UwR9Ynz+huZQa</latexit><latexit sha1_base64="WhBBytL7AOLCOPFKqkdbfTZ2xq4=">AAAB/HicbVBPS8MwHE3nvzn/VXf0EhwyDzJaEfTgYeDF4wTXDbZS0jTdwpK0JKkwyvwqXjwo4tUP4s1vY7r1oJsPAo/3fj9+Ly9MGVXacb6tytr6xuZWdbu2s7u3f2AfHnkqySQmXZywRPZDpAijgnQ11Yz0U0kQDxnphZPbwu89EqloIh70NCU+RyNBY4qRNlJg173mOfSawZAjPZY8H9NoFtgNp+XMAVeJW5IGKNEJ7K9hlOCME6ExQ0oNXCfVfo6kppiRWW2YKZIiPEEjMjBUIE6Un8/Dz+CpUSIYJ9I8oeFc/b2RI67UlIdmssiolr1C/M8bZDq+9nMq0kwTgReH4oxBncCiCRhRSbBmU0MQltRkhXiMJMLa9FUzJbjLX14l3kXLdVru/WWjfVPWUQXH4AScARdcgTa4Ax3QBRhMwTN4BW/Wk/VivVsfi9GKVe7UwR9Ynz+huZQa</latexit><latexit sha1_base64="WhBBytL7AOLCOPFKqkdbfTZ2xq4=">AAAB/HicbVBPS8MwHE3nvzn/VXf0EhwyDzJaEfTgYeDF4wTXDbZS0jTdwpK0JKkwyvwqXjwo4tUP4s1vY7r1oJsPAo/3fj9+Ly9MGVXacb6tytr6xuZWdbu2s7u3f2AfHnkqySQmXZywRPZDpAijgnQ11Yz0U0kQDxnphZPbwu89EqloIh70NCU+RyNBY4qRNlJg173mOfSawZAjPZY8H9NoFtgNp+XMAVeJW5IGKNEJ7K9hlOCME6ExQ0oNXCfVfo6kppiRWW2YKZIiPEEjMjBUIE6Un8/Dz+CpUSIYJ9I8oeFc/b2RI67UlIdmssiolr1C/M8bZDq+9nMq0kwTgReH4oxBncCiCRhRSbBmU0MQltRkhXiMJMLa9FUzJbjLX14l3kXLdVru/WWjfVPWUQXH4AScARdcgTa4Ax3QBRhMwTN4BW/Wk/VivVsfi9GKVe7UwR9Ynz+huZQa</latexit>

E,Ehid
<latexit sha1_base64="DYZek5SmevKS8py25dx0aIqUbBY=">AAAB+nicbVDLSsNAFL3xWesr1aWbwSK4kJKIoAsXBSm4rGAf0IYwmUzboTNJmJkoJfZT3LhQxK1f4s6/cdJmoa0HBg7n3Ms9c4KEM6Ud59taWV1b39gsbZW3d3b39u3KQVvFqSS0RWIey26AFeUsoi3NNKfdRFIsAk47wfgm9zsPVCoWR/d6klBP4GHEBoxgbSTfrjTOUMPvC6xHUmQjFk59u+rUnBnQMnELUoUCTd/+6ocxSQWNNOFYqZ7rJNrLsNSMcDot91NFE0zGeEh7hkZYUOVls+hTdGKUEA1iaV6k0Uz9vZFhodREBGYyz6gWvVz8z+ulenDlZSxKUk0jMj80SDnSMcp7QCGTlGg+MQQTyUxWREZYYqJNW2VTgrv45WXSPq+5Ts29u6jWr4s6SnAEx3AKLlxCHW6hCS0g8AjP8Apv1pP1Yr1bH/PRFavYOYQ/sD5/AKXVk5Y=</latexit><latexit sha1_base64="DYZek5SmevKS8py25dx0aIqUbBY=">AAAB+nicbVDLSsNAFL3xWesr1aWbwSK4kJKIoAsXBSm4rGAf0IYwmUzboTNJmJkoJfZT3LhQxK1f4s6/cdJmoa0HBg7n3Ms9c4KEM6Ud59taWV1b39gsbZW3d3b39u3KQVvFqSS0RWIey26AFeUsoi3NNKfdRFIsAk47wfgm9zsPVCoWR/d6klBP4GHEBoxgbSTfrjTOUMPvC6xHUmQjFk59u+rUnBnQMnELUoUCTd/+6ocxSQWNNOFYqZ7rJNrLsNSMcDot91NFE0zGeEh7hkZYUOVls+hTdGKUEA1iaV6k0Uz9vZFhodREBGYyz6gWvVz8z+ulenDlZSxKUk0jMj80SDnSMcp7QCGTlGg+MQQTyUxWREZYYqJNW2VTgrv45WXSPq+5Ts29u6jWr4s6SnAEx3AKLlxCHW6hCS0g8AjP8Apv1pP1Yr1bH/PRFavYOYQ/sD5/AKXVk5Y=</latexit><latexit sha1_base64="DYZek5SmevKS8py25dx0aIqUbBY=">AAAB+nicbVDLSsNAFL3xWesr1aWbwSK4kJKIoAsXBSm4rGAf0IYwmUzboTNJmJkoJfZT3LhQxK1f4s6/cdJmoa0HBg7n3Ms9c4KEM6Ud59taWV1b39gsbZW3d3b39u3KQVvFqSS0RWIey26AFeUsoi3NNKfdRFIsAk47wfgm9zsPVCoWR/d6klBP4GHEBoxgbSTfrjTOUMPvC6xHUmQjFk59u+rUnBnQMnELUoUCTd/+6ocxSQWNNOFYqZ7rJNrLsNSMcDot91NFE0zGeEh7hkZYUOVls+hTdGKUEA1iaV6k0Uz9vZFhodREBGYyz6gWvVz8z+ulenDlZSxKUk0jMj80SDnSMcp7QCGTlGg+MQQTyUxWREZYYqJNW2VTgrv45WXSPq+5Ts29u6jWr4s6SnAEx3AKLlxCHW6hCS0g8AjP8Apv1pP1Yr1bH/PRFavYOYQ/sD5/AKXVk5Y=</latexit><latexit sha1_base64="DYZek5SmevKS8py25dx0aIqUbBY=">AAAB+nicbVDLSsNAFL3xWesr1aWbwSK4kJKIoAsXBSm4rGAf0IYwmUzboTNJmJkoJfZT3LhQxK1f4s6/cdJmoa0HBg7n3Ms9c4KEM6Ud59taWV1b39gsbZW3d3b39u3KQVvFqSS0RWIey26AFeUsoi3NNKfdRFIsAk47wfgm9zsPVCoWR/d6klBP4GHEBoxgbSTfrjTOUMPvC6xHUmQjFk59u+rUnBnQMnELUoUCTd/+6ocxSQWNNOFYqZ7rJNrLsNSMcDot91NFE0zGeEh7hkZYUOVls+hTdGKUEA1iaV6k0Uz9vZFhodREBGYyz6gWvVz8z+ulenDlZSxKUk0jMj80SDnSMcp7QCGTlGg+MQQTyUxWREZYYqJNW2VTgrv45WXSPq+5Ts29u6jWr4s6SnAEx3AKLlxCHW6hCS0g8AjP8Apv1pP1Yr1bH/PRFavYOYQ/sD5/AKXVk5Y=</latexit>

V, Vhid
<latexit sha1_base64="brwuxF74R6OEOykh378as/RBfzE=">AAAB+nicbVBNS8NAFHzxs9avVI9eFovgQUoigh48FLx4rGDTQhvCZrNtl+4mYXejlNif4sWDIl79Jd78N27aHLR1YGGYeY83O2HKmdKO822trK6tb2xWtqrbO7t7+3btwFNJJgltk4QnshtiRTmLaVszzWk3lRSLkNNOOL4p/M4DlYol8b2epNQXeBizASNYGymwa94Z8oK+wHokRT5i0TSw607DmQEtE7ckdSjRCuyvfpSQTNBYE46V6rlOqv0cS80Ip9NqP1M0xWSMh7RnaIwFVX4+iz5FJ0aJ0CCR5sUazdTfGzkWSk1EaCaLjGrRK8T/vF6mB1d+zuI00zQm80ODjCOdoKIHFDFJieYTQzCRzGRFZIQlJtq0VTUluItfXibeecN1Gu7dRb15XdZRgSM4hlNw4RKacAstaAOBR3iGV3iznqwX6936mI+uWOXOIfyB9fkD20qTuA==</latexit><latexit sha1_base64="brwuxF74R6OEOykh378as/RBfzE=">AAAB+nicbVBNS8NAFHzxs9avVI9eFovgQUoigh48FLx4rGDTQhvCZrNtl+4mYXejlNif4sWDIl79Jd78N27aHLR1YGGYeY83O2HKmdKO822trK6tb2xWtqrbO7t7+3btwFNJJgltk4QnshtiRTmLaVszzWk3lRSLkNNOOL4p/M4DlYol8b2epNQXeBizASNYGymwa94Z8oK+wHokRT5i0TSw607DmQEtE7ckdSjRCuyvfpSQTNBYE46V6rlOqv0cS80Ip9NqP1M0xWSMh7RnaIwFVX4+iz5FJ0aJ0CCR5sUazdTfGzkWSk1EaCaLjGrRK8T/vF6mB1d+zuI00zQm80ODjCOdoKIHFDFJieYTQzCRzGRFZIQlJtq0VTUluItfXibeecN1Gu7dRb15XdZRgSM4hlNw4RKacAstaAOBR3iGV3iznqwX6936mI+uWOXOIfyB9fkD20qTuA==</latexit><latexit sha1_base64="brwuxF74R6OEOykh378as/RBfzE=">AAAB+nicbVBNS8NAFHzxs9avVI9eFovgQUoigh48FLx4rGDTQhvCZrNtl+4mYXejlNif4sWDIl79Jd78N27aHLR1YGGYeY83O2HKmdKO822trK6tb2xWtqrbO7t7+3btwFNJJgltk4QnshtiRTmLaVszzWk3lRSLkNNOOL4p/M4DlYol8b2epNQXeBizASNYGymwa94Z8oK+wHokRT5i0TSw607DmQEtE7ckdSjRCuyvfpSQTNBYE46V6rlOqv0cS80Ip9NqP1M0xWSMh7RnaIwFVX4+iz5FJ0aJ0CCR5sUazdTfGzkWSk1EaCaLjGrRK8T/vF6mB1d+zuI00zQm80ODjCOdoKIHFDFJieYTQzCRzGRFZIQlJtq0VTUluItfXibeecN1Gu7dRb15XdZRgSM4hlNw4RKacAstaAOBR3iGV3iznqwX6936mI+uWOXOIfyB9fkD20qTuA==</latexit><latexit sha1_base64="brwuxF74R6OEOykh378as/RBfzE=">AAAB+nicbVBNS8NAFHzxs9avVI9eFovgQUoigh48FLx4rGDTQhvCZrNtl+4mYXejlNif4sWDIl79Jd78N27aHLR1YGGYeY83O2HKmdKO822trK6tb2xWtqrbO7t7+3btwFNJJgltk4QnshtiRTmLaVszzWk3lRSLkNNOOL4p/M4DlYol8b2epNQXeBizASNYGymwa94Z8oK+wHokRT5i0TSw607DmQEtE7ckdSjRCuyvfpSQTNBYE46V6rlOqv0cS80Ip9NqP1M0xWSMh7RnaIwFVX4+iz5FJ0aJ0CCR5sUazdTfGzkWSk1EaCaLjGrRK8T/vF6mB1d+zuI00zQm80ODjCOdoKIHFDFJieYTQzCRzGRFZIQlJtq0VTUluItfXibeecN1Gu7dRb15XdZRgSM4hlNw4RKacAstaAOBR3iGV3iznqwX6936mI+uWOXOIfyB9fkD20qTuA==</latexit>

u,uhid
<latexit sha1_base64="UO6spgXZarocGO1zBKohmEwCj+c=">AAACDHicbZDNSsNAFIVv6l+tf1WXbgaL4EJKIoIuXBTcuKxgW6ENZTKZtENnkjAzEUrIA7jxVdy4UMStD+DOt3GSBtTWAwMf597L3Hu8mDOlbfvLqiwtr6yuVddrG5tb2zv13b2uihJJaIdEPJJ3HlaUs5B2NNOc3sWSYuFx2vMmV3m9d0+lYlF4q6cxdQUehSxgBGtjDeuNgcB67AVpkp2gHx4WKEU6Zn5muuymXQgtglNCA0q1h/XPgR+RRNBQE46V6jt2rN0US80Ip1ltkCgaYzLBI9o3GGJBlZsWx2ToyDg+CiJpXqhR4f6eSLFQaio805nvqOZruflfrZ/o4MJNWRgnmoZk9lGQcKQjlCeDfCYp0XxqABPJzK6IjLHERJv8aiYEZ/7kReieNh276dycNVqXZRxVOIBDOAYHzqEF19CGDhB4gCd4gVfr0Xq23qz3WWvFKmf24Y+sj28GGpw2</latexit><latexit sha1_base64="UO6spgXZarocGO1zBKohmEwCj+c=">AAACDHicbZDNSsNAFIVv6l+tf1WXbgaL4EJKIoIuXBTcuKxgW6ENZTKZtENnkjAzEUrIA7jxVdy4UMStD+DOt3GSBtTWAwMf597L3Hu8mDOlbfvLqiwtr6yuVddrG5tb2zv13b2uihJJaIdEPJJ3HlaUs5B2NNOc3sWSYuFx2vMmV3m9d0+lYlF4q6cxdQUehSxgBGtjDeuNgcB67AVpkp2gHx4WKEU6Zn5muuymXQgtglNCA0q1h/XPgR+RRNBQE46V6jt2rN0US80Ip1ltkCgaYzLBI9o3GGJBlZsWx2ToyDg+CiJpXqhR4f6eSLFQaio805nvqOZruflfrZ/o4MJNWRgnmoZk9lGQcKQjlCeDfCYp0XxqABPJzK6IjLHERJv8aiYEZ/7kReieNh276dycNVqXZRxVOIBDOAYHzqEF19CGDhB4gCd4gVfr0Xq23qz3WWvFKmf24Y+sj28GGpw2</latexit><latexit sha1_base64="UO6spgXZarocGO1zBKohmEwCj+c=">AAACDHicbZDNSsNAFIVv6l+tf1WXbgaL4EJKIoIuXBTcuKxgW6ENZTKZtENnkjAzEUrIA7jxVdy4UMStD+DOt3GSBtTWAwMf597L3Hu8mDOlbfvLqiwtr6yuVddrG5tb2zv13b2uihJJaIdEPJJ3HlaUs5B2NNOc3sWSYuFx2vMmV3m9d0+lYlF4q6cxdQUehSxgBGtjDeuNgcB67AVpkp2gHx4WKEU6Zn5muuymXQgtglNCA0q1h/XPgR+RRNBQE46V6jt2rN0US80Ip1ltkCgaYzLBI9o3GGJBlZsWx2ToyDg+CiJpXqhR4f6eSLFQaio805nvqOZruflfrZ/o4MJNWRgnmoZk9lGQcKQjlCeDfCYp0XxqABPJzK6IjLHERJv8aiYEZ/7kReieNh276dycNVqXZRxVOIBDOAYHzqEF19CGDhB4gCd4gVfr0Xq23qz3WWvFKmf24Y+sj28GGpw2</latexit><latexit sha1_base64="UO6spgXZarocGO1zBKohmEwCj+c=">AAACDHicbZDNSsNAFIVv6l+tf1WXbgaL4EJKIoIuXBTcuKxgW6ENZTKZtENnkjAzEUrIA7jxVdy4UMStD+DOt3GSBtTWAwMf597L3Hu8mDOlbfvLqiwtr6yuVddrG5tb2zv13b2uihJJaIdEPJJ3HlaUs5B2NNOc3sWSYuFx2vMmV3m9d0+lYlF4q6cxdQUehSxgBGtjDeuNgcB67AVpkp2gHx4WKEU6Zn5muuymXQgtglNCA0q1h/XPgR+RRNBQE46V6jt2rN0US80Ip1ltkCgaYzLBI9o3GGJBlZsWx2ToyDg+CiJpXqhR4f6eSLFQaio805nvqOZruflfrZ/o4MJNWRgnmoZk9lGQcKQjlCeDfCYp0XxqABPJzK6IjLHERJv8aiYEZ/7kReieNh276dycNVqXZRxVOIBDOAYHzqEF19CGDhB4gCd4gVfr0Xq23qz3WWvFKmf24Y+sj28GGpw2</latexit>

Edge block Node block Global block

�u
<latexit sha1_base64="znt8hwWv6wryqwCugrweUa+jkM8=">AAAB7XicbVA9SwNBEJ3zM8avqGBjsxgEq3Bno4VFwMYygrkEkjPubfaSNXu7y+6eEo78BxsLRWz9P3b+GzcfhSY+GHi8N8PMvFhxZqzvf3tLyyura+uFjeLm1vbObmlvPzQy04TWieRSN2NsKGeC1i2znDaVpjiNOW3Eg6ux33ik2jApbu1Q0SjFPcESRrB1UthWfXaXdUplv+JPgBZJMCPl6mH4dA8AtU7pq92VJEupsIRjY1qBr2yUY20Z4XRUbGeGKkwGuEdbjgqcUhPlk2tH6MQpXZRI7UpYNFF/T+Q4NWaYxq4zxbZv5r2x+J/XymxyEeVMqMxSQaaLkowjK9H4ddRlmhLLh45gopm7FZE+1phYF1DRhRDMv7xIwrNK4FeCG5fGJUxRgCM4hlMI4ByqcA01qAOBB3iGV3jzpPfivXsf09YlbzZzAH/gff4AqE6Qnw==</latexit><latexit sha1_base64="Nc0DXje6uYB+/0fHlXL99yCq0no=">AAAB7XicbVC7SgNBFL0bXzG+ooKNzWAQrMKujRYWARvLCGYTSNYwO5lNxszODjOzyrLkH2wsFNHS/7HzA/wPJ49CEw9cOJxzL/feE0rOtHHdL6ewtLyyulZcL21sbm3vlHf3fJ2kitAGSXiiWiHWlDNBG4YZTltSURyHnDbD4eXYb95TpVkibkwmaRDjvmARI9hYye/IAbtNu+WKW3UnQIvEm5FK7cB/kNn3e71b/uz0EpLGVBjCsdZtz5UmyLEyjHA6KnVSTSUmQ9ynbUsFjqkO8sm1I3RslR6KEmVLGDRRf0/kONY6i0PbGWMz0PPeWPzPa6cmOg9yJmRqqCDTRVHKkUnQ+HXUY4oSwzNLMFHM3orIACtMjA2oZEPw5l9eJP5p1XOr3rVN4wKmKMIhHMEJeHAGNbiCOjSAwB08wjO8OInz5Lw6b9PWgjOb2Yc/cD5+AGXTkqw=</latexit><latexit sha1_base64="Nc0DXje6uYB+/0fHlXL99yCq0no=">AAAB7XicbVC7SgNBFL0bXzG+ooKNzWAQrMKujRYWARvLCGYTSNYwO5lNxszODjOzyrLkH2wsFNHS/7HzA/wPJ49CEw9cOJxzL/feE0rOtHHdL6ewtLyyulZcL21sbm3vlHf3fJ2kitAGSXiiWiHWlDNBG4YZTltSURyHnDbD4eXYb95TpVkibkwmaRDjvmARI9hYye/IAbtNu+WKW3UnQIvEm5FK7cB/kNn3e71b/uz0EpLGVBjCsdZtz5UmyLEyjHA6KnVSTSUmQ9ynbUsFjqkO8sm1I3RslR6KEmVLGDRRf0/kONY6i0PbGWMz0PPeWPzPa6cmOg9yJmRqqCDTRVHKkUnQ+HXUY4oSwzNLMFHM3orIACtMjA2oZEPw5l9eJP5p1XOr3rVN4wKmKMIhHMEJeHAGNbiCOjSAwB08wjO8OInz5Lw6b9PWgjOb2Yc/cD5+AGXTkqw=</latexit><latexit sha1_base64="S5XnA5iYIAgqxiI+i0ptSwAiKP4=">AAAB7XicbVA9SwNBEJ2LXzF+RS1tFoNgFe5stLAI2FhGMB+QnGFvM5es2ds9dveEEPIfbCwUsfX/2Plv3CRXaOKDgcd7M8zMi1LBjfX9b6+wtr6xuVXcLu3s7u0flA+PmkZlmmGDKaF0O6IGBZfYsNwKbKcaaRIJbEWjm5nfekJtuJL3dpximNCB5DFn1Dqp2U2H/CHrlSt+1Z+DrJIgJxXIUe+Vv7p9xbIEpWWCGtMJ/NSGE6otZwKnpW5mMKVsRAfYcVTSBE04mV87JWdO6ZNYaVfSkrn6e2JCE2PGSeQ6E2qHZtmbif95nczGV+GEyzSzKNliUZwJYhWZvU76XCOzYuwIZZq7WwkbUk2ZdQGVXAjB8surpHlRDfxqcOdXatd5HEU4gVM4hwAuoQa3UIcGMHiEZ3iFN095L96797FoLXj5zDH8gff5A53Djxw=</latexit>

<latexit sha1_base64="m8MJ1M94ujO0d0COo5n2Dsol6rc=">AAAB53icbVC7SgNBFL0bXzG+opY2g0GwCrs2phAM2FhGMA9IFpmdvZsMmZ1dZmaFsKS0sbFQxNZP8Rfs/AZ/wsmj0MQDFw7nnMt9BKng2rjul1NYWV1b3yhulra2d3b3yvsHLZ1kimGTJSJRnYBqFFxi03AjsJMqpHEgsB0MryZ++x6V5om8NaMU/Zj2JY84o8ZKjbtyxa26U5Bl4s1J5fLj+4EAgM1/9sKEZTFKwwTVuuu5qfFzqgxnAselXqYxpWxI+9i1VNIYtZ9P9xyTE6uEJEqULWnIVP3dkdNY61Ec2GRMzUAvehPxP6+bmajm51ymmUHJZoOiTBCTkMnRJOQKmREjSyhT3O5K2IAqyox9Tck+wVs8eZm0zqqeW/Vu3Er9AmYowhEcwyl4cA51uIYGNIFBCI/wDC8Od56cV+dtFi04855D+APn/Qd/sI8A</latexit><latexit sha1_base64="q1zM5ZsCNMJAtNUZI97B98ATlaA=">AAAB53icbVC7SgNBFL3rM8ZX1FKQwSBYhV0bLQQDNpYJmAckQWZn7yZDZmeXmVkhLCltbCwUsfUvbP0FO79BP8LJo9DEAxcO55zLffiJ4Nq47qezsLi0vLKaW8uvb2xubRd2dus6ThXDGotFrJo+1Si4xJrhRmAzUUgjX2DD71+O/MYtKs1jeW0GCXYi2pU85IwaK1VuCkW35I5B5ok3JcWL96+7g7fqt81/tIOYpRFKwwTVuuW5ielkVBnOBA7z7VRjQlmfdrFlqaQR6k423nNIjqwSkDBWtqQhY/V3R0YjrQeRb5MRNT09643E/7xWasKzTsZlkhqUbDIoTAUxMRkdTQKukBkxsIQyxe2uhPWooszY1+TtE7zZk+dJ/aTkuSWv6hbL5zBBDvbhEI7Bg1MowxVUoAYMAriHR3hyuPPgPDsvk+iCM+3Zgz9wXn8AGkeQ8w==</latexit><latexit sha1_base64="q1zM5ZsCNMJAtNUZI97B98ATlaA=">AAAB53icbVC7SgNBFL3rM8ZX1FKQwSBYhV0bLQQDNpYJmAckQWZn7yZDZmeXmVkhLCltbCwUsfUvbP0FO79BP8LJo9DEAxcO55zLffiJ4Nq47qezsLi0vLKaW8uvb2xubRd2dus6ThXDGotFrJo+1Si4xJrhRmAzUUgjX2DD71+O/MYtKs1jeW0GCXYi2pU85IwaK1VuCkW35I5B5ok3JcWL96+7g7fqt81/tIOYpRFKwwTVuuW5ielkVBnOBA7z7VRjQlmfdrFlqaQR6k423nNIjqwSkDBWtqQhY/V3R0YjrQeRb5MRNT09643E/7xWasKzTsZlkhqUbDIoTAUxMRkdTQKukBkxsIQyxe2uhPWooszY1+TtE7zZk+dJ/aTkuSWv6hbL5zBBDvbhEI7Bg1MowxVUoAYMAriHR3hyuPPgPDsvk+iCM+3Zgz9wXn8AGkeQ8w==</latexit><latexit sha1_base64="ioxb3woZF1oAlTScqds23PrgiMY=">AAAB53icbVC7SgNBFL3rM8ZX1NJmMAhWYdZGC4uAjWUE84BkkdnZ2WTI7Owyc1cIS37AxkIRW3/Jzr9xkmyhiQcGDuecy9x7wkxJi5R+e2vrG5tb25Wd6u7e/sFh7ei4Y9PccNHmqUpNL2RWKKlFGyUq0cuMYEmoRDcc38787pMwVqb6ASeZCBI21DKWnKGTWo+1Om3QOcgq8UtShxIu/zWIUp4nQiNXzNq+TzMMCmZQciWm1UFuRcb4mA1F31HNEmGDYr7nlJw7JSJxatzTSObq74mCJdZOktAlE4Yju+zNxP+8fo7xdVBIneUoNF98FOeKYEpmR5NIGsFRTRxh3Ei3K+EjZhhHV03VleAvn7xKOpcNnzb8e1pv3pR1VOAUzuACfLiCJtxBC9rAIYJneIU3T3ov3rv3sYiueeXMCfyB9/kDCGmMcA==</latexit>

�v
<latexit sha1_base64="HCiXjOq04H3f4Ed7vqyiRfd+2dI=">AAAB7XicbVA9SwNBEJ2LXzF+nQo2NotBsAp3NlpYBGwsI5hLIDnj3mYvWbO3e+zuRcKR/2BjoYit/8fOf+Pmo9DEBwOP92aYmRelnGnjed9OYWV1bX2juFna2t7Z3XP3DwItM0VonUguVTPCmnImaN0ww2kzVRQnEaeNaHA98RtDqjST4s6MUhomuCdYzAg2VgraaZ/dDztu2at4U6Bl4s9JuXoUPD0AQK3jfrW7kmQJFYZwrHXL91IT5lgZRjgdl9qZpikmA9yjLUsFTqgO8+m1Y3RqlS6KpbIlDJqqvydynGg9SiLbmWDT14veRPzPa2UmvgxzJtLMUEFmi+KMIyPR5HXUZYoSw0eWYKKYvRWRPlaYGBtQyYbgL768TILziu9V/FubxhXMUIRjOIEz8OECqnADNagDgUd4hld4c6Tz4rw7H7PWgjOfOYQ/cD5/AKnSkKA=</latexit><latexit sha1_base64="/voSHBGyFE5xYPVKPYM/GTIarLQ=">AAAB7XicbVC7SgNBFL3rM8ZXVLCxWQyCVdi10cIiYGMZwWwCyRpmJ7PJmNmZYWY2siz5BxsLRbT0f+z8AP/DyaPQxAMXDufcy733RJJRbTzvy1laXlldWy9sFDe3tnd2S3v7gRapwqSOBROqGSFNGOWkbqhhpCkVQUnESCMaXI39xpAoTQW/NZkkYYJ6nMYUI2OloC379G7YKZW9ijeBu0j8GSlXD4MHmX2/1zqlz3ZX4DQh3GCGtG75njRhjpShmJFRsZ1qIhEeoB5pWcpRQnSYT64duSdW6bqxULa4cSfq74kcJVpnSWQ7E2T6et4bi/95rdTEF2FOuUwN4Xi6KE6Za4Q7ft3tUkWwYZklCCtqb3VxHymEjQ2oaEPw519eJMFZxfcq/o1N4xKmKMARHMMp+HAOVbiGGtQBwz08wjO8OMJ5cl6dt2nrkjObOYA/cD5+AGdXkq0=</latexit><latexit sha1_base64="/voSHBGyFE5xYPVKPYM/GTIarLQ=">AAAB7XicbVC7SgNBFL3rM8ZXVLCxWQyCVdi10cIiYGMZwWwCyRpmJ7PJmNmZYWY2siz5BxsLRbT0f+z8AP/DyaPQxAMXDufcy733RJJRbTzvy1laXlldWy9sFDe3tnd2S3v7gRapwqSOBROqGSFNGOWkbqhhpCkVQUnESCMaXI39xpAoTQW/NZkkYYJ6nMYUI2OloC379G7YKZW9ijeBu0j8GSlXD4MHmX2/1zqlz3ZX4DQh3GCGtG75njRhjpShmJFRsZ1qIhEeoB5pWcpRQnSYT64duSdW6bqxULa4cSfq74kcJVpnSWQ7E2T6et4bi/95rdTEF2FOuUwN4Xi6KE6Za4Q7ft3tUkWwYZklCCtqb3VxHymEjQ2oaEPw519eJMFZxfcq/o1N4xKmKMARHMMp+HAOVbiGGtQBwz08wjO8OMJ5cl6dt2nrkjObOYA/cD5+AGdXkq0=</latexit><latexit sha1_base64="Fc8T4ygtia14k1z/CDji4ezWDqY=">AAAB7XicbVA9SwNBEJ3zM8avqKXNYhCswp2NFhYBG8sI5gOSM+xtNsmavd1jdy4QjvwHGwtFbP0/dv4bN8kVmvhg4PHeDDPzokQKi77/7a2tb2xubRd2irt7+weHpaPjhtWpYbzOtNSmFVHLpVC8jgIlbyWG0ziSvBmNbmd+c8yNFVo94CThYUwHSvQFo+ikRicZisdxt1T2K/4cZJUEOSlDjlq39NXpaZbGXCGT1Np24CcYZtSgYJJPi53U8oSyER3wtqOKxtyG2fzaKTl3So/0tXGlkMzV3xMZja2dxJHrjCkO7bI3E//z2in2r8NMqCRFrthiUT+VBDWZvU56wnCGcuIIZUa4WwkbUkMZuoCKLoRg+eVV0risBH4luPfL1Zs8jgKcwhlcQABXUIU7qEEdGDzBM7zCm6e9F+/d+1i0rnn5zAn8gff5A59Hjx0=</latexit>

�e
<latexit sha1_base64="gRKFy+QFytmwqWy0cvo5FmmPz8I=">AAAB7XicbVA9SwNBEJ3zM8avqGBjsxgEq3Bno4VFwMYygrkEkjPubeaSNXu3x+6eEo78BxsLRWz9P3b+GzcfhSY+GHi8N8PMvDAVXBvX/XaWlldW19YLG8XNre2d3dLevq9lphjWmRRSNUOqUfAE64Ybgc1UIY1DgY1wcDX2G4+oNJfJrRmmGMS0l/CIM2qs5LfTPr/DTqnsVtwJyCLxZqRcPfSf7gGg1il9tbuSZTEmhgmqdctzUxPkVBnOBI6K7UxjStmA9rBlaUJj1EE+uXZETqzSJZFUthJDJurviZzGWg/j0HbG1PT1vDcW//NamYkugpwnaWYwYdNFUSaIkWT8OulyhcyIoSWUKW5vJaxPFWXGBlS0IXjzLy8S/6ziuRXvxqZxCVMU4AiO4RQ8OIcqXEMN6sDgAZ7hFd4c6bw4787HtHXJmc0cwB84nz+QDpCP</latexit><latexit sha1_base64="74MJShuZzxGyM2nLY3EY87InuhI=">AAAB7XicbVC7SgNBFJ2NrxhfUcHGZjAIVmHXRguLgI1lBLMJJGuYndxNxszODjOzyrLkH2wsFNHS/7HzA/wPJ49CEw9cOJxzL/feE0rOtHHdL6ewtLyyulZcL21sbm3vlHf3fJ2kikKDJjxRrZBo4ExAwzDDoSUVkDjk0AyHl2O/eQ9Ks0TcmExCEJO+YBGjxFjJ78gBu4VuueJW3QnwIvFmpFI78B9k9v1e75Y/O72EpjEIQznRuu250gQ5UYZRDqNSJ9UgCR2SPrQtFSQGHeSTa0f42Co9HCXKljB4ov6eyEmsdRaHtjMmZqDnvbH4n9dOTXQe5EzI1ICg00VRyrFJ8Ph13GMKqOGZJYQqZm/FdEAUocYGVLIhePMvLxL/tOq5Ve/apnGBpiiiQ3SETpCHzlANXaE6aiCK7tAjekYvTuI8Oa/O27S14Mxm9tEfOB8/TZOSnA==</latexit><latexit sha1_base64="74MJShuZzxGyM2nLY3EY87InuhI=">AAAB7XicbVC7SgNBFJ2NrxhfUcHGZjAIVmHXRguLgI1lBLMJJGuYndxNxszODjOzyrLkH2wsFNHS/7HzA/wPJ49CEw9cOJxzL/feE0rOtHHdL6ewtLyyulZcL21sbm3vlHf3fJ2kikKDJjxRrZBo4ExAwzDDoSUVkDjk0AyHl2O/eQ9Ks0TcmExCEJO+YBGjxFjJ78gBu4VuueJW3QnwIvFmpFI78B9k9v1e75Y/O72EpjEIQznRuu250gQ5UYZRDqNSJ9UgCR2SPrQtFSQGHeSTa0f42Co9HCXKljB4ov6eyEmsdRaHtjMmZqDnvbH4n9dOTXQe5EzI1ICg00VRyrFJ8Ph13GMKqOGZJYQqZm/FdEAUocYGVLIhePMvLxL/tOq5Ve/apnGBpiiiQ3SETpCHzlANXaE6aiCK7tAjekYvTuI8Oa/O27S14Mxm9tEfOB8/TZOSnA==</latexit><latexit sha1_base64="pLq6KB/1S9uyUeWp/G4byg43mK0=">AAAB7XicbVA9SwNBEJ2LXzF+RS1tFoNgFe5stLAI2FhGMB+QnGFvM5es2ds9dveEEPIfbCwUsfX/2Plv3CRXaOKDgcd7M8zMi1LBjfX9b6+wtr6xuVXcLu3s7u0flA+PmkZlmmGDKaF0O6IGBZfYsNwKbKcaaRIJbEWjm5nfekJtuJL3dpximNCB5DFn1Dqp2U2H/AF75Ypf9ecgqyTISQVy1Hvlr25fsSxBaZmgxnQCP7XhhGrLmcBpqZsZTCkb0QF2HJU0QRNO5tdOyZlT+iRW2pW0ZK7+npjQxJhxErnOhNqhWfZm4n9eJ7PxVTjhMs0sSrZYFGeCWEVmr5M+18isGDtCmebuVsKGVFNmXUAlF0Kw/PIqaV5UA78a3PmV2nUeRxFO4BTOIYBLqMEt1KEBDB7hGV7hzVPei/fufSxaC14+cwx/4H3+AIWDjww=</latexit>

(b) Independent recurrent block

Edge block Node block Global block
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<latexit sha1_base64="HCiXjOq04H3f4Ed7vqyiRfd+2dI=">AAAB7XicbVA9SwNBEJ2LXzF+nQo2NotBsAp3NlpYBGwsI5hLIDnj3mYvWbO3e+zuRcKR/2BjoYit/8fOf+Pmo9DEBwOP92aYmRelnGnjed9OYWV1bX2juFna2t7Z3XP3DwItM0VonUguVTPCmnImaN0ww2kzVRQnEaeNaHA98RtDqjST4s6MUhomuCdYzAg2VgraaZ/dDztu2at4U6Bl4s9JuXoUPD0AQK3jfrW7kmQJFYZwrHXL91IT5lgZRjgdl9qZpikmA9yjLUsFTqgO8+m1Y3RqlS6KpbIlDJqqvydynGg9SiLbmWDT14veRPzPa2UmvgxzJtLMUEFmi+KMIyPR5HXUZYoSw0eWYKKYvRWRPlaYGBtQyYbgL768TILziu9V/FubxhXMUIRjOIEz8OECqnADNagDgUd4hld4c6Tz4rw7H7PWgjOfOYQ/cD5/AKnSkKA=</latexit><latexit sha1_base64="/voSHBGyFE5xYPVKPYM/GTIarLQ=">AAAB7XicbVC7SgNBFL3rM8ZXVLCxWQyCVdi10cIiYGMZwWwCyRpmJ7PJmNmZYWY2siz5BxsLRbT0f+z8AP/DyaPQxAMXDufcy733RJJRbTzvy1laXlldWy9sFDe3tnd2S3v7gRapwqSOBROqGSFNGOWkbqhhpCkVQUnESCMaXI39xpAoTQW/NZkkYYJ6nMYUI2OloC379G7YKZW9ijeBu0j8GSlXD4MHmX2/1zqlz3ZX4DQh3GCGtG75njRhjpShmJFRsZ1qIhEeoB5pWcpRQnSYT64duSdW6bqxULa4cSfq74kcJVpnSWQ7E2T6et4bi/95rdTEF2FOuUwN4Xi6KE6Za4Q7ft3tUkWwYZklCCtqb3VxHymEjQ2oaEPw519eJMFZxfcq/o1N4xKmKMARHMMp+HAOVbiGGtQBwz08wjO8OMJ5cl6dt2nrkjObOYA/cD5+AGdXkq0=</latexit><latexit sha1_base64="/voSHBGyFE5xYPVKPYM/GTIarLQ=">AAAB7XicbVC7SgNBFL3rM8ZXVLCxWQyCVdi10cIiYGMZwWwCyRpmJ7PJmNmZYWY2siz5BxsLRbT0f+z8AP/DyaPQxAMXDufcy733RJJRbTzvy1laXlldWy9sFDe3tnd2S3v7gRapwqSOBROqGSFNGOWkbqhhpCkVQUnESCMaXI39xpAoTQW/NZkkYYJ6nMYUI2OloC379G7YKZW9ijeBu0j8GSlXD4MHmX2/1zqlz3ZX4DQh3GCGtG75njRhjpShmJFRsZ1qIhEeoB5pWcpRQnSYT64duSdW6bqxULa4cSfq74kcJVpnSWQ7E2T6et4bi/95rdTEF2FOuUwN4Xi6KE6Za4Q7ft3tUkWwYZklCCtqb3VxHymEjQ2oaEPw519eJMFZxfcq/o1N4xKmKMARHMMp+HAOVbiGGtQBwz08wjO8OMJ5cl6dt2nrkjObOYA/cD5+AGdXkq0=</latexit><latexit sha1_base64="Fc8T4ygtia14k1z/CDji4ezWDqY=">AAAB7XicbVA9SwNBEJ3zM8avqKXNYhCswp2NFhYBG8sI5gOSM+xtNsmavd1jdy4QjvwHGwtFbP0/dv4bN8kVmvhg4PHeDDPzokQKi77/7a2tb2xubRd2irt7+weHpaPjhtWpYbzOtNSmFVHLpVC8jgIlbyWG0ziSvBmNbmd+c8yNFVo94CThYUwHSvQFo+ikRicZisdxt1T2K/4cZJUEOSlDjlq39NXpaZbGXCGT1Np24CcYZtSgYJJPi53U8oSyER3wtqOKxtyG2fzaKTl3So/0tXGlkMzV3xMZja2dxJHrjCkO7bI3E//z2in2r8NMqCRFrthiUT+VBDWZvU56wnCGcuIIZUa4WwkbUkMZuoCKLoRg+eVV0risBH4luPfL1Zs8jgKcwhlcQABXUIU7qEEdGDzBM7zCm6e9F+/d+1i0rnn5zAn8gff5A59Hjx0=</latexit>

⇢e�v
<latexit sha1_base64="s3/Cw/iD/Ic9TAit26LWmPV1hK0=">AAAB/nicbVBNS8NAEN3Ur1q/ouLJy2IRPJVEBD0WvXisYD+giWWznTRLN9mwu6mUUPCvePGgiFd/hzf/jds2B219MPB4b4aZeUHKmdKO822VVlbX1jfKm5Wt7Z3dPXv/oKVEJik0qeBCdgKigLMEmpppDp1UAokDDu1geDP12yOQionkXo9T8GMySFjIKNFG6tlHnozEQw6eZINIEynFIx5NenbVqTkz4GXiFqSKCjR69pfXFzSLIdGUE6W6rpNqPydSM8phUvEyBSmhQzKArqEJiUH5+ez8CT41Sh+HQppKNJ6pvydyEis1jgPTGRMdqUVvKv7ndTMdXvk5S9JMQ0Lni8KMYy3wNAvcZxKo5mNDCJXM3IppRCSh2iRWMSG4iy8vk9Z5zXVq7t1FtX5dxFFGx+gEnSEXXaI6ukUN1EQU5egZvaI368l6sd6tj3lrySpmDtEfWJ8/7hmWGA==</latexit><latexit sha1_base64="s3/Cw/iD/Ic9TAit26LWmPV1hK0=">AAAB/nicbVBNS8NAEN3Ur1q/ouLJy2IRPJVEBD0WvXisYD+giWWznTRLN9mwu6mUUPCvePGgiFd/hzf/jds2B219MPB4b4aZeUHKmdKO822VVlbX1jfKm5Wt7Z3dPXv/oKVEJik0qeBCdgKigLMEmpppDp1UAokDDu1geDP12yOQionkXo9T8GMySFjIKNFG6tlHnozEQw6eZINIEynFIx5NenbVqTkz4GXiFqSKCjR69pfXFzSLIdGUE6W6rpNqPydSM8phUvEyBSmhQzKArqEJiUH5+ez8CT41Sh+HQppKNJ6pvydyEis1jgPTGRMdqUVvKv7ndTMdXvk5S9JMQ0Lni8KMYy3wNAvcZxKo5mNDCJXM3IppRCSh2iRWMSG4iy8vk9Z5zXVq7t1FtX5dxFFGx+gEnSEXXaI6ukUN1EQU5egZvaI368l6sd6tj3lrySpmDtEfWJ8/7hmWGA==</latexit><latexit sha1_base64="s3/Cw/iD/Ic9TAit26LWmPV1hK0=">AAAB/nicbVBNS8NAEN3Ur1q/ouLJy2IRPJVEBD0WvXisYD+giWWznTRLN9mwu6mUUPCvePGgiFd/hzf/jds2B219MPB4b4aZeUHKmdKO822VVlbX1jfKm5Wt7Z3dPXv/oKVEJik0qeBCdgKigLMEmpppDp1UAokDDu1geDP12yOQionkXo9T8GMySFjIKNFG6tlHnozEQw6eZINIEynFIx5NenbVqTkz4GXiFqSKCjR69pfXFzSLIdGUE6W6rpNqPydSM8phUvEyBSmhQzKArqEJiUH5+ez8CT41Sh+HQppKNJ6pvydyEis1jgPTGRMdqUVvKv7ndTMdXvk5S9JMQ0Lni8KMYy3wNAvcZxKo5mNDCJXM3IppRCSh2iRWMSG4iy8vk9Z5zXVq7t1FtX5dxFFGx+gEnSEXXaI6ukUN1EQU5egZvaI368l6sd6tj3lrySpmDtEfWJ8/7hmWGA==</latexit><latexit sha1_base64="s3/Cw/iD/Ic9TAit26LWmPV1hK0=">AAAB/nicbVBNS8NAEN3Ur1q/ouLJy2IRPJVEBD0WvXisYD+giWWznTRLN9mwu6mUUPCvePGgiFd/hzf/jds2B219MPB4b4aZeUHKmdKO822VVlbX1jfKm5Wt7Z3dPXv/oKVEJik0qeBCdgKigLMEmpppDp1UAokDDu1geDP12yOQionkXo9T8GMySFjIKNFG6tlHnozEQw6eZINIEynFIx5NenbVqTkz4GXiFqSKCjR69pfXFzSLIdGUE6W6rpNqPydSM8phUvEyBSmhQzKArqEJiUH5+ez8CT41Sh+HQppKNJ6pvydyEis1jgPTGRMdqUVvKv7ndTMdXvk5S9JMQ0Lni8KMYy3wNAvcZxKo5mNDCJXM3IppRCSh2iRWMSG4iy8vk9Z5zXVq7t1FtX5dxFFGx+gEnSEXXaI6ukUN1EQU5egZvaI368l6sd6tj3lrySpmDtEfWJ8/7hmWGA==</latexit>

�e
<latexit sha1_base64="gRKFy+QFytmwqWy0cvo5FmmPz8I=">AAAB7XicbVA9SwNBEJ3zM8avqGBjsxgEq3Bno4VFwMYygrkEkjPubeaSNXu3x+6eEo78BxsLRWz9P3b+GzcfhSY+GHi8N8PMvDAVXBvX/XaWlldW19YLG8XNre2d3dLevq9lphjWmRRSNUOqUfAE64Ybgc1UIY1DgY1wcDX2G4+oNJfJrRmmGMS0l/CIM2qs5LfTPr/DTqnsVtwJyCLxZqRcPfSf7gGg1il9tbuSZTEmhgmqdctzUxPkVBnOBI6K7UxjStmA9rBlaUJj1EE+uXZETqzSJZFUthJDJurviZzGWg/j0HbG1PT1vDcW//NamYkugpwnaWYwYdNFUSaIkWT8OulyhcyIoSWUKW5vJaxPFWXGBlS0IXjzLy8S/6ziuRXvxqZxCVMU4AiO4RQ8OIcqXEMN6sDgAZ7hFd4c6bw4787HtHXJmc0cwB84nz+QDpCP</latexit><latexit sha1_base64="74MJShuZzxGyM2nLY3EY87InuhI=">AAAB7XicbVC7SgNBFJ2NrxhfUcHGZjAIVmHXRguLgI1lBLMJJGuYndxNxszODjOzyrLkH2wsFNHS/7HzA/wPJ49CEw9cOJxzL/feE0rOtHHdL6ewtLyyulZcL21sbm3vlHf3fJ2kikKDJjxRrZBo4ExAwzDDoSUVkDjk0AyHl2O/eQ9Ks0TcmExCEJO+YBGjxFjJ78gBu4VuueJW3QnwIvFmpFI78B9k9v1e75Y/O72EpjEIQznRuu250gQ5UYZRDqNSJ9UgCR2SPrQtFSQGHeSTa0f42Co9HCXKljB4ov6eyEmsdRaHtjMmZqDnvbH4n9dOTXQe5EzI1ICg00VRyrFJ8Ph13GMKqOGZJYQqZm/FdEAUocYGVLIhePMvLxL/tOq5Ve/apnGBpiiiQ3SETpCHzlANXaE6aiCK7tAjekYvTuI8Oa/O27S14Mxm9tEfOB8/TZOSnA==</latexit><latexit sha1_base64="74MJShuZzxGyM2nLY3EY87InuhI=">AAAB7XicbVC7SgNBFJ2NrxhfUcHGZjAIVmHXRguLgI1lBLMJJGuYndxNxszODjOzyrLkH2wsFNHS/7HzA/wPJ49CEw9cOJxzL/feE0rOtHHdL6ewtLyyulZcL21sbm3vlHf3fJ2kikKDJjxRrZBo4ExAwzDDoSUVkDjk0AyHl2O/eQ9Ks0TcmExCEJO+YBGjxFjJ78gBu4VuueJW3QnwIvFmpFI78B9k9v1e75Y/O72EpjEIQznRuu250gQ5UYZRDqNSJ9UgCR2SPrQtFSQGHeSTa0f42Co9HCXKljB4ov6eyEmsdRaHtjMmZqDnvbH4n9dOTXQe5EzI1ICg00VRyrFJ8Ph13GMKqOGZJYQqZm/FdEAUocYGVLIhePMvLxL/tOq5Ve/apnGBpiiiQ3SETpCHzlANXaE6aiCK7tAjekYvTuI8Oa/O27S14Mxm9tEfOB8/TZOSnA==</latexit><latexit sha1_base64="pLq6KB/1S9uyUeWp/G4byg43mK0=">AAAB7XicbVA9SwNBEJ2LXzF+RS1tFoNgFe5stLAI2FhGMB+QnGFvM5es2ds9dveEEPIfbCwUsfX/2Plv3CRXaOKDgcd7M8zMi1LBjfX9b6+wtr6xuVXcLu3s7u0flA+PmkZlmmGDKaF0O6IGBZfYsNwKbKcaaRIJbEWjm5nfekJtuJL3dpximNCB5DFn1Dqp2U2H/AF75Ypf9ecgqyTISQVy1Hvlr25fsSxBaZmgxnQCP7XhhGrLmcBpqZsZTCkb0QF2HJU0QRNO5tdOyZlT+iRW2pW0ZK7+npjQxJhxErnOhNqhWfZm4n9eJ7PxVTjhMs0sSrZYFGeCWEVmr5M+18isGDtCmebuVsKGVFNmXUAlF0Kw/PIqaV5UA78a3PmV2nUeRxFO4BTOIYBLqMEt1KEBDB7hGV7hzVPei/fufSxaC14+cwx/4H3+AIWDjww=</latexit>

E
<latexit sha1_base64="iJ/x8cSgmmYNbMN8WtCvsNrlH/U=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0IOHgggeW7Af0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219MPB4b4aZeUEiuDau++0U1tY3NreK26Wd3b39g/LhUUvHqWLYZLGIVSegGgWX2DTcCOwkCmkUCGwH49uZ335CpXksH8wkQT+iQ8lDzqixUuOuX664VXcOskq8nFQgR71f/uoNYpZGKA0TVOuu5ybGz6gynAmclnqpxoSyMR1i11JJI9R+Nj90Ss6sMiBhrGxJQ+bq74mMRlpPosB2RtSM9LI3E//zuqkJr/2MyyQ1KNliUZgKYmIy+5oMuEJmxMQSyhS3txI2oooyY7Mp2RC85ZdXSeui6rlVr3FZqd3kcRThBE7hHDy4ghrcQx2awADhGV7hzXl0Xpx352PRWnDymWP4A+fzB5cfjMM=</latexit><latexit sha1_base64="iJ/x8cSgmmYNbMN8WtCvsNrlH/U=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0IOHgggeW7Af0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219MPB4b4aZeUEiuDau++0U1tY3NreK26Wd3b39g/LhUUvHqWLYZLGIVSegGgWX2DTcCOwkCmkUCGwH49uZ335CpXksH8wkQT+iQ8lDzqixUuOuX664VXcOskq8nFQgR71f/uoNYpZGKA0TVOuu5ybGz6gynAmclnqpxoSyMR1i11JJI9R+Nj90Ss6sMiBhrGxJQ+bq74mMRlpPosB2RtSM9LI3E//zuqkJr/2MyyQ1KNliUZgKYmIy+5oMuEJmxMQSyhS3txI2oooyY7Mp2RC85ZdXSeui6rlVr3FZqd3kcRThBE7hHDy4ghrcQx2awADhGV7hzXl0Xpx352PRWnDymWP4A+fzB5cfjMM=</latexit><latexit sha1_base64="iJ/x8cSgmmYNbMN8WtCvsNrlH/U=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0IOHgggeW7Af0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219MPB4b4aZeUEiuDau++0U1tY3NreK26Wd3b39g/LhUUvHqWLYZLGIVSegGgWX2DTcCOwkCmkUCGwH49uZ335CpXksH8wkQT+iQ8lDzqixUuOuX664VXcOskq8nFQgR71f/uoNYpZGKA0TVOuu5ybGz6gynAmclnqpxoSyMR1i11JJI9R+Nj90Ss6sMiBhrGxJQ+bq74mMRlpPosB2RtSM9LI3E//zuqkJr/2MyyQ1KNliUZgKYmIy+5oMuEJmxMQSyhS3txI2oooyY7Mp2RC85ZdXSeui6rlVr3FZqd3kcRThBE7hHDy4ghrcQx2awADhGV7hzXl0Xpx352PRWnDymWP4A+fzB5cfjMM=</latexit><latexit sha1_base64="iJ/x8cSgmmYNbMN8WtCvsNrlH/U=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0IOHgggeW7Af0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219MPB4b4aZeUEiuDau++0U1tY3NreK26Wd3b39g/LhUUvHqWLYZLGIVSegGgWX2DTcCOwkCmkUCGwH49uZ335CpXksH8wkQT+iQ8lDzqixUuOuX664VXcOskq8nFQgR71f/uoNYpZGKA0TVOuu5ybGz6gynAmclnqpxoSyMR1i11JJI9R+Nj90Ss6sMiBhrGxJQ+bq74mMRlpPosB2RtSM9LI3E//zuqkJr/2MyyQ1KNliUZgKYmIy+5oMuEJmxMQSyhS3txI2oooyY7Mp2RC85ZdXSeui6rlVr3FZqd3kcRThBE7hHDy4ghrcQx2awADhGV7hzXl0Xpx352PRWnDymWP4A+fzB5cfjMM=</latexit>

V
<latexit sha1_base64="xc4uzoZiBSxZUZkArgltxczS6nM=">AAAB6HicbVA9SwNBEJ2LXzF+RS1tFoNgFe5EiIVFwMYyAfMByRH2NnPJmr29Y3dPCEd+gY2FIrb+JDv/jZvkCk18MPB4b4aZeUEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqWLYYrGIVTegGgWX2DLcCOwmCmkUCOwEk7u533lCpXksH8w0QT+iI8lDzqixUrM9KFfcqrsAWSdeTiqQozEof/WHMUsjlIYJqnXPcxPjZ1QZzgTOSv1UY0LZhI6wZ6mkEWo/Wxw6IxdWGZIwVrakIQv190RGI62nUWA7I2rGetWbi/95vdSEN37GZZIalGy5KEwFMTGZf02GXCEzYmoJZYrbWwkbU0WZsdmUbAje6svrpH1V9dyq17yu1G/zOIpwBudwCR7UoA730IAWMEB4hld4cx6dF+fd+Vi2Fpx85hT+wPn8AbDjjNQ=</latexit><latexit sha1_base64="xc4uzoZiBSxZUZkArgltxczS6nM=">AAAB6HicbVA9SwNBEJ2LXzF+RS1tFoNgFe5EiIVFwMYyAfMByRH2NnPJmr29Y3dPCEd+gY2FIrb+JDv/jZvkCk18MPB4b4aZeUEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqWLYYrGIVTegGgWX2DLcCOwmCmkUCOwEk7u533lCpXksH8w0QT+iI8lDzqixUrM9KFfcqrsAWSdeTiqQozEof/WHMUsjlIYJqnXPcxPjZ1QZzgTOSv1UY0LZhI6wZ6mkEWo/Wxw6IxdWGZIwVrakIQv190RGI62nUWA7I2rGetWbi/95vdSEN37GZZIalGy5KEwFMTGZf02GXCEzYmoJZYrbWwkbU0WZsdmUbAje6svrpH1V9dyq17yu1G/zOIpwBudwCR7UoA730IAWMEB4hld4cx6dF+fd+Vi2Fpx85hT+wPn8AbDjjNQ=</latexit><latexit sha1_base64="xc4uzoZiBSxZUZkArgltxczS6nM=">AAAB6HicbVA9SwNBEJ2LXzF+RS1tFoNgFe5EiIVFwMYyAfMByRH2NnPJmr29Y3dPCEd+gY2FIrb+JDv/jZvkCk18MPB4b4aZeUEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqWLYYrGIVTegGgWX2DLcCOwmCmkUCOwEk7u533lCpXksH8w0QT+iI8lDzqixUrM9KFfcqrsAWSdeTiqQozEof/WHMUsjlIYJqnXPcxPjZ1QZzgTOSv1UY0LZhI6wZ6mkEWo/Wxw6IxdWGZIwVrakIQv190RGI62nUWA7I2rGetWbi/95vdSEN37GZZIalGy5KEwFMTGZf02GXCEzYmoJZYrbWwkbU0WZsdmUbAje6svrpH1V9dyq17yu1G/zOIpwBudwCR7UoA730IAWMEB4hld4cx6dF+fd+Vi2Fpx85hT+wPn8AbDjjNQ=</latexit><latexit sha1_base64="xc4uzoZiBSxZUZkArgltxczS6nM=">AAAB6HicbVA9SwNBEJ2LXzF+RS1tFoNgFe5EiIVFwMYyAfMByRH2NnPJmr29Y3dPCEd+gY2FIrb+JDv/jZvkCk18MPB4b4aZeUEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqWLYYrGIVTegGgWX2DLcCOwmCmkUCOwEk7u533lCpXksH8w0QT+iI8lDzqixUrM9KFfcqrsAWSdeTiqQozEof/WHMUsjlIYJqnXPcxPjZ1QZzgTOSv1UY0LZhI6wZ6mkEWo/Wxw6IxdWGZIwVrakIQv190RGI62nUWA7I2rGetWbi/95vdSEN37GZZIalGy5KEwFMTGZf02GXCEzYmoJZYrbWwkbU0WZsdmUbAje6svrpH1V9dyq17yu1G/zOIpwBudwCR7UoA730IAWMEB4hld4cx6dF+fd+Vi2Fpx85hT+wPn8AbDjjNQ=</latexit>

(c) Message-passing neural network

Edge block Node block Global block

V �
<latexit sha1_base64="gAQ7qdt3IKvK5oBqK3uN1PHYi1k=">AAAB6XicbVA9SwNBEJ2LXzF+RS1tFoNoFe4koIVFwMYyivmA5Ah7m7lkyd7esbsnhCP/wMZCEVv/kZ3/xk1yhSY+GHi8N8PMvCARXBvX/XYKa+sbm1vF7dLO7t7+QfnwqKXjVDFssljEqhNQjYJLbBpuBHYShTQKBLaD8e3Mbz+h0jyWj2aSoB/RoeQhZ9RY6aF13i9X3Ko7B1klXk4qkKPRL3/1BjFLI5SGCap113MT42dUGc4ETku9VGNC2ZgOsWuppBFqP5tfOiVnVhmQMFa2pCFz9fdERiOtJ1FgOyNqRnrZm4n/ed3UhNd+xmWSGpRssShMBTExmb1NBlwhM2JiCWWK21sJG1FFmbHhlGwI3vLLq6R1WfXcqndfq9Rv8jiKcAKncAEeXEEd7qABTWAQwjO8wpszdl6cd+dj0Vpw8plj+APn8wcRSI0F</latexit><latexit sha1_base64="gAQ7qdt3IKvK5oBqK3uN1PHYi1k=">AAAB6XicbVA9SwNBEJ2LXzF+RS1tFoNoFe4koIVFwMYyivmA5Ah7m7lkyd7esbsnhCP/wMZCEVv/kZ3/xk1yhSY+GHi8N8PMvCARXBvX/XYKa+sbm1vF7dLO7t7+QfnwqKXjVDFssljEqhNQjYJLbBpuBHYShTQKBLaD8e3Mbz+h0jyWj2aSoB/RoeQhZ9RY6aF13i9X3Ko7B1klXk4qkKPRL3/1BjFLI5SGCap113MT42dUGc4ETku9VGNC2ZgOsWuppBFqP5tfOiVnVhmQMFa2pCFz9fdERiOtJ1FgOyNqRnrZm4n/ed3UhNd+xmWSGpRssShMBTExmb1NBlwhM2JiCWWK21sJG1FFmbHhlGwI3vLLq6R1WfXcqndfq9Rv8jiKcAKncAEeXEEd7qABTWAQwjO8wpszdl6cd+dj0Vpw8plj+APn8wcRSI0F</latexit><latexit sha1_base64="gAQ7qdt3IKvK5oBqK3uN1PHYi1k=">AAAB6XicbVA9SwNBEJ2LXzF+RS1tFoNoFe4koIVFwMYyivmA5Ah7m7lkyd7esbsnhCP/wMZCEVv/kZ3/xk1yhSY+GHi8N8PMvCARXBvX/XYKa+sbm1vF7dLO7t7+QfnwqKXjVDFssljEqhNQjYJLbBpuBHYShTQKBLaD8e3Mbz+h0jyWj2aSoB/RoeQhZ9RY6aF13i9X3Ko7B1klXk4qkKPRL3/1BjFLI5SGCap113MT42dUGc4ETku9VGNC2ZgOsWuppBFqP5tfOiVnVhmQMFa2pCFz9fdERiOtJ1FgOyNqRnrZm4n/ed3UhNd+xmWSGpRssShMBTExmb1NBlwhM2JiCWWK21sJG1FFmbHhlGwI3vLLq6R1WfXcqndfq9Rv8jiKcAKncAEeXEEd7qABTWAQwjO8wpszdl6cd+dj0Vpw8plj+APn8wcRSI0F</latexit><latexit sha1_base64="gAQ7qdt3IKvK5oBqK3uN1PHYi1k=">AAAB6XicbVA9SwNBEJ2LXzF+RS1tFoNoFe4koIVFwMYyivmA5Ah7m7lkyd7esbsnhCP/wMZCEVv/kZ3/xk1yhSY+GHi8N8PMvCARXBvX/XYKa+sbm1vF7dLO7t7+QfnwqKXjVDFssljEqhNQjYJLbBpuBHYShTQKBLaD8e3Mbz+h0jyWj2aSoB/RoeQhZ9RY6aF13i9X3Ko7B1klXk4qkKPRL3/1BjFLI5SGCap113MT42dUGc4ETku9VGNC2ZgOsWuppBFqP5tfOiVnVhmQMFa2pCFz9fdERiOtJ1FgOyNqRnrZm4n/ed3UhNd+xmWSGpRssShMBTExmb1NBlwhM2JiCWWK21sJG1FFmbHhlGwI3vLLq6R1WfXcqndfq9Rv8jiKcAKncAEeXEEd7qABTWAQwjO8wpszdl6cd+dj0Vpw8plj+APn8wcRSI0F</latexit>

<latexit sha1_base64="m8MJ1M94ujO0d0COo5n2Dsol6rc=">AAAB53icbVC7SgNBFL0bXzG+opY2g0GwCrs2phAM2FhGMA9IFpmdvZsMmZ1dZmaFsKS0sbFQxNZP8Rfs/AZ/wsmj0MQDFw7nnMt9BKng2rjul1NYWV1b3yhulra2d3b3yvsHLZ1kimGTJSJRnYBqFFxi03AjsJMqpHEgsB0MryZ++x6V5om8NaMU/Zj2JY84o8ZKjbtyxa26U5Bl4s1J5fLj+4EAgM1/9sKEZTFKwwTVuuu5qfFzqgxnAselXqYxpWxI+9i1VNIYtZ9P9xyTE6uEJEqULWnIVP3dkdNY61Ec2GRMzUAvehPxP6+bmajm51ymmUHJZoOiTBCTkMnRJOQKmREjSyhT3O5K2IAqyox9Tck+wVs8eZm0zqqeW/Vu3Er9AmYowhEcwyl4cA51uIYGNIFBCI/wDC8Od56cV+dtFi04855D+APn/Qd/sI8A</latexit><latexit sha1_base64="q1zM5ZsCNMJAtNUZI97B98ATlaA=">AAAB53icbVC7SgNBFL3rM8ZX1FKQwSBYhV0bLQQDNpYJmAckQWZn7yZDZmeXmVkhLCltbCwUsfUvbP0FO79BP8LJo9DEAxcO55zLffiJ4Nq47qezsLi0vLKaW8uvb2xubRd2dus6ThXDGotFrJo+1Si4xJrhRmAzUUgjX2DD71+O/MYtKs1jeW0GCXYi2pU85IwaK1VuCkW35I5B5ok3JcWL96+7g7fqt81/tIOYpRFKwwTVuuW5ielkVBnOBA7z7VRjQlmfdrFlqaQR6k423nNIjqwSkDBWtqQhY/V3R0YjrQeRb5MRNT09643E/7xWasKzTsZlkhqUbDIoTAUxMRkdTQKukBkxsIQyxe2uhPWooszY1+TtE7zZk+dJ/aTkuSWv6hbL5zBBDvbhEI7Bg1MowxVUoAYMAriHR3hyuPPgPDsvk+iCM+3Zgz9wXn8AGkeQ8w==</latexit><latexit sha1_base64="q1zM5ZsCNMJAtNUZI97B98ATlaA=">AAAB53icbVC7SgNBFL3rM8ZX1FKQwSBYhV0bLQQDNpYJmAckQWZn7yZDZmeXmVkhLCltbCwUsfUvbP0FO79BP8LJo9DEAxcO55zLffiJ4Nq47qezsLi0vLKaW8uvb2xubRd2dus6ThXDGotFrJo+1Si4xJrhRmAzUUgjX2DD71+O/MYtKs1jeW0GCXYi2pU85IwaK1VuCkW35I5B5ok3JcWL96+7g7fqt81/tIOYpRFKwwTVuuW5ielkVBnOBA7z7VRjQlmfdrFlqaQR6k423nNIjqwSkDBWtqQhY/V3R0YjrQeRb5MRNT09643E/7xWasKzTsZlkhqUbDIoTAUxMRkdTQKukBkxsIQyxe2uhPWooszY1+TtE7zZk+dJ/aTkuSWv6hbL5zBBDvbhEI7Bg1MowxVUoAYMAriHR3hyuPPgPDsvk+iCM+3Zgz9wXn8AGkeQ8w==</latexit><latexit sha1_base64="ioxb3woZF1oAlTScqds23PrgiMY=">AAAB53icbVC7SgNBFL3rM8ZX1NJmMAhWYdZGC4uAjWUE84BkkdnZ2WTI7Owyc1cIS37AxkIRW3/Jzr9xkmyhiQcGDuecy9x7wkxJi5R+e2vrG5tb25Wd6u7e/sFh7ei4Y9PccNHmqUpNL2RWKKlFGyUq0cuMYEmoRDcc38787pMwVqb6ASeZCBI21DKWnKGTWo+1Om3QOcgq8UtShxIu/zWIUp4nQiNXzNq+TzMMCmZQciWm1UFuRcb4mA1F31HNEmGDYr7nlJw7JSJxatzTSObq74mCJdZOktAlE4Yju+zNxP+8fo7xdVBIneUoNF98FOeKYEpmR5NIGsFRTRxh3Ei3K+EjZhhHV03VleAvn7xKOpcNnzb8e1pv3pR1VOAUzuACfLiCJtxBC9rAIYJneIU3T3ov3rv3sYiueeXMCfyB9/kDCGmMcA==</latexit>

�v
<latexit sha1_base64="HCiXjOq04H3f4Ed7vqyiRfd+2dI=">AAAB7XicbVA9SwNBEJ2LXzF+nQo2NotBsAp3NlpYBGwsI5hLIDnj3mYvWbO3e+zuRcKR/2BjoYit/8fOf+Pmo9DEBwOP92aYmRelnGnjed9OYWV1bX2juFna2t7Z3XP3DwItM0VonUguVTPCmnImaN0ww2kzVRQnEaeNaHA98RtDqjST4s6MUhomuCdYzAg2VgraaZ/dDztu2at4U6Bl4s9JuXoUPD0AQK3jfrW7kmQJFYZwrHXL91IT5lgZRjgdl9qZpikmA9yjLUsFTqgO8+m1Y3RqlS6KpbIlDJqqvydynGg9SiLbmWDT14veRPzPa2UmvgxzJtLMUEFmi+KMIyPR5HXUZYoSw0eWYKKYvRWRPlaYGBtQyYbgL768TILziu9V/FubxhXMUIRjOIEz8OECqnADNagDgUd4hld4c6Tz4rw7H7PWgjOfOYQ/cD5/AKnSkKA=</latexit><latexit sha1_base64="/voSHBGyFE5xYPVKPYM/GTIarLQ=">AAAB7XicbVC7SgNBFL3rM8ZXVLCxWQyCVdi10cIiYGMZwWwCyRpmJ7PJmNmZYWY2siz5BxsLRbT0f+z8AP/DyaPQxAMXDufcy733RJJRbTzvy1laXlldWy9sFDe3tnd2S3v7gRapwqSOBROqGSFNGOWkbqhhpCkVQUnESCMaXI39xpAoTQW/NZkkYYJ6nMYUI2OloC379G7YKZW9ijeBu0j8GSlXD4MHmX2/1zqlz3ZX4DQh3GCGtG75njRhjpShmJFRsZ1qIhEeoB5pWcpRQnSYT64duSdW6bqxULa4cSfq74kcJVpnSWQ7E2T6et4bi/95rdTEF2FOuUwN4Xi6KE6Za4Q7ft3tUkWwYZklCCtqb3VxHymEjQ2oaEPw519eJMFZxfcq/o1N4xKmKMARHMMp+HAOVbiGGtQBwz08wjO8OMJ5cl6dt2nrkjObOYA/cD5+AGdXkq0=</latexit><latexit sha1_base64="/voSHBGyFE5xYPVKPYM/GTIarLQ=">AAAB7XicbVC7SgNBFL3rM8ZXVLCxWQyCVdi10cIiYGMZwWwCyRpmJ7PJmNmZYWY2siz5BxsLRbT0f+z8AP/DyaPQxAMXDufcy733RJJRbTzvy1laXlldWy9sFDe3tnd2S3v7gRapwqSOBROqGSFNGOWkbqhhpCkVQUnESCMaXI39xpAoTQW/NZkkYYJ6nMYUI2OloC379G7YKZW9ijeBu0j8GSlXD4MHmX2/1zqlz3ZX4DQh3GCGtG75njRhjpShmJFRsZ1qIhEeoB5pWcpRQnSYT64duSdW6bqxULa4cSfq74kcJVpnSWQ7E2T6et4bi/95rdTEF2FOuUwN4Xi6KE6Za4Q7ft3tUkWwYZklCCtqb3VxHymEjQ2oaEPw519eJMFZxfcq/o1N4xKmKMARHMMp+HAOVbiGGtQBwz08wjO8OMJ5cl6dt2nrkjObOYA/cD5+AGdXkq0=</latexit><latexit sha1_base64="Fc8T4ygtia14k1z/CDji4ezWDqY=">AAAB7XicbVA9SwNBEJ3zM8avqKXNYhCswp2NFhYBG8sI5gOSM+xtNsmavd1jdy4QjvwHGwtFbP0/dv4bN8kVmvhg4PHeDDPzokQKi77/7a2tb2xubRd2irt7+weHpaPjhtWpYbzOtNSmFVHLpVC8jgIlbyWG0ziSvBmNbmd+c8yNFVo94CThYUwHSvQFo+ikRicZisdxt1T2K/4cZJUEOSlDjlq39NXpaZbGXCGT1Np24CcYZtSgYJJPi53U8oSyER3wtqOKxtyG2fzaKTl3So/0tXGlkMzV3xMZja2dxJHrjCkO7bI3E//z2in2r8NMqCRFrthiUT+VBDWZvU56wnCGcuIIZUa4WwkbUkMZuoCKLoRg+eVV0risBH4luPfL1Zs8jgKcwhlcQABXUIU7qEEdGDzBM7zCm6e9F+/d+1i0rnn5zAn8gff5A59Hjx0=</latexit>

⇢e�v
<latexit sha1_base64="s3/Cw/iD/Ic9TAit26LWmPV1hK0=">AAAB/nicbVBNS8NAEN3Ur1q/ouLJy2IRPJVEBD0WvXisYD+giWWznTRLN9mwu6mUUPCvePGgiFd/hzf/jds2B219MPB4b4aZeUHKmdKO822VVlbX1jfKm5Wt7Z3dPXv/oKVEJik0qeBCdgKigLMEmpppDp1UAokDDu1geDP12yOQionkXo9T8GMySFjIKNFG6tlHnozEQw6eZINIEynFIx5NenbVqTkz4GXiFqSKCjR69pfXFzSLIdGUE6W6rpNqPydSM8phUvEyBSmhQzKArqEJiUH5+ez8CT41Sh+HQppKNJ6pvydyEis1jgPTGRMdqUVvKv7ndTMdXvk5S9JMQ0Lni8KMYy3wNAvcZxKo5mNDCJXM3IppRCSh2iRWMSG4iy8vk9Z5zXVq7t1FtX5dxFFGx+gEnSEXXaI6ukUN1EQU5egZvaI368l6sd6tj3lrySpmDtEfWJ8/7hmWGA==</latexit><latexit sha1_base64="s3/Cw/iD/Ic9TAit26LWmPV1hK0=">AAAB/nicbVBNS8NAEN3Ur1q/ouLJy2IRPJVEBD0WvXisYD+giWWznTRLN9mwu6mUUPCvePGgiFd/hzf/jds2B219MPB4b4aZeUHKmdKO822VVlbX1jfKm5Wt7Z3dPXv/oKVEJik0qeBCdgKigLMEmpppDp1UAokDDu1geDP12yOQionkXo9T8GMySFjIKNFG6tlHnozEQw6eZINIEynFIx5NenbVqTkz4GXiFqSKCjR69pfXFzSLIdGUE6W6rpNqPydSM8phUvEyBSmhQzKArqEJiUH5+ez8CT41Sh+HQppKNJ6pvydyEis1jgPTGRMdqUVvKv7ndTMdXvk5S9JMQ0Lni8KMYy3wNAvcZxKo5mNDCJXM3IppRCSh2iRWMSG4iy8vk9Z5zXVq7t1FtX5dxFFGx+gEnSEXXaI6ukUN1EQU5egZvaI368l6sd6tj3lrySpmDtEfWJ8/7hmWGA==</latexit><latexit sha1_base64="s3/Cw/iD/Ic9TAit26LWmPV1hK0=">AAAB/nicbVBNS8NAEN3Ur1q/ouLJy2IRPJVEBD0WvXisYD+giWWznTRLN9mwu6mUUPCvePGgiFd/hzf/jds2B219MPB4b4aZeUHKmdKO822VVlbX1jfKm5Wt7Z3dPXv/oKVEJik0qeBCdgKigLMEmpppDp1UAokDDu1geDP12yOQionkXo9T8GMySFjIKNFG6tlHnozEQw6eZINIEynFIx5NenbVqTkz4GXiFqSKCjR69pfXFzSLIdGUE6W6rpNqPydSM8phUvEyBSmhQzKArqEJiUH5+ez8CT41Sh+HQppKNJ6pvydyEis1jgPTGRMdqUVvKv7ndTMdXvk5S9JMQ0Lni8KMYy3wNAvcZxKo5mNDCJXM3IppRCSh2iRWMSG4iy8vk9Z5zXVq7t1FtX5dxFFGx+gEnSEXXaI6ukUN1EQU5egZvaI368l6sd6tj3lrySpmDtEfWJ8/7hmWGA==</latexit><latexit sha1_base64="s3/Cw/iD/Ic9TAit26LWmPV1hK0=">AAAB/nicbVBNS8NAEN3Ur1q/ouLJy2IRPJVEBD0WvXisYD+giWWznTRLN9mwu6mUUPCvePGgiFd/hzf/jds2B219MPB4b4aZeUHKmdKO822VVlbX1jfKm5Wt7Z3dPXv/oKVEJik0qeBCdgKigLMEmpppDp1UAokDDu1geDP12yOQionkXo9T8GMySFjIKNFG6tlHnozEQw6eZINIEynFIx5NenbVqTkz4GXiFqSKCjR69pfXFzSLIdGUE6W6rpNqPydSM8phUvEyBSmhQzKArqEJiUH5+ez8CT41Sh+HQppKNJ6pvydyEis1jgPTGRMdqUVvKv7ndTMdXvk5S9JMQ0Lni8KMYy3wNAvcZxKo5mNDCJXM3IppRCSh2iRWMSG4iy8vk9Z5zXVq7t1FtX5dxFFGx+gEnSEXXaI6ukUN1EQU5egZvaI368l6sd6tj3lrySpmDtEfWJ8/7hmWGA==</latexit>

�e
<latexit sha1_base64="gRKFy+QFytmwqWy0cvo5FmmPz8I=">AAAB7XicbVA9SwNBEJ3zM8avqGBjsxgEq3Bno4VFwMYygrkEkjPubeaSNXu3x+6eEo78BxsLRWz9P3b+GzcfhSY+GHi8N8PMvDAVXBvX/XaWlldW19YLG8XNre2d3dLevq9lphjWmRRSNUOqUfAE64Ybgc1UIY1DgY1wcDX2G4+oNJfJrRmmGMS0l/CIM2qs5LfTPr/DTqnsVtwJyCLxZqRcPfSf7gGg1il9tbuSZTEmhgmqdctzUxPkVBnOBI6K7UxjStmA9rBlaUJj1EE+uXZETqzSJZFUthJDJurviZzGWg/j0HbG1PT1vDcW//NamYkugpwnaWYwYdNFUSaIkWT8OulyhcyIoSWUKW5vJaxPFWXGBlS0IXjzLy8S/6ziuRXvxqZxCVMU4AiO4RQ8OIcqXEMN6sDgAZ7hFd4c6bw4787HtHXJmc0cwB84nz+QDpCP</latexit><latexit sha1_base64="74MJShuZzxGyM2nLY3EY87InuhI=">AAAB7XicbVC7SgNBFJ2NrxhfUcHGZjAIVmHXRguLgI1lBLMJJGuYndxNxszODjOzyrLkH2wsFNHS/7HzA/wPJ49CEw9cOJxzL/feE0rOtHHdL6ewtLyyulZcL21sbm3vlHf3fJ2kikKDJjxRrZBo4ExAwzDDoSUVkDjk0AyHl2O/eQ9Ks0TcmExCEJO+YBGjxFjJ78gBu4VuueJW3QnwIvFmpFI78B9k9v1e75Y/O72EpjEIQznRuu250gQ5UYZRDqNSJ9UgCR2SPrQtFSQGHeSTa0f42Co9HCXKljB4ov6eyEmsdRaHtjMmZqDnvbH4n9dOTXQe5EzI1ICg00VRyrFJ8Ph13GMKqOGZJYQqZm/FdEAUocYGVLIhePMvLxL/tOq5Ve/apnGBpiiiQ3SETpCHzlANXaE6aiCK7tAjekYvTuI8Oa/O27S14Mxm9tEfOB8/TZOSnA==</latexit><latexit sha1_base64="74MJShuZzxGyM2nLY3EY87InuhI=">AAAB7XicbVC7SgNBFJ2NrxhfUcHGZjAIVmHXRguLgI1lBLMJJGuYndxNxszODjOzyrLkH2wsFNHS/7HzA/wPJ49CEw9cOJxzL/feE0rOtHHdL6ewtLyyulZcL21sbm3vlHf3fJ2kikKDJjxRrZBo4ExAwzDDoSUVkDjk0AyHl2O/eQ9Ks0TcmExCEJO+YBGjxFjJ78gBu4VuueJW3QnwIvFmpFI78B9k9v1e75Y/O72EpjEIQznRuu250gQ5UYZRDqNSJ9UgCR2SPrQtFSQGHeSTa0f42Co9HCXKljB4ov6eyEmsdRaHtjMmZqDnvbH4n9dOTXQe5EzI1ICg00VRyrFJ8Ph13GMKqOGZJYQqZm/FdEAUocYGVLIhePMvLxL/tOq5Ve/apnGBpiiiQ3SETpCHzlANXaE6aiCK7tAjekYvTuI8Oa/O27S14Mxm9tEfOB8/TZOSnA==</latexit><latexit sha1_base64="pLq6KB/1S9uyUeWp/G4byg43mK0=">AAAB7XicbVA9SwNBEJ2LXzF+RS1tFoNgFe5stLAI2FhGMB+QnGFvM5es2ds9dveEEPIfbCwUsfX/2Plv3CRXaOKDgcd7M8zMi1LBjfX9b6+wtr6xuVXcLu3s7u0flA+PmkZlmmGDKaF0O6IGBZfYsNwKbKcaaRIJbEWjm5nfekJtuJL3dpximNCB5DFn1Dqp2U2H/AF75Ypf9ecgqyTISQVy1Hvlr25fsSxBaZmgxnQCP7XhhGrLmcBpqZsZTCkb0QF2HJU0QRNO5tdOyZlT+iRW2pW0ZK7+npjQxJhxErnOhNqhWfZm4n9eJ7PxVTjhMs0sSrZYFGeCWEVmr5M+18isGDtCmebuVsKGVFNmXUAlF0Kw/PIqaV5UA78a3PmV2nUeRxFO4BTOIYBLqMEt1KEBDB7hGV7hzVPei/fufSxaC14+cwx/4H3+AIWDjww=</latexit>

E
<latexit sha1_base64="iJ/x8cSgmmYNbMN8WtCvsNrlH/U=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0IOHgggeW7Af0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219MPB4b4aZeUEiuDau++0U1tY3NreK26Wd3b39g/LhUUvHqWLYZLGIVSegGgWX2DTcCOwkCmkUCGwH49uZ335CpXksH8wkQT+iQ8lDzqixUuOuX664VXcOskq8nFQgR71f/uoNYpZGKA0TVOuu5ybGz6gynAmclnqpxoSyMR1i11JJI9R+Nj90Ss6sMiBhrGxJQ+bq74mMRlpPosB2RtSM9LI3E//zuqkJr/2MyyQ1KNliUZgKYmIy+5oMuEJmxMQSyhS3txI2oooyY7Mp2RC85ZdXSeui6rlVr3FZqd3kcRThBE7hHDy4ghrcQx2awADhGV7hzXl0Xpx352PRWnDymWP4A+fzB5cfjMM=</latexit><latexit sha1_base64="iJ/x8cSgmmYNbMN8WtCvsNrlH/U=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0IOHgggeW7Af0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219MPB4b4aZeUEiuDau++0U1tY3NreK26Wd3b39g/LhUUvHqWLYZLGIVSegGgWX2DTcCOwkCmkUCGwH49uZ335CpXksH8wkQT+iQ8lDzqixUuOuX664VXcOskq8nFQgR71f/uoNYpZGKA0TVOuu5ybGz6gynAmclnqpxoSyMR1i11JJI9R+Nj90Ss6sMiBhrGxJQ+bq74mMRlpPosB2RtSM9LI3E//zuqkJr/2MyyQ1KNliUZgKYmIy+5oMuEJmxMQSyhS3txI2oooyY7Mp2RC85ZdXSeui6rlVr3FZqd3kcRThBE7hHDy4ghrcQx2awADhGV7hzXl0Xpx352PRWnDymWP4A+fzB5cfjMM=</latexit><latexit sha1_base64="iJ/x8cSgmmYNbMN8WtCvsNrlH/U=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0IOHgggeW7Af0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219MPB4b4aZeUEiuDau++0U1tY3NreK26Wd3b39g/LhUUvHqWLYZLGIVSegGgWX2DTcCOwkCmkUCGwH49uZ335CpXksH8wkQT+iQ8lDzqixUuOuX664VXcOskq8nFQgR71f/uoNYpZGKA0TVOuu5ybGz6gynAmclnqpxoSyMR1i11JJI9R+Nj90Ss6sMiBhrGxJQ+bq74mMRlpPosB2RtSM9LI3E//zuqkJr/2MyyQ1KNliUZgKYmIy+5oMuEJmxMQSyhS3txI2oooyY7Mp2RC85ZdXSeui6rlVr3FZqd3kcRThBE7hHDy4ghrcQx2awADhGV7hzXl0Xpx352PRWnDymWP4A+fzB5cfjMM=</latexit><latexit sha1_base64="iJ/x8cSgmmYNbMN8WtCvsNrlH/U=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0IOHgggeW7Af0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219MPB4b4aZeUEiuDau++0U1tY3NreK26Wd3b39g/LhUUvHqWLYZLGIVSegGgWX2DTcCOwkCmkUCGwH49uZ335CpXksH8wkQT+iQ8lDzqixUuOuX664VXcOskq8nFQgR71f/uoNYpZGKA0TVOuu5ybGz6gynAmclnqpxoSyMR1i11JJI9R+Nj90Ss6sMiBhrGxJQ+bq74mMRlpPosB2RtSM9LI3E//zuqkJr/2MyyQ1KNliUZgKYmIy+5oMuEJmxMQSyhS3txI2oooyY7Mp2RC85ZdXSeui6rlVr3FZqd3kcRThBE7hHDy4ghrcQx2awADhGV7hzXl0Xpx352PRWnDymWP4A+fzB5cfjMM=</latexit>

V
<latexit sha1_base64="xc4uzoZiBSxZUZkArgltxczS6nM=">AAAB6HicbVA9SwNBEJ2LXzF+RS1tFoNgFe5EiIVFwMYyAfMByRH2NnPJmr29Y3dPCEd+gY2FIrb+JDv/jZvkCk18MPB4b4aZeUEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqWLYYrGIVTegGgWX2DLcCOwmCmkUCOwEk7u533lCpXksH8w0QT+iI8lDzqixUrM9KFfcqrsAWSdeTiqQozEof/WHMUsjlIYJqnXPcxPjZ1QZzgTOSv1UY0LZhI6wZ6mkEWo/Wxw6IxdWGZIwVrakIQv190RGI62nUWA7I2rGetWbi/95vdSEN37GZZIalGy5KEwFMTGZf02GXCEzYmoJZYrbWwkbU0WZsdmUbAje6svrpH1V9dyq17yu1G/zOIpwBudwCR7UoA730IAWMEB4hld4cx6dF+fd+Vi2Fpx85hT+wPn8AbDjjNQ=</latexit><latexit sha1_base64="xc4uzoZiBSxZUZkArgltxczS6nM=">AAAB6HicbVA9SwNBEJ2LXzF+RS1tFoNgFe5EiIVFwMYyAfMByRH2NnPJmr29Y3dPCEd+gY2FIrb+JDv/jZvkCk18MPB4b4aZeUEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqWLYYrGIVTegGgWX2DLcCOwmCmkUCOwEk7u533lCpXksH8w0QT+iI8lDzqixUrM9KFfcqrsAWSdeTiqQozEof/WHMUsjlIYJqnXPcxPjZ1QZzgTOSv1UY0LZhI6wZ6mkEWo/Wxw6IxdWGZIwVrakIQv190RGI62nUWA7I2rGetWbi/95vdSEN37GZZIalGy5KEwFMTGZf02GXCEzYmoJZYrbWwkbU0WZsdmUbAje6svrpH1V9dyq17yu1G/zOIpwBudwCR7UoA730IAWMEB4hld4cx6dF+fd+Vi2Fpx85hT+wPn8AbDjjNQ=</latexit><latexit sha1_base64="xc4uzoZiBSxZUZkArgltxczS6nM=">AAAB6HicbVA9SwNBEJ2LXzF+RS1tFoNgFe5EiIVFwMYyAfMByRH2NnPJmr29Y3dPCEd+gY2FIrb+JDv/jZvkCk18MPB4b4aZeUEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqWLYYrGIVTegGgWX2DLcCOwmCmkUCOwEk7u533lCpXksH8w0QT+iI8lDzqixUrM9KFfcqrsAWSdeTiqQozEof/WHMUsjlIYJqnXPcxPjZ1QZzgTOSv1UY0LZhI6wZ6mkEWo/Wxw6IxdWGZIwVrakIQv190RGI62nUWA7I2rGetWbi/95vdSEN37GZZIalGy5KEwFMTGZf02GXCEzYmoJZYrbWwkbU0WZsdmUbAje6svrpH1V9dyq17yu1G/zOIpwBudwCR7UoA730IAWMEB4hld4cx6dF+fd+Vi2Fpx85hT+wPn8AbDjjNQ=</latexit><latexit sha1_base64="xc4uzoZiBSxZUZkArgltxczS6nM=">AAAB6HicbVA9SwNBEJ2LXzF+RS1tFoNgFe5EiIVFwMYyAfMByRH2NnPJmr29Y3dPCEd+gY2FIrb+JDv/jZvkCk18MPB4b4aZeUEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqWLYYrGIVTegGgWX2DLcCOwmCmkUCOwEk7u533lCpXksH8w0QT+iI8lDzqixUrM9KFfcqrsAWSdeTiqQozEof/WHMUsjlIYJqnXPcxPjZ1QZzgTOSv1UY0LZhI6wZ6mkEWo/Wxw6IxdWGZIwVrakIQv190RGI62nUWA7I2rGetWbi/95vdSEN37GZZIalGy5KEwFMTGZf02GXCEzYmoJZYrbWwkbU0WZsdmUbAje6svrpH1V9dyq17yu1G/zOIpwBudwCR7UoA730IAWMEB4hld4cx6dF+fd+Vi2Fpx85hT+wPn8AbDjjNQ=</latexit>

(d) Non-local neural network

Edge block Node block Global block

u�
<latexit sha1_base64="Z/n1gIms2/ONBt0R58c8NGdBbqU=">AAAB8nicbVDLSsNAFL2pr1pfVZduBovoqiQi6MJFwY3LCvYBbSiT6aQdOpmEmRuhhH6GGxeKuPVr3Pk3TtostPXAwOGce5lzT5BIYdB1v53S2vrG5lZ5u7Kzu7d/UD08aps41Yy3WCxj3Q2o4VIo3kKBkncTzWkUSN4JJne533ni2ohYPeI04X5ER0qEglG0Uq8fURwHYZbOzgfVmlt35yCrxCtIDQo0B9Wv/jBmacQVMkmN6Xlugn5GNQom+azSTw1PKJvQEe9ZqmjEjZ/NI8/ImVWGJIy1fQrJXP29kdHImGkU2Mk8oln2cvE/r5dieONnQiUpcsUWH4WpJBiT/H4yFJozlFNLKNPCZiVsTDVlaFuq2BK85ZNXSfuy7rl17+Gq1rgt6ijDCZzCBXhwDQ24hya0gEEMz/AKbw46L86787EYLTnFzjH8gfP5A1s4kUQ=</latexit><latexit sha1_base64="Z/n1gIms2/ONBt0R58c8NGdBbqU=">AAAB8nicbVDLSsNAFL2pr1pfVZduBovoqiQi6MJFwY3LCvYBbSiT6aQdOpmEmRuhhH6GGxeKuPVr3Pk3TtostPXAwOGce5lzT5BIYdB1v53S2vrG5lZ5u7Kzu7d/UD08aps41Yy3WCxj3Q2o4VIo3kKBkncTzWkUSN4JJne533ni2ohYPeI04X5ER0qEglG0Uq8fURwHYZbOzgfVmlt35yCrxCtIDQo0B9Wv/jBmacQVMkmN6Xlugn5GNQom+azSTw1PKJvQEe9ZqmjEjZ/NI8/ImVWGJIy1fQrJXP29kdHImGkU2Mk8oln2cvE/r5dieONnQiUpcsUWH4WpJBiT/H4yFJozlFNLKNPCZiVsTDVlaFuq2BK85ZNXSfuy7rl17+Gq1rgt6ijDCZzCBXhwDQ24hya0gEEMz/AKbw46L86787EYLTnFzjH8gfP5A1s4kUQ=</latexit><latexit sha1_base64="Z/n1gIms2/ONBt0R58c8NGdBbqU=">AAAB8nicbVDLSsNAFL2pr1pfVZduBovoqiQi6MJFwY3LCvYBbSiT6aQdOpmEmRuhhH6GGxeKuPVr3Pk3TtostPXAwOGce5lzT5BIYdB1v53S2vrG5lZ5u7Kzu7d/UD08aps41Yy3WCxj3Q2o4VIo3kKBkncTzWkUSN4JJne533ni2ohYPeI04X5ER0qEglG0Uq8fURwHYZbOzgfVmlt35yCrxCtIDQo0B9Wv/jBmacQVMkmN6Xlugn5GNQom+azSTw1PKJvQEe9ZqmjEjZ/NI8/ImVWGJIy1fQrJXP29kdHImGkU2Mk8oln2cvE/r5dieONnQiUpcsUWH4WpJBiT/H4yFJozlFNLKNPCZiVsTDVlaFuq2BK85ZNXSfuy7rl17+Gq1rgt6ijDCZzCBXhwDQ24hya0gEEMz/AKbw46L86787EYLTnFzjH8gfP5A1s4kUQ=</latexit><latexit sha1_base64="Z/n1gIms2/ONBt0R58c8NGdBbqU=">AAAB8nicbVDLSsNAFL2pr1pfVZduBovoqiQi6MJFwY3LCvYBbSiT6aQdOpmEmRuhhH6GGxeKuPVr3Pk3TtostPXAwOGce5lzT5BIYdB1v53S2vrG5lZ5u7Kzu7d/UD08aps41Yy3WCxj3Q2o4VIo3kKBkncTzWkUSN4JJne533ni2ohYPeI04X5ER0qEglG0Uq8fURwHYZbOzgfVmlt35yCrxCtIDQo0B9Wv/jBmacQVMkmN6Xlugn5GNQom+azSTw1PKJvQEe9ZqmjEjZ/NI8/ImVWGJIy1fQrJXP29kdHImGkU2Mk8oln2cvE/r5dieONnQiUpcsUWH4WpJBiT/H4yFJozlFNLKNPCZiVsTDVlaFuq2BK85ZNXSfuy7rl17+Gq1rgt6ijDCZzCBXhwDQ24hya0gEEMz/AKbw46L86787EYLTnFzjH8gfP5A1s4kUQ=</latexit>�u

<latexit sha1_base64="znt8hwWv6wryqwCugrweUa+jkM8=">AAAB7XicbVA9SwNBEJ3zM8avqGBjsxgEq3Bno4VFwMYygrkEkjPubfaSNXu7y+6eEo78BxsLRWz9P3b+GzcfhSY+GHi8N8PMvFhxZqzvf3tLyyura+uFjeLm1vbObmlvPzQy04TWieRSN2NsKGeC1i2znDaVpjiNOW3Eg6ux33ik2jApbu1Q0SjFPcESRrB1UthWfXaXdUplv+JPgBZJMCPl6mH4dA8AtU7pq92VJEupsIRjY1qBr2yUY20Z4XRUbGeGKkwGuEdbjgqcUhPlk2tH6MQpXZRI7UpYNFF/T+Q4NWaYxq4zxbZv5r2x+J/XymxyEeVMqMxSQaaLkowjK9H4ddRlmhLLh45gopm7FZE+1phYF1DRhRDMv7xIwrNK4FeCG5fGJUxRgCM4hlMI4ByqcA01qAOBB3iGV3jzpPfivXsf09YlbzZzAH/gff4AqE6Qnw==</latexit><latexit sha1_base64="Nc0DXje6uYB+/0fHlXL99yCq0no=">AAAB7XicbVC7SgNBFL0bXzG+ooKNzWAQrMKujRYWARvLCGYTSNYwO5lNxszODjOzyrLkH2wsFNHS/7HzA/wPJ49CEw9cOJxzL/feE0rOtHHdL6ewtLyyulZcL21sbm3vlHf3fJ2kitAGSXiiWiHWlDNBG4YZTltSURyHnDbD4eXYb95TpVkibkwmaRDjvmARI9hYye/IAbtNu+WKW3UnQIvEm5FK7cB/kNn3e71b/uz0EpLGVBjCsdZtz5UmyLEyjHA6KnVSTSUmQ9ynbUsFjqkO8sm1I3RslR6KEmVLGDRRf0/kONY6i0PbGWMz0PPeWPzPa6cmOg9yJmRqqCDTRVHKkUnQ+HXUY4oSwzNLMFHM3orIACtMjA2oZEPw5l9eJP5p1XOr3rVN4wKmKMIhHMEJeHAGNbiCOjSAwB08wjO8OInz5Lw6b9PWgjOb2Yc/cD5+AGXTkqw=</latexit><latexit sha1_base64="Nc0DXje6uYB+/0fHlXL99yCq0no=">AAAB7XicbVC7SgNBFL0bXzG+ooKNzWAQrMKujRYWARvLCGYTSNYwO5lNxszODjOzyrLkH2wsFNHS/7HzA/wPJ49CEw9cOJxzL/feE0rOtHHdL6ewtLyyulZcL21sbm3vlHf3fJ2kitAGSXiiWiHWlDNBG4YZTltSURyHnDbD4eXYb95TpVkibkwmaRDjvmARI9hYye/IAbtNu+WKW3UnQIvEm5FK7cB/kNn3e71b/uz0EpLGVBjCsdZtz5UmyLEyjHA6KnVSTSUmQ9ynbUsFjqkO8sm1I3RslR6KEmVLGDRRf0/kONY6i0PbGWMz0PPeWPzPa6cmOg9yJmRqqCDTRVHKkUnQ+HXUY4oSwzNLMFHM3orIACtMjA2oZEPw5l9eJP5p1XOr3rVN4wKmKMIhHMEJeHAGNbiCOjSAwB08wjO8OInz5Lw6b9PWgjOb2Yc/cD5+AGXTkqw=</latexit><latexit sha1_base64="S5XnA5iYIAgqxiI+i0ptSwAiKP4=">AAAB7XicbVA9SwNBEJ2LXzF+RS1tFoNgFe5stLAI2FhGMB+QnGFvM5es2ds9dveEEPIfbCwUsfX/2Plv3CRXaOKDgcd7M8zMi1LBjfX9b6+wtr6xuVXcLu3s7u0flA+PmkZlmmGDKaF0O6IGBZfYsNwKbKcaaRIJbEWjm5nfekJtuJL3dpximNCB5DFn1Dqp2U2H/CHrlSt+1Z+DrJIgJxXIUe+Vv7p9xbIEpWWCGtMJ/NSGE6otZwKnpW5mMKVsRAfYcVTSBE04mV87JWdO6ZNYaVfSkrn6e2JCE2PGSeQ6E2qHZtmbif95nczGV+GEyzSzKNliUZwJYhWZvU76XCOzYuwIZZq7WwkbUk2ZdQGVXAjB8surpHlRDfxqcOdXatd5HEU4gVM4hwAuoQa3UIcGMHiEZ3iFN095L96797FoLXj5zDH8gff5A53Djxw=</latexit>

⇢e�u
<latexit sha1_base64="2suSYs2KtjHJeb1CIts1JrhYPII=">AAAB/nicbVBNS8NAEN34WetXVDx5WSyCp5KIoMeiF48V7Ac0sWy2m3bpZjfsTpQSCv4VLx4U8erv8Oa/cdvmoK0PBh7vzTAzL0oFN+B5387S8srq2nppo7y5tb2z6+7tN43KNGUNqoTS7YgYJrhkDeAgWDvVjCSRYK1oeD3xWw9MG67kHYxSFiakL3nMKQErdd3DQA/Ufc4CzfsDIFqrR5yNu27Fq3pT4EXiF6SCCtS77lfQUzRLmAQqiDEd30shzIkGTgUbl4PMsJTQIemzjqWSJMyE+fT8MT6xSg/HStuSgKfq74mcJMaMksh2JgQGZt6biP95nQziyzDnMs2ASTpbFGcCg8KTLHCPa0ZBjCwhVHN7K6YDogkFm1jZhuDPv7xImmdV36v6t+eV2lURRwkdoWN0inx0gWroBtVRA1GUo2f0it6cJ+fFeXc+Zq1LTjFzgP7A+fwB7JSWFw==</latexit><latexit sha1_base64="2suSYs2KtjHJeb1CIts1JrhYPII=">AAAB/nicbVBNS8NAEN34WetXVDx5WSyCp5KIoMeiF48V7Ac0sWy2m3bpZjfsTpQSCv4VLx4U8erv8Oa/cdvmoK0PBh7vzTAzL0oFN+B5387S8srq2nppo7y5tb2z6+7tN43KNGUNqoTS7YgYJrhkDeAgWDvVjCSRYK1oeD3xWw9MG67kHYxSFiakL3nMKQErdd3DQA/Ufc4CzfsDIFqrR5yNu27Fq3pT4EXiF6SCCtS77lfQUzRLmAQqiDEd30shzIkGTgUbl4PMsJTQIemzjqWSJMyE+fT8MT6xSg/HStuSgKfq74mcJMaMksh2JgQGZt6biP95nQziyzDnMs2ASTpbFGcCg8KTLHCPa0ZBjCwhVHN7K6YDogkFm1jZhuDPv7xImmdV36v6t+eV2lURRwkdoWN0inx0gWroBtVRA1GUo2f0it6cJ+fFeXc+Zq1LTjFzgP7A+fwB7JSWFw==</latexit><latexit sha1_base64="2suSYs2KtjHJeb1CIts1JrhYPII=">AAAB/nicbVBNS8NAEN34WetXVDx5WSyCp5KIoMeiF48V7Ac0sWy2m3bpZjfsTpQSCv4VLx4U8erv8Oa/cdvmoK0PBh7vzTAzL0oFN+B5387S8srq2nppo7y5tb2z6+7tN43KNGUNqoTS7YgYJrhkDeAgWDvVjCSRYK1oeD3xWw9MG67kHYxSFiakL3nMKQErdd3DQA/Ufc4CzfsDIFqrR5yNu27Fq3pT4EXiF6SCCtS77lfQUzRLmAQqiDEd30shzIkGTgUbl4PMsJTQIemzjqWSJMyE+fT8MT6xSg/HStuSgKfq74mcJMaMksh2JgQGZt6biP95nQziyzDnMs2ASTpbFGcCg8KTLHCPa0ZBjCwhVHN7K6YDogkFm1jZhuDPv7xImmdV36v6t+eV2lURRwkdoWN0inx0gWroBtVRA1GUo2f0it6cJ+fFeXc+Zq1LTjFzgP7A+fwB7JSWFw==</latexit><latexit sha1_base64="2suSYs2KtjHJeb1CIts1JrhYPII=">AAAB/nicbVBNS8NAEN34WetXVDx5WSyCp5KIoMeiF48V7Ac0sWy2m3bpZjfsTpQSCv4VLx4U8erv8Oa/cdvmoK0PBh7vzTAzL0oFN+B5387S8srq2nppo7y5tb2z6+7tN43KNGUNqoTS7YgYJrhkDeAgWDvVjCSRYK1oeD3xWw9MG67kHYxSFiakL3nMKQErdd3DQA/Ufc4CzfsDIFqrR5yNu27Fq3pT4EXiF6SCCtS77lfQUzRLmAQqiDEd30shzIkGTgUbl4PMsJTQIemzjqWSJMyE+fT8MT6xSg/HStuSgKfq74mcJMaMksh2JgQGZt6biP95nQziyzDnMs2ASTpbFGcCg8KTLHCPa0ZBjCwhVHN7K6YDogkFm1jZhuDPv7xImmdV36v6t+eV2lURRwkdoWN0inx0gWroBtVRA1GUo2f0it6cJ+fFeXc+Zq1LTjFzgP7A+fwB7JSWFw==</latexit>

�e
<latexit sha1_base64="gRKFy+QFytmwqWy0cvo5FmmPz8I=">AAAB7XicbVA9SwNBEJ3zM8avqGBjsxgEq3Bno4VFwMYygrkEkjPubeaSNXu3x+6eEo78BxsLRWz9P3b+GzcfhSY+GHi8N8PMvDAVXBvX/XaWlldW19YLG8XNre2d3dLevq9lphjWmRRSNUOqUfAE64Ybgc1UIY1DgY1wcDX2G4+oNJfJrRmmGMS0l/CIM2qs5LfTPr/DTqnsVtwJyCLxZqRcPfSf7gGg1il9tbuSZTEmhgmqdctzUxPkVBnOBI6K7UxjStmA9rBlaUJj1EE+uXZETqzSJZFUthJDJurviZzGWg/j0HbG1PT1vDcW//NamYkugpwnaWYwYdNFUSaIkWT8OulyhcyIoSWUKW5vJaxPFWXGBlS0IXjzLy8S/6ziuRXvxqZxCVMU4AiO4RQ8OIcqXEMN6sDgAZ7hFd4c6bw4787HtHXJmc0cwB84nz+QDpCP</latexit><latexit sha1_base64="74MJShuZzxGyM2nLY3EY87InuhI=">AAAB7XicbVC7SgNBFJ2NrxhfUcHGZjAIVmHXRguLgI1lBLMJJGuYndxNxszODjOzyrLkH2wsFNHS/7HzA/wPJ49CEw9cOJxzL/feE0rOtHHdL6ewtLyyulZcL21sbm3vlHf3fJ2kikKDJjxRrZBo4ExAwzDDoSUVkDjk0AyHl2O/eQ9Ks0TcmExCEJO+YBGjxFjJ78gBu4VuueJW3QnwIvFmpFI78B9k9v1e75Y/O72EpjEIQznRuu250gQ5UYZRDqNSJ9UgCR2SPrQtFSQGHeSTa0f42Co9HCXKljB4ov6eyEmsdRaHtjMmZqDnvbH4n9dOTXQe5EzI1ICg00VRyrFJ8Ph13GMKqOGZJYQqZm/FdEAUocYGVLIhePMvLxL/tOq5Ve/apnGBpiiiQ3SETpCHzlANXaE6aiCK7tAjekYvTuI8Oa/O27S14Mxm9tEfOB8/TZOSnA==</latexit><latexit sha1_base64="74MJShuZzxGyM2nLY3EY87InuhI=">AAAB7XicbVC7SgNBFJ2NrxhfUcHGZjAIVmHXRguLgI1lBLMJJGuYndxNxszODjOzyrLkH2wsFNHS/7HzA/wPJ49CEw9cOJxzL/feE0rOtHHdL6ewtLyyulZcL21sbm3vlHf3fJ2kikKDJjxRrZBo4ExAwzDDoSUVkDjk0AyHl2O/eQ9Ks0TcmExCEJO+YBGjxFjJ78gBu4VuueJW3QnwIvFmpFI78B9k9v1e75Y/O72EpjEIQznRuu250gQ5UYZRDqNSJ9UgCR2SPrQtFSQGHeSTa0f42Co9HCXKljB4ov6eyEmsdRaHtjMmZqDnvbH4n9dOTXQe5EzI1ICg00VRyrFJ8Ph13GMKqOGZJYQqZm/FdEAUocYGVLIhePMvLxL/tOq5Ve/apnGBpiiiQ3SETpCHzlANXaE6aiCK7tAjekYvTuI8Oa/O27S14Mxm9tEfOB8/TZOSnA==</latexit><latexit sha1_base64="pLq6KB/1S9uyUeWp/G4byg43mK0=">AAAB7XicbVA9SwNBEJ2LXzF+RS1tFoNgFe5stLAI2FhGMB+QnGFvM5es2ds9dveEEPIfbCwUsfX/2Plv3CRXaOKDgcd7M8zMi1LBjfX9b6+wtr6xuVXcLu3s7u0flA+PmkZlmmGDKaF0O6IGBZfYsNwKbKcaaRIJbEWjm5nfekJtuJL3dpximNCB5DFn1Dqp2U2H/AF75Ypf9ecgqyTISQVy1Hvlr25fsSxBaZmgxnQCP7XhhGrLmcBpqZsZTCkb0QF2HJU0QRNO5tdOyZlT+iRW2pW0ZK7+npjQxJhxErnOhNqhWfZm4n9eJ7PxVTjhMs0sSrZYFGeCWEVmr5M+18isGDtCmebuVsKGVFNmXUAlF0Kw/PIqaV5UA78a3PmV2nUeRxFO4BTOIYBLqMEt1KEBDB7hGV7hzVPei/fufSxaC14+cwx/4H3+AIWDjww=</latexit>

E
<latexit sha1_base64="iJ/x8cSgmmYNbMN8WtCvsNrlH/U=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0IOHgggeW7Af0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219MPB4b4aZeUEiuDau++0U1tY3NreK26Wd3b39g/LhUUvHqWLYZLGIVSegGgWX2DTcCOwkCmkUCGwH49uZ335CpXksH8wkQT+iQ8lDzqixUuOuX664VXcOskq8nFQgR71f/uoNYpZGKA0TVOuu5ybGz6gynAmclnqpxoSyMR1i11JJI9R+Nj90Ss6sMiBhrGxJQ+bq74mMRlpPosB2RtSM9LI3E//zuqkJr/2MyyQ1KNliUZgKYmIy+5oMuEJmxMQSyhS3txI2oooyY7Mp2RC85ZdXSeui6rlVr3FZqd3kcRThBE7hHDy4ghrcQx2awADhGV7hzXl0Xpx352PRWnDymWP4A+fzB5cfjMM=</latexit><latexit sha1_base64="iJ/x8cSgmmYNbMN8WtCvsNrlH/U=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0IOHgggeW7Af0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219MPB4b4aZeUEiuDau++0U1tY3NreK26Wd3b39g/LhUUvHqWLYZLGIVSegGgWX2DTcCOwkCmkUCGwH49uZ335CpXksH8wkQT+iQ8lDzqixUuOuX664VXcOskq8nFQgR71f/uoNYpZGKA0TVOuu5ybGz6gynAmclnqpxoSyMR1i11JJI9R+Nj90Ss6sMiBhrGxJQ+bq74mMRlpPosB2RtSM9LI3E//zuqkJr/2MyyQ1KNliUZgKYmIy+5oMuEJmxMQSyhS3txI2oooyY7Mp2RC85ZdXSeui6rlVr3FZqd3kcRThBE7hHDy4ghrcQx2awADhGV7hzXl0Xpx352PRWnDymWP4A+fzB5cfjMM=</latexit><latexit sha1_base64="iJ/x8cSgmmYNbMN8WtCvsNrlH/U=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0IOHgggeW7Af0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219MPB4b4aZeUEiuDau++0U1tY3NreK26Wd3b39g/LhUUvHqWLYZLGIVSegGgWX2DTcCOwkCmkUCGwH49uZ335CpXksH8wkQT+iQ8lDzqixUuOuX664VXcOskq8nFQgR71f/uoNYpZGKA0TVOuu5ybGz6gynAmclnqpxoSyMR1i11JJI9R+Nj90Ss6sMiBhrGxJQ+bq74mMRlpPosB2RtSM9LI3E//zuqkJr/2MyyQ1KNliUZgKYmIy+5oMuEJmxMQSyhS3txI2oooyY7Mp2RC85ZdXSeui6rlVr3FZqd3kcRThBE7hHDy4ghrcQx2awADhGV7hzXl0Xpx352PRWnDymWP4A+fzB5cfjMM=</latexit><latexit sha1_base64="iJ/x8cSgmmYNbMN8WtCvsNrlH/U=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0IOHgggeW7Af0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219MPB4b4aZeUEiuDau++0U1tY3NreK26Wd3b39g/LhUUvHqWLYZLGIVSegGgWX2DTcCOwkCmkUCGwH49uZ335CpXksH8wkQT+iQ8lDzqixUuOuX664VXcOskq8nFQgR71f/uoNYpZGKA0TVOuu5ybGz6gynAmclnqpxoSyMR1i11JJI9R+Nj90Ss6sMiBhrGxJQ+bq74mMRlpPosB2RtSM9LI3E//zuqkJr/2MyyQ1KNliUZgKYmIy+5oMuEJmxMQSyhS3txI2oooyY7Mp2RC85ZdXSeui6rlVr3FZqd3kcRThBE7hHDy4ghrcQx2awADhGV7hzXl0Xpx352PRWnDymWP4A+fzB5cfjMM=</latexit>

V
<latexit sha1_base64="xc4uzoZiBSxZUZkArgltxczS6nM=">AAAB6HicbVA9SwNBEJ2LXzF+RS1tFoNgFe5EiIVFwMYyAfMByRH2NnPJmr29Y3dPCEd+gY2FIrb+JDv/jZvkCk18MPB4b4aZeUEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqWLYYrGIVTegGgWX2DLcCOwmCmkUCOwEk7u533lCpXksH8w0QT+iI8lDzqixUrM9KFfcqrsAWSdeTiqQozEof/WHMUsjlIYJqnXPcxPjZ1QZzgTOSv1UY0LZhI6wZ6mkEWo/Wxw6IxdWGZIwVrakIQv190RGI62nUWA7I2rGetWbi/95vdSEN37GZZIalGy5KEwFMTGZf02GXCEzYmoJZYrbWwkbU0WZsdmUbAje6svrpH1V9dyq17yu1G/zOIpwBudwCR7UoA730IAWMEB4hld4cx6dF+fd+Vi2Fpx85hT+wPn8AbDjjNQ=</latexit><latexit sha1_base64="xc4uzoZiBSxZUZkArgltxczS6nM=">AAAB6HicbVA9SwNBEJ2LXzF+RS1tFoNgFe5EiIVFwMYyAfMByRH2NnPJmr29Y3dPCEd+gY2FIrb+JDv/jZvkCk18MPB4b4aZeUEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqWLYYrGIVTegGgWX2DLcCOwmCmkUCOwEk7u533lCpXksH8w0QT+iI8lDzqixUrM9KFfcqrsAWSdeTiqQozEof/WHMUsjlIYJqnXPcxPjZ1QZzgTOSv1UY0LZhI6wZ6mkEWo/Wxw6IxdWGZIwVrakIQv190RGI62nUWA7I2rGetWbi/95vdSEN37GZZIalGy5KEwFMTGZf02GXCEzYmoJZYrbWwkbU0WZsdmUbAje6svrpH1V9dyq17yu1G/zOIpwBudwCR7UoA730IAWMEB4hld4cx6dF+fd+Vi2Fpx85hT+wPn8AbDjjNQ=</latexit><latexit sha1_base64="xc4uzoZiBSxZUZkArgltxczS6nM=">AAAB6HicbVA9SwNBEJ2LXzF+RS1tFoNgFe5EiIVFwMYyAfMByRH2NnPJmr29Y3dPCEd+gY2FIrb+JDv/jZvkCk18MPB4b4aZeUEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqWLYYrGIVTegGgWX2DLcCOwmCmkUCOwEk7u533lCpXksH8w0QT+iI8lDzqixUrM9KFfcqrsAWSdeTiqQozEof/WHMUsjlIYJqnXPcxPjZ1QZzgTOSv1UY0LZhI6wZ6mkEWo/Wxw6IxdWGZIwVrakIQv190RGI62nUWA7I2rGetWbi/95vdSEN37GZZIalGy5KEwFMTGZf02GXCEzYmoJZYrbWwkbU0WZsdmUbAje6svrpH1V9dyq17yu1G/zOIpwBudwCR7UoA730IAWMEB4hld4cx6dF+fd+Vi2Fpx85hT+wPn8AbDjjNQ=</latexit><latexit sha1_base64="xc4uzoZiBSxZUZkArgltxczS6nM=">AAAB6HicbVA9SwNBEJ2LXzF+RS1tFoNgFe5EiIVFwMYyAfMByRH2NnPJmr29Y3dPCEd+gY2FIrb+JDv/jZvkCk18MPB4b4aZeUEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqWLYYrGIVTegGgWX2DLcCOwmCmkUCOwEk7u533lCpXksH8w0QT+iI8lDzqixUrM9KFfcqrsAWSdeTiqQozEof/WHMUsjlIYJqnXPcxPjZ1QZzgTOSv1UY0LZhI6wZ6mkEWo/Wxw6IxdWGZIwVrakIQv190RGI62nUWA7I2rGetWbi/95vdSEN37GZZIalGy5KEwFMTGZf02GXCEzYmoJZYrbWwkbU0WZsdmUbAje6svrpH1V9dyq17yu1G/zOIpwBudwCR7UoA730IAWMEB4hld4cx6dF+fd+Vi2Fpx85hT+wPn8AbDjjNQ=</latexit>

(e) Relation network

Edge block Node block Global block

u�
<latexit sha1_base64="Z/n1gIms2/ONBt0R58c8NGdBbqU=">AAAB8nicbVDLSsNAFL2pr1pfVZduBovoqiQi6MJFwY3LCvYBbSiT6aQdOpmEmRuhhH6GGxeKuPVr3Pk3TtostPXAwOGce5lzT5BIYdB1v53S2vrG5lZ5u7Kzu7d/UD08aps41Yy3WCxj3Q2o4VIo3kKBkncTzWkUSN4JJne533ni2ohYPeI04X5ER0qEglG0Uq8fURwHYZbOzgfVmlt35yCrxCtIDQo0B9Wv/jBmacQVMkmN6Xlugn5GNQom+azSTw1PKJvQEe9ZqmjEjZ/NI8/ImVWGJIy1fQrJXP29kdHImGkU2Mk8oln2cvE/r5dieONnQiUpcsUWH4WpJBiT/H4yFJozlFNLKNPCZiVsTDVlaFuq2BK85ZNXSfuy7rl17+Gq1rgt6ijDCZzCBXhwDQ24hya0gEEMz/AKbw46L86787EYLTnFzjH8gfP5A1s4kUQ=</latexit><latexit sha1_base64="Z/n1gIms2/ONBt0R58c8NGdBbqU=">AAAB8nicbVDLSsNAFL2pr1pfVZduBovoqiQi6MJFwY3LCvYBbSiT6aQdOpmEmRuhhH6GGxeKuPVr3Pk3TtostPXAwOGce5lzT5BIYdB1v53S2vrG5lZ5u7Kzu7d/UD08aps41Yy3WCxj3Q2o4VIo3kKBkncTzWkUSN4JJne533ni2ohYPeI04X5ER0qEglG0Uq8fURwHYZbOzgfVmlt35yCrxCtIDQo0B9Wv/jBmacQVMkmN6Xlugn5GNQom+azSTw1PKJvQEe9ZqmjEjZ/NI8/ImVWGJIy1fQrJXP29kdHImGkU2Mk8oln2cvE/r5dieONnQiUpcsUWH4WpJBiT/H4yFJozlFNLKNPCZiVsTDVlaFuq2BK85ZNXSfuy7rl17+Gq1rgt6ijDCZzCBXhwDQ24hya0gEEMz/AKbw46L86787EYLTnFzjH8gfP5A1s4kUQ=</latexit><latexit sha1_base64="Z/n1gIms2/ONBt0R58c8NGdBbqU=">AAAB8nicbVDLSsNAFL2pr1pfVZduBovoqiQi6MJFwY3LCvYBbSiT6aQdOpmEmRuhhH6GGxeKuPVr3Pk3TtostPXAwOGce5lzT5BIYdB1v53S2vrG5lZ5u7Kzu7d/UD08aps41Yy3WCxj3Q2o4VIo3kKBkncTzWkUSN4JJne533ni2ohYPeI04X5ER0qEglG0Uq8fURwHYZbOzgfVmlt35yCrxCtIDQo0B9Wv/jBmacQVMkmN6Xlugn5GNQom+azSTw1PKJvQEe9ZqmjEjZ/NI8/ImVWGJIy1fQrJXP29kdHImGkU2Mk8oln2cvE/r5dieONnQiUpcsUWH4WpJBiT/H4yFJozlFNLKNPCZiVsTDVlaFuq2BK85ZNXSfuy7rl17+Gq1rgt6ijDCZzCBXhwDQ24hya0gEEMz/AKbw46L86787EYLTnFzjH8gfP5A1s4kUQ=</latexit><latexit sha1_base64="Z/n1gIms2/ONBt0R58c8NGdBbqU=">AAAB8nicbVDLSsNAFL2pr1pfVZduBovoqiQi6MJFwY3LCvYBbSiT6aQdOpmEmRuhhH6GGxeKuPVr3Pk3TtostPXAwOGce5lzT5BIYdB1v53S2vrG5lZ5u7Kzu7d/UD08aps41Yy3WCxj3Q2o4VIo3kKBkncTzWkUSN4JJne533ni2ohYPeI04X5ER0qEglG0Uq8fURwHYZbOzgfVmlt35yCrxCtIDQo0B9Wv/jBmacQVMkmN6Xlugn5GNQom+azSTw1PKJvQEe9ZqmjEjZ/NI8/ImVWGJIy1fQrJXP29kdHImGkU2Mk8oln2cvE/r5dieONnQiUpcsUWH4WpJBiT/H4yFJozlFNLKNPCZiVsTDVlaFuq2BK85ZNXSfuy7rl17+Gq1rgt6ijDCZzCBXhwDQ24hya0gEEMz/AKbw46L86787EYLTnFzjH8gfP5A1s4kUQ=</latexit>�u

<latexit sha1_base64="znt8hwWv6wryqwCugrweUa+jkM8=">AAAB7XicbVA9SwNBEJ3zM8avqGBjsxgEq3Bno4VFwMYygrkEkjPubfaSNXu7y+6eEo78BxsLRWz9P3b+GzcfhSY+GHi8N8PMvFhxZqzvf3tLyyura+uFjeLm1vbObmlvPzQy04TWieRSN2NsKGeC1i2znDaVpjiNOW3Eg6ux33ik2jApbu1Q0SjFPcESRrB1UthWfXaXdUplv+JPgBZJMCPl6mH4dA8AtU7pq92VJEupsIRjY1qBr2yUY20Z4XRUbGeGKkwGuEdbjgqcUhPlk2tH6MQpXZRI7UpYNFF/T+Q4NWaYxq4zxbZv5r2x+J/XymxyEeVMqMxSQaaLkowjK9H4ddRlmhLLh45gopm7FZE+1phYF1DRhRDMv7xIwrNK4FeCG5fGJUxRgCM4hlMI4ByqcA01qAOBB3iGV3jzpPfivXsf09YlbzZzAH/gff4AqE6Qnw==</latexit><latexit sha1_base64="Nc0DXje6uYB+/0fHlXL99yCq0no=">AAAB7XicbVC7SgNBFL0bXzG+ooKNzWAQrMKujRYWARvLCGYTSNYwO5lNxszODjOzyrLkH2wsFNHS/7HzA/wPJ49CEw9cOJxzL/feE0rOtHHdL6ewtLyyulZcL21sbm3vlHf3fJ2kitAGSXiiWiHWlDNBG4YZTltSURyHnDbD4eXYb95TpVkibkwmaRDjvmARI9hYye/IAbtNu+WKW3UnQIvEm5FK7cB/kNn3e71b/uz0EpLGVBjCsdZtz5UmyLEyjHA6KnVSTSUmQ9ynbUsFjqkO8sm1I3RslR6KEmVLGDRRf0/kONY6i0PbGWMz0PPeWPzPa6cmOg9yJmRqqCDTRVHKkUnQ+HXUY4oSwzNLMFHM3orIACtMjA2oZEPw5l9eJP5p1XOr3rVN4wKmKMIhHMEJeHAGNbiCOjSAwB08wjO8OInz5Lw6b9PWgjOb2Yc/cD5+AGXTkqw=</latexit><latexit sha1_base64="Nc0DXje6uYB+/0fHlXL99yCq0no=">AAAB7XicbVC7SgNBFL0bXzG+ooKNzWAQrMKujRYWARvLCGYTSNYwO5lNxszODjOzyrLkH2wsFNHS/7HzA/wPJ49CEw9cOJxzL/feE0rOtHHdL6ewtLyyulZcL21sbm3vlHf3fJ2kitAGSXiiWiHWlDNBG4YZTltSURyHnDbD4eXYb95TpVkibkwmaRDjvmARI9hYye/IAbtNu+WKW3UnQIvEm5FK7cB/kNn3e71b/uz0EpLGVBjCsdZtz5UmyLEyjHA6KnVSTSUmQ9ynbUsFjqkO8sm1I3RslR6KEmVLGDRRf0/kONY6i0PbGWMz0PPeWPzPa6cmOg9yJmRqqCDTRVHKkUnQ+HXUY4oSwzNLMFHM3orIACtMjA2oZEPw5l9eJP5p1XOr3rVN4wKmKMIhHMEJeHAGNbiCOjSAwB08wjO8OInz5Lw6b9PWgjOb2Yc/cD5+AGXTkqw=</latexit><latexit sha1_base64="S5XnA5iYIAgqxiI+i0ptSwAiKP4=">AAAB7XicbVA9SwNBEJ2LXzF+RS1tFoNgFe5stLAI2FhGMB+QnGFvM5es2ds9dveEEPIfbCwUsfX/2Plv3CRXaOKDgcd7M8zMi1LBjfX9b6+wtr6xuVXcLu3s7u0flA+PmkZlmmGDKaF0O6IGBZfYsNwKbKcaaRIJbEWjm5nfekJtuJL3dpximNCB5DFn1Dqp2U2H/CHrlSt+1Z+DrJIgJxXIUe+Vv7p9xbIEpWWCGtMJ/NSGE6otZwKnpW5mMKVsRAfYcVTSBE04mV87JWdO6ZNYaVfSkrn6e2JCE2PGSeQ6E2qHZtmbif95nczGV+GEyzSzKNliUZwJYhWZvU76XCOzYuwIZZq7WwkbUk2ZdQGVXAjB8surpHlRDfxqcOdXatd5HEU4gVM4hwAuoQa3UIcGMHiEZ3iFN095L96797FoLXj5zDH8gff5A53Djxw=</latexit>

⇢v�u
<latexit sha1_base64="8QVocR3pGD0i/QL+G1OhPZDl9fE=">AAAB/nicbVBNS8NAEN3Ur1q/ouLJy2IRPJVEBD0WvXisYD+giWWz3TRLN9mwO6mUUPCvePGgiFd/hzf/jds2B219MPB4b4aZeUEquAbH+bZKK6tr6xvlzcrW9s7unr1/0NIyU5Q1qRRSdQKimeAJawIHwTqpYiQOBGsHw5up3x4xpblM7mGcMj8mg4SHnBIwUs8+8lQkH/KRp/ggAqKUfMTZpGdXnZozA14mbkGqqECjZ395fUmzmCVABdG66zop+DlRwKlgk4qXaZYSOiQD1jU0ITHTfj47f4JPjdLHoVSmEsAz9fdETmKtx3FgOmMCkV70puJ/XjeD8MrPeZJmwBI6XxRmAoPE0yxwnytGQYwNIVRxcyumEVGEgkmsYkJwF19eJq3zmuvU3LuLav26iKOMjtEJOkMuukR1dIsaqIkoytEzekVv1pP1Yr1bH/PWklXMHKI/sD5/AAdVlig=</latexit><latexit sha1_base64="8QVocR3pGD0i/QL+G1OhPZDl9fE=">AAAB/nicbVBNS8NAEN3Ur1q/ouLJy2IRPJVEBD0WvXisYD+giWWz3TRLN9mwO6mUUPCvePGgiFd/hzf/jds2B219MPB4b4aZeUEquAbH+bZKK6tr6xvlzcrW9s7unr1/0NIyU5Q1qRRSdQKimeAJawIHwTqpYiQOBGsHw5up3x4xpblM7mGcMj8mg4SHnBIwUs8+8lQkH/KRp/ggAqKUfMTZpGdXnZozA14mbkGqqECjZ395fUmzmCVABdG66zop+DlRwKlgk4qXaZYSOiQD1jU0ITHTfj47f4JPjdLHoVSmEsAz9fdETmKtx3FgOmMCkV70puJ/XjeD8MrPeZJmwBI6XxRmAoPE0yxwnytGQYwNIVRxcyumEVGEgkmsYkJwF19eJq3zmuvU3LuLav26iKOMjtEJOkMuukR1dIsaqIkoytEzekVv1pP1Yr1bH/PWklXMHKI/sD5/AAdVlig=</latexit><latexit sha1_base64="8QVocR3pGD0i/QL+G1OhPZDl9fE=">AAAB/nicbVBNS8NAEN3Ur1q/ouLJy2IRPJVEBD0WvXisYD+giWWz3TRLN9mwO6mUUPCvePGgiFd/hzf/jds2B219MPB4b4aZeUEquAbH+bZKK6tr6xvlzcrW9s7unr1/0NIyU5Q1qRRSdQKimeAJawIHwTqpYiQOBGsHw5up3x4xpblM7mGcMj8mg4SHnBIwUs8+8lQkH/KRp/ggAqKUfMTZpGdXnZozA14mbkGqqECjZ395fUmzmCVABdG66zop+DlRwKlgk4qXaZYSOiQD1jU0ITHTfj47f4JPjdLHoVSmEsAz9fdETmKtx3FgOmMCkV70puJ/XjeD8MrPeZJmwBI6XxRmAoPE0yxwnytGQYwNIVRxcyumEVGEgkmsYkJwF19eJq3zmuvU3LuLav26iKOMjtEJOkMuukR1dIsaqIkoytEzekVv1pP1Yr1bH/PWklXMHKI/sD5/AAdVlig=</latexit><latexit sha1_base64="8QVocR3pGD0i/QL+G1OhPZDl9fE=">AAAB/nicbVBNS8NAEN3Ur1q/ouLJy2IRPJVEBD0WvXisYD+giWWz3TRLN9mwO6mUUPCvePGgiFd/hzf/jds2B219MPB4b4aZeUEquAbH+bZKK6tr6xvlzcrW9s7unr1/0NIyU5Q1qRRSdQKimeAJawIHwTqpYiQOBGsHw5up3x4xpblM7mGcMj8mg4SHnBIwUs8+8lQkH/KRp/ggAqKUfMTZpGdXnZozA14mbkGqqECjZ395fUmzmCVABdG66zop+DlRwKlgk4qXaZYSOiQD1jU0ITHTfj47f4JPjdLHoVSmEsAz9fdETmKtx3FgOmMCkV70puJ/XjeD8MrPeZJmwBI6XxRmAoPE0yxwnytGQYwNIVRxcyumEVGEgkmsYkJwF19eJq3zmuvU3LuLav26iKOMjtEJOkMuukR1dIsaqIkoytEzekVv1pP1Yr1bH/PWklXMHKI/sD5/AAdVlig=</latexit>
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(f) Deep set

Figure 4: Di↵erent internal GN block configurations. See Section 3.2 for details on the notation,
and Section 4 for details about each variant. (a) A full GN predicts node, edge, and global output
attributes based on incoming node, edge, and global attributes. (b) An independent, recurrent
update block takes input and hidden graphs, and the � functions are RNNs (Sanchez-Gonzalez
et al., 2018). (c) An MPNN (Gilmer et al., 2017) predicts node, edge, and global output attributes
based on incoming node, edge, and global attributes. Note that the global prediction does not
include aggregated edges. (d) A NLNN (Wang et al., 2018c) only predicts node output attributes.
(e) A relation network (Raposo et al., 2017; Santoro et al., 2017) only uses the edge predictions
to predict global attributes. (f) A Deep Set (Zaheer et al., 2017) bypasses the edge update and
predicts updated global attributes.

4.2.1 Message-passing neural network (MPNN)

Gilmer et al. (2017)’s MPNN generalizes a number of previous architectures and can be translated
naturally into the GN formalism. Following the MPNN paper’s terminology (see Gilmer et al.
(2017), pages 2-4):

� the message function, Mt, plays the role of the GN’s �e, but does not take u as input,
� elementwise summation is used for the GN’s ⇢e!v,
� the update function, Ut, plays the role of the GN’s �v,
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A GNN is essentially a set of layers, where each 
layer performs a transformation of node, edge, and 
global feature vectors, updating each vector based 
on information from related nodes and edges

# Generated with chat-GPT 
# GNN code pseudo-code generated by GPT 
# Inputs: 
# - V: node features (list of v_i) 
# - E: edge features (list of (e_k, sender, receiver)) 
# - u: global feature 

# Output: 
# - Updated V, E, u 

def GN_layer(V, E, u): 
    # Edge update 
    for each edge k:  # e_k connects nodes i -> j 
        sender, receiver = E[k].sender, E[k].receiver 
        e_k = E[k].features 
        E[k].features = phi_e(e_k, V[sender], V[receiver], u) 

    # Node update 
    for each node i: 
        incoming_edges = [e_k for e_k in E if e_k.receiver == i] 
        aggregated_edge_info = aggregate_e([e.features for e in incoming_edges]) 
        V[i] = phi_v(V[i], aggregated_edge_info, u) 

    # Global update 
    aggregated_nodes = aggregate_v(V) 
    aggregated_edges = aggregate_e([e.features for e in E]) 
    u = phi_u(u, aggregated_nodes, aggregated_edges) 

    return V, E, u 
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• A good example of a possible GNN application is the Crystal Eye gamma ray detector 
➡ sphere mesh of (scintillator) hexagons - difficult to represent as a flat image without distortions - a 

possible way to circumvent the mesh as a graph:

Crystal Eye gamma-ray detector

The localization is possible by following the charge 
distribution on the detector

6

THE CHARGE DISTRIBUTION

Crystal Eye

F. Barbato GSSI Scientific Fair 2021

The spherical CNN is constructed by representing the sphere as a graph. 
arXiv:1810.12186v2

Figure 6: Some pixelizations of the sphere. Left: the equirectangular
grid, using equiangular spacing in a standard spherical-polar coordi-
nate system. Middle: an equiangular cubed-sphere grid, as described
in [47]. Right: graph built from a HEALPix pixelization of half the
sphere (Nside = 4). By construction, each vertex has eight neighbors,
except the highlighted ones which have only seven.5 Left and middle
figures are taken from [20].

and updating them with a form of stochastic gradient
descent (SGD):
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where ⌘ is the learning rate, andB is the set of indices in
a mini-batch. Batches are used instead of single samples
to gain speed by exploiting the parallelism a↵orded by
modern computing platforms.

3. Related work

3.1. 2D convolutional neural networks

A first approach, explored by [20] for molecular mod-
eling and [21, 22] for omnidirectional imaging, is to
use a 2D CNN on a discretisation of the sphere that
is a grid, such as the equirectangular projection (Fig-
ure 6, left panel), or a set of grids, such as the cubed-
sphere defined by [47] (Figure 6, middle panel). As
this formulation uses the standard 2D convolution, all
the optimizations developed for images can be applied,
which makes it computationally e�cient. This approach
is applicable to the many pixelizations that are based
on a regular subdivision of a base polyhedron, such as
HEALPix. Each base polyhedron then forms a grid.
Care has to be taken to handle boundary conditions: for
example by padding a grid with the content of the op-
posite side (equirectangular) or of the neighboring grids
(cubed-sphere, HEALPix). That incurs some computa-
tional losses. For samplings that are not equal area, such
as the equirectangular projection, the convolution oper-
ation should be adjusted to take the induced distortion
into account [21, 22].

Another approach to leverage 2D CNNs is to project
spherical data onto many tangent planes, which are flat
2D surfaces. This approach has been extensively used

for cosmological maps [9, 11, 12, 23] and omnidirec-
tional imaging [48, 49]. This idea has been generalized
to arbitrary 2D manifolds for shape alignment and re-
trieval [50–52].

The main issue with the above two approaches is that
they depend on a (local) coordinate system to define
anisotropic filters, i.e., filters which are direction depen-
dent. Direction is well defined and matters for some ap-
plications, such as the analysis of weather and climate
data on the Earth (north, south, east, west), and om-
nidirectional imaging (up, down). Indeed, rotation in-
variance has been shown to reduce discriminative power
for omnidirectional imaging [22]. Some problems are,
however, intrinsically invariant (or equivariant) to ro-
tation. Examples include the analysis of cosmological
maps, and the modeling of atoms and molecules. In
such cases, directions are arbitrarily defined when set-
ting the origin of the pixelization. Therefore, a convo-
lution operation has to be isotropic to be equivariant to
rotation.

3.2. Spherical neural networks

Rotation equivariance was addressed by leveraging
the convolution associated to the 3D rotation group
SO(3), with applications to atomization energy regres-
sion and 3D model classification, alignment and re-
trieval [24, 25]. The resulting convolution is performed
by (i) a spherical harmonic transform (SHT), i.e., a pro-
jection on the spherical harmonics, (ii) a multiplication
in the spectral domain, and (iii) an inverse SHT. Note
the similarity with the naive graph convolution defined
in (1). Likewise, the computational cost of a convolu-
tion is dominated by the two SHTs, and a naive imple-
mentation of the SHT costs O(N2

pix) operations. Accel-
erated schemes however exist for some sampling sets
[see 39, 53, 54, for examples]. The convolutions remain
nevertheless expensive, limiting the practical use of this
approach. For example with HEALPix, which was de-
signed to have a fast SHT by being iso-latitude, the com-
putational cost of the SHT is O(N3/2

pix ) = O(N3
side) =

O(`3max), where `max is the largest angular frequency
[27, 39].10 While the Clebsh-Gordan transform can be

10All pixels are placed on Nring = 4Nside � 1 = O
⇣ p

Npix
⌘

rings
of constant latitude. Each ring has O

⇣ p
Npix
⌘

pixels. Thanks to this
iso-latitude property, the SHT is computed using recurrence relations
for Legendre polynomials on co-latitude and fast Fourier transforms
(FFTs) on longitude. The computational cost is thus

p
Npix FFTs for

a total cost of O
⇣
Npix log

p
Npix
⌘
, plus

p
Npix matrix multiplications

of size
p

Npix for a total cost of O
⇣
N3/2

pix

⌘
operations.

10

https://indico.gssi.it/event/
227/contributions/559/
attachments/261/383/
Crystal_Eye.pdf
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Generative Models 
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Normalizing flow is a machine learning technique that serves two main purposes: 
1. Explicitly learn the probability distribution of complex data 
2. Generate new data (given the learned distribution) 

This is achieved by converting the original complex data representation (x) into a simple one (z)  -usually a 
multidimensional normal distribution - through a series of invertible and differentiable transformations

x

z

z = fn(fn-1(...f1(x)))

x = f1-1(f2-1(...fn-1(z)))

f1 () fn ()...
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Normalizing flow usually use specific invertible NN layers - affine coupling layers 
➡ Can be considered as wrappers around the usual (e.g. fully-connected) NN layers  
➡ One of the tricks: split the data vector in two parts  - one converted, the other not

www.jonas-glombitza.comAstroparticle Physics & Deep Learning
Glombitza | ECAP | 
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 Normalizing Flows

 → Direct maximization
of Likelihood!

simple distribution
(e.g., Gaussian)

complicated distribution
(e.g., natural images)

Normalizing flows: stack several  simple invertible mappings

training:

Since model invertible and distribution normalized

Revert direction → get samples proxy of complicated distribution

transformation transformation transformation transformation

evaluation/
inference: 

“Fit data distribution to 
match Gaussian”

enables:
- fast generation of new samples (direct density estimation)
- reconstruction of objects, including uncertainty estimate

Image credit: 
 Jonas Glombitza

Direct transformation: Inverted transformation:

s and t are usual 
(fully-connected ) 
NN transformations

PyTorch normalizing flow tutorial with MNIST dataset (hand-written numbers): 
https://uvadlc-notebooks.readthedocs.io/en/latest/tutorial_notebooks/tutorial11/NF_image_modeling.html



6161Normalizing flow training 61

Training of normalizing flow network is done by maximizing the log likelihood px(x): 

where: 
pz(z) - fixed (multi-dimensional Gaussian) 
det(...) is the Jacobian of the transformation

In other words, the transformation f(...) 
itself during training is "guided" towards 
representing Gaussian as close as possible

Fixed Trained



6262Normalizing Flows application examples 62

Modeling realistic probability distributions 
➡ Inference of cosmological parameters

Example: Hubble constant evaluation from 
Gravitation Wave detection: arXiv:2310.13405v2 
See also: arXiv:2105.12024v1 - modeling 
probability distributions in cosmology

Example: Fast and Accurate Generation of Calorimeter Showers with 
Normalizing Flows: arXiv:2106.05285v3

Generative models 
➡ Fast replacement of computationally intense GEANT4 (or perhaps CORSIKA?) simulations 
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Modeling realistic probability distributions 
➡ Inference of cosmological parameters

Example: Hubble constant evaluation from 
Gravitation Wave detection: arXiv:2310.13405v2 
See also: arXiv:2105.12024v1 - modeling 
probability distributions in cosmology

Example: Fast and Accurate Generation of Calorimeter Showers with 
Normalizing Flows: arXiv:2106.05285v3

Generative models 
➡ Fast replacement of computationally intense GEANT4 (or perhaps CORSIKA?) simulations 



6464On Generative models 64

Image credit lilianweng.github.io/posts/2018-10-13-flow-models

Discussed previously



6565On Generative models: Generative Adversarial Networks (GANs) 65

Training: Has two networks (Discriminator and Generator) trained iteratively one after another:  
• Generate samples from random noise in z space, train Discriminator by feeding it fake and real samples (classification) 
• Fix the parameters of the Discriminator and train the Generator to fool the Discriminator (classification) 
• Repeat the cycle by feeding the discriminator the fake samples generated by the previously-updated Generator etc. 

Application (data generation): the trained Generator produces generated data from random noise in z space



6666On Generative models: Variational Auto-Encoders (VAEs) 66

Training: Has two networks (Decoder and Encoder) trained simultaneously:  
• The so-called ELBO loss (Estimated Lower Bound) is minimized 
• The encoder produces a Gaussian guess on x representation in latent space z:  μ and σ 
• z is sampled based on μ and σ , and from this z the Decoder produced the output (x') 

Application (data generation): the Decoder produces generated data from Gaussian noise in z space



6767On Generative models: Variational Auto-Encoders (VAEs) 67

d

Kullback-Leibler divergence  (measures how far is the probability distribution 
from encoder output is different from Gaussian)

Accuracy of decoder reconstruction



6868On Generative models: Normalizing Flows 68

Training: one (invertable) flow NN  
• Loss: negative log-likelihood which is directly analytically 

Application (data generation): sample from latent space (z) using the inverse of flow NN



Summary                                               [before we proceed to coding]

• Boosted Decision Trees   
➡ not "deep learning" but still powerful for certain applications 

• Neural Networks - industry standard & economy driver 
➡ Excellent for high-dimensionality data,  big data revolution 
➡ Fully-connected NNs -  can be used as standalone architectures 
➡  ... or building blocks of more complex architectures 
➡ CNNs - very powerful but limited mostly to image processing 
➡ GNNs - a way to generalize CNN approach to any data 
➡ Transformers - hot topic (ChatGPT etc.) - [see coding session ... ] 
➡ Applications: classification (discrete prediction), regression 

(continuous  prediction), generation, anomaly detection, modeling of 
probability distributions, ...

Proven to solve real-life problems!  
[from speaker's very biased point of view and experience in astro-particle physics]


