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Particle Flow Algorithm
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GravNet

nput example of initial dimension V x F;y is converted into a graph. \@/. ‘i

the f]"- features of the v; verfices connectfed fo a given vertex or aggregator vy, are v \ /@--.
converted into the ﬁ,’{l quantities, through a potential ./
(function of euclidean distance d ). "

The potential function V(dj;) is introduced to enhance
the contribution of close-by vertices.

d
Example: V(djx ) = exp(—dj) @ ~. S1,)S2 =5
— , . fi— FLR

The fjkl functions computed from all the edges associated n @ fi ﬁ;"ilﬁfw(djk) !
fo a vertex of aggregafor v, are combined, generafing a new dA |
feature . of vy,. LS \

Jk « i . . . d/ da v
Example : the average of the fj, across the | edges / their maximum "3. /d V4 Y7

V3 ﬁ
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GravNet

» For each choice of gathering function, a new set of features ﬁi € Fipis
generated.

» The F,» vector is concatenated to the initial vector. (e)
» Activation function : tfanh

» The F,; ; output carries collective information from
each vertex and its surrounding.
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LOss function

» The potential of object k can be approximated :

Vi(x) & Vor(x, gak), Wwith o = maxgq; Mjy. —

l

» An attractive and repulsive potential are defined as :

Ve(x) = |Ix — xe|l*gak, and

Ve(x) = max(0, 1 — [|x — xo |)gak.

N K
1 - N
» The total potential loss Ly, : Ly = N qu Z (Mjkvk(xf) + (1= Mji) Vk(xj))'
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Performance at HGCAL
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Particle flow: ILCA Q)3 FH

e HGCAL reconstructionZILD simulation CiELE 5
— Hit|F#R: HGCALE R DEHL D Z A S Al EE
— MC truth!&#R: “cluster’ D E&ZN BB (EmxEib)

e Clustering® 4 BELLER(vs PandoraPFA)

— Pandora®cluster outputZEX Y 9
— #fimER 4% Pandora moduleEL TEET S
e Pandora®track-cluster matchingZ{#> CTPFAMNTE5
o BBEDF a1 —=2F
(FNAL{IDAI engineer& 15 1L TEE)
— RYRT— O E O/ N IN— NS A— R &

- NEEDER-FEE ‘ PandoraPFAilli &4+ @)
¢ BHHEE, BHEELL M EEE BIET

aikan Suehara et al., ML@HEP workshop in U. Tokyo, 9 Jul. 2022, page 16




Particle flow: B IE B
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FZBDLEYY
o GravNetZ FALNf=HOYA—ROGS AR T

(S. Tsumura, ongoing work)

e Recurrent neural networkZx AU Nf-FRIZE R BfERK
(K. Goto et al., arXiv:2101.11906, under review at NIMA)

e Graph Neural NetworkZx UL =L —/\—E Al
(T. Onoe, ongoing work)
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1. Motivation — LCFIPlus and flavor tagging
2. Network structure for vertex finding

3. Performance evaluation
* Accuracy of the network

" Performance of vertex finding — comparison with LCFIPlus
* Evaluation of the network within Marlin framework
" Performance of flavor tagging — comparison with LCFIPlus

4. Summary and Prospects

Source codes:
nttps://github.com/Goto—K/VertexFinderwithDL (python part)
nttps://github.com/Goto—K/LCFIPlus (adaptation to LCFIPlus)
Papers:

nttps://arxiv.org/abs/2101.11906
http://epp.phys.kyushu—u.ac.jp/thesis/2021MasterGoto.pdf

(B0
T. Suehara, K. Goto, ML@HEP@E X, 9 Jul. 2022
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L CFIPlus and flavor tagging

Structure of LCFIPlus

LCFIPlus: Standard flavor tagging software for ILD (also used in SiD, CLICdp, ***)
Modular structure to accommodate various algorithms for jet reconstruction

<
<
<
<

Vertex finder (primary: tear—down / secondary: build—up)

Jet clustering (Durham / Valencia—like / K;) using vertex information; beam—jet rejection incorporated

Jet vertex refiner (Tuning vertices with jet information; association of vertices to jet when external jet clustering used)
Flavor tagging (b/c/uds)

Jet reconstruction (LCFIPIlus)

>

Vertex Finder

(primary / secondary)

>

Jet clustering Flavor tagging

Tracks (PFOs)

Human—tuned process: possibility to be improved (Traditional) Machine Learning
by introducing Machine—Learning techniques Boosted Decision Trees (BDT)

This work: replace Vertex Finder with Deep—Learning (DL) networks as a first step

for replacing all jet reconstruction with DL technologies

T. Suehara, K. Goto, ML@HEP@E X, 9 Jul. 2022
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Vertex finding and simulation conditions

Decay vertices in a typical event

Vertex finding in LCFIPlus

\

» Build—up method (used for secondary vertices after removing primary/V, tracks) \
1. Produce a vertex by each track pair (from all tracks, O(n2) combinations) 5
2. Select vertices with good quality (cut on y?, mass, direction, etc.)
3. Associate additional tracks to the selected vertices (with y? criteria)
4. Associate primary tracks with comparison of y? with primary and selected vertices , .
positron \ electron

For DL—-based algorithm, Q
build—up like method is considered for the network structure \

Two neural networks for the DL—based vertex finder

1. Network for selecting track pairs as “vertex seeds”
A Simple feed—forward network currently used

2. Associate tracks to vertex seeds 20-300 um
Recurrent—type neural network is employed point (IP) O<'--..r.
Decay of w
a b—hadron

Simulation conditions of this study

> ILD DBD simulation (for comparison with LCFIPlus) / DBD standard reconstruction
> e'e” > qq (g =Db, ¢, uds) at 91 GeV CM energy, 500k events each

(events divided to be used in training and evaluation)
T. Suehara, K. Goto, ML@HEP@E X, 9 Jul. 2022
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Network design 1: selecting “vertex seeds”

» Simple feed—forward fully—connected network

Relu,

e Input: parameters of 2 tracks (total 44 params)
) _
— Helix parameters (d,, z,, ¢, tani, Q) y=x —
- Covariance matrix (15 params) 0
— Charge and energy
* 3 fully—connected layer with batch normalization and RelLLU activation
* | categories for output after final fully—connected layer
- NC, PV, SVCC, SVBB, TVCC, SVBC, others —
 Regression of vertex position with separate fully—connected layer
— To build “position recognition” algorithm inside the main layers
 |oss function tuned to train categorization and position network Output

— 1st step: w(cat, pos) = (0.1, 0.9), 1000 epoch, learning rate = 0.001

— 2nd step: w(cat, pos) = (0.9, 0.1), 1500 epoch, learning rate = 0.001

— 3rd step: w(cat, pos) = (0.95, 0.05), 500 epoch, learning rate = 0.0001
PV and SV/TVxx categories are used for “vertex seeds”

NC PV SVCC SVBB ] TVCC SVBC ] Others Vertex Position

Seed categories

PV: both tracks from primary vertex
NC: track coming from different vertex

SVBB: both tracks from b hadrons in e*e"™>bb samples
TVCC: both tracks from ¢ hadrons in e*e">bb samples “ \
SVBC: one track from b, the other from ¢ in bb samples °
TVCC: both track from ¢ hadrons in e'e™>cc samples
Others: tracks coming from V, or other vertices
22
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Recurrent Neural Network (RNN) and variance

» Recurrent Neural Network
* Neural network designed for variable input length
 Main application: natural language processing (translation etc.)
 “RNN cell” defines a unit of network structure (with learning weights)
» Each input (x,) is processed sequentially

with the same RNN cell (and same weights)
« “Hidden states h,” are also inputs of the next cell

e Problem on “gradient loss / gradient explosion”
— various RNN cell structures are proposed Xt LSTM cell

> LSTM (long short term memory)
e One of the RNN cell structure
practically used
« “Gate’ structures to avoid
gradient loss/explosion
— forget gate
— input/output gate
e Short—term memory to retain
relations to neighbor inputs

T. Suehara, K. Goto, ML@HEP@E X, 9 Jul. 2022 24



Network design 2: associate tracks to vertices

Custom RNN structure modified from plain LSTM

* No importance in the order of tracks in the track association = “short—term memory” is not necessary

* The custom cell only propagates “long—term memory~ which is recognized as “vertex information” to the next cell
* “forget, input and output gates” structures are kept to avoid gradient loss / explosion
®* Procedures:

1. Evaluate if the n—th track should be associated or not: hy = a(Dp[c(W,ty + R,Vy_1) - tanh(Vy_1)])

2. Combine the n—th track and the n—1 th vertex to produce a new vertex:
UN — U(WitN + RiVN—l) y tanh(VVZtN + RZVN—l) + U(WftN + RfVN—l) y VN—l
3. Combine the old and new vertex according to the evaluation in the 15t step: Vy = (1 — hy)Vy_1 + hy Uy

Vertex N—1 ° Vertex N
—
Output

Cotd orot
/ TraCk ) . X v
| Calculate

the updated Vertex

Choose new Vertex

T. Suehara, K. Goto, ML@HEP@%K 9 Jul. 2022 25



Network design 2: additional features

Attention mechanism Encoder—decoder model
* State—of-the—art scheme of machine learning to specify “attention” * Encoder: making array of “hidden states’ forming
to certain elements of the network storage of information (“vertex in our case) at the output
® Usually used in encoder—decoder models ®* Decoder: derive the essential information from the encoder output

. 11 N 7
(m our case assoclated or not)

A track

Encoder part (blue cells)

Track 1 Track 2 Track 3 Track 4| 1 Event > Track Nmax C\

Encoder Tracks
QQQOQQQO%\QOQQOOOQQ00000000000000000000QOO.QQOQ..QQQ..QQQQ J

P S
-
z

/4
74
4"'
o Y 4
y 4
' 4
y
y 4
V 4
4
y

Encoder Output / key, value (Track Pair,

Track 1 Track 2 Track3 Track4| 1 Event

¥ V V ¥

Track Nmax

¥

N o 3030303 :::3
Vertex Seed O- VIV ‘lf \l' ‘l' *ll
(Track Pair) c/n @ E c/n connected / not
X
POt / / Associated tracks . Custom LSTM Custom Attention LSTM
....75..... Unassociated tracks
Decoder Tracks Decoder part (purple cells)

T. Suehara, K. Goto, ML@HEP@E 2K, 9 Jul. 2022 26



Performance of the custom network

Comparison to standard structure

Accuracy

0.95

0.90 A

0.85 -

0.80 A

0.75 A

0.70 -

/J, Al
“r\ y V“

—— Simple Standard LSTM - Train
—— Simple Dedicated LSTM - Train
—— Attention Dedicated LSTM - Train

20 40 60 80 100
Epochs (number of training cycles)

IP+1TN

accuracy =
I'P+TN+ FP+ FN

TP: true positive

TN: true negative
FP: false positive
FN: false negative

Improvement seen by using custom LSTM
structure (red) and attention (black)

T. Suehara, K. Goto, ML@HEP@E X, 9 Jul. 2022
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Algorithm for Vertex Finder

. Finding the vertices using following steps

Input
1. Considering all combinations of two tracks in a event, Output Output
the vertex seeds are searched by “network for seed finding”
Network
2. The primary vertex is created using All Tracks All combinations
In one Event of Track Pairs

the seeds of primary vertex obtained in step.1 and

“network for vertex production” step. |

Network

3. The purer set of seeds of secondary vertices are created for Seed Finding

by screening the seeds of secondary vertices obtained in step.1

4. The secondary vertices are created using step. 2 step. 4
the seeds of secondary vertices
selected in step.3 and
“network for vertex production”

[Primary Vertex] [Secondary Vertices]

T. Suehara, K. Goto, ML@HEP@E X, 9 Jul. 2022 78



el

Comparison with LCFIPlus (track—by—track criteria) with bb samples O

Interaction e Taad 20-300 pm
True label point (IP) (k’-..,
Primary — tracks with no (semi)stable parents Decay of w
a b—hadron

Bottom — tracks originated from b—hadrons ¢ Criteria

Performance of the DL—based vertex finder

400-500 pm

I
*

Charm — tracks originated from c—hadrons 1. In secondary vertex — associated to secondary vertex
Others — other tracks (mainly V, tracks) 2. — of same decay chain — all tracks in the vertex from the same b parent
3. — of same parent — all tracks in the vertex
from the same immediate parent (ie. success of b—c separation)
Performance of DL—based vertex finder Performance of LCFIPlus vertex finder

Criteria / True label
All tracks

In secondary vertex

— of same decay chain

— of same parent

Primary Bottom Charm Others Criteria / True label Primary Bottom Charm Others
307 657 187 283 180 143 42 888 All tracks 307 657 187 283 180 143 42 888

2.2% 63.3% 63.4% 9.9% In secondary vertex 0.2% 97.9% 60.3% 0.9%
62.3% 67.2% — of same decay chain 97.9% 99.9%
38.1% 36.2% 6.4% — of same parent 34.0% 37.2% 0.3%

 5—10% higher efficiency on the reconstruction of secondary vertices

e More contamination of primary and other tracks
(need additional selection on track quality etc.)

T. Suehara, K. Goto, ML@HEP@E X, 9 Jul. 2022 290



Adaptation to C++ / LCFIPIlus / ILCSoft (Marlin)

Method for inference (evaluation) in C++

 Tensorflow/Keras is used for building/training the network Training in python
— Fully python (version 3) Inference in C++
— We obtain input with LCIO =2 ROOT tree 2 NumPy conversion

LCFIPlus is running as a Marlin processor, fully C++
— For comparison of the flavor tagging, the output vertices should be in LCIO or LCFIPlus format.

« Keras is provided only in python, but Tensorflow has official CG++ implementation
— This is one reason we chose Tensorflow as the framework (while PyTorch only has beta implementation on C++ port).
— Inference (evaluation of the network) can be done without Keras, thus possible to run in C++.

 We introduce VertexFinderwithDL algorithm inside LCFIPlus (thus possible to be called from Marlin)
— Tensorflow and bazel (as dependency) are needed to be installed
— Can run both with GPU and without GPU (cuda / cuDNN necessary for GPU run)
— Results have compared with python version; identical result obtained

— Output vertices are compatible with LCFIPlus output
— Vertex fitting (to obtain position, y? etc.) is done using LCFIPlus functions after selecting tracks with DL networks.

CMake results

-- Found LCFIVertex: er/data/ilc/1lcsoft/v@2-02/LCFIVertex/v00-08
Found . /home/goto/local/include/tf <

Found Protobuf:
-- Found Eigen3: /home/goto/local/include/eigen3 (Required is at least ver:iﬁﬂ "
il = L |
' i s 1 i - e b | ™ B N ik P . o - ,-'- " ] '_. A~ ."- 1 - ."I- 'r_
-- Check for ROOT_CINT_EXECUTABLE: /gluster/data/ilc/ilcsoft/v@Z2-02/root/6.:

T. Suehara, K. Goto, ML@HEP@E X, 9 Jul. 2022
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Performance of the flavor tagging (FT)

Procedure for flavor tagging

Replace vertex finder and use other algorithm as same as LCFIPlus’ case (with same parameter)

* Durham jet clustering * LCFIPlus flavor tagging
(2—jet forced) (trained with DL VF)
Comparison
LCFIPlus * Durham jet clustering * LCFIPlus flavor tagging
vertex finder (2—jet forced) (trained with LCFIPlus VF)

® The performance of b—tagging of LCFIPlus C Tagging Performance
cannot be reproduced with DL vertex finder 10° I . béckground Deep Leamning ’ :
— Similar performance in c—tagging | —4— uds background - Deep Learning
— Probably due to contamination of | ¢ background - LCFIPlus
orimary tracks i —4— uds background - LCFIPlus
— Tuning of parameters / input variables ' : | :
are highly optimized with LCFIPlus
- some bias on LCFIPlus

® DL-based vertex finder has an advantage

DL-based
vertex finder (VF)

Deep Learning

LCFIPIlus

B Tagging Performance

-
o
I
=
\
\

[
o
o

—— b-backgroun-d - Deep Léarning

mis-id fraction to b jets
=
<

mis-id fraction to c jets
=
<

thili ' i 2 S U A SRR gyl .
of p055|b|I|’.cy of clo§er connection to 10 5 | L uds background - Deep Learning
flavo: taggm%algorlthm ; N —— b background - LCFIPlus

— “organic connection of networks - W _ _ . —+— uds background - LCFIPIlus
hle i ' ' 10~4 i E E E | E ; : :
possible if FT fully written in DNN 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
- FT algorithm to be rewritten with DNN b tagging efficiency c tagging efficiency

T. Suehara, K. Goto, ML@HEP@E X, 9 Jul. 2022 31



FZBDLEYY
o GravNetZ FALNf=HOYA—ROGS AR T

(S. Tsumura, ongoing work)

e Recurrent neural networkZx FHUNf-BRIE R BBAE AL
(K. Goto et al., arXiv:2101.11906, under review at NIMA)

e Graph Neural NetworkZzFHU\f=JL—/\—& Al
(T. Onoe, ongoing work)
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Vertex finder + flavor tagging?

e Vertex finderldflavor tagging@Mcritical ingredient

— LHCTIEZ 2 TIEZZEWW2? AR DESTWWSED [EIMLIZEFEHLE =LY

— ILC (lepton collider)ldtrackD AL EresolutionHhF LY (a few um)
D T. vertex findingM I ZFEH 5L\

— EBIINNY B Ekinematic variablelEMY R TLES KO
e Vertex finder&flavor taggingz#l A S 1B T—{R{EL =LY
— RNNIZYLEERTEIZ RO B S
— DULVYTIZPyTorchIZFEATLT=LY (ILDD ERE etc.)
e GraphZ AL\ Tsingle step@vertex findingZx{TL\.
flavor tagging&— 1Rt Z X5
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o B 6(x)
‘ Vertex 2 R ;;__,
l [ Vertex Track 1 S
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" JIZ k> TREED /
O Graph Neural Network vj' STRRORRER
output Graph(Flavor) Class 4 )

step3 £ /—FOEHERANT,
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[ ] : Graph data - /
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o M KFETIF2019FLELYEREEBFEIZELS
LCERBIERDRAREZITOTLS,
- SHDEIEIAKMABEH-OTWNSED T
— (ILCB84%&) strange-tag, calo simulation (GAN)ZE BN TITHNTLVS
o AggressiveldfgiEZx LVALVAEILTULNVS,
— ILC as a sandbox for DNN

e Particle flow (¥ & Rk)Eflavor taggingZ B FEH
— Graph-like networklZ;¥ B

- A EREELV=0N
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B BA1 (FHEXNGE)

. é"f‘n = :Q,%JE%E'O)ﬁZF
— EEERE AR/ —FERBRE/—F2NNERRT S

— Batch normalization: &/—F®MD A J1%&xbatch (FEE L) Z&IZIEFIET S
BEHK-BREXMEK | BFEIMGFZESEFIETLHR

— SEMERE: SEMHIEBEAETIERE AL T 5 (HEFK (I sigmoidh¥EH 1)
RelLU: GEEAVUNER(GHSEK)LIZLL, ZEENNIZEL TLVS

s (FEED)REBEFEEZD2547T
— Classification(7*$8fE1z8): IEE T N)LHdiscrete, &N ILDHEZFE Zoutput
» outputZsoftmaxTIEFREL. loss functionlZcross entropyz fL\5
— Regression([Bl)F[ERE): IEE SNV ERRR, (REZ&R/IMET D
 OutputlXEZEREE(F D EF), loss functionlEmean square errors
o (fitingZE(Z J:I:’\)**Fh’é.':l:'.ﬂ'd)liﬁ:ib)?%%’ﬂi@b\ (FEEBEZRBIICUNER LIZ<0Y)

Cross entropy
YIS EEZESANIL (0HV1), hatDEHMHE R D probability
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ti 2 an B 2

* Input: track parameter x 2
- -
— Error matrixt 2 (A TL\HH?)
» Vertex® &4
— 3T \ ZITHE
)L?b’J—CL A (MLIZIXH )
— Primary#‘secondary(bb, cc, bc etc)h
° |P1T_I'iﬁfd:[5pr|mary (ML':(iﬁéﬁ%) ne ] pv ] svec] svee ] tvee ] svec ] others
+ HEIFEREOmMassTEEHIBTLIZL s Yo Pokon el Dt

» Vertex positionZzIEfZSNILET HH 0%
EINT B ETpositionERH BT —2
o ERREIZHFELTIELLY

— Loss functionlZtraining® #F)&A (L positionZ
FIZ. BFLcategoryzr X IZEEFIHES
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Fully-connected
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> x1-x2, y1-y2, z1-z22%t T2 R TIT 512
> XRATEZERYEHLTNNIZNTS F
— Error matrixZz &£ S HYIAT A o
FitterDIEREHOMLDHF A D 500C0CCC
-~ FEOSFEREDBEENHFEY LY T=<7EN
— e LEERIZITHF A o R
B DA A
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 Network(orZDoutput)zl T—2DMRRIR 1EEHLZD
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e SeedZIELGESCENEE (FERDNE)
— Training M EFFIEMC truthTIELWL\VE D=1+ F
o BT ERIT Y TILLTLNS
— EBDOLSTMTIEIINTH ATES
e« DKUY 7T

— VertexDEHRZIT R TCEAIELOIEN T —IR—X 1 ZES
> ZtrackNEZ IV DIToNSEMN D EET S
(transformerf)7E? X - BRI ZHER b N TLVELY)

o T—AR—XBERMNEDFEFEZE(flavor tagging)IZ{FEZ 57
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— FEHEIDE (contaminationZF b S7ELNELNMTAELY)
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ESETEHH O LCFIPIusDEZHZ A~
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Attention®) 7 BH

N, = oV Additive attention: arXiv: 1409.0473 N
g = (ﬂ'z._ﬂ_u g1, g2, - Qgg, - }
_ [ _exp(ero) exp (e¢,1) exp(e2)  exples) (3.6)
E exp (et,j) ? Zj— exp {Et,j}= Zj exp (et,j) | Ej exp (ez,j) |

{K ‘["key + X4 Uquer}')'uenergy
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E

M
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Summary and Prospects

Source codes:
Summary https://github.com/Goto—K/VertexFinderwithDL (python part)

https://github.com/Goto—K/LCFIPlus (adaptation to LCFIPIlus)

We developed a vertex finding algorithm based on modern deep neural networks.
Track association done with customized RNN—-type network with attention mechanism.

Efficiency of the reconstruction of secondary vertices is improved,

while mis—reconstruction of primary / other tracks to secondary vertices is increased.

Inference process in C++ incorporated to iLCSoft/LCFIPlus (with C++ version of Tensorflow) has been developed.
Cannot reproduce performance of LCFIPlus in b—tagging (with similar performance in c—tagging).

Replacing flavor tagging with full DNN and closer connection of VF and FT networks may improve the situation.
Paper under ILD review (excl. flavor tagging performance).

DL—-based vertex finder LCFIPlus vertex finder
Others

Criteria / True label Primary Bottom

Criteria / True label Primary Bottom Others

All tracks 307 657 187 283 180 143 307 657 187 283 180 143 4?2 888

In secondary vertex 2.2% 63.3% 68.4% 9.5% 0.2% 57.9% 60.3% 0.5%

— of same decay chain 62.3% 67.2% 57 5Y% 59 9Y
Prospects — of same parent 38.1% 36.2% 6.4% 34.0% 37 9% 0.3%

Improvement of the vertex finder
More tuning of the “seed finding” network, using more appropriate network to use “crossing point” of two tracks
Including more physical properties to RNN network as well as improving structure
Development of DNN—based flavor tagging
More input variables, more layers
Non—simple connection of VF and FT network, eg. connecting hidden layer of two networks This work is supported by RCNP (Osaka U.) Project
(discussion with Al experts ongoing in regular communication) “Application of deep learning to accelerator experiments”.
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https://github.com/Goto-K/VertexFinderwithDL
https://github.com/Goto-K/LCFIPlus

3. Inference with G++

For Evaluation in LCFIPlus

* I want to show the performance of Flavor Tagging with my Vertex Finder
= | need to run these networks in LCFIPlus

* [ completed the implementation the Vertex Finder with DL (Tensorflow 2.1.0)

to the LCFIPIlus in iLCSoft (v02-02)

* Some cmake files are required and some find packages are added to the CMakeLists
* Also [ have to use the shared libraries of tensorflow C++ API built by “bazel”

CMake results

T
|r L | 1., ;’ Fa

LT v ‘I- i1 pl':' ::::
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Adaptation to C++ / LCFIPlus / ILCSoft

2020-11-14 :33:38.248302:
2020-11-14 :33:38.248381:
2020-11-14 21:33:38.248490:
2020-11-14 :33:38.2485602:
2020-11-14 :33:38.248600:
2020-11-14 21:33:38.248731.:
2020-11-14 21:33:38.248835.:
2020-11-14 21:33:38.251605:
2020-11-14 21:33:38.251752:
2020-11-14 21:33:38.251874:
2020-11-14 21:33:38.251999:
2020-11~14 Z21355:38. 252111

tensorflow/stream_executor/platform/default/dso_loader.cc:44] Successfully opened dynamic library libcudart.so.10.1
tensorflow/stream_executor/platform/default/dso_loader.cc:44] Successfully opened dynamic library libcublas.so.10
tensorflow/stream_executor/platform/default/dso_loader.cc:44] Successfully opened dynamic library libcufft.so.10 Libraries
tensorflow/stream_executor/platform/default/dso_loader.cc:44] Successfully opened dynamic library libcurand.so.10
tensorflow/stream_executor/platform/default/dso_loader.cc:44] Successfully opened dynamic library libcusolver.so.10 for GPU
tensorflow/stream_executor/platform/default/dso_loader.cc:44] Successfully opened dynamic library libcusparse.so.10
tensorflow/stream_executor/platform/default/dso_loader.cc:44] Successfully opened dynamic library libcudnn.so.7
tensorflow/core/common_runtime/gpu/gpu_device.cc:1697] Adding visible gpu devices: @, 1
tensorflow/core/common_runtime/gpu/gpu_device.cc:1096] Device interconnect StreambExecutor with strength 1 edge matrix:
tensorflow/core/common_runtime/gpu/gpu_device.cc:1102] 1

tensorflow/core/common_runtime/gpu/gpu_device.cc:1115] @: N Y

tensorflow/core/common_runtime/gpu/gpu_device.cc:1115] 1: Y N Setup GPUs
2020-11-14 21:33:38.254091: tensorflow/core/common_runtime/gpu/gpu_device.cc:1241] Created TensorFlow device (/job:localhost/replica:0/task:@/devi

@, name: TITAN RTX, pci bus id: 0000:81:00.0, compute capability: 7.5)

2020-11-14 21:33:38.255119: I tensorflow/core/common_runtime/gpu/gpu_device.cc:1241] Created TensorFlow device (/job:localhost/replica:0/task:@/devi

1, name: TITAN RTX clL bus 1d: 0000:c1:00.0, compute capability: 7.5)

2020-11-14 21:33:38.334339: 1 tensorflow/cc/saved_model/loader.cc:203] Restoring SavedModel bundle.

2020-11-14 21:33:38.446862: I tensorflow/cc/saved_model/loader.cc:152] Running initialization op on SavedModel bundle at path: /home/goto/ILC/Deep_L Restoring
6_50000samples_100epochs_ps_100epochs_s

2020-11-14 21:33:38.509773: 1 tensorflow/cc/saved_model/loader.cc:333] SavedModel load for tags { serve }; Status: success: OK. Took 292443 microsec
N20-11-1¢ [:33:44.0058/3: tensorflow/stream_executor/plattorm/detault/dso_loader.cc:44]| Successtully opened dynamic Library libcublas.so.1l¥
MESSAGE "Marlin"] - no GEAR XML file given 9 . . . .

MESSAGE "VertexFindingwithDL"] My Processor Vertex Finder with DL is running

MESSAGE "VertexFindingwithDL"] - VertexFindingwithDL - parameters:

MESSAGE "VertexFindingwithDL"] Algorithms: VertexFindingwithDL

MESSAGE "VertexFindingwithDL"] IgnoreLackOfVertexRP: @

MESSAGE "VertexFindingwithDL"] MCPCollection: M(CParticlesSkimmed

MESSAGE "VertexFindingwithDL"] MCPFORelation: RecoM(CTruthLink

MESSAGE "VertexFindingwithDL"] MagneticField: 3.5

MESSAGE "VertexFindingwithDL"] PFOCollection: PandoraPFOs

MESSAGE "VertexFindingwithDL"] PIDAlgorithmName: LikelihoodPID

MESSAGE "VertexFindingwithDL"] PrintEventNumber: 0

MESSAGE "VertexFindingwithDL"] ReadSubdetectorEnergies: 1

MESSAGE "VertexFindingwithDL"] TrackHitOrdering: 1

MESSAGE "VertexFindingwithDL"] UpdateVertexRPDaughters: 0

MESSAGE "VertexFindingwithDL"] UseMCP: 1

MESSAGE “"VertexFindingwithDL"] ----------rcmmccmcnrr e r e c e e e e e e e =

T. Suehara, K. Goto, ML@HEP@E KX, 9 Jul. 2022
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3. Inference with C++

Software setups @ “beep—gpu’ server in Kyushu Univ

For use Tensorflow in LCFIPlus (iLCSoft)
Download Tensorflow from GitHub

Install Bazel v0.29.1

Build Tensorflow C++ API & make shared library ( libtensorflow cc.so, libtensorflow framework.so )
Tensorflow v2.1.0 / CUDA v10.1 / cuDNN v7 / Eigen v3.3.90 / Protobuf v3.8 /
(g++v8.4.0/ C++11, 14 )

Move header files and libraries to the /usr/local/include/tf and ---/lib/ or your own local
Also need to put the eigen3/unsupported, google/protobuf, tf/absl in the /usr/local/include/

Make cmake file ( FindTensorflow, Eigen3, Protobuf ) and write find package in CMakeLists.txt
Include/eigen3/unsupported and libtensorflow framework.so are not available in this way

We have to use the absolute path to these files

Install iLCSoft v02-02 ( please give attention to cmake version )

LCFIPlus meeting 11/19 9
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— B BIZN : binary cross entropy
— mEib/FEZE : Adam/0.001
» BABRHOFEERTYIR
— 2 E % (Epoch) : 100 epochs
— INYFHAX : 32
» BEARFEOUUTILE
— Framework / Hardware : Tensorflow, Keras / TITAN RTX
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» FRIE A BIZHENT—2 DN sample ERLENS

- ¥ONTAUTETRY A
- FEREEFROMRBOFRABTILOED UNT027)]L. :
FERIZEENHLTWNESIITATILTINVS
— FREPIED S v T )IL < % 1 epoch
— RE, RBICIERFZGEWNAE, FEIZEVTHEHESREY RFIIEKFLGLED 0>0>0>0>
1 epochBIZHREIDIEFZ vy 7I)LLTLNS A A A A

3 1 4 2 — vl

©>0>0>0>
A A A
2 3 4




2' Eﬁiﬁln\@tﬂo)ﬁo)—l_7lb*‘Jl\U 7

Attention Attention Weight Map

Connected tracks are
01459101213 151718192021 2226 30

0 - <n
- BRI EZR [;F 2 (Attent LTaxLLy :
TESRA AT ISR LR R |
10 -

Attention Weight Graph

Encoder Tracks
OQQOQCQOQ..0000000O000000.0000000000000000000000000.00000 [ )

/ — ROXKS
e BORS =

N
o
I

Decoder Tracks
)
(@)

71N+ NIV A NIV WANAN

N
Ul

® Connected
® Not Connected

xS

.af“ i

3 7 ¢ .

¥

* 3 1
J
;/ \ ,// /
\, s '
/ ./ (IR A
0000000 00000

r%r’éh\o’CL\%Jk% A = pebotiadidacks
REREANSHDRID[EEHZZ(THENTLND
[EDRERIDDIFEREZITEO TSN DFAENNE

oo U o B W
ouu O U1 O Ul

O 5 10 15 20 25 30 35 40 45 50 55
Encoder Tracks

ELrmXERT



3. FEFEZRHAVV-RIRARH
LR (31 &)

[012345678910111213 141516 17 18 19 20 21 22 23 24 25 27 28 29 30] True Others

True Primary Vertex [1,13, 22, 29
[3 4, 6 7. B, 11, 12, 15, 16, 18, 19, 20, 21, 23, 25, 27, 28, 3¢]

‘redict rimary Vertex 26

3, 4, 6, 7, 8, 11, 12, 15, 16, 18, 19, 20, 21, 23, 25, 27, 28, 29, 30] 15 12

True Secondary Vertex thaln | 24 iy 8

cc : [0, 2, 14]
bb : [5, 10, 17] 7
one track : []

True Secondary Vertex Chain 2

cc : [24, 26] 9

bb : [] \Q 4
one ﬁrucg : S Chain 2 ‘~

Vertex © .. 3

< X4
X4
' N
4
4
4

' Vertex :

30
lartay /
1- EIrcex ¢ 28

27 14

v Vertex 3

25 23

Primary / Reco SV : 0.¢ 21
_C Others / Reco SV : 0. 20 Chain 1 0 2

Bottom / Reco SV : 1.0 Same Chain : 1.¢ me Particle : @.066b0b6060060060006

IC Charm / Reco SV : 1.0 Same Chain : 1.9 Same Particle : 0.8 19 1
8 16




3. REFEZHV-RERARE

IHITDF % (LCFIPIus) EDELER — TL—/\—E 71

B Tagging Performance

10° -

(-
3
=

-
3
W

mis-id fraction to b jets
=
<

] —+— ¢ béckground _DL + cut + track selection
: —— uds background -

c background - LC
uds background -

DL + cut + track selection {
IPlus "
_CFIPlus

mis-id fraction to c jets

10~

0.0

0.2 0.4
b tagging efficiecny

C Tagging Performance

10° 5 —

101

102

10-3 —— b I.oackg‘round - DL + cut + track selection )
—4— uds background - DL + cut + track selection
—+— b background - LCFIPlus

uds background - LCFIPlus
10~4 = i i % %
0.0 0.6 0.8 1.0

c tagging efficiecny



GravNet - Network -

» |Input Data :B XV X Fjy
B : Number of examples including in a batch
V : Number of hits for each detector
Finy : Number of the features for each hit

(a)

» S :Sef of coordinates in some learned representation space

» [ p . learned representation of the vertex features

O OO0 O
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Loss function - Network Learning -

The object condensation approach :
Alming to accumulate all object properties in condensation points

Assignment of vertices for 1 : Update of
|dentification of noise
eqach shower 0SS term

The value of B; (0 < B; < 1) Is used to define a charge q; per vertex |
q; = arctanh’f; + qmin (B; = 1: q; — +o0)

The charge q; of each vertex belonging to an object k
defines a potential V;, (x) « g;

N
The force affecting vertex | can be described by q; - VVi(x;) =q;V ZMik Vit (x;, 4i)
=1

(1 (vertex i belonging to object k)

0 (otherwise)
\ 2022/1/21

Mig = <




LOss function

The Ly, has the minimum value for q; = gin + € Vi

To enforce one condensation point per object, and none for background or

noise vertices, the following additional loss term Lg Is infroduced :

N
1 1
Lﬁ — E E (1_ﬁﬂ!k)+SBN_B E :nfﬁf:
k I

» The loss terms are also weighted by arctanh? g; :

N
1
- » Li(t, pi) &, with
v 2 L. p
Zi:l'fi i—=1

£ = (1 — n;) arctanh? ;.

L, =

sg : hyperparameter describing the
background suppression strength
K : Maximum value of objects

Nz : Number of background

n; . Noise tag (if noise, it equals 1.)

p;: Featutes
L;(t;,p;) . Loss term (Ditference between
true labels and outputs of network)

2022/1/21




LOss function

» If high efficiency instead of high purity Is required :

K

N
1 1
L = — E - E M;i L;(ti, pi)éi.
P N ’
K k=1 Zi:l M;i§; i—1

» [N practice, individual loss terms might need to be weighted differently :
L = Lp + Sc(LB + Lv)

_— O\

Update of T : Assignment of vertices for
|denftification of noise
lOSS term eqach sower

2022/1/21



5D imaging calorimetry

e Advantage of adding timing
info to the calorimeter hits

ut L
----------

++++++
L T
+I::I"': at

— Precise timing measurement

by averaging over many hits S
O(10 ps/hit) x O(100 hits) +

- 0O(1 ps) overall resolution! pico-sec timing
— Pattern recognition (PFA) ‘

with additional dimension Particle ID

“5D imaging” 5D PFA

- more intelligent reconstruction b/c/s tagging

with modern deep learning BSM search

aikan Suehara et al., ILC Workshop on Potential Experiments (ILCX2021), 27 Oct. 2021 page 66



Target of timing resolution

* O(10ps) 10 ps =3 mm
— Target for hadrons
— ToF = b/c/s tag
— PFA (photon separation)

Time difference [ps]
s

10 12 14 16 18 20

— e " Particle mometum [GeV/c
Long lived search 10 psec can separate < 9 GeV
® O(lps) 1 DS = 0.3 mm tracks from photons (1.8 m distance)
— Target for photons £ 3000 s ae Flat mass
— . 3 bt distribution
— ldentifying n° from b/c’s oo
- improving b/c ID missing
: ] neutral
Vertex mass (GeV) pa rticles

with pT correction from neutral particles

aikan Suehara et al., ILC Workshop on Potential Experiments (ILCX2021), 27 Oct. 2021 page 67



Particle ID (w, K, p) at ILD

e dE/dx in TPC -
— ~3 sigma for /K, ~2 sigma for K/p

;‘Tﬂy ?" LD *  7w/K, dEdx
\ o°+ IDR-L 7 /K, TOF20
§ 0\ -;rf,f" K, combined |_
j{;f"p, dEdx
K/p, TOF20

K /p, combined

Separation Power
—t
o
o

— Can be improved by pixel readout
— Impossible momentum at 1-2 GeV

o -

-----
_ e

e ToF at calorimeters oy T

Momentum (GeV)

s 7/K, dEdx
7 /K, TOF100
7/ K, combined |
K /p, dEdx
K /p, TOF100

K /p, combined |

— PID with simple reconstruction
(averaging over O(10) hits)
e 100 psec hit reso = separation up to 2-3 GeV

Separation Power

e 20 psec hit reso = separation up to 3-5 GeV

— More intelligent reconstruction using AP e
O(100) hits desired | Momentum (GeV)

e Development ongoing

5GeV 09996 0.9951 0.9822 30 ps 88 ps
10GeV  0.9999 0.9988  0.9956 7 ps 21 ps

aikan Suehara et al., ILC Workshop on Potential Experiments (ILCX2021), 27 Oct. 2021 page 68




Progress on timing reconstruction

e Advantage of ToF in Calo
- Average over many hits
(average over 100 hits =2 10 x better)

e Precise “tracking” inside showers is

i
necessary to use “all” hits A R

ECAL hits | o o [ FEL 11
gaEn Eu B ©

B. Dudar, LCWS21

e We are working on correct
“parent-daughter relation”
of MC info inside calo
— Need tuning on simulation = done
— Reconstruction ongoing

e “Graph attention network”

being investigated — see M. Kuhara’s talk on A&B session
aikan Suehara et al., ILC Workshop on Potential Experiments (ILCX2021), 27 Oct. 2021 page 69




Flavor tagging with PID

e |dentify “strange”
quark (K meson)
from secondary
vertex (b or c)

e Can reconstruct full decay chain

— Jet charge ID (e+e- = ff etc.)
— High-purity flavor tagging (H = bb/cc/gg, H—>HH)

— To be integrated into “deep flavor tagging” with input as all
reconstructed particle
(effort started)

aikan Suehara et al., ILC Workshop on Potential Experiments (ILCX2021), 27 Oct. 2021 page 70



5D particle ﬂow

PFA needs complicated
clustering algorithms
Cluster separation is
essential

Timing information
should help separation
of photons and charged
particles

E Pandora LC Algorithms

60+ algorithms for fine-granularity detectors

J

90

J

3,
S)
-
gy
<,
S
~
0

https://github.com/PandoraPFA/Documentation/

RMS,

150 200 250
E [GeV]

aikan Suehara et al., ILC Workshop on Potential Experiments (ILCX2021), 27 Oct. 2021 page 71




Long-lived search

e Heavy charged particle
— Detection: possible by tracking (without timing)

— Precise mass reconstruction with timing
e 10 cm, =0.5 = 6% with 10 psec timing resolution

e Heavy neutral particle

— Lifetime > 3 mm with 10 psec (assuming KOL)
e Probably better than pointing resolution of HCAL

— Lifetime > 0.3 mm with 1 psec (assuming photon)
e Better than pointing resolution of ECAL

aikan Suehara et al., ILC Workshop on Potential Experiments (ILCX2021), 27 Oct. 2021 page 72



Physics target of 5D imaging

Higgs studies

— bb/cc/gg/(ss) PID, flavor tagging

— Invisible, jet energy resolution (Z->qq, H—2>invisible)
— ZHH (higgs self coupling) tt rejection (flavor tagging)

Electroweak
— e*e” =2 qq, quark charge ID (decay chain ID)

BSM search
— Long-lived particle (SUSY etc.)

More ideas?

aikan Suehara et al., ILC Workshop on Potential Experiments (ILCX2021), 27 Oct. 2021 page 73
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