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Reconstruction of full decays
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Detector information

Decay information
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Reconstruction of full decays

Full Event Interpretation:

* Estimate probabilities of individual decays
using boosted decision trees (BDTs)

* Hierarchical reconstruction of the whole
decay tree In 7 stages

* In total 0(10%) BDTs

Limitations: :
* Hard-coded decay channels for each particle
* Hard-coded particle types at each stage
-> Low reconstruction efficiency: 0(1%)
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Goal:

No restrictions on decay channels

-> Predictions of particles instead of estimations of decay probabilities
-> PDG (Particle type) + P (Four momentum) + Link predictions

Only train a single model for all decay channels

Example:
Given final state particles (including particle information): eTe”yK™*
FEI: p(J/WKt - ete yK*) > p(n®’K* - ete yK*) > .-
New: . -
oW et |PDG, P PDG, P > Link prediction

e” |PDG, P
y |PDG,P
K* |PDG, P

PDG,P| > PDG, P predictions
PDG, P Null: Placeholder
PDG, P
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Goal:

* No restrictions on available particle types at each stage
-> Looser definition of stages, but still hierarchical reconstruction
-> Continuous representation of the decay information in an embedding space

Example:
Embedding space:

Root particles Intermediate stages Final state particles
B* (PDG, P) ]/WKWew-yw (PDG,P) 1
. u*uTyK* (PDG, P) 2
B* (PDG, P) —5

DOt (PDG, P)

n*n~K* (PDG,P) 13
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Transformer-based models:

* High representative power
(e.g., ChatGPT)

* Suitable for a variable number
of particles as input

* Extracting high order
correlations among particle
features with attention
mechanism

* Suit for various kinds of tasks
(classification, regression,
clustering) with the same basic
network block

Feature

Embedded
PDG

Four
Momentum

Correlation level
(schematic)

strong

weak
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Transformer Q K,V
o EE Em Em Em o Em Em = Em = |
Scaled Dot-Product Attention l Multi-Head Attention : “ Encoder | Decoder
I 1 I
| Li I Output
MaIMul I el | h ea d 1 : Probabilities
) I Concat : |
[ Softvax ' ‘ ' ! .
| o I : incar Encoder for
[ Mask (opt) ' | scaled Dot-Product Jih N head? 2 , embedding
| Attention N IS e =T I Focd
Scale I (10 (10 Al l N IS D A : Forward
1 — = o= | ~ i‘ * Decoder for
| . N
Linear Linear Linear é N | .
Mathul 5 7 7 ' N i| | (Vo reconstruction
T 1 I | N\ . Feed ’ I Attention \
Q K V I ~ arwar } } x
' ~ | | |_% "
Y K Q _! \N\ || | EZEtem * No posmonal
___________ I - | | encoding
«  Vectors: semion | [§ | | Vattenton
*  Q:Query QKT = el N e =l
: . \. J J
e K: Key AttEHtIDH(QT K" V) o %thmax( \/? )V Positional 3 I Positional
« V:Value k Encoding 1 I & Encoding
. u - - . Input | Outqu
* Softmax represent the similarity of Q and K Frhecho by L
* Multi-Head enables different combinations of the subspaces of the nouts : Outputs
I (shifted right)
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F
Transformer structures
* GPT-like (original design, tested by Nikolal)
J/ ¥ [start] ] / WK* [start] /] / WK *[end]
ete"yK* [start] ete"yK* [start] ] / ¥ ete"yK* [start]J /WK™
* BERT-like * HyperTagging (ideal)
True Embedding J/WPK*

Encoder Decoder m

ete yK? J/WPK* ete yK* ete”yK*+Embedding
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Interactor:

Similiar to Transformers
Powerful for sparse features
(PDG, Charge, #Daughters:)
Extracting high order
correlations among different
features from different
particles with attention
mechanism

Better extracting particle level
Information

Feature

Embedded
PDG

Four
Momentum

8/21



Building blocks

LUDWIG-
MAXIMILIANS-
UNIVERSITAT
MUNCHEN

Hyperbolic embedding:
* High representative power for
hierarchical clustering tasks

Homo Sapiens

inback
Squirrel
Rodent

mmal

Tiger Cat t

Tiger

Mammal

Carnivore

[ German Shepherd

Beagle

Orangutan

| —

Bison

‘Antelope
Even-Toed Ungulate

Ungulate

Elephant
Rhinoceros

Odd-Toed Ungulate

Mustang

9/21



LUDWIG-
MAXIMILIANS-

UNIVERSITAT
MUNCHEN

Hyperbolic embedding:
* High representative power for channel 2| channel 1
hierarchical clustering tasks
* Forcing the network to self-study nrnTK*
physics information by clustering J/PKY DOt
task B* .\
Sample B
Hidden Units channel -~
: Calculate: .-
Predict: Radius
Direction
Vector
Hyperbo_lic
Embedding 10/21
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Hyperbolic Space (2D example — Poincare disc)

AUV S

S s »rr&%“: I3 & o
SRR

_ D" = {z € R": ¢||z]|* < 1,¢ > 0}
; “7‘&‘?%‘%%* Propertigs: | -
 The size of an object with distance d'to the center ~ 1 — d?
-> Embedded events will never reach the boundary
-> Effective space near the boundary is infinite
* Volume of the space scales exponentially with radius
-> Comparable to tree-structured data (decay relations)

(14 2¢(x,y) +clylIP)x+ (1 —¢[|x]|*)y

RN N\ NG Metrics: XD,V =
1’;‘“74‘\\' ﬂy‘% QW[“\\‘?:K“‘ . . cy 1 + 2e(x, + c2||x||? 2
'*‘X%@%mmy’,‘&%"é" *  Hyperbolic distance o y) +ElxIEly
Const.  ~1— Radius? Diypl.y) = —zarctanh(v/e] - x &, )

l l * Hyperbolic angle/cosine similarity (the same as euclidical)
EROE = EY(4S) — EReconstructed 5

_ || % 2
— T~ EROE Dcos(ziazj) — ‘

1zl =l

2 1zl - 1zl
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Hierarchical reconstruction - e T ;
with well trained embedding - T A E S
Input

channel 3

Reconstruction

Reconstructed: |
PDG, P

Reconstruction

channel 2

channel 1

Reconstructed:
PDG, P

12/21



Workflow
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Hierarchical reconstruction
with well trained embedding

Input - Real Input - MC Reconstruction
FSP in real data: FSP w. full info: Reconstructed: | _
PID, m, P, - Pdg,m,q,P.xt Pdg, P g
: | |
i Hyper Embedding :
. 1 1
' v
Teacher Baseline Higher Level
Embedding Embedding Embedding
! | t
: Knowledge Transfer I I I
Structure 1: e P P P S L.._. —-
Input - Real Input - MC Reconstruction
FSP in real data: Reconstructed:
PID, m, P, - Pdg, P >
|
1
Hyper Embedding !
v

Baseline Higher Level

Embedding Embedding

Structure 2: 13/21
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Particle level embedding

(pre-training of Sample level embedding)

Structure 1
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Sample level embedding

Transformer
Encoder

Intra loss

Pre-learned particle level embedding:
Frozen at the beginning of the trainings

Clustering according to combined losses:
* Classes Intra vs Inter:
Labeled with event number vs channel
Representing same decay event vs same decay channel

* Metric Angle and Distance

Inter loss - Angle Inter loss - Distance 15/21



Workflow
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Reconstruction

Input

Multi-task-losses:

pdg

Transformer
Encoder

Py
p_z

Sample
Embed

Transformer
Decoder

PDG classification: Cross entropy

Momentum prediction: Mean square error

Link prediction: Cross entropy of link matrix
Embedding loss: (Discriminator): Hyperbolic distance

pdg

classification v
_____________ pdg’
| E
momentum I ox -
prediction I ,
____________ ! p_y
p_zZ
_____________ \ - J
link :
classification |
_____________ . 110[0(O
110[0(O
110[0(O
B+
110[0(O
Y Kt v vy
KRN

> embedding

Ol ||
OO, |O|]O|O
O|lr,r|]O|lO|O|O
R |l|O]lO|O|O|O
(@l ol ol Noll Noll o
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Structures overview

/IS'N @?

Size

Particle Level
Embedding

Sample Level
Embedding

Variable Reduction
(Structure 1 only)

Reconstruction
(Structure 2 only)

Link Prediction
(Structure 2.1 only)

Automatic Feature
Interaction (Autolnt) +
Transformer Encoder

Transformer Encoder +
Hyperbolic Embedding

(HypTr)
Transformer Encoder +
Hyperbolic Embedding

(HypTr)
Transformer Encoder +
Decoder + MLP

Transformer Encoder

11K
3.5K

900K
460K

300K

200K

30K

Prediction of
combinations of
daughter particles

Learning the
representation of decays
iIn hyperbolic space

Imitating the sample
level embedding with
less information

Prediction of
reconstructed PDG, four
momentum (and link)

Prediction of link

Supervised
pre-training

Unsupervised
training

Knowledge
transfer

Multi-task
supervised
training

Supervised
training
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Dataset (proof of concept)
* Monte Carlo truth information from four B decay channels (25% * 4)

Performances
* Clustering performance:
2D slice from 16D embedding space, colored with channels

— 3
0.4 -
0.2 - L : ,
3 2
= . - z
w00 _
L]
s e 1 &
0.2 1 ' ' .
—0.4 1
T T T T T D
-0.2 -0.1 0.0 01 0.2
dimension O 18/21
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Dataset (proof of concept)
* Monte Carlo truth information from four B decay channels (25% * 4)

Performances
* Reconstruction performance

3-Task Training _| 2+1-Task Training

Accuracy:
PDG prediction #correctly predicted PDGs incl. Nulls 92% 849

#all PDGs incl. Nulls

Four momentum Mean absolute error:

prediction mean(abs(Ppred =~ Ptruth)) 0.087GeV 0.083GeV
Accuracy:
Link prediction #correctly predicted links 80% 95%
#all links
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Experiments

Dataset (generic)

* Monte Carlo truth information from Y (4S) decays
* Four B — Kvv signal channels (2.5% * 4)
« Two generic B%* datasets (45% * 2)

* No definition of “same channel” -> new metric M; ; to replace channels
In the loss function:

exp(—D(z;, z))

3 exp(—D(z;, zj))
li,j = 6Ci’cflog2k eXp(—D (Zi,Zk)) — —M: :lo

i,j108 > exp(—D(z;, zx))
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Achieved:
* Successful encoding of decay information into hyperbolic space
* Accurate predictions of PDG, four momentum and links after reconstructions

On going:
* Balancing the performances of the 3 predictions
(trying to replace particle level embedding with link prediction for pre-training)
* Coding for the evaluation of the whole reconstruction
e Studying the performance on generic dataset

Plans:

* Adding more avallable information for each particle/event

* Changing from simulation truth to reconstructed information
-> Enable ansatz on real data
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Boyang Yu
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Hyperbolic Space (2D example — Poincare disc)
D" = {z € R": ¢||z|* < 1,¢ > 0}

N S g S g N Y
AN R,
AR

”{ay\%‘%?é\“%g\‘% Properties:
AN A V) * The size of an object with distance d'to the center ~ 1 — d*

-> Embedded events will never reach the boundary
-> Effective space near the boundary is infinite
* Volume of the space scales exponentially with radius
-> Comparable to tree-structured data (decay relations)

N, , Znia
f R SN

e ) 28 \
4‘.‘.\\37!97“\ N

e X TR
\SUSEUNG

ldeal Embedding:
* Center: Singularity containing all full reconstructions of Y(4S)
-> Empty rest of event (ROE)

GNP
N7

=
%

Const.  ~1— Radius* * Bulk points: Partially reconstructed decays
l l * Points near boundary: Starting points of reconstructions
-> The less reconstructed, the smaller branching ratio
EROE = EY(4S) ~ EReconstructed (taking less place in embedded space)

-> Enable all possible decays

— 1~ EROE



Hyperbolic Embedding

Sample
Hidden Units
l Calculate:
Predict: Radius
Direction
Vector
Hyperbolic

Embedding

Hyperbolic metrics

(14 2e(x,y) + cllyl]*)x + (1 — c|lx[]*)y

Addition: Y = ‘ |
XDy 1+ 2c(x.y) + [|x[2[lyl?

2
Distance: Dpyp(x,y) = ﬁarctaﬂh(\/g” —x D yl)

1 vy v
ial expy (V) = X D, (tanh (ﬁ X
Exponential (v) > Jellvl

with x the base point, usually set to O



Hyperbolic metrics

(1+26<X,y)-I-C||yH2)X—0—(1—C||x||2)y Emb&ddlng |OSSGS

N XD,y = ‘ ‘ . .
Hyperbolic distance 1+ 2¢(x, y) + 2|2y [P Intra loss:
9 Align the samples from the same decay event
Dhyp(x,y) = ﬁarctanh(\/EH — XD y|) ~.
. ~
Hyperbolic angle/cosine similarity (the same as euclidical) S 3 S o
| 2 (2;.2;) R \\\
DCOS(Z?".Zj): ‘ Z; o ZJ :2_2 Z'Lij \\\ \\
lzilly,  llz;ll5 1, 12l - {12l / <2
* Inter loss:
Cross entropy losses w.r.t the two metrics for positive pairs (i, j) Cluster/Separate the samples according to their
decay channels
. exp(=D(ziz))/7) /
T 5 K .
Skt €50 (~D (21, 24)/7) , A N
Cross entropy losses for general cases v T
(no well defined decay channels to specify “positive pairs”) 9 e e

og M; ; exp (—D(zi, z;))
>k M exp (—D(zi, )

o P (=D(z0:2,))
> exp (—D(zi, z))

— —1

l%,j = - 6(3?;,(3]'



Proof of concept: Toy Monte Carlo

Dataset:

Four channels:

« Bt (J/¥-ete)K?
e« B->D°>Krnt)n~
« Bt 5 DOgt g0

e« B ->D°ntmn m™

particle list

Each event (Y4S Decay) produces several samples according to the depth of particles to its root B meson, e.g.

* Depth 1 (Sample 1)
: B+
-> Embedding 3

* Depth 2 (Sample 2)

-> Embedding 2 J/Y K K\ K 5\74 =06 |1— EReconstructed, 1023
ﬂ\ N R R "%}é\g EB+/_/O
« Depth 3 (Sample 3) ) ) ) °
> Embedding 1 et e VvV Kt Vv VY

Each particle carries 12 features (Bold as reduced)
PDG, mass, charge, energy, production time, X, y, z, pX, pYy, pz, nDaughters
Particles in each sample are sorted according to energy

Notice:
For each sample in the toy MC, all the FSPs come from the same mother B, i.e. the same channel
In the real case they are from two Bs or even background
-> Need a better metric to do clustering instead of the channel of one mother B for real data



Sample Level Embedding:

Visualisation with 16 dimensional hyperbolic embedding

Clustering vs. Decay channels
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Sample Level Embedding:
Visualisation with UMAP™ for 16 dimensional hyperbolic embedding
Clustering vs. Decay channels Clustering vs. Depth

Decay Channe

UMAP*: A tool for dimensionality reduction

Decay Channel



Knowledge Transfer:
Teacher with well trained NN

Sample w. full info:
Pdg, m, g, E, p, x, t

dimension 3

on full information

available for MC

Student with smaller NN to be trained

on reduced information

available for reconstructed data

Pdg, E, p

Sample w. red. info:

3
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-0.1 1 10
-0.2 -
0.3 1
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T T T T T T T 0 02 -
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dimension 0
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dimension 0
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