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Motivation

e Growing luminosity at LHCb is challenging
beauty hadron reconstruction Tracks
o higher particle multiplicities mean
more background
o overlapping pp-collisions leading to S
primary vertex (PV) misassociation. QQ0 ‘QQ

e Stringent latency and storage requirements
for data acquisition. _ _ B §
Primary vertices

e Inclusive approach for storing relevant

BO

(PVs)
parts of the event necessary.
LHCb period Num. vis. pp Num. tracks Num. b hadrons Num. ¢ hadrons
collisions
Runs 1-2 ~ 1 ~ 50 <1 <1
Runs 3—4 (Upgrade I) ~35 ~ 150 % 1 ~ 1
Runs 5 (Upgrade II) ~ 50 ~ 1000 ~ 1 ~35

Only objects in LHCb geometrical acceptance are considered
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Deep Full Event Interpretation (DFEI)

Julian Garcia Pardinas, Marta Calvi, Rafael Silva Coutinho, Jonas Eschle, Abhijit Mathad, Andrea Mauri, Simone
Meloni, Martina Mozzanica, Nicola Serra, Felipe Luan Souza De Almeida, William Sutcliffe, Azusa Uzuki

e Previous multi-stage GNN effort
Garcia Pardifas, |., Calvi, M., Eschle, ]. et
al. Comput Softw Big Sci 7, 12 (2023).

e Two main applications of trigger and
offline analysis.

Input Target
/ Graph , /
B+ / neural = o{oi/
< : network \B oz \
B \ " §
§ \

[arXiv:1806.01261v3]
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https://link.springer.com/article/10.1007/s41781-023-00107-8
https://link.springer.com/article/10.1007/s41781-023-00107-8

Previous DFEI algorithm

0
e Node pruning - GNN classifies
whether node particles are
associated with a beauty hadron. 0
i
PV,
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Previous DFEI algorithm

0
LCAI
e Edge pruning - GNN classifies D NP
whether the edges connect particles e
from the same beauty hadron. Ep
OQ (#) (\‘O B-
e Node pruning - GNN classifies B
whether node particles are NP
associated with a beauty hadron. e N
® o 0o
PV; V. PV,

William Sutcliffe (UZH) Advancing Beauty Reconstruction with HGNNs 19/06/25



Previous DFEI algorithm

e Lowest common ancestor (LCA)
prediction - GNN classifies LCA of
remaining edges (classes 0,1,2,3).

0
LCAI

e Edge pruning - GNN classifies 5 (..

whether the edges connect particles o

from the same beauty hadron. Ep

o o _B

e Node pruning - GNN classifies 8 ©

whether node particles are NP

associated with a beauty hadron. N Nle
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Previous DFEI algorithm

e Lowest common ancestor (LCA)
prediction - GNN classifies LCA of
remaining edges (classes 0,1,2,3).

e Edge pruning - GNN classifies
whether the edges connect particles
from the same beauty hadron.

e Node pruning - GNN classifies
whether node particles are
associated with a beauty hadron.

e Multi-GNN approach high latency.

e PV misassociation not addressed.
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New heterogeneous GNN approach

e Employ a multi-task learning with a HGNN to allow for joint graph
pruning, PV association and beauty reconstruction: arxiv2504.21844

Gl —|ancoen - G i - ~{ooncat-{bena

L K HGNN layers

- HGNN layers with

decoden}* G integrated pruning
™ for scalability

- Train with custom
simulation ~40k
inclusive pp —> bb
events.

- Heterogeneous graph
representation

- Node and edge
features (positions,
kinematics, charge)
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https://arxiv.org/abs/2504.21844
https://zenodo.org/records/15584745
https://zenodo.org/records/15584745

HGNN layer update

1) e = ¢% (eb, vpk, vk u) ek = p* ™ ({Ef})

2) egv—tr = ?bew_tr(ei)v—tr» V' Ugéa ) égv—tr = Pepv’“%“({Eﬁfv_tr})

3) v = ¢l e el _u) 8y = por e ({BY 1)

4) vl = ¢ (v, & ) &y = p T ({BLY), T = o (VD)

5) U = GUE Eoyprs T T W) Eopy = PP (Bl 1), Ty = pP ™ ({V])

Based on GNN updates in arxiv1806.01261
Edge 1), 2) node 2), 3) and global updates (5).
Edge and node representations, e, v, u

¢ = MLP update, p = aggregation

O
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https://arxiv.org/abs/1806.01261

Multi-objective loss and pruning

LCA reconstruction nGNN Edge pruning nGNN ‘Node pruning

. o HGNN Layer computations
L EC‘E (f’out Y CA + detr Z EBC‘E thr thr 3= [Un Z ﬁB(‘E ,ULn yttl) y p
Lpce(o(°r), y°r) | | Lro(o(¥™), y)

nGNN PV association P ! ,,,,,,,,,,,,, 4
4B S Locs (I ) ™
: -@t\ﬁ
e At each layer compute node and edge scores: \\ / i ‘
~V v Se /f’t
i = o (v) §° = o(¥5()) : —
o=sigmoid, P-MLP update H@ ,
Cazilfy

e (Constrain scores with BCE loss terms using

A i = E ! i E’pvftr
the ground truth labels i W
= : ‘ f 'i V7pvftr

e Removing edges and nodes based on a ,
prObab|||ty th reShO|d a”OWS for prun”']g edge lupdate  node update  global 11pdate

Lpcp(o (=), yr) arxiv2504.21844

e Explore the application of the scores as
weights in message passing aggregations, p
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https://arxiv.org/abs/2504.21844

HGNN reconstructed event

e Pruning isolates beauty tracks.

e LCA reconstruction perfectly reconstructs 2 beauty decay chains.

e Association of each track to a PV.

50 | T l T T T T I I I
tracks
40 —— HGNN beauty tracks
r HGNN PV assoc.
S0 PVs
20F
> 10
or -
-10F
—20F
I : L L l 1 1 1 1 1 1 [ i L l 1 » ¢ . I A
22 -100 0 100 200 300
z

&)
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£l
S
®
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Pruning performance

Edge pruning ROC
AL N L SRR I BN LR B T F T
1ol . ——— 1ol
e Track edge and Y G i :
node pruning > ool = layer1(AUC = 0.9728) ] > 00l
; S T R I R layer 2 (AUC = 0.9990) c i
performance with ¢ | I ver s (auc = 0.9995) g
I —— layer 8 (AUC = 0.9997) | S
|aye I’S. © 0'8_ ," A ygr>0.2 (tight pruning) e 0'8.
(<)l - ) 4 (o)) L
o | / = yg©>0.01 (loose pruning) | L
07k '," x Y& >107* (early pruning) | 0.7k
[ ! x  y57>107% (early pruning) ] [
[ i x  y5'>107* (early pruning) ]
0.8 353,00 0,05 010 015 020 025 030 035 040 a

pe

Node pruning ROC
L B LA LR I

---- layer 1 (AUC = 0.9923) -
-------- layer 2 (AUC = 0.9967) |
——- layer 3 (AUC = 0.9974)
—— layer 8 (AUC = 0.9975) ]
A y§r>0.2 (tight pruning) ]
m  yg>0.01 (loose pruning) ]

Background retention

P T R e S AP B A
O'%.OS 0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35 0.40

Background retention

H . 1.0 '-“-I-l--='—'|='—'I'—':—"—'=|."_"_'-_--_-'_-I-_--_--_-:.-a-a-l_--l;-;"_'.'.'-'l'—';_--_-:-_-:
e Tighter pruning reduces _J_ — -
background retention at the 0.8f e ]
expense of signal efficiency. . £==1 Signal loose prunin .
p g y %0'6__ — Signal tight ppruningg Wlth yLCA>O
S [ ___ Background no pruning. ]
e Signal efficiency stable with voar o Batkorouni tott oo |
growing multiplicity. o2f | i ]
T e ]
Track multiplicity
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Performance

Reconstruction performance

e Compare DFEI (DF) to nominal HGNN (H1)

e ~5x higher perfect reconstruction

Perfect reco. Complete reco. Not isolated Part reco.

Decay DF | H1 | H2 | DF | H1 | H2 | DF | H1 | H2 | DF | H1 | H2
True decay inclusive beauty | 4.7 | 22.4 1219 | 6.1 [20.1|20.6 |76.1|44.1|44.1|13.1|13.4| 134
B — K*%upu 32.7120.3(924 178 |137.7| 1.1 439 | 6.2 | 4.7 | 5.6 | 35.8 | 1.8
B’ - K= 38.1 14741916 00 | 0.0 | 0.0 [ 54.7(102| 7.0 | 7.2 | 424 | 14
A Bt — Knr 35.6 | 23.7194.5)103 1263 | 0.2 [46.5| 85 | 4.7 | 7.6 | 41.5| 0.6
BY— J/y¢ |31.3]22.8[91.8(20.3|443| 1.7 [443| 99 | 5.0 | 41 | 229 1.5
4 Ay — Afm 2221275683 | 86 | 94 244|374 | 73 | 5.2 [ 31.8 557 | 2.1
B° — Kpupu 36.2121.0(93.5|1104 281 | 0.3 [459| 84 | 49 | 7.5 [ 425]| 1.2
Perfectreco Complete reco B D-m |33.0]|57.7(67.5| 7.1 |11.6 | 23.0[53.5|13.1| 7.0 | 6.4 |17.6 | 2.6
B 5 D*D- 26.2 | 37.1 | 56.7 |1 23.9|140.2 | 32.1 | 45.7 (143 | 7.3 | 4.1 | 84 | 4.0
Ay — pK 39512421923 | 00 | 0.0 | 0.0 [ 486 | 5.7 | 6.4 |12.0|70.1| 1.3
Ay = pK 409 11.5|94.7 | 11.1 | 17.7| 0.5 | 374 | 48 | 3.7 | 10.6 | 66.1 | 1.1

: o

Not isolated Part. Reco

Advancing Beauty Reconstruction with HGNNs 19/06/25 13



Performance

Reconstruction performance

e Compare DFEI (DF) to nominal HGNN (H1)

e ~5x higher perfect reconstruction

Perfect reco. Complete reco. Not isolated Part reco.
Decay DF | H1 | H2 | DF | H1 | H2 | DF | H1 | H2 | DF | H1 | H2
True decay inclusive beauty | 4.7 | 22.4 | 21.9 | 6.1 | 20.1 | 20.6 | 76.1 | 44.1 | 44.1 | 13.1 | 13.4 | 13.4
B — K*%upu 32.7120.3}924 178 |37.7| 1.1 439 | 6.2 | 4.7 | 5.6 | 35.8 | 1.8
B’ - K= 38.1 4741916 00 | 0.0 | 0.0 | 54.7(102| 7.0 | 7.2 424 ]| 14
Bt — Knr 35.6 | 23.7]1 94.5] 103|263 | 0.2 [46.5| 85 | 4.7 | 7.6 | 41.5] 0.6
BY — J/y¢ |31.3]22.8]91.8(20.3|443| 1.7 |443| 99 | 5.0 | 41 |229] 15
Ay — Afm 22212751683 | 86 | 94 244|374 | 7.3 | 5.2 |31.8|55.7 | 2.1
» B° — Kupu 36.2121.0(93.5|1104 281 | 0.3 [459| 84 | 49 | 7.5 [ 425]| 1.2
Perfectreco Complete reco B D-m |33.0]|57.7(67.5| 7.1 |11.6 | 23.0[53.5|13.1| 7.0 | 6.4 |17.6 | 2.6
B 5 D*D- 26.2 | 37.1 | 56.7 |1 23.9|140.2 | 32.1 | 45.7 (143 | 7.3 | 4.1 | 84 | 4.0
Ay — pK 39512421923 | 00 | 0.0 | 0.0 [ 486 | 5.7 | 6.4 |12.0|70.1| 1.3
Ay = pK 409 11.5|94.7 | 11.1 | 17.7| 0.5 | 374 | 48 | 3.7 | 10.6 | 66.1 | 1.1
o
Not isolated Part. Reco
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Performance

Reconstruction performance

e Compare DFEI (DF) to nominal HGNN (H1)

e ~5x higher perfect reconstruction

d ©
Perfect reco. Complete reco. Not isolated Part reco.

Decay DF | HL | H2 | DF | H1 | H2 | DF | H1 | H2 | DF | H1 | H2

True decay inclusive beauty | 4.7 | 22.4 {219 6.1 [ 20.1]20.6 | 76.1 | 44.1 | 44.1 | 13.1| 134 | 134

B 5 K*uu [32.7/203[924]17837.7] 1.1 [439| 62 | 47 | 5.6 | 35.8] 1.8

B’ - Kn 38.1 474|916 00 | 0.0 | 0.0 | 547|102 | 7.0 | 7.2 |424] 14

Bt - Knr | 3562371945103 (263 | 0.2 |465| 85 | 4.7 | 7.6 | 41.5] 0.6

BY — J/y¢ |31.3]22.8|91.8]20.3|443| 1.7 |443| 99 | 5.0 | 41 | 229]| 1.5

4 Ay = Afm 222275683 86 | 94 | 244|374 7.3 | 52 | 31.8|55.7] 2.1

B 5> Kup [362[21.0]/935(104 (281 03 [459] 84 | 49 | 75 425 1.2

Perfectreco Complete reco B D-r |330|57.7|675| 7.1 |11.6|23.0 (535|131 7.0 | 6.4 |17.6 | 26

B 5 DtD~ |26.2|37.1|56.7|23.9|40.2 (321|457 (143 | 7.3 | 4.1 | 84 | 4.0

Ay = pK 39.5(242(923| 00 | 0.0 | 0.0 |486| 5.7 | 6.4 |12.0|70.1| 1.3

Ay = pKpp | 409115947111 |17.7] 05 | 374 | 48 | 3.7 | 106 | 66.1| 1.1

> j\
ﬁ\ ’ e HGNN H2 trained with extra 3k exclusive decays

Not isolated Part. Reco

William Sutcliffe (UZH) Advancing Beauty Reconstruction with HGNNs

19/06/25

15




Performance

Reconstruction performance

e Compare DFEI (DF) to nominal HGNN (H1)

e ~5x higher perfect reconstruction

d ©
Perfect reco. Complete reco. Not isolated Part reco.

Decay DF | HL | H2 | DF | H1 | H2 | DF | H1 | H2 | DF | H1 | H2

True decay inclusive beauty | 4.7 | 22.4 {219 6.1 [ 20.1]20.6 | 76.1 | 44.1 | 44.1 | 13.1| 134 | 134

B 5 K*uu [32.7/203(924(17837.7] 1.1 [439| 62 | 47 | 5.6 | 358 1.8

B’ - Kn 38.1|47.4(916| 00 | 0.0 | 0.0 | 547|102 | 7.0 | 7.2 |424| 14

Bt > Knr | 356237945103 (263 | 0.2 |465| 85 | 4.7 | 7.6 | 41.5| 0.6

BY— J/y¢ |31.3]22.8[91.8(20.3|443| 1.7 [443| 99 | 5.0 | 41 | 229 1.5

4 Ay = Afm 22.2 275|683 | 86 | 94 | 244|374 7.3 | 52 | 318|557 | 2.1

B 5 Kup [362[21.0[935]104 (281 03 [459] 84 | 49 | 75 |425] 1.2

Perfectreco Complete reco B D |330|57.7|675| 7.1 |11.6]230|535|13.1| 7.0 | 6.4 |17.6] 26

B 5 DtD~ |26.2|37.1|56.7|23.9|40.2 (321|457 (143 | 7.3 | 4.1 | 84 | 4.0

Ay = pK 39.5(24201923] 00 | 00| 00 |486| 5.7 | 6.4 |12.0|70.1] 1.3

Ay = pKpp | 409115947111 |17.7] 05 | 374 | 48 | 3.7 | 106 | 66.1] 1.1

> j\
ﬁ\ ’ e HGNN H2 trained with extra 3k exclusive decays

Not isolated Part. Reco

e Generalises to other decays

William Sutcliffe (UZH) Advancing Beauty Reconstruction with HGNNs

19/06/25

16




Performance

PV association performance

Method PV Association (%)
method task edge type track beauty track beauty hadron
min IP - - 95.56 £ 0.03 88.82 £ 0.21 96.14 + 0.17
HGNN EE%E tr-pv 97.83 £ 0.02 96.19 &£ 0.14 97.60 £+ 0.15
HGNN EEXE tr-pv, tr-tr | 99.83 £ 0.01 99.74 + 0.04 99.85 4+ 0.04
HGNN EIé%A, ngE, Lgfé‘ge tr-pv, tr-tr | 99.88 £ 0.01 99.78 + 0.04  99.85 4+ 0.04
yopER I ey I e '-.
F f---!_____ g\o’ R i iadias |
S 97.5F G- i SR " A — b e i ; ]
F o ey e — -k S P 14
£ os0F  TTw—m 5 [ S
2 E T i z | e
5 92'55' § 80 (— I ‘
§ 90.0f 5 -
® g c 70F ]
e 875 "min IP % L7 min IP ]
© 85.0F L277 HGNN, tr-pv, £?V ;2 603_::; HGNN, tr-pv, PV _
g 5 SE_r_'.‘J. HGNN, tr-pv, tr-tr, £PY © [ 721 HGNN, tr-py, trtr, £PY -
" F T3 HGNN, tr-pv, tr-tr, £'CA, PV, pprune z - | HGNN, tr-pv, tr-tr, £'CA, £PV, cprune
i ] e e B e S
PV multiplicity PV multiplicity
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Timing and performance with pruning

Early edge
pruning:

~Ctr

Yi—3

improves the
scaling of
inference time.

> 104

Performance
loss from early
pruning can be
mitigated with
weighted
message passing.

45 _'— LENELENL LR L L L L —'_
[ —— GNN 1
40F ---- GNN early pruning =
W e HGNN ]
E3sE . 3
b F —— HGNN early pruning ]
Ezofr W 3
o ]
3 st GPU E
e £ - ]
L 20F 3
E7F oy -
= i T 3
A T — pro = mmmmmm ]
10f ™ -
5: |_ L |- PRI [T SN T TN AT SN TN S AT TN T T NN SO S S T | .
0 100 200 300 400 500
Track multiplicity
60_ T I T T T T ] T T T T T T T T T T ]
~ I — Perfect
X [ = HGNN
g r T e Complete
c L 1
o e ---- Partial
] L 1@ @ L T TTTT T 4
S a0k ¥ e 4 —— Not isolated 1
b B ] '/./ etr
2 [ 4e” 4 V>0
S g Yo 5 >1077 ]
% i Yit3>107* ]
& Y5 3>1077
© ]
e Other -
5 ]
o .
9]
(a1
i N s MY R R S
30 35

GPU timing (ms) for track multiplicty > 300

CPU inference time (ms)
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40
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T
NN
---- GNN early pruning
HGNN

HGNN early pruning

CPU

~H NN SEETE FEETE RN RN R SRRt

FTTrT

I R R R
200 300 400 500

Track multiplicity

Ca 1
100

ok

30

LI—— T
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Complete
---- Partial
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Yit3>0
yit3>1077
x  y§ry>1074
B Y5 5>1072
e Other

35

GPU timing (ms) for track multiplicty > 300
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Conclusion

e The growing luminosity at the LHCb is challenging the reconstruction
beauty hadron decays.

e Introduce a HGNN that jointly reconstructs beauty decays and assigns
the correct primary vertex with high accuracy
o Arxiv: arxiv2504.21844
o Github: scalable mtl hgnn
o Dataset: https://zenodo.org/records/15584745

e The percentage of perfect reconstruction on inclusive beauty decays
~5x higher than the previous DFEI algorithm.

e Early pruning allows for 2-3x (5x) speed up in GPU (CPU) inference
time with minimal performance loss.
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https://arxiv.org/abs/2504.21844
https://github.com/willsutcliffe/scalable_mtl_hgnn
https://zenodo.org/records/15584745

HGNN training and validation losses

~ony Edge prunin _enn Node pruning
LCA reco N ayers &P & Mayers

£ :»CCE (eouta yLCA) i "8€tr Z ['BCE (?)ftr; ,yftr> + “B,Utr Z »CBCE (g’;&r’ y{'Utr)

1
ann PV association

nlayers

+ B Y Lace (57,47 )

101
; e Contributions of tasks to

overall loss for the training.
e Training loss (solid)

e Validation loss (dashed)
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Additional DFEI performance plots

> IE T T ]
. . . o E—— -
e Selection efficiency for B g0
. . = e
particles and particles from the < 07 E
§ 06F 3
rest of the event. S osE E
T 04F 3
%) 3 :
03F e
e Confusion matrix shown below. P
0 100 200 300
2 3 456 7 8 910111213 14 15 16 o pacles niesent
S R ¢ 3 5 5 i
3-1 [ 10 s 2 11 20
L 118 \754321
$ 5-0 1 1 IPIVION 7 6 4 4 2 2
3 6-0 0 1 15 M7 5 4 3 2
£ 7-0 0 o 1 2 BERW 38 6 5 4 3 v
T g-000 01 2| CRRCE R0 7 4 4
§9-0001123 CEEN1l 7 6 4 2
“:10-00000123 L PN10 7 6 10
L 1n-000 0011 3 4PCEURTEING o
}Eu12-0000011124‘9
©13-0 0 0 00 01 1 1 3 4 PEEREEP 5
*14-000000002245
15-0 0000 1110013 4P
16-0 2 0 01 o 2 o 1f3 12N .

# particles selected by DFEI
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Backup

Confusion plot HGNN

o
o
o
)
o
o
o
N
—
N
O
o]
(o)}
O
—
LN
LN

oN

uoJdpey Alneaq wod) syoeuy Jo Jaguin

N =N <N

M MmO o

10
e
47
1 4
2 2
1 1

BEJ14106 4 311000000
4fJ108 5431100000
3 8
2 1
1 9
1 6
0 5
1 2

6
2
2
1
0
0
0
0

M N O 00O O

1l
9
7

130001112233

2
4
10

0

12 5
12
9

1100021134
5120010112 2

4 12

150 0 001 00 01 1 3 puss

140000012144

13
5

v %9 6N & 9 ,\/Q,\"\r,\’/lz,;’),»b&,\f)

16 0 0 0 00 00 05 311813

P

Number of selected tracks

22

19/06/25

Advancing Beauty Reconstruction with HGNNs

T
N
=
)]
=
O
=
>
(V2]
£
A




Classification accuracy with ablations

Model Tasks s =0 Pt =1 gPR=3 y*1=3

GNN LEIA 0.56 98.220 £ 0.001 68.0 0.2 552 £ 0.1 79.9 4+ 0.2
GNN Lo L2 0.49 99.441 £ 0.001 7554+ 0.2 60.3 £0.1 83.24 0.2
WGNN LA 0.60 97.955 + 0.001 63.2 4+ 0.2 53.5+0.1 76.140.3
WGNN cg%A,ﬁg‘"gge 0.47 99.282 £ 0.001 76.9 4+ 0.2 57.9 £0.1 85.6 4+ 0.2
HGNN  LLEA 0.54 98.826 &+ 0.001 71.3 £0.2 51.6 £0.1 80.9 + 0.2
HGNN  LESA LEY. 0.53 98.870 £ 0.001 71.8 £0.2 5274+ 0.1 82.54 0.2
HGNN  CEEA LBV LRNRT  0.49 99.289 + 0.001 758 £ 0.2 61.4 +£0.1 83.9 & 0.2
WHGNN LEEA 0.58 98.683 £ 0.001 68.5 £0.2 528 £0.1 76.7 4 0.2
WHGNN cggA,ﬁBCE 0.51 98.959 £ 0.001 71.74+0.2 54.8 £0.1 83.24 0.2
WHGNN  £ECA BV LBNE 0.46  99.274 4 0.001 759 £ 0.2 61.3 &£ 0.1 84.0 £0.2

Table 1. Comparison of the LCAG loss value and class accuracies in percent on the test
dataset for various architectural ablations. The uncertainties on the LCAG class accuracies are
statistical in nature.

William Sutcliffe (UZH) Advancing Beauty Reconstruction with HGNNs
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Performance

Reconstruction performance

True decay

I\

Perfect reco Complete reco

$ o

Not isolated Part. Reco

Model Perfect reco. Complete reco. Not isolated Part. reco.
DFEI 4.7 + 0.2 6.1 0.2 76.1 04 13.1 £0.3
GNN 21.6 £ 0.4 20.8 +£ 0.4 43.8 £0.4 13.8£0.3
WGNN 209 +£ 04 20.0 £ 0.4 449 £ 0.4 142 £0.3
HGNN 224 + 04 20.1 £ 0.4 441 £ 04 134 £0.3
WHGNN 215+ 04 19.3 £ 0.3 458 £ 0.4 13.5£0.3
Perfect reco. Complete reco. Not isolated Part reco.
Decay DF | Hl | H2 | DF | H1 | H2 | DF | H1 | H2 | DF | H1 | H2
inclusive beauty | 4.7 | 22.4 | 21.9 | 6.1 | 20.1 | 20.6 | 76.1 | 44.1 | 44.1 | 13.1 | 134 | 134
B — K*%uu 32.71203(1924 178 |37.7| 1.1 {439 | 6.2 | 4.7 | 5.6 | 358 | 1.8
B’ - Kr 38114741916 | 00 | 0.0 | 0.0 | 54.7 1102 | 7.0 | 7.2 [ 424 | 14
BT —» Knn 35.6 | 23.71945 (103|263 | 0.2 | 465 | 85 | 4.7 | 7.6 |41.5| 0.6
BY = J/y¢ |31.3]228|91.8(203(44.3| 1.7 [443| 99 | 5.0 | 41 [229]| 1.5
Ay = AFm | 222275(683| 86 | 94 (244|374 | 73 | 52 |31.8|55.7| 2.1
B - Kup 36.2121.0[935|104|281| 03 |459| 84 | 4.9 | 7.5 | 425 | 1.2
B - D;m 33.0| 5771675 | 7.1 |11.6 |23.0 535|131 | 7.0 | 64 | 176 | 2.6
B’ > D*D- |262|37.1(56.7(23.9|402 321 (457|143 | 7.3 | 41 | 84 | 4.0
Ay — pK 39.5(24.2(923] 0.0 | 0.0 | 0.0 |486| 5.7 | 6.4 |12.0|70.1| 1.3
Ay —pKpp | 409 (115947111 |17.7| 0.5 | 37.4| 4.8 | 3.7 | 10.6 | 66.1 | 1.1
DF - DFEI
H1 - nominal HGNN training
H2 - training with 3k exclusive decays
added from upper half of table
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