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https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/CombinedSummaryPlots/SM/index.html#ATLAS_b_SMSummary_FiducialXsect
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ATLAS

25m

100 million
read out
channels! e

Toroid magnets

Muon chambers Solenoid magnet | Transition radiation tracker

Semiconductor fracker

° TUTI

\ Tile calorimeters
. = LAr hadronic end-cap and
‘ forward calorimeters
Pixel detector

LAr electromagnetic calorimeters




Rob Schreiber SLAC Colloquium

What's exciting about data analysis now?
Increasingly large datasets!!

LHC : Collecting PB/ sec SKA:TB/s
Saving 90 PB / yr ATLAS

EXPERIMENT
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https://lcls.slac.stanford.edu/lcls-ii
https://atlas.cern/Updates/Press-Statement/Run3-first-collisions
https://www.skatelescope.org/news/green-light-for-ska-construction/
https://www.lsst.org/gallery/lsst-and-calypso

Slide design from L. Heinrich

What's exciting about methods now?

Che New Jork Times Ehe New York Times

“Alex Net”

Scientists See Promise in Deep- Krizhevsky, Sutskever, Hinton, 2012
Physicists F'u?d Elusive Particle Seen Learning Programs NEF BN i)
as Key to Universe | B e s M YY)
£ share full article ~ N I ;.‘J;M»; i :‘K:I”;’ ] o T \ !

£ sharefulartice A []  CJ122

. A voice recognition program translated a speech given by Richard F. Rashid,
Scientists in Geneva on Wednesday applauded the discovery of a subatomic particle Microsoft’s top scientist, into Mandarin Chinese. Hao Zhang/The New York Times
that looks like the Higgs boson. Pool photo by Denis Balibouse

By John Markoff : 4 o ‘“ P h S | CS 2 O 24
H (NOBES K
By Dennis Overbye arthle Nov. 23,2012 article y ’
July 4, 2012 A
T — S— T —
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https://www.nytimes.com/2012/07/05/science/cern-physicists-may-have-discovered-higgs-boson-particle.html
https://www.nytimes.com/2012/11/24/science/scientists-see-advances-in-deep-learning-a-part-of-artificial-intelligence.html
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https://indico.cern.ch/event/1096528/contributions/4612975/attachments/2349169/4008381/Seminar_v3.pdf#page=19
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Deep Learning in FTAG
* b-jets on ATLAS
* Why Deep Learning
* RNNIP
* Physics impact
* DIPS %
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https://indico.cern.ch/event/1096528/contributions/4612975/attachments/2349169/4008381/Seminar_v3.pdf#page=19

The European Physical Journal C
Vol 73 3(2013) 2304

Quark signature

=S Quark = reconstructed
as collimated spray of
particles

Jet : Unsupervised
clustering algorithm

» Proxy for the quark

» Cluster with anti-kT
» R=0.4 for b-jets
» R=1.0 for Higgs-jets

z nm



b-jet

@ b-jet

v “Long” lifetime: 7 = 1.2 ps Displaced
. Tracks
v Many ( = 5) displaced tracks Secondary
Vertex

et 4] Variable # of tracks
u,d,s g Tracks \ CLEt
v Most tracks origfhating T =.6 pS

from the PV

v Few displaced tracks \ ¥ Some displaced tracks

16 TI.ITI



1005.5254

L ATLAS
EXPERIMENT

Run 142195, Event 284154

Decay length = 3.7 mm
Decay length signficance =22
Lifetime = 3.1 ps

Vertex mass = 2.5 GeV

Number of tracks = 5


https://arxiv.org/pdf/1005.5254.pdf

ATLAS b-jet classifiers

o) Impact Parameter based Vertex based J!
S &/inclusive B/D
((b] Be vertex
E IP2D IP3D JetFitter
O
— Primary Vertex B
g flight @
[S
>
9
e
o)
':E NN trained on outputs

of other classifiers

18 .ru."



b-tagging

Key variable: impact parameter
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How do we aggregate this information?

What we have:

e Collection of tracks
oX;:i:: {1y.w11}
O=—x variable # of tracks
e Each track has features

M €4— E g, impact parameters
o Xi S R momenta, quality

e Jet has labels

e Y:{b, ¢, light} —or—
e Y:{bb, cc, top, }

What we want: p(Y | X, ...

20

High dimensional problem
n-m ~ 0O(10%)

TUTI



ATL-PHYS-PUB-2017-003

Recurrent Neural Network

N

" Model the jet as a sequence

Unrolled RNN

™ Account for correlations between 1
tracks
™ Allow for variable # of tracks in Fully Connected
. +
the jet - N SoftMax
™ Avoids curse of Su
. . . | ol |en || |2
dimensionality - Sr0 | (e (e 2|5
< IR IREIRE: =
add more features prfrec ElE & & |5
AR
hits \l ordered'by Sdo ) Jet

21



ATLAS b-jet classifiers

o) Impact Parameter based Vertex based J

> &/inclusive B/D

((b] Be vertex

E IP2D IP3D JetFitter

O

— Primary Vertex B
B flight oX1°

[J)

>

9

L

o)

T NN trained on outputs

of other classifiers
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DL1r classifier

Expected performance of the 2019 ATLAS taggers

— BDT
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Background rejection =

Background efficiency b-jets efficiency
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https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/FTAG-2019-005/

How did b-tagging improvements help our HH analyses?

4

¢

o [— @ signal ~ 10~13

) background

-
-
»
-
-
-
3
-
.
.0
.

Main HH channels 70, bOYY . bOTT,

all need é—mﬁmg.
TUT
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V. Cairo’s slide

bbrr I Combination

Early Run 2 1 15.0 o
2015+2016 data: 36 ifb 10.0 More data
Expect to improve by a
FUlRun2 i s — factor of 2x from Z'scaling
(lumi scaling) ff_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_‘_‘_‘_‘_‘_‘_'_‘_‘_E_‘i‘_'_'_'_'_'_'_'_'_'_'_' 7.6
2015-2018 data: 140 ifb— ' How did we improve
I — oh our expectations,
Full Run 2 - i.e, in b-tagging?
2015-2018 data: 140 ifo MEEG—_GG- - \/ Analyses improving by a factor of 3-5!!
Run 2+3 ::::::::::::::}“2‘.‘;": 2 :---------------------------------?----E
(lumi scaling) - . dashed means by hand scaling :

2015-2018 & 2022-2024

300 ifb 0 V

25

25

onn limit [x SM]
TLTI


https://indico.cern.ch/event/1079757/contributions/4614616/attachments/2366849/4041691/HH_ATLASPhysicsWorkshop2021_VMMCAIRO_16Dec2021.pdf#page=5

ATL-PHYS-PUB-2017-003

Issue: ordering

A

" Model the jet as a sequence

Unrolled RNN

Fully Connected
+
SoftMax

Sdo

| || | | Z
Ss0 SIS (8] |8 [

) S| (S| | = g
frac - = = = =
PT Bt || B B | B =
AR
hits \ orderedI by Sd0 /J et

Challenge: How to order??

26 TUT]



Images ref

When does order matter (?)
Natural language

(1) Mary likes John (2) John likes Mary

Same words... the order changes the meaning.

27 TUT]


https://www.really-learn-english.com/crash-vs-crush.html

Permutation invariance

Set: Collection of objects without any specified order

Ex 1: # of colored balls in a bag Ex 2: tracks in heavy flavour decay

L4

L4
L4
L4

Deep Set: Neural Network designed to operate on sets

28 .ru."



Deep Sets

Particle Flow networks: 1810.05165
& python package

Network of networks!!

Inputs

X, —

X, —

v Computationally efficient
v Allows for variable # of tracks

29

NN track

feature extractor

®(X)

NN jet feature
extractor

F

O(Xy)

O(Xp)

Sum: Permutation
invariant operation

v Models correlations
between the tracks

Outputs

Y e{bcl}


https://arxiv.org/abs/1810.05165
https://energyflow.network

Energy Flow networks: 1810.05165
& python package

DIPS

R _ Deep
{~ Model the jet as a set Impact

O{X1,.. Xn}) = F( i(b(x,)) Trfd_(z_'_. _____ gggmeter

Same inputs as b-tagging RNN

-
I(ndJets, 1, m)

(ndets, 1,100) EETVECITRVG IS

I
I

I

I

I

I (ndets, 1, 100)

I

I

I

I

[
| \ r
(ndets, 1, 128) | > eI CHEICH | (ndets, 100)  (ndets, 100)
| (ndJets, 3)

_______________

(ndets, n, 128)

Sum over the .
tracks

(ndets, 128)

30


https://arxiv.org/abs/1810.05165
https://energyflow.network

DIPS

ATL-PHYS-PUB-2020-014

c-jet rejection

(e 104 = | | | | I | | | | | | | | | | | | I | 3
-% - ATLAS Simulation Preliminary -
Q - Vs =13 TeV, tt i
2 10° E
2 F better -
8 - —
E 102 = / E
=N -
>
3 __ _
10°F RNNIP
- DIPS ]
100 | | | 1 I | | | | I | 1 | 1 I | | | |
9 & 1 _2 __ | | | | I I | | I I | | | | I I [ I | __
= [ _
A L s e
T
o 0.6 0.7 0.8 0.9

31

b-jet efficiency

102 | | | | | | | | | I | | | | | | | | I ]
- ATLAS Simulation Preliminary ]
[ Vs =13 TeV, 1t i
107 = E
: RNNIP :
DIPS

100 | | | | I | | | | I | 1 | | I | | | |
05 f_ [ I I | I I [ | | I | | I I I | | | | _E
.00 E=Ferep=rr==r e T T T

0.6 0.7 0.8 0.9 1.0

Similar performance with the same inputs
- Off%o. 4x speed-up in the training time!!!

b-jet efficiency

TUTI



ATL-PHYS-PUB-2020-014

Faster turn around time for physics optimizations

nominal: from before (pr> 1 GeV, |do| < 1 mm, |zo sin 6] < 1.5 mm)
loose: poorer quality (pr> 1 GeV, [do| < 1 mm, |zo sin 6] < 1.5 mm)

cC 104 = I I [ I [ [ I I I I [ I I I I I 3 c 102 T I I I I I I [ I [ I I | I I I |
-% = ATLAS Simulation Preliminary ] -% - ATLAS Simulation Preliminary ]
2. - Vs =13TeV, tt . Q L Vs =13 TeV, tt i
= 103 = = < - .
© - 3 ko] i _
5 B ] o
% 102 3 E 10? = —
= - . - ’
= 401 DIPS - DIPS i
10 == — - _
DIPS more z DIPS loose track cuts 3 DIPS loose track cuts )
performant for a B DIPS loose track cuts with IPs i DIPS loose track cuts with IPs
hlgh eﬂ:ICIenCy 100 R TN N NN SR TR M A NN S A R L1 100 R R R NN TN MY TN N AT S A M A T SRR R
traCk Selection 9 CD 2 _— I | I I | I | | I | | I I | I | —_ 9 CD 1 .5 ? | | I | | I I | I | | I | | I I | _—
ok 3 ok - =
-(% a 1 T R T e —— % a 1.0 T B ————— ——————
o 0.6 0.7 0.8 0.9 1.0 O 0.6 0.7 0.8 0.9 1.0
b-jet efficiency b-jet efficiency

32 .ru."
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Transformer-era

* GN1

* Vertexing plots

* Performance in data

» Other similar applications
* pT regression

« Higgs tagging


https://indico.cern.ch/event/1096528/contributions/4612975/attachments/2349169/4008381/Seminar_v3.pdf#page=19

Transformers are transforming our day-to-day lives!

What can | help with?

how do you integrate a multidimensional gaussian with a
source term

Message ChatGPT

@ @ 0 ® To integrate a multidimensional Gaussian with a source term, you are typically dealing with
an integral of the form:

. . . I= /d”x exp (—%XTAX + JTx)

& Create image Brainstorm Summarize text tJ Code More

where:

* xis an n-dimensional vector,

e Aisann x nsymmetric positive-definite matrix (the covariance or precision matrix),

e Jis an n-dimensional source term (linear term),

. M at h * d"x is the measure for the n-dimensional integral.

This integral represents a Gaussian function in n-dimensions with a linear source term J.
The steps to solve this are outlined below:

Step 1: Completing the square
First, you need to complete the square in the exponent. The exponent is:
- §xTAx + JTx
You can rewrite it by factoring terms:
1
-2 (xTAx - 2JTx)

Next, complete the square by introducing a new shifted variable y = x — A’IJ, which
removes the linear term from the exponent.

1 1
ax-a T Aoy 23Ta
Now, the exponent is:

1 1
—oyT v 2374

TUTI



@ Transformers are transforming our day-to-day lives!

What can | help with?

Message ChatGPT

0 @ 0 Write me a song for the ATLAS

flavour tagging group.

& Create image Brainstorm £ Summarize text tJ Code More

(Verse)

Impact parameter, a tiny shift,
Lifetime of beauty, a precious gift.
Secondary vertices, a hidden clue,
Decays revealing what particles flew.

Y Machine learning, a powerful friend,
Poetry Boosting performance, till the very end.

(Chorus)

Flavour tagging, that's our game,

Sorting through the chaos, calling out the name.
b-jets, c-jets, light quark too,

Reconstructing truth in all we do.

Algorithms humming, a digital art,

Unraveling secrets, playing our part.

Curtesy of Diptaparna
* Gemini 1.5 Pro 002

T ——
. m




@ Transformers are transforming our day-to-day lives!

What can | help with?

Message ChatGPT

0 ® O

& Create image Brainstorm B Summarize text tJ Code More

Could you draw me a 16x9 image of Siegen in impressionist
style

e Art

Here is an impressionist-style illustration of Siegen, Germany, showcasing its landmarks
36 and natural beauty with soft, textured brushstrokes. Let me know if you need further
adjustments!
N



@ Transformers for collecting your Nobel prize
‘ ) Chemistry, 2024

AlphaFold2
N
T1037 / 6vr4d T1049 / 6yaf
90.7 GDT 93.3 GDT
(RNA polymerase domain) (adhesin tip)

® Experimental result

37 ® Computational prediction ".ITI



@ Transformers 101

38

Attention Is All You Need

Ashish Vaswani* Noam Shazeer* Niki Parmar* Jakob Uszkoreit™
Google Brain Google Brain Google Research Google Research

avaswani@google.com noam@google.com nikip@google.com usz@google.com

Llion Jones* Aidan N. Gomez* | ELukasz Kaiser*
Google Research University of Toronto Google Brain
1lion@google.com aidan@cs.toronto.edu lukaszkaiser@google.com

Illia Polosukhin* *
illia.polosukhin@gmail.com

Abstract

The dominant sequence transduction models are based on complex recurrent or
convolutional neural networks that include an encoder and a decoder. The best
performing models also connect the encoder and decoder through an attention
mechanism. We propose a new simple network architecture, the Transformer,
based solely on attention mechanisms, dispensing with recurrence and convolutions
entirely. Experiments on two machine translation tasks show these models to
be superior in quality while being more parallelizable and requiring significantly
less time to train. Our model achieves 28.4 BLEU on the WMT 2014 English-
to-German translation task, improving over the existing best results, including
ensembles, by over 2 BLEU. On the WMT 2014 English-to-French translation task,
our model establishes a new single-model state-of-the-art BLEU score of 41.0 after
training for 3.5 days on eight GPUs, a small fraction of the training costs of the

best models from the literature.
142k
citations
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https://arxiv.org/abs/1706.03762

1706.03762

Physik
Output
@ Transformers 101 Probebilies
| Softmax |
. . . : . t
Architecture natively permutation invariant. (Linear )
([ Add &lNorm h\
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https://arxiv.org/abs/1706.03762

@ Transformers for FTAG

Ce

Replace the Deep Sets Sum with a
welghted sum (still permutation invariant)

No need for positional encoding

(permutation invariance over the tracks)

And do this lots of times! ’\

>

P11t

f—>[ Add & Norm ]
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Forward

Nx | (Add & Norm )

> Multi-Head

Attention

)

J
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Input
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1706.03762
A. Karpathy’s lecture



https://arxiv.org/abs/1706.03762
https://www.youtube.com/watch?v=kCc8FmEb1nY

Set-to-graph: 2002.08772
ATL-PHYS-PUB-2022-027

G N 2: - rCh ite Ctu e S. Stroud’s GN* seminar
Transformer-based flavour tagger

Pooled graph ~
h @ ( ) Transformer representation e 5
P — . Q.
i = P _ —| @2 [—=[ ;rediction
per-particle network 0o
/ <8 <1J_E -
o= - - - - - O g - Track origin
; S o= predictions
| : =g
\
Combined Intial track Conditional track
Inputs representation representation
X
05
(®)] Vertex
ks predictions
Multi-task learning! -
viti-task learning!

gta gjet +a§/ptrk +ﬂ

a=0J5 p=15

-~ =3

% @',@ GN1: graph neural network
GN2: transformer

. TLTI


https://arxiv.org/abs/2002.08772
https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PUBNOTES/ATL-PHYS-PUB-2022-027/
https://indico.cern.ch/event/1232499/
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C-jets ratio

Background rejection

2.0

1.5

Light-jets ratio

1.0

FTAG-2023-01

L I L I LI I LI I I
ATLAS Simulation Preliminary
Vs =13 TeV, PFlow jets

tt, 20 < pr <250 GeV

LI IIIIIII
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b-jet efficiency

TUTI


https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/FTAG-2023-01/

FTAG-2023-01

FTAG over time

SR B R B I
F ATLAS Simulation Preliminary Transformer-based tagger
soF \/_— =13 TeV GN2 _ O(10) more training jets
[ ttjets, £, = 70% J2000 1200 )
- 50F 1 o
O i ; ] =
_*8 40 | i Run 3 reco _ 1500 .gf
® [ TheFTAGCPgainfor ! 1 =
© 30 Run 2 HH analyses | DL1d 11000 =
SIUN: DLir ! 1 o
20F pL1 ﬁ | 1~
i | -1500
I i :
oL ' L. 0

2017 2018 2019 2020 2021 2022 2023
Year
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https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/FTAG-2023-01/

GNN

Vertex finding

Group tracks with pair-wise compatibility > 0.5 -\
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And...

it translates to the physics (!)
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b-jet trigger
public plots

Impacting the physics...

Which events we save?
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FTAG in trigger

Ex: HH4b efficiency
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Versatile: Xbb tagging
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Versatile: Xbb tagging
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Versatile: regression
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Traditional Analysis
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New paradigm
End to end

Q1/ Does this help us?
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Backbone architectures
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Xbb + 4-vec <

Standard ML HEP
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vector + 4-vec

More info from latent

= Need a continuous,
multi-dim calibration

Recent work

< Xbb + 4-vec

Custom “Xbb” (scalar)
for each analysis

= Need custom calibration
for each analysis

Will need automated calibrations
public plots
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What about calibration ...

P. Windischhofer + C. Pollard
M. Algren talk; ATLAS-CONF-2024-014
P. Gadow for connection w/ our project
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What about calibration ...

P. Windischhofer + C. Pollard

M. Algren talk; ATLAS-CONF-2024-014
P. Gadow for connection w/ our project
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In > -mary

Deep Learning has transformed ATLAS FTAG our physics

program in the past 7 years

 RNNs: model the jet as a SEQUENCE
* Deep Sets (DIPS). model the jet as a SET

* Transformers (GN2): Monolit

« Calibrated, ready for physics
* Now collecting HH events in
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nic all-in-one architecture
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