ETHzurich

g (ETH {n hl " y
Semivigible Jete™Workshopt .
~~  7ETH Zurich Jlﬂy\ﬁthQU\ZZ v g

& -

‘ g



N Jets with weird energy patterns







Level-1 hardware trigger
e Improve signal acceptance?
e Latency O(1)us

High Level Trigger
 Improve signal acceptance?
e Latency O(100) ms

o' 9"

UGT S1804-32

7.5 kHz

Detector

ATLAS + Data
\s =13 TeV, 139 fb™’ S Standard Model w. unc.

. . Z(— vv) + jet
Signal Region Eariieps
VBF Z(— Il/ vv) + jets

pT(j1) > 150 Gev W(— Iv) + jets
VBF W(— Iv) + jets
tt + single top
Diboson
Multijet + NCB
= m(,%’) = (600, 580) GeV
m(z, Z,) = (1, 2000) GeV
=== DE, M2 = 1486 GeV

>
[0
O
=~
2
c
]
>
L

SVJ trigger?

800
recoil
pei [GeV]

iqaer?
SVJ trigger Model-independent searches?



Offline reconstruction and
analysis

e ML to Improve sensitivity
[and acceptance?)

ATLAS Dot
\s=13 TeV, 139 fb1 > Standard Model w. unc.
Signal Region ZO>vv) djets
. VBF Z(— Il / vv) + jets
VBF W(= Iv) + jets
tt + single top

Diboson
Multijet + NCB
- .= m(f,7’) = (600, 580) GeV
m(y, ZA) = (1,2000) GeV
== DE, M2 = 1486 GeV

>
[0
O
=~
2
c
]
>
L

e TeeITIew Qe
¢ Data/SM after CRfit ¢ Data/SM after SR+CR fit Total Uncertainty

600 800
p-freCOil [GeV]
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LT TTTrY- = e
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Xdark

arxiv:1707.05326



https://arxiv.org/abs/1707.05326

How do we build the strongest
and most generic classifier for SVJ?

7 arxiv:1707.05326



https://arxiv.org/abs/1707.05326

Fully supervised
Powerful classifier
_earns features for Svs B
Requires ~absolute knowledge of signal (MC])
Model dependent

Degree of prior




Fully supervised Weakly supervised

Powerful classifier e Powerful classifier

_earns features for Svs B e [ earns distinct signal features
Requires ~absolute knowledge of signal (MC] e Signal prior needed (no MC?]
Model dependent e Some residual model dependence

Degree of prior




Fully supervised Weakly supervised Unsupervised

Powerful classifier e Powerful classifier e Anomaly detection algorithm e.g (V]JAE
_earns features for Svs B e | earns distinct signal features e | earns background compression/density
Requires ~absolute knowledge of signal (MC] e Signal prior needed (no MC?] e No signal prior (no MC]

Model dependent e Some residual model dependence e Model Independent

Degree of prior
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Fully supervised Weakly supervised Unsupervised

Powerful classifier e Powerful classifier e Anomaly detection algorithm e.g (V]JAE
_earns features for Svs B e | earns distinct signal features e | earns background compression/density
Requires ~absolute knowledge of signal (MC] e Signal prior needed (no MC?] e No signal prior (no MC]

Model dependent e Some residual model dependence e Model Independent

Degree of prior

How to best represent a jet? How to do classification without labels? How to utilise in the way we select our data?

11



Fully supervised

Best representation of jet [sparse, unordered, permutation inv.)?

12



V2 = (E29pX,29py,2,9pZ,2)

Fully supervised Vi = (E1patsPyt o) £

Best representation of jet [sparse, unordered, permutation inv.)?
SOTA: Graph Neural Networks acting on point cloud data
e ParticleNet (GNN on point cloud]

LundNet (GNN,Lund plane)

ABCNet (GNN, attention]
Point Cloud Transformers (transformer, attention)
ParticleNeXt (GNN, attention, Lund)
ParT (transformer, attention)

Vs = (ES Px,5 9py,5,9pl,5) V3

13


https://journals.aps.org/prd/abstract/10.1103/PhysRevD.101.056019
https://arxiv.org/abs/2012.08526f
https://arxiv.org/abs/2001.05311
https://arxiv.org/abs/2102.05073
https://indico.cern.ch/event/980214/contributions/4413544/
https://arxiv.org/abs/2202.03772

Fully supervised

Best representation of jet [sparse, unordered, permutation inv.)?
SOTA: Graph Neural Networks acting on point cloud data
e ParticleNet (GNN on point cloud]
LundNet (GNN,Lund plane)
ABCNet (GNN, attention)
Point Cloud Transformers (transformer, attention)
ParticleNeXt (GNN, attention, Lund)

ParT (transformer, attention) *

Aggregate (mean/max/sum)

® v
.o Fully connected
¢; = MLP(v;, v;, v Y ‘ Fully connected

ij
Lund-like features *

S B

14


https://journals.aps.org/prd/abstract/10.1103/PhysRevD.101.056019
https://arxiv.org/abs/2012.08526f
https://arxiv.org/abs/2001.05311
https://arxiv.org/abs/2102.05073
https://indico.cern.ch/event/980214/contributions/4413544/
https://arxiv.org/abs/2202.03772

Fully supervised

Best representation of jet [sparse, unordered, permutation inv.)?
SOTA: Graph Neural Networks acting on point cloud data
e ParticleNet (GNN on point cloud]
LundNet (GNN,Lund plane)

ABCNet (GNN, )

Point Cloud Transformers (transformer, J
ParticleNeXt (GNN, . Lund)

ParT (transformer, ]

What make these useful for SVJ:
 No high-level variables, these are learned from low-level inputs
o and transformers:
allow a network to learn unknown important jet features

15

v

Aggregate (mean/max/sum)

I
Fully connected
‘
S B

Fully connected


https://journals.aps.org/prd/abstract/10.1103/PhysRevD.101.056019
https://arxiv.org/abs/2012.08526f
https://arxiv.org/abs/2001.05311
https://arxiv.org/abs/2102.05073
https://indico.cern.ch/event/980214/contributions/4413544/
https://arxiv.org/abs/2202.03772

® ‘Dense’ models ‘Sparse’ models*

10,000 """"""""""""""""""""""""""""""" Nature: Robo-writere
1'000 RS B 5 R 8 K88 8 8,503,005, 8 P8 R 55 5,60 58,88 A, £ A 8 85 80 LSRR S SR 85 08 08 0 1 ...............
g : Google
= Open Al, ot
L§ GPT.3 o Switch
T | o T
TU 100 -
2 -
S
% O
6 10 : ............................................ .‘ ’ ................................................
‘g -
@ Open Al,
S GPT-2 ® O
'46 1 : .....................................................................................................
= - .
3 o
-
=
01 :. ...... . ......................................................................................
0.01
2018 p ‘ 2019 p ‘ 2020 p 2021 p

*Google's 1.6-trillion parameter 'sparse' model has performance
equivalent to that of 10 billion to 100 billion parameter 'dense' models. ¢

GPT-3: 175 billion parameters (0.16% of the human brain)



https://www.nature.com/articles/d41586-021-00530-0

® ‘Dense’ models ‘Sparse’ models*

10'000 B 1 1 0 R M S W A A B R A AR AN A M A R
- Nature: Robo-writers
Example prompt ................................................................ ‘ ...............
Google
_ , Open Al, 2g'e,
Rigor [adj.] GPT.3 — @ Switch
Something for scientists to aspire to, a state of mind
that would not be required if scientists could be trusted | EEEEEEEEEE
to do their job.
o
View next definitony 00l ® . ................................................

GPT-3’'s output: 1 of 10 bn Al,

The Literature [noun]

A name given to other people’s published papers, referred
to by scientists without actually reading them.

Gwern.net ................................................................................

0.01
2018 p ‘ 2019 p ‘ 2020 p 2021 p

*Google's 1.6-trillion parameter 'sparse' model has performance
equivalent to that of 10 billion to 100 billion parameter 'dense' models.



https://www.nature.com/articles/d41586-021-00530-0

Median Free-Modelling Accuracy
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Attention & transformers

(Self-)Attention
e | et method learn relevant parts for task at hand
e Allows inputs to interact with each other (“self”) and find out who they should
pay more attention to (“attention”).
e Qutputs: aggregates of interactions and attention scores

19



Attention & transformers @

[Self-)Attention
e | et method learn relevant parts for task at hand
e Allows inputs to interact with each other {“self”) and find out who they should
pay more attention to (“attention”).
e Qutputs: aggregates of interactions and attention scores Weighted sum over all input vectors:

Y, = 2 WijX;
)

Weight (how related inputs are):

/ _— ° T °
Map to [0,1]: /
exp W,
Wij — ,
)_; eXp Wy,

20



Attention & transformers

[Self-)Attention
e | et method learn relevant parts for task at hand

e Allows inputs to interact with each other {“self”) and find out who they should

pay more attention to (“attention”).
e Qutputs: aggregates of interactions and attention scores

21

Weighted sum over all input vectors:
Y = 2 WijX;
]

Weight (how related inputs are):

I _ ~ T
Map to [0,1]: /
exp W,
Wij — /
)_; €Xp W,

xj>MLP(x))
Xi—>MLP(xi)




Attention & transformers @

[Self-)Attention
e | et method learn relevant parts for task at hand
e Allows inputs to interact with each other {“self”) and find out who they should
pay more attention to (“attention”).

e Qutputs: aggregates of interactions and attention scores Weighted sum over all input vectors:
Yi = 2 WijX;
J
Weight (how related inputs are): Xx->MLP(x,}
xi—>MLP(x;)
w. =x;'x;
Attention weights: weighted importance between each pair of particles y )
e Determine relationship between all particles of point cloud
e Jet features become parameters of the model Map to [0,1]: /
e Several attention layers = different important features (multi-head attention) CEXp Wij
Wij — /
. exXxD W..
Z) p 1)

22



Attention & transformers

Transformer:
e Only set of interaction between units Is self-attention!

output

embedding sequence prediction

‘ eio = MLP(Vi, Vo, Vl'o)

. Vi
eil — MLP(VZ', Vl, Vil)

'.
-
-

L]
.
.
L4
L4
..
. .
.
.
o0 ‘e
L4
L]
Ll
.
.
L4
L4

_ \Y
€;; = MLP(v,, Vi, Vjj i)

7

=
Q
=
§
@
=
o
O
)
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JetClass Dataset

Encoding a lot of information = a lot of parameters Accuracy # params FLOPs
e Critical to avoid overtraining and ensure generic embeddings PEN 0772 6.1k 4.62 M
GPT-3: trained on ~200 billi ds (estimated cost 0(10) million dollars] N 0o pix oM
o l-\le.etgaf:gge z’?a:istics ’:olt?“r;i:(:arjes’: tijzgl‘]c?:rie?ﬁ TR ParticleNet 0.844 370k 540M

e ParT: Dedicated particle transtormer, 2M parameters! rarl 0.861 2.14M 340M
ParT (plain) 0.849 2.13M  260M




JetClass Dataset

Encoding a lot of information — a lot of parameters

e Critical to avoid overtraining and ensure generic embeddings

GPT-3: trained on ~200 billion words (estimated cost 0(10) million dollars])
e Need huge statistics to train a jet transformer!

e ParT: Dedicated particle transtormer, 2M parameters!

New dedicated jet tagging dataset: Jetclass

e 10 types of jets
e 100M training
e OM validation
e 20M test

Extremely useful for benchmarking of
new algorithms!

oot H — bb

st H — ce

1 t — bqq’

41 t — bly

Accuracy # params FLOPs
PFN 0.772 86.1k 4.62M
P-CNN 0.809 354k I15.5M
ParticleNet 0.844 370k 540 M
ParT 0.861 2.14M 340 M
ParT (plain) 0.849 2.13M 260 M
1 H = gg 1 H — 4q 1 H — lvqq
1 W — qq 1 Z = qq 1 q/g



https://github.com/jet-universe
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Pixel intensity = particle importance w.r.t most energetic particle in jet, from attention weights
No substructure information given, learned through attention layers!
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https://arxiv.org/abs/2001.05311

Accuracy

P-CNN 0.930
PEN —
ParT ,
ParticleNet 0.940
JEDI-net (w/ )" O) 0.930
PCT 0.940
Particle Transformer (ParT): transformer designed for particle physics LGN 0.929
rPCN —_
Common in NLP: Use large pre-trained model, then fine-tune to specific task at hand! ParT 0.940
e ParT: Transformer self-attention is task irrelevant embedding! ParT-f.t. 0.944
L blocks Class toljen i
A
— Ve ~N g ™) 4 ™) —
_%D rParticle1 rParticlej rParticlej Clas§ — Clas§ N X
. = : : : Attention Attention j_) e =
Particles =»] © |—>{| Attention |—{ Attention | == ------ >| Attention > Block > Block E —> 2 >
@ x! Block x! Block xl1 Block xt o o =
@ . J . J . J - J . J \_/ W
Interactions =¥ % Y. J )
E
=

(a) Particle Transformer

You can take ParT from here, fine-tune it and demonstrate for SVJ!


https://journals.aps.org/prd/abstract/10.1103/PhysRevD.101.056019
https://github.com/jet-universe

But we said we want model independence!

28



138 b (13 TeV)

1117[1’11T]]‘ITT[TTTI]1IIIITTll

£ s
We a k ly S u p e rv i S e d Zg . SVJFM,.=3TeV r,_ =03 SVJEM, =3 TeV '.-.-‘0-5:
10 — = SVJEM, =3TeV 1, =07 QcD 3
ti+jets W/Z + jets E
10° =
10° arxiv:2206.03909 E‘
Yesterday, we said we want:
e Model iIndependent taggers 10° N
10° E
10 | 1
| i
1 | E
|
lllllllllllllllllllllllJlilll
1500 2000 2500 3000 3500 40,39 GeV) Background
SVJ mz=2 TeV, riny = 0.3
§ 0.1E SVJ mz=2 TeV, rinv = 0.7
e rIlkn ------ SVJ mz=4 TeV, riny = 0.3
w» 008 - -
- el L - SVJ mz=4 TeV, riny = 0.7
- DOI:10.1007/JHEP02(2022)074
0.04F
0.02F
29 0 005 01 015 02 025 03 035 04

Axie Maior


https://arxiv.org/pdf/2206.03909.pdf
https://link.springer.com/article/10.1007/JHEP02(2022)074

Weakly supervised

Yesterday, we said we want:
e Model iIndependent taggers

e Simulation iIndependent taggers

ntrk

| | | | | | | | | | | | | |
Eur. Phys. J. C 74 (2014) 3023
ATLAS Simulation

Discriminant for MC-I
Pythia MC11, s

Q
Q
®
=
| 1 1

L L IR R R N
0 0.05 0.1 0.15
Track Width

30

L = q/(g+9)

N. quark vs gluon

.netPL

0 0.05 0.1 0.15
Track Width

0.1

L =qg/(g+9)


https://indico.cern.ch/event/649482/contributions/2993322/attachments/1688082/2715256/WeakSupervision_BOOST2018.pdf

Weakly supervised

Yesterday, we said we want:
e Model iIndependent taggers

e Simulation iIndependent taggers

e Powerful taggers

Can we have it all?

ntrk

| | | | | | | | | | | | | |
Eur. Phys. J. C 74 (2014) 3023
ATLAS Simulation

Discriminant for MC-I
Pythia MC11, s

Q
Q
®
=
| 1 1

L L IR R R N
0 0.05 0.1 0.15
Track Width

31

L = q/(g+9)

N. quark vs gluon

.netPL

0 0.05 0.1 0.15
Track Width

0.1

L =qg/(g+9)


https://indico.cern.ch/event/649482/contributions/2993322/attachments/1688082/2715256/WeakSupervision_BOOST2018.pdf

CWola

Classification Without Labels

e Design mixed samples in data s.t
signal fraction f1 > 1

e Lemma: “Given mixed S+B samples SB
and SR, optimal classifier trained to
distinguish SB and SR is also optimal for
distinguishing S from B”

e Higher signal fraction, better performance

How to design mixed samples for SVJ?

MIXED SAMPLE 1

LABEL = SIGNAL

32

MIXED SAMPLE 2

LABEL = BKG


https://arxiv.org/abs/1708.02949

CWola

mixed mixed mixed
samQ\e L samole 1 Sample 2

Heven'S | g/g~D | §/8507, S/6~O

| CWola hunting in ATLAS
4—

: l +

(Y\3-J-


https://indico.cern.ch/event/853615/attachments/2037283/3411394/CWoLa_5.13.20_v2.pdf

CWola

Fevents

mixed
samQ\e L samole 1

S/g~0O

S/B>07

CWola hunting in ATLAS

SN S

s —

%‘: <z =32
. e DN
V"(‘ 3% —

2= ——



https://indico.cern.ch/event/853615/attachments/2037283/3411394/CWoLa_5.13.20_v2.pdf

CWola
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https://journals.aps.org/prl/abstract/10.1103/PhysRevLett.125.131801

SIGNAL BACKGROUND







] , '
s . \"‘

Boosting mono-Jetgearches with model-agnostic machine learning™ Kraemer et al.



https://inspirehep.net/literature/2072400

THESE JETS ARE FROM A THESE JETS ARE FROM A
MET+JET TOPOLOGY £¢+JET TOPOLOGY

—> SVJ SIGNAL REGION —> SVJ SIGNAL IS NOT EXPECTED HERE

MIXED SAMPLE 1 MIXED SAMPLE 2

LABEL = SIGNAL %BEL: BKG

Any jet classifier (e.g. ParT!)



fSR | nER | SR SR | nfR | (nSR —nBR)/, f2ndE,

0% || 1000 | 1048 0 1048 1.07

0.2% || 1000 | 1065 47 1018 1.45

0.4% || 1000 | 1107 100 | 1007 2.39

0.5% || 1000 | 1175 184 991 3.91

. . . 0.6% || 1000 | 1306 || 247 | 1059 6.84 Statistical significance
Fraction of signal in SR _ _ _ . .

0.7% || 1000 | 1389 || 367 | 1022 8.70 of possible discovery

0.8% || 1000 | 1500 || 419 | 1081 11.18

1% || 1000 | 1666 || 625 | 1041 14.89 Still consistent with constraints
2% || 1000 | 2357 || 1392 | 965 30.34 from ATLAS mono-jet search!
4% 1000 | 4182 || 3269 | 913 71.15

MY WISHLIST?

FIRST MODEL-INDEPENDENT SEARCH WITH PRE-TRAINED TRANSFORMER,
FINE-TUNED ON CWOLA MIXED SAMPLES
FOR SVJ SEARCHES!


https://journals.aps.org/prd/abstract/10.1103/PhysRevD.103.112006

Unsupervised

You have already heard about autoencoders and anomaly detection from Barry!
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Where are we excited to try these out
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Event filtering systems

e Maximize SVJ signal acceptance through novel triggers!

ATLAS Dot
\s=13 TeV, 139 fb1 > Standard Model w. unc.
Signal Region ZO>vv) djets
. VBF Z(— Il / vv) + jets
VBF W(= Iv) + jets
tt + single top

Diboson
Multijet + NCB
- .= m(f,7’) = (600, 580) GeV
m(y, ZA) = (1,2000) GeV
== DE, M2 = 1486 GeV

>
[0
O
=~
2
c
]
>
L

e TeeITIew Qe
¢ Data/SM after CRfit ¢ Data/SM after SR+CR fit Total Uncertainty

600 800
p-freCOil [GeV]




Level-1 hardware trigger

e Select ~2% of most High Level Trigger CPU farm
Interesting events e Select 1% of events from L1
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=== DE, M, = 1486 GeV
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Do physics with 0.018% of collision events, the rest is discarded!

Level-1 hardware trigger

e Select ~2% of most High Level Trigger CPU farm
Interesting events e Select 1% of events from L1
e O(1) us latency
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\s=13 TeV, 139 fp! > Standard Model w. unc.
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m(y, ZA) = (1, 2000) GeV
=== DE, M2 = 1486 GeV
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New Physics is produced 1 in 1012

Saving all collisions not useful
[even if we could)!
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Do physics with 0.018% of collision events, the rest is discarded!

Level-1 hardware trigger
e Select ~2% of most High Level Trigger CPU farm

Interesting events e Select 1% of events from L1
e O(1) us latency
| VA ! 750 kH2 e 2| 7.5 kHz

Detector
e Collisions ¢

Ion and storage
e Up to1 PB/s gegerated

ATLAS -
\s=13 TeV, 139 fo! SS0 Standard Model w. unc.
Signal Region 2w +ets
. VBF Z(— Il / vv) + jets
pT(J1) > 150 GeV W(— Iv) + jets
VBF W(— Iv) + jets
tt + single top
Diboson
Multijet + NCB
.= m(i,7°) = (600, 580) GeV
m(x, Z,) = (1, 2000) GeV
=== DE, M2 = 1486 GeV

Events / GeV

$AUNX®
VIRTEX2XS

XC5VLX30™

FFG676FGU090S
DD 1636998A

intel'

Xeon® 7500

800
p_rrecoil [GeV]



HLT

e Maximize SVJ signal acceptance
through dedicated triggers

~

il B e

UGT S1804-32

ATLAS Dot
\s=13 TeV, 139 fb1 > Standard Model w. unc.
Signal Region Zvv)+jets
. VBF Z(— Il / vv) + jets
pT(J1) > 150 GeV W= V) + jets

VBF W(= Iv) + jets

tt + single top

Diboson
Multijet + NCB

- = m(3) = (600, 580) GeV
m(x Z,) = (1, 2000) GeV
- DE, M, = 1486 GeV

-------
-------
T
" .. .-

MNai~a/OANA

¢ Data/SM after CRfit ¢ Data/SM after SR+CR fit Total Uncertainty

600 800
p-freCOil [GeV]




LEVEL-1

e >98% of events rejected here!
e Maximize signal acceptance

through dedicated triggers

SPPQTTT W O\
UGT S1%04-32

ATLAS Dot
\s=13 TeV, 139 fb1 > Standard Model w. unc.
Signal Region ZO>vv) djets
. VBF Z(— Il / vv) + jets
VBF W(= Iv) + jets
tt + single top

Diboson
Multijet + NCB
- .= m(f,7’) = (600, 580) GeV
m(y, ZA) = (1,2000) GeV
== DE, M2 = 1486 GeV

Events / GeV

* oe ee Ce LN
¢ Data/SM after CRfit ¢ Data/SM after SR+CR fit Total Uncertainty

600 800
p-freCOil [GeV]




Limitations of current trigger

- - LOST DATA
B SELECTED DATA
- - POSSIBLE NP SIGNAL

Level-1 rejects >99% of events!
Is there a more efficient way to select?

S
-~
~
~
ay

Trigger threshold Energy (GeV)
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Anomaly detection at Level-1

Real data X Reconstructed data X

|
|

!

IO AE
background
LQ — bt
A - 4L
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10° .
n u [
Anomaly detection at Level-] S
- 107" & I
- |
I
_ |
o 107 ¢ i
Extremely challenging task! g 5 i Leptoquark (80 GeV)
e Requires <100 ns inference In % 103 L |
very busy FPGA devices S f
O ¥l
) I |
Preparing to deploy AD (d L1 during Run3inCM S! " 10 3 i DNN ROC LQ — br
e Select ~1000 anomalous events/month, can enhance - i — 10 VAE (AUC = 93%)
New Physics signals by several orders of magnitude 105 | — VAE D,, (AUC = 93%)
| | —— VAE R, (AUC = 85%)
Run 3: Use Global Trigger inputs (10 jets, 4 muons, 4 e/gamma) i IO AE (AUC = 95%)
e High-level objects, poor resolution 10_(150_6 1(;_5 1(')_4 1(')_3 1(')_2 1(')_1 10
e Need to get “inside” the jets at L1 for SVJ! False positive rate
Model Hardware DSP [%] LUT [%] FF [%] BRAM [%] Latency [ns] |l [ns]
DNN VAE®2 PTQ 8 bits Xilinx VU9P ] 3 0.5 0.3 30 5
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Anomaly detection at Level-1

HL-LHC is where anomalous jet triggering at L1 might happen!

e Tracking + PF at L1 opens up many doors
e Must begin R&D now

e Al can provide highly efficient SVJ tags!
Boils down to latency, resources and bandwidth

Global Calorimeter
Trigger

External Triggers

Muon trigger

GEM

-

Barrel OMTF EMTE
Layer-1 I

Global Muon Trigger

rack trigger

iIRPC

Global Track
Trigger

BPTX

BRIL

o1

Glob~l Trigger

Phase-2 trigger project

0(1000]) algorithms
in parallel on ~10 FPGAs

TP

Locai

Glob.

12.5 |

PF

GT

Trigger
accept/reje



What will we do with these data?

. . Statistical analysis?
Clustering algorithm? y

?

Anomalous Open Data?

Catalogue of anomalous events?

40
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ADC 2021

Data challenge on real-time anomaly detection

e Dataset: Nature Scientific Data (2022) 9:118
e Code: mpp-hep.github.io/ADC2021/

Tutorial: Anomaly detection on FPGA with hlséml
e github:thaarres/quantumUniverse_pyngZ?2

Join monthly Fast Machine Learning meetings
e Sign up to our Fast ML e-group hls-fml here

- - ’
*\» —— i
. ™ “ -

mpp-hep.github.io/ADC2021/

Welcome to the

 ——

—

Anomaly Detection

—— - e ™

2021!
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https://www.nature.com/articles/s41597-022-01187-8.pdf
https://mpp-hep.github.io/ADC2021/
https://github.com/thaarres/quantumUniverse_pynqZ2
https://e-groups.cern.ch/e-groups/EgroupsSearchForm.do
https://mpp-hep.github.io/ADC2021/

Backup
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ABCNet:

Pixel intensity = particle importance w.r.t most energetic particle in jet, from attention weights
No substructure information given, learned through attention layers!

1072

1073

107

107

10°°

107°

107°

1072

1073

107°

10°°

Light Quark

:r-
L R Y
LI N I - Y | e Bl L L
-04 -0.2 0 02 04
A¢
Light Quark
LA N B B B B LI — LI — T
I N B R L.
-04 -0.2 0 02 04
Ad
Light Quark
T I e
Y 1
_| LN |4'.| 1 |'.|.|-||.| I |'|_
-04 -0.2 0 02 04
A

F|-||':|.|'||T|'||'L|||.|..||-

04 02 0 02 04

Ad
Z Boson

: |||||||||| T 1T T T 1T 1 T T
< I i
0.4 .
0.2:— —
o .
—0.2:— —
~0.4f- -
_I 1 | 1 1 1 | 1 1 1 | 1 1 1 | 1 1 1 | 1 I_

04 02 0 02 04
A¢

Z Boson

: ||||||.|.| |.| | |.|| T 1T 1 T T
< I - i
0.4_— N
0.2:— —
o .
-0.2 -
-0.4:— —
_I 1 | 1 1 1 | 1 1 1 rl 1 1 | 1 1 1 | 1 I_

04 02 0 02 04
A¢

1072

107°

1072

1073

107

107°

10°°

W Boson
s [T
< L 102
0.4~ !
0.2**"q 107
T ”
O = - -
Ct " 2107
s .
—0.2:'|
107
-0.4 | ._.__ ; o -.| :
[ e, T " .
T | | | |.| |'.| | mh |..|-|'.| | | |.|.|'| | —6
04 02 0 02 04 10
Ad
W Boson
: T T | T T T | T T T Ll.l T T T T T T
< T
0.4
i 1072
0.2
I 1073
o
i 107
—0.2_—
i 107
—0.4_—
I T B B R 6
04 02 0 02 04 10
Ad
W Boson
: T T | T T I-.l T T T |:| I..-I-l T I. T T T
< [
0.4+
L 10—2
0.2
i 1073
o
i 107
—0.2_—
i 10°°
—0.4_—
i 1 1 | 1 1 1 | 1 I.I 4 1 1 1 | 1 1 1 | 1 1 —6
204 02 0 02 04 10
Ad

Top Quark
R 1072
10°°
- L) 10_4
1
- * g3 = 107
- | H . . - 10—6
04 -02 O 02 04
A¢
Top Quark
: | IIJ | I |
n 107
i 107
I 107
i 107°
R T B B s
04 02 0 02 04 10
A¢
Top Quark
: | - » s 10_2
N 10°°
B 107
- 107
i 1 1 | 1 1 1 | 1 1 1 |l 1 .I.II | 1 1 1 | 1 1 _6
204 02 0 02 04 10
A¢

ABCNet



https://arxiv.org/abs/2001.05311

JetClass Dataset

Encoding a lot of information = a lot of parameters Accuracy # params FLOPs
e Critical to avoid overtraining and ensure generic embeddings PEN 0772 6.1k 4.62 M
GPT-3: trained on ~200 billi ds (estimated cost 0(10) million dollars] N 0o pix oM
o l-\le.etgaf:gge z’?a:istics ’:olt?“r;i:(:arjes’: tijzgl‘]c?:rie?ﬁ TR ParticleNet 0.844 370k 540M

e ParT: Dedicated particle transtormer, 2M parameters! rarl 0.861 2.14M 340M
ParT (plain) 0.849 2.13M  260M




JetClass Dataset

Encoding a lot of information — a lot of parameters

e Critical to avoid overtraining and ensure generic embeddings

GPT-3: trained on ~200 billion words (estimated cost 0(10) million dollars])
e Need huge statistics to train a jet transformer!

e ParT: Dedicated particle transtormer, 2M parameters!

New dedicated jet tagging dataset: Jetclass

e 10 types of jets
e 100M training
e OM validation
e 20M test

Extremely useful for benchmarking of
new algorithms!

oot H — bb

st H — ce

1 t — bqq’

41 t — bly

Accuracy # params FLOPs
PFN 0.772 86.1k 4.62M
P-CNN 0.809 354k I15.5M
ParticleNet 0.844 370k 540 M
ParT 0.861 2.14M 340 M
ParT (plain) 0.849 2.13M 260 M
1 H = gg 1 H — 4q 1 H — lvqq
1 W — qq 1 Z = qq 1 q/g



https://github.com/jet-universe

High Level Trigger

Amount of data we can store for use in analysis

limited by bandwidth, 0(10) GB/s to Tier-0

e 300 ms to decide keep/reject
e Running thousands of “modules”
on many collision events in parallel

Bandwidth (kB/s) = Event rate (kHz) x Event size (kB)

L1 Trigger
750 kHz

storage manager
transfer system

R

on-demand reconstruction
& event selection

event builder

=
—
I

e

20 TB RAM > 30’000 CPU cores

raw data
fragments

0(100) Gb/s

0(10) GB/s to Tier-0
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Key; : - tMuon
Electron
Charged Hadron (e.g.Pion)

HLT: More Particle Flow

Transverse slice
though CMS

Particle Flow is highest resolution reconstruction at
HLT. Slow, can’t run on all events! Currently only PF

on 17% of total
e High resolution, but small rate

SiltOI‘I '.’ _‘, |
Tracker S R

Electromagnetic
Calorimeter

Superconducting
Soleroid
Iron return yoke interspersed
with Muonchambers -[.-. HH

3m am
I | I
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- fMuon
Electron

Charged Hadron (e.g.Pion)

HLT: More Particle Flow ey:

— — — - Neutral Hadron (2.g. Neutron)
----- Photon

Particle Flow is highest resolution reconstruction at
HLT. Slow, can’t run on all events! Currently only PF
on 17% of total

e High resolution, but small rate

Transverse slice
though CMS

To handle HL-LHC data rates

Silcon A fF FES e
 Offload resource-intensive computations to GPU e
e Can achieve speed-ups ~x3 shctromsgret 4
Calorimeter il
e More compute to run PF! I
Superconducting 1l
Soleroid
Iron return yoke interspersed
with Muon chambers '[‘" Ll
om im 2n 3m M 5m ém 7m

. : <SS NVIDIA.
LT AT AT
[ C =
[} (m] O
&} a8} &}
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HLT: More Particle Flow

Particle Flow is highest resolution reconstruction at
HLT. Slow, can’t run on all events! Currently only PF

on 17% of total
e High resolution, but small rate

To handle HL-LHC data rates
e Offload resource-intensive computations to GPU
e Can achieve speed-ups ~x3
e More compute to run PF!

62

Events from L1 (@ 750 kHz

30k cores, single-threaded
— ~300 ms available per event
Each node (16/20 cores) equipped with one GPU

GPU tasks
7T\

CPU tasks

Raw data Raw data >

" Pixel tracks
~10 ms \
5 Faster
on GPU

Pixel tracks < - BREIERIEEIE Y

Particle Flow

*Disclaimer:
Rough estimates

300 ms




HLT: More Particle Flow

63

30k cores, single-threaded
— ~300 ms available per event
Each node (16/20 cores) equipped with one GPU

CPU tasks GPU tasks

™

Raw data Raw data >

" Pixel tracks
~10 ms \
5 Faster
on GPU

picet tracks < (R

Particle Flow *Disclaimer-

Rough estimates

300 ms




HLT: More Particle Flow

More PF means cleaner SVJ triggering!
e Jet substructure and anomaly detection at HLT
important!

Transfer data GPU - CPU expensive, can we avoid
It by doing PF on GPU?

63

30k cores, single-threaded
— ~300 ms available per event
Each node (16/20 cores) equipped with one GPU

GPU tasks
7T\

CPU tasks

Raw data

Raw data >

" Pixel tracks

~10 ms \

Faster

on GPU
Particle Flow

*Disclaimer:
Rough estimates

300 ms




HLT: More Particle Flow

Deep Neural Networks as “fast” approximations of
classical ParticleFlow

e Inherently parallelizeable, can take advantage of
GPU acceleration
e High accuracy in high PU environment

- ! ! ! ! | ! ! ! ! | ! ! ! ! ! ! ! ! ! ! H

Charged hadrons S

35001 Rule-based PF -
- ° r=0.9963, 0=0.0087 S ]

: MLPF s :

- Y r=0.9994, 0=0.0036 . .
3000} ; —

2500

Reconstructed particles / event

2000

S
o> N

/
/
— /
4
/
4 _
4
/

1 500 B |/ | | | | | | | | | | | | | | | | | | | | | | N
1500 2000 2500 3000 3500
Truth particles / event
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tt, 14 TeV, 200 PU
Tracks

ECAL clusters
HCAL clusters
Truth particles

a.u.]

| - |



https://arxiv.org/abs/2101.08578

HLT: More Particle Flow

We will (i ) st f better dat - | '
e will [in general) store more of better data 30k cores, single-threaded (~1 ev/thread, in reality

Dedicated SVJ PF-based triggers hyper-th_readed]:
e Autoencoders for anomalous jets — ~300 ms available per event

Each node (16/20 cores) equipped with one GPU

CPU tasks GPU tasks

Raw data Al

Raw data >

Pixel tracks

/ ~10 ms

Particle Flow

300 ms
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toeryy,

On-detector: HGCAL

CMS Endcap High-Granularity Calorimeter (1.5<n<3])
e Unprecedented transverse/longitudinal segmentation
e Pile-up suppression and forward jet resolution

RS

e 52 layers, 6 million silicon channels, limited output bandwidth
e Operate at -30°C — need low-power on-ASIC preprocessing

66


http://home.fnal.gov/~chlebana/CMS/TDR-17-007-paper-v5.pdf

On-detector: HGCAL

Optimise information output using ML! Maximise resolution on extremely low power.

Transfer data to L1
On ASIC On FPGA

48 inputs < > < >

Detector Layer (22b fixed point)

ENCODE DECODE

Bottleneck
(lower dim.
space)
3 regions 3 regions

67

A

4
v 39 bits available

for output
4



https://indico.cern.ch/event/924283/contributions/4105329/attachments/2152250/3630590/encoder_asic_fastml2020.pdf
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ABCNet:

Pixel intensity = particle importance w.r.t most energetic particle in jet, from attention weights
No substructure information given, learned through attention layers!
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https://arxiv.org/abs/2001.05311

