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Introduction

Theoretical and experimental motivations for New Physics. But nothing

was found @ LHC despite thousands of tested hypotheses. Why?

FastML 4 Science 2024 2

Lino Gerlach



C g
<]
<
1]
°

M 2
c

S
3
- =
B
@
g
E
3
o

Introduction

Theoretical and experimental motivations for New Physics. But nothing

1))

was found @ LHC despite thousands of tested hypotheses. Why?

No new physics at LHC energies
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Introduction

Theoretical and experimental motivations for New Physics. But nothing

1))

2))

was found @ LHC despite thousands of tested hypotheses. Why?

No new physics at LHC energies
It is extremely rare (need more data)
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Introduction

Theoretical and experimental motivations for New Physics. But nothing

was found @ LHC despite thousands of tested hypotheses. Why?

1.) No new physics at LHC energies

2.) Itis extremely rare (heed more data)
3.) We are overlooking it (wrong assumptions)
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Theoretical and experimental motivations for New Physics. But nothing

was found @ LHC despite thousands of tested hypotheses. Why?

1.) No new physics at LHC energies

2.) Itis extremely rare (heed more data)

3.) We are overlooking it (wrong assumptions)
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Introduction

Theoretical and experimental motivations for New Physics. But nothing
was found @ LHC despite thousands of tested hypotheses. Why?

1.) No new physics at LHC energies

2.) Itis extremely rare (heed more data)

3.) We are overlooking it (wrong assumptions)

Want trigger algorithm with:

Background suppression

Model independence
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Introduction

Theoretical and experimental motivations for New Physics. But nothing
was found @ LHC despite thousands of tested hypotheses. Why?

1.) No new physics at LHC energies

2.) Itis extremely rare (heed more data)

3.) We are overlooking it (wrong assumptions)

Want trigger algorithm with:

» Model-independence

Background suppression

Model independence
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Introduction

Theoretical and experimental motivations for New Physics. But nothing
was found @ LHC despite thousands of tested hypotheses. Why?

1.) No new physics at LHC energies

2.) Itis extremely rare (heed more data)

3.) We are overlooking it (wrong assumptions)

Model-

specific Want trigger algorithm with:

selection

» Model-independence

» Good Background suppression

Background suppression

Model independence
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Introduction

Theoretical and experimental motivations for New Physics. But nothing
was found @ LHC despite thousands of tested hypotheses. Why?

1.) No new physics at LHC energies

2.) Itis extremely rare (heed more data)

3.) We are overlooking it (wrong assumptions)

Model- . . .
. A I .
specifc hnomaly Want trigger algorithm with:
» Model-independence

Model independence

» Good Background suppression

Background suppression
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- Introduction

Theoretical and experimental motivations for New Physics. But nothing
was found @ LHC despite thousands of tested hypotheses. Why"?

A3D3 Institute https://a3d3.ai/
"a‘ I I | [ | |
1.) No new physics at LHC energies %1019— TPONASIC ey PR :
2.) ltis extremely rare (need more data) © N ‘
m —]
3.) We are overlooking it (wrong assumptions) L -
o |
= 4
= LHC HLT
0
.5 Mod_e!- Anomal I : : . (75 —
1 o Want trigger algorithm with: ‘
S » Model-independence 10" T He LT -
O
d » Good Background suppression 100l )
g » Fulfills computing requirements @ L1T Neuro
g 4 0000
~1us latency, ~1PB/s throughput IceCube @ Netflix 4K UHD
Model independence 108 1()1‘6 1()I‘4 1()I‘2 1IO° 1(1)2 1(1)4 10°

Latency requirement [s]
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CICADA - Inputs

Calorimeter Image Convolutional Anomaly Detection Algorithm

lg
Schematic depiction of CMS calorimeter
Randomly generated data
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CICADA - Inputs

Calorimeter Image Convolutional Anomaly Detection Algorithm

- CMS deploys cylindrical calorimeters
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Calorimeter Image Convolutional Anomaly Detection Algorithm

- CMS deploys cylindrical calorimeters

» Sum energy deposits pixel-wise
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Schematic depiction of CMS calorimeter
Randomly generated data
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- CMS deploys cylindrical calorimeters
» Sum energy deposits pixel-wise

» Unroll to get image-like data

CICADA - Inputs

Calorimeter Image Convolutional Anomaly Detection Algorithm
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- CMS deploys cylindrical calorimeters
» Sum energy deposits pixel-wise
» Unroll to get image-like data

» Deploy convolutional neural nets

CICADA - Inputs

Calorimeter Image Convolutional Anomaly Detection Algorithm

FastML 4 Science 2024

| Energy deposit

Schematic depiction of CMS calorimeter
Randomly generated data
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Training & Knowledge Distillation

| | i ' Xiv:2310.06047 [cs.LG
Signhal model independent: unsupervised learning Teacher AE | 1Y [es LG
||
= predict B
T loss
Reconstruction
loss < =
|
- r .
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Training & Knowledge Distillation

arXiv:2310.06047 [cs.LG]

Signal model independent: unsupervised learning Teacher AE
[T
: . " predict B
* Train Auto-Encoder on Zero Bias data T 0SS
Reconstruction
loss < -
e 3 \ .
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Training & Knowledge Distillation

. . . . X1v:2310.06047 LG
Signal model independent: unsupervised learning Teacher AE | R
T
. . l predict I
* Train Auto-Encoder on Zero Bias data T loss
N Reconstruction .
. loss
» Reconstruction loss as Anomaly Score m
= -
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Training & Knowledge Distillation

. . . . X1v:2310.06047 LG
Signal model independent: unsupervised learning EETEAE R
T
. . I predict I
* Train Auto-Encoder on Zero Bias data u T 0SS
N Reconstruction .
. loss
» Reconstruction loss as Anomaly Score m

l soft target F rh.

+ Transfer Knowledge from large AE: n

» Train smaller model on anomaly score directly
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“~ Training & Knowledge Distillation

Signal model independent: unsupervised learning

* Train Auto-Encoder on Zero Bias data

« Reconstruction loss as Anomaly Score

Teacher AE arX1v:2310.06047 [cs.LG]

[iniull| _
i

predict
I loss

Reconstruction .

=
»  Transfer Knowledge from large AE:
» Train smaller model on anomaly score directly
Student
252 16 ?
QDenseBatchNorm QDense Arslomaly
/4 ~4K params NS
QConv /Flatten Conv/Pool
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Deployment

Quantized C++/HLS
project

Train teacher with
tensorflow & keras
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Deployment

Quantized C++/HLS
project

Train teacher with
tensorflow & keras

Quantization aware student
training with QKeras
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Quantized C++/HLS
model project

Train teacher with Translate trained NN into
tensorflow & keras ; C++ with hisdml

Quantization aware student
training with QKeras
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Quantized C++/HLS
model project

Train teacher with Translate trained NN into
tensorflow & keras ; C++ with hls4ml

Quantization aware student
training with QKeras
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his 4 ml

Quantized C++/HLS
model project

Train teacher with Translate trained NN into
tensorflow & keras ; C++ with hls4ml

Quantization aware student
training with QKeras
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Deployment

Quantized C++/HLS
. Hardware
model project

Train teacher with Translate trained NN into Deploy on AMD Virtex
tensorflow & keras 5 C++ with hlsdaml 5 FPGA chip

Quantization aware student Produce FPGA code from
training with QKeras C++ with Xilinx HLS

from Luis Moreno
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Deployment

Quantized C++/HLS
. Hardware
model project

Train teacher with Translate trained NN into Deploy on AMD Virtex
tensorflow & keras ; C++ with his4ml ; FPGA chip
Quantization aware student Produce FPGA code from
training with QKeras C++ with Xilinx HLS
CICADA

from Luis Moreno
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Deployment

Quantized C++/HLS
. Hardware
model project

Train teacher with Translate trained NN into Deploy on AMD Virtex
tensorflow & keras 5 C++ with hlsdaml 5 FPGA chip

Quantization aware student Produce FPGA code from
training with QKeras C++ with Xilinx HLS

Final Latency: 8BX (0.2 us)

CICADA

from Luis Moreno
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Conclusion & Outlook

Performance tests on simulated & real CMS data show good performance
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Conclusion & Outlook

Performance tests on simulated & real CMS data show good performance

Latest CICADA model has been deployed & records data since last week!

FastML 4 Science 2024

CICADA Pure Rate (kHz)

o CMS Preliminary

2023 (13.6 TeV)

~ Co O

(o)

N W REN

(&)
ll"l'll"III‘I'II{II'WIII"ll'l"ll"lll

—_—

[TT]

o

.........

I | | | | I ] | | | 1 1]
20 25 30
CICADA Overall Rate (kHz)

Lino Gerlach


https://indico.cern.ch/event/1387540/contributions/6153598/

C g
<]
<
1]
°

M 2
c

S
3
— =
B
@
g
E
3
o

Conclusion & Outlook

Performance tests on simulated & real CMS data show good performance

Latest CICADA model has been deployed & records data since last week!
10CMS Preliminary

2023 (13.6 TeV)

Real-time Anomaly Detection (RAD):
Cooperation w/ DUNE (see next talk by Jack)
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Conclusion & Outlook

Performance tests on simulated & real CMS data show good performance

Latest CICADA model has been deployed & records data since last week!

Real-time Anomaly Detection (RAD):
Cooperation w/ DUNE (see next talk by Jack)

Working on first physics analysis w/
CICADA-triggered data
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Conclusion & Outlook

» Performance tests on simulated & real CMS data show good performance

» Latest CICADA model has been deployed & records data since last week!

CMS Preliminary 2023 (13.6 TeV)
- Real-time Anomaly Detection (RAD): g
Cooperation w/ DUNE (see next talk by Jack) g Z
- Working on first physics analysis w/ § .

CICADA-triggered data
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CMS Trigger System

detector ' high-level
collisions L1 trigger trigger
@ https://a3d3.ai/ l
40,000,000 100,000 1000
events/sec events/sec events/sec
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