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I Large Hadron Collider (LHC)

pp collisions @ Vs = 13.6 TeV CMS Experiment




—— Need to make fast
Data
Trigger

Analysis decision or physics suffers!
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No BSM discovery at the LHC (yet!)

2 New physics not possible at the current LHC scale
? Not enough data

o . . . Xilinx's Virtex7 based |
? Maybe we are not looking in correct direction eSSl TEa
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o ML can unearth unknown and complex correlation

. . . Model independence
o New physics searches in model-independent way



CIC A DA

Calorimeter Image Convolutional Anomaly Detection Algorithm
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I CMS Level-1 Trigger
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CICADA: New Addition in Run-3
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| CICADA: Inputs

Anomaly Detection Algorithm to Select ~un-biased events for new physics searches
One region = 4x4 trigger towers
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CICADA Inputs from CALO Layer-1
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Calol1 Setup

« Calo-Layer 1 Trigger consists of 3-uTCA crates each
equipped with 6-CTP7 cards

 Each CTP7 cards receive information from the
calorimeters (HCAL, ECAL, HF) and send calibrated
E+H & E/H to next lyare
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Backplane links
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CICADA: Layer-1 to uGT

MTP Adapter (Aqua)
TXMTP12M to OM3 128
+

L 10 Gbps links (Using L1Trigger Protocol) 1
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L1 Calo Side uGT Side

UGT use optical splitters 1:2 and they
We expected to have ~20m of fiber connections accept ~330UW optical power

All data is collected in one card
‘Summary Card’

LC fibres

Global Trigger
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Autoencoder-based anomaly detection
« Inputis a 2D tensor from the Calo region energy information
» Encoder and decoder are Convolutional Neural Networks

» Unsupervised learning : train only on ZeroBias data to learn input reconstruction
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Reconstruction
CMS Preliminary 2023 (13.6 TeV)
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Expectation:

« Goodreconstruction on normal events (ZeroBias used for training)
« Bad reconstruction on anything else such as BSM signals (never seen during training)

Goal:

« Anomaly Score: Mean Squared Error, MSE(input, output)

Reconstruction

CMS Preliminary 2023 (13.6 TeV) CMS Preliminary 2023 (13.6 TeV)
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CICADA: Naive Auto-encoder Model

Layer (type) Output Shape Par
“Tomac (Inpatlayer)  l(Neme, 18, 14, D1 o
conv2d_1 (Conv2D) (None, 18, 14, 20) 200
relu_l (Activation) (None, 18, 14, 20) 0
pool_1 (AveragePooling2D) (None, 9, 7, 20) 0
conv2d_2 (Conv2D) (None, 9, 7, 30) 5430
relu_2 (Activation) (None, 9, 7, 30) 0
flatten !Flattenz (None, 1890) 0
latent (Dense) (None, 80) 151280
dense (Dense) (None, 1890) 153090
reshape2 (Reshape) (None, 9, 7, 30) 0
relu_3 (Activation) (None, 9, 7, 30) 0
conv2d_3 (Conv2D) (None, 9, 7, 30) 8130
relu 4 (Activation) (None, 9, 7, 30) 0
upsampling (UpSampling2D) (None, 18, 14, 30) 0
conv2d_4 (Conv2D) (None, 18, 14, 20) 5420
relu_5 (Activation) (None, 18, 14, 20) 0
output (Conv2D) (None, 18, 14, 1) 181

— Encoder(compressor)

— Latent space (compressed input)

—

le

Total params: 323,731
Trainable params:
Non-trainable params: 0

Challenges!

Decoder (decompressor)

324 K parameters model size

can’t fit L1 constraints...
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Quantization-aware training (QKeras)

« Model weights quantized to fixed precision (e.g., 2 bits for — x10 reduction
integer, 4 bits for fraction) in resources/latency

« Train a quantized model rather than quantize a frained model




CICADA: Teacher = Student Model

Layer (type) Output Shape Param #
input (InputLayer) [ (None, 18, 14, 1)] 0
conv2d_1 (Conv2D) (None, 18, 14, 20) 200 StUdent
relu_1l (Activation) (None, 18, 14, 20) 0
pool_1 (AveragePooling2D) (None, 9, 7, 20) 0 Layer (type) Output Shape Param #

2d_2 (C 2D N r 9, 7, 30 5430
convzd_2 (ConvaD) (None ) In (InputLayer) [ (None, 252)] 0
relu 2 (Activation) (None, 9, 7, 30) 0

densel (QDense) (None, 15) 3780
flatten (Flatten) (None, 1890) 0
latent (Dense) (None, 80) 151280 OBN1 (QBatchNormalization) (None, 15) 60
d D N 1890 153090 . .
ense (Dense) (None, ) relul (QActivation) (None, 15) 0
reshape2 (Reshape) (None, 9, 7, 30) 0
output Dense None, 1 15
relu_3 (Activation) (None, 9, 7, 30) 0 P (Q ) ( ' )
conv2d_3 (Conv2D) (None, 9, 7, 30) 8130 = ==
) . |Total params: 3,85 |

relu_4 (Activation) (None, 9, 7, 30) 0

- Trainable params: 3,825
upsampling (UpSampling2D) (None, 18, 14, 30) 0 Non-trainable params: 30
conv2d 4 (Conv2D) (None, 18, 14, 20) 5420
e echiecion) | Gone 0 2200 324K parameters go down
output (Conv2D) (None, 18, 14, 1) 181

. to 3.8K parameters

Total params: 323,731
Trainable params: 323,731
Non-trainable params: 0




CICADA_v3_v1, signal(Run3) vs ZB(2023)

107 —
ZB23 ;
10-! - [ H Tolonglived =
- 1071 i
1 SUEP ; o R
C SUSYGGBBH Simulated signals
1077 1 T > 102 1
(&)
=
[ VBFHto2C @
&)
1073 o E 10
E —— H_TolongLived (AUC = 0.99687 + 0.00017)
. k= —— SUEP (AUC = 0.99815 + 0.00009)
107% 3 v o —— SUSYGGBBH (AUC = 0.99965 + 0.00003)
TT (AUC = 0.99973 + 0.00004)
—— VBFHto2C (AUC = 0.99909 + 0.00006)
10—5 o 10-° 4 ----- Trigger rate = 3 kHz
' ' ' ' o To° e
0 10 20 30 40 50 60

Trigger Rate (MHz)

* Model trained on 2023 ZB, evaluated on 2023 Simulated signals
« Able to pick up a wide range of BSM signails



| CICADA: Rate Stability
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CICADA score

A Flexible trigger: tunable threshold for different rates, stable over the run



Calorimeter trigger Muon trigger Track trigger

Wisconsin APxF Board CMS Upgrade to Level-1 Trigger

Detector Backend systems

Global Calorimeter
Trigger

1

. Xilinx VU13P FPGA
« 25G Samtec Firefly optics

(]24 25 Gbps ||n kS) Phase-2 trigger project
More resources available to implement ML based triggers

Global Trigger
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Local
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CICADA: Summary

 New addition to CMS Level-1 Trigger system for Run-3
- Unsupervised, Auto-encoder based, tunable algorithm for a model

independent search for new physics as close to the “raw data stream” as

possible
- Taking Physics Data: 2024 - 2026* (Rate ~100Hz)

v Potential to catch more signals that are otherwise rejected by the current
friggers

v' HL-LHC: CMS Upgrade of Level-1 trigger
« Bigger/Faster FPGAs to provide more resources

* More complex ML based algorithms being developed
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John J. Hopfield Geoffrey E. Hinton

“for foundational discoveries and inventions
that enable machine learning
with artificial neural networks”
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A “CICADA"” is an insect of the
family “Cicadoidea”

What is CICADA ©

Cicadas are known for their loud
vocadalizations (typically during
summer)

Much of a cicada’s life cycle is
actually spent underground, with a
few famous American species (the
“periodical cicada”) only emerging
every 13 (magicicada tredecim) or
17 (magicicada septendecim) years

Sovurce: https://kids.nationalgeographic.com/animals/invertebrates/facts/cicada



https://kids.nationalgeographic.com/animals/invertebrates/facts/cicada
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