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REAL-TIME UNSUPERVISED
ANOMALY DETECTION IN
THE CMS LEVEL-1 TRIGGER

Maciej Glowacki (CERN) on behalf of the CMS collaboration

Level 1 Trigger Anomaly Detection
The CMS experiment at the LHC deploys a two-step trigger system to Although the trigger menu
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The L1 Trigger [1] reconstructs physics —

objects from detector subsystems, wnTion e

combining them in the Global Trigger S opticelll ks — Anomalies can appear at any trigger and data representation level: the GT
(GT) to define a menu of conditions for can detect anomalies in object correlations, while the calorimeter trigger
the final accept/reject decision. MP7/CTP6 [2] cards equipped with can detect anomalous energy depostits.
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CICADA

CICADA is deployed in the Calorimeter Layer 1 Trigger and takes as input
a 18 x 14 ¢x n grid of energy deposits. Then uses a Convolutional
autoencoder (AE) to reconstruct its input.

AXOLITL

AXOL1TL is deployed in the GT as Variational Autoencoder (VAE),
and takes as input all available reconstructed objects: (pT, n, ¢) of 4
ely, 4 y, 10 jets, and P (miss).
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Step 1: Pre-training of encoder block using augmented views of
the same event and the VICREG [5] loss.

Step 20 Train VAE on encoder output: Sa,omaly = MSE(X, X) = 1 Z(“fi — %)?
n p=1l

Step 1: Train a large teacher model to perform encoding and decoding.

Step 2: Compact student model is trained to direct predict the anomaly
score from the tracher. The student model is deployed.

Deployment Results
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chip’s look-up-table (LUT) and digital-
signal-processing (DSP) resources. The
floorplan displays one GT module with
AXOLLTL highlighted in pink. CICADA
achieves timing closure in 81.25 ns, using
20% of resources on chip. o B
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