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Introduction

The CMS Phase-2 experiment must process high-throughput detector data,
between 140 - 200 collisions, every 25 ns, i.e., with a certain latency. In fact,
decisions at L1 trigger must be taken in ~us.

40 MHz 12.5 us 750 kHz
Bunch Crossing rate L1 Trigger latency Accepted L1 Rate

7.5 kHz
~ 6 MB/evt

750 kHz

LHC Detector
40 MHz Bunch Crossing

25 ns 1ps 12.5 ps ~(O(seconds)

W

CMS Phase-2 (HL-LHC Run 4, =2030) — 140-200 pileup interactions per bunch crossing

GNNS FOR DISPLACED MUON CLASSIFICATION 02/JUN/2026 3



Introduction

The main goal of this project is to develop
Barrel MTF (only DT and RPC barrel) overiap MTE (0T, Rrc and csc) @ Graph Neural Network (GNN) for the
n o1 02 03 o4 05 05 07 08 Sos 10 1a muon reconstruction algorithms of the L1
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| ' LHC.
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We are developing an edge classifier to
determine whether a track segment is part
of a specific trajectory.
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Moreover, we are working on performing
the regression of the charge and
transverse momentum of displaced
leptons.
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s R However, the new algorithms should be
compatible with FPGA chips.

Endcap MTF (only CSC and RPC endcap)
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Long-Lived Particles
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Due to the characteristics of the CMS experiment,
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To optimize our models and cover different possible scenarios, we include various kind of
samples for the training and the evaluation of results.
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Graph Generation

Example Graphs from Dataset
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Graphs are generated
using the information of
the Global Muon Trigger

stubs.

Those graphs, see some
examples in the left, are

used to train and

evaluate our models.



Graph Generation

Not only the stub
properties are used as

Node Feature O

node features, but also
some edge attributes are
computed.
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TransformerConv

Three-layer Graph Transformer model that combines source and target nodes, as well as edge attributes to
build edge embeddings. The binary edge classification is performed by an MLP.
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Node Encoder
Edge Encoder
Transformer Layer 1
Transformer Layer 2
Transformer Layer 3
Residual Block
Edge Representation
MLP 1

MLP 2

MLP 3

Output

(N, in_channels)
(M, edge_dim)

(hidden_dim, edge_dim, heads)

(2 hidden_dim, edge_dim, heads)
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Maps node features to hidden embeddings
Encodes edge attributes

Adds neighbour information

Expands neighborhood context

Refines node encoding

Preserves previous information
Concatenates edge attributes

Learn high-level edge attributes
Compresses edge attributes

Refines edge attributes

Produces the edge logit



Classifier

Discriminator distribution (test)

— [—1 Background (edge_y=0)
o o . [ Signal (edge_y=1)
To optimize the model, we apply different 2 —
techniques, e.g., early stopping.
15 -
Loss vs epoch .
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Discriminator output
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- For the evaluation of the model, we are
o including all the different samples.
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Classifier

To study the performance of the model we mmn

rely on different metrics: ROC curve, AUC —T———
value, precision per class, etc. 0.8652 0.7 : :

ROC curve (test) Lo Precision per class (test) Confusion matrix (test)
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Stubs | [ Edge score ] [ Update ] , Outputs o Optimization of the model,
focusing on displaced
( N p N sighatures.
2 Node score
L SESRL ) L real stub? )
* Include charge and
e(si s)) transverse momentum
score = 091 regression, specifically for
low p+ muons.
E Weighted sum Cainlielelite b
compatible \ I real track pair?
\ 2 We * hj
\ Ve _ .
\ Tz gteor) * Implementation on FPGAs
| oesisd) | -7 — see Santiago’s talk.
,7 | score=0.08
_-7 MLP update
Sk --- hs — f(msg) pT regress. )
incompatible ' transverse pT ° Deploy of the algorlthm on
real detectors. Test the
method at the restart of
data-taking to, later,
—— high-compat edge () weighted aggregation Integrate it in the L1 trigger.
— ——— low-compat edge (suppressed) () output heads (3 tasks)
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https://indico.uniovi.es/event/24/contributions/214/
https://indico.uniovi.es/event/24/contributions/214/

THANK YOU
FOR THE ATTENTION!
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Graph Generation

G1 One isolated prompt candidate in the overlap
G2 One prompt candidate with pileup

G3 One isolated displaced candidate in the overlap
G4 One displaced candidate with pileup

G5 Two displaced candidates with pileup

G6 Three prompt candidates with pileup

G7 No overlap candidates (only barrel hits)
G8 No overlap candidates with pileup

G9 High eta region (endcap)

G10 High eta region (endcap) with pileup

B4 Only pileup

* Most of the samples, except G7 and G8,
are divided in positive and negative i region. GNNS FOR DISPLACED MUON CLASSIFICATION 02/JUN/2026 15



	Slide 1: Universidad de Oviedo
	Slide 2
	Slide 3
	Slide 4
	Slide 5
	Slide 6
	Slide 7
	Slide 8
	Slide 9
	Slide 10
	Slide 11
	Slide 12
	Slide 13
	Slide 14
	Slide 15

