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The analysis

> Anomaly Detection in fully hadronic events with message
passing based Graph Neural Netwoks (GNNSs).
4 R&D LHC Olympics dataset
> Graphs representing the final states jets, the 2 pT leading jets » 7 S XY —> gqqqq events
per event, built from transformed constituents. my, = 3.5TeV, my

> Graph features contain [pT frac, n and ¢] of the constituents = 500GeV, my= 100GeV

as node features, nodes connected if AR < 0.2 with 1/4R as reconstructed with anti-ky
the edge feature (dataset with 4R < 0.1 also available). WithR = 1.0

A ML tasks

» classification approach:
RF, transformers, GNN for graph-
classification
» AD approach:

GNNs, transformer+AE

INPUT GRAPH (JET)

> Final goal: Run 3 fully hadronic search
» Completely model agnostic, 2 large-R jets per event
» Signal region based on Anomaly Score cut.



https://arxiv.org/pdf/1903.02032.pdf

Nutple framework

» Production of ntuples from our run 3 LLJ1 DXAOD based on Easylet framework.

> News:
» Produced ntuple for data22, ~100k events.

> Increased trigger list with new largeR-jet items, for both 2022 and 2023.
» 2 items give problems with MC, can be commentated.

trigger list 2022

12022':

'"HLT_j360_al10t_lcw_jes_L1J100"

'"HLT_j420_al0sd_cssk_pf_jes_ftf_preselj225_1L13100'

'"HLT_j460_al0sd_cssk_pf_jes_ftf_preselj225_1L1J100"

'"HLT_j460_al0t_lcw_jes_L1J100'
'"HLT_j460_allr_L1J100"
'"HLT_j460_al0_lcw_subjes_L1J100'

'"HLT_j420_35smcINF_al0sd_cssk_pf_jes_ftf_preselj225_1L1J100'

'"HLT_j420_35smcINF_al0t_lcw_jes_L1J100'
"HLT_mu24_ivarmedium_L1MU14FCH'
"HLT_mu50_L1MU14FCH'
"HLT_mué60_0etald5_msonly_LIMU14FCH'
"HLT_mué0_LIMU14FCH'
"HLT_mu80_msonly_3layerskEC_LIMU14FCH'

trigger list 2023

'2023':
— 'HLT_j360_al0t_lcw_jes_L1J100'

'"HLT_j420_al0sd_cssk_pf_jes_ftf_preselj225_L1J100"
'"HLT_j460_al0sd_cssk_pf_jes_ftf_preselj225_1L13100'
'"HLT_j460_al0t_lcw_jes_L1J100'
'"HLT_j460_al0r_L1J100'
'"HLT_j460_al0_lcw_subjes_L1J100'
'"HLT_j420_35smcINF_al0sd_cssk_pf_jes_ftf_preselj225
'"HLT_j420_35smcINF_al0t_lcw_jes_L1J100'
"HLT_mu24_ivarmedium_LIMU14FCH'
"HLT_mu50_L1MU14FCH'
"HLT_mué@_0etald5_msonly_LIMU14FCH'
"HLT_mué60_LIMUL4FCH'
"HLT_mu80_msonly_3layerstEC_LI1MU14FCH'

Unprescaled run 3 triggers twiki here

_L1J100'



https://twiki.cern.ch/twiki/bin/viewauth/Atlas/LowestUnprescaled

trigger study data

» Trigger item: HLT_j360_al10t_Icw_jes_L1J100

» Sigmoid = p2/(1+TMath::Exp(-(x - p1)/p0))
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trigger study data

> Trigger item: HLT_j420_al10sd_cssk_pf_jes_ftf preselj225_113100

» Sigmoid = p2/(1+TMath::Exp(-(x - p1)/p0))
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Found cut off at 0.99 efficiency: 490289

data22

8065.4
395856
0.993721
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trigger study data

> Trigger item: HLT_j460_a10r_L1J100

» Sigmoid = p2/(1+TMath::Exp(-(x - p1)/p0))

> 1
(&)
5 1‘_ ATLAS Internal — data3 data23
(@) g canaa aasd ey g TR
= - {s=13.6TeV, ILdt = - datazz po 22423.4  +/-  267.65
— pl 424553 +/- 391.524
— p2 0.981706 +/- 0.00166781
0.8— Found cut off at 0.97 efficiency: 523602
0.6— data2?2
B 22383.8 +/- 245.315
B 432760 +/- 358.861
B 0.985058 +/- 0.00142138
0.4— Found cut off at 0.98 efficiency: 550647
0.2—
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trigger study data

> Trigger item: HLT_j460_al10t_lcw_jes_L1J100

» Sigmoid = p2/(1+TMath::Exp(-(x - p1)/p0))

> 1
£ [ ATLAS Internal — data23
o - PPy data23
= L 5=136TeV, ILdt: oo 20584 .8 259.742
B 440484 390.226
— 0.987447 0.00150964
0.8— Found cut off at 0.98 efficiency: 540932
06~ data22
L po 20580.3 239.521
| pl 447298 363.356
04— p2 0.99001 0.00127226
L Found cut off at 0.98 efficiency: 541637
0.2—
i ~__ I | | I I | | | I | | | I I | | | I | | | I I | | | I | | 1 1 1 X103
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trigger study data

> Trigger item: HLT_j460_al1l0_lcw_subjes_L13J100

» Sigmoid = p2/(1+TMath::Exp(-(x - p1)/p0))

> 1
(@)
S ~ ATLAS Internal — dataz3
L g e SR data23
= 1s=136TeV, ILdt = 1 20702.3 264,489
B 434846 390.602
- 0.983288 0.00165146
0.8— Found cut off at 0.98 efficiency: 552791
0.6—
" data22
- po 20236.8 226.398
- pl 439348 343.221
0.4— p2 0.990331 0.00115468
B Found cut off at 0.99 efficiency: 601296
0.2—
[ | | I | | | I I | | | I | | | I I | | | I | | | I I | | 1 1 1 X103

300 350 400 450 500 550 600 650 700
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trigger study data

> Trigger item: HLT_j460_al1l0sd_cssk_pf jes_ftf preselj225_113100

» Sigmoid = p2/(1+TMath::Exp(-(x - p1)/p0))

Efficiency
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data23
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data22

po 8290.88
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0.000797063

x10°
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trigger study MC

> Trigger item: HLT_j360_al0t_lcw_jes_L1J100

» Sigmoid = p2/(1+TMath::Exp(-(x - p1)/p0))

> 1
(@) .
c - —— Dijet ..
3 i ATLAS Internal Dijet
= L {s=13.6TeV, I Ldt = / RPN Te o8 W 1oar 19757.6 390.512
w L y 344209 571.932
- 0.98499 0.00111923
0.8— Found cut off at 0.98 efficiency: 448530
0.6—
B ttbar
— 20831.2 267 .153
— 358738 388.853
04— 0.965405 0.00183146
— Found cut off at 0.96 efficiency: 466636
0.2—
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trigger study MC

> Trigger item: HLT_j420_al10sd_cssk_pf_jes_ftf preselj225_113100

» Sigmoid = p2/(1+TMath::Exp(-(x - p1)/p0))

> 1
Q = — Dijet
-QC'—j = ATLAS Internal : : s Dijet
£ ~ {s=13.6TeV, _[ Ldt = - T toar 8756.98 170.396
B 396203 281.215
- 0.993021 0.000715131
0.8— Found cut off at 0.99 efficiency: 446924
0.6—
B ttbar
B 9527.8 137.616
B 396632 226.778
04— 0.985301 0.0011313
— Found cut off at 0.98 efficiency: 446364
0.2—
0_ ol | | | | | | | | | | | | | | | | | | | | | | | | | X103
300 350 400 450 500 550 600

subjet_pt[MeV]
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trigger study MC

> Trigger item: HLT_j460_al10t_lcw_jes_L1J100

» Sigmoid = p2/(1+TMath::Exp(-(x - p1)/p0))
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trigger study MC

> Trigger item: HLT_j460_al1l0sd_cssk_pf jes_ftf preselj225_113100

» Sigmoid = p2/(1+TMath::Exp(-(x - p1)/p0))

Efficiency
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Found cut off at 0.98 efficiency: 486535
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BACK-UP



trigger study

» Tag and probe method: the efficiency is computed on the subleading jet pT by requesting that the leading jet is
matched with the trigger item and then checking the subleading matching

» The efficiency curve is fitted with sigmoid function: L/(1+TMath::Exp(-(x - a)/b))
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New format definition

Francesco’s slides

o Format on gitlab
o Starting from DAOD_PHYS

o Added constituents for UFO ... . .. oo cer coimns

jetS sel_1jet_template = "((count (abs({0}eta) < 2.8 && {0}pt > 150%GeV && {0}m > 30%GeV) >= 1))"
topology_selection_1jet = "({})".format(
" 1] ".join([sel_1jet_template.format(j) for j in largeRJetsForSkimming])

g . )
o Added event skimming
O At least one large-R with g s o
Peege r nn
nl < 2.8, py > 150 GeV, e
m > 30 GeV ### baseline run-2
'HLT_j360_a10_lcw_sub_L1J160',
'"HLT_j420_al10_lcw_L1J100"',
"HLT_j460_al0t_lcw_jes_L1J100',
### new run-3
'"HLT_j460_al0sd_cssk_pf_jes_ftf_preselj225_L1J100',
: : 5 '"HLT_j460_al0_1lcw_subjes_L1J100",
o Added trigger skimming (new NLT J468. a16r LLJA8R"
Run-3 Large-R jet trigger, still FOE new TR Beah But
ongomg) 'HLT_j420_3SsmcINF_alO@sd_cssk_pf_jes_ftf_preselj225_L1J100",

'"HLT_j420_35smcINF_allt_lcw_jes_L1J160',



https://indico.cern.ch/event/1345677/contributions/5678948/attachments/2757960/4802268/DAODFormat_request.pdf

ntuple maker

» Production of ntuples from our run 3 LLJ1 DXAOD based on Easylet framework.

> Achievements:

» Disabling b-tagging on large-R jets;

» Customization of list of applied triggers;

» Computation of new variables from base ones included in DxAOD;

> Addition of constituents variables to the final ntuple, also systematic aware.

» Running on LLJ1 MC background (JZ8 splice) with 20k events.
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> Selections applied on jets pT > 200 GeV and |eta| < 2, 2 jets selected per event.
» About ~70% of size of ntuple consists of constituents info.
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More plots: leading jet
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More plots: subleading jet
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INTRODUCTION

» The aim:
»  Graph Anomaly Detection algorithm for the discovery of diboson resonances decaying in fully hadronic final states with
the ATLAS detector in run-lll.
»  Anomaly Detection: model-independent approach, sensitive to more than one signal hypothesis as it only
detects «anomalies» w.r.t. background.

»  The strategy:
» Reconstructed jets at each event are represented as graphs.
»  This dataset of graphs is then used to train a Graph Neural Network (GNN) model in order to classify anomalous signal
vs background by means of an anomaly score.

4 N




GRAPH ANOMALY DETECTION IN HEP

» Graph: Structured objects composed of entities used to describe and analyze relations and interactions (edges)

between such entities (nodes).
o Nodes and edges typically contain features specific to each element and each pair.

[ Application of machine learning to build an anomaly detection algorithm on graphs ]

» Graph Anomaly Detection (GAD) applied to many research ’ kg s
fields (social networks, e-commerce, medicine, and I 4
telecommunications) where graph representation is more *(G"Jf‘ﬁ?&:"" wip Mecmetie

natural than classic data sequencing. ad
. Malicious User Grou
o Many successful results obtained. e T

o Yet to be applied in High Energy Physics analysis. AR o




Jure Leskovec et al., CS224W: Machine Learning with Graphs Stanford Course, Fall 2021

GRAPH NEURAL NETWORKS

»  Graph Neural Networks (GNNs) are ML architectures built specifically to make predictions on graphs, exploiting
their relational nature.
o Based on learnt vector representation (embedding) of each node of the input graphs.

» The embeddings are updated at each layer by aggregating the information passed between the target node and the
nodes from its closest neighbourhood — message passing

Node level

, %N o o*

Graph_level ‘_: % T community .......................................... ‘ .......................................................................

icti - TARGET NODE

pradiction, : :i  (subgraph) NRTTR— . . ..............................................

Graph i & 3 level l “

generation N e : e i .
: : : GNN Layer2 e ?
> Edge-level N— @ Xbwer O
................................. L XL

Several task levels, carried out by processing the final INPUT GRAPH Each layer of GNN extends the neighbour range

node embeddings in certain ways.
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ANALYSIS CHANNEL OF INTEREST

>  Events signature
o Background: QCD, to be estimated with data-driven approach (typical of unsupervised tasks).

o Signal: Y —» XX’ — qqqq, where X or X’ can be either a SM or BSM boson.

> Aiming at the kinematic region where X and X’ are produced with significant Lorentz boost due to large mass
difference between parent and daughters particles.
o Y reconstructed with two large-R jets (fatjets) of radius AR, denoted as merged regime.

Mass of decaying

pr of decaying

particle
4/12




CURRENT BENCHMARK DATASET QCD di-jet

» Benchmark application with LHC Olympics 2020 R&D dataset.
o MC generated dataset built specifically for anomaly detection.

o |.IM total events, IM background and 100k anomalous signal.

>  Events signature
o Background: QCD di-jet.
o : ' — XY — qqqq, particles reconstructed as fatjets with large radius R = I.

Mass [GeV]

Zz 3500
X 500
Y 100




GRAPH REPRESENTATION OF JETS

» Current definition of a jet
o Entites:
L Nodes — topoclusters contained in each jet reconstructed with anti-k; algorithm
J Edges — Created only if AR < 0.2 (previously 0.4) between two topoclusters, no self-loops
o Features:
L Nodes — pT fraction, n, ¢.
U Edges — /(AR + ¢)

» Transfomation applied for data augmentation and model robustness reasons (arXiv:1903.02032, arXiv:2105.09274).
o Rescaling of the four momenta (my = 0.25 GeV) — boost so that the energy is Ep = | GeV — further rotation of

constituents along jet axis.

10000 evt, dr.=10, trans=True
0.0200 1 bkg
sig

. 0.0175
0.0150
0.0125 4

S

© 0.0100+
0.0075 4
0.0050

0.0025

0.0000

0 50 100 150 200
node degree

_ # nodes connected to node v




Current architecture in a nutshell

> Main work on a GNN only model, so we need a suitable optimization task.

> A popular anomaly detection loss function, the Mean Squared Error (MSE), could be used, but an autoencoder (AE) must be
connected to compare each graph representation with the AE output.

/Graph
datz

~

MLP
Q — >~ Y
o9
O
Input Message Passing Graphs embeddings MSE loss
features

main GNN architecture required for MSE loss
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rrevious state Or tne

» DeepSVDD model, GIN model v%rr;glLP layers applied before and after.
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EGATConv

» EGAT extends on GAT model by implementing edge features in a different way and by allowing updating of the
edge weights tensor between each layer of GNN (edge embedding).

GATConv EGATConv

class dgl.nn.pytorch.conv.EGATConv(in_node_feats, in_edge_feats, out_node_feats, out_edge_feats,

class dgl.nn.pytorch.conv.GATConv(in_feats, out_feats, num_heads, feat_drop=0.0, attn_drop=0.0,
num_heads, bias=True)  [source]

negative_slope=0.2, residual=False, activation=None, allow_zero_in_degree=False, bias=True)  [source]

Bases: torch.nn.modules.module.Module Bases: torch.nn.modules.module.Module

Graph attention layer that handles edge features from Rossmann-Toolbox (see supplementary

Graph attention layer from Graph Attention Network
data)

I+1 )
hf +1) = z a,-,jW(l)hﬁ.)
JEN()

The difference lies in how unnormalized attention scores e;; are obtained:

€ij = F(f,-;)

where q;; is the attention score bewteen node i and node j:
f,!j = LeakyReLU (A[hi”fij”hj])

a; = softmax;(e},)
efj = LeakyReLU (ET[Whi [|Wh j]) where fi’j are edge features, A is weight matrix and

Returns:
e pair of torch.Tensor - node output features followed by edge output

features The node output feature of shape (N, H, D,,;) The edge

Returns: ‘
o torch.Tensor - The output feature of shape (N, *, H, D,.;) where H is output feature of shape (F, H, Fy,) where:
the number of heads, and D is size of output feature. H is the number of heads, D,,; is size of output node feature, F,,,
» torch.Tensor, optional - The attention values of shape (E, *, H, 1), is size of output edge feature.

where F is the number of edges. This is returned only when

get_attention |is| True e torch.Tensor, optional - The attention values of shape (E, H, 1). This is

returned only when :attr: get_attention is True .
3/16

» Selfloop is required because of how the node representation is updated.



GLOCAIN

> Article: Deep Graph-level Anomaly Detection Pv Glocal Knowledge Distillation.

» Employs a variation of Knowledge Distillation (KD) technique, where the initial goal is to train a simple model
that syntetize the knowledge of a large model while maintaining similar accuracy as the large model.
» Random Knowledge Distillation for joint distillation at node-level and graph-level.

» Implements two GNNs:

» Random Target Network, not-trained and randomly initialized, used as reference to learn the normal
patters of our dataset.

> Predictor Network, trained by comparing its node and graph representations (hg, h;) with the ones from
the above network (hg, h;) through a KD function.

Random
Target Network

Loss function for unsupervised learning:

Node Representation h;

— GNN .
Graph Representation hg

L= Lgraph + ALpode

1 A
- Lgraph = @ Z KD (hG, hG) >
Geg

L
Node Representation h; s
1 1 N
— _—— P . . R GNN _— R e > L h
Lnode Bl |g| Z |G| Z ’D (hl’ hl) Graph Set G Graph Representation hc@ arep
Ge g V; € (VG P

Predictor Network e


https://arxiv.org/abs/2112.10063

GLOCalKD paper
model

» KD function in L chosen as error between the two networks output.

1 A
Lgraph = o0 > lihg - hgl%

Geg
L=L
1 A
Lnode = 127 2, > iy _h,-||2)

graph +\flnode i
A=1 Geg(lGl 0 €Vs

» Anomaly Score computed for test dataset:

A ~ 121 .
£(G:6,0% =g —ho| + = > by
|G| 0; €V,
i G
G — number of nodes for graph G

» Things to note:
> Node degree used as node feature for training.
» Max pooling to obtain graph representation.



OCGTL

> Article: Raising the Bar in Graph-level Anomaly Detection.

» Combines one-class classification of OCGIN and neural transformation lerning.

> One reference GNN and K additional GNNs are trained together in order to detect anomalies.

» Each representation obtained now is used to learn the optimal hypersphere radius of non-
anomalies region.

» Advantage w.r.t. DeepSVDD objective:
» No hypersphere collapse, center can be treated as learnable parameter.
» More robust training.
» No performance flip.

GNNs
G / f o referéhce
O & = f 1 # embedding
o ©® fo | '

= : f
O :
\ . . latentviews

fr


https://arxiv.org/abs/2205.13845

UCLQGIL IOSS

| function GNNs
> Consists of two terms: P
G ¥ referéhce
@ ® fl @ embedding
LocetL(G) = Locc(G) + LatL(G) N\ ff
\ \ . latent views
K o
ACGTL(G) = — Z log C_
I7a k=1 5
L.
Locc(G) = Y (fx(G) — 0)]I2 c, = exp (;Slm(fk(G),f(G))) ,
k=1 K 1
One class contribute Ck =ck + Zexp (;Sim(fk(G)a Ji (G)))
1%k

Transformation learning contribute

> 0 — center of the hypersphere, sim chosen as cosine similarity — sz’/“z” |2/

> 7 temperature parameter, final loss on training dataset at each epoch computed as Eg [LocatL(G)]



DEEP SUPPORT VECTOR DATA DESCRIPTION (DEEP SVDD)

» Deep SVDD works by minimizing an objective in order to learn and optimize the radius R of a hypersphere in the
output space F which only cointains outputs from non-anomalous data features X.

» Output space defined by the output of the considered ML architecture (NN, MLP, GNN, ecc.)

» Output from anomalies falls outside of the hypersphere and is identified by its distance from the center c.

objective

.

N1 R S oy (@) = [léla W) — elf?
min E;HGIN(G,-;W)—CH +§;||W||F W= (W, W)

7% Anomaly Score



GRAPH ISOMORPHISM NETWORK (GIN)

» GIN formulation employs both message passing and MLPs, making it the most expressive GNN:

MLPg <(1 +€) - MLP: (c® (v))) + Z MLPf(c(k)(u))) B ) o p®
UEN (V) e

learnable parameter Embedding of node u al Iayer (k)

» This expression can be rewritten in a more general way, also allowing for edge weights to be considered in the
graph convolution.

KDY = fo ((1 + €)h. + aggregate ({e:jh}j € N(}))

» Aggregate can be any permutation invariant function (Sum, Mean, Max ecc.)


http://web.stanford.edu/class/cs224w/slides/09-theory.pdf

