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Jet tagging

Parton level
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Moreno, E.A., Cerri, O., Duarte, J.M. et al. JEDI-net: a jet identification algorithm based on interaction networks. Eur.
Phys. J. C 80, 58 (2020). https://doi.org/10.1140/epjc/s10052-020-7608-4

3
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Data representation

set of inputs with N constituents, M features
{..., (pT, n, &, particle ID), ...}

feature matrix (N, M)

particle ID

jet constituents

Set of feature vectors + ordering - feature matrix



Simple neural network

map feature vector to

feature matrix (N, M) flat NxM feature vector
an output

hidden layers

pT (GeV) n (0] particle ID

input layer ¢

https://github.com/ledell/sldm4-h20

Order: The ordering is important! A feedforward network trained with e.g. pT-descending
ordering would not work with pT-ascending. Which ordering is optimal?

Representation: What if for each jet you want to classify, the number of constituents N varies?
Need to make all feature matrices the same size (e.g. with 0 padding).

Structure: All-to-all connectivity. Every constituent in the input layer can affect every other

constituent in the next layer.
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Graph structure

graph = set of nodes/vertices/elements + Or as an NxN adjacency matrix
edges between them (possibly sparse)

@ .
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Edges represented as a index pairs
edges = [(1,4), (1,3), (2,5), (6,5) 0
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Where do we get this graph structure?
1. All-to-all connections, in case of small input sets.
2. From physics priors: connect "nearby" elements in advance
3. Optimize as a part of the learning process (Graph Structure Learning)
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Example graph structures

Jet constituents (all-to-all) Particle tracking (neighborhood)
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o o ¢ %, &

event constituents (all-to-all)

|/

Jet

Lepton |- Jet

MET

Graph Neural Networks in Particle Physics, Jonathan Shlomi, Peter Battaglia, Jean-Roch Vlimant, 2007.13681, 10.1088/2632-2153/abbf9a
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Operations on a graph

node features

‘\/‘—

node features

node features

permutatlon -invariant
elementwise update

aggregation
n x din ¢ n X dout n x din
% din
0 E—
node features updated nodes nodes aggr:ce)gaeted

Graph Neural Networks in Particle Physics, Jonathan Shlomi, Peter Battaglia,
Jean-Roch Vlimant, 2007.13681, 10.1088/2632-2153/abbf9a
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Graph problems

Node level
Particle Flow reconstruction,
detector hit segmentation

Graph-level - » Community

rediction, -
(p;raph K (subgraph)
generation level detector hit clustering

Jet tagging,
event tagging

é) > Edge-level

Track reconstruction

J. Leskovec et al [2021]
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Graph Convolutional
Network (GCN)

output nodes

o K‘

X6 1Xd|n
'Z/ 'Z/Am5
X2 1 X din

input nodes

Xs: 1Xd|n X5:1Xdout

trainable weight matrix W: din X dout ) = max(0,0

update rule: X'i=>ReLU[A;j : (X; - W)]

e.g. X's = ReLU[Ags5 (X6 - ©) + Azs (X2 - O)]
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GCN properties

Hidden layer Hidden layer
W, -~ Wy ~»
(o] [¢]
¢ o ) o
o ® o] ®
(o] (o]
Input . v Output
N\ Q (e} 7 N
(o] > ° (o]
. ° | — RelLU ¢ RelLU X z
o ' ~ [ r ~\ o)
2 < P e ® = -—’\_/.;—’- s &1 -—-b\j_/»/._’...._p (=] . | 1 X dout Input #2
o) o ® o ® )\ ®
o) ® s .
N x din ° o N X dout
(o] (o]
¢ o ® o
&) ¢ C ® mgm -
0 o classification

Y J - /

® A trainable weight matrix W; (din X dout) in layer i shared across all nodes
® The input and output is a graph. The node features are transformed, the graph structure does not change.

® The GCN is permutation-invariant: it does not matter in which order the set of nodes is formatted as a matrix for
computations, due to the permutation-invariant aggregation funcion

® A very nice overview can be found from Kipf & Welling: https://tkipf.github.io/graph-convolutional-networks/
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Node smoothing

Pubmed

X
weight layer
>
O X relu
: F(x) | x
* weight layer identity

e --=-= Train |
0.78
~—— Train (Residual) }—(X) + X

»---= Test Iy
Test (Residual)

Figure 2. Residual learning: a building block.

1 2 3 4 5 6 7 8 9 10
Number of layers

Deep GCN without skip connections — oversmoothing, performance drops

Kipf, Thomas N., and Max Welling. "Semi-supervised classification with graph convolutional networks." arXiv preprint arXiv:1609.02907 (2016).
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Message passing

® Different types of graph-related algorithms can be formulated in the message
passing language

® Nodes pass messages to their neighbors

® Aggregate the messages and update the node state

learnable
Message edge features
function
message mf}"'l — E M, hfj, hfu, Evw )
weN (v)
t+1 t t+1
node features hv+ — Ut(h + )
learnable update
function

Gilmer, Justin, et al. "Neural message passing for quantum chemistry." International Conference on Machine Learning. PMLR, 2017.
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GCN as message passing

Incoming message on a node mf)_’_l p— E A[t (ht ht )
)

we N (v
Message function ]\[t (} h ) X A”l W hfu
Node update rule }lf,+1 — Uf, (hf, . Tn/f,_'_l )
Node update function Uf (} t+1) ReLU(“rlL rnt+l)
(%

Gilmer, Justin, et al. "Neural message passing for quantum chemistry." International Conference on Machine Learning. PMLR, 2017.
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Graph Attention (GAT)

Compute an attention coefficient «;; between two pairs

of connected nodes.
Trainable attention vector a, feature weight vector W.

exp (LeakyReLU (ﬁT [Wi_il”Wi_i]]))

Ozij =

D_ken, XD (LeakyReLU (é’T (Wh; ||Wl_ik]))

Update the node feature vector based on .
nearby attention coefficients. _

softmax

—o, o —
hi =0 E (XijWhj
JEN;

aT[Wh;|Wh;]

Inputs are graphs: N x din
Outputs are graphs: N x dout
Attention vector a can be interpreted as feature-to-feature association.

Velickovi¢, Petar, et al. "Graph attention networks." arXiv preprint arXiv:1710.10903 (2017). A
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Multi-head GAT

Instead of a single attention coefficient «a;; per a node pair, compute K independent values ajk.

here: each colored line is one of
K=3 attention heads.

average: out_features

K | K
h, = o Z ok WER. W =0l = Y Y o WFR.
A “19 '] ) IX/ -, L, 1 J
k=1 JEN, k=1 jEN;

Velickovi¢, Petar, et al. "Graph attention networks." arXiv preprint arXiv:1710.10903 (2017).
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Interaction network (IN)

In the Interaction Network (2016), the message function M: and the node update function U; are given
as generic neural networks operating on concatenated node and edge inputs.

da. Relational reasoning Object reasoning
v‘ Obje'CtSv —— Effects i’ FrediCtions' vy Q
relations inferences
Compute interaction Apply object dynamics

—.

b1 = |02;01;71) - el A ¢ = [01521;0 - Pl Updated
by = [09;03;72]| =/ [e2 o C2 = [0z Tri€1 + @3] ||Jo | P2 objects p;

C3 = _03;1133;0_ P3

objects 0,
relations r;

externals Xi T T2||X3|"===mececccccccccemmmmmmm====""

interaction aggregation
terms effects

object model fo

fr(b1) = MLP(|o;01;71]) = €1
fo(c2) = MLP([02; x2; €1 + €2]) = po

Battaglia, Peter W.,, et al. "Interaction networks for learning about objects, relations and physics." arXiv preprint arXiv:1612.00222 (2016).
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IN for jet tagging

[src, dst] features (edges) .

fr
| Je
I fr
INPUT: 1 Rn[NoxNel l processed
iet constituent HE-N AR edges
e HE-N i
iInput
# E[DEXNE]
RS[NOXNE]

B 2p x Nej

OUTPUT constituents Cp:oyxno

. . . RR Ne x Noj
Tl
@‘_ O[Dox No]
. ¢c
per-jet output @ —— ) - B\ summed edges
O- 3 I A ( ) to vertices

O \ W u
fo F|

fo | E [De x Noj
fo
No: # of constituents ¢c, fo, fr
P: # of features
X

Ne = No(No-1): # of edges expressed as

De: size of internal representations dense neural

Do: size of post-interaction internal representation networks

Moreno, E.A., Cerri, O., Duarte, J.M. et al. JEDI-net: a jet identification algorithm based on interaction
networks. Eur. Phys. J. C 80, 58 (2020). https://doi.org/10.1140/epjc/s10052-020-7608-4
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IN for particle trackmg

Fully connected: 1000 nodes ->
500k edges, not feasible!

Set up an initial sparse hit graph
based on node proximity.

Classify possible edges as true/false
based on actual track information,
predict edge weight

X: node features (nodes X 3)
Ra: edge features (edges X 4)

Ri, Ro: incoming/outgoing edge matrix

B B

Figure from Shlomi et al

T
e12 \g L2
| y,—O

Hitgraph View
DeZoort et al

Ri oX: incoming/outgoing nodes (edges x 3)

X R(17RI’R

\ w

( . N
Interaction Terms

—
. [RiX,ROXaRa] )
| |
\ 4
/
3 3
[R7edoes ¥10 || & | (ReLU) <& | (ReLU) |[RMedoes X4
o -
- -
¢(1) _
\"R Edge Re-embedding
[Aggregation: (X, RTE] ]
\ 4
/
3 S
Rt XT | & | (ReLU) & | (ReLU) | [R™hits %3
(o) ()
= -
\_Po Node Re-embedding

Interaction Network

{ Interaction Terms ]

[R.,'.X, R, X, E]|
— \
3 3
R Medges X 10 & (ReLU) & (ReLU) [RMedges
- -
e Edge Wei icti
YR ge Weight Prediction

DeZoort, Gage, et al. "Charged particle tracking via edge-classifying interaction networks." arXiv preprint arXiv:2103.16701 (2021).
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Dynamic graph with kNN

® In the previous examples with GCN, GAT and IN, the graph was static and defined/known in
advance

® The structure may not be known in advance, or may be inaccurate

® Construct dynamically: point cloud {x;} = for each point x;, find k closest neighbors {x;}, edges
{ei}

k-nearest neighbors, £ = 5 k nearest neighbors graph (k = 3)

®)

S. Sieranoja
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http://cs.uef.fi/pages/franti/cluster/knng_lecture_6G.pdf
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Detector reconstruction

® kNN + sparse graph adjacency matrix:
GravNet

® Cluster energy deposits from
overlapping showers in a highly
granular, layered tungsten detector
simulation

® Predict the energy fraction of each
sensor (l) belonging to each shower

(K): pik vs tik

Qasim, Shah Rukh, et al. "Learning representations of irregular particle-detector geometry with
distance-weighted graph networks." The European Physical Journal C 79.7 (2019): 1-11.

21
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Particle Flow reconstruction

hard interaction visible final state particles visible detector hits
Hadronization D
Decays hadron : : , Jetector
] : 3
D

Particle Flow

T ¢

Analysis el

# hadrons

Particle Flow

Electron, muon, tau, Candidates
jet, & photon candidates

The Particle Flow algorithm combines elements across different detectors to a global
particle-level representation of the collision.

22



Particle flow inputs and outputs in a single event  {t 14 TeV, 200 PU

— Tracks

= ECAL clusters
HCAL clusters
Truth particles

—

>

U
—
>

, )

Pata, J., Duarte, J., Vlimant, JR. et al. MLPF: efficient machine-learned particle-flow reconstruction
using graph neural networks. Eur. Phys. J. C 81, 381 (2021)
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GNNs for Particle Flow

Event as input set Event as graph Transformed inputs
X = {x;} X={x}L,A=A4; H = {h)}

® 9 Graph building Message passing

. F(X|w)=A CX,Alw) =
[
Target set ¥ = {y;} Output set Y’ = { ny } l
Decoding
Elementwise loss L(y;, ;) - elementwise
classification & re’gression FFN
< /

X = [type’ Pt EECAL’ EHCAL’ ", ¢’ Houter ¢outer’ q, - ']’ type S {track, ClllSteI'}
Y = [PID,pr, E,n,¢,q,...]1, PID € {none, charged hadron, neutral hadron, , e*, u*)

h. € R256

Trainable neural networks: #, &, 9
® - track, I - calorimeter cluster, I - encoded element

- target (predicted) particle, - no target (predicted) particle
24



Performance in simulation

EENPTY, —
P wn
3 1oso| QCD, 14 TeV, PU200 £ tt, 14 TeV <
g Ne:t:albhaddr?:r;s 0968 S 100f 40PU ]
ule-base , r=0. N o
5 1000F « - _00480-0014 A%, 3 80 PU
£ MLPF, r=0.971 R E — 8ok 200 PU -
© o950 . - _ s » ] i .
_§- W=-0.0240 0'0'1,?' 'aga | —e— MLPF scaling
2 go0f . = !
% 850f ] © [ |
o e o |
®  800f A E g 40r -
o "’ ‘ ) i |
,. X >
750f s < 5k ~
700f s i ]
700 800 900 1000 O 2500 5000 7500 10000 12500 15000

Truth particles / event Average event size [elements]
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Computational modes

Suppose we have a dataset of jets we want to classify, each jet having N;constituents.
NN training often requires batching the data to average gradient updates.

Disjoint
features: (N1 + N2 +...)xD
adjacency: (N1 + N2 +...)2

jet 1, N1

jet 2, No

jet 3, N3

Adjacency is typically sparse.
Suitable for large inputs (N > 1000).
Typically requires on-the-fly computation (e.g. pytorch).

Batched
features: Bx N x D

adjacencies: Bx N x N

et 1
jet e 5

jet 3 N3

Adjacency is typically dense.
Graphs may be zero-padded / masked to size N.
Suitable for small inputs (<1000) and static
computational graphs (e.g. tensorflow).

https://sraphneural.network/data-modes/
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Graph problems

Node level
Particle Flow reconstruction,
detector hit segmentation

Graph-level - » Community

rediction, -
(p;raph K (subgraph)
generation level detector hit clustering

Jet tagging,
event tagging

é) > Edge-level

Track reconstruction

J. Leskovec et al [2021]
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Graph operations

elementwise update aggregation

nxd. ¢

S
X
U

n

S
X
S&.

Invariance with respect to permutations!

29



Graph structure

Defined by the process
(but not necessarily observable)

The caffeine molecule

chemical name: 1, 3, 7-trimethylxanthine
chemical formula: CgH1gN402

Assumed (static) Learned (dynamic)

Tracks
= ECAL clusters

L HCAL clusters

% Truth particles
1
5
0 S
>

C — carbon atom
H — hydrogen atom
N — nitrogen atom

O — oxygen atom
CH3 — methyl radical

30




Advantages of GNNs

® Encode physics priors in the graph structure
® |nvariance to permutations / ordering
® Sparse and irregular problem geometries

® Efficient computation and memory representation

31



Useful references

® HEPML Living Review: https://iml-wg.github.io/HEPML-
LivingReview/

® ML on Graphs @ Stanford: http://web.stanford.edu/class/
cs224w/

® Graph Representation Learning book (WIP): https://
www.cs.mcgill.ca/~wlh/grl book/

32
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Dynamic graph CNN
(DGCNN)

Construct neighbor graph: for each point x;, find k
closest neighbors {x;}, edges {e;;}

¢ 000000

X X

@

e ¢
CI./.
il
C: .
\“}/ A ® s (".1'1‘5 i
O O
X, X,

EEEENERN A

14

X. X
l J
construct an edge feature Compute the new point features x;’ using
using a learnable function an aggregation over the edges
B k
he(x;, fBz'j) = h@(i'?uﬂ?ij — x;), T = he (i, xi,),
j=1

Wang, Yue, et al. "Dynamic graph CNN for learning on point clouds." Acm Transactions On Graphics (tog) 38.5 (2019): 1-12.
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ParticleNet: DGCNN in HEP

input coordinates (B, N, C) coordinates features input features: (B, N, F)

o N\ distance matrix: (B, N, N)
E3
edge features: (B, N, K, 2*F)

kNN indices

h@(mi,mij) — h@(ZBi?wij _ w’i):

number of
BatchNom

linear units Cq1 ¥
RelU

!

Linear

v .
C BatchNorm edge convolutions
v
RelLU k

! I .
Linear m’i T h@ (mi? m'lrj )7
v g—
Cs BatchNorm )=l
v

RelLU

!

. Aggregation |

¢

A 4

ReLU output features: (B, N, O)

Qu, Huilin, and Loukas Gouskos. "Jet tagging via part‘i'cle clouds." Physical Review D 101.5 (2020): 056019.
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ParticleNet full model

coordinates features

® Up to 100 highest-pT constituents of each N

EdgeConv Block
jet

v v
EdgeConv Block }

® relative n, ¢ coordinates wrt. the jet axis
as coordinates P

¥

® Features are derived from 4-momentum Global Aveffge Pooling

(log transforms, ratios) Fully Connected

256, RelLU, Dropout = 0.1
v

. . Fully Connected
® Coordinates in subsequent layers are 2

. . ¥
derived from previous layer outputs

Softmax

(a) ParticleNet

Qu, Huilin, and Loukas Gouskos. "Jet tagging via particle clouds." Physical Review D 101.5 (2020): 056019.
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GravNet/GarNet

® Full, dense NxN distance matrix can be too large to store for N>few hundred, kNN can be expensive in a high-

dimensional input space

® |n case low latency, low memory consumption is desirable, optimize by using a sparse adjacency matrix, separating

spatial components and feature components

GravNet: full KNN graph on

all nodes
(a) O (b) (¢) of aggregators
S \
- \O/ \ ‘N\\ ‘\\ /,
8 . / \ //O\ \\\§/.<i ¢

transform nodes with edge
info + potential

(d) AN ©)
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dsi »
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fi

compute node output

aggregate

GarNet: choose a fixed number

Qasim, Shah Rukh, et al. "Learning representations of irregular particle-detector geometry with distance-weighted graph networks." The European

Physical Journal C 79.7 (2019): 1-11.
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GNNs and Transformers

Most state-of-the-art language processing models use an attention-based "transformer”
architecture: a dense attention matrix with elements A; is computed between input elements x;.
The attention matrix A is used to successively transform the input elements.

- - local attention graph attention

input sequence
A
~*
(o]
=
(1]
3

local context

N OO A WN 2O

0123 456 7

A

In GNNs, the learned graph adjacency is usually sparse, but is similarly used to propagate
information between associated input elements to transform them.

. A

attention heat map

https://ai.googleblog.com/2020/10/rethinking-attention-with-performers.html
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Scalable pairwise operations

® Naive kNN graph construction (e.g. tf.nn.top_k) scales as O(N2) with the number of input nodes N
® For N>few hundred, this can be prohibitive (in memory and computation) and thus require splitting up the data

® To process long sequences or full events, there has been recent interest in models that scale better than
guadratically, e.g. using an approximate bucketing based on Locality Sensitive Hashing
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Kitaev, Nikita, tukasz Kaiser, and Anselm Levskaya. "Reformer: The efficient transformer." arXiv preprint arXiv:2001.04451 (2020).
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