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CMS Experiment at LHC,
Data recorded: Sun Aug 1
Run/Event: 142132 /11876
oS Lumi section: 185

\ Orbit/Crossing: 48349290 / 2286
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Quarks and gluons “shower” to form jets
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https://schwartz.scholars.harvard.edu/sites/g/files/omnuum7046/files/schwartz/files/jetsubstracture.pdf
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Commonly-Used

KANSAS

Clustering Methods

® Cone size parameter and/
or multiplicity typically
specified in advance

® Different algorithms for
clustering and substructure
analysis

® Distance-based metrics for
clustering in space only,
not straightforward to
Incorporate time
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Cacciari, et. al. (2008)



http://arxiv.org/abs/0802.1189
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domain-specific
inductive biases guide unsupervised

learning of physically-meaningful scales

K
P ApA) = [T Gyl 00, CLAY™L ADT AW o)
k=1
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http://arxiv.org/abs/hep-ph/0512210
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mixture of Gaussians
within Hierarchical Model for
multi-scale inference

domain-specific
inductive biases guide unsupervised

learning of physically-meaningful scales
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Timing-aware: time integrated

appropriately alongside space

into model likelihood

~

Physically-motivated

_/ \ * uncertainties to
n

incorporate nonuniform,
experimental resolutions
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Can deploy mixture model on
clustered jets, need pre-
determined amount, scale of
learning is not well-defined
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In the Presence of Pileup
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In the Presence of Pileup

=140, 0, =30 ps

time

8Wi — (q, Particle Reco, A,
Jet p.= 200 GeV

)

time

¥

PSICHE

®
N—"
QO
Q
=
<
g
<
>
Q
£
o v
H
0]
>
=
<
|
Q
a7
—
Q
=
7]
=]
|
Q
e
=]
n

1 I_O . 1I 1 1 1 O 1 1 1 IO ‘ 1 1 1 1 1
Subcluster Time [ns]

and time

16

)

D%
time

Subcluster Relative Time Variance (o7

timing-aware

8W‘ — (q, Particle Reco, kPU =140,0,. =30ps PSICHE

tlme

Jetp, >2oo GeV E
= 1072
i =
= 107
107
1 1 1 1 | 1 1 1 1 | 1 1 1 1
B3 02  -01 0 0.1 0.2 0.3
Subcluster Time [ns]
Addition of timing separation

of noise



N Jets:

a.u.

In the Presence of Pileup
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Experiment with incorporating additional scales
as nested hierarchies

: Looking to the Future

Algorithmic Future Work
°

Apply algorithm design in different domains

with appropriate inductive biases

Physics Future Work

Using dynamically-learned substructure for

jet identification

Exploring jet reconstruction with PSICHE in

searches for LLPs/hidden valley scenarios
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Jets

3D Jet Display ¢t Energy [GeV] ® Presented
|
160 . . . [
algorithm infused with domain-
4o  specific inductive biases

120 @ Self-consistent framework with
various emergent features:
100

20 timing-aware clustering

%0 @ Timing and information
learned can be leveraged for
collider challenge of pileup
mitigation

Example jet display of three-prong top quark decay,
with jet and substructure scales learned by PSICHE ¢
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Probabilistic: Bayesian statistics forms basis for scale-dynamic learning

[/, . A
n=1 k=1

nput four vector Gaussian likelihood: location and spread of

subclusters

Inputs: energy-weighted position four-vector

Output: mixture model clusterings
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SolCHE Jets

Probabilistic: Bayesian statistics forms basis for scale-dynamic learning
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Latent
assignment variable
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n=1 k=1

nput four vector Gaussian likelihood: location and spread of

subclusters

Inputs: energy-weighted position four-vector

Output: mixture model clusterings
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robabilistic: Bayesian statistics forms basis for scale-dynamic learning

Prior: uncertainty on location and spread

K
p(r) = Dir(r | ay) p(r | Mp@A) = [ [/ (e mg, (BoA)™ YW (AL W, 1)
— k=1
Prior: uncertainty \
in number of

subclusters

.
N K \
pzim =117
n=1 k=1

\ »
) o T

Gaussian likelihood: location and spread of
subclusters

Inputs: energy-weighted position four-vector and uncertainty
Output: mixture model clusterings
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robabilistic: Bayesian statistics forms basis for scale-dynamic learning

Prior: uncertainty on location and spread,

K
p(m) = Dir(x | axyy) p(r|A)pA) = H/V (| myg, (BoA) ™, AT (A | W, 1)

P
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@ ) PRERD [T 7o lme A=
n=1 k=1

Inputs: energy-weighted position four-vector and uncertainty
Output: mixture model clusterings
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ierarchical Embedding: multi-tier inference facilitates multi-scale learning
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tructure-Intrinsic: domain-specificity incorporated in algorithm design
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ierarchical Embedding: multi-tier inference facilitates multi-scale learning
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Jets within a collision event
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https://mlg.eng.cam.ac.uk/zoubin/papers/icml05heller.pdf

KY Subcluster merging scheme

Model comparison

D

C

VS.

H,

Subcluster model seeded
from subclusters of
parent clusters in
potential merge

Starting

subclusters 31

1.

Subcluster model regulated via probabilistic comparison

Create subcluster pairs,
ranked by PDF inner
product

For each pair, project
data into “local” model
space

From projected data, fit
two, local models: one
from original starting
subclusters, the other
from a merged subcluster
(average location,
covariance of pair)
Compare likelihoods of
merged and original local
models, choose higher
likelihood pair to seed
merged model

Repeat for all subcluster
pairs

Fit merged model
Compare merged model
to original model, choose
higher likelihood model



Jets: Features

Measure of relative energy

y ::
Single W'~

S\ A
@ N Primary Lund-pl i - -
© maty HREREnE R @ Lund jet plane: tool to analyze jet
X
z substructure
® Defined by axis and

(v abue]) ysi

relative energy axis

® Different types of subjets populate

, different areas of the plane
In(1/A)

non-pert. (small k¢)

Z
£
&

Dreyer, et. al. (2018)
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Jets: Features
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