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Overview

* Build step by step a probabilistic model for collider events

* Application: extract BSM from dijets using the lund Jet plane.

1904.04200 - Jernej F. Kamenik
Based on: 2005.12319 - Barry Dillon
2012.08579 - Manuel Swezc



Collider events as point patterns

* Collider event: set of observations, or measurements. e = {01, cey On}

space of observables

mn
random distribution of points (o) = Z 5tk (0 —0;)
i=1

e.g. Non-homogenous

* We could model events with an underlying stochastic point process in @, _
Poisson process

k
N(R) = #{oe RC O} <= N(R) ~ Poisson(Az), AR:/RHd(’) w(Oq,...,0)

* Point patterns can be sparse and give rise to irregular patterns.

example: primary Lund jet plane Dreyer et al (2018)
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Probabilistic models for events

* Modelling events with a stochastic point porcesses seems cool, but too complicated...

P(e) = P(o1,09,03, -+ ) How can we model this joint probability in a simple way?

felixible and tractable

Goal: build a probabilistic model for event classif cation (not event generators)

* Our “model-buiding” assumptions

|. Exchangeability of observations.
ll. Discretization of the observable space.

lll. Multiple latent ‘classes' can contribute to each event.
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|. Exchangeability

« Exchangeability of event observations (i.e. Permutation symmetry)

P(01,02,03, ) = P(0z1), Ox(2), Ox(3),"**) m €& permutation group

De Finnetti's representation theorem (1931):

A seqguence of observations is exchangeable if and only if there exists a latent
variable w such that:

73(01,02,...):/deP(w)Hp(oi\w)

Latent space  Prior Likelihood

 Obervations are considered conditionally independent given a latent variable w € 2
» Exchangeable not to be confused with independent and identically distributed (iid) !!

* We will need extra model-building assumptions to fk p, P, omega
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ll. Discretization

» What to take for p(o|w)? P(o1,09,...) = / dw P(w) [ [fp(o:lw)
@) .

)
I
juty

* Multinomial distributions for binned data:

%

&
M
o ~ Multinomial(f) Y Bm=1
M bins m=1
&
2 - simplex 3 - simplex

P (0,0,1)
1 - Simelex A M-dimensional Simplex for 5 = (81,..., 8:m)
o . (199 (o,1,0)
(0,0) [(X))

(0,0, p)

« We introduce a prior for 8= (51,...,58u)

Dirichlet _ D+ +nM LS. /a
dilst!tcr:ibl?tion D(5|77_‘:)— T(n1) - 1_:[ Blm 1 A ‘ i \

n= . ,Nm) shape parameter



lll. Latent event classes

What to take for ther latent variable? P(o1,02,...) = /{zl wW|P(w) | [ ploilw, B)
1=1

- Event observations are generated from multiple latent Multinomial distributions over O

p(olBy) t=1,...,T

T gro “Themes” or “TOpiCS”

Mixture of multinomials: 0|w B — Z p t|w 0|Bt)

* Terminology from Natural Language Processing

S— ‘Theme' mixing parameter w = (wl, ce ,wt)

p<t’w):wt 0 <w; <1, Zwt:l

 Latent space T-dimensional simplex (space of theme mixings)

The prior P is a Dirichlet distribution

73(01,02,...):/deP(w) p(o;|w, B)

D(Lleé) o = (041,"' ,Q’T) i=1



Latent Dirichlet Allocation (LDA)

Latent Dirichlet Allocation (LDA)

* Generative process (T = 3):

Blei, Ng, Jordan,
Journal of Machine Learning

Research, 3 (2003) 993-1022.

T
3 w~ Bwlx)
/// / /)
2
T=3

D(C&J‘O&O, a7, 062)

T.

over 30K citations!

B t ~ Plriw)

62{017”' 70n}

IC. o~ Telg,)
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Latent Dirichlet Allocation (LDA)

Plefa) = / dw D(wlo) [T (3 pltlw) ploilBe)

=1 t=1
€ = {017'“ 7On}

Blei, Ng, Jordan,

Latent Dirichlet Allocation (LDA) Journal of Machine Learning over 30K citations!
Research, 3 (2003) 993-1022.

* Generative process (T = 3):

T T. IC. o~ TFeelp,)
[ 6
3 w~ Bwl«) t ~ Pltiw)
Z . s
/ / wl = ( ’ 0."’ 0,[) 6? wl == f (o l ﬂ:.) Ql ﬂ’z. 1
// N
2 . &
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Latent Dirichlet Allocation (LDA)

Plefa) = / dw D(wlo) [T (3 pltlw) ploilBe)

=1 t=1
€ = {017'“ 7OTL}

Blei, Ng, Jordan,

Latent Dirichlet Allocation (LDA) Journal of Machine Learning over 30K citations!
Research, 3 (2003) 993-1022.

* Generative process (T = 3):

T I. IC. o~ Eelp)
3 [ W~ Bwik) _ t ~ Pltiw) g‘]
7 o
W = (01, 09, 0.1) /‘*’. - Belp,) /§
/) B N
%///h o]
2 T ae ¢
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Latent Dirichlet Allocation (LDA)

Plefa) = / dw D(wle) T (S pltlw)

Latent Dirichlet Allocation (LDA)

* Generative process (T = 3):

-

/// /)

2

1=1 t=1

Blei, Ng, Jordan,
Journal of Machine Learning
Research, 3 (2003) 993-1022.

6:{017'” 7On}

over 30K citations!

T T.
w~ Bwl«) B t ~ Pltiw)
7
wl = ( R 0.9’ 0.l) /wl f (ol ﬁ,_)
\ I(O | 53)
™

. ovTeolp)
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Latent Dirichlet Allocation (LDA)

77(e|cu):/Q dw D(w|a)

Latent Dirichlet Allocation (LDA)

* Generative process (T = 3):

// /) .

1=1

Blei, Ng, Jordan,

Journal of Machine Learning
Research, 3 (2003) 993-1022.

T

w~ B(wlx)

w = (01,04, 0.1)

&
Q\\

/ £\

T.

B t ~ Pltiw)

ﬂ”&)
E(ols,)

over 30K citations!

€ = {017"°70n}
Ir. 0~f(o|ﬁ¢\

@} P o
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Latent Dirichlet Allocation (LDA)

n T
Plela) = [ dwD(wl) [T - p(the) ploili)
Q7 i=1 \t=1
€ = {017'“ 7OTL}
Blei, Ng, Jordan,
Latent Dirichlet Allocation (LDA) Journal of Machine Learning over 30K citations!
Research, 3 (2003) 993-1022.
* Generative process (T = 3):
T T. IT. o~ TFeelp,)
w~ Bwl«) B + ~ f(-“u) G*I o @ °
w = (01,09, 0.) Belpg,) I |
w= (01,03, 06 Elols,) & o
® ° F { CRF JC L)
° ° °
// . < Blss
W= (050,02) ) L, : &7, " las
. "NK J
- ~ 6
D= {2‘ R e‘“}

* LDA is a mixed-membership model
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LDA classifier

» Bayesian inference:

T N n
------------- D(wla) (HD(@&W)> (H Hp(ti|w)p(0i|ti,6)>

j=1i=1

p(w7t7/8|€7 a? n) —

Z/dwdﬁp(w,t,ﬁ,da,n) “evidence” intractable!
t

. . . .. . Blei, et al. Journal of the American
 Variational inference: inference problem —— optimization problem.  statistical Association 112
(Feb, 2017) 859-877

« For most applications we wish to classify events into two categories (e.g. signal & background)

We focus on Two-theme LDA models T = 2

» LDA classifer: likelihood ratio of the 2 themes.

Llela) >c = ee(Cy
Lela) = T 22122
- p(o|p1) L(ela) < c = e€ly
We actually have an inf hite ‘threshold

landscape of LDA classif ers...

Darius A. Faroughy / Zurich U.
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Jet clustering history

« Jet clustering history is sensitive to the underlying physics.

binary tree: proxy for the radiation pattern during jet formation.

Py L :
p,} > Proxy for 1 — 2 splitting or massive decay
= l\ /&
pﬁ—l >
"
Pn q—4q9 Z—qq t — Wb — bqq
—> clustering 9 — 49,99
* “De Finnetti” representation for jets:
——> declustering 9 O
([
[ J
< < - node %o point pattern
[ J
_ / < - . - embedding o ° s .
J1 J2 J3 o
Vel ! <

0; € O
observables

v

P( @ ) /dep(w) [[ P(®w)  De Finnetti

oej
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Jet observables & data samples

e Train LDA on full events with Lund observables:

1
OLund — {E, log(kt)alog (Z)}

Label indicating to which jet the measurement
belongs too, mass-ordered jets.

Primary Lund plane
Dreyer et al (2018)

* Dijet data: unlabeled mixture of QCD (b) + BSM (s)

s/b<k1

o - WTEWT
my = 3 TeV
me = 400 GeV

Agashe et al (2017)

* Training performed with Gensi m package (python)

log kp

In(ke/GeV)

o C/A, R=12, pr > 400 GeV

(v abue)) Ys|

Primary Lund-plane regions

In(R/A)

MadGraph5 + Pythia8.303

Leading jet

Leading jet
L 3 pp— W'

Subleading jet
pp—Jj

pp = W'

80 2 4 6

log R/A

truth-level
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Jet observables & data samples

e Train LDA on full events with Lund observables:

1
OLund — {E, log(kt)alog (Z)}

Label indicating to which jet the measurement
belongs too, mass-ordered jets.

Primary Lund plane
Dreyer et al (2018)

* Dijet data: unlabeled mixture of QCD (b) + BSM (s)

s/b<k1

o - WTEWT
my = 3 TeV
me = 400 GeV

e Training performed with Gensi mpackage (python)

log kp

o C/A, R=12, pr > 400 GeV

Primary

In(ke/GeV)

(v abue)) Ys|

Lund-plane regions

In(R/A)

MadGraph5 + Pythia8.303

Leading jet | | mey Leading jet
i pp— W
........ - i
1 =
) E_z " _cga=
Subleading jet Subleading jet
pp=ii 1 pp = W’
(g
-
- e
80 2 1 6
log R/A
truth-level
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Extracting rare signals with LDA

p(0\51) 1* theme: should include most QCD features

e if LDA works well:
p(0\52) 2" theme: should include most signal features (e.g. BSM)

» Which Dirichlet prior for the theme mixture? w ~ D(w|ay, az2)

Reparametrization: .
B
Y= a1+ oy 5
(a1, a2) = (p, %) { g =
p=—
: ai

Controls the shape asymmetry

Prior with asymmetric shape <——  We want to discover rare signal in a data sample dominated by QCD b > s

P~ 0.1 usually works...

Darius A. Faroughy / Zurich U. 10



log ]{ZT

Uncovering BSM physics from the Lund plane

=W = dW*E, & > WEWT

S/b = 001 OLund — {67 IOg(kt),IOg( K

~ 100k events
Theme 1 Theme 2
Leading jet Leading jet
==
Subleading jet
&

4
log R/A

AR

log kp

(p, %) = (0.1,1)
Truth QCD Truth BSM
Leading jet Leading jet
..
Subleading jet Subleading jet
pp = jj pp — W'

80

LDA discovers the hard/colinear splittings of the massive resonance decays in the Primary lund plane.

Darius A. Faroughy / Zurich U.
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* \What if we train on much less events?

10k QCD events
100 signal events

Theme 1

0.0030

0.0025

% 0.0020
2
:%- 0.0015
Ln(R/A)
1600 QCD events
: s/b
40 signal events
Theme 1

,?: 0.0025
2 0.0020
E 0.0015

0.0010

0.0005

0.0000

Ln(R/A)

s/b=0.01

Ln(ky /GeV)

0

Ln(ky/GeV)

* LDA works well with small data samples!

Ln(R/A)

Darius A. Faroughy / Zurich U.

R
OLunda = {10g(kt)a10g (A—R (p,2) = (0.0009, 5.2)
. Theme 2 . background truth signal truth
6 - 005 6 0.0030 0.008
51 5
0.0025
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i % 0.0020 %
3 0.03 % 3 g
2 A ?.:4 2 0.0015 % 0.004
= 3
0.02
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04 0.002
0-01 0.0005
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- } 0.00 0.0000 T 0.000
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Ln(R/A) La(R/A)
R
025 OLund = {log(kt), 10g (A_R (,0, E) = (009, 40)
ackgroun ru Ssignal tru
. Theme 2 background truth ignal truth
0.0200 U 7
6 = 6 0.0035 6
™
5 0.0175 0030 0.008
5 : 5
= 0.0150
2 : 4 0.0025 4
0.0125 < < 0.006
’ S 3 0.0020 S 3
~— B T
2 0.0100 o ~
= = 2 = 2
1 0.0075 5 0,0015 5 0,004
0 0.0050 0.0010
0.002
_1 - 0.0025 0.0005
-2 T T T T 0.0000
0 1 2 3 4 5 0.0000 0.000
Ln(R/A)
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Perplexity & the landscape of LDA classifiers

* We need a criteria for selecting from all possible LDA models the one with the “best” performance.

i.e. a statistical goodness-of-ft test for the model.

* Perplexity measures how well the probabilsitic model fts the data sample.

* Trained ~1000 LDA models inthe (p, %) - plane:

. Perplexity
10%
107! E
Q
1072 E
=3 ]
10 < min perplexity
¥ maxAUC
max 1/

120

119

=
=
o

117

116

115

perplexity

100 &

10—1 .

102 4

10—3 .

Good models have a lower perplexity score

14000

12000

10000

8000

QCD rejection rate

6000

4000

2000

max 1/e,
¢ min perplexity
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Summary

» We showed that simple generative probabilistic models can be used to describe collider
events represented as point patterns.

* Under very broad assumptions we arrived to the Latent Dirichlet Allocation (LDA) model.

 We demonstrated that LDA trained on the Lund plane can be used to uncover heavy
resonances in dijet samples in a fully unsupervised way.

* LDA is just one of many possible probabilistic model...

* |t can used as a building block for more complex models which could be useful for jet physics.

* Much more to explore! e.g. Bump hunt using LDA trained on the Lund jet planes or other observables.

Darius A. Faroughy / Zurich U.
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Topic Models for texts

Blei, Ng, Jordan,

» LDA conceived for Natural Language Processing Journal of Machine Learning over 30K citations!
Research, 3 (2003) 993-1022.

g Topic proportions and
Topics Documents Eic prop
assignments
gENe 6.04
e O Seeking Life’s Bare (Genetic) Necessities
e COLD SPRING HARBOK, NEW YORK—  “are ot all char far apare,” especially
Hewe mimy genaes dows an SRERESE gl t wrisom o the ?"!.\\\' e II.'.‘. hiii

v Aridersssg BT

e

'[i’;? &_ g [ £5 [ -l‘. e Lk [

m‘l.ﬁg "§ :\ e research tes .-_' Cornpte : IL‘“ number -_: B '. -'- : 'I-:n' 1T .
organism 8. h L e e "l i be . way of - ® | DA uncovers the hidden
Y 51 2 T o the earlie W BT ¥ o AL ains

_— reuired i mere 128 e, Ay Mus a computational mo topics in a collection of

\ Fully Unsupervised ML

documents

Y for Biotechnal

in Bethesda, ]

brain g : \ e e 4
neuron 8.8 o 100 e § ==
nerve 8. Altiougdhes L " — 8 ® Documents: unstructured
ST i . manch precisely, those predic O B e | L a :'. .
| e i = T et collection of words
* Ganama Mapging and Sequenc e S
ing, Cokd Spring Harbor, Mew York, Stripping down. Compuler analysis yields an esti-
May Btz 12 miate of the minimum moederm and anciant ganomes
data .02 U Bag-of-words (Bow)
number 8@.82 : P A S
computer 8.81 k|
. 1 . . . .
& N Topics: distributions over vocabulary

ﬁ-__—~*"“’ﬂﬂ‘-ﬁ

» Text / Collider Physics correspondance:

COIpuUS -------------- event samples
document ---------- event

vocabulary --------- space of observables
word ----------------- bin

topic ----------------- histogram
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Learning the latent variables

» The posterior for an event:

------------- D(wla) <HD Beln) ) (H Hp(ti|w)p(0i|ti,5)>

j=1i=1

Intractable
Z/deﬁp(w,t,B,da,n) “evidence” integrall
t

 Variational inference: inference problem —— optimization problem

Propose a simple family * :
— argmin d
of distributions Q q ge 0 KL [%p] _
q posterior

Kullback-Liebler divergence  dkv[q,p] = (logq) — (logp) + log p(e)
| S ——
Log-evidence..... still intractable

Instead we maximize evidence lower-bound (ELBO):

*

¢* = argmax L[q] Llq] := (logp) — (log q)
g€Q logp(e) = dkwrlg,p] + Llg] = logp(e) > L[q]
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Choose Q fExible enough to approximate posterior... but simple enough for eff tient optimization.

» “Mean-f eld” variational family:

q(0]u) = H q(0; 1)

— p (exact posterior)
- === Q* (approx posterior)

e LDA variational inference:

q(w,t, BIX, ,7) = q(w|v) q(t|o) q(B|N)

LDA mean-f eld approximation

T n N

¢(w) = Dirichlet(w|v) e e e
4(t) = Multinomial(¢) (A", 9", 7") = al;ﬁ?fﬁ[Q(w,t,ﬁ)lkaqm)]

q(8) = Dirichlet(B|\)

Darius A. Faroughy / Zurich U.



Co-ocurrences
 What does LDA learn?

* LDA learns by identifying recurring measurement patterns

Captures the statistical dependencies between event measurements in the event ensemble

(Vi Y EVENT # |
q 1‘ EVENT # ( 9. EVENT # | 2 1 EVENT # 2
2 1 EVENT# 2 ve | oo EVENT # 3
0 o 0 ° X o0
° oo
[ ) oo [ ] ]
° ° ') ° oo o
° °
[} L] Y ° ® ° :: :.
® ) [}
[ L)
- - L] - o9 : [ ] :: oo
° ° °
— ° o = ° ¢ —
5 S 5

Finds Co-ocurrences between event measurement throughout the event sample.

(LDA clusters in the same themes measurments that tend to co-occur together)
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* What if there is NO signal?

Asymmetric Dirichlet prior

(p) E) = (0'17 1)

Symmetric Dirichlet prior

(p,2) = (0.75,1.8)

Ln(kr/GeV)

In(kr/GeV)

Train ~ 100k QCD events

Theme 1
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0.0025

0.0020

0.0015

0.0010

0.0005

0.0000

0.004
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0.001

0.000

Ln(kr/GeV)

Ln(kr/GeV)

Theme 2

Ln(R/A)

0.035

0.030

0.025

0.020

0.015

0.010

0,005

0.000

0.007

0.006

0.005

0.004

0.003

0.002

0.001

0.000

In(ke/GeV)

(v ebue|) ys|

Primary Lund-plane regions

In(R/A)
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Ln(kr/GeV)

Point pattern co-ocurrences in the Lund plane

* 4 QCD events: [v toadling Jet ]

A sub-leading jet

Ln(R/A)

V leading jet
A sub-leading jet

* 4 signal events: [

7 7 7 7
6 6 6 6]

| Ly | = -
5 5 5 5 4
3 v 3 = 3 3
2] = 2 = 2T 2 s
. v 1! v . b .

v v
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Uncovering unkown BSM

What BSM we plugged in? W’ + scalar

p =W = dWE, & - WEWT

my = 3TeV, me = 400 GeV

ROC curves
104 -
103 i
1/ep
10%:
— LDA, supervised A -
—— LDA, S/B=1.1 x 1072 & A
107 - a a
—— LDA, S/B=5.8 x 103 & = A
A CWola, supervised N
A CWola, S/B=1.1 x 102 A A a
=k -3
100 4 A CWola, S/B=5.8 x 10 a A
0.0 L) 2 0.4 0.6 0.8 1.0

&s



Perplexity

For an event sample D = {ej,...,en}
N
. b 1
perplexity (D) := 2 Z logp(e;) =~ — ﬁ(ej)
ntot ntot =1 |
Total number of ELBO
measurements

* Perplexity is the measure of how well a generative model fts the data sample.

Good models have a lower perplexity score, i.e. a greater probability it generated the observed data.
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Back to 1995: ‘re-discovering’ Top-quarks

* Train two-theme LDA on mixed (unlabelled) QCD + tops sample ~ 50k events

Small signal: s/b = 0.05

LDA classif er performance: OMass = {g, My m_ﬁ} (p, ) = (0.1,1.5)
Jo

104 5

1 % —— LDA, events, supervised

| —— LDA, events, S/B=1/1

| Ha —— LDA, events, S/B=1/9 Theme 1 Theme 2
1034 ' LDA, events, S/B=1/99 = ——

A MotherOfTaggers

v DeepTop minimal
1/Eb 4 DeepTop full
» SoftDrop + N-subjettiness
2 | ||
Leading jet Leading jet
10° | r "
JH top tagger 1
benchmark

100 E T T T T T T

0.0 0.2 0.4 0.6 0.8 1.0 B

5, .
Subleading jet Subleading jet
. 0.0+— . ; , ; , . ; ; ;
Moderate performance for unsupervised LDA SR L - T
classif ers my (GeV) Mo (GeV)
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