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Transformers

Extracting correlations

- Start with (compact) query representation
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Extracting correlations

- Start with (compact) query representation
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LHC phase space
- learn bin-bin relation x; <+ X; we

- latent query representation g = W%x o WK
latent key representation k = WKx . } -
correlation A; = q; - k; ) Ik

- latent value representation v = WV x
constructed representation z = Av
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JetGPT

Autoregressive transformer
- factorized density

xo=0

Prodel (x10) = [T pOXIX1, -, Xi—1) ”@‘* P
i

L 0O
H f f X —— == p(xsle?)
- bins — Gaussian mixture model ' @ oot

- autoregressive A; = 0 forj > i \\

oo
— Bayesian version for uncertainties | [ : ] - -
Ly @D == plxy ™)

e ‘




JetGPT

Autoregressive transformer

- factorized density
pmode|(xl0) _ HP(Xi|X1, . Xi71) x=0 4@00(0)—— Pl l0®)
i

L  E— )
- bins — Gaussian mixture model T @:‘”‘”" Rl

- autoregressive Aj = 0 forj > i L
> w©®
— Bayesian version for uncertainties T : b ;
Ly @D — P(x,.lo‘»"* D)

Bayesian JetGPT

743 jet exclusive

- sometimes you win... 0a

—— Truth
— AT




JetGPT

Autoregressive transformer
- factorized density

X0=0 WO = px,[®;
Proder(x16) = T T p(xilx1, ... xi—1) @ p(xl ’
' Ok
. . . _— 1) —> )
- bins — Gaussian mixture model ' w0 Lot
- autoregressive Aj = 0 forj > i L
> w©®
— Bayesian version for uncertainties B : : F -
L @D — p(x,.lo‘» )
I—> X

Bayesian JetGPT

- sometimes you win...

Z+1 jet exclusive

...and sometimes there is work to do... 2

—— Truth
— AT

Normalized




Likelihood loss & uncertainties

Loss to train #-distributions
- energy measurement for jet j
(Ey = [ o E p(E)

- weighted by reproduced training data p(6|T)
P(E) = [ 06 p(EI6) p(0]T)

— O-distributions means Bayesian NN



Likelihood loss & uncertainties

Loss to train #-distributions
- energy measurement for jet j
(Ey = [ o E p(E)
- weighted by reproduced training data p(6|T)
P(E) = [ 06 p(EI6) p(0]T)

— O-distributions means Bayesian NN

Variational approximation

- definition of training [think g(#) as Gaussian with mean and width]
p(E) = [ 06 plEI6) p(oIT) =~ [ b plEIS) q(0)

. S|m|Iar|ty through minimal KL-divergence [Bayes’ theorem to remove unknown posterior]

Die[9(60), p(OIT)] = / d6 q(0) log p%\g;)

q(0)p(T)
p(T16)p(0)

= Dla(®). p(O)] - [ db a(6) log p(T16) + logp(T) [ b q(6)

= /dB q(6) log




Likelihood loss & uncertainties

Loss to train #-distributions
- energy measurement for jet j
(Ey = [ o E p(E)

- weighted by reproduced training data p(6|T)
P(E) = [ 06 p(EI6) p(0]T)

— O-distributions means Bayesian NN

Variational approximation
- definition of training [think g(#) as Gaussian with mean and width]
p(E) = [ 06 plEI6) p(oIT) =~ [ b plEIS) q(0)
. S|m|Iar|ty through minimal KL-divergence [Bayes’ theorem to remove unknown posterior]

Dala(6).p(6IT)] = [ b a(6) log ?é%

q(0)p(T)
= [ o0 a0 %8 B(T10)p(0)

= Du[a(6), p(0)] — /d9 q(0) log p(T10) + log p(T)




Likelihood loss & uncertainties

Loss to train #-distributions
- energy measurement for jet j
E) = [ dEEp(E)
- weighted by reproduced training data p(6|T)
P(E) = [ do p(EI6) pl6]T)

— 6-distributions means Bayesian NN

Variational approximation
- definition of training tink g(6) as Gaussian with mean and width]
p(E) = [ 06 p(EI6) p(oIT) ~ [ 0B p(EIS) q(0)
- similarity through minimal KL-divergence (8ayes’ theorem to remove unknown posterior]

a¢mw»pwwﬂzifdeq”)bgA$?7
aO)p(T).
p(TI0)p(0)

~ Dala(6). p(O)] — [ d0 q(0) togp(TI6) =

= /d0 q(0) log

— Two-term loss: likelihood + prior




Relation to deterministic networks

Regularization
- BNN loss
£ =~ [ do.q(o) 1ogp(TI6) + D [a(0), ()]




Relation to deterministic networks

Regularization

- Gaussian prior
o — o+ (ng — 1p)?

=~ [ dbq(6) togp(TI) + 72 : o
20p
- deterministic network
= ~ (‘90 - :up)2
q(0) =6(0 —60) = L~ —logp(Tl0o) + "~
P

— Likelihood with L2-regularization




Relation to deterministic networks

Regularization

- Gaussian prior
o — o+ (ng — 1p)?

C= —/de q(6) log p(T|0) + 29 ! +..
203
- deterministic network
_ ~ (‘90 - #p)2
q(0) =60 = 6o) = L~ —logp(T|0o) + — 5
9p
— Likelihood with L2-regularization
Dropout
- Bernoulli weights
q(0) = q(x) = p*(1 = p)' ™~ with 6 = x6o
x=0,1
- likelihood loss
£==3 [0~ 0)'™] togp(TIxb0) = —p logp(T|00)

x=0,1
- likelihood Gaussian or whatever else...
— Regularized likelihood with dropout




Statistics vs systematics

Network evaluation
- expectation value using trained network g(6)

(Ey = [ dds E p(EI6) a(6)
= /d9 qOE®©®)  with  E(0) = /dE E p(E|0)
- NN-variance
Tt = /dEd@ (E — (E))* p(E|0) q(6)
~ [ do a(6) [E¥(6) - 2(E)E(0) + (E)Y]
= [ 40 a0) [E(0) - E@)* + (E0) ~ ()] = B+ g
Two uncertainties
- statistical — vanishing for q(¢) — 6(6 — 6p)
ofes = [ 90 q(0) [E©) - ()]

- systematic — vanishing for p(E|0) — 6(E — Ep)

e = oFse = | 40 9(0) [E2(6) ~ E(0)']




Jets and non-Gaussian errors

Measure pr ; of hadronically decaying top
- BNN regression pr ;
pr of (fat) jet decent estimate for piruin

- non-Gaussian truth label

symmetric in ISR-jet ‘QCD heat bath’
without ISR jets need for correction
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Jets and non-Gaussian errors

Measure pr ; of hadronically decaying top

- BNN regression pr 60{ BNN pr.j = 600...620 GeV
pr of (fat) jet decent estimate for piruin r—
’ 50
- non-Gaussian truth label
L . , 40
symmetric in ISR-jet ‘QCD heat bath B
without ISR jets need for correction 230 - :7"55
- training sample size 20 — Ostoch
separate ostoch >> Opred e
statistics not the problem  (LHc theme) 10
noisy label inherent limitation 0

. 104 10°
checked with ensembles Training size




Jets and non-Gaussian errors

Measure pr ; of hadronically decaying top
- BNN regression pr ;
pr of (fat) jet decent estimate for piruin
- non-Gaussian truth label

symmetric in ISR-jet ‘QCD heat bath’
without ISR jets need for correction

- training sample size

separate osioch 3> Tpred Pr.;=600...620 Gev
statistics not the problem  (LHc theme] 0.015 ) truth
noisy label inherent limitaton | j 7 predicted
checked with ensembles 3
fo.010
- non-Gaussian network output g
remember pt}‘,‘}h non-Gaussian 2 005
model p(T|0) as Gaussian mixture
weight distribution g(0) still Gaussian 0,000 [ R
“77500 600 700 800 900

pr, [GeV]




Generative networks

Unsupervised Bayesian networks

- data: event sample [points in 2D space]

learn phase space density
normalizing flow mapping to latent space nn
standard distribution in latent space (Gaussian]
mapping bijective
sample from latent space

- Bayesian version

allow weight distributions
learn uncertainty map

- 2D wedge ramp - »

_a(y2 2
2 (Xmax Xmin) 0071 —— Fit: Aa = 0.09, Az = 0.01
T O
0.06] FF 0oy

p(x) =ax+b=ax +

Xmax — Xmin

inty

0.05

o2 = (x-3) (e |

+ (1 + 2)2 (Dxmax)? + (1 - 2)2 (A Xin)?

0.04

Absolute Uncertai

0.03

explaining minimum in opreq(x) 002

— INNs just (non-parametric) fits
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- always a fit?
- expressivity vs architecture?
- discrete diffusion model

More generative networks
Alternative architectures
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More generative networks

Alternative architectures
- always a fit?
- expressivity vs architecture?
- discrete diffusion model
- continuous diffusion model
- autoregressive transformer (bins)

2

Normalized




Precision generator

Phase-space generators  ypical LHC task]

- training from event samples
no energy-momentum conservation
- every correlation counts

. ZMH + {1 s 2, 3} jets [Z-peak, variable jet number, jet-jet topology]




Precision generator

Phase-space generators  iypical LHC task]

- training from event samples
no energy-momentum conservation

- every correlation counts

. ZMH + {1 s 2, 3} jets [Z-peak, variable jet number, jet-jet topology]

INN-generator

- stable bijective mapping

Go(n—
latent r ~ Paent ————— phase space x ~ Pyata
«— Go(x)
- tractable Jacobian
Z + 1 jet exclusive
AX Prodel(X) = dr Pratent(r) < 10-2
QE) —— Truth
BGg(x) | -
Prmodel (X) = platent(Go (X)) Z107° INN

- likelihood loss

LiNnn = —< log pmodeI(X)>
Pdata

= Per-cent precision possible

prj, [GeV]




Control and reweighting

Best of GANs: discriminator
: inp"‘rt {pT7 m, ¢7 M7 M[,L,U«»AR}
- output D = 0 (generator) vs D = 1 (training)
- NP-optimal discriminator

pdaia(x) 1
D el —
) = Pdata(X) + Pmodel (X) - 2
- learned event weight w(x) — D(x) _ Pgaa(X)

1 — D(x) B Prmodel (X)
= Dual purpose: control and reweight

7 + 1 jet exclusive

7 + 1 jet exclusive

=102 —— Reweighted - 0.2
é —— INN é —— Reweighted
g 103 g 0.1 — ITI‘”:‘“

107 0.0

a1l a1l ]

£H T s P e
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25 50 75 100 125 150 80 90 100 110
pry, [GeV] My, [GeV]




Events with uncertainties

Z + 1 jet exclusive

Bayesian network generator

- network with weight distributions  (cal (2016)] 2104 — True
sample WelghtS [defining error bar] ;210*3
frequentist: efficient ensembling 2
= Training-related error bars “1074 —=
L= AR
S V11 R n
SERTLE Rarstssrvan PRI etocstattanaesa S IR AN
ErEtHiiiittitiiiati ittt i
25 50 5 100 125 150



http://www.cs.ox.ac.uk/people/yarin.gal/website/

Events with uncertainties

Bayesian network generator

- network with weight distributions  [cal 2016)]
Sample Welghts [defining error bar]
frequentist: efficient ensembling

= Training-related error bars

Theory uncertainties

- BNN regression/classification:
systematics from data augmentation

- systematic uncertainties in tails

. —15 GeV)?
W:1+a <pT’/17>

normalized

100 GeV

- augment training data [a=o0...30

- train conditionally on a
error bar from sampling a

. 20 40
= Systematic/theory error bars pralGev)

107!

LI
HBINN

without conditioning

60 80



http://www.cs.ox.ac.uk/people/yarin.gal/website/

Events with uncertainties

Bayesian network generator

Z + 1 jet exclusive

- network with weight distributions  (cal 2016)1 _
Sample Welghts [defining error bar]
frequentist: efficient ensembling

g 107

normalized

10°°

—— Reweighted
= Training-related error bars —— Train
Theory uncertainties ;1(1]3 .TTT“"'T' f "Hi{'ﬁﬁ T.‘ i I“
o L i
- BNN regression/classification: sl
systematics from data augmentation soo L VA

- systematic uncertainties in tails

2
pT,/'1 —15 GeV
=1 n T 77
w=l+a < 100 Gev

- augment training data [a=o... 30 r o

- train conditionally on a Pr [GeV]
error bar from sampling a

= Systematic/theory error bars



http://www.cs.ox.ac.uk/people/yarin.gal/website/

Testing generative networks

Compare network to training/test data

- supervised: histogram deviation [orpu
- unsupervised density — histogram discriminator

D(Xi) _ pdala(xi)

T 1= D(X)  Pmodel(X)
— Using interpretable phase space



Testing generative networks

Compare network to training/test data
- supervised: histogram deviation [orpu

- unsupervised density — histogram discriminator

_ Pdata (Xi )

1= D(X) ~ Pmodel(Xi)
— Using interpretable phase space

Applled to event generators [also jets, calorimeter showers]
- shape and width of w-histogram
- pattern in (interpretable) phase space?

Z+2j
Truth
—— Gen
— w<08
— w>14

0.5
10-1 Z+2j 04
Truth
Gen
=2107%
<
107°
nnMq H
1072 10 10%
w(z)

M, [GeV]

90

100

110



Testing generative networks

Compare network to training/test data
- supervised: histogram deviation (or pui
- unsupervised density — histogram discriminator
_ D) _ Peaa(xi)
1= D(X))  Pmodel(X)
— Using interpretable phase space

Applled to event generators [also jets, calorimeter showers]
- shape and width of w-histogram
- pattern in (interpretable) phase space?

Z+3j
""" Truth

—— Gen

— Generative xAl for LHC physicists




Symbolic regression

Symbolic regression of score  [pysr (M Cranmer) + final fif

- function to approximate  t(x|0)
- phase space parameters xp = pr/my, An, Ad [node]
- operators  sinx, X2, x3, X 4+ y,X — Y, X% y,X/y [node]
- represent formula as tree  complexity = number of nodes]

= Figures of merit

1< 2 ) )
MSE=-—>" [g/(x) — H(x, z\a)] — MSE + parsimony - complexity

n i=1

Score around Standard Model

compl dof ‘fu.nction MSE
3 1|ade 1301071
4 1 |sin(aA¢) 2.75-107! -
5 1 |aAda,, 9.93-102 1°
6 1 |-z, sin(A¢ +a) 1.90-1071 w
7 1 |(=2p1 — a)sin(sin(A¢)) 5.63-1072 2
8 1 |(a—zp1)zp2sin(Ag) 1.61-1072
14 2 |zp1(aA¢ —sin(sin(A¢)))(zp2 +b)  1.44-1072
15 3 |—(zp2(aln® + 1) + b)sin(Ap +¢) 1.30-1072
16 4 |—zp1(a—bAn)(zp2 +c)sin(Ad+d) 8.50-10-3 107
(zp,2 + a) (bzp1(c — Ad) .10-3 5 10 15 20 25 30
BT —p1(dAn + exp o + f)sin(A¢ + g)) 8.18-10 complexity




Symbolic regression

Symbolic regression of score  [pysr (M Cranmer) + final fif

- function to approximate  t(x|0)
- phase space parameters  xp = pr/my, An, Ad [node]
- operators  sinX, X2, X3, X+ y,X — Y, X * Y, X/Y [node]
- represent formula as tree  complexity = number of nodes]

= Figures of merit

MSE = ! i [gv(x) t(x 2\9)]2 — MSE + parsimony - complexity
n — 1 )
Score around Standard Model
- expected limits: 10
very wrong formula

CPV in WBF

wrong formula 08
E]

- same within statistical limitation: _g_o.e
right formula E os
MadMiner -

= Formulas to numerics and back 02

0.0

-1.00 -0.75 -0.50 -0.25 0.00 0.25 0.50 0.75 1.00
fuw




ML Uncertainties

ML-applications

- just another numerical tool for a numerical field
- driven by money from data science and medical research

- goals are...
...improve established tasks

...develop new tools for established tasks

...transform through new ideas
- XAl through...

...precision control
...uncertainties
...symmetries
...formulas

— Lots of fun with hard LHC problems

Modern Machine Learning for LHC Physicists

Tilman Plehn®; Anja Butter*", Barry Dillon”, Claudius Krause®*, and Ramon Winterhalder!

“ Institut fiir Theoretische Physik, Universitit Heidelberg, Germany

 LPNHE, Sorbonne Université, Université Paris Cité, CNRS/IN2P3, Paris, France

 NHETC, Dept. of Physics and Astronomy. Rutgers University, Piscataway, USA
#CP3, Université Catholique de Louvain, Louvain-la-Neuve, Belgium

July 21,2023

Abstract

Modern machine learming s transforming partcle physics, faster than we can follow, and bullying its way into our

bavc knowldse of paricle phy
possible. They siart v

irs. Given that these notes will be outdated alrcady at the time of sul
Vi aset 2023, they il Updaed frequenty.


http://www.thphys.uni-heidelberg.de/~plehn/pics/modern_ml.pdf
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