When (not) to use uncertainties
)
ML in particle physics
Bayesian Deep Learning for Cosmology and Time Domain Astrophysics

Anja Butter, ITP Heidelberg
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* Huge dataset ~1Pb/s before trigger selection
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We want to set a limit on new physics parameter 6

z 3

pin S 25

data|0,v) = P (n:|s(0,v) - ¢ b. P . dat S

p(data|0,v) U (nl\sl( V) - €(v) l(v)) (v\aux aa) c_; o

S 1.5

Likelihood — L(0) = p(data|0) :

1

Best estimate — 0 = arg max L(0) 0.50

0 i

» 00 Of

-value — p, = dn p(n|0) :
p Po p(n| 05543210123 4 5

Nobs

68% confidence limit — [@in, Omax] with py < 0.16

min

Observed data (n)

LHC discovery = §sigma — p < 3 x 1077 [llustration by Nicolas Berger

Not a statment on the probability of 6 !!!
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PCSs O Unceruiamucs to DUId

Statistical uncertainties

Systematic uncertainties

C IIKCIINOOC

Theory uncertaintes

What for?

Shape

Correlation

Counting

N

n collisions

event — Pevent
Poisson

ﬂx

— exp(—4)

x!
Independent

between bins

Anything that is calibrated

Efficiencies, Luminosity,...

Gaussian

1
/27

Correlated
Covariance matrix from toys

exp — (x — u)*/20?

Scale dependence prediction

Two point correlations
(Eg. Sherpa vs MadGraph)

Flat/Gaussian

H(X o Iumin)e(iumax o .X)

Correlated
Eg. Nuissance parameters

How does ML enter in this?
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Top taggmg Anomaly detection

RN Event generation

Z + 1 jet exclusive

nd rejection

Backgrou

G. Kasieczka et al. [1002.0()014]

Track reconstruction
Kaggle challenge
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Amplitude estimation E. Buhmann et al. [2112.09700]
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E% o e Complete citations O(800)
J. Aylett-Bullock, et al. [2106.00474]

https:/iml-wg.github.io/HEPML-LivingReview/

G. Kasieczka et al. [2003.11000]


https://arxiv.org/abs/2106.09474
https://arxiv.org/abs/2112.09709
https://arxiv.org/abs/2003.11099
http://arxiv.org/pdf/1902.09914.pdf
https://arxiv.org/abs/2110.13632

Classification Simulations Unfolding



* How to distinguish top from QCD jets?

* Immensely important for top & Higgs physics studies

h—-bb U t—-Wb—-gqgb

E. Moreno et al. [1909.12285]
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* How to distinguish top from QCD jets?
* Immensely important for top & Higgs physics studies

* Standard supervised classification task

t—Wb—gqgb
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E. Moreno et al. [1909.12285]
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Convolved
Feature Layers

Convolutions

Max-Pooling
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L. Oliveira et al. [1511.05190]

CNNs
Use equivariance principle for translation f:
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https://arxiv.org/abs/1701.08784
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How to represent a graph

\\gtex v? Adjacency matrix

Node Edge

Image vs Graph
AIXIX) T
KK
RERE

pixels — node

neighbouring pixel — neighbouring node (graph edges)

CNN — edge convolution

1 K
— > > —
x§=—2h@(xi, X, — X;)
k J
j=1




y Y
4 N

EdgeConv Block
| k=16,C=(64, 64, 64)

/

+ Y

4 )
EdgeConv Block
kk =16, C = (128, 128, 128)

J

\ ¥

4 N\
EdgeConv Block

L k=16, C = (256, 256, 256)

J
{ + N\

Global Average Pooling

L + 4
4 N\

Fully Connected
256, ReLU, Dropout = 0.1
" J/

¥

Fully Connected
2

¥

Softmax

(a) ParticleNet

H. Qu, L. Gouskos [1902.08570]

Background rejection £
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PFN

CNN
NSub(8)
LBN
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P-CNN
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EFN
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EFP
TopoDNN
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Signal efficiency &s

Where are the uncertainties?

0.8 0.9

Difference in performance for various different approaches!




p(x|top)

A perfect network has learned the likelihood ratio
p(x|QCD)



Classification loss function

P = Z —log C(x;) y; — log(1l — C(x)) (1 —y;)

l

= — dxptop(x) 10g C(X) +pQCD 1Og(1 — C(X))

\ ptop(x) - C(X)
" pocp(®) 1= C)

Variance yields

p(x|top)
p(x| OCD)

A perfect network has learned the likelihood ratio



A suboptimal network will label more tops "wrong”

Classification loss function
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A suboptimal network will label more tops "wrong”

ClaSSiﬁcation IOSS fllnCtion Applies tO prediction & data!

P = Z —log C(x;) y; — log(1l — C(x)) (1 —y;)

l

= — | dx ptop(x) log C(x) + pocp log(1 — C(x)) Equivalent to poor efficiency in
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Pocp(x) 1 —=C(x) i=1
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p(x| OCD)

A perfect network has learned the likelihood ratio



What is the network supposed to learn?
A suboptimal network will label more tops "wrong”
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A perfect network has learned the likelihood ratio
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No uncertainty needed

Simulations
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Decay

Hard process

Incoming proton

Simulation tool chain

Theory

Y

scattering

WX

decay

16

shower

fragmentation

O,

Hadronization

Decay

detectors




1. Generate phase space points

— set of four-momenta p,

2. Calculate event weight

Wevent =/ (], Qz)f(xl, 0°) X M (X1, Xy, P15 -5 D) X J(Pi(7))

/ / \

PDF Matrix element Phase space mapping

3. Unweighting ¥

keep events with —~

>r e [0,1]
Wmax

17



1. Generate phase space points

T Bottlenecks

— set of four-momenta p,

1. Slow matrix element calculation

. Calcul igh
2. Calculate event weight ¢ Complexity grows exponentially with

Wevent = f(x1, Q))f(x), Q) X M (X1, X, Py -.» P) X J(p(1)) ﬁr?c]:iaslics);atigalr\?;?(lf SNNLO )
PDF Matrix element Phase space mapping 2. Low unweighting efficiency
¢ Discard most events if w; < wmax
¢ Optimize phase space mapping
_ -1
3. Unweighting ¥ = J(pr) = (f X M)
Wi ar-—————-—————-——-eg——ﬁ- ' - e .

keep events with

>r e [0,1]
Wmax

17



- Approximate squared matrix element with NN

- Regression problem
- Minimize distance between prediction and truth

= & = (NN(p,) — M(p,))

+ Generalization of interpolation
+ Better scaling than grids for large dimensions

- Open questions
- Limited precision ?
- Overtraining vs interpolation ?

Problem
Wrong estimation leads to wrong prediction!

— assign uncertainties

18

Normalised do/ dy

% diff

— Nlet

—— Neural network ensemble 3

ete” — qqggg

Badger, Bullock [2002.07516]



1. Extend standard network output to include uncertainty

= (u(x), 6(x))

* Gaussian approximation

° gGauss — = log(ﬁm(x))

1 (u(x) —y)*
2 o(x)?

|
|
|
|
|
Train "~ :
|
|
|

-6 -4 -2 0 2

* Captures only p(y | x, w) for fixed network weights

* w varies for different trainings!

Dt



2. Estimating p(y | x, D) with training dataset D

.p(y|x,D) = de p(ylx,w) p(w|D)

N

gGauss BNN

/\q(w)
AN VAN

/

x |— output




Ensemble of networks

-0.1
0.2/. 0.8
x |— ( X(a)l) )
BNN Fstoch(®1) Output
VANAR 0.3 1 d
AN AN 0.5/, 07 OEEDILICH
7, A(w,) 1 N
X |—* output . N () Ooch = 7 2 Tatoch (@)
-0.2 o, —ii((A)—K(w))2
0 4/, () 0.9 pred N 4 |
x |— A(w5)
ostoch(a’3)

ZBNN = |do g@) Y. | |Afw) =AW 2600 (@)% + log ogeoch (@) | + KLIG(), p(@)]
: points; L



2. Estimating p(y | x, D) with training dataset D

p(y|x,D) = JdW p(y|x,w) p(w|D) 0.4 - ag - yyg

N (= 0.22, i
o= 0.96) i
O'S-J\f (u=0.16, i
BNN o= 0.96) i
oA Gauss A (@) 0.2 - i
VAN VAN ' i
/' 0.1 i
x |[— output . |

32 1 0 1 3 3

(Ann(w)-A) [ 0 (o (W)
2 [preliminary]

1 truth
A(w) — Altruth

ZBNN = de gw) )

points j

+ 108 65¢6ch. (@) | + KL[g(®), p(w)]
20 ()? Stoch,y
stoch,;



Precision predictions based on loop diagrams

D1 '

D2 ’

Analytic expression for loop amplitude

o0

. L del N 1
G
H p H (g7 — m? +i6)"

. L lr? .
. [=1 j=1

1
N—1 v—(L+1)D/2 ~N—1

v—1 U —
I I dxj I(x)

JJ Fv—LD/2
oJ j: 1 oJ j: 1
0 0

Rewrite with \

Feynman parameters Still contains singularities 23

1
O
a
>
1




Precision predictions based on loop diagrams

D1 '

Analytic expression for loop amplitude

o0

. L de N 1
l

G = :

“ g in> 11} (g7 —mf +i6)"

— 00

1 1

N—1 —(L+1)D/2 ~N—1

_ U
- dx; Y Fu-LD2 H dx; 1(x)

[ oo ol

Rewrite with \

Feynman parameters Still contains singularities

24

Solved by contour deformation due to Cauchy's theorem

ITdx det( aza(; ) > IE(T))

1 N
Jdejl(y*) =
0

j=1

O%r—t

j=1

Optimal parametrization = minimal variance

Turn it into an ML Problem




0Z(X')

Numeric evaluation of integral G = dxj det( — ) I(Z(%))

0
Parametrization — 7z = INN(x)

1 & 0Z(X ;)
Minimize variance — loss & = ¢ = Z det — o 1(2(7(1-))) — (I
n—1 1 ().Xf(i)

Normalizing flow networks
T Bijective mapping
+ Tractable Jacobian
+ Combine many blocks

output

25



“-100L IS WY

Profiting from the Jacobian

Precision predictions based on loop diagrams Solved by contour deformation due to Cauchy's theorem
P1 * m 1 1 a_}(_})
— <\ X -, —
m D3 JHd)@I(x)z[Hd@ det( — )I(Z(x))
m j=1 Jj=1
p2 — 0 0

Optimal parametrization = minimal variance
Analytic expression for loop amplitude

triangle2L. (Sector 1)

o0

" L de N 1 . o 5 109 *  pySECDEC
G = l Turn it into an ML Problem S| ¢ Ao .
— D > ) .5 I/j = 10 + A-glob + Flow ! .~
) \= 7 )i (g7 — m; + i0) Parametrization — z = INN(x)  Zu-| ,*:,‘;:}y‘:..
— 2 —6 :t ,*’ .
Variance A B ——h WS g ot
(A [Jv—(L+1)D/2 N1 -élﬂ‘“w\&aﬂ
I/]_l —_— 'EI . \.
= dx; x. = dx; 1(X) | = 104}
J o / Fv—LD/2 J o Better network — smaller variance 1w}
0/ 0/~ T S w
Rewrite with T . 1
10—~ 10 10 10 10- 10 10
Feynman parameters Still contains singularities 26 s /m?

R. Winterhalder, et al. [2112.09145]


https://arxiv.org/abs/2112.09145

1. Generate phase space points

T Bottlenecks

— set of four-momenta p,

1. Slow matrix element calculation

. Calcul igh
2. Calculate event weight ¢ Complexity grows exponentially with

Wevent = f(x1, Q))f(x), Q) X M (X1, X, Py -.» P) X J(p(1)) ﬁrir;?slics);atigag;?(l; SNNLO )
PDF Matrix element Phase space mapping 2. Low unweighting efficiency
¢ Discard most events if w; < wmax
¢ Optimize phase space mapping
_ -1
3. Unweighting ¥ = J(pr) = (f X M)

keep events with

>r e [0,1]

Wmax
Phase space sampling with
generative networks (GAN, VAE, NF)

27
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Invertible networks for complex transformations

T Bijective mapping
+ Tractable Jacobian — p.(x) = p,(2) - Jyn
+ Fast evaluation in both direction

u
input —«
u

Training

1

> output

Vo

2

Evaluation

Training on density #(x)
— Minimize difference

Z = logp(x)/t(x)
= log p(z2(x)) Sy / t(x)

28



" r v 'VV

Invertible networks for complex transformations

> output
V2

Training on samples x

T Bijective mapping
+ Tractable Jacobian — p.(x) = p,(2) - Jyn
+ Fast evaluation in both direction

u
input —«
u

Training

1

2

Evaluation

— Maximize the log-likelihood

2 = logp(0|x)
= log p(z|0) + log Jyy + p(0)

29



normalized

. JVY ’

-
Event generation
101 7 4 2 jet exclusive
— Reweighted
102
10-3

28} """" R

20 10 pa L
Pr,j, [GGV]

* Train normalizing flow on 4-momenta
* Include symmetries in feature representation
* Excellent performance for direct output

30



output

Ensemble of networks
-0.1

0.2/1 0.8
x |— ( Z((Dl) )

Output

-0.3 1 &
0.5/, 0.7 (A) = N ZA(wi)
( A(w,) ) l
X >
1 & _
0.2 Opred = 7 D (A) - A(@)?

‘Drior

N
= Z (10ng(Xn | 9)>qu¢(9) — KL(Q(I)(Q)a p(e))

n=1



2
> Ostoch

1 _
Oprea = 7y 2, (A) — (@)

Z + 1 jet exclusive 0.4 -

0.21 =

normalized

7. + 3 jet exclusive

— True
—— BINN

—— Train

Output
1Y
@)= 2A@)
1 &
= ﬁ Z Gszmch(wi)

25

50 75 100 125

4
Aleja

6 3

= BINN captures uncertainty related to convergence and statistical uncertainties

= BINN does not capture lack of expressiveness

32




411ICNZCS 101 NOrmaiizZing

* Narrow features

* Topological holes (eg AR cuts)
* no bijecive mapping possible

* can only be approximated

o
-
T~

O
-
o

0.02

number of events

OWS

o
S

=
O

normalized

7, + 2 jet exclusive
—— Reweighted
— INN

—— Train

33




Classifier loss

F=— ) log(D®)— ) log(l — D))

X~Piata X~PINN

__ de Prara) 102(D()) + pn(®) log(1 — D))

Upon convergence obtain reweighting factor

=, pdata(x) _ D (.X) _
pinvx) 1 —=D(x)

Wp

Improve precision through reweighting

Quantifies deviation
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7. + 3 jet exclusive
—— Reweighted




Classifier loss

F=— ) log(D®)— ) log(l — D))

X~Piata X~PINN

__ de Prara) 102(D()) + pn(®) log(1 — D))

Upon convergence obtain reweighting factor

=, pdata(x) _ D (.X) _
pinvx) 1 —=D(x)

Wp

Improve precision through reweighting

Quantifies deviation
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Classifier loss

F=- ) log(D)— ) log(l —D(x))

X~Piata X~PINN

__ de Prara) 102(D()) + pn(®) log(1 — D))

Upon convergence obtain reweighting factor

=, pdata(x) _ D(X) _
pinvx) 1 —D(x)

Wp

Improve precision through reweighting

Quantifies deviation
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Conditioned

Truth

- VAA/ J VYU

Event generation

7. + 1 jet exclusive

—— Reweighted

—— Train

* Basis: INN

* Phase space symmetries in architecture

* (Control via classifier D
ptruth(x) _ D ()C)
PINN(X) 1 — D(x)

* Precision via reweighting

* Correct deviations of pyn

=) Uncertainty estimation via Bayesian NN

= [ncertainty propagation via conditioning
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104 4

Background rejection z

101 4

00 01 02 03 04 05 06 07 08 09 1.0

Classification

[
o
w

[
o
N

—— ParticleNet
~== TreeNiN
—-= ResNeXt
...... PFN
—— CNN
=== NSub(8)
~ -~ LBN
...... NSUb(G)
~— P-CNN
--- LolLa
~—-= EFN
------ nsub+m
—EFP

=== TopoDNN

U

Signal efficiency €s

No uncertainty needed

Simulations

Z + 1 jet exclusive

—— Reweighted
Train

0 50 100 150

Amplitude estimation -> yes (BNN)

Loop integration -> no
Phase space sampling -> no

Data compression -> yes (BNN & classifier)
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nverung tnce simuiation cnaml

Parameter inference
MEM Unfolding

detector
| effects 4‘
forward

scattering decay QCD shower fragmentation detectors
inverse \
T— Inverting to parton level

Requirements [ ] Highdimensional
[T] Bin independent
[] Statistically well defined
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Given a reconstructed event:
What is the probability distribution at particle level?

out

Normal distribution Probability distribution
< N x~P parton
Training

-—-m-
—_——

Unfolding
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pp > WZ > qgl*l~+ ISR — 2/3/4 jet events

Training on inclusive dataset

x 1072

2 jet incl.
------ Parton Truth
— Parton cINN
Detector Truth

[ High-dimensional
[ Bin-independent

Evaluate exclusive 2/3/4 jet events

cINN vs Truth
——=- 2 jet

=== 3 jet

=== 4jet

10 20 30 40 50 60 70 80

M. Bellagente et al. [2006.06685]

[] Statistically well defined ?
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https://arxiv.org/abs/2006.06685

events normalized

No deterministic mapping!

single detector event
3200 unfoldings

1.4- FCGAN|| !
1
1.2- 2
10
:5
1.0+ 1=
=
0.8- w
0.6-
0.4- ;
0.2 -
0.0 - =
10 15 20 25 30 35 40 45 50

pT,Ch [GGV]

4 High-dimensional
[ Bin-independent

fraction of events

Check calibration of probability density for individual event unfolding

1.0~

=
00
1

=
>
1

—
S
]

-
N
1

=
o
1

[A Statistically well defined
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https://arxiv.org/abs/2006.06685

104 4

Background rejection z

101 4

[
o
w

[
o
N

Classification

—— ParticleNet
~== TreeNiN

—-= ResNeXt
...... PFN
—— CNN
—-== NSub(8)
~-~ LBN
...... NSub(6)
~—— P-CNN
--- LolLa

— .= EFN
------ nsub+m
— EFP
—== TopoDNN

U

00 01 02 03 04 05 06 07 08 09 1.0

Signal efficiency €s

No uncertainty needed

Simulations

Z + 1 jet exclusive

Reweighted
Train

L ] Hi—e
H—eoi e

PR

50 100 150

Amplitude estimation -> yes (BNN)

Loop integration -> no
Phase space sampling -> no

Data compression -> yes (BNN & classifier)
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Unfolding

single detector event
3200 unfoldings

L4 FCGAN
A,
1.2 ]
o
-
1.0 E
=
=

events normalized
=
(@) @)

—
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S
N

cINN eINN

P il

<
o

I
I
I
M |
I
1

10 15 20 25 30 35 40 45 50
PT,q [GGV]
Probability distributions
from generative networks
Uncertainties on pdfs?




YW

A biased selection

e Peak luminosity =Integrated luminosity

"‘; 5.0E+34 et - ;zsoo %
* Facing 25 times the amount of data CR AN BERN  BREE  [ME° o E
£ 30634 - 1500 é
* What do we need to understand the data? (read: find new physics) o o oo §

* Precision predictions

* Higher order amplitudes
* Event generation
* Shower

* Detector simulation

10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38

Year

* Optimized analysis for high-dimensional data
* Likelihood free inference
* Optimal Observables, Unfolding
* Anomaly detection

* Uncertainty treatment

|‘
§
!

ML can help tackle all of these problems. Uncertainties included.
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