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Introduction

The estimation of uncertainties is fundamental to
Science (and HEP specifically).
Both in experiment ... Measurement

) /rfLﬁ/
5 =
7] il
;-
Measurements:
Values & Errors i
. Statistical i1 Epistemic ' Uncertainty from

. Uncertainty | Uncertainty : using a ML model

,Data-distribution”

Results:

Values & Errors

... and in evaluation.
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,Bayesian Neural Networks*

Mean Field Gaussian Variational Inference

Description (1505.05424):
« Estimate the posterior p(8 | &) with a simpler distribution g(&)

 Infer with gradient descent:
L(f9:2,) = KL(p(012,)q(0)) = — Jdﬁ q(0) log p(<,|0) + KL(q(0) | p(0))
Pros & Cons:
+ Fast posterior sampling, active learning possible

- Additional loss term with high variance — influences
performance

- Assumption: Posterior has uncorrelated Gaussian shape
- Doubles the number of parameters

: . posterior
Adaptations: 0 > distributionp(6 | )
* Noise-Contrastive Priors (1807.09289), Flipout Layers
(1 80304386) ’I;altir(]jgﬁrgharles, et al. "Weight uncertainty in neural network."

International conference on machine learning. PMLR, 2015.
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L. approximate
posterior

sample
from
posterior
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Cyclic sgLD

Description (1902.03932):
. (Pretrain to optimal parameters ') = *)

» Construct a Markov-Chain with invariant distribution
pO19)  exp (~Auplar(Fs 2))
» Stochastic Gradient Langevin Dynamics (sgLD):

>
0D = 0 — 1, Vg Ly, (0%) + //I—Wek with ¢, ~ A/(0,1)
LD

» Cyclic scheduling of stepsize 7,
Pros & Cons:

+ Exact sampling from the posterior

+ Good out-of-distribution detection 9 posterior
- Slow mixing rates distributionp(6 | )
- Strongly dependent on the scheduling parameters taken from
. Blundell, Charles, et al. "Weight uncertainty in neural network."
Adapta tions: International conference on machine learning. PMLR, 2015.

» Hamiltonian Monte-Carlo (HMC) (1902.03932)
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https://arxiv.org/pdf/1902.03932.pdf
https://arxiv.org/pdf/1902.03932.pdf

Corrected Stochastic Metropolis Adjusted
Langevin Algorithm DASHH.

data

Y =f(X)+ ewithE(e|X) =0

loss f;]mction
" 1 A
L(fo) = = 2, ;= JoX)y
i=1

(stochastic) gradient deAscent insert arbitrary loss function here
01 =0, — v VoL, (fo)
insert arbitrary optimization step here

9i+1 = 1; 9i+1 = 0,

_ accept new weight values with probability
propose new weight values exp (_ A Ln(Ti)) ‘1(91' | Ti)

7~ q(-160) = N0y, 0°1) oo
+1 exp (—/1Ln(9i)) q(z; |6,
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Corrected Stochastic Metropolis Adjusted
Langevin Algorithm DASHH.

Y =f(X)+ ewithE(e|X) =0

loss f;]mction
" 1 A
L(fo =+ Z:, (Y; = fo(X))?

insert arbitrary loss function here

(stochastic) gradient descent
01 =0, — v VoL, (fo)
insert arbitrary optimization step here

9i+1 = 1; 9i+1 = 0,

Need to evaluate loss on the whole
dataset

Can we use a stochastic estimate?

accept new weight values with probability
CXp <_/1Ln(fi)) q(0;| ;)

CXp <_/1Ln(6’i)) q(7; | 6)

propose new weight values

T, ~q(-|6) = ‘/V(éi+19621)

a =
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Corrected Stochastic Metropolis Adjusted
Langevin Algorithm DASHH.

Bernoulli p Xi Y =f(X)+ewithE(e|X)=0
A loss function

L 1Y .
Li(fo) = 5 2, (= JoX))* + log(p)N
i=1

insert arbitrary loss function here

(stochastic) gradient descent
01 =0, — v VoL, (fo)
insert arbitrary optimization step here

Need to evaluate Loss on the whole
dataset

Can we use a stochastic estimate?

accept new weight values with probability
CXp <_/1Ln(fi)) q(0;| ;)

CXp <_/1Ln(6’i)) q(7; | 6)

propose new weight values

T, ~q(-|6) = ‘/V(éi+19621)

a =
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Fits with Stochastic Gradient MALA
DASHH.

p=0.1 p=05 p=0.9
—— full MH (@ = 13.5 %) —— full MH (@ = 14.0 %) —— full MH (@ = 14.1 %)
—— stoch MH (a = 33.5 %) —— stoch MH (a = 19.5 %) 10~ - —— stoch MH (a = 14.3 %)
— corrected sMH (a = 20.3 %) —corrected sMH (a = 9.35 %) | —  corrected sMH (a = 7.08 %)
— Adam — A aM — Adam
10-2
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10~2 ': 10-3 . I ) L ™
— Y e 10-3 ‘
0 50000 100000 150000 200000 250000 300000 0 50000 100000 150000 200000 250000 300000 0 50000 100000 150000 200000 250000 300000
steps steps steps
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TIIE AlGIIIII'I'IIM WIIIII(S
WITHLIMITED MEMIIIIY 2

Blll" B(IIWEIIGES T(l
SLOW FOR ANY APPLICATION

imgflip.com S 'c
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Adam-MCMC
m X,

allows efficient convergence

Y = f(X) + € with E(¢ | X) = 0

loss f;]mction
" 1 A
L,(fo) = N 2 (Y, = fo(X))*
i=1

insert arbitrary loss function here

(stochastic) gradient descent

0,11 = Adam(6;, L,(fy))

9i+1 = 1; 9i+1 = 0,

high acceptance rates

propose new weight values accept new weight values with probability

7~ q(-10) = N (011,671 + Oy — 0)(Oryy — 6)T) a = exp (—AL,(3)) 401 %)
CXp <_/1Ln(9i)) q(7; | 6)
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Adam-MCMC DASHH.

- Invariant distribution -

Theorem 1. For pi = (1 — 3#)s?,l = 1,2, and arbitrary proposal distributions q, j (1K) |9R) m k) the Markov chain
(VR m k)~ admits the invariant distribution f(9,m) = PV D) @g(9),s2(M1)@g(9)2,s2(m2). In particular, the
marginal distribution of f(1¥, m) in 9 is the Gibbs posterior distribution p)(-|D,, ).

- Convergence -

Theorem 2. Let p? = (1 — 87)s?,l = 1,2, take q, ;. from @) and m'®) ~ N((g(9)), g(9'))?), 82 I 45) where 99 is
an arbitrary random initialization of the chain. Then the distribution of V'\*) converges in total variation distance to the
Gibbs posterior p)(-|D,,):

TV 1I,(D,) < (1 —a)* 2220  for some a € (0,1).

Sebastian Bieringer Efficient Posterior Sampling 01.12.2023 12



Physics Use-case
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Classification Surrogates ‘DASHH.

” “ ~ ™
Cuts & Data-Processing 1
\_ * y BE ) oo o
[ Jet Clustering ]
4 Neural Network Tagger
[Detector Effects] \ J

Hadronization

?
[ Parton Showerj Signal & Background

?
[ Hard scattering]
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https://cds.cern.ch/record/2814439

Classification Surrogates ‘DASHH.

” “ ~ ™
Cuts & Data-Processing 1
\_ * y BE ) oo o
[ Jet Clustering ]
4 Neural Network Tagger
[Detector Effects] \ J

Hadronization

?

[Parton Showerj Signal & Background =) [ xclusion Limits, etc.

?
[ Hard scattering]
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https://cds.cern.ch/record/2814439

Classification Surrogates ‘DASHH.

(" )
Cuts & Data-Processing K Measureent R

rrrrrrrrrrrrrrrrrrrrrrrrrrrrrr

\ _J

¢

Neural Network Tagger

.I
/ ‘
4 A

Hadronization

?

[Parton Shower] Signal & Background =) [ xclusion Limits, etc.

?
[ Hard scattering]
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Classification Surrogates ‘DASHH.

( “ ~ R
Cuts & Data-Processing
B
- y %

¢

Neural Network Tagger

.I
f ‘
4 Yy’

Hadronization

?

[Parton Shower] Generative Model I Signal & Background ==———p Exclusion Limits, etc.
§ (Classification Surrogate)

[ Hard scattering]
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The Toy Setup

H . € [500,1000] GeV h For every particle of the jet:
pSTeudorapic’iity | <2 Kinematics, particle identification,
S 3 g trajectory displacement
' v
[anti-kT ClusteringJ

article Transformer (ParT)
(2202.03772)

?

[DELPHES: CMS Cardj

pr:1, @ Liet Njet

truth info

[ PYTHIA j

?

- ~ (top jet) : Generative Model
MADGRAPHS aMC@NLO: pliop Je .| (Classification Surrogate)

tt hadronic and Z
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https://arxiv.org/pdf/2202.03772

- pick a jet event

- select the 100 events with py, 17, @, Ejet, Njet closest

0.025 - [ train set
o B 100 closest points
2 0.020 — target
L
5
o 0.015 -
(@]
S
5 0.010 -
(©
[
0.005 A
0.000 T . - .
600 800 1000 -2 -1
pPr
0.006 A
0.004 A
0.002 A
0.000 T . .
1000 2000 3000
Ejet

Sebastian Bieringer

0.20 A

0.15 A

0.10 -

0.05 -

0.00 -

1.50 A
1.25 A
1.00 A
0.75 -
0.50 -

0.25 -

0.00

ParT(events)

50

100
Njet

150

Efficient Posterior Sampling

occurence

102

101 -

109 -

Detector Smearing Distribution pASHH

| B 100 closest points
| =—— target

0.7 0.8
ParT output

0.9
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Detector Smearing Distribution pASHH

- pick a jet event
- select the 100 events with py, 17, @, Ejet, Njet closest

0.025 - [ train set 4 A 1.50 -
o B 100 closest points '
9 0.020 — target 3. 1.25 - ]
g 00 B 100 closest points
1. -
S 0.015 - { — target
0 27 0.75 -
5 0.010 1
E) 1 i 050 7
0.005 - 0.25 4
)
O
0.000 T T 0 - T T T 0.00 (-
600 800 1000 -2 -1 0 1 2 . Q
pr " s1ig™ 1 3
S
GEIGCYES))
0.20 1
0.006 -
0.15 -
0.004 -
0.10 -
0 2 4 6 8 10 12 14
0.002 - 0.05 - sig™! (ParT output)
0.000 . . . 0.00 . . !
1000 2000 3000 0 50 100 150
Ejet nJet
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The Generative Model

pr1, ¢ Liet, Njet

truth info

|

Conditional Flow Matching .
<o HOD =1 (cFm) [1,2] + Bayesian [3,1] pltop jet
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Variational Inference Bayesian CFM pnaAgHH

Continuous Normalizing Flow: Conditional Flow Matching:
- Flow ¢ : [0,1] X RY - R defined via - loss that does not ODE solving

[ 1,x0) = 75, 0)) | 7

%qbt(x) = V(X)) = V{x, 0) Zm(0) =&y A)

- solve the ODE to train and sample - by choice of p, and v,

- linear trajectory i )
- transforms probability distributions Zerm® =E, o |7 ((1 — 1)x, + te, g) _ (6 _ xo)
0gp~! o
p,(x) = pg (¢t—1(x)) det [ a; (x)] - not a log-Likelihood loss
L ) L y

-

J

Variational Inference Bayesian Conditional Flow Matching:

_ Bayesian loss Zpyn = KL |¢(0),p (0| x) | = — Jde q(0) logp (x| 6) + KL[¢(0), p(0)] + const.

_ connect both L5_cpy = <°CZCFM>9NQ(9) + cKL[g(0), p(6)], with g(8) uncorrelated Gaussian shape
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Adam-MCMC Bayesian CFM ‘DASHH

Continuous Normalizing Flow:

- linear trajectory

p(x) = po (¢ (x)) det

\

- Flow ¢ : [0,1] X RY - R defined via

d .
E@(X) = V(@/x)) = V(x,0)

- solve the ODE to train and sample

- transforms probability distributions

o,

0x )

J

\_

Conditional Flow Matching:
- loss that does not ODE solving

Lem(0) =

o || v = von ||

- by choice of p, and v,

Zcpm(0) =

—1,p(X),€

- not a log-Likelihood loss

_‘7} ((1 — )X, + f€, 6’) — (6 — xo)

- train the network with CFM

Adam-MCMC Bayesian Conditional Flow Matching:

- start Markov Chain from this point (independent of starting point):
- 1D problem: Solve ODE to get log-Likelihood of batch for update steps and acceptance rates

J

Sebastian Bieringer

Efficient Posterior Sampling
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Learned Detector Smearing Distribution DASHH

T
[ train set

o 0.006 A — target
O

C

g

=)

S 0.004 4

o

(V]

>

©

3 0.002 ~

0.000 .
600

pr=1786.2 GeV
10° AdamMCMC-CFM ParT
Conditional Flow Matching (CFM) j T Visc B
z o< A0, 1) + Variational Inference Bayes 10°
h —
o '_'—'
102 - = —_— —
Conditional Flow Matching (CFM) — _ —
2o A(0,1) + AdamMCMC D . .

ParT/B-CFM output
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Learned Detector Smearing Distribution DASHH

[ train set 0.4
° 0.006 A — target
< 0.3
g
-}
S 0.004
o 0.2
(O]
>
©
g 0.002 A 0.1

0.000 . . i 0.0
600 800 1000
Pr

zx N(0,1)

zx N(0,1)

+ AdamMCMC

000000

000000000000

Conditional Flow Matching (CFM)
+ Variational Inference Bayes

Conditional Flow Matching (CFM)

occurence

=
o
W

=
o
N

=
o
=

pr=530.2 GeV
: AdamMCMC-CFM ParT
1 —— VIB-CFM .
L
_l_l_l
— ]
0.0 0.2 0.4 0.6 0.8 1.(

ParT/B-CFM output
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Learned Detector Smearing Distribution DASHH

zx N(0,1)

zx N(0,1)

+ AdamMCMC

Conditional Flow Matching (CFM)
+ Variational Inference Bayes

Conditional Flow Matching (CFM)

occurence

=
o
w

=
o
N

[
o
=

pr=959.2 GeV

AdamMCMC-CFM

] —— VIB-CFM

ParT

.—J—’_'i
N

—

_\_\_\_l

0.0

0.2

0.4

0.6 0.8 1.(

ParT/B-CFM output
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Predicted ROC DASHH.

Loo ROC for 50000 jets ROC for 50000 jets with pr= € [530.2, 538.6] GeV Loo ROC for 50000 jets ROC for 50000 jets with pr= € [530.2, 538.6] GeV
—— B-CFM AUC = 0.9985 + 0.0003 —— B-CFM AUC = 0.9984 + 0.0003 —— AdamMCMC-CFM AUC = 0.9982 * 0.0005 —— AdamMCMC-CFM AUC = 0.9982 * 0.0005
1 — ParT, AUC = 0.9987 | — ParT, AUC = 0.9985 | — ParT, AUC = 0.9987 | — ParT, AUC = 0.9985
10_1 | m 10_1 E E

Fake rate
=
o
S
Fake rate
|_I
<

1072 5 3 1072 3
10_4 T T T T T T T T T T T T 10_4 I I I T T T T T T
Loo ROC for 50000 jets with pr= € [786.2, 856.8] GeV ROC for 50000 jets with pr= € [856.8, 1000.0] GeV 100 ROC for 50000 jets with pr= € [786.2, 856.8] GeV ROC for 50000 jets with pr= € [856.8, 1000.0] GeV
—— B-CFM AUC = 0.9984 + 0.0003 —— B-CFM AUC = 0.9983 + 0.0002 —— AdamMCMC-CFM AUC = 0.9980 =+ 0.0006 —— AdamMCMC-CFM AUC = 0.9982 + 0.0005
1 — ParT, AUC = 0.9985 1 — ParT, AUC = 0.9984 1 — ParT, AUC = 0.9985 1 — ParT, AUC = 0.9984
107 ; ;

1071 E ;

Fake rate
=
<
Fake rate
|_I
<

107 5 103 4

10_4 1 1 1 1 1 1 1 10_4 1 1 1
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 :
Efficiency Efficiency Efficiency Efficiency
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Unphysical Inputs

: 0.4 I 0.025
[ train set ' 0.150 0.0020 A
—— target J
o 0.006 0.020
: i 0.125
= : 0.3 0.0015 -
3 : 0.100 A 0.015 -
g 0.004 1 0.2
° . N 0075 _ 00010 T
2 0.010 A
© 0.050 -
o 0.002 i 4
o 0.1 0.0005 0.005
0.025 A
0.000 . . . — 0.0 . . . 1 0.000 . . . 0.0000 : 1 0.000 . . .
500 750 1000 1250 1500 -2 -1 0 1 2 -2 0 2 1000 2000 3000 0 50 100 150
pPr n ¢ Ejet nj

pr=1459.2 GeV

] AdamMCMC-CFM —
Conditional Flow Matching (CFM) 3 — VIB-CFM
2o /0,1) + Variational Inference Bayes 10"

Conditional Flow Matching (CFM) 10 L
2o A(0,1) + AdamMCMC |

0.0 0.2 0.4 0.6 0.8 1.(
ParT/B-CFM output
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0.006

0.004

relative occurence

0.002

0.000

0.4 1

0.3

0.2 A

0.1 A

Unphysical Inputs

0.0

0.150 ~

0.125 A

0.100 A

0.075 A

0.050 ~

0.025 ~

0.000

zx N(0,1)

zx N(0,1)

+ AdamMCMC

0.0020 A

0.0015 ~

0.0010 A

0.0005 A

0.0000

1000 2000 3000 4000

0.025

0.020 A

0.015 -

0.010 -

0.005 A

0.000 -

50 100 150
n.

Conditional Flow Matching (CFM)

Conditional Flow Matching (CFM) -
+ Variational Inference Bayes 10° ;

occurence

102 -

pr=959.2 GeV

AdamMCMC-CFM
— VIB-CFM

Mg ———
,—l_'_,_’i

0.0 0.2 0.4 0.6 0.8 1.(
ParT/B-CFM output

] I 1 — |
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Unphysical Inputs

I -
[ train set 0.4 0.150 4 [T T 1| 0.0020 4 0.025 A
0.006 - —— target
S 0.3 0.125 A1 0.020
3 ' 0.0015 -
§ 0.004 - 0.100 ~ 0.015 A
(@] .
2 0.010 -
o 0.050 A
0 0.002 0.1 - 0.0005 ~ 0.005 -
0.025 A '
0.000 0.0 . . . 1 0.000 . . . 0.0000 . . 0.000 = . . .
-2 -1 0 1 2 -2 0 2 1000 2000 3000 0 50 100 150
n ¢ E; n;

pr=959.2 GeV

AdamMCMC-CFM -

Conditional Flow Matching (CFM) 100 ] — — VIB-CFM
+ Variational Inference Bayes ; -
L — _\__,_I

zx N(0,1)

Conditional Flow Matching (CFM) -
z o H(0,1) + AdamMCMC . . . .

ParT/B-CFM output
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Conclusion DASHH.

pr=1459.2 GeV

 Adam-MCMC can provide improved error
estimates over more common Bayesian

architectures J

uuuuuuuuuuuuuuuu

 CFM model can can predict the in-

distribution behavior of a large classifier well L =
* Independent of detector-level data P "
» Can be shared with analysis s
I Hfrr
_ | —
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Effects of the Prior Parameter ¢ DASHH.

r

Bayesian Conditional Flow Matching:

_ Bayesian loss L zny = KL

_ connect both L5_cpv = <3CFM>QNQ(9) + cKL][g(0), p(0)], with g(0) uncorrelated Gaussian shape

9©0).p (01 x)

= — Jdé’ q(0) logp (x | (9) + KL[g(0), p(0)] + const.

107" -

10~ .

c = 0.01

ROC for 50000 jets

1

3

Efficiency

c =1 c = 100

ROC for 50000 jets 100 ROC for 50000 jets

10_13

10_3?

10_13

10_3?

Efficiency Efficiency

Sebastian Bieringer
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Effects of high inverse temperature 4 7DASHH.

rAdam-MCMC Bayesian Conditional Flow Matching:
| | | | | 3 exp (—AL,(7)) q(6;] 7))
Metropolis-Hastings correction: Accept new weight values with probability a =
' exp (—AL(0))) q(z;| 6))
- A gives the inverse temperature of a tempered Gibbs-Posterior p,(8 | D,) « exp(—4L,(8)) p(9)

A=1

ROC for 50000 jets
100 5

A =150

ROC for 50000 jets

A =100

ROC for 50000 jets

A =250

ROC for 50000 jets

A =500

ROC for 50000 jets

] — AdamMCMC-CFM AUC = 0.9975 + 0.0007
1 — ParT, AUC = 0.9987

—— AdamMCMC-CFM AUC = 0.9982 + 0.0005
1 — ParT, AUC = 0.9987

—— AdamMCMC-CFM AUC = 0.9983 + 0.0005
1 — ParT, AUC = 0.9987

] — AdamMCMC-CFM AUC = 0.9985 + 0.0005
1 — ParT, AUC = 0.9987

] — AdamMCMC-CFM AUC = 0.9984 + 0.0004
1 — ParT, AUC = 0.9987
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Effects of low inverse temperature 4 7DASHH.

a )
Adam-MCMC Bayesian Conditional Flow Matching:
. . . . . . exp (—4L,(7)) q(6;] 7)
Metropolis-Hastings correction: Accept new weight values with probability a =
exp (—AL(0))) q(z;| 6))
- A gives the inverse temperature of a tempered Gibbs-Posterior p,(8 | D,) « exp(—4L,(8)) p(9)
\ _/
A =0.01 A=0.1 A=1
100 ROC for 50000 jets 100 ROC for 50000 jets o0 ROC for 50000 jets
] =—— AdamMCMC-CFM AUC = 0.9983 + 0.0006 ] =—— AdamMCMC-CFM AUC = 0.9980 + 0.0005 —— AdamMCMC-CEM AUC = 0.9975 + 0.0007
1 — ParT, AUC = 0.9987 1 — ParT, AUC = 0.9987 —— ParT, AUC = 0.9987
107" 5 107 5 1071 -
$ 10 $ 10 £ o,
1073 1073 1073 |
10~4 - - 1074 - - - 10-4 . ] ._.—.' —
0.0 0.2 0.0 0.2 0.4

0.0 0.2 0.4 0.6 0.8 1.0
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What if only trained on truth? pASHH.

top jets

p T=-0.852 p.T=1.49 p_T =3.08

103 3 103 E 103 E
g ] 3 ] g ]
[ = 2 2 4 [ 2 E
g 1073 $ 102 5 S 102 5
i 3 g
3 1 3 ] 3 |

101 1 10! 5 101
= 1 5 1 S 1
2 10° 2 10° 3 2 100
- 0.4 - 0.4 - 0.4
c c s
2 3 a
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