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Problem: Neutrino Kinematics

» Neutrinos are not directly observable
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Problem: Neutrino Kinematics

» Neutrinos are not directly observable

- Total neutrino transverse momenta is often measured by
the experimental proxy p7'*®

* No information about the longitudinal momentum
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Problem: Neutrino Kinematics

» Neutrinos are not directly observable

- Total neutrino transverse momenta is often measured by
the experimental proxy p7'*®

* No information about the longitudinal momentum

« Transverse momentum in final states with more than one
neutrino are under-constrained
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Problem: Neutrino Kinematics

» Neutrinos are not directly observable

- Total neutrino transverse momenta is often measured by
the experimental proxy p7'*®

* No information about the longitudinal momentum

« Transverse momentum in final states with more than one
neutrino are under-constrained

» Having some indication of the neutrino kinematics could
benefit a wide variety of analyses in collider physics

CERN IML Workshop 2022
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Our Approach

« Many options might be possible but not equally likely

« Can leverage information from the event to constrain this
likelihood?
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Our Approach

« Many options might be possible but not equally likely

« Can leverage information from the event to constrain this
likelihood?

« Trying to recover a degree of freedom 5 5
« Standard supervised learning might not be applicable
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Our Approach

« Many options might be possible but not equally likely

« Can leverage information from the event to constrain this
likelihood?

« Trying to recover a degree of freedom 5 5
« Standard supervised learning might not be applicable

* Propose to a conditional normalizing flow to learn a conditional
likelihood over the neutrino momenta
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Our Approach

« Many options might be possible but not equally likely
« Can leverage information from the event to constrain this

likelihood?
« Trying to recover a degree of freedom o 5 5 5 o
« Standard supervised learning might not be applicable
* Propose to a conditional normalizing flow to learn a conditional
likelihood over the neutrino momenta l
Solving Inverse Problems with Invertible Neural Networks Leverage an inductive bias
by Ullrich Kéthe Assume an underlying process!

CERN IML Workshop 2022
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Conditional Normalizing Flows

swapped notation

« Conditional normalising flows parameterise an
invertible map from x to z given y as conditioning /

inputs observation
* (y,x) can be seen as input/target training pair
N(0,T)
conditional INN

target

CERN IML Workshop 2022
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Conditional Normalizing Flows

« Conditional normalising flows parameterise an
invertible map from x to z given y as conditioning

inputs observation
* (y,x) can be seen as input/target training pair
« Training: Model runs forward for maximum likelihood
objective (0, 1)
conditional INN
Loss(y,x) = —log(px(x]y))

target

= —log(pz(fo(x1y))) — log(|det(J (x|»)))

]
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Conditional Normalizing Flows

« Conditional normalising flows parameterise an
invertible map from x to z given y as conditioning

inputs observation
* (y,x) can be seen as input/target training pair
« Training: Model runs forward for maximum likelihood
objective (0, 1)
conditional INN
Loss(y,x) = —log(px(x]y))

= —log(p;(fo(x|y))) — log(ldet(J(x|y)))  29€!

P < P
« Sampling: Model runs in reverse giving p(x|y)
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Conditional Normalizing Flows

« Conditional normalising flows parameterise an
invertible map from x to z given y as conditioning

inputs observation
* (y,x) can be seen as input/target training pair
« Training: Model runs forward for maximum likelihood
objective (0, 1)
conditional INN
Loss(y,x) = —log(px(x]y)) target
= —log(pz(fo(x1y))) — log(ldet(J (x]y)))
p(x|y) p(2)

« Sampling: Model runs in reverse giving p(x|y)

» Probability density can be used for model uncertainty
estimation

CERN IML Workshop 2022
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Case Study: Single Leptonic tt

« Mass of the top quark plays an important role in the SM
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Case Study: Single Leptonic tt

b
« Mass of the top quark plays an important role in the SM
1t /q
« Commonly studied process is the single leptonic tt decay LQQQ t wt
v/q
‘ —
q/l

S
|

999) q/v

CERN IML Workshop 2022




&

" UNIVERSITE ATLAS

DE GENEVE EXPERTMENT

Case Study: Single Leptonic tt

b
« Mass of the top quark plays an important role in the SM
1t /q
« Commonly studied process is the single leptonic tt decay LQQQ t wt
v/q
 Leptonic top (t;.,) reconstruction benefits from smaller A _
sensitivity to jet energy calibration and resolution /1

S
|

999) q/v

CERN IML Workshop 2022




&

" UNIVERSITE ATLAS

DE GENEVE EXPERTMENT

Case Study: Single Leptonic tt

« Mass of the top quark plays an important role in the SM

« Commonly studied process is the single leptonic tt decay LQQQ t wt

 Leptonic top (t;.,) reconstruction benefits from smaller A -
sensitivity to jet energy calibration and resolution a/
NI W
* t1ep Kinematics are not directly measurable due to the 999) q@
unknown longitudinal momentum of the neutrino in the
final state
b

CERN IML Workshop 2022
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Kinematic Solution

b
e |f we assume that
+ (p¥.py) = ('8, pys® )
* my, = 80.38 GeV t W
vV
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Kinematic Solution

b
e |f we assume that
. (p}c’,p}’) — (p)rcniss’pjr,niSS) I
« my = 80.38 GeV : w
_ N
« Can solve for neutrino’s longitudinal momentum: p) = B zba ~ac

a =mf —m? + 2(pLpy + pLpY)

a= (p)?-Ef
b = ap.

a’ 5
=7 - E{ (p1)?

CERN IML Workshop 2022
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Kinematic Solution

b
* If we assume that
 (pY.p)) = (", py™) :
* my, = 80.38 GeV t w
— Vh2_
. Can solve for neutrino’s longitudinal momentum: p? = —2= Zba fac
1%
« Gives two solutions with no preference
« Take the estimate closer to zero
« Consider both possibilities in any downstream tasks o =mi —m? +2(pLpY + pLp?)
a= (p;)*—E/
b = apl
aZ
c=—7 - Ef (pr)?

CERN IML Workshop 2022
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Kinematic Solution

b
* If we assume that
 (pY.p)) = (", py™) :
* my, = 80.38 GeV t
v - Biases results w
— Vh2_
. Can solve for neutrino’s longitudinal momentum: p? = —2= Zba fac
1%
« Gives two solutions with no preference
« Take the estimate closer to zero
« Consider both possibilities in any downstream tasks o =mi —m? +2(pLpY + pLp?)
a= (p;)*—E/
b = apl
a,z
c=—7 - Ef (pr)?
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Kinematic Solution

 If we assume that
miss’p)r,niSS) )

- (p¥,p}) = (P2

* my = 80.38 GeV t
v - Biases results w

. y . . _bi\/b2_4
+ Can solve for neutrino’s longitudinal momentum: p} = —= ©
v
« Gives two solutions with no preference Sometimes lead to
« Take the estimate closer to zero no real solutions!
« Consider both possibilities in any downstream tasks o =md, —m? + 2(pLpY + plpY)
a= (p.)*—Ef
b = apl
a? 5
¢=— —Ei (p7)?
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v-Flow for Single Leptonic tt

b
« Trained v-Flow specifically for the single leptonic tt process (QQQ 1t /q
t W+
v/q
A
a/l™
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v-Flow for Single Leptonic tt

b
« Trained v-Flow specifically for the single leptonic tt process (QQQ 1t /q
t W+
* Neutrino momentum likelihood is constrained by: v/q
« Inductive bias: single leptonic tt decay A e
« Event observables !
B SNE WD
p(p3|tt — blvbqq, observables) 999)
q/v
b
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v-Flow Overview

» Trained using Delphes simulated pp — tt — bqqblv

* Targets:
» Neutrino 3 momentum: py, py, 1"

« Conditioning observables: >
.. ‘ . » DeepSet
* Missing pr: p)rcmss, er]nlss pies | |Lepton | Misc >
* Lepton px; py) r’l; log(El); ID 4 ¢ ¢ J
. Misc: Njets ijets C Cz* —» Embedding Network
| B — — B
« Upto 10 jets: pl, v, nl, log(EY), btag P l .
2 o Conditional Invertible Neural Network <> g
B

—

*Where the C terms come from
the neutrino kinematic solutions:
b b? — 4ac

2a’ 27 2a

C1=—

CERN IML Workshop 2022
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Comparison to FF network

« Comparison to a feed forward (FF) network which can not recover the free parameter

FF Network )

>
‘ , —>»| DeepSet
[p"j’?i” [Lepton] [ Misc ]—)\

v 4 J
—»  Dense Network

L% S

v

Neutrino Momentum
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Comparison to FF network

« Comparison to a feed forward (FF) network which can not recover the free parameter

Event 5
FF Network 2 169 o uth

( -

> 1.4 4 — P + my Constraint Solutions
| —>» DeepSet s — VFF
iSS | : -2 1 —— v-Flow Inference
[p}"“ [Lepton] [ Misc |

) L
¢ ¢ J 1.0 -
' ™\ I
3y  Dense Network 08

4 J 0.6

v

, y 0.4
Neutrino Momentum [
\ J I
0.2 1
[
0.0 —"'Il.-'-l-l-"_u _._l-'J 1 T T
-35 -30 -25 -20 -15 -1.0 -05

nl.-'
Both networks could learn which
solution was preferable
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Comparison to FF network

« Comparison to a feed forward (FF) network which can not recover the free parameter

Event 5 Event 9
FF Network 3 107 o Truth 3 500 == Tt

g . .

> 1.4 4 — PI* + mw Constraint Solutions — p* + my Constraint Solutions
| —>» DeepSet — VFF L759 — wrF
555 | . 1.2 4 —— v-Flow Inference —— v-Flow Inference
miss 4
[pT | [Lepton] [ Misc ]—)\ \ 1.50
i I
Jy ¢ Lo l 1.25 -
© N
0.8 1.00 4
—»  Dense Network :
L ¢ J 0.6 0.75 1
( : 0.4 il
Neutrino Momentum I 0-30
0.2 : 0.25 - ]_LL
I
0.0 —-‘Il.-'-l"‘— . —"."J L, . 0.00 .
-35 -3.0 -25 -20 -15 -10 -05 -2 -1 1 2
n’ n’
Both networks could learn which No preference, FF network ends
solution was preferable up guessing in the middle
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» Neutrino kinematic distributions for different methods of generation
« v-Flow: Take one sample from p(x|y)
« v-Flow (mode): Take 128 samples keep one with highest likelihood
. 8 . 8 5
g == Truth g == Truth Y Trth
21— Miss 4+ myy Constraint 21— Miss 4+ myy Constraint — P>+ my Constraint
— VFF — VFF = WFF
e -FlOW e -Flow P v-Flow
61 — \-Flow(mode) 61 — \-Flow(mode) — wFlow(mode)
5 5 1 4
4 4+ -
3_ [ 5
3 3
.
2 2
1 14 1
°5e oo %o 0 50 100 150 °5e oo %o 0 50 100 150 O 25 5o 75 100 135 180 175 200
pY [GeV] p! [GeV] E’ [GeV]

Sampling from the flow matches Truth The other methods all induce a bias towards zero
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Results: Neutrino Kinematics
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« Transverse momentum performance with histograms of Reconstructed p, vs Truth p,

pMiss 4 m,, Constraint
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v
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15v
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15v
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« Transverse momentum performance with histograms of Reconstructed p, vs Truth p,

pMiss 4 m,, Constraint

v-Flow mode

— 150 — 15u — 15u — 15U
= = = = 6
v © @ D
U] [©] 2 [G]
o 100 o 100 B 1004 B 1001 s
a=] = = =]
@ a i) &
5] 9] 5] ]
= = Z 2
i 50 = 50 = 50 B 50 a
= [= = [ =
Q [] o o
() o [®) ()
ot 2 @ 2
o« 0l « od o« ol & o 5
h
—50 50§ —50 4 —50 ;
I. -
~100 ~100 —100 1% = ~100 H 1
—150 - T T T o =150 F o = T T T 0 —150 U T T T 0 —150 — T T T T 0
150 -100 -50 0 50 100 150 150 -100  -50 0 50 100 150 -150 -100 -50 0 50 100 150 150 -100 -50 0 50 100 150

Truth p¥ [GeV] Truth pY [GeV] Truth py [GeV] Truth py [GeV]

Networks offer marginal
improvement over using p7"°°
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Results: Neutrino Kinematics

« Transverse momentum performance with histograms of Reconstructed p, vs Truth p,

miss i d
pr > + my, Constraint v-FF v-Flow sample v-Flow mode
— — 15 u — 15U
%. 150 = 15u 6 S v — y = 6
] 6 O 2 E
:< :< = 5 =
o 1004 O 1004 O 100 o 1004 5
o o 5 o E
£ 5 g g g
= B so B s 4 5 s
E s & 4 2 G 4
5 B S S
(] o o (W]
{7} 7] U [T}
o 0 © 01 N = 01 3 = 0 5
F3
—50 50§ 5 —50 4 2 -50 5
2
I. -
-100 1 —-100 1 —100 | u 1 —100 =1 | 1
—150 - T T T o —150 = —= T T T 0 —150 T T T T 0 -150 — T T T T 0
-150 -100 =50 1] 50 100 150 -150 -100 -50 0 50 100 150 —150 -100 -50 0 50 100 150 -150 -100 -50 0 50 100 150
Truth p¥ [GeV] Truth pY [GeV] Truth py [GeV] Truth py [GeV]

Networks offer marginal

: : miss v-FF performance is similar to
improvement over using pr

v-Flow mode
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Results: Neutrino Kinematics

* Longitudinal momentum performance with histograms of Reconstructed p, vs Truth p,

p% + my, Constraint v-Flow sample v-Flow mode

— 150 T . — — 15u — 15u
= > =

3 =1 e 3 8 3

—_— —_ — 5 —_

& 100 CX o' 100 =S

= o p=] =

& ] g &

2 Z 2 2

Q o [=] o

2 g 3 3

& 0 4 [ 0 3

-50

0
-150 100 50 0 50 100 150
Truth p} [GeV]
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Results: Neutrino Kinematics
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* Longitudinal momentum performance with histograms of Reconstructed p, vs Truth p,

pr miss + my, Constraint

150

= >
E 6 w
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a2N ]
o 100 =X
h=] 5 O
@ &
£ S
=]

= 50 E
2 r4 c
S S
] ]
o ol o

F3

—50

—100 A

0
-150 100

T&V] / Truth p; [GeV]

Kinematic and FF methods strongly
biased towards zero

150 —150 —-100
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Results: Neutrino Kinematics

* Longitudinal momentum performance with histograms of Reconstructed p, vs Truth p,

miss i
pr>> 4+ my, Constraint v-Flow sample v-Flow mode

— 150 —w — 15u- e = v — 6
—_— —_— —_— 5 —_

a Q1001 s & 100 ey 5
-] 5 O -] -]
<] [ [ Q
S G I= ©
= = 2 o =
50 5 =

B P + e 2 ¢
Q [=] [=] o
(] o o (W]
g g g o &

-, 0 5 0 3

L, -50 4 2 -50 2 2

1 =100 1 —=100 1 —=100 1

0- 0 ~150 1 0 ~150 < . ‘ 0 -150 0

—150 —-100 =50 4] 50 100 150 —-150 100 150 —-150 100 150 100 150
Truth p} [GeV] Truth p} [GeV] Truth p? [GeV] Truth p} [GeV]

Kinematic and FF methods strongly

) v-Flow (mode) shows much better
biased towards zero

correlation
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Results: Neutrino Kinematics

* Energy reconstruction performance with histograms of Reconstructed E vs Truth E

pPss + my,, Constraint v-Flow sample _ v-Flow mode

| u | " | ol 7
i ll ] ] /,’ I: /:

200

175 A

Reconstructed EY [GeV]
Reconstructed EY [GeV]
Reconstructed EY [GeV]

Reconstructed EY [GeV]

- = T T T T T T 1 T T T T T T T 1
0 25 s0 75 100 125 150 175 200 0 25 50 75 100 125 150 175 200 0 25 50 75 100 125 150 175 200 0 25 50 75 100 125 150 175 200
Truth EY [GeV] Truth EY [GeV] Truth EY [GeV]

Truth EY [GeV]
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Results: Neutrino Kinematics

* Energy reconstruction performance with histograms of Reconstructed E vs Truth E

v-Flow sample v-Flow mode

m ?-II; ] l u | /,’
4

Reconstructed EY [GeV]
Reconstructed EY [GeV]
Reconstructed EY [GeV]

Reconstructed EY [GeV]

p | |
R T u T T T T 1 1 T T T T T T T 1
0 25 50 75 160 12I 5 15|0 1]:'5 2':')0 0 25 50 75 100 125 150 175 200 0 25 50 75 100 125 150 175 200 0 25 50 75 100 125 150 175 200

Truth E¥ [GeV] / Truth EY [GeV] Truth EY [GeV] Truth EY [GeV]

Kinematic and FF methods

. . v-Flow methods are better unbiased
negatively biased

estimators of the energy
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Results: Jet Reconstruction

« Looking at the invariant mass reconstruction of the leptonic W and leptonic ¢
* tis reconstructed using the correct b-jet (not guaranteed in data)

- ﬂ . -
z 10 1 == Truth Neutrino z == Truth Neutrino
] = PS5+ my Constraint 0.59 — p's* + my Constraint
| — wFF — VFF r
| —— wFlow —— wFlow !
|
101 { —— w-Flow(mode) 0.4 4 = vFlow(mode) 1

1072 1

1077

104

T T T T T T T B
a0 100 110 120 120 140 160 180 200 220
my, [GeV] Mpyy [GeV]
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Results: Jet Reconstruction

» Looking at the invariant mass reconstruction of the leptonic W and leptonic t
* tis reconstructed using the correct b-jet (not guaranteed in data)

z: mﬂ_; = = Truth Neutrino z: == Truth Neutrino
v-Flow | = pP's*+ m Constraint 0.59 —— pmss + my Constraint
—— \FF —— V-FF n
produces | — vFlow .[ —— VFlow )
i i i 10-! { =— wFlow(mode) 0.4 4 = vFlow(mode) P!
distribution ; i
closest to truth ' L
4
I
1072 1
v-FF -
undershoots

both masses

1077

Other methods
bias towards my,;, 1

T T T T T T T B
a0 100 110 120 120 140 160 180 200 220
my, [GeV] Mpyy [GeV]
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Results: Jet Reconstruction

» Looking at the invariant mass reconstruction of the leptonic W and leptonic t
* tis reconstructed using the correct b-jet (not guaranteed in data)

closest to truth

-
|
|
|

4

z: mﬂ_; == Truth Neutrino z: == Truth MNeutrino
v-Flow | = pP's*+ m Constraint 0.59 —— piss + my Constraint
| =— wFF —— V-FF rn _
prOduceS | —— wFlow -[ — Flow : : v FIOW mOde
distribution 1[)-1—E = y-Flow({mode) 0.4 4 = vFlow(mode) I : produces
! ! 1 distribution
|
I

closest to truth

0.3 - |

1072 1

v-FF
undershoots
both masses

v-Flow not as
good due to
extra variability

1077

i

Other methods
bias towards my,;, 1

mE e

T T T 0 T T T T T
90 100 110 120 120 140 160 180 200 220
my, [GeV] my, [GeV]
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X?: Downstream Task Example

« Don’t know which of our (up to 10) reconstructed jets
correspond to the by, byaa, 91, OF g3
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X?: Downstream Task Example

« Don’t know which of our (up to 10) reconstructed jets
correspond to the by, byaa, 91, OF g3

1+
- Can use the X fit (QQQ
» Test all possible jet permutations t wt
« Take permutation with smallest X? v

(m,, — 7nlv)2 n (mw - mqq)z N (my — Tnblv)2 n (mt - mbqq)z

Oy Oqq Oplv Obqq

X2 =

« ¢’s are taken from the RMS of mass plots using truth
associations

CERN IML Workshop 2022
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X?: Downstream Task Example

« Don’t know which of our (up to 10) reconstructed jets
correspond to the by, byaa, 91, OF g3

1+
- Can use the X fit (QQQ
» Test all possible jet permutations t wt
« Take permutation with smallest X? v

(m,, — 7nlv)2 n (mw - mqq)z N (my — Tnblv)2 n (mt - Tanq)2

Oy Oqq Oplv Obqq

X2 =

« ¢’s are taken from the RMS of mass plots using truth
associations

« Example of a method used in many combinatoric solving
approaches (X?, KLFitter, etc)
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X?: Association Results

« Association accuracy of the by, verses the number of jets
- Parton with highest dependance on neutrino in X? fit

« Events where the 4 signal jets were reconstructed

b;., accuracy 4 jets 5 jets 6 jets 7 jets 8 jets
Truth Neutrino 0.860 0.756 0.687 0.641 0.617
PP omy Consrant | 0783 0368 0467 0352 0368 o N (o0 Mencs
v-FF 0.775 0556 0431 0.363 0.317 factor of 1.04 to 1.32
v-Flow 0.803 0.626 0.519 0461 0.460
v-Flow (mode) 0.816 0.664 0.578 0.516 0.483
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 Looking at the invariant mass of blv using the b selected by the X? fit
+ ldealised refers to the truth neutrino and the correct by,

« Shaded regions are subset of events where X? yielded correct by,

piss 4+ m,,, Constraint

1 — ppiss + my, constraint, x?

——- Idealised

[ pPss+ my Constraint, x? (Correct)

rn
L

t=—
[m————————

-
1

e
T T T T T
120 140 160 180 200 220 240
myy, [GeV]

1.0 4

0.8 A

0.6

0.4 1

0.2 1

0.0

v-FF

——- Idealised
—— V-FF, y2
[ V-FF, ¥ (Correct)

t=—
jm——————

_oo“"

T T T
120 140 160 180

22‘0 240
My, [GeV]

1.0 4

0.8 A

0.6

0.4 1

0.2 1

0.0 -

v-Flow sample

——- Idealised

1 —— v-Flow, X2

v-Flow, y2 (Correct)

1
L

r
I
I
I
I
-

i |

I
I
-

1
I
L

-
I..|_“"_

T T T T
120 140 160 180 200

22‘0 240
My, [GeV]

1.2 A

1.0 4

0.8 A

0.6

0.4 1

0.2 1

0.0

v-Flow mode

——- Idealised
—— v-Flow(mode), x2
[ v-Flow(mode), y2 (Correct)

rn
[

I
I
I
-

-
|

T T T T T T
120 140 160 180 200 220 240
myy, [GeV]




1.0

CERN IML Workshop 2022

X?%: Masses

> UNIVERSITE
DE GENEVE

ATLAS

EXPERIMENT

é *—
q :

 Looking at the invariant mass of blv using the b selected by the X? fit
+ ldealised refers to the truth neutrino and the correct by,

« Shaded regions are subset of events where X? yielded correct by,

miss ;
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Flow models perform much
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Conclusions

« Demonstrated an approach of using normalizing flow for neutrino momentum regression
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Conclusions

« Demonstrated an approach of using normalizing flow for neutrino momentum regression

» Presented its case over standard kinematic or feed forward approaches in single leptonic tt
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Conclusions

« Demonstrated an approach of using normalizing flow for neutrino momentum regression

» Presented its case over standard kinematic or feed forward approaches in single leptonic tt

* Observed that the flow improves momentum estimation particularly in longitudinal direction
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Conclusions

« Demonstrated an approach of using normalizing flow for neutrino momentum regression

» Presented its case over standard kinematic or feed forward approaches in single leptonic tt

* Observed that the flow improves momentum estimation particularly in longitudinal direction

» Reconstruction with the flow yields better mass distributions for the W and leptonic ¢
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Conclusions

« Demonstrated an approach of using normalizing flow for neutrino momentum regression

» Presented its case over standard kinematic or feed forward approaches in single leptonic tt

* Observed that the flow improves momentum estimation particularly in longitudinal direction

» Reconstruction with the flow yields better mass distributions for the W and leptonic ¢

« Demonstrated benefits in example downstream task of jet association
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Future Work

ArXiv document in progress

Investigate agreement of conditional likelihood

distribution with targets (uncertainty)

Move on to multiple neutrino production 5

* Individual transverse momenta are under-constrained

Integrate with downstream ML tasks

CERN IML Workshop 2022




5O

UNIVERSITE ATLAS

DE GENEVE EXPERIMENT

¢S S
- @
9] o)
N,

S

(GE]

Thank You

CERN IML Workshop 2022




s

" UNIVERSITE ATLAS

DE GENEVE EXPERTMENT

Normalizing Flows

* A normalising flow is a transformation that typically maps a complex distribution pyx(x) into a simple
distribution pz(2)

 Z = f(X) with an invertible and differentiable f(x)

X f Z

“diffeomorphism”

>
<
f—l
» Taking px(x) to be the complex distribution over our data
« Can perform exact density estimation: px(x) = pz(f(x))|det(J (x))| INN layers need to be
« Can generate new data by sampling py:  Sample p,(-), compute f~1(2) invertible and a Jacobian

that is easy to calculate

* In practice we use an invertible neural network (INN) to parameterise fg

» Usually train with INNs for generation using maximum likelihood objective for observed data:
Loss(x) = —log(px (x)) = —log(pz(fy(x))) — log(ldet(J (x)))
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Network Hyperparamers

DeepSet:Feature Network

5(11)->Linear->LeakyRelLU->LayerNorm->64
64->Linear->LeakyRelLU->LayerNorm->64

64->Linear->8

DeepSet: Attention Network

CERN IML Workshop 2022

5(11)->Linear->LeakyRelLU->LayerNorm->32
32->Linear->LeakyRelLU->LayerNorm->32

32->Linear->1

DeepSet: Attention Network

8(11)->Linear->LeakyRelLU->LayerNorm->64
64->Linear->LeakyRelLU->LayerNorm->64

64->Linear->8

Each row is a layer showing:
Inputs(conditional inputs) -> operations -> outputs(residual)

Embedding Network
* 19->Linear->LeakyRelLU->LayerNorm->64

* 64->Linear->LeakyRelLU->LayerNorm->64(add)
* 64->Linear->32

ROSParamNetwork
2(32)->Linear->LeakyRelLU->LayerNorm->64
64(32)->Linear->LeakyRelLU->LayerNorm->64(add)
64->Linear->LeakyRelLU->LayerNorm->64(add)
64->Linear->29
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Network Training

Training was done using the negative log likelihood as the loss

function using the Adam optimizer with early stopping performed 2.0 1 — tain
on a 10% holdout validation set. —— valid
« Training set size: 528921 L5 -
« Validation set size: 58768
@ 1.0-
@)
- - . _I
Other training parameters: 05 -
« Batch size = 256
« Gradient norm clipping =5 0.0 1
« Early stopping patience = 30
-0.5
6 160 2(|)0 360 460
The learning rate followed a cyclic asymmetrical cosine schedule epoch

with a period of two epochs. Each cycle the learning rate would be
ramped up from O to 5e-4 and then back down to 0. The fraction of
the cycle used for warmup(cooldown) was set to 0.3(0.7).
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X?: Association Results

* Association accuracy of the by, binned by the number of jets
- Parton with highest dependance on neutrino in X? fit

* Performed for all events (no selection)

b;., accuracy 4 jets 5 jets 6 jets 7 jets 8 jets
Truth Neutrino 0.555 0.590 0.579 0.553 0.548
PP cmy Consran | 0505 0451 0400 0309 0331 o vEeN(no0e) mireves
v-FF 0.502 0442 0373 0.313 0.293 factor of 1.04 to 1.33
v-Flow 0.521 0.495 0.444 0.398 0.405
v-Flow (mode) 0.526 0.522 0.490 0.449 0.439
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