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Motivation

Precision (exclusive) measurements dependent on hadronization!

Uncertainty reduction

- Top quark mass measurement (ry)

- e*e determination of o
Mis-modeling
- High-multiplicity events

- Tuning discrepancies
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Three roads to improvement

* Improve model * Tend towards model

— MPIs, rope hadronization, transverse mass independence
supression, flavor asymmetries, hadronic _ o
rescattering, multiscale models (string - — Sample directly from global distributions

hydrodynamical), flavor selector, etc. Non-universal and extremely difficult

Hard to come up with mathematically to convert into representative particle
precise model without established flow data (uninterpretable)
calculational techniques

* Improve observables

— Come up with better, hadronization
sensitive (IR unsafe), observables

Non-trivial to come up with new
observables given current data resolution
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Hybrid data-driven approach

The phenomenological models of hadronization already give
an acceptable description of a large amount of data.
Hybrid approach: Keep the underlying paradigm e.g. strings but modify

the microscopic kinematics to accommodate the discrepant global
experimental observables.

The a parameter

a=09 a=01

02 04 06 08 1.0
b=1GeV~2, m, =1GeV
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Phenomenological models

Lund string model Cluster model
(used in Pythia) (used in Herwig)
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Phenomenological models

Lund string model
(used in Pythia)

(E _p) (E7 p)
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Cluster model
(11

HadML collaboration

For ML methods applied to
the cluster model:

220312660, 2305.17169,
2312.08453
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The algorithm (qq)
(£, —p) , (

1) Randomly select one of the string ends
2) Sample new quark flavor
3) Sample transverse momentum of new quarks
2 2
1 pL+D
P(pazapy§ UpT) = wo2 exXp (_ o2 . )
T pT
4) Sample longitudinal momentum fraction of

new hadron

(1 —2)® —bm4, _ P+ By
f2) o B g (221 2= B

5) Repeat steps 1-4
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The algorithm (qq)
— O A

1) Randomly select one of the string ends
2) Sample new quark flavor
3) Sample transverse momentum of new quarks
2 2
1 pL+D
P(pazapy§ UpT) = wo2 exXp (_ o2 . )
T pT
4) Sample longitudinal momentum fraction of

new hadron
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The algorithm (qq)

mrp
(E7 _p) — A
D — [
( A
1) Randomly s /\
2) Sample new 4 -
3) Sample tran ’

P(pz, Dy

4) Sample long
new hadron

Fz) o 1

z

5) Repeat step
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The algorithm (qq)
(E,—p) , (

1) Randomly select one of the string ends
2) Sample new quark flavor

3) Sample transverse momentum of new quarks
2 2
. 1 Py +p
P(pazapya UpT) — 702 exXp (_ o )
T pT
4) Sample longitudinal momentum fraction of
W= W+

new hadron

1 —2)@ —bm? ;T E
( Z) exp( mT)) z:p—h

f(z) o B 2 2F

5) Repeat steps 1-4
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The algorithm (qq)

(E,p)

(E7_ )
@) @) —

1) Randomly select one of the string ends
2) Sample new quark flavor

3) Samplatrancuerce mamentum of new anarke <\
»{ When Ecv goes below ~2GeV, finalTwo
is called. This can fail, when it does,
the full string system is re-simulated
from the beginning.

4) Samyj
new h

f(z)

Y

W+

exp
2z

5) Repeat steps 1-4
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The algorithm (qq)

(E,p)

(Ev— )
— @ @) —

1) Randomly select one of the string ends
2) Sample new quark flavor
3) Sample transverse momentum of new quarks

P(pxapy; OPT) — ﬁ

4) Sample longitudinal momentum fractlon of
new hadron

(1 —2)* —bm?3 _
f(z)ocTeXp( e T)’ °T T 9E

5) Repeat steps 1-4
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The inverse problem

Task: Given a discrepant
macroscopic observable between Texp # Tsim, p(v) =7
simulation and experiment, find a ’\ O
way to modify the microscopic /
dynamics of the simulation to ® v 1
accommodate the observable. ‘/

/ 0/ o \)\‘

Akin to...
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Micro from macro: big picture

Base model
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Micro from macro: big picture
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Micro from macro: big picture

Base model
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Micro from macro: big picture

Base model
Perturbed model
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Micro from macro: big picture

Base model
Perturbed model
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Micro from macro: big picture
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Micro from macro: big picture

A — = Base model
— « = Experiment

Base model
Perturbed model
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Micro from macro: big picture

Base model
Perturbed model
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Micro from macro: big picture
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Micro from macro: big picture
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Micro from macro: details

Base model

Perturbed model 1) Perform an analytic fit
of the Lund parameters
\ (traditional fit)

How to choose

perturbed model?
2) Perform an over-

parameterized fit (ML
fit)

Tony Menzo (U. Cincinnati) Data-driven hadronization models
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WA

Rejection Sampling with
Autodifferentiation (RSA)

2411.02194
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Kinematic reweighting (230s13459)

distributions for a different values of aand b
WITHOUT re-simulating?

f(z)

(1 - 2)e 2 Can | understand the change in observable
L
exp (%)

< <

Compute event weights i.e. ratios of probabilities

ali
Paccept (Zv ‘9 )
waccept - P

Rejection sampling:
accept (Z; 9)

Acceptance probablllty / _p (2:0)
accept 2
w p—
reject = — Paccept (Z; (9)

' Paccept —
T VRV Rejection probability /

= 0.5, = 1GeV ) _
¢ ML © Preject — accept
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Kinematic reweighting (230s13459)

distributions for a different values of aand b
WITHOUT re-simulating?

(1 - 2)e 2 Can | understand the change in observable
L
exp ()

<z

Compute event weights i.e. ratios of probabilities

Rejection sampling:

< waccept - (Z; 9)

Acceptance probablllty )

: 20) /g = LPED)

OFf : 2y t — =

| Paccept = P TP p(2:0)
o o os 1o Rejection probability

= 0.5, = 1GeV ) _
¢ L © Preject — accept
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Kinematic reweighting (230s13459)

distributions for a different values of aand b
WITHOUT re-simulating?

f(z)

(1 - 2)e 2 Can | understand the change in observable
L
exp ()

< <

Compute event weights i.e. ratios of probabilities

20
Rejection sampling: Waccept = p( ’. )
5 p(z;0)
Acceptance probablllty
/
: 2,0) — p(z0')
ol : 2 _ 2 wreJect A
7 accept — P (z, (9)
AN S Rejection probability Nrej.
02 04 06 08 1.0
_ _ w = w H w
a=0.5m, =1GeV Preject — accept accept 1 reject
1=
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Kinematic reweighting (230s13459)

Can | understand the change in observable

(1 — =)@ [ —hm?2 \

Tony Menzo (U. Cincinnati)

1 N
/ {mT ) acceptﬂ Zrejects
1 h
— ha 2
21 = {m acceptﬂ rejectj U
1 N
{m accept? reJect7 o
{ oAl o
i =z = m accept’ reJect7
1 2=
1 h4
1 {m acceptﬂ “reject?
0

Hadronization data-structure:

npy R
? “reject

nh21h2
’ “reject

nh35h3

? “reject

N hq :hl
? “reject

MNhy 5h4
’ Zreject

reject —

2

)

accept

M (k{0 b))
" H (f(zhl ;{a, b}B))

accept?

f f( reJect? {CL b}P)
g )

f f( I‘Q]@Ct’ {CL b}B)
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Kinematic reweighting (230s13459)

0.12 - (.
(0.68,0.98)
0.10 - 3 (0.72,0.88)
[ (0.64,1.08)

— 705 (0.72,0.88) — (0.68,0.98)

0.08 - e © [T (0.64,1.08) — (0.68,0.98)
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Applications

» Efficient means of exploring parameter space
* Inherently differentiable

* Very useful for tuning!

- Embed the computation of weights into numerical
autodifferentiation engine

- Picking new parameters in the update step facilitated by well-
developed optimizers (SGD, Adam, etc.)

Rejection sampling with Autodifferentiation (RSA)

Tony Menzo (U. Cincinnati) Data-driven hadronization models
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x>-loss landsca
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pe

(&) — )2

1.000
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E’XQ (ysimv yexp: ’UJ) — 0_2 + 0_2 0.950
7 sim,? exp,t
=1 ’ p; 0.925
0.65
0.5
1.1 e
_/7‘1/.6
1.0 -15~2
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The "“"score’’ observable

* Train a deepsets classifierto . e
distinguish simulation from Mode1 1
experiment g | L

g 47
- Takes full event information as = "
input
0
(E, Px; Py, p2)1
(E, Px Py P2)2 20
A
Use trained classifier output =
(score) as an observable 0 . | .

035 040 045 0.50 0.55 060 065 0.70

Tony Menzo (U. Cincinnati) Data-driven hadronization models 43



The "“"score’’ observable

* Train a deepsets classifierto

o
||||||||||
thththth

distinguis
experimel

- Takes fu
input

(score) as an observable
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Classifier score with full event

info improves tuning

convergence —

Tony Menzo (U. Cincinnati)

1.10

1.05

Target

Base

1Dz { N, }
204 {8y V)
3D : {81, 8,5, N1}
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No free lunch

Statistical power drops off

Model 1

Model 1

0.8

0.2

6 1.6
1.4 [ | 1.4
2
S
1.2 1L 12
= B H N | o e
1 B . B B ~ 10
o. 2
0.3 0.8
0.6 0.6
T T

quickly as you move away from

. . 050 075 100 125 150 050 075 100 125 150
the base parameterization a ) :
L] ase * arget
Model 2 : Model 2
N N 2
W (Doimqwi)” s "
,LL — Z N’ Neﬁ — N 2 1.4+ . 1.4 -
i=1 2 i=1 W m .
124 X - 12
= l ] o e
101 n [ | =~ 1o
0.8 B B ’ 0.8
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1.104| *  Target

® DBase ‘

Analytic form of (z) is useful but potentially limiting

cd when trying to describe data.
inf]

0 Can we extract the fragmentation

function directly from data?
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%
\M?;(VT CU/

2. Microscopic Alterations Generated
from IR Collections

(2311.09296) +

Histories and Observables for Monte
Carlo Event Reweighting
(2410.06342, 2412.xxxxX)

Tony Menzo (U. Cincinnati) Data-driven hadronization models
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N

N
Ny

(2311.09296)
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MAGIC

+

HOMER

(2410.06342, 2412.xxxXX)

Data-driven hadronization models
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Two methods

MAGIC HOMER

* “"Top-down" * "Bottom-up”

* Relies on the construction of * Relies on the reconstruction of a
an explicit likelihood classifier weight (derived from
(normalizing flow) the score) from a product of

string-break weights
* Must be embedded into the

simulation pipeline * No modifications to the

simulation pipeline required

Tony Menzo (U. Cincinnati) Data-driven hadronization models 50



MAGIC: Invertible nerual networks (INN)

a.k.anormalizing flow Fi0) fa(z1) Fu(on)

20— 2| —> - — Zp,

Invertible Real NVP transformations: ) T;
qu) NN I
z

z’l =z1 O exp (51 (22)) + t1(22),

/ / /
Zo = 29 ®exp (32 (zl)) + ta(27), N Flow — 7
/ \ C,————» <3———=C;
Scale transform  Translation Ot =2
transform Coor
Inverse: Z— < s1t €S2t — 2
22— (2 — £ (1)) Gexp (— 5(21), ol L

21 = (2) — t(22)) @ exp (s (22)).
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MAGIC: Base model

Data-driven hadronization models

NF
PyTHIA

Density
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MAGIC: Base model

17500 - i Ftrin 100 GeV
: ' PyTHIA
15000 - § —1 .8
A (Np) = 6.34 £ 2.21
19500 - (Np) = 6.38 £2.19
= 100001 §
O E
7500 1 :
5000 - |
2500 - §
0 — T T i T T T T
00 25 50 75 100 125 150
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121

111

107

‘7 o— PvTHIA
= —e— NF
6 = T T T T T
100 200 300 400 500
Es‘r.ring (G(’\r)
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MAGIC: qq

Use hadron multiplicity N as global event-level observable

[{pz ,pT} {ph ,pT} {phs ,pT 1, N, =3
pz P pz ) z z AR . N - 5
5 (ol o}, {pl2, 072}, (0 pT}{p it} {ole, v}, oy [T e
[{ple, i}, {pz Y Np =2
szj'\\[;ll W
2 /
. =1 Wj B (phi, pli
Event weights: w=|"""" where w; = 2 <phi p,f:.),
: px (P2t p7)
Hi@v:n1 Wy
Loss (Earth mover's distance):  Leup (V5™ w, YoP)
Tony Menzo (U. Cincinnati) Data-driven hadronization models
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MAGIC: qq

x 10*
3.0 7 U — Base _
] ‘\_ - 7
{ \ Sl 1
2.9 -~ \‘\'_\ Fine tuned 64
2.0 8
5 LY
1.5% 2%
- )
1.0 =
94
0.5
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0.07 | ;
0.0 0
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Training Ty = O(eh)\ . Step 1
Evaluation = / C y(l’)
Lexp.
r—>6h
= fh,
B S1 I_,w(eh) = 19(—2
S1 g ; — y(Zh)
accept :
: s B Step 2
S’ reject SNh e ip—>| C |——> w(eh) seeneny
h . Breaks '
: _‘N;,—l —w1 L,.'
6., P <[l 11,
data “Chains — Wy -
Simulated data Step 3

{Shest—> | R [ <<0—> faata(?)
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HOMER: qq

. Run |

—

Sl Sh SNda,ta

Histories

Accepted

/N

— — g

Shl' . .Shc' . .ShNh

Shcl” "Sheb”  "SheNy,

{z, ApT, m, fromPos, ﬁr_ﬁtrmg}hcb

»Ch
Chains l

f 3\

{mn1, En1,Pr1}

Breaks

{MANyq > EhNyaq s PhNpag )
Event
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HOMER: qq

[ 1. Data
[ Simulation
1 . 5 1 HOMER
Best NN
—~
N
S— 1 . 0
S~
~
0.51 A
0.0
1.2
= /\ —+= X* / Niins = 5706
—Jc_é 1.0_ _______ S s e = ¥ Nom = 35
m \ XQ /’ Nijns = 9

0.8
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SHAP values

Tony Menzo (U. Cincinnati)
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Conclusions

* RSA: flexible and scalable approach to parameter estimation
- Fully differentiable simulations

- Uncertainty quantification, flavor tune

* Data-driven fragmentation function extraction:

- HOMER and MAGIC offer as complementary methods

 HOMER + gluons (2412.xxxxx), flavor, tackle real data soon?
— Better observables needed

« HOMER x MAGIC MLHAD

« Better likelihood models? (MAGIC+)

, o . https://uchep.gitlab.io/mlhad-docs/
- Topology and simulation informed weights
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Conclusions

* RSA: flexible and scalable approach to parameter estimation
- Fully differentiable simulations

- Uncertainty quantification, flavor tune

* Data-driven fragmentation function extraction:

- HOMER and MAGIC offer as complementary methods

 HOMER + gluons (2412.xxxxx), flavor, tackle real data soon?
— Better observables needed

. HOMER x MAGIC MLHAD

 Better likelihood models? (MAGIC+)

. o , https://uchep.gitlab.io/mlhad-docs/
- Topology and simulation informed weights

Thank you :)
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Back-up
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Stringy hadronization: overview

Consider the simplest hadronizing system: It

A qq pair oriented along the z-axis, with equal and
opposite momentum. , .

Treat this as a semi-classical system with potential ¢ 4

V(r) = kr AN

A color flux tube forms between the qq pair and in
the absence of string breaks the system follows a
‘yo-yo' motion

—Z

Tony Menzo (U. Cincinnati) Data-driven hadronization models
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Invertible nerual networks (INN)

a.k.a normalizing flow F1020)  fa(21) fn(zmo1)

0 > 21 > -

=z . > Zn
Learn a composition of n independent T
bijective transformations that relate a Fﬁ(za z) ﬂ ﬂ ﬂ l
z

probability distribution pz(z) on latent —

space Z to the target distribution px(x) . -
on target space X. ] ’ Flow > xy

C,———-» ---=C;
The probability distribution for the .
random variable x = f(z) is given by For n iterative transformations:
Pk (@) = pz(2)| det Jp(2)| ! X (@) = pz(z0) [ ] I det J7, (zi-1)| !
1=1

Jr=0f/0x
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Invertible nerual networks (INN)

a.k.anormalizing flow Fi0) fa(z1) Fu(on)

r n 1 20 —> 2] —» - —> Zp
px(x) =pz(zo0) | | |det Jy, (zi—1)[” ; ;
[ et 73t c=s ENENEYN Iz
. : L Z ———
Train with the negative log likelihood: B
N zZ +——> Flow > IT;
Lye = — Y logpi(24; 6, ¢a) Ci---—>» J4====C;
a=1
—Z{ logpz (F~ " (wa; 0, cq)) + log | det Jp—1(24) |} Zl—C;)——!——>Z/1
Z—>< S1. 11 € S2 19 S—
2y—d—d (:D—%I——-»Z’Q
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INN learned mapping

66

Data-driven hadronization models
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INN learned mapping
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Training data

The implementation of full hadronization event using single emission kinematics
requires an independent pr sampling followed by a pr-dependent sampling of p,
sampling (due to the dependence of f(z) of transverse mass).

Generate Pythia qq > h
events, first with no pr
kicks at different values of
the hadron mass, record p..
Generate events again,
with kicks turned on,
record pr.

1.60 1.|25

pr
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