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Hadronization

The conversion of a partonic system
consisting of quarks, anti-quarks, and

gluons (49,999, 99,9499, 94999, 99999, - - - )
to a final state consisting of hadrons

(h1,ha, ..., ~hy).
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Phenomenological models

Lund string model

(used in Pythia)
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Phenomenological models

Lund string model Cluster model
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Stringy hadronization: overview

Consider the simplest hadronizing system:

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

Treat this as a semi-classical system with
potential

V(r) = kr

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

—Z
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Stringy hadronization: overview

Consider the simplest hadronizing system:

A qq pair oriented along the z-axis, with equal and (B, —p) (E,p)

opposite momentum. — @) (@ —

With string breaks the system will produce

1) . . (B, — 6' )
g'q’ pairs out of the vacuum along the string. .~ P) @\ b Ph

Causally disconnected fragmentations: the full O .
hadronization event can be understood and ~
implemented from the dynamics of a single :

emission
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Stringy hadronization: kinematics
PT

Transverse momentum of hadrons stems solely
from the tunneling of q’'q’ pairs out of the vacuum
breaking the string

f
O
&
'

Implemented in practice by
giving quarks gaussian pr kicks

p>+p?
P (Das Py; Opr) = —5— €xp (— -, y)

pT pT

Tony Menzo Towards a data-driven model of hadronization



Stringy hadronization: kinematics
P P:

Transverse momentum of hadrons stems solely The momentum fraction z of each fragmenting
from the tunneling of q’'q’ pairs out of the vacuum hadron is sampled according to the

breaking the strin . .
° ? Lund fragmentation function

f 1—2)? —bm? p,+ E
h
y (_D y Z Z 2E
¢ The a parameter The b parameter
a=09 a=01 b=0.5 b=2.0
20f
150
. . 15}
Implemented in practice by 10! ol
giving quarks gaussian pr kicks 05! os |
2 4 p2 : : : : : : :
P o _ 1 (_Px y) 02 04 06 08 10 02 04 06 08 1.0
(P2; Py3 ) Top P oo b=1GeV~2,m, =1GeV a=05m; =1GeV
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Stringy hadronization: kinematics
P P:

Transverse momentum of hadrons stems solely The momentum fraction z of each fragmenting
from the tunneling of q’'q’ pairs out of the vacuum hadron is sampled according to the

breaking the strin . .
° ? Lund fragmentation function

f 1 — A2 Cbm? +E
h
© f(2) (-2 mexp — L), 2= D=7 ~h
y (_D y Z Z 2E
¢ The a parameter The b parameter
a=09 a=0.1 b=10.5 b=2.0
207
1.5¢
. . 1.5¢
Implemented in practice by 10! ol
giving quarks gaussian pr kicks 05! os |

1 p2 +p2 0‘2 0‘4 0'6 0‘8 1.0 0.2 0I4 0‘6 0‘8 1.0
P(pacap 70pT) = 7oz €XP <_ o2 ) ,
pT pT b=1GeV™*, m; =1GeV a=0.5,m; =1GeV
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Tuning

* Unavoidable discrepancies with data due largely

Model parameters must be to highly correlated parameter space
tuned on experimental -

;"1 0* E Charged Multiplicity (udsc) ;‘1 i Charged Momentum Fraction (udsc)
E ; L3 - bins = 10 E L3 :% bins
0] b serva b | es. g 10§ P (Monash) v % f . PY (Monash) e
° 4L —= PY8 (Default) 0.7 £0.1 5 - —5— PY8 (Default) 0.5 £0.0
e F —3¢-- PY8 (Fischer) 21402 A e - PY8 (Fischer) 0500
107¢ ¥oF
0% ) 10" %
Hadronization parameters a,b, and 10°E :
R F 102
Opr are tuned using event shape - :

. . . . 10’5 ; / Data from Phys.Rept. 399 (2004) 71 4 B Data from Phys.Rept. 399 (2004) 71
variables + multiplicity and e [N
momentum fraction distributions from . ]-g-& St s

e x X ‘ a ler
LEP (L3). F e IS
0'E;‘:l— 1 | 1 | | | | 0.6}
0 20 40 60

Monash Tune (a,b,Operp)

Cannot be improved by retuning
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Tuning

Promotes two lines of « Unavoidable discrepancies with data due largely
to highly correlated parameter space

invesitgation:
?02? Charged Multiplicity (udsc) g“ L Charged Momentum Fraction (udsc)

1. A search for more hadronization T s
sensitive observables that will allow  * ;. i B P o0
for independent parameter tuning 10 | i

::43 7 10°

2. An implementation of a new model ol ewememmesn TRl s o
of hadronization the incorporates RIS XW' L
additional degrees of freedom such §i‘-i‘};$%§mm&ﬁ§;§§/ Lo
that the model can accommodate Eg;gj‘“ s e

0

all data.

Monash Tune (a,b,Operp)

Cannot be improved by retuning
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How to improve agreement with data: two approaches

* Improve model

— MPIs, rope hadronization, transverse mass
supression, flavor asymmetries, hadronic
rescattering, multiscale models (string -
hydrodynamical), flavor selector, etc.

- Utilize techniques from gauge-gravity
duality

Hard to come up with
mathematically precise model
without established
calculational techniques
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How to improve agreement with data: two approaches

* Improve model * Tend towards model
— MPIs, rope hadronization, transverse mass independendence

supression, flavor asymmetries, hadronic

rescattering, multiscale models (string - — Sample directly from global
hydrodynamical), flavor selector, etc. distributions

- Utiliz_e techniques from gauge-gravity Non-universal and extremely
Auality difficult to convert into
Hard to come up with representative particle flow
mathematically precise model data

without established
calculational techniques
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How to improve agreement with data: two* approaches

* Improve model * Tend towards model
— MPIs, rope hadronization, transverse mass independendence

supression, flavor asymmetries, hadronic

rescattering, multiscale models (string - — Sample directly from global
hydrodynamical), flavor selector, etc. distributions

- Utilige techniques from gauge-gravity Non-universal and extremely
Auality difficult to convert into
Hard to come up with representative particle flow
mathematically precise model data

without established
calculational techniques

* or some combination of both
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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 i.e. strings
but modify the microscopic kinematics to accommodate
the discrepant global experimental observables.

The a parameter The b parameter
a=09 a=0.1 b=0.5 b=2.0

20+
1571
1.5¢

+ €

1.0
1.0t

0.5/ 05

02 04 06 0.8 1.0 02 04 06 038 1.0
b=1GeV~2, m, =1GeV a=05m,; =1GeV
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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 i.e. strings
but modify the microscopic kinematics to accommodate
the discrepant global experimental observables.

The a parameter The b parameter

i=09 a=01 =05 b=20 Machine learning
L ] (ML) offers a nice
1.0} +
v framework to tackle

this problem

02 04 06 0.8 1.0 02 04 06 038 1.0
b=1GeV~2, m, =1GeV a=05m,; =1GeV
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Steps to data-driven model

A) Implement a ML based model
that can fully reproduce Pythia
output
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Steps to data-driven model

A) Implement a ML based model
that can fully reproduce Pythia
output

B) Modify the microscopic
dynamics (kinematics) of the
model to accomodate any
discrepancies with
macroscopic observable
distributions
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19



A) A ML model of hadronization

To make any headway we need a tool which will allow us to

efficiently sample probability distributions whose analytic
form is unknown.

Generative machine learning algorithms are the
perfect tool

y
}
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Invertible nerual networks (INN)

" : 0—> 21—
Learn a composition of n independent

< . > Zn
- £L;
bijective transformations that relate a L(z,2) (\v ﬂ ﬂ l
E z

probability distribution pz(z) on latent —
space Z to the target distribution px(x)

zZ ¢ — 5
on target space X. Flow ;

C,———-» ---=C;
The probability distribution for the . . _
random variable x = f(z) is given For n iterative transformations:
by n
Pk (@) = pz(2)|det Jy(2)| ! P () = pz(zo) | [ 1det Iy, (zi-1)| ™
i=1

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

a.k.a normalizing flow f0) fa(z1) Fulen)

20— 2] —> - — Zp

Invertible Real NVP transformations: B T;
qu@ NN
z <—-J

le = z1©® exp (81 (22)) + tl(ZQ), —
zh = zo @exp (s2(2))) + ta(2}), Z Flow S
/ \ i Sy
Scale transform Translation Zl—C;)—T-*Z'l
transform > < sLt €S2t o
2y—d 4 (:D—%I——-»Z’Q
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Invertible nerual networks (INN)

a.k.a normalizing flow f0) fa(z1) Fulen)

20— 2] —> - — Zp

Invertible Real NVP transformations: B T;
qu) NN
z <—-J

z) = z1 ®exp (51 (22) ) + t1(22), —
zh = zo @exp (s2(2))) + ta(2}), Z Flow S
C,————» <3———=C;
Inverse:
zl—C;)—T»zl
n=(H-tE)oep(-sE),  2—< mne mn Y
21 = (2 —t(22)) O exp (— 5(22)), e e—Cl
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Invertible nerual networks (INN)

a.k.a normalizing flow f0) fa(z1) Fulen)

I 1 20 —> 2] —» - —> Zp
Py (x) =pz(20 det Jr, (zi—1)|" . €T;
x (@) ( )};[1‘ f:(zi-1)] L(z, %) ﬂﬂm i
Train with the negative log likelihood: B
. z +— Flow > T
LNy = _Zlogpff(wa;07ca) Ci————» 4====C;
a=1
= Z{ logpz (F~ (240, ¢q)) + log | det Jp-1(24) |} Zl—C;)—-!——’le
z— < S1. 11 € S2 19 S—
2y—d O—+—2)
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INN learned mapping
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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 Pythiaqq > 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.

000 025 050 075 100  1.25
pr
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Validation: single emission kinematics

cNF learned likelihood
PyTHIA

o
i

104

103 = 103
z

102 / 10.2

Tony Menzo
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Validation: global observable (hadron muitiplicity N)

17500 4 | Estring = 100 GeV
: PyrTHIA
15000 - i I AF
| == N =6.34+2.21
125001 N =6.384+2.19
= 10000 1
S :
© |
7500 1 i
5000 - |
2500 1 i PYTHIA
| _ = —e— NF
0 '_ T T IL T T T 1 6 B T T T T T
0.0 2.5 5.0 7.5 10.0 12,5  15.0 100 200 300 400 500
N (hadrons) FEstring (GeV)
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B) Training microscopic dynamics from
macroscopic observables

Task: Given a discrepant
macroscopic observable
between simulation and
experiment, find a way to
modify the microscopic
dynamics of the simulation
to accommodate the
observable.
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B) Training microscopic dynamics from
macroscopic observables

Task: Given a discrepant
macroscopic observable
between simulation and
experiment, find a way to
modify the microscopic
dynamics of the simulation
to accommodate the

observable. /

Akin to...

Texp 7é Tsima p(?}) —7
X o
[ _
/ )
[ _

° ®
0\

'/
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Microscopic Alterations Generated
from IR Collections (MAGIC)

Two step training paradigm:

1) Train a base model
a) Start from where we left off in step A

Tony Menzo Towards a data-driven model of hadronization
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Microscopic Alterations Generated
from IR Collections (MAGIC)

Two step training paradigm:

1) Train a base model
a) Start from where we left off in step A

2) Fine tune

a) Perturb the p; and pr single emission
distributions, generate and compare global
observable distributions, iterate

Tony Menzo Towards a data-driven model of hadronization
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MAGIC: fine tuning

Base model

Tony Menzo

Pz
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MAGIC: fine tuning

A A

Base model

= Base model

Pz
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MAGIC: fine tuning

A A
Base model — - = Base model
— = Experiment
. P . - .\ /‘, .\
Ve AR p
/s’ R '
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’ R4 ! :
’ /.’ L
’ . [
~/ / - u
/ 7 ‘_ |
/ R Vo
- - .
> L< \ Ly
D2 Observable
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MAGIC: fine tuning

Base model
Perturbed model

Tony Menzo

>
Pz

Towards a data-driven model of hadronization

A
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MAGIC: fine tuning

Base model
Perturbed model

This perturbation can, in
\ principle, be linked to a
change in the parameters of

the INN affine coupling
blocks i.e. the weights in one
of the scale or translation
MLPs

>
Pz
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MAGIC: fine tuning

Base model
Perturbed model

Tony Menzo

>
Pz

Towards a data-driven model of hadronization

A
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— = Experiment
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MAGIC: fine tuning

A road block:

Generally speaking at this point we would need to re-simulate events
in order to understand how the perturbation effects the macroscopic
observable distribution.

Re-simulating at each model update is computationally infeasible.
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MAGIC: fine tuning

A road block:

Generally speaking at this point we would need to re-simulate events
in order to understand how the perturbation effects the macroscopic
observable distribution.

Re-simulating at each model update is computationally infeasible.
The solution:

Use the NF likelihood to reweigh events!
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MAGIC: fine tuning

Base model
Perturbed model

Tony Menzo

>
Pz

A —- = Base model
— = Experiment

Perturbed rr_l_odel
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MAGIC: fine tuning

Base model
Perturbed model

Tony Menzo

>
Pz

A —:— Base model
— « = Experiment

Perturbed model

i
i
:
v |
i
i
g

Observable
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MAGIC: fine tuning

Base model
Perturbed model

Tony Menzo

>
Pz

A —:— Base model
— « = Experiment

Perturbed mode
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MAGIC: fine tuning

A A —-— Base model =-+= Perturbed model’
Base model .
ortiurbed el — « = Experiment
erturbed mode
, Perturbed model
Perturbed model 2T TN
/‘ ,/ \d 0/ \ .
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s AN
R SR
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MAGIC: fine tuning

Base model

Perturbed model
Perturbed model’
Perturbed model”

Tony Menzo

Pz

A —-— Base model == Perturbed model’

— = Experiment —-= Perturbed model”
Perturbed model .
P AT
/) R <‘ w/{\ ‘\
7/ ./ wx ‘\
/7 ./ “/ \ [\
R4 R4 R '\ ‘ i
VAR A 4 PO B
)0 W !
/ R4 R4 v 1
. / / . | -
/ . ,0 ‘ L] '
e 7 o
Iy s “i !
1, J/ \v
v, ] I
¢ \ |>
Observable
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Toy example
Three ingredients:

1. Event level observables Ys™ from base model simulated hadronization
events

2. (pz, pr) values for all fragmentations in each simulated hadronization
event

3. Event level observables Y®® from experimental distributions
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Toy example

Use hadron multiplicity N as global event-level observable

{pi ,pT} {ph= ,pT} {plhs ,pT 1, N, =3
z »MT z T MT z T z *MT z VT . 2 —
[l P} {02, oy} (ol p}{p py} {ple, p}], wm | N2=5
X = 9 Y - I
[{ph, Pl 3, {pz oY Np =2
HJZJ'\\;l Wy
2w F'( h; ,hi
Eventweights: w=| 77" " | whee w,="X <p;’p22),
: px (P2, p7')
N,
[12; wk
Loss (Earth mover’s distance): Lgup(YS™, w, YoP)
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Toy example

0.200 1

0.175 1

0.150 1

0.125 A

=

—_

S

(e}
1

Density

0.075 1

0.050 1

0.025 1

L

1 “Experiment” (a = 1.0)
[ 1 NF (base model) (a = 0.68)

o

0.000
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Toy example

Base model

—— mr = 0.1396
mr = 0.253
——= my = 0.3097

Tony Menzo

Fine tuned

0.020 1

0.0151

0.010+

Density

0.005 1

— myp = 0.1396
mp = 0.253
m7 = 0.3097
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Toy example

0.200 1

0.175 1

0.150 1

0.125 A
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—_
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(e}
1

Density

0.075 1

0.050 1

0.025 1

L

1 “Experiment” (a = 1.0)
[ 1 NF (base model) (a = 0.68)

o

0.000
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Toy example

0200 L [ 1 “Experiment”
0.175 - [ 1 NF (base model)
— [ 1 NF (fine tuned)
0.150 1
0.125 A
=
z
o 0.100 A
-
0.075 A
0.050 A
0.025 A
0.000 -—— : , . \—lﬁﬂﬁ |
25 50 75 100 125 150 175
N (hadrons)
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Toy example - comments

1. The solution provided by the network is not unique

a. More observables should further constrain
possible solutions
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Toy example - comments

1. The solution provided by the network is not unique

a. More observables should further constrain
possible solutions

2.Because MAGIC relies on reweighting event samples,
the target solution must have good coverage over the
base model i.e. be a ‘perturbation’ of the base model
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Conclusion

Invertible neural networks and the MAGIC training paradigm
together allow for the training of microscopic first emission
kinematics on macroscopic experimental distributions.

What's next: Full-fledged application (e* e)

MLHAD
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