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Motivation & definitions
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Primordial matter in heavy-ion collisions

QGP in experimental vs theory points

- By colliding heavy-ions we can form small o mKRe /
drop of the hot & dense primordial matter Ay f g

- No direct observations, just signatures:

jet-quenching, correlations, collective
effects, anisotropic flow...

- Need a complex description, including
QCD phenomenology, hydrodynamics,
(non-equilibrium) thermodynamics

Hydrodynamic
e Evolution
Initial state of QGF or hadron gas p— Freeze-out

£
4

Preequilibrium

Pre-Equilibrium
Phase (< 1)

o

b) with QGP g

Hadronisation g~ ol 5. Bass ;
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Elliptic flow (v,) in heavy-ion collisions

* Experimental point:

- Elliptic flow describes the azimuthal - s o

i . eripheral Collision (near) Central Collision

momentum space anisotropy of particle
emission for a non-central heavy-ion

collision. :9@_; q /r
at? &
)} YZ: vZ’z

Y
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Elliptic flow (v,) in heavy-ion collisions

* Experimental point:

- Elliptic flow describes the azimuthal
momentum space anisotropy of particle
emission for a non-central heavy-ion y i
collision. ;

- The 2" harmonic coefficient of the Fourier
expansion of azimuthal momentum

distribution:
3 2 00
E d°N _ d“N 1 s 0 Z v, Cos[n(qb - Wn)] Spatial anisotropy Azimuthal momentum space anisotropy
dp?>  pdpydy 2n r
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Elliptic flow (v,) in heavy-ion collisions

Experimental point:

- Elliptic flow describes the azimuthal
momentum space anisotropy of particle
emission for a non-central heavy-ion
collision.

- The 2" harmonic coefficient of the Fourier

. . Q0
expansion of azimuthal momentum B

distribution: >

EdSN L (1+2i [n(¢ )]
— V.. COS| R o
dp3  prdprdy 2x s 5

- The v, (pr,y) = (cos(2(¢p — y»))) directly
reflects the initial spatial anisotropy of the
nuclear overlap region in the transverse

plane.
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... and If the situation of calculating the
Vv, Is getting too problematic, then get...

...ex machina

G.G. Barnafoldi: SQM 2024 9



The input: MC-generated collisions
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The AMPT model for Pb-Pb collisions

* A Multi-phase transport model (AMPT): MC event generator for simulating p-A
and A-A collisions from RHIC to LHC energies.

HILIJING energy in HLJING

: . £ energy in
excited strings and minijet partons : excited strings and miniiet na

Sfragment into partons

Z.PC (Zhang's Parton Cascade)
till parton freeceout ZPC (Zhang's Parton Cascade)

till parton freeceout

recombine with parent strings

= s Quark Coalescence
Lund string fragmentation
= RT (A Rel g odel for hadr
A tivistic Transport ;
ART (A Relativistic Transport model for hadrons)

Default Version SM Version
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Building up the Machine Learning:
Input, test, and model validation
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Building up the ML structure

Machine Learning Basics

Independent Component
Analysis Regression
Analysis

- Neuron: Biological

Bayesian

Factor Analysis Model

Principal
Analysi
Component Analysis Tree

Support Vector
Supervised Machine

Learning

Unsupervised
k-means Learning

k-Nearest

Mac hine .I Classication Neighbors
Gaussian Learning

Mixture
Model

Hierarchical Clustering
Clustering

Random
Forest
Bi-Clustering

Extreme Learning

Deep Learning Other Machine

Main
Algorithms

Artificial
Neural Network
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Building up the ML structure

Machine Learning Basics
- Neuron: Biological

Cell body
a Axon Telodendria -

Nucleus { [
-

. Axon hillock |
=Y ¢ /Z_\\
. <o 7
/ ‘. ‘?,'_"\ Ef) p— p
e .

' “ Golgi apparatus
Endoplasmic =
reticulum N

Mitochondrion | Dendrite

\
/ \k Dendritic branches
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Building up the ML structure

Machine Learning Basics
- Neuron: Biological vs. artificial

Cell body |
Telodendria

r

d

(
Nucleus

Activation
function

} _ QOutput

e(+)

Axon hillock ) Input
#A\ signals |
" —— — - . .

"

Golgi apparatus . Summing

Endoplasmic junction
reticulum
X,y O
Mitochondrion \\ Dendrite -
& Synaptic
/ —> Dendritic branches weights
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Building up the ML structure

Machine Learning Basics
— ANN: Artificial Neural Network

Cell body

Hidden layers Output layer

Si
p . Synaptic terminals
: 4 Sy
4 Golgi apparatus =
'Endoplasmic /& :
reticulum
Sll!
Mitochondrion
Dendritic branches

G.G. Barnafoldi: SQM 2024 24



Building up the ML structure

Example: DNN with 2 layers

Input: Takes the features as inputs

Hidden layers: Connects to each neuron
through different weights

Output: Gives the result as a number or
class

y = F; (CFy(BF,(Ax)))

A, B, C represent the weight matrices
Fi, F,, F5 represent the activation functions

hg = F1(Ax)  hy, = F,(Bhg)

y = F3(Chp)

5
XU/
&
;.;

Vo
X
o§

output layer

input layer
hidden layer 1 hidden layer 2
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Building up the ML structure

Math & algorithms behind

- Weights dictate the importance of an input
- more important features get more weights h, = F,(Ax) h, = F,(Bh,)

- Activation function: mathematical function
that guides the outcome at each node
— Standardize the values

y = F3(Chy)

&

7
A
o

X

W
KRS —
‘\“'//\ . output layer

- Optimizer: Method (or algorithm) that input layer |
minimizes the cost function by automatically hidden layer 1 hidden layer 2
updating the weights

";¢

- Cost function: Evaluates the accuracy
between machine prediction and true value

<

)
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Building up the ML structure

(','M;/ CMS Experiment at LHC, CERN
"~ | Data recorded: Sun Nov 14 19:31:39 2010 CEST
/| Run/Event: 151076 / 1328520

Lumi section: 249

Estimation of elliptic flow using DNN
- Elliptic flow = Event property iy =

pr:205.1 GeVic

- Inputs = Track properties 100 :
- (n-¢) space is the primary input space i o, 700Gev
P
5
T 6
"
Serguei Chatrchyan et al., Phys.Rev.C 84 (2011), 024906
27
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Building up the ML structure

Estimation of elliptic flow using DNN

Inputs — Track properties
(n-¢) space is the primary input space
Three layers having different weights: p_,

Elliptic flow —» Event property

mass and /og(s,,/s,) weighted layers

E, (GeV)

100 -
80

60
40

20
0

serve as the secondary input space
6 m | B | 5] = B T =
IL.“ I:. [ | - ;1‘. I. L] 6 [ ] | I | | A : 4 6 = l-. I: | - :I ..I. J
. | ] .. | : n .. 6 | n l.. 3'_ -I-.:I. . | I.l
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Pb-Pb,

syn = 5.02 TeV, AMPT Simulation
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b CMS Experiment at LHC, CERN
_~ | Data recorded: Sun Nov 14 19:31:39 2010 CEST
1| Run/Event: 151076 / 1328520
Lumi section: 249

Leading jet
pr:205.1 GeVic

Subleading jet
py:70.0 GeVic

60
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Building up the ML structure

Input “pictures” for DNN
- Each space has 32 x 32 pixels (grids)

- Total number of pixel points =
32 X 32 x 3 = 3072 for each event

DNN with the following architecture
- Input Layer: 128 Nodes
- Three hidden layers: 256 Nodes each
- Final layer : 1 node (v,)

G.G. Barnafoldi: SQM 2024

| Input \Vector

‘ (3072, None)

Input Layer

(128, RelLU)

| Hidden Layer (1)

(256, RelLLU)

7

| Hidden Layer (11)
(256, RelLU)

.
Hidden Layer (llI)

(256, RelLLU)
.

Qutput Vector

(1, Linear)
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Building up the ML structure

Activation, optimalization, validation oLl .
- Input and hidden layers have RelLu | (z) =maz(0, z) \
Activation 6 | (128, ReLU)
— Output layer has Linear activation . [ Hiddon Layer ( I
- Optimizer: adam , Loss function: mse | E
"° (1)
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Optimalizing the ML structure

Activation, optimalization, validation

Input and hidden layers have Relu
Activation

Output layer has Linear activation
Optimizer: adam , Loss function: mse
Epoch: 30, Batch Size: 32x32
Training: 108 Events (~25 GB)

]3;111 Input MAE |Epoch Tige (jec) Trainable

size |neurons POC Iparameters

8x 8 | 192 10.0292| 18 1.679 189,569
16 x 16| 768 [0.0171| 28 1.909 263,297
32 x 32| 3072 10.0102, 30 2.684 558,209
64 x 64| 12288 |0.0113| 60 6.001 | 1,737,857

L

< 0.03

=
0.025
0.02
0.015

0.01

0.005
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Optimalizing the ML structure

Activation, optimalization, validation

Input and hidden layers have Relu
Activation

Output layer has Linear activation

Optimizer: adam , Loss function: mse
Epoch: 30, Batch Size: 32x32
Training: 108 Events (~25 GB)

]3;111 Input MAE |Epoch TiEe (T:C) Trainable

size |neurons POC Iparameters

8x8 [ 192 10.0292| 18 1.679 189,569
16 x 16/ 768 10.0171[ 28 1.909 263,297
32 x 32| 3072 [0.0102] 30 | 2.684 | 558209 |
64 x 64| 12288 |0.0113| 60 6.001 | 1,737,857

a
o 0.002004
—

0.001754
0.00150+4
0.00125-
0.001004
0.00075
0.000504

0.00025 -

0.00000+

— Training

—— \alidation
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Testing the ML structure

Activation, optimalization, validation

- Input and hidden layers have RelLu 3
Activation =

- Qutput layer has Linear activation

- Optimizer: adam , Loss function: mse

- Epoch: 30, Batch Size: 32x32
- Training: 108 Events (~25 GB)

- Validation: 10* Events
1 Nevents
Avy — ’Utrue B Upred.
’ Nevents —_— ‘ *n “o |

0.4

0.3
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0.2}

0.1F.

Pb-Pb, |5, = 5.02 TeV (min. bias) "

AMPT
| <0.8

Av, = 0.0073
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Testing the ML structure

Activation, optimalization, validation

- /2 L B B B B R

- Input and hidden layers have Relu Nl |
, , _ et ~JAMPT w=0.1

- Output layer has Linear activation % _ w: 0.5 W= 0.8 _

- Optimizer; adam , Loss function: mse Qq5- HEw-= ;-g Hw=15 .

W=_. -

- Epoch: 30, Batch Size: 32x32

- Training: 108 Events (~25 GB)

- Validation: 104 Events

- Error: effect of uncorrelated noise

Fij = Fij + Xijw 0 10 20 30 40 50 60 70
Centrality (%)
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v, éx machina
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Results on v,

Results on the training data & sets

- AMPT simulation: 5.02 TeV Pb-Pb
— works well [10%:60%] centrality
- low statistics/v, values out of this

vs centrality

015

0.05

Pb-Pb. |5, = 5.02 TeV

- ALICE, |An|>1.0
= AMPT
- DNMN

0.2 <p_<5.0[GeVic] ]

| < 0.8

AMPT/data

o 10
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20

40

50 60 70
Centrality (9a)
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Results on v, vs centrality

Results on the training data & sets
- AMPT simulation: 5.02 TeV Pb-Pb
— works well [10%:60%] centrality

- low statistics/v, values out of this

015

- DNN simulation: same parameters
- Follows well the AMPT
- Even including noise w=0.5

DNN/AMPT  AMPT/data

G.G. Barnafoldi: SQM 2024

Pb-Pb. |5, = 5.02 TeV

- ALICE, |An|>1.0
= AMPT
- DNN

0.2 <p_ <5.0[GeVic] ]
| < 0.8

Centrality (%a)
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Results on v, vs c.m. energy

Results on the training data & sets

- AMPT SimUIation: 502 TeV Pb'Pb g 0-2; I;’b-Pb,llfI%:E_lﬂzTeV. . | g 0-22 I;b-Pb,llfls_sz_l?ETeV.
. 15 ®ALICE.|An>1.0  02<p <50[GeVic] s 7
- works well [10%:60%] centrality — °*[ =awr <08 el -
F o+ DNN
0.1 0.1

- low statistics/v, values out of this

005 | 0.05 [

- DNN simulation: same parameters

- Follows well the AMPT g usf : PR :
J: : : :

- Even including noise w=0.5 S : 2 ;

. . ] % i5F t t :, : % : 3

- Predictions for other energies : e s pe— el
. . I e R A - e e -

— similar trends as on the training Centaity ) Centialey

- AMPT tune for 200 GeV is different
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Results on v, vs c.m. energy

Results on the training data & sets

AMPT simulation: 5.02 TeV Pb-Pb
— works well [10%:60%] centrality
- low statistics/v, values out of this

DNN simulation: same parameters
- Follows well the AMPT

- Even including noise w=0.5
Predictions for other energies

— similar trends as on the training

— AMPT tune for 200 GeV is different

AMPT/data

DNNAMPT
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Results on v, vs p..

...........................

Results on the training data & sets o~ 04—
L Pb-Pb, \s,,, = 5.02 TeV (30-40)%
- ALICE, An|>1.0
il < 0.8 =

- AMPT simulation: 5.02 TeV Pb-Pb :
0.3
- works well at 30%-40% centrality -

- |low statistics at high p,

= AMPT
—— DINN

[ AMPT/data
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Results on v, vs p..

Results on the training data & sets o 04
- AMPT simulation: 5.02 TeV Pb-Pb

0.3
- works well at 30%-40% centrality
- |low statistics at high p, =T
- DNN simulation: same parameters it
- Follows well the AMPT
- Even including noise w=0.5 g 5
B4
B 0.5
= 12
=
% 1
& o8
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.............................

Pb-Pb, |s,,, = 5.02 TeV (30-40)%

-e- ALICE, jAn|>1.0
= AMPT
—— DINN

nl < 0.8 =

.............................

FIIIII

-----------------------------
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Results on v, vs p..

Results on the training data & sets

] ] T . VS
- AMPT simulation: 5.02 TeV Pb-Pb > [ Pb-Pb, (5, = 5.02 TeV (30-40)%
— works well at 30%-40% centrality : 33 ly| < 0.5 ]
- low statistics at high p, i é:r,:¢ ;
- DNN simulation: same parameters 02k | s -:.ff"' i
@
- Follows well the AMPT
_ | _ [ DNN AMPT _
- Even including noise w=0.5 0.1 - pion .
T K= p+p ‘ = kaon
- PID dependency 7; = U; > 1, - & § AarEEr
—_ I - 0_. O PRI I e I ISR A el B
— DNN/AMPT=1 satisfied at low pr 0 oF 3 TE 5 e 3
- Interesting feature: turning point p. [GeV/c

— Coalescence scaling
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Results on v, vs p..

Results on the training data & sets

- AMPT simulation: 5.02 TeV Pb-Pb b
- works well at 30%-40% centrality
- |low statistics at high p, 0.3
- DNN simulation: same parameters =
- Follows well the AMPT 02
- Even including noise w=0.5
- PID dependency v% > 1K > B'P 01
— DNN/AMPT=1 satisfied at low pr )

— Interesting feature: turning point
— Coalescence scaling
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Scaling properties with PID

Centrality

The largest in case
30%-40% mid-central

Collision energy

The higher the energy
higher effect.

System size
AuAu, PbPb, XeXe
DNN

Follows well the trends
— scaling is encoded.

Center of mass energy

Centrality

>

[ Au-Au, ySon = 0.2 TeV, (0-10)%
b DNN AMPT Il < 0.8
o ® ==

- m K

p+p
< ¢ h*

Au-Au, s, = 0.2 TeV, (40-50)%

.
[

2T =4

Au-Au, s, = 0.2 TeV, (60-70)%

I T
-

Pb-Pb, YSy = 2.76 TeV, (40-50)%

T e =

£ =

_E:':,

Pb-Pb, Yy = 2.76 TeV, (60-70)%

E 5

F  Pb-Pb, {Suu = 5.02 TeV, (0-10)%
[ o
[ & .

#*ﬂsi%;

Pb-Pb, YSyy = 5.02 TeV, (40-50)% +

P

Pb-Pb, YSyy = 5.02 TeV, (60-70)%

E =

[Xe-Xe, Vs, = 5.44 TeV, (0-10)% -

[ Xe-Xe, |5, = 5.44 TeV, (40-50)% ]

-

e L

[ Xe-Xe., \s = 5.44 TeV, (60-70)% ]

:g:;

UL gagi s

0.5 1 1.5 2 2.5 3
P [GeV/c]

1 1 1 1 1 T
0.5 1 1.5 2 2.5 3
P, [GeV/c]
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Scaling properties with PID

Particle ID (PID)
The highest crossing

D, > %ﬁ azf;' N

Pb-Pb, YSu = 5.02 TeV, (60-70)% ] 3 1 T [ rrrd

point in pT appears at RN T_;W
the highest energies in { 1o o
o/_ANO ] P T C I I
case 10%-40%. e E
The measured values L
are larger than the B
AMPT & 1 DNN AMPT Expt. Data o
B b3 ® 544TeV [ Xe-Xe 7
DNN : o ® 502TeV [F1Pb-Pb o
s O m 276Tev (& Pb-Pb |
Follows well the trends L 4 & 027TeV i
1 11 S R N N TN NN TN AN TN NN T N T MU A N (N NN NN MY N N NN N A N A MR
" th? ttfa'”'”g AMFT | %0 10 20 30 40 50 60 7¢
simulations = scaling is Centrality [%]
encoded.
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Scaling properties with PID

Centrality

The largest in case
30%-40% mid-central

Collision energy

The higher the energy
higher effect.

System size
AuAu, PbPb, XeXe
DNN

Follows well the trends
— scaling is encoded.

Center of mass energy

Centrality

>

[ Xe-Xe, VS = 5.44 TeV, (0-10)%

Xe-Xe, fsNN = 5.44 TeV, (40-50)%

Au-Au, fS ., = 0.2 TeV, (0-10)% [ Au-Au, Yo = 0.2 TeV, (40-50)% Au-Au, Y5, = 0.2 TeV, (60-70)% ]
DNM AMPT Ml <08 i ]
— o ® = .
O - K -+ o - 5
+4 __‘\-t* o _% - *— 4
PP T = e - ]
N Ta® gﬂﬂ@ﬂ%ﬁ:ﬂi—j% ]
N oo L T = ———
A e — - ;
Pb-Pb, S = 2.76 TeV, (0-10)% I Pb-Pb, S, = 2.76 TeV, (40-50)% Pb-Pb, fS5,, = 2.76 TeV, (60-70)% ]
5 g ]
= - -.-sv e T .
T ¥ T t B ]
T = I g o 1
- - - 4 N : —g .
B ; 1= T — ]
B g e o ]
’!__It = =0 T N
Pb-Pb, Y5, = 5.02 TeV, (0-10)% I Pb-Pb, Y5, = 5.02 TeV, (40-50)% | Pb-Pb, S, = 5.02 TeV, (60-70)% ]
L - il { 4
- =T oo r i
L - -, e - - -3
Tt w_e— 1 ]
T ‘;«\ T ‘%—ﬁ‘i .
. [ T = . === hit
; . Tm la® ——
LaRFELTS=eg=e— ¥ e

] ‘t*ixi-?—#i .
L ~ 1 t‘ T . “**{% ]
s S T o y 5
0.5 1 - B . 7 - RN P - 05 1 TT9s
KEt/ng [GeV] KET/ng [GeV] KEt/ng [GeV] P
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Where can we improve
v, éx machina ?

G.G. Barnafoldi: SQM 2024
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Challenge #1: Results at higher pr

AMPT vs Data

— Does not fit well 0.4

above than few pr

Best at 30%-40% 0.3r
mid-central. o
— Need for more N

statistics 0.1}
AMPT vs DNN 0

— DNN follows well
the AMPT at any
energy & centrality.

DNN

Follows well AMPT but
NOT the high prdata
— need to improve!

—-0.1

................................. T
Pb-Pb, s, = 5.02 TeV (40-50)%
n*+n @ ALICE
lyl <0.5 &= AMPT
-~ DNN

0 T e e 0 12 14160 2 e T 012 14 60 2 e 10 12 14 16
P, [GeV/c] P, [GeV/c] P, [GeV/c]
+ + +p Baryons Mesons
ﬁ“z‘::»sz:»ﬁgp fyéry )?:»fvg )
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Challenge #2: Small Systems OO

* Tiny System

In OO the event
plane
determination is
a problematic »
all flat

* DNN

Follows the fake
trend —» Fake
scaling well :)

0.3

0.2F
™ E

.............................

0.1F

- 0-0,\5y =7 TeV, (0-10% + 0-O, YSun = 7 TeV, (40-50)% + 0-0, S = 7 TeV, (60-70)% .

05 1 15 2
p, [GeV/ic]
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Challenge #2: Small Systems OO

« Tiny System

0.3 — 0-0, YS_NN =7 TeV, (0-10)% —- 0-0, m =7 TeV, (40-50)% -1 0-0, "S_NN =7 TeV, (60-70)% —
In OO the event : ! 1 ;
plane S . 1 5
determination is 01F T ¥ ;

d problematic - O_W.aﬁs:ﬁszﬁzﬂz
all flat o v 2 °

* DNN

D N A

Follows the fake onf oE oo 3
trend - Fake s T 1 S S |
: ~oasf - — e -t —&—F :
scaling well :) orf BT 3 =T
i E = ="

Other method b ; e I : .

gives correct v;
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Conclusions

* Is it possible to estimate the elliptic flow by ML?
- Get best Min. Bias. Monte Carlo simulation data and train

the well-designed DNN system... [=]; I_‘;E:_:"!?JE
— More sophisticated NN, the less epoch needs Il;|:':'-3";-_I=.':I.- ...:.
- Un-correlated noise can be even w=1 Eﬂ'&jﬁ
- AMPT & DNN correlates well for all centrality [®] Rt

— Best correlation is for the highest statistic
- Energy scaling is well preserved (non-linear)
- The v,(p,) is also preserved with PID & NCQ
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Conclusions

Is it possible to estimate the elliptic flow by ML?

- Get best Min. Bias. Monte Carlo simulation data and train
the well-designed DNN system...

— More sophisticated NN, the less epoch needs
— Un-correlated noise can be even w=1

— AMPT & DNN correlates well for all centrality
— Best correlation is for the highest statistic

- Energy scaling is well preserved (non-linear)
- The v,(p,) is also preserved with PID & NCQ

What is missing...
- Test of correlated noise (detector setup, etc)
- Train with real data (for high-pt from ALICE)
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Thank You!
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BACKUP
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Testing the ML structure

Activation, optimalization, validation

- Input and hidden layers have RelLu ] |
Activation
- Output layer has Linear activation o
- Optimizer: adam , Loss function: mse 7
- Epoch: 30, Batch Size: 32x32 e W e —
- Training: 10° Events (~25 GB)
- Validation: 10* Events
- Error: effect of uncorrelated noise N
F,; = F; + X, j/w PR SR

G.G. Barnafoldi: SQM 2024 66



Scaling properties are in the DNN

Centrality

Centrality

The largest in case
30%-40% mid-central

Collision energy

The higher the energy
higher effect.

System size
AuAu, PbPb, XeXe
DNN

Follows well the trends
— scaling is encoded.
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Center of mass energy
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Scaling properties are in the DNN

Centrality

The largest in case
30%-40% mid-central

Collision energy

The higher the energy
higher effect.

System size
AuAu, PbPb, XeXe
DNN

Follows well the trends
— scaling is encoded.

Center of mass energy

DNN/AMPT DNN/AMPT

DNN/AMPT

DNN/AMPT

-

Centrality

>
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The AMPT model for Pb-Pb collisions

* A Multi-phase transport model (AMPT): MC event generator for simulating p-A
and A-A collisions from RHIC to LHC energies.

Fluctuating initial conditions: Initialization of collision is done by obtaining the
spatial and momentum distributions of the hard minijet partons and soft string
excitations from the HIJING model. The inbuilt Glauber model is used to calculate and
convert the cross-section of the produced mini-jets from pp to AA.

Zhang’'s parton cascade (ZPC) model is used to perform the partonic interactions
and parton cascade which currently includes the two-body scatterings with cross-sections
obtained from the pQCD with screening masses.

Hadronization mechanism: Lund string fragmentation model is used to recombine
the partons with their parent strings and then the strings are converted to hadrons,
whereas, in the string melting mode the transported partons are hadronized using a
quark coalescence mechanism.

Hadron cascade: scattering among the produced hadrons are performed using a
relativistic transport model (ART) by meson-meson, meson-baryon and baryon-baryon

Interactions. G.G. Barnafoldi: SQM 2024 69



Preliminary: results at higher pr

AMPT vs Data

— Does not fit well
above than few pr
Best at 30%-40%
mid-central.

— Need for more
statistics

AMPT vs DNN

— DNN follows well
the AMPT at any
energy & centrality.

DNN

Follows well AMPT but
NOT the high prdata
— need to improve!
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