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o By eye: lots of time and manpower, hard to repeat
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@ Brute-force grid-scans: tough in higher dimensions of parameter space

@ Genetic algorithm: burns too much CPU, no convergence defined

(vet)
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o Restricted to 2" order polynomial for bin-wise interpolation
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(GENERATOR TUNING THROUGH THE AGES

By eye: lots of time and manpower, hard to repeat

@ Brute-force grid-scans: tough in higher dimensions of parameter space

Genetic algorithm: burns too much CPU, no convergence defined

(vet)
@ systematically:

o Bin-wise interpolation of MC generator response and x2 minimization
(DELPHI 1995, Hamacher et al.)

o 2" order polynomials account for parameter correlations

but:

e Code (fortran) not sufficiently flexible

o Restricted to 2" order polynomial for bin-wise interpolation
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A TOOL FOR SYSTEMATIC GENERATOR TUNING

DELPHI 1995, Hamacher et al.: bin-wise interpolation of MC generator

response and x2 minimization

Professor (arXiv:0907.2973, arXiv:0906.0075, arXiv:0902.4403)

“PROCEDURE FOR ESTIMATING SYSTEMATIC ERRORRS”

Pick up DELPHI idea

Use flexible python interface

Use quadratic or cubic interpolations

Respond to new (LHC) data quickly

o Validation of results possible in many ways

o NEW: GUI tool, uncertainty estimates

Holger Schulz Tuning with Professor 2/12



TUNING PROCEDURE IN PROFESSOR (1D, 1BIN)

©® Random sampling: N parameter points in n-dimensional space
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TUNING PROCEDURE IN PROFESSOR (1D, 1BIN)

©® Random sampling: N parameter points in n-dimensional space

@ Run generator and fill histograms

®
-
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TUNING PROCEDURE IN PROFESSOR (1D, 1BIN)

©® Random sampling: N parameter points in n-dimensional space

@ Run generator and fill histograms
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©® Random sampling: N parameter points in n-dimensional space

@ Run generator and fill histograms
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TUNING PROCEDURE IN PROFESSOR (1D, 1BIN)

©® Random sampling: N parameter points in n-dimensional space
@ Run generator and fill histograms

© For each bin: use N points to fit interpolation (2" or 3" order

polynomial)
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TUNING PROCEDURE IN PROFESSOR (1D, 1BIN)

©® Random sampling: N parameter points in n-dimensional space
@ Run generator and fill histograms

© For each bin: use N points to fit interpolation (2" or 3" order

polynomial)

(interpolation—data)?
error?

© Construct overall (now trivial) x? = Y 1.
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TUNING PROCEDURE IN PROFESSOR (1D, 1BIN)

©® Random sampling: N parameter points in n-dimensional space
@ Run generator and fill histograms

© For each bin: use N points to fit interpolation (2" or 3" order

polynomial)

(interpolation—data)?
error?

© Construct overall (now trivial) x? = Y 1.

© Numerically minimize using pyMinuit, SciPy
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e o b1n mterpolauon

Holger Schulz Tuning with Professor 3/12



TUNING PROCEDURE IN PROFESSOR (1D, 1BIN)

©® Random sampling: N parameter points in n-dimensional space
@ Run generator and fill histograms

© For each bin: use N points to fit interpolation (2" or 3" order

polynomial)

(interpolation—data)?
error?

© Construct overall (now trivial) x? = Y 1.

© Numerically minimize using pyMinuit, SciPy
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WORK FLOW AND TUNING STATUS

random parameter sampling

wig" Professor

/I)_’ perform tuning

A
Beam parameters

Number of events to generate R|Vet @

Generator specific parameters 7y

Analyses:

Hadron multiplicities
Am—’ Event shape variables
Z-Boson pr distribution
Underlying Event observables

pJoday 1uang DHNdaH
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PROFESSOR TUNINGS

e Pythia6: simultaneous tuning of

e 9 flavour parameters to LEP-data
e 6 fragmentation parameters to LEP-data
e 9 Underlying Event parameters to Tevatron-data

o Repeated for several pdfs
o Pythia8

o Repeated Pythia6-tune for flavour & fragmentation (new default)
o Underlying Event curently broken/unusable in Pythia8

e Jimmy
e Tuned Underlying Event parameters to Tevatron-data
@ Sherpa
o Currently, shower (AHADIC) is being tuned to LEP-data
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RESULTS

Nep density in toward region, Drell-Yan

Ny at /s =630 GeV, |n| <1, py > 0.4 GeV
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RESULTS

Nep in transverse region, min bias p1 average in transverse region, jet events
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TUNING UNCERTAINTIES (WORK IN PROGRESS)

Goal: establish a robust estimate of tuning uncertainties (confidence-belt)

We currently study two different sources of tuning uncertainties:

@ Statistical uncertainties — . .
exploit covariance matrix . “w
returned by minimiser (inspired plune ¢ e
by NNPDF approach) L

P Pt

@ Intrinsic systematics of the
Professor method: freedom
when parameterising generator

response
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CONFIDENCE BELT - WITHOUT PSEUDODATA

statistical uncertainties “systematic”’ uncertainties

Transverse region charged particle density
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CONFIDENCE BELT - ADDING PSEUDODATA

statistical uncertainties “systematic”’ uncertainties

Transverse region charged particle density

10 Transverse region charged particle density 1.0
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GUI-TtooL

Once the generator is parameterised, we can easily produce (approximate)

predictions of observables at any point in our parameter-space.

With prof-l (based on wxPython) we can do this interactively:

e adjust sliders (1 per parameter)

@ get observable predictions in real-time (running generator would take

~ O(days) and compare with reference data

@ investigate effect of parameter-shifts on two observables at a time
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Professor interactive

File Help

» pperp of Z boson in Pelectron Ppositron decays i Ntextch (transverse) for min-bias

RPOO+ - Ba

Obs 1 ‘ JCDF_2000_S4155203/d01-x01-y01 :I [ logy Obs 2: ‘ /CDF_2001_S4751469/d03-x01y02 % | [1legy [ showg.of.

PARP(64) scale of alpha_s ] Limits 1: Limits 2:

PARP(71) ME-FSR shower merging ol iset params| XMin - none | XMin Inone |
PARP(78) Colour reconnection — XMax ‘25 i XMax ‘.ZD i
PARP(79) Beam remnant x-enhancement || Reset limits 1]™N ‘None | Min ‘None |
PARP(82) UE cut-off Tl Max none | vMax Inone |
PARP(83) Hadronic matter distribution

PARP(90) UE energy evolution exponent 1

PARP(81) Width of primordial kt (=

PARP(83) Upper cut-off of primordial kt ™ !m‘
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Professor interactive

File Help

» pperp of Z boson in Pelectron Ppositron decays i Ntextch (transverse) for min-bias
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RPOO+ - Ba

Obs 1 ‘ JCDF_2000_S4155203/d01-x01-yo1 % | || logy Obs 2: ‘ /CDF_2001_S4751469/d03-x01y02 % | [1legy [ showg.of.

PARP(64) scale of alpha_s Limits 1: Limits 2:

PARP(71) ME-FSR shower merging [set DE,EN‘ XMin - none | XMin Inone |
PARP(78) Colour reconnection — |0.1689 XMax ‘25 i XMax ‘.ZD i
PARP(79) Beam remnant x-enhancement || 51‘1772 Reset limits 1 FM‘” ‘None | Min ‘None |
PARP(82) UE cut-off = [ Max none | vMax Inone |

Reset limits 2|
PARP(83) Hadronic matter distribution 1 e

PARP(90) UE energy evolution exponent 1
PARP(81) Width of primordial kt (=

PARP(93) Upper cut-off of primordial kt —_ ig 3402 |
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Professor interactive

File Help

» pperp of Z boson in Pelectron Ppositron decays i Ntextch (transverse) for min-bias

RPOO+ - Ba

Obs 1 ‘ JCDF_2000_S4155203/d01-x01-y01 :I [1logy Obs 2: | jcpF 2001_S4751469/d03-x01-y02 % | [1legy [ showg.of.

PARP(64) scale of alpha_s — 06665 Limits 1: Limnits 2:

PARP(71) ME-FSR shower merging 1l T DE,EN‘ XMin - none | XMin Inone |
PARP(78) Colour reconnection : L1 XMax ‘25 i XMax ‘.ZD i
PARP(79) Beam remnant x-enhancement — Reset limits 1]™N ‘None | Min ‘None |
PARP(82) UE cut-off — Max  [none | YMaX  [none |
PARP(83) Hadronic matter distribution

PARP(90) UE energy evolution exponent

PARP(81) Width of primordial kt

PARP(83) Upper cut-off of primordial kt 1
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SUMMARY

Professor is a mature tool for systematic generator tuning

e Have provided tunings for Pythia6/8, Sherpa, Jimmy

Tunings systematically under control, repeatable

°
e Can study effects of parameter-shifts interactively
e Working on quantification of tuning uncertainties

Thank you!

[@ A. Buckley et al., 2009
Systematic event generator tuning for the LHC
arXiv:0907.2973, accepted for publication in EPJC

>  Website of the Professor project (plots, howtos, exercises, .. .)

http://projects.hepforge.org/professor

If you are interested, contact us!
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Professor tunes in Pythia 6:

6.4.20 : 20 February 2009
- Comprehensive updates to PYTUNE, with the addition of the
"Perugia" and "Pro" tunes, following the MPI workshop in Perugia
in October 2008. The older tunes remain unaltered. The new
available tunes in PYTUNE are:
01d UE, Q2-ordered showers
--- Professor Tunes : 110+ (= 100+ with Professor’s tune to LEP) ----
110  A-Pro : Tune A, with LEP tune from Professor (0ct 2008)

111 AW-Pro : Tune AW, (Oct 2008)
112 BW-Pro : Tune BW, (Oct 2008)
113 DW-Pro : Tune DW, (Oct 2008)
114 DWT-Pro : Tune DWT, -"- (Oct 2008)
115 QW-Pro : Tune QW, -"- (Dct 2008)
116 ATLAS-DC2-Pro: ATLAS-DC2 / Rome, -"- (Oct 2008)
117 ACR-Pro : Tune ACR, -"- (0ct 2008)
118 D6-Pro : Tune D6, -"- (0ct 2008)
119 D6T-Pro : Tune D6T, -"- (Oct 2008)
--- Professor’s Q2-ordered Perugia Tune : 129
129 Pro-Q20 : Professor Q2-ordered tune (Feb 2009)
Intermediate and Hybrid Models
211 APT-Pro : Tune APT, with LEP tune from Professor (0ct 2008)

= New UE, interleaved pT-ordered showers, annealing CR ==
--- Professor Tunes : 310+ (= 300+ with Professor’s tune to LEP)
310 SO0-Pro : SO with updated LEP pars from Professor (Oct 2008)

311 S1-Pro : S1 -"- (Oct 2008)
312  S2-Pro : S2 -"- (0Oct 2008)
313 SOA-Pro : SOA -"- (0Oct 2008)
314 NOCR-Pro : NOCR -"- (Oct 2008)
315 0ld-Pro : 0ld -"- (Oct 2008)

—--- Professor’s pT-ordered Perugia Tune : 329
329 Pro-pTO : Professor pT-ordered tune w. SO CR model (Feb 2009)




2nd order polynomial includes lowest-order correlations between parameters

MGo(p) = F(B) = ag” + LB} i+ L3 ol pj
i i<j

Now use N generator runs, i.e. N different parameter sets x,y:

Xo
1 2 2
Vi X1 Y1 X3 X1 ,Bx
2 2
Vo L oo ya X3 xey2 Y5 By
: Vxx
VN XN YN Xy XNYN Yy Xy
Tyy
S~—— ~——
v (N values, i.e. N bin contents) P (N sampled parameter sets) ¢ (coeffs)

Therefore: | ¢, = Z[P]v | where 7 is the pseudoinverse operator.




¢, = I[PV

e Use Singular Value Decomposition (SVD), a general diagonalisation
for all normal matrices M:M = UL V*

@ Method available in SciPy.linalg

e Minimal number of runs = number of coefficients in ¢:
N =14 n4n(n+1)/2

min



¢, = I[PV

e Use Singular Value Decomposition (SVD), a general diagonalisation
for all normal matrices M:M = UL V*

@ Method available in SciPy.linalg

e Minimal number of runs = number of coefficients in ¢:
N =14+ n4n(n+1)/24 (n+1)(n+2)/6

min

cubic only



¢, = I[PV

e Use Singular Value Decomposition (SVD), a general diagonalisation
for all normal matrices M:M = UL V*

@ Method available in SciPy.linalg

e Minimal number of runs = number of coefficients in ¢:
N =14+ n4n(n+1)/24 (n+1)(n+2)/6

min

cubic only
@ Oversampling by a factor of three has proven to be much better

Num params, P N(2P> (2nd order) N(3P) (3rd order)

1 4

2 10
4 15 35
6 28 84
8 45 165
9 55 220



o If we have N generator runs: choose combinations of k (k < N) runs

@ So far: k= 3: Npyj, and k/N = 0.66

e Each combination — different parameterisation — (slightly) different

@ Investigate spread parameter-wise

minimisation result

g
& ¢ Nums = 194 (quadratic)
o% o Nums = 393 (quadratic)
® s Nus = 393 (cubic)
& * Best tuning estimate
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@ Sample points from a straight line in parameter space

@ Run generator, compare goodness of fit to that of parameterisation



@ Sample points from a straight line in parameter space

@ Run generator, compare goodness of fit to that of parameterisation

Parameter 2

- o

D Sampling hypercube

B Best tune

D Error ellipsis

__ Scan-line 1
(largest uncertainty)
____ Scan-line 2

(smallest uncertainty)

o

Parameter 1

Parameter point
on scan-line



@ Sample points from a straight line in parameter space

@ Run generator, compare goodness of fit to that of parameterisation

10
e T e I B e I o W

—— quadratic interpolation(s), Nyuns = 194
— cubic interpolation(s), Nuns = 393
® oscan MC data
- - min(x?/Nas) F 4

0.9




@ Sample points from a straight line in parameter space

@ Run generator, compare goodness of fit to that of parameterisation

N/ — quadratic interpolation(s), Nruns = 194
— cubic interpolation(s), Nruns = 393
® oscan MC data
- - min(x?/Ng) =4.6

Best tunet 4

0.1 0.5 0.9

p



@ Use covariance matrix determined by minimiser to calculate

parameter-parameter correlations

o Display provided as colour map or table

1.0 1.0
PARJ(1) PARI) s PARP(64) os
PARJ(2) PARP(71)
0.6 0.6
; PARJ(41)
PARJ(3) 04 PARP(78) 04
PARJ(4) PARI(4) 02 PARP(79) 02
PARJ(11) 0.0 C; PARP(82) 0.0 Cj
PARJI(12) PARI(47) —0.2  PARP(83) -0.2
-0.4 -0.4
PARJ(13) PARJ(81) PARP(90)
PARJ(25) =06 paRrp(1) —0.6
; _08 -0.8
PARJ(26) PARJ(82) PARP(93)
0 T T T T -1.0 -10
EEEE B B
EEEEEE
EE B8 EE




Observe lower x?/ Ngs-boundary:

x? — distribution of minimisation results

EN- —— Quad. Nruns = 12
Er;: r ‘“‘ —— = Quad. Nyyns = 18
5 N o Cubic Npyns = 20
10% |—
10"
PRI T TR T BN IR

1.5 2 2.5 3.5
X*/Nag

Oversampling is neccesary (at least 2 to 3 times Nnin):

Mean x?/Ng¢ vs. degree of oversampling

—— Quadratic (Nyin = 6)
— == Cubic (Npin = 10)

(X*/Nas)
AR

RARARRARRRRARRRRARS]

P = NI I A WIS IS WS B S|

1 15 2 25 3 35 4 45 5



One year DESY (Zeuthen) batch farm usage, CPU-time per user (Top 20)

genetic algorithm Professor
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LEADING TRACK

o Measure track-p| using only inner detector
o |dentify leading track = largest p; in event — defines ¢
@ Define “transverse” region, measure Ny acks, Scalar p-sum as

function of p , leading track

Direction of leading track
27
Transverse

Toward

Transverse

Away




TUNING UNCERTAINTIES

@ get cov. matrix P
Covariance matric C

piene @

P p1




TUNING UNCERTAINTIES

@ get cov. matrix

Covariance matric C C=T%T

ﬂ%
piune C_/ ptune piune \\ 1

P P P P

@ Eigendecomp.




TUNING UNCERTAINTIES

@ get cov. matrix

. Covariance matric C C=T"1%T
@ Eigendecomp.

N ﬂ\
@ Sample from G piue Q/ prure plume \\ @

P P P P




TUNING UNCERTAINTIES

@ get cov. matrix 2

El

Covariance matric C C=T%T

Eigendecomp.

172\
Sample from GN plune ptune pine / o
Stretch by o; C/

p1

Tine =

P pr



TUNING UNCERTAINTIES

@ get cov. matrix » 5
. Covariance matric C C=T"1%T
@ Eigendecomp.
o Sample from gN pt“"e ptune ptune ﬂm
@ Stretch by o;
@ Rotate back with T
ik p1 e B
2 .
. ° . . o
. o
pie L pjune )
tune

p1



CONFIDENCE BELT CONSTRUCTION

@ Estimate tuning uncertainties: use points sampled from ellipse
@ Run generator or use parameterisation to get bin-content prediction

© For each bin b and each observable O: determine central 68, 95 pct.

a
Q
a
[

al
53
al
53

68%

[ 68%

b b

— Use confidence belts for early data sensitivity studies, i.e., if we add
LHC (pseudo- ) data to the existing tune, does the confidence belt shrink?

If so, consider corresponding measurement worthwile for early data.



LEADING TRACK SENSITIVITY STUDY (GENERATOR LEVEL)

Pythia6 (tune 329) prediction for the LHC (/s =7 TeV)

_ Transverse region charged particle density

x4
+ LHC@7TeV pseudodata 1M events
Tuning uncertainty without pseudodata
1.0r
F I } }
> 0.8 ., =
& -
-
—~ 0.6
2
El +
S
&
0.4f
T
0.2r
0.0 -
0 2 4 6 8 10

pr(leadingtrack) / GeV



LEADING TRACK SENSITIVITY STUDY (GENERATOR LEVEL)

Pythia6 (tune 329) + 100k events of pseudo-data

Transverse region charged particle density

+ LHC@7TeV pseudodata 1M events
Tuning uncertainty with 100k events pseudodata

(pik) | GeV

o =} o =

2 o ® o
H

o
[N)

0.0 P} 4 6 8 10

pr(leadingtrack) / GeV




LEADING TRACK SENSITIVITY STUDY (GENERATOR LEVEL)

Pythiab (tune 329) + 1M events of pseudo-data

Transverse region charged particle density

+ LHC@7TeV pseudodata 1M events
Tuning uncertainty with 1M events pseudodata

=
2

o
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:

(pje) | Gev
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0.0 P} 4 6 8 10

pr(leadingtrack) / GeV
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