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Introduction
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• Tuning of event generator models is needed to describe the structure of 
events not fixed by usual perturbative QCD calculations.

• Current workflow follows closely that in Professor developed by Andy, 
Holger and others in 2009, inspired by work at LEP in 1984.

Can we improve the workflow?
• tune parametric detector simulation,
• estimate backgrounds for new physics searches at LHC,
• tune a signal model to fit experimental observation,
• …

Can we use the workflow to do something more?
• use HPC to generate MC events that reveal the dependence of 

experimental observables on generator parameters,
• propagate uncertainties associated with MC events to tuning results,
• automatic selection of generator parameters to tune,
• automatic assign weights to experimental observables,
• …
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• Tuning of event generator models is needed to describe the structure of 
events not fixed by usual perturbative QCD calculations.

• Current workflow follows closely that in Professor developed by Andy, 
Holger and others in 2009, inspired by work at LEP in 1984.

Can we improve the workflow?
• use HPC to expand the number of parameters that can be tuned,
• propagate uncertainties associated with MC events to tuning results,
• automatically select the most relevant parameters to tune,
• automatically adjust the importance of different observables.

Can we use the workflow to do something more?
• tune parametric detector simulation,
• estimate backgrounds for new physics searches at LHC,
• tune a leading-order MC to high-order MC or Data.



Current workflow
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configurations
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Takes most of CPU time. (numbers 
are taken from ATLAS A14 tune, a 
global tune, as an example.)
1. many parameters to tune 

[>=10]
2. many configurations [>=500]
3. each configuration needs large 

amount of MC events 
[>=1million]

4. many physics processes [>=4]
5. many Rivet analysis [>=11]

https://cds.cern.ch/record/1966419


New workflow for HPC

 6

Job configuration

parameters to be tuned 

physics process 

rivet analyses 

Block

generate events

analyzer with Rivet analyses 

produce observables 

Interpolation, f(x|αs)

Professor

Reference data

LEP/.../LHC

Tuned generator
parameters

Master @HPC

create blocks

merge results 

A single job configuration 
manages productions 
executed by blocks.

Advantages include:
1. Events processed by all Rivet analyses in a single run.
2. Less intermediate steps
3. Events generated in parallel using full computation power of HPC
4. Allowing automated tuning.



New workflow, data, Professor
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Job configuration file
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Professor

Reference data
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Tuned generator
parameters

1. Extend reference data to include 
background control regions in 
new physics searches that has 
not been used for tuning before.

2. Use search data to tune 
parametric detector simulation.



Generator tuning with detector data
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• Generator tuning normally performed with ‘unfolded’ measurement data
Measurements often take years to complete and are limited in kinematic range
Search data available much faster in wider kinematic range

• Use fast simulation to model detector effects, and tune to search data
First results compare well with measurements

• Expands data that can be used and kinematic range
Tune event generators in phase space regions most interesting to LHC searches.
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Simulation tuning
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• The mechanism used for tuning event 
generators can be applied to tune parametric 
simulation.

Proof of principle with Rivet fast 
simulation, using the same tools and 
workflows as for event generation 
tuning.

• Parameters normally taken from papers 
published by the experiments

not always applicable to search regions, 
where these fast simulation are most used

• Can be extended to provide an LHC 
search-data based ‘tune’ of efficiencies and 
resolutions.



Above two results are only an introductory 
exercise to show what can be done in 
principle for a more difficult and useful 
case.
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New workflow, data, Professor
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1. Professor: lots of 
improvements on-going, only 
discuss the inclusion of 
systematic uncertainties.



Tuning with systematic uncertainties
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LHE3 Files with multiple event weights 

F&R scales

PDFS 

Showering options 

Rivet analyses 

d01-x01-y01

d01-x01-y01-w1 

d01-x01-y01-w2 

MergeSys

d01-x01-y01, with combined uncertainties

d02-x01-y01, with combined uncertainties

Interpolation, f(x|αs)

polynomial function

coefficients obtained from minization of a chi2-like
loss function



Tuning with systematic uncertainties
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LHE3 Files with multiple event weights 

F&R scales

PDFS 

Showering options 

Rivet analyses 

d01-x01-y01

d01-x01-y01-w1 

d01-x01-y01-w2 

MergeSys

d01-x01-y01, with combined uncertainties

d02-x01-y01, with combined uncertainties

Interpolation, f(x|αs)

polynomial function

coefficients obtained from minization of a chi2-like
loss function

      almost ready

    Not started yetPrototyping



Surrogate function
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Surrogate function f(x|α), computationally cheap function replacing expensive 
MC generation, is to model the dependence of observables on input parameters

Currently a polynomial function is used:the quadratic approximation for each bin of each distribution:

f(p0 + �p, x) = a(0)0 +
nX

i=1

a(1)i (x)�pi +
nX

i=1

nX

j=i

a(2)ij (x)�pi�pj (1)

⇡ M(p0 + �p, x) (2)

In equation (2), M(p0+�p, x) denotes the distributions of a physical observ-
able x predicted for a given set of parameter values p0 + �p, where p0 is a
central parameter setting and the �pi is the deviation of parameter pi from
the central setting. In the surrogate function (1), the first term corresponds
to the MC predictions from the central parameter setting p0, the second
term represents a linear approximation of the dependence of MC predictions
on the deviation of generate parameters �pi, and the third term includes
correlation terms between the generator parameters.

The m = 1 + n+ n(n+ 1)/2 coe�cients a(0,1,2) of the surrogate function
are unknown and determined by fitting Eq. (1) to ` reference simulation
distributions (` � m), generated with di↵erent parameter settings. This fit
is equivalent to solving a system of linear equations:

P ·A = M (3)

where M is the vector of model predictions corresponding to the parameters
p0+ �p(k), A is the vector of coe�cients a(k)i(j)(x), and P is a matrix in which
column k contains the parameter variations of model set k:

Pk,1...m = (1, �p1(k), . . . , �p
(k)
n , . . . , �p(k)21 , . . . , �p(k)2n , �p(k)1 �p(k)2 , . . . , �p(k)·�p

(k)
n

n�1 )

and k runs from 1 to `. In the Professor [2] implementation, the optimal
solution, for an overconstrained linear system (` > m), was obtained using a
standard singular value decomposition method.

2.1 Disadvantages

There are several disadvantages in the method. This method is not robust
against peculiar elements in M . If there are elements in M departing signif-
icantly away from standard deviations, the decomposition may fail resulting
wrong modeling the dependence of generate parameters on experimental ob-
servables. One can add a event filter to prevent that from happening.
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Effectively solve linear equations for A.

2

Without errors associated with M, it 
can be solved by pseudo-inverse or 
minimizing  the loss function:

The standard singular value decomposition method does not prevent the
surrogate function from overfitting data.

This method does not take into account systematic uncertainties associ-
ated with the simulation distributions.

3 Minimization of loss function

Solving equation (3) is equivalent to minimize a loss function

L = ||M � P ·A||

To incorporate the systematic uncertainties of M , we propose to minimize
the following loss function:

L = (M � P ·A)T ⌃�1 (M � P ·A) (4)

where ⌃�1 is the inverse of convariance matrix of M .

4 Uncertainties of tuned generator parame-
ters

To obtained tuned parameters, Ref [2] minimizes a �2 function:

�2 =
nX

i

[f(p0 + �p, xi)� di]2

�2
di

where f(p0 + �p) is the surrogate function, di is the experimental measure-
ment to which the generate parameters are fitted, and �di is the uncertainty
of the measurement. This formula does not take into account uncertainties of
the coe�cients in f and does not compose constraints on the parameters to
be tuned. To solve the two problems, we propose to replace the �2 function
by the following:

�2 =
nX

i

[di � f(p0 + �p, xi) · (1 + ✓ · �f )]2

�2
di

+ ✓2

where ✓ is a nuisance parameter that scales the deviation of the surrogate
function �f , which is defined as:

�2
f = J⌃JT

3
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A dummy example
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(Μ-P*Α)2

f(x|α) obtained by the minimization of 
the loss function including MC 

uncertainties results in smaller mean 
value and variance.

1. Assume we want to tune two parameters [x1, x2], use 2nd order polynomial 
function to model the dependance.
1. 6 coefficients in the polynomial function to be determined.

2. Generate pseudo-data for each [x1, x2] for 30 times, called 30 scans. Each 
pseudo-data is artificially assigned a 5% uncertainty.

3. Use three methods to estimate the 6 coefficients.
4. To judge which one is better, generate new pseudo-data and calculate the 

difference squared.



Summary and outlook
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• We showed proof-of-principle on two things tuning workflow can potentially do: 
Generator tuning with detector data,
Parametric detector simulation tuning.

• Following improvements have been brought to the workflow:
Generating MC events in parallel in HPC,
Inclusion of systematic uncertainties.

• Extending and simplifying automatic tuning will allow many important tests:
tune universality
• LO/multi-leg/NLO tune universality
• Underlying events/Multiple Parton Interaction universality

difference between hadronization models.
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