
A new approach to experimental design 

based on learning in non-stationary 
conditions

Authors: A. Murari, M. Lungaroni, E. Peluso, P. Gaudio and 
M. Gelfusa



Data Driven Theory for Experimental Design

Data driven
Model building 

• Data driven theory 

is a new approach 

to model building 

directly from data 

which makes 

systematic use of 

the calculating 

power of modern 

computers. 

• Here a new 

procedure is 

proposed to use 

these tools for the 

planning of new 

experiments. 



• One of them most important challenges to Machine

Learning, and modern statistics in general, is learning

in nonstationary conditions (when the systems

evolve).

• The typical i.i.d. assumption at the basis of ML is

therefore violated.

• The i.i.d. assumption (data independent and

identically distributed) means that the results are valid

only if the pdf of the data are the same for the training

set, the test set and the final application

• A typical violation is the planning of new experiments,

which are typically designed explicitly to explore new

regions of the operational space.

Learning in non stationary conditions



The issues behind the design of new experiments can

be understood using a Bayesian framework:

Designing new experiments: background

P(y )= P(y|x=𝑥𝑖
𝑝𝑒

)P(𝑥𝑖
𝑝𝑒

) (1)

where the superscript pe indicates previous experiments,

P(y|x=𝑥𝑖
𝑝𝑒

) is the conditional probability and P(𝑥𝑖
𝑝𝑒

) the

prior.
With new experiments one wants to learn:

P(y) = P(y|x=𝑥𝑖
𝑛𝑒)P(𝑥𝑖

𝑛𝑒)   (2) 
where the superscript ne indicates new experiments.

The aspect of the experimental design addressed is

the identification of the best 𝒙𝒊
𝒏𝒆 to learn P(y|x=𝒙𝒊

𝒏𝒆)

in (2) from the equivalent quantities in (1).



The problem of designing new experiments is traditionally addressed with

covariate shift methodologies, which basically simply weight more the data

close to the region when the new experiments will take place.

Designing new experiments: traditional approach

Of course this approach is of limited use because it assumes that

a) the region of the operational space in which to collect new

data is known in advance b) it provides only a partial modelling of

the system c) the conditional probability of the system does not

change.

y



Outline

I. Symbolic regression/Genetic programming to extract 

models directly from the data with flexibility in the “a 

priori” assumptions about their mathematical form

II. Identification of the best region of the operational 

space to perform new experiments falsifying previous 

models

III. Applications and Conclusions



Overview of SR via GP

Nonlinear fitting is applied 
to the solutions identified 
with the Pareto Frontier (PF) 
to obtain the confidence 
intervals. 

Falsification with 
experiments

s



Pareto Frontier and Non-linear Fitting

Very often the phenomena investigated are so complex that 
the data are not sufficient to provide a unique solution with 
SR via GP.  A pool of possible good solutions to the problem, 
is obtained computing the Pareto Frontier (PF). 

• The Pareto Frontier (PF) is 
the subset of models which 
are the best for each level of 
complexity. The PF presents 
typically a L shape and the 
models around the inflexion 
are the ones retained. 

• Non-linear fitting allows 
associating a confidence 
intervals to the models.



Experimental design: overview 

1. The database of past experiments is analysed with SR via GP,

selecting the reasonable candidate models on the basis of the

Pareto Frontier.

2. After application of the nonlinear fitting procedures, it is

possible to associate confidence intervals to the models.

3. With this information, the developed algorithm traverses the

unexplored operational space to identify the regions closest to

the past data, where the predictions of the candidate models

differ outside the confidence intervals, i.e. the technique

determines the smallest variations in the operational

parameters of the experiments to falsify the derived models.



Numerical example

The data have been generated with the following

equation plus Gaussian noise:

𝑓 𝑥 = 3 sin 𝑥 + exp(𝑥/5) (3)

The example presents only 
one dependent variable 
for clarity sake but there 
are no principle 
limitations to address 
problems in higher 
dimensions.



First Iteration

First step: the data provided to SR via GP are 100 points 
in the in the interval between 0 and 2. 

The three best candidates 
derived from the Pareto 
Frontier are reported in green, 
red and blue with the relative 
confidence intervals. The input 
points are depicted in black. In 
black also the actual function 
generating the data.

𝑦1 = 2.28 sin 𝑥 +
1

1 + 𝑒𝑥𝑝 −1.26𝑥

𝑦2 = 4.38 sin 𝑥0.62

𝑦3 = 3.53𝑥0.41

Region to collect new data

with new experiments.



Final Iteration 

𝑦1 = 3 sin 𝑥 + exp 0.2𝑥

𝑦2 = 3.40 sin 𝑥 + 0.0073 𝑥2.96

𝑦3 = 0.00007 𝑥4.48 + 2

After the third iteration, three good solutions are found 
again and one is the one generating the data. They all fit 
the input data acceptably but now the right solution is 
clearly identified because it outperforms significantly all 
the others in terms of all statistical indicators.
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ITPA Database: Energy Confinement Time
Dimensional scaling law of confinement time (characteristic time 
measuring the rate at which the plasma loses energy)

ITPA database in Carbon. Comparison with traditional IPB98y2

Total number of shots is 3093 from 16 different devices
 

 

Figura 1 



First current interval : Ip < 0.5 MA

First assumption: only 
data or Ip < 0.5 MA is 
available 
The procedure does not 
manage to identify 
reliable scalings

 

Table I Prediction for the ITER based 

on the examples up to 0.5 MA.  

Model τITER 
𝑦1,1
𝜏  20.6747 

𝑦1,2
𝜏  48.7173 

𝑦1,3
𝜏  94.9609 

𝑦1,4
𝜏  0.1175 

𝑦1,5
𝜏  4.7231 

 
Predictions for ITER cover a 
wild range. 
The predictions of the 
models differ in the current 
range 1.5<Ip <2.5 MA



Second current interval : 1.5 <Ip < 2.5 MA

Model τITER

𝑦2,1
𝜏 2.8903

𝑦2,2
𝜏 4.1469

𝑦2,3
𝜏 3.2341

𝑦2,4
𝜏 3.9519

In the interval 1.5 < Ip < 2.5 
MA the procedure manages to 
identify more reliable scalings
but the spread is still large

The predictions of the 
models differ in the current 
range 3.5 MA<Ip <5 MA



Last current interval : 3.5 <Ip < 5 MA

Three candidates equations have been found

𝑦3,2
𝜏 = 0.1831 ∙ 𝐼 ∙ 𝑅2 ∙ 𝑃−0.662∙

1

1 + 𝑒𝑥𝑝 −0.094 ∙ 𝐼
∙

1

1 + 𝑒𝑥𝑝 −0.408 ∙ 𝑛

𝑦3,1
𝜏 = 0.076 ∙ 𝐼 ∙ 𝑅2 ∙ 𝑘 ∙ 𝑃−1 ∙

1

1 + 𝑒𝑥𝑝 −0.201𝑛2.004
∙

1

𝑛 ∙ 𝑃1.293
∙

1

1 + 𝑒𝑥𝑝 0.715𝑀

−0.1761

𝑦𝑁𝑃𝐿 = 0.070 ∙ 𝐼1.071 ∙ 𝑅1.706 ∙ 𝑘1.250 ∙ 𝑃−0.715𝑛0.100 ∙
1

1 + 𝑒𝑥𝑝 −0.408 ∙ 𝑛1.036

[4]A. Murari, E. Peluso et al, Plasma Phys. Control. Fusion, 57(1), 2015, doi::/10.1088/0741-3335/57/1/014008
[5] E. Peluso, A. Murari,,et al, 41st EPS Conference on  Plasma Physics, 2014, P 2.029

The scaling laws obtained with SR via GP are not  power laws and 
have better statistical indicators than traditional power laws



The prediction for ITER are possibly a bit lower than those of 
the power law monomials.
ITER range of currents will allow discriminating between the 
various models. 
Only about half of the points in the DB have been used to 
converge on the final models

 

Table II Prediction for the ITER 

obtained at the last iteration of 

the developed methodology.  

Model τITER 

𝑦3,1
𝜏  2.55 

𝑦3,2
𝜏  4.34 

𝑦𝑁𝑃𝐿  2.85 

𝑦𝑃𝐿1 3.64 

𝑦𝑃𝐿2 3.22 

 

E: extrapolation to ITER



Conclusions

– SR via GP can be used to support the planning of  
new experiments and the design of new devices. 

– It outperforms clearly alternative techniques such 
as covariate shift

– The methodology allows easily taking into account 
“a priori” information if available

– In this era of data deluge, the approach can be 
used also to concentrate the analysis efforts on the 
most relevant parts of existing databases: this is 
the main application with actual data that we 
considering at the moment (scaling laws of the energy 
confinement time, equation of the boundary between safe 
and disruptive regions, LH transition )



Thank You for 

Your Attention!

QUESTIONS?



Experimental design: overview

. The range of parameters closest to the one already

explored is selected for two main reasons:

a) because typically this is the most accessible region

for additional experiments

b) because predictions of the previous models in this

region are expected to be the soundest

Once the experiments have explored the new region

of the operational space and new data are collected,

the process can be repeated until convergence.



E: extrapolation to JET

To substantiate the extrapolability of the non power law 
scalings, the various scalings have been obtained for the 

small devices and the residuals have been calculated for JET

 k AIC BIC MSE KLD 
AdPL1 9     
AdPL2 9  .   
AdNPL 14     

 

About 50% of the DB entries have been used to converge on 
the final equations


