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Analyzing the behavior of EAs

Questions

How to predict the behavior of the algorithm?

How the parameters of the algorithms define their behavior?

How to compare the behavior of two or more algorithms?

Which measures or descriptors use?

Common approach

Run several executions of the EA and compute average fitness value of the best
solution in each execution.

Limitations

Simple descriptors fail to provide a detailed view of the algorithms’ behavior.

We may not know when the algorithm stopped improving.

Some executions may halt.
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Analyzing the behavior of EAs

Methods
Pages’ trend statistical test detect trends in the differences between algorithms
as the search goes on [Derrac-et-al:2014].

Studying the characteristics of the fitness landscapes of the functions to infer the
possible behavior of EAs given these characteristics [Kerschke-et-al:2015].

Statistical methods to investigate the influence of the parameters on the
algorithm [Arenas-et-al:2013].

Considering censorship of available data for the statistical analysis
[Arcuri-and-Brian:2011].

J. Derrac, S. García, S. Hui, P. N. Suganthan, and F. Herrera. Analyzing convergence performance of evolutionary algorithms: A statistical approach. Information
Sciences, 289:41–58, 2014.

P. Kerschke, M. Preuss, S. Wessing, and H. Trautmann. Detecting funnel structures by means of exploratory landscape analysis. In Proceedings of the 2015
Annual Conference on Genetic and Evolutionary Computation, pages 265–272. ACM, 2015.

M. G. Arenas, N. Rico, A. M. Mora, P. A. Castillo, and J. Merelo. Using statistical tools to determine the significance and relative importance of the main
parameters of an evolutionary algorithm. Intelligent Data Analysis, 17(5):771–789, 2013.

A. Arcuri and L. Briand. A practical guide for using statistical tests to assess randomized algorithms in software engineering. In 33rd International Conference on
Software Engineering (ICSE), pages 1–10. IEEE, 2011.
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Survival analysis

Basics
The central role in survival analysis is played by the time
until event.

Depending on the context of application, this time is called
survival time, failure time, or event time.

There are correlates or explanatory variables that influence
the time until the event.

Survival analysis (SA) provides models and statistical
procedures to estimate the time until event from the
analysis of correlates.
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Survival analysis

Basics
In the medical domain SA is used to predict the survival
time of patients under different treatments.

It allows the identification of different factors that influence
the time until event (usually death).

It helps to answer whether the events are related to
particular characteristics of the patients or to the medical
treatment applied.
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Assumptions and objectives

Assumptions

Survival analysis (SA) provides a framework to model how problem features, and
the parameters of the EA, influence together the behavior of the algorithm.

This framework includes a treatment for censored observations.

Objectives

To design scenarios in which SA can be applied to EAs.

To evaluate the usability of SA in these scenarios.

To investigate the application of machine learning techniques devised for SA in
the context of EAs.
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Survival and Hazard functions

Survival function

Let T be a continuous random variable with probability density function f (t) and
associated cumulative function F (t).

F (t) gives the probability that the event has occurred by time t .

The survival function S(t) is the probability of survival beyond time event t .

S(t) = 1− F (t) = P(T ≥ t) (1)

The hazard function h(t) is defined as:

h(t) = lim
dt→0

P(t ≤ T < t + dt | T ≥ t)

dt
(2)

h(t) =
f (t)

S(t)
= −

du

dt
ln S(t) (3)
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Modeling survival data

Censoring

In SA is assumed that the survival data might be incomplete.

Observations with incomplete data are said to be censored.

δi = 1 denotes that the corresponding data has been censored.

Type of censoring

1 The censored object of study has quit or has been excluded from the experiment.
2 By the time by which the study finishes, the event has not happened for the

corresponding object.
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Modeling survival data

Cox Proportional Hazards Model

The proportional-hazards model for survival data (Cox model)
(Cox:1992) is defined as:

h(t |x) = h0(t)e
∑n

j=1
xj βj (4)

where h0(t) is called the baseline hazard and φ(x) = e
∑n

j=1
xj βj

is the relative hazard.
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Modeling survival data

Survival data

l : number of observed events.

The times in which all events occurred have been arranged as
(t1 < t2 < · · · < tl ).

di : number of events observed at time ti .

ni : number of individuals at risk for the event at time ti .

Kaplan-Meier estimation of the survival time

Ŝ(t) =
∏

ti <t

ni − di

ni
(5)
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Machine learning methods in survival analysis

Limitation of traditional SA methods

Cox model is not well suited for big data problems.

Difficult to represent strong interactions between the explanatory variables.

ML aproaches

Regularized models.

Survival trees and survival random forests.

Survival trees

To find a partition of the explanatory variables in order to identify groups of
observations that exhibit similar survival behavior.

Tree estimates are given by fitting models to the observations in the terminal
nodes.
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EA scenarios

General framework
Parameters (V1, V2, . . . , Vr ) describe an EA and parameters (R1, R2, . . . , Rs)
describe the instance.

A time interval [tinit , tend ] in which the algorithm is observed.

A tuple of “observations” (O1, O2, · · · , Om), each one corresponds to a run of a
given instantiation of the EA for a given instance.

Censorship
A set of censored variables (δ1, δ2, . . . , δm), one for each observation.

δi = 0 means that the event of interest happened in the interval [tinit , tend ], δi = 1
means otherwise (it was censored).
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EA scenarios

Scenario I
The event of interest is “convergence” (the algorithm reaches a given fitness
value f̂ ).

Thinking of convergence as the “death” event, then survival time gives the
probability by which the algorithm has not yet converged at time t .

Censorship (δi = 1) can be given if:

1 The algorithm never reached the desired value in the time
interval.

2 The algorithm stopped running within the time interval.
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EA scenarios

Scenario II
The event of interest is when the algorithm stops on improving the fitness of the
solution.

Improvement is defined in terms of two parameters γ and ǫ.

Assuming a maximization scenario, we define the improvement variable I as:

I(t) = 1 if t < γ

I(t) = (f (t)− f (t − γ)) ≥ ǫ if t ≥ γ
(6)

where f (t) is the best fitness so far ever at time t .
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EA scenarios

Scenario II
The survival time is the time that the algorithm can be still producing
improvements to the best fitness value.

Censorship (δi = 1) can be given if:

1 The algorithm never stops improving.
2 The algorithm had a failure and stopped running.
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Experiments

Objectives

Determine what types of insights can be obtained from the
application of the survival analysis formalism.

Use SA to evaluate the role that the parameters of the
algorithms and the type of instances play in these results.

Illustrate the application of survival trees in the EA domain.
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Experiments

Problem benchmark

A regression task described in [Santana:2017].

The objective function is to maximize the proportion of cases from a database of
questions which are correctly answered.

The genetic program predicts the word-vector that satisfies a semantic
relationship among the words.

Each problem instance corresponds to a different database defined by the
syntactic and semantic characteristics of the words involved.

The GP algorithm was implemented in Python using the deap and gensim
packages.

R. Santana. Reproducing and learning new algebraic operations on word embeddings using genetic programming. arXiv preprint 1702.05624v1, 2017.
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Experiments

Target EA
Algorithm 1: Tree-based GP algorithm

1 D0 ← Generate M individuals randomly and evaluate them.

2 l = 1
3 do {

4 Select a population Ds
l from Dl−1 according to a selection method

5 Create a population Dl applying genetic crossover to individuals in Ds
l with

probability pcx

6 Apply mutation to individuals in Dl with probability pmt

7 Evaluate the individuals in Dl

8 l → l + 1
9 } until A stop criterion is met
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Results

Configuration of the GP algorithm
Index Components Values

Selection
0 selBest
1 selTournament

Mutation
0 mutUniform
1 mutNodeReplacement

Crossover (pcx ) {0.25, 0.5, 0.75}
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Experiments

Goals: Study the influence of the GP operators in the convergenc e

Relevant time event: the EA reached a predefined value (converged).

Threshold for convergence: thr = 0.55 for Instance 1, and thr = 0.75, for
Instance 2.

Methods

Cox proportional hazards regression to estimate the survival time for the two
instances.

The baseline hazard function is also estimated from the data.

Covariate variables: sel ∈ {0, 1}, mut ∈ {0, 1}, and pcx ∈ {0.25, 0.5, 0.75}.
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Results

First scenario: Results of GP executions
Instance 1 Instance 2

S. M. pcx fmean fmax nobs fmean fmax nobs

0 0 0.25 0.60 0.67 0 0.82 0.83 0
0 0 0.50 0.59 0.67 1 0.82 0.84 0
0 0 0.75 0.60 0.62 0 0.81 0.83 0
0 1 0.25 0.57 0.61 1 0.78 0.82 1
0 1 0.50 0.58 0.61 0 0.79 0.82 0
0 1 0.75 0.58 0.61 0 0.79 0.82 0
1 0 0.25 0.56 0.64 0 0.80 0.83 0
1 0 0.50 0.56 0.64 0 0.77 0.80 1
1 0 0.75 0.55 0.62 0 0.77 0.82 0
1 1 0.25 0.54 0.67 0 0.75 0.81 4
1 1 0.50 0.54 0.57 1 0.75 0.81 0
1 1 0.75 0.53 0.59 2 0.74 0.80 1
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Results

Cox model for the two instances
Instance 1 Instance 2

β exp(β) p-value β exp(β) p-value

sel -0.5548 0.5742 0.0004 -0.6420 0.5263 0.0000
mut -0.2371 0.7889 0.1203 -0.5553 0.5739 0.0005
pcx 0.0059 1.0059 0.1288 0.0036 1.0036 0.3330

Inference

rAlg1,Alg2
=

h0(t)e
β1x1

1+β2x1
2+β3x1

3

h0(t)e
β1x2

1
+β2x2

2
+β3x2

3

(7)

rAlg1,Alg2
=

eβ1x1
1

eβ1x2
1

= eβ1(x
1
1 −x2

1 ) = eβ1(x
1
1 −(x1

1+1)) = e−β1 (8)
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Results

Inference

rAlg1,Alg2
= e−β1 (9)

Inference

The ratio between Alg1 and Alg2 is 1
β1

For Alg2 the hazard function is eβ1 higher than for Alg1.

Changing from Uniform mutation to Node replacement mutation produces
0.6420 times change increase in the hazard ratio.

Node replacement mutation will decrease the survival time with respect to
Uniform mutation.

Convergence will be faster for the Node replacement mutation.
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Kaplan-Meier estimation Instance 1
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Kaplan-Meier estimation Instance 2
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Experiments

Goals: Study the joint effect of instance type and GP operators in the time until
fitness stops improving

Relevant time event: the EA stopped improving.

Thresholds: γ = 20, ǫ = 0. The algorithm stopped improving in the last 20
generations.

Methods

Cox proportional hazards regression to estimate the survival time with all
correlates.

The baseline hazard function is also estimated from the data.

Covariate variables: inst ∈ {0, 1}, sel ∈ {0, 1}, mut ∈ {0, 1}, and
pcx ∈ {0.25, 0.5, 0.75}.
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Results

Second scenario: Results of GP executions
Instance 1 Instance 2

S. M. pcx gmean gmax nobs gmean gmax nobs

0 0 0.25 41.23 60.00 2 42.80 57.00 5
0 0 0.50 37.47 58.00 0 46.60 55.00 5
0 0 0.75 37.53 56.00 0 45.18 59.00 4
0 1 0.25 36.47 48.00 0 43.71 59.00 1
0 1 0.50 40.57 56.00 1 43.00 58.00 0
0 1 0.75 34.73 55.00 0 39.29 55.00 1
1 0 0.25 38.93 50.00 0 43.07 54.00 1
1 0 0.50 36.53 58.00 0 35.67 54.00 3
1 0 0.75 33.27 40.00 0 33.60 47.00 0
1 1 0.25 34.60 50.00 0 31.33 54.00 0
1 1 0.50 34.80 45.00 0 32.07 53.00 0
1 1 0.75 31.33 49.00 0 29.33 50.00 0
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Results

Cox model
β exp(β) p-value

instance -0.4020 0.6690 0.0004
sel 0.7745 2.1696 0.0000
mut 0.5545 1.7410 0.0003
pcx 0.0087 1.0087 0.0018
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Survival tree
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Conclusions

Conclusions
We have proposed the use of survival analysis techniques to analyze the results
of EAs.

Idea: Linking the definition of “time event” from SA to two characteristic and

critical time events in EAs:

1 Time to convergence
2 Time until fitness stops improving

When combined with ML techniques, SA provides an automatic characterization
of the main behavior of the algorithms.
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