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Problem Solving

Artificial Intelligence: A Modern Approach, 4th US ed., Rusell & Norving

Solving Problems by Searching - Combinatorial optimization

Search in Complex Environments - NP-hard problems
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Metaheuristic algorithms

Local search strategies/aproximatte

Local optima solutions

Computattionaly efficient

Stochastic nature
Problem

Exact

Approximated

References
Zbigniew Michalewicz and David B. Fogel, How to Solve It: Modern
Heuristics, Enlarged 2nd Edition, 2004.

Emile Aarts and Jan K. Lenstra, Local Search in Combinatorial Optimization,
2003-08-03.
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Classification
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Classification
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Difficulties with metaheuristics

Definition of critical components

Neighborhood structures → local
search
Crossover and mutation operators
Disturbation/Shacking/Restart
procedures

Setting of critical parameter values

Temperature schedule
Crossover and mutation
probabilities
Population sizes.

categorical parameters

numerical parameters

+
Different instance-features (size, distribution)

Stochastic nature

Combinatorial problem itself.
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Parameter setting

Approaches: [ES08]

Tuning
Control

Deterministic
Adaptive
Self-adaptive

Parameter Setting

Parameter Tuning Parameter Control

AdaptiveDeterministic Self-adaptive
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Tuning processes

Several tuning methods have been proposed
in literature [MRN14].
Four categories [ES11]:

Sampling methods: Calibra [ADL06]
and Myers and Hancock in [MH01].

Model-based methods: SPO [BBLP05]
and SMAC [HHLB11]

Screening methods: F-Race [BSPV02]
and I-Race [BBS07] its extension.

Meta-evolutionary/Search-based
methods: ParamILS [HHLBS09] and
Evoca [RM13].

Tuning method

translator

target metaheuristic

instance, seed,
parameter values

quality

instances

parameters

quality measure

budget
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Automatic selection approaches

Non-Free Lunch Theorem [DJ05].

per-instance and per-set algorithm selection, algorithm configuration,
algorithm portfolios and hyper-heuristic methods

SATzilla [XHHLB08] and AutoFolio [LHHS15], implement combinations of
algorithms and per-instance selection.

Instance i Compute Features F(i) Select s(F(i)) := A ∈ P Solve i with A

Algorithm portfolios P

Feature extraction:

Satisfiability (SAT) problems [XHHLB08, XHHLB12].
Traveling Salesman problem [KKB+18, KKHT15]
Mixed integer programming problem instances [HXHLB14].
Traveling thief problem [WLM+18].
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Work in progress

Framework
1 Instance feature extraction,

Extraction of problem instances features.

2 Parameter tuning,

Determine the best parameter values for each problem instance.

3 Training of machine learning algorithms, and

Input: Features (1) + parameters (2)

4 Parameter prediction for novel instances.

5 Explainability analysis
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Work in progress

Problem: Vehicle Routing Problems.

Capacitated Vehicle Routing Problem with Time Windows.

Metaheuristic: Genetic Algorithm

Hybrid-Genetic Search (HGS) [VCG+12] as implemented in [Vid22] framework:
multi-depot VRP, periodic VRP and multi-depot periodic VRP with
capacitated vehicles and constrained route duration.
In [VCGP13], was extended to incorporate a large class of time-constrained
VRPs: VRP with time windows, multi-depot VRP with time windows and
vehicle-site dependencies VRP with time windows.

Problem instances:

Well-known CVRPTW Homberger set of 300 instances [Geh99].
Client distribution = {C1: Densely Clustered, C2: Sparsely Clustered, R1:
Random (200), R2: Random (1000), RC1: Semi Clustered (200), RC2: Semi
Clustered (1000)}
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Work in progress
First Step - Instance feature extraction

Classic metrics [RKM16]:
1 Number of clients
2 Distance from centroid to depot
3 Average distance between depot and clients
4 Average distance between centroid and clients
5 Coefficient of Variation (CV) of distance between centroid and clients
6 Ratio of average client demand to capacity
7 Ratio of the standard deviation of client demands to capacity
8 Ratio of clients to vehicles
9 Average of distances to the nearest neighbor
10 CV of distances to the nearest neighbor
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Work in progress
First Step - Instance feature extraction

Clustering metrics using dynamicOPTICS [ABKS99].
1 Optimal min samples value: Measures clusterability
2 Cluster Ratio: Number of clusters
3 Outlier Ratio: Number of non-clustered clients
4 Average clients per cluster: Measures cluster size (number of clients)
5 CV clients per cluster: Cluster size heterogeneity
6 Average of intra-cluster distances: Cluster density
7 Average of inter-cluster distances: Cluster spread
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Work in progress
First Step - Instance feature extraction

New time windows features.
1 Ratio of the highest number of overlapping windows to total: Measures

tightest time interval.
2 Ratio of average number of overlapping windows to total: Measures average

time tightness.
3 Ratio of average window length to the longest window: Measures normalized

time window length.
4 Ratio of the standard deviation of window length to the longest time window:

Measures normalized time window heterogeneity.
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Work in progress
Second Step - Parameter tuning

Parameter Iterated Local Search (ParamILS) [HHS07].

State-of-the-art VRP solver: Hybrid-Genetic Search (HGS) [VCG+12].

PyVRP implementation [Vid22].

Three scenarios: 10[s], 30[s] and 60[s]. 10 runs per scenario per instance.

Training (240/300) Homberger instances (80%)

Test (60/300) (20%)
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Work in progress
Second Step - Parameter tuning

µ: Minimum population size; lower bound of the number of solutions that are
allowed to exist in either the feasible or unfeasible subpopulation.

λ: Generation size; the number of solutions over µ allowed to exist. λ
solutions are eliminated through a survivor selection phase once the
maximum number is reached.

nElite : Number of elite solutions considered in the fitness calculation.

nClosest : Number of closest solutions considered in the diversity-contribution
measure of the fitness solution.

ξREF : Target proportion of feasible individuals to total population size.

Parameter Values

µ 5 15 25 35 45
λ 10 20 40 70 100

nElite 0.1 0.2 0.4 0.6 0.8
nClosest 0.1 0.2 0.4 0.6 0.8
ξREF 0.1 0.2 0.4 0.6 0.8
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Work in progress
Third Step - Training of machine learning algorithms

Algorithms:

K Nearest Neighbours [FH89, KE11]: K ∈ {1, 3, 5, 7, 9, 11}.
Artificial Neural Networks: 22-neuron input layer, six hidden layers, and a
five-neuron output layer.

Loss function: Mean Squared Error
Optimizer: AdamW with α = 0.0002
Epochs: 1000
Batch size: 30
Patience: 200
Activation function for all layers: tanh
Activation function for the output layer: linear
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Work in progress
Fourth Step - Performance prediction

A. Parameter values predicted by KNN with K ∈ {1, 3, 5, 7, 9, 11}
B. Parameter values predicted by the artificial neural network.

C. Base parameter values for the HGS metaheuristic (as defined in [Vid22]).

D. Parameter values samples from a random distribution.
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Work in progress
Fourth Step - Performance prediction

Parameter Set Instances 10 [s] 30 [s] 60 [s] Avg. 10 [s] Avg. 30 [s] Avg. 60 [s]

KNN1

C1 14728 14572 14543

15645 15231 15228*

C2 11100 10532 10505
R1 26005 25216 25529*
R2 14850 14377 14144
RC1 16278 16076 16048
RC2 10908 10610 10597

KNN3

C1 14755 14579 14547

15768 15630 15031

C2 11202 10550 10448
R1 26515 27641 24542
R2 14904 14349 14123
RC1 16307 16083 16051
RC2 10925 10576 10473

KNN5

C1 14732 14575 14535

15648 15620 15094

C2 11061* 10533 10418
R1 26054* 27620 25028
R2 14816 14335 14128
RC1 16303 16093 16031
RC2 10920 10563 10422

KNN7

C1 14727 14585 14531

15882 15631* 15121

C2 11018 10522 10440
R1 27485 27654* 25092
R2 14875 14348 14175
RC1 16295 16108 16023
RC2 10892 10566 10466

KNN9

C1 14763 14588 14512

15924 15233 15016

C2 11205 10529 10432
R1 27493 25242 24576
R2 14868 14379 14140
RC1 16312 16100 15982
RC2 10905 10559 10452
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Work in progress
Fourth Step - Performance prediction

Parameter Set Instances 10 [s] 30 [s] 60 [s] Avg. 10 [s] Avg. 30 [s] Avg. 60 [s]

KNN11

C1 14771 14595 14523

16017* 15249 14938

C2 11176 10536 10425
R1 27951 25254 24082
R2 15042 14454 14163
RC1 16349 16113 16003
RC2 10815 10544 10434

Neural

C1 14742 14591 14526

15755 15414 14964

C2 11149 10560 10431
R1 26482 26196 24064

Network R2 14854 14394 14305
RC1 16337 16125 16021
RC2 10967 10618 10436

Base

C1 14934* 14686 14608

16005 15366 14920

C2 11761 10876* 10514
R1 26336 24993 23344
R2 15220 14638 14363
RC1 16523* 16240 16144
RC2 11255 10762 10548

Random

C1 14886 14705* 14617*

15769 15392 14988

C2 11716 10952* 10587*
R1 24951 24664 23415
R2 15271* 14667* 14493*
RC1 16456 16299* 16173*
RC2 11333* 11065* 10641*
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Work in progress
Fifth Step - Explainability analysis (1/3)

(a) Generation size (λ) (b) Number of close solutions (nClosest)

Figure: SHAP values.
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Work in progress
Fifth Step - Explainability analysis (2/3)

(a) Number of elite solutions (nElite) (b) Population size (µ)

Figure: SHAP values.
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Work in progress
Fifth Step - Explainability analysis (3/3)

Figure: SHAP values for the target proportion of feasible solutions (ξREF )
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Conclusions & Future work

Parameter prediction was successful, reducing the average travel time in
Homberger instances compared to the base parameters proposed in [Vid22].

More accurate predictions would require instances with a higher level of
diversity.

Client clustering, client number, and vehicle capacity are the most relevant
features when predicting HGS’ optimal parameterization.

Time windows-related features were considered the top ten relevant ones for
4/5 parameters of HGS.

Future work we are interested in:

(A) Construct a wider spanning set of CVRPTW instances using an evolutionary
algorithm as mentioned in [SMvH11], to maximize the variance of extracted
features in the instance population.

(B) Apply this parameter prediction pipeline to tune the parameters of a
metaheuristic for dynamically changing instances.
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Extended future work

Search of algorithms for different classes of problems can be seen as a MOP.

MO tuning methods appear as a clear way to perform the best identification
of these configurations.

Use these non-dominated parameter configurations to perform transitions
between different problem instances classes and algorithms.

CVRP

MP CVRP with Blending

A3:=use 2-opt with high probability

A2:=use 2-opt with low probability

A1:=use 2-exchange with low probability

Figure: Algorithm Pareto Front
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Fondef IDeA I+D 2022, Investigación aplicada ID22I10107

Design of collaborative collection of household solid waste in urban areas.

INRIA Internship: Ricardo Barriga
Dissimilarity clustering for stochastic optimization and machine learning.
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