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Abstract. Algorithm selection aims to identify the most suitable optimizer for a
given instance, but remains challenging in multi-objective combinatorial op-
timization because performance depends on Pareto set characteristics. This
paper investigates meta-learning for algorithm selection in a three-objective
ridesharing-inspired problem integrating route planning, passenger assignment,
and reward collection. We use this problem as a structured testbed derived from
the Traveling Salesman Problem. We compare static, Pareto-based landscape,
and combined meta-feature representations using 252 synthetic instances and
three multi-objective evolutionary algorithms: MOEA/D, SPEA2, and IBEA. A
multi-output Random Forest model is trained to predict algorithm performance
under HV and IGD indicators. Results show that static features are highly
informative, while Pareto-based landscape features alone provide limited pre-
dictive power. Combined features consistently outperform the single-algorithm
baseline, but the marginal gain over static-only meta-features is limited and
indicator-dependent.

1. Introduction

Multi-objective evolutionary algorithms often exhibit complementary behavior
across problem instances. An algorithm that performs well for one instance may
be less effective for another due to differences in size, objective function correla-
tions, feasibility constraints, or search-space structure. This variability motivates meta-
learning for algorithm selection, whose goal is to predict, from descriptive information
about an instance, which algorithm is expected to produce the best approximation set
[Rice 1976, Brazdil et al. 2022]. Although this idea has been widely explored in single-
objective optimization [Cenikj et al. 2026], its application to multi-objective combinato-
rial optimization remains challenging because performance depends simultaneously on
convergence, diversity, and the geometry of the Pareto front.

A central issue in meta-learning is how to represent problem instances. Static
meta-features are computed directly from the instance definition and capture global prop-
erties, such as size or graph structure. Pareto-based landscape meta-features, in turn,
are obtained through exploratory sampling and describe local search-space properties us-
ing dominance relations. Although previous studies show that landscape analysis can
explain performance differences among multi-objective algorithms [Daolio et al. 2017,
Liefooghe et al. 2019, Cosson et al. 2022], it remains unclear whether these meta-
features provide useful information beyond simple static features in structured multi-
objective combinatorial problems. The novelty of this work is to empirically assess this



complementarity in a ridesharing-inspired three-objective problem, rather than in standard
benchmark landscapes.

The ridesharing problem studied in this work is an extension of the Trav-
eling Salesman Problem (TSP) that includes passengers and reward collection
[Marques et al. 2019, Silva et al. 2020, Silva et al. 2025]. In this problem, a driver plans
a route while sharing the vehicle with persons or goods, referred to as passengers, and
performing services at selected locations. These services provide non-monetary rewards
to the driver, such as reputation scores or platform credits. Passengers are associated with
origin-destination pairs and individual constraints, including maximum fare and max-
imum ride time. Thus, the driver must jointly decide which locations to visit, which
rewards to collect, and which passenger requests to accept.

These decisions create conflicting objectives. Shorter routes may reduce travel
time but limit reward collection, whereas visiting additional locations may increase ser-
vice time and make some passenger requests infeasible. Accepting passengers can reduce
the driver’s travel cost through cost sharing, but may impose capacity and ride-time re-
strictions on the route. The formulation considers three objective functions for the driver:
minimizing route cost, minimizing route time, and maximizing collected rewards. Al-
though abstracted from full operational ridesharing systems, the problem preserves rel-
evant algorithmic components, namely routing, passenger feasibility, cost sharing, and
reward collection. This makes it a controlled testbed for studying meta-feature contribu-
tions for algorithm selection.

This study first evaluates MOEA/D [Zhang and Li 2007], IBEA [Li et al. 2017],
and SPEA?2 [Zitzler et al. 2001] on 252 instances, showing that their performance varies
according to instance characteristics. This variability justifies the use of meta-learning
for algorithm selection. We then compare three meta-feature scenarios: static-only,
Pareto-based landscape-only, and combined representations. Static meta-features in-
clude instance size, graph type, and generation class, while landscape meta-features are
extracted via random and adaptive walks that exploit dominance relations within sam-
pled neighborhoods. The combined scenario concatenates static and landscape meta-
features. From these configurations, we constructed 122 datasets considering HV and
IGD. A multi-output Random Forest model is trained to predict algorithm performance
and evaluated through predictive accuracy, merit, sampling cost, and relationships be-
tween meta-features and performance. All datasets, source codes, and results are available
athttps://github.com/motspppeniac/ridesharingeniac2026.

The main contributions of this paper are: (i) an empirical study of meta-learning
for algorithm selection in a ridesharing-inspired multi-objective problem; (i1) a compari-
son of static, Pareto-based landscape, and combined meta-feature scenarios; (iii) evidence
that static meta-features are highly informative; and (iv) an analysis showing that Pareto-
based landscape meta-features are insufficient alone, but may provide complementary
information when combined with static meta-features.

2. Related work

Algorithm selection aims to identify the most suitable optimizer for a given
problem instance. This idea was formalized by [Rice 1976] and later motivated meta-
learning approaches that use instance meta-features to predict algorithm performance



[Brazdil et al. 2022]. Although such methods have achieved promising results in single-
objective optimization [Cenikj et al. 2026], extending them to multi-objective optimiza-
tion remains challenging, as performance depends not only on convergence but also on
the structure of the Pareto front.

In this context, multi-objective fitness landscape analysis has been used to un-
derstand how problem structure affects search behavior. Previous studies showed
that objective correlations influence the number and distribution of Pareto local op-
tima [Verel et al. 2011], while landscape features can explain variations in algorithm
performance [Daolio et al. 2017] and characterize funnel structures [Ochoa et al. 2024].
More recently, landscape analysis has been combined with algorithm selection us-
ing dominance-, indicator-, and decomposition-based features [Liefooghe et al. 2019,
Liefooghe et al. 2021, Cosson et al. 2021, Cosson et al. 2022].

Despite these advances, most studies focus on benchmark problems. This work
addresses this gap by investigating static, landscape, and combined meta-feature represen-
tations for predicting algorithm performance in multi-objective ridesharing optimization.

3. Ridesharing-inspired multi-objective problem

Let G = (V, E) be a graph representing the transportation network, where V' =
{1,...,n} denotes the set of vertices and £ = {(¢,7) | i,j € V,i # j} denotes the set of
edges. Each edge (7, j) € E is associated with a travel cost ¢;; and a travel time y;;. Each
vertex ¢ € V is associated with a non-negative reward b; and a collection time g;. If the
driver decides to execute the service at location ¢, the corresponding reward b; is obtained,
while an additional time g; is added to the route duration.

The driver operates a vehicle with capacity for R passengers (excluding the
driver). Let = denote the set of passenger ride requests. Each request ¢ € = is de-
fined by an origin vertex og, a destination vertex d,¢, a maximum acceptable fare wg, and
a maximum admissible ride duration ¢¢. A request can be served only if the driver’s route
contains a feasible subpath connecting o; to d¢ while respecting both the vehicle capacity
and the passenger-specific constraints.

A feasible solution «y corresponds to a route starting and ending at a depot vertex
s € V. The route visits a subset of locations V' C V' \ {s}, each at most once, defining
a sequence of edges £’ C F that forms a cycle ®(V' U {s}, E’). Along this route, the
driver decides which rewards to collect and which passenger requests to accept. Travel
costs are shared among all vehicle occupants. The cost of traversing an edge (i, j) is
equally divided among the driver and all passengers currently in the vehicle. The fare
charged to a passenger £ corresponds to the sum of their share of the edge costs along the
subpath from o to d¢. The ride duration experienced by passenger § equals the total travel
time along this subpath, including reward collection times at intermediate locations.

The problem involves three objective functions. The first objective, defined in
Equation (1), minimizes the total travel cost incurred by the driver, where x;; indicates
whether edge (i, 7) is traversed by the driver and hfj indicates whether passenger ¢ is
transported along that edge. The second objective, given by Equation (2), minimizes the
sum of times of the selected edges and the time required to collect rewards at visited
vertices, where p; determine whether the driver collects the reward at vertex ¢. The third



objective, defined in Equation (3), maximizes the total collected rewards. The detailed
mathematical formulation of the problem can be found in [Silva et al. 2025].
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The problem is related to several variants of the TSP, such as those in-
volving prize collection and quota [Silva et al. 2020], and passenger transportation
[Marques et al. 2019, Silva et al. 2025]. These variants motivate the ridesharing formu-
lation considered in this paper. Since the ridesharing-inspired problem generalizes the
TSPs, it is NP-hard.

4. Meta-learning

Meta-learning is a data-driven paradigm that aims at selecting, for a given prob-
lem instance, the algorithm expected to yield the best performance by exploiting knowl-
edge extracted from previously solved instances [Brazdil et al. 2022]. In this work, meta-
learning is employed to estimate the performance of multi-objective metaheuristics ap-
plied to the problem defined in section 3, enabling the automatic selection of the most
suitable algorithm for unseen instances.
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Figure 1. Meta-learning pipeline

Figure 1 illustrates the proposed meta-learning pipeline. The process starts with
the meta-data extraction, in which a set of representative instances is solved using mul-
tiple multi-objective metaheuristics, and descriptive meta-features are computed for each
instance. These meta-features aim to characterize the structure of the search space. Algo-
rithm performance is assessed using an indicator that quantifies the quality of the approx-
imation set produced by each metaheuristic. The meta-features and the corresponding
performance values are then combined to construct a supervised learning dataset. In the
learning phase, a multi-output regression Random Forest model is trained to predict the
expected performance of each candidate metaheuristic for new problem instances. Given
an unseen instance, its meta-features are computed and fed to the trained model, which
estimates the performance of each metaheuristic using the chosen quality indicator. The
algorithm with the best predicted performance is subsequently selected and recommended
for solving that instance. The following sections detail the meta-features and metaheuris-
tics considered in this study.



4.1. Meta-features

This work employs two complementary classes of meta-features: static and land-
scape meta-features. Static meta-features describe physical properties of instances and
are computed without solving the optimization problem. Landscape meta-features aim to
capture the structural characteristics of the search space by exploiting information from
exploratory sampling procedures. The following static meta-features are employed:

1. the instance size defines the number of vertices in the graph;

2. the instance type indicates whether the graph is symmetric or asymmetric. In
symmetric instances, the graph is undirected and satisfies ¢;; = c¢;; and y;; = y;
for all edges (7,j) € E. In contrast, asymmetric instances are directed graphs in
which ¢;; # ¢;; and y;; # y;; may hold.

3. the instance class characterizes the correlation between c;; and y;;, taking one
of three values: random, correlated, or anticorrelated. The random class consists
of instances in which c¢;; and y;; are independently generated from a uniform dis-
tribution. In the correlated class, c¢;; and y;; are positively correlated, while in the
anticorrelated class they are negatively correlated.

Landscape meta-features in this work are Pareto dominance measures derived
from local relations in the search space [Liefooghe et al. 2019, Cosson et al. 2022]. A
solution v dominates 7 if 7y is no worse than ' in all objectives and strictly better in at
least one. Solutions  and #' are incomparable if neither v dominates 4’ nor 7' dominates
7. Let N : ' — 2% be a neighborhood relation over the solution space I', where N (7) is
the set of neighbors of 7. Four neighborhood structures are considered to capture different
aspects of the search space: (i) vertex swap, which exchanges two vertices in the route;
(i1) vertex insertion, which adds a non-visited vertex at a random position in the route;
(ii1) vertex removal, which eliminates a randomly selected vertex from the route; and (iv)
reward inversion, which flips the reward collection decision at a chosen vertex.

A walk is an ordered sequence of solutions Wy, = (7°,4,...,7%) such that
e N(oyf) forall t = 0,..., L — 1. For each solution ~* visited during the walk,
four Pareto-based measures are computed based on dominance relations within its neigh-
borhood: the number of neighbors dominated by +' (inf); the number of neighbors
dominating 7" (sup); the number of neighbors incomparable to 7" (inc); and the num-
ber of locally non-dominated neighbors (ind). These measures are aggregated along
the walk using five statistical descriptors: average (avg), standard deviation (sd), first
autocorrelation coefficient (r1), kurtosis (kr), and skewness (sk). Combining the four
dominance-based measures with the five statistics yields a total of 20 fitness landscape
meta-features. For example, inf.avg is the mean number of dominated neighbors,
whereas sup . sd is the variability of dominating neighbors.

Random walk and adaptive walk, two neighborhood-based exploration proce-
dures, extracted the Pareto-based meta-features [Cosson et al. 2022]. Both strategies start
from an initial solution 4° and iteratively move to a neighboring solution, differing in
the rule used to select the next solution. Random walks select from the neighborhood
at random, whereas adaptive walks restrict transitions to Pareto-improving moves. As a
consequence, random walks require a user-defined parameter L to define the walk length,
while adaptive walks terminate upon reaching a Pareto local optimum.



To control computational effort, random and adaptive walks rely on a truncated
neighborhood. Given a sampling rate r € (0, 1], the method constructs a subset N,.(7*) of
r X |N(7")| solutions sampled uniformly at random from N'(+%), forall t =0, ..., L — 1.
Setting » = 1 enables full neighborhood exploration, whereas smaller r values limit the
number of evaluated neighbors.

4.2. Metaheuristics

MOEA/D [Zhang and Li 2007], SPEA2 [Zitzler et al. 2001], and
IBEA [Lietal. 2017] are the metaheuristics adopted in this paper. These algo-
rithms were selected because they provide complementary search mechanisms for
balancing convergence toward the Pareto front and diversity among non-dominated
solutions. MOEA/D decomposes the multi-objective problem into scalar subproblems
associated with weight vectors and optimized using a Tchebycheff aggregation function.
SPEA2 adopts a dominance-based strategy that combines fitness assignment and density
estimation, whereas /BEA guides the search through a quality indicator that measures
each solution’s relative contribution to the population.

All three metaheuristics employ the same solution encoding and genetic opera-
tors to ensure a fair comparison. Each solution is a triple (II, B, ¥), where II denotes
an ordered sequence of visited vertices defining the driver’s route, B is a binary vector
indicating whether the reward is collected at each visited vertex, and W represents the set
of passengers assigned to the route. The population initialization generates feasible so-
lutions randomly by sampling a route length, constructing a permutation of vertices, and
assigning reward collection decisions uniformly at random. It then allocates passengers
using the Ride-Matching Heuristic (RMH) [Silva et al. 2020], which processes requests
ordered by w; and sequentially inserts passengers along the route, accepting a request
only if capacity, maximum ride time, and fare constraints are satisfied.

The crossover operator generates an offspring by inheriting a prefix of the route
and corresponding reward decisions from one parent, and completing it with the remain-
ing non-duplicated vertices from the second parent while preserving relative order. Pas-
senger assignments are then recomputed using RMH. Mutation applies one of four oper-
ators with equal probability: vertex swap (exchange positions), insertion (add a vertex),
removal (delete a vertex), and reward inversion (flip B entries). After each mutation,
RMH assigns passengers.

5. Experimental methodology

5.1. Multi-objective test and assessment

Experiments used 252 instances, each represented by a weighted complete graph
whose edges have cost and travel time values, and whose vertices have reward and collec-
tion time values. The instances vary in size, with 5, 8, 10, 20, 50, 100, or 200 vertices,
and six distinct graphs are generated for each size. The dataset includes two instance
types, symmetric and asymmetric, each comprising 126 instances. For both types,
edge weights follow three correlation classes: random, correlated, and anticorrelated.

Each metaheuristic was run 20 times per instance, using 8 x 10* objective function
evaluations as the stopping criterion. The irace framework [Lopez-Ibafiez et al. 2016]
tuned the parameters. All metaheuristics operated with a population size of 100. The



MOEA/D used a neighborhood size of 25, crossover and mutation rates of 0.58 and 0.34,

respectively. IBEA used crossover and mutation rates of 0.81 and 0.42, respectively,
whereas SPEA2 used 0.92 and 0.64.

The approximation sets Y’ were evaluated using HV and IGD after normalizing
all objective values to the interval [1,2]. The HV indicator measures the volume of the
objective space dominated by Y’, using (2.1,2.1,0.9) as the reference point. The IGD
indicator computes the average distance from each point in the reference set to its closest
solution in Y’. Both indicators were computed with respect to a reference set formed by
the non-dominated union of all solutions produced by the metaheuristics. Thus, lower
values indicate better performance for both indicators. Friedman test and Nemenyi post-
hoc test, at a significance level of 0.05, assessed statistical differences among the results.

5.2. Dataset construction and landscape analysis

Datasets associate meta-features with the performance of each metaheuristic on
each instance, where rows represent instances and columns store meta-features and av-
erage quality indicator values (HV or IGD). In total, 122 datasets are constructed (61
per indicator), enabling a controlled evaluation of meta-features. We consider three
scenarios: static-only, landscape-only, and combined. Landscape meta-features are ex-
tracted via random and adaptive walks, using 25 random-walk configurations defined
by L € {5,10,25,50,100} and » € {0.05,0.1, 0.25,0.5,1.0}, and 5 adaptive-walk
configurations with » € {0.05,0.1,0.25,0.5,1.0}, yielding 30 datasets per indicator
in the landscape-only scenario. Static-only uses instance descriptors (size, types,
classes), yielding one dataset per indicator. The combined scenario concatenates static
and landscape meta-features, preserving each sampling configuration, thus producing 30
datasets per indicator.

We analyze the number of objective function evaluations required to compute the
Pareto-based meta-features. For each (L,r) configuration, we evaluate the Spearman
correlation between the meta-features and the instance size [Cosson et al. 2022]. We
also assess the variability of each meta-feature using the GAP defined in equation (4).
For each Pareto-based meta-feature ¢, the GAP is the difference between the value of ¢
under a given (L, r) configuration, denoted by V7, ,.(¢), and the value of ¢ under the most
expensive configuration V. (). For random walks, V. () uses L = 100 and r = 1.0;
for adaptive walks, Vi (@) uses r = 1.0.

|Vmax(90) _ VL,r (90) |

GAP =
Vinax ()

“4)

5.3. Meta-learning test and assessment

The meta-learning evaluation follows the protocol of [Cosson et al. 2022]. The
instances are split into a training set 7 and a validation set V. Set 7 was used to train the
multi-output Random Forest regression model. A repeated random hold-out strategy with
a 90/10% split between 7 and V was employed. Given the meta-features of an unseen
instance in )/, the model predicts HV and IGD for each metaheuristic, and the best one
for each indicator is chosen as output. Reported values correspond to the mean across
100 independent folds. Random Search tuned the Random Forest hyperparameters for



each indicator: n_estimators = 1000, max_depth = 5, min_samples_split = 2, and
min_samples_leaf = 3.

The assessment uses MAPE and R? regression metrics, as well as the merit m™.
The merit m* measures the distance between the algorithm predicted by the meta-learner
and two baselines: (i) the Single Best Solver (SBS), i.e., the algorithm with the best av-
erage performance over 7, and (ii) the Virtual Best Solver (VBS), which selects the best
algorithm per instance. Let A be the set of metaheuristics and 77(«, J) the average per-
formance of & € A over a subset of instances J regarding the indicator . € {HV, IGD}.
The SBS and m* are defined in equations (5) and (6), respectively, where o is the al-
gorithm predicted by Random Forest. Values m* = 0 indicate a perfect oracle, whereas
m* < 1 (m* > 1) indicates performance better (worse) than the SBS.

SBS = arg meiilﬁ(a,T) ®)

ri(as, V) —Te(VBS,V)

~ 71(SBS,V) — mi(VBS, V) ©)

6. Results and discussion

6.1. Metaheuristics results

The Friedman test revealed statistical differences among the metaheuristics for
HYV and IGD. Figure 2 summarizes the Friedman and Nemenyi post-hoc results for each
combination of instance type and class. The horizontal axis shows instance size,
while the vertical axis reports the Friedman rank, with rank 1 indicating the best algorithm
and rank 3 the worst. Bold lines connecting two circles indicate configurations in which
the Nemenyi test detected no statistical differences between algorithms.
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Figure 2. Summary of Friedman and Nemenyi post-hoc test results

For HV, the best algorithm varies mainly on small instances: IBEA usually per-
forms best for 5 vertices, whereas for 8 vertices the best rank depends on the instance
type and class. From 20 vertices onward, MOEA/D consistently produced the best
HV. This behavior can be explained by the structured trade-offs induced by the objec-
tive functions. Since cost, route time, and reward collection favor different routing and
passenger-assignment patterns, MOEA/D can benefit from decomposing the problem into
scalar subproblems associated with distinct trade-off directions, maintaining search pres-
sure across multiple regions of the Pareto front.



For IGD, the pattern is also instance-dependent. IBEA performs well for 5-vertex
instances and achieves the best ranks for 200-vertex correlated and random instances
of both types, as well as for 100-vertex correlated symmetric instances. Conversely,
MOEA/D obtains the best IGD ranks for random and anticorrelated instances with 20,
50, and 100 vertices. This variability reinforces the need for meta-learning instead of
relying on a single algorithm.

6.2. Feature landscape analysis

The sampling configuration strongly influences the landscape meta-features, and
their Spearman correlation with instance size is feature-dependent. In particular, in-
creasing the sampling effort tends to reduce the GAP values, indicating more stable es-
timates. Figure 3 illustrates these effects for inf.avg under random walks. Similar
trends were observed for the remaining meta-features. Figure 3(a) plots the GAP values
(y-axis) against the number of objective function evaluations (x-axis) for all (L, ) con-
figurations. Each line color corresponds to a value of L, while geometric markers denote
the corresponding r values. The number of evaluations increases with both L and r, since
larger values expand the portion of the search space sampled. This behavior suggests
that, although inf . avg is sensitive to the sampling configuration, its estimate stabilizes
as the number of sampled neighbors increases. Figure 3(b) complements this analysis by
showing the Spearman correlation between inf.avg and instance size under the same
configurations. For low-cost configurations, the correlation values are more variable. As
the sampling effort increases, the correlation becomes more consistent and gradually re-
veals a positive relationship with instance size.
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Figure 4 presents the Spearman correlations between instance size and the meta-
features extracted through adaptive walks. The r1 and kr descriptors are consistently
positively correlated with instance size, indicating that larger instances tend to produce
landscapes with stronger autocorrelation and more pronounced higher-order structural
patterns. In contrast, the avg, sd, and sk statistics exhibit mixed behaviors depending
on the dominance measure, suggesting that the influence of instance size on dominance
relations is not uniform.

6.3. Meta-learning performance

The static-only scenario achieved m* = 0.64 for HV and m* = 0.62 for IGD,
outperforming the SBS. Table 1 reports m™* for the combined and landscape-only sce-
narios, where RW and AW denote Random Walk and Adaptive Walk, respectively, and
grey cells indicate m* < 1. All combined configurations achieved m* < 1, with stable
results across sampling strategies, parameter settings (L,r), and quality indicators. In
contrast, landscape-only features rarely outperformed the SBS: only 5 configurations for
HYV and 3 for IGD obtained m* < 1. These cases are scattered, with no monotonic trend
regarding L or r, indicating that increasing sampling effort does not necessarily improve
meta-learning performance.

Table 1. Average merit m* for combined and landscape-only scenarios

Combined Landscape-only
RW AW RW AW
r |L=100 L=50 L=25 L=10 L=5 L=100 L=50 L=25 L=10 L=5
HV

1.00| 067 071 059 072 062 069 1.17 132 122 1.10 1.10 1.09
0501 071 076 0.64 073 075 0.71| 1.07 1.06 1.04 1.01 1.10 1.30
025 075 072 070 072 0.76 0.68| 098 1.12 1.10 097 1.17 1.23
0.10f 075 072 0.70 0.71 071 0.75| 123 124 1.15 137 1.04 0.86
005 072 067 0.68 0.68 058 058| 1.36 1.18 137 0.88 098 1.52

IGD

1.00) 078 072 0.74 0.79 068 085| 1.15 1.13 1.10 1.16 1.18 1.14
050 080 084 076 0.77 069 0.73| 130 1.19 1.18 125 135 0.81
025 075 080 0.72 0.77 070 098| 1.13 130 1.16 1.11 1.14 092
0.10f 081 078 0.73 0.76 0.71 085| 1.00 122 126 1.17 1.05 1.18
005 081 074 0.73 075 073 098| 1.13 099 125 1.00 1.13 1.08

These results suggest that static meta-features capture key global information,
especially because size strongly affects difficulty, while type and class influence
solution structure. Pareto-based landscape features, extracted from local sampling, are
insufficient alone but provide complementary information when combined with static de-
scriptors.

Regression metrics indicate that HV is predicted more accurately than IGD in the
combined scenario (R? € [0.996,0.997], MAPE € [0.318,0.409] vs. R? € [0.889, 0.929],
MAPE € [7.647,12.112]), with sparse sampling degrading IGD predictions. Feature im-
portance analysis reveals that size is the dominant meta-feature in static-only and com-
bined scenarios, while inc and ind are the most informative among landscape meta-
features, reinforcing their complementary role.



7. Conclusion

This paper investigated static and Pareto-based landscape meta-features for algo-
rithm selection in a three-objective ridesharing-inspired optimization problem. The re-
sults show that static meta-features are highly informative for predicting the relative per-
formance of MOEA/D, SPEA2, and IBEA. This finding is consistent with the TSP-like
nature of the problem and indicates that basic structural descriptors already capture major
sources of variation among the generated instances. Landscape features alone achieved
limited predictive performance and did not consistently outperform the single best solver.
When combined with static descriptors, they yielded better predictions than SBS. How-
ever, the contribution of the Pareto-based meta-features is limited and insufficient to re-
place static ones.

Future work includes designing specific meta-features for the multi-objective
ridesharing problem, exploring alternative learning models, and extending the analysis
to other real-world multi-objective problems.
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