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Abstract

Multi-objective search (MOS) has emerged as a unify-
ing framework for planning and decision-making problems
where multiple, often conflicting, criteria must be balanced.
While the problem has been studied for decades, recent years
have seen renewed interest in the topic across Al applications
such as robotics, transportation, and operations research, re-
flecting the reality that real-world systems rarely optimize a
single measure. This paper surveys developments in MOS
while highlighting cross-disciplinary opportunities, and out-
lines open challenges that define the emerging frontier of
MOS research.

1 Introduction

Multi-objective Search (MOS) problems are pervasive in
real-world settings where decision makers must balance sev-
eral, often conflicting, objectives. For example, in route find-
ing applications, we are interested in simultaneously mini-
mizing both travel time and fuel consumption, or distance
and toll costs. In many such cases, improvements in one ob-
jective cannot be achieved without hinderring another ob-
jective, making the search for well-balanced solutions both
challenging and essential.

When a decision maker can articulate how much loss in
one objective is acceptable for a given gain in another, all
objectives can be turned into one scalar value by, e.g., opti-
mising a weighted sum or another order-preserving (mono-
tone) aggregation. Then, the resulting problem can be solved
by any standard single-objective algorithm. This aggregation
approach, however, presupposes reliable apriori information
about acceptable trade-off for the decision maker, which is
often not available to the algorithm.

An alternative approach to addressing the multidimen-
sional trade-off is to use MOS algorithms that compute the
best attainable trade-offs wherein no objective can be im-
proved without degrading at least one other objective. This
set can then be presented to the decision maker for an a pos-
teriori preference articulation and final choice.

While being a decades-old problem (Vincke 1976;
Hansen 1980; Climaco and Pascoal 2012; Current and
Marsh 1993; Skriver 2000; Tarapata 2007; Ulungu and
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Teghem 1991), in recent years, the study of MOS has at-
tracted growing attention across multiple research commu-
nities. Dedicated workshops and tutorials addressing com-
plex, often conflicting, objectives have been featured in
mainstream Al venues (e.g., AAAI [2024], IJCAI [2023;
2025], AAMAS [2024], ICAPS [2024], ECAI [2025] and
SoCS [2023]), and in robotics and machine-learning venues
(e.g., RSS [2025] and NeurIPS [2024]). Related devel-
opments are also emerging in operations research (OR),
transportation science, and evolutionary computation, where
multi-objective optimization has a long tradition but is now
being revisited with modern heuristic search, reinforcement
learning, and hybrid approaches. This convergence of inter-
ests reflects a shared recognition that real-world decision-
making rarely optimizes a single criterion, and that princi-
pled multi-objective reasoning is essential for building intel-
ligent, robust, and adaptable systems.

Scope. In this paper, we highlight recent advances in the
field in terms of problem variants, algorithms, applications
and emerging directions. It is by no means a comprehen-
sive literature review but an attempt to provide an accessible
starting point for any researcher interested in the field.

Here, we focus on the setting of multi-objective search.
However, we also highlight extensions and variants such as
those that include uncertainty. Importantly, due to lack of
space, we maintain a high-level description of approaches
and refer the reader to (Salzman et al. 2023) for a technical
overview of recent MOS advances.

2 Problem Setting & Variants
2.1 Notation

Boldface font indicates vectors, lower-case and upper-case
symbols indicate elements and sets, respectively. The no-
tation p; will be used to denote the ¢’th component of p.
The addition of two d-dimensional vectors p and q and the
multiplication of a real-valued scalar k£ and a d-dimensional
vector p are defined asp+q = (p1 + ¢1, - .., pa + qq) and
kp = (kp1, ..., kpq), respectively.

Let p and q be d-dimensional vectors. For a minimiza-
tion problem, we say that p dominates q and denote this
as p = qif Vi,p; < q;. We say that p is lexicographically
smaller than q and denote this as p <jex q if pr < qi for
the first index k s.t. px # qi. Finally, let p and q be two
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Figure 1: Visualization of key MOS concepts for the spe-
cial case of a bi-objective problem. Solutions on and not
on the PF are visualized as purple and black dots, re-
spectively. Visualization of all solutions dominated and ap-
proximately dominated by solutions 7y and 7o are visual-
ized by turquoise and orange regions respectively. Exam-
ple for sets of solutions that approximate the PF which lie
and which do not lie on the PF are depicted with purple
squares and red diamonds, respective. Finally, the domi-
nance factor DF(7ry, 72) in this example is max(max(8/3 —
1,0),max(1/7 —1,0)) = 5/3.

d-dimensional vectors and let € be another d-dimensional
vector such that Vi ¢; > 0. We say that p approximately
dominates q with an approximation factor € and denote this
asp 2 qif Vi,p; < (1+¢;) - g

2.2 MOS—Problem definition and variants

In most variants of a MOS problem a directed graph G =
(V, E') where each edge e € E has a nonnegative cost vector
c(e) € R? where d > 0 is the number of objectives. For the
specific cases where d = 1 and d = 2, we refer to the prob-
lem as single-objective and bi-objective, respectively. For a
path m = (vy,...,vx) where (v;,v;41) € E, its cost c(p) is
the sum of the edge costs. That is, c(7) = >, ¢(vi, Vit1).
Given start and target vertices s, € V, a path from s to ¢ is
called a solution. A solution is Pareto-optimal iff its cost is
not dominated by any other solution. See Fig. 1.

Exact MOS. In the basic MOS problem, we are given
vertices s,t € V and the goal is to compute the set II*
of Pareto-optimal solutions, also known as the Pareto front
(PF) (Salzman et al. 2023). Importantly, computing IT* is
NP-hard (Serafini 1987) as its cardinality may be exponen-
tial in |V'| (Ehrgott 2005; Breugem, Dollevoet, and van den
Heuvel 2017). Even determining whether a path belongs
to IT* is NP-hard (Papadimitriou and Yannakakis 2000).

In certain settings, we would like to compute the PF from
a source s € V to every other vertex v € V (see, e.g., (Mar-
tins 1984; de las Casas, Sedefio-Noda, and Borndorfer 2021;
Kurbanov, Cuchy, and Vokrinek 2023)) or from any vertex
u € V to every other vertex v € V (see, e.g., (Zhang et al.
2023b; Cuchy, Vokrinek, and Jakob 2024)).

Approximate MOS. In real-world settings, we are often
not interested in the entire PF as it may be too large to
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present to decision makers (for example, there may be thou-
sands of solutions in the PF of large road networks (Ren
et al. 2025)). Thus, we are often interested in computing a
bounded approximation of II*. Here, we are given an ap-
proximation factor €. The e-approximate PF 1IY is a set of
solutions such that Vr € IT*, 37’ € II% s.t. c(n’) = c(m).
Namely, every solution in IT* is approximately dominated by
some solution in in IIY. Importantly, (i) the e-approximate
Pareto-optimal solution set is not necessarily unique and
(ii) some variants of this definition require that IIX C II*
while others don’t (See Fig. 1). Alternatively, some prob-
lem formulations seek a small representative set of solutions
in IT* (Rivera, Baier, and Herndndez 2022) (without any for-
mal definition of “small”).

Anytime MOS. Many applications benefit from obtaining
a subset IT* of IT* as fast as possible. As more time is avail-
able to the algorithm, additional solutions from IT* \ IT* are
added to IT*. The algorithm terminates when either (i) the
decision maker or the algorithm that uses the solutions ter-
minates the algorithm or (ii) the entire PF has been returned
(.e., II* = II*). Formally, we define the dominance factor
of a solution 7 over another solution 7’ as
“119).

<max{ ci(m)

ci(m)
which measures how “good” 7 approximates 7’. DE(m, 7’)
encodes the smallest e-value that satisfies 7 <. ... ) 7’ (See
Fig. 1). For a set of solutions II, we define the approximation
error of IT as

ERR(II) = in DF !
0= gy G Pr(m

DF(m,7') = max

i=1,2...N

which, roughly speaking, measure the solution in II* that is
“least” approximated by any solution in II.

Now, to measure the performance of an anytime MOS al-
gorithm, we typically wish to minimize the Area Under the
Curve (AUC) of the approximation error formally defined

limit L
as Auc = fg ERR(TI(t)), where ™ is the runtime limit
and (TI(t)) is solution set returned at time ¢.

Incremental & Dynamic MOS. When the MOS problem
is applied in an online fashion (i.e., planning is interleaved
with taking actions) and the query is updated (either because
the target is updated or because the environment’s represen-
tation is updated), one may want to avoid calling an algo-
rithm from scratch and instead reuse previous search efforts.
Incremental multi-objective graph search algorithms (see,
e.g., (Ren et al. 2022b) reuse previous searches to speed up
subsequent exact or approximate MOS searches.

Similarly, in MOS applications such as flight planning,
dynamic traffic roadmaps, and telecommunication and data
networks, the underlying graph changes over time since
either its structure (edges, nodes) or the cost functions
(weights, travel times, risks, etc.) evolve. In contrast to the
incremental setting, here we are given the dynamics be-
fore planning begins and need to account for the temporal
changes. This was only recently formulated by de las Casas
et al. (2021). For additional details, see also the recent work
by Shovan, Khanda, and Das (2025).



2.3 Beyond MOS

While MOS assumes a deterministic model, many real prob-
lems demand richer models. To capture stochasticity, or gen-
eral optimization beyond paths, several extensions have been
studied. Each extends MOS along a different axis while
keeping Pareto optimality central. We briefly describe each
model, highlighting the similarities and differences com-
pared to MOS.

Handling uncertainty. Recall that a MOS problem is de-
fined using a graph G = (V, E) together with edge costs ¢
which present a deterministic model. A Multi-objective
Stochastic Shortest Path (MOSSP) problem extends the
MOS framework by introducing probabilistic transitions be-
tween states (Roijers and Whiteson 2017). Formally, we are
given a graph G = (V, E) together with edge costs ¢ and
a transition probability distribution over successor vertices.
A policy 14 maps vertices to successor edges, inducing a dis-
tribution over paths from the start s to the target ¢. The cost
of a policy is defined as the expected cumulative cost vector
across objectives. As in MOS, policies are compared using
dominance: a policy 1 dominates ps if it has no worse ex-
pected cost in every objective and is strictly better in at least
one. The goal is to compute a coverage PF of policies.

A Multi-objective Markov Decision Process (MOMDP)
generalizes MOSSP by adopting an MDP formalism. In con-
trast to MOSSP which focuses on reaching a target in a
stochastic graph with vector costs, MOMDP allow arbitrary
horizon settings (e.g., finite, infinite, discounted) and se-
quential decision-making under uncertainty, not just reach-
ing a target vertex.

Learning. Multi-objective  Reinforcement  Learning
(MORL) extends the MOS framework to settings where
the agent interacts with an environment through repeated
trial-and-error learning rather than having an explicit model
of the state-transition dynamics (Hayes et al. 2022; Felten,
Talbi, and Danoy 2024). Formally, MORL is defined over
the same structure as an MOMDP, M = (S, A, P, c), with
state space .S, action space A, transition function P, and
vector-valued cost or reward function c(s,a) € R How-
ever, unlike MOMDPs, in MORL the transition probabilities
and reward distributions are not assumed to be known a
priori. Instead, the agent learns a policy i : S — A through
experience, typically by interacting with the environment
and receiving vector-valued feedback.

MORL generalizes MOS in that it seeks Pareto-optimal
solutions across multiple objectives, but unlike MOS, it does
not assume a static graph with deterministic edges. Rela-
tive to MOSSP and MOMDP, MORL replaces planning with
learning: instead of computing Pareto-optimal policies from
a known model of uncertainty, the agent must discover them
through exploration and approximation. Thus, MORL in-
herits the challenges of both reinforcement learning (e.g.,
exploration-exploitation trade-offs, function approximation)
and MOS (e.g., dominance checks). The goal in MORL re-
mains to approximate the Pareto set of policies, but learning
algorithms must balance sample efficiency, preference sensi-
tivity, and scalability in high-dimensional state and objective
spaces.
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Multi-objective Optimization. In this paper, we focus
on MOS which can be seen as an instance of the more
general multi-objective optimization (MOQ) problem, (see,
e.g., (Branke et al. 2008; Miettinen 2012; Roijers and White-
son 2017; Hwang and Masud 2012; Emmerich and Deutz
2018)). It is important to highlight the similarities and dif-
ferences between the two fields.

MOO is the most general formulation of problems in
which several, possibly conflicting, objectives must be opti-
mized simultaneously. Formally, given a feasible set & and
objective functions f; : X — R for: = 1,...,d, the prob-
lem is to find the set of non-dominated solutions

X ={reX|PyecX, f(y) f(x), fly) # f(z)},

where f(z) = (f1(z), ..., fa(x)). Here, X'* corresponds to
the Pareto set whose image in R? is the PF.

Relative to MOS, MOO generalizes the underlying do-
main: whereas MOS is defined over paths in a determin-
istic graph with additive vector costs, MOO is agnostic to
the structure of the feasible set and can capture contin-
uous, combinatorial, or black-box domains. Compared to
stochastic settings such as MOSSP and MOMDP, MOO
does not necessarily assume probabilistic dynamics or se-
quential decision processes; instead, it focuses purely on the
optimization of static or offline-defined objectives. In con-
trast to MORL, MOO assumes direct access to the objective
functions rather than learning them through interaction. In
this sense, MOO serves as the broad umbrella under which
MOS, MOSSP, MOMDP, and MORL can be seen as struc-
tured subclasses with additional constraints on the represen-
tation of X', the dynamics of decision-making, and the infor-
mation available to the algorithm.

From an algorithmic point of view, in contrast to MOS,
which builds upon search algorithms, MOO typically builds
upon local and global optimization methods such as genetic
algorithms (Deb et al. 2002; Deb and Jain 2013; Zhang and
Li 2007), particle swarm optimization (Coello and Lechuga
2002), and simulated annealing (Li and Landa-Silva 2011).

3 Algorithmic Advances

In this section we outline recent algorithmic advances in
MOS. We start with a brief historical overview and continue
to outline tools, techniques and algorithms that advances the
state-of-the-art in MOS. We conclude with a brief descrip-
tion of advances in generalizations of MOS (Sec. 2.3) that
have close ties to MOS algorithms

3.1 Brief historical overview

Early work on MOS established the algorithmic framework
which is the basis of most modern algorithms (Hansen 1980;
Martins 1984; Warburton 1987). For efficiently comput-
ing IT*, two notable approaches emerged. The first gener-
alizes the label-correcting paradigm to the multi-objective
setting (Guerriero and Musmanno 2001). Label-correcting
is an iterative shortest-path method that repeatedly updates
tentative distance labels of vertices whenever a shorter path
is found, allowing multiple updates per vertex until no fur-
ther improvements are possible. The second generalizes the



celebrated A* algorithm (Hart, Nilsson, and Raphael 1968)
which we detail next as most of the recent advancements fall
under this category.

A notable contribution was the work by Stewart et
al. (1991), who introduced Multi-Objective A* (MOA*).
MOA* served as the foundation to multiple extensions (see,
e.g., Mandow and De La Cruz 2005, 2010)) which differ
in which information is contained in the nodes, how nodes
are ordered in the priority queue and how dominance checks
are implemented and when they are performed (upon gen-
eration or upon expansion). A key insight that dramatically
improved the efficiency of these algorithms was to order the
nodes in the priority queue in increasing lexicographic order
and apply the notion of dimensionality reduction (Pulido,
Mandow, and Pérez-de-la Cruz 2015). See (Salzman et al.
2023) for an overview of the approach. The resulting algo-
rithm based on this idea was termed NAMOA-dr!.

Early approaches (Warburton 1987; Perny and Spanjaard
2008; Tsaggouris and Zaroliagis 2009; Breugem, Dollevoet,
and van den Heuvel 2017) to approximating IT* focused
on Fully Polynomial Time Approximation Schemes® (FP-
TAS) (Vazirani 2001). Unfortunately, running these ap-
proaches on moderately-sized graphs (i.e., with roughly
10, 000 vertices) is often impractical (Breugem, Dollevoet,
and van den Heuvel 2017).

3.2 Algorithmic advances in MOS

Exact approaches. In recent years, several algorithms
dramatically improved the efficiency of exact MOS al-
gorithms (see, e.g., (de las Casas et al. 2023; de las
Casas, Sedefio-Noda, and Borndorfer 2021; Ahmadi et al.
2021; Ren et al. 2025)). Notable examples that reduce
the computational complexity of key operations include
(i) BOA* (Hernédndez et al. 2023) which adapted and sim-
plified NAMOA-dr for the bi-objective setting performing
dominance checks in O(1), and (ii) recent work (Zhang et al.
2024b; Ren et al. 2022a) which improves node indexing and
data structures for dominance checks of two and three objec-
tives to yield dramatic speedups. Finally, recent work (Ah-
madi et al. 2024) considered the more general set of graphs
with negative edges.

Approximate approaches. Goldin and Salzman (2021)
suggested PPA*, an extension of BOA* that introduced new
pruning techniques to efficiently compute an e-approximate
PF II? for the bi-objective setting. PPA* was later general-
ized by Zhang et al. (2022) who suggested the A*pex al-
gorithm which allows to compute II7 for any number of ob-
jectives. The efficiency of A*pex stems from the observation
that paths whose cost is very similar can be grouped in an ef-
ficient manner allowing to dramatically prune the PF. A*pex
was later used to exploit correlation of edge costs (Halle
et al. 2025), develop anytime MOS algorithms (Zhang et al.
2024c¢) and more (Zhang et al. 2024a), see also Sec. 4.

"Here, “dr’ stands for dimensionality reduction.

2An FPTAS is an approximation scheme whose time complex-
ity is polynomial in the input size and also polynomial in 1/e
where ¢ is the approximation factor.
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Parallelization. While there has been some research on
parallelizing MOS algorithms (see, e.g., (Sanders and
Mandow 2013; Erb, Kobitzsch, and Sanders 2014; Medrano
and Church 2015), this research direction has been largely
unexplored (Salzman et al. 2023). Two notable exceptions
include (i) The work by Ahmadi et al. (2025) who ex-
plored permutations of objective orderings in parallel while
sharing bounds to collapse subproblems, achieving near-
linear speedups on many-core systems and (ii) the work
by Hernandez et al. (2024) who suggest an approach to
compute set dominance checks or SDC (a key procedure,
which dominates the running time of many state-of-the-
art MOS algorithms) in parallel. They exploit vectorized
the operations offered by “Single Instruction/Multiple Data”
(SIMD) instructions to perform SDC on ubiquitous con-
sumer CPUs thereby dramatically improving the runtime of
existing MOS algorithms.

Theory. There have not been many recent theoretical ad-
vances. de las Casas et al. (2021) suggested an FPTAS for
the new setting of dynamic MOS in which edges cost can
change online. Skyler et al. (2024) extended theory from
single-objective search (SOS) to MOS which characterizes
the set of vertices and search nodes that any unidirectional
search algorithm must expand to prove the optimality of
the solution. Specifically, they introduce a classification of
vertices into must-expand, maybe-expand, and never-expand
categories. The notable difference between SOS and MOS is
that vertices must be expanded to (i) prove that any path in
a PF is Pareto-optimal (these are called optimality vertices)
and (ii) ensure that there are no more solution costs that are
not represented in the PF (these are called completness ver-
tices). Completeness vertices have no analogy in SOS.

Heuristics. Key to the success of heuristic search in gen-
eral, and heuristic MOS in particular, is the ability to in-
corporate domain knowledge using heuristics that guide the
algorithm. Almost all MOS algorithms use the “ideal point
heuristic” h;jgea1, Which combines a set of d single-objective
heuristics h1,..., hq. Here, h; : V. — R>q corresponds to
the shortest path from each vertex according to the ¢’th ob-
jective and Vv € V higea1(v) := (h1(v),. .., hq(v)).

However, in contrast to SOS, in the general case of MOS,
the heuristic value of a vertex v is not a single cost vector,
but a set of cost vectors (see (Mandow and De La Cruz 2010)
for original definition and (Salzman et al. 2023) for an in-
depth discussion). While such heuristics, called Multi-Value
Heuristics (MVH) are much more informative, the overhead
of computing and using MVHs in MOS algorithms can be
large and the total runtime is often larger than when us-
ing hjgea (GeiBler et al. 2022).

A notable example where MVHs are used is the recent
work by Zhang et al. (2023a), which generalize Differen-
tial Heuristics (DHs) (Goldberg and Harrelson 2005), a class
of memory-based heuristics for SOS, to bi-objective search,
resulting in Bi-Objective Differential Heuristics (BO-DHSs).
They propose several techniques to reduce the memory us-
age and computational overhead of BO-DHSs, demonstrating
reductions in runtime of a bi-objective search algorithm by
up to an order of magnitude.



3.3 Algorithmic advances in MOS extensions

While there has been many advances in MOSSP, MOMDP
and MOO algorithms, which are not the focus of this pa-
per, here we mention work that is closely related to MOS.
Recent work by Chen, Trevizan, and Thiébaux (2023) sug-
gests adapting heuristic-search algorithms (which are the
foundation of MOS algorithms) for MOSSP. This is done
by extending (single-objective) stochastic shortest-path al-
gorithms, such as LAO* (Hansen and Zilberstein 2001) and
LRTDP (Bonet and Geffner 2001), to the multi-objective
setting. They also study how to guide their algorithms with
domain-independent heuristics to account for the probabilis-
tic and multi-objective features of the problem.

4 MOS as an Algorithmic Toolbox

Recently the algorithmic toolbox developed for MOS has
also proven useful in other domains. Some, are new variants
of MOS while others are seemingly unrelated optimization
problems where MOS approaches have been useful.

Multi-objective minimum spanning tree. The Multi-
Objective Minimum Spanning Tree (MO-MST) problem
generalizes the classical MST problem to settings where
edges are labeled with cost vectors. Instead of a single span-
ning tree with minimal total weight, the goal is to iden-
tify a Pareto set of spanning trees that represent undomi-
nated trade-offs among objectives. However, unlike MST,
for which there are polynomial time algorithms that solve
it, MO-MST is NP-hard (Fernandes et al. 2020). MO-MST
is important for communication networks, where spanning
trees must balance latency, bandwidth and resilience, and
in transport and logistics, where constructing infrastructure
with multiple cost criteria is essential (see, e.g., (Levin and
Nuriakhmetov 2011)). MO-MST algorithms borrow heav-
ily from MOS techniques (see, e.g., (Sourd and Spanjaard
2008; Fernandes et al. 2020; de las Casas, Sedefio-Noda, and
Borndorfer 2025)).

MOS with objective aggregation. In many real-world
problems with multiple objectives, the objectives interact in
a complex manner, leading to problem formulations that do
not allow out-of-the-box usage of MOS algorithms (Fu et al.
2023; Slutsky et al. 2021; Axelrod, Kaelbling, and Lozano-
Pérez 2018). Roughly speaking, this is because the search al-
gorithms needs to treat differently paths that are and that are
not solutions. For example, in robot inspection planning (Fu
et al. 2023; Alpert et al. 2025), a robot is required to view as
many points of interest (POI) as possible using an on-board
sensor while minimizing path length. The two objectives
which define a solution 7 are the number of POIs viewed
along 7 and the length of 7. However, every path that is not
a solution must keep track of which POI was viewed, es-
sentially defining a binary objective for each POI. This is
because two paths to the same vertex that viewed different
POIs cannot dominate one another as their final bi-objective
cost depends on which POIs will be viewed in the future.
This creates a mismatch between objectives at intermedi-
ate nodes, which we term hidden objectives, and objectives
at solution nodes, which we term solution objectives. The
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relation between solution objectives and hidden objectives
is captured via some method of objective aggregation (Peer
et al. 2025). Returning to our inspection-planning exam-
ple, there is one hidden objective that corresponds to each
POI as well as one for path length and there are two solu-
tion objectives corresponding to number of POIs viewed and
path length. Here objective aggregation is done by adding
all (binary) cost values of POI hidden objectives. We call
such problems MOS with objective aggregation (MOS-OA).
Importantly, MOS-OA algorithms can naturally employ the
MOS algorithmic toolbox. Indeed, early versions of A*pex
were developed in the context of MOS-OA (Fu et al. 2023).

Multi-objective Multi-Agent Path Finding. The Multi-
Agent Path Finding (MAPF) problem (Stern et al. 2019) in-
volves finding non-colliding paths for multiple agents from
their start locations to their respective target locations in
a shared environment. The primary goal is to optimize a
metric such as the sum of travel time of all agents or the
makespan (i.e., task completion time). The Multi-Objective
MAPF (MO-MAPF) problem extends the MAPF problem
to multiple, often conflicting, optimization criteria such as
makespan, energy consumption, safety margin, or fairness
among agents. The result is not a single plan but a PF of
MAPF plans, each representing a different trade-off. Recent
algorithms (see, e.g., (Ren, Rathinam, and Choset 2021b,a,
2023; Wang et al. 2024)) integrate MAPF and MOS to ob-
tain scalable algorithms for this purpose.

Constrained shortest path. In the Constrained Shortest-
Path problem (CSP) (Storandt 2012) we are interested in
computing a shortest path subject to some constraints (e.g.,
limited energy consumption for an autonomous agent). This
setting was generalized by Skyler et al. (2022) who consider
the setting where we need to find a solution which belongs
to IT* whose costs are below given upper bounds on each
objective. Later Zhang et al. (2024a) considered a similar
setting but where we need to find a solution which belongs
to II% for some € > 0.

k-Shortest simple path. In the k-Shortest Simple Path
(k-SSP) problem, we are given a graph G = (V| E) with
regular (scalar) edge costs. Given start and target vertices
s,t € V and a parameter k, we are tasked to compute the
k shortest paths between s and ¢. While this is a single-
objective problem, recently de las Casas et al. (2025) have
shown that the 2-SSP can be solved by a reduction to a bi-
objective search problem.

5 Emerging Applications
We briefly review several diverse domains where MOS and
its variants have been recently used. This showcases the ap-
plicability of MOS despite its relative simplicity when com-
pared to the richer models reviewed in Sec. 2.3.

Automated design & synthesis. MOS has been applied to
design problems in chemistry, biology, and engineering. One
example is retrosynthesis planning in computational chem-
istry, which is the problem of finding reaction sequences that
produce a target molecule. Lai et al. (2025) consider multi-
ple objectives and, by searching for un-dominated synthesis



routes, they were able to present several candidate pathways
to a human chemist to evaluate and choose from. Similarly,
MOS found applications in drug discovery and generative
design. For example, Southiratn et al. (2025) suggested a bi-
objective search algorithm for generating molecular struc-
tures that balance affinity to two proteins while also satisfy-
ing drug-like property constraints The result is a set of novel
molecular candidates with high predicted efficacy and ac-
ceptable pharmacological profiles. which traditional single-
objective or scalarized approaches would have likely missed.

Multi-modal journey planning. Multi-modal journey
planning determines routes combining different transport
modes (Bast et al. 2016), which inherently involves multi-
objective optimization such as time, cost and comfort. These
methods (see e.g., (Potthoff and Sauer 2022b,a)) build upon
MOS algorithms to make queries tractable at metropolitan
scale. Many real-world uses of such algorithms have re-
cently been documented. For example, OpenTripPlanner 2
is an open-source multi-modal journey planner for public
transportation in combination with bicycling, walking, and
mobility services such as bike share and ride hailing. It has
been deployed nationwide in Norway and Finland. In Port-
land (Oregon), it provides about 40,000 trip plans on a typi-
cal weekday (OTP 2025).

Robotics. In robotics, multiple objectives often need to be
simultaneously balanced (e.g., cost, energy and safety) In
Sec. 4 we discussed robot inspection planning in the con-
text of MOS-OA. Another example is autonomous vehicle
(AV) planning using rulebooks (Slutsky et al. 2021; Censi
et al. 2019; Halder and Althoff 2025; Penlington, Zanardi,
and Frazzoli 2024), where the system must generate a trajec-
tory that complies with a set of potentially conflicting traf-
fic rules. Consider, for instance, Singapore’s Final Theory of
Driving that requires (i) maintaining at least a one-meter gap
when passing a parked vehicle and (ii) prohibits crossing a
solid double white lane divider. When an AV encounters a
car improperly parked along such a divider, it may be im-
possible to satisfy both requirements simultaneously. Fortu-
nately, requirements often form in a hierarchy—e.g., avoid-
ing a collision is more important than keeping safety margin
from parked vehicles and than maintaining lane. Rulebooks
are a systematic way to address such settings. Here, a rule
corresponds to an objective and a rulebook defines a hierar-
chy that induces a partial order. For example rule r; (avoid-
ing collision) is more important than rules 2, 3 (maintain-
ing safety distance and lane) but rules r5, 73 are incompara-
ble. This generalizes MOS which is a “flat” hierarchy where
no objective (rule) is more critical than any other one.

6 Open Challenges and Opportunities

Despite the progress reviewed in this paper, several funda-
mental challenges remain open. In contrast to Salzman et al.
(2023) who discuss technical challenges that are the foun-
dations for advancing MOS algorithms, here we focus on
challenges and opportunities that will increase the impact of
MOS.
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Scalability and dimensionality. Most existing algorithms
scale poorly when the number of objectives grows beyond
two or three. Approximate and bounded suboptimal MOS
algorithms partially address this issue, but there is no con-
sensus on how to effectively navigate high-dimensional cost
spaces which may be essential in real-world applications.

Dynamic and uncertain environments. Real-world de-
ployment increasingly requires algorithms that adapt to
changing graphs or stochastic models. While recent works
study dynamic MOS, MOSSP and MOMDP, current algo-
rithms mostly remain theoretical or are limited to small in-
stance sizes. Developing practical, general-purpose dynamic
MOS algorithms is an interesting research opportunity.

Preference elicitation and user modeling. In many ap-
plications, decision makers cannot provide trade-offs up-
front. Integrating preference elicitation into the search pro-
cess—by interactively presenting Pareto-optimal candidates
and learning from user choices—remains an underexplored
yet impactful research direction. Combining MOS algo-
rithms with methods from preference learning and human-
in-the-loop Al is another research opportunity.

Cross-fertilization between research communities. Im-
portant opportunities exist at the interface of MOS and other
Al subfields. In reinforcement learning, MORL is rediscov-
ering many algorithmic ideas from MOS; conversely, MOS
can benefit from policy-gradient and distributional methods.
In many domains such as robotics, large-scale transport sys-
tems and OR, multiple objectives are prevalent but existing
MOS formulations need to be adapted to be applied effec-
tively.

Benchmarks. Classical MOS benchmarks focus on road
networks and grid worlds, while robotics emphasizes
motion-planning roadmaps, and reinforcement learning re-
lies on synthetic MO-MDPs. This fragmentation hampers
comparison across research communities.

A standardized benchmark suite that spans classical
MOS, stochastic and dynamic settings, and application-
inspired domains (such as transportation, robotics and chem-
istry) would be a major step forward. Beyond static datasets,
benchmarks should include interactive tasks for preference
elicitation and evaluation metrics that reflect both efficiency
and effectiveness. The community would benefit from a
shared repository of graphs, environments, and evaluation
protocols to foster reproducibility and comparability.

7 Conclusion

MOS has rapidly expanded from a niche research topic to a
broad principle that influences many disciplines and applica-
tions and studied by multiple communities. On the algorith-
mic side, there have been significant improvements in exact
search, new approximate and parallel algorithms, and theo-
retical insights. On the applications side, numerous commu-
nities have started to formulate their problems in terms of
trade-offs between different metrics and adopt MOS meth-
ods to handle these trade-offs. While MOS was the focus of
this paper, there should be more cross fertilization between
different multi-objective optimization approaches.
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