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Abstract
This paper studies a risk-sensitive formulation of
the multi-robot search problem, termed multi-robot
mean–standard deviation search (MuRMSS), in
which a team of robots cooperatively search for a
moving target by minimizing a linear combination
of the mean and standard deviation of search time.
However, the standard deviation term is inherently
non-additive, making it difficult to estimate, in-
compatible with canonical multi-robot search al-
gorithms, and preventing consistent decomposition
into individual robot utilities, which is essential for
scalable multi-robot cooperation. In view of these
challenges, we propose MV-FAC, which comprises
a mean–variance temporal-difference module that
jointly learns the mean and variance of search
time, a factorization module that decomposes them
into individual utilities, and a decentralized policy
optimization module that minimizes each robot’s
individual mean–std objective. We further estab-
lish and prove the mean–std individual-global min-
imization (MS-IGM) theorem, thereby ensuring
consistency between individual- and team-level
objectives. Extensive simulation studies on stan-
dard multi-robot search benchmarks demonstrate
that MV-FAC achieves the best overall mean–std
search-time performance. We also validate MV-
FAC’s practicality by deploying it on a physical
multi-robot system for moving target search in a
real-world building environment.

1 Introduction
Multi-robot search (MuRS) has long been an active research
field, attracting sustained attention from both academia and
industry. In practice, MuRS underpins a wide range of real-
world applications, such as search and rescue in hazardous
environments, persistent surveillance, and exploration in un-
known environments. Beyond its practical relevance, MuRS
also serves as a challenging and representative testbed for
both algorithmic development and theoretical analysis in
multi-agent systems, enabling the systematic study of core
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(a) A Simple Scenario (b) Performance Comparison

Figure 1: (a) A simple yet illustrative example of MuRMSS: two
robots cooperate to search for one stationary target residing in
Grid A with probability of 80% or in Grid B with probability of
20%, with the objective of minimizing the mean–std of search time.
(b) Performance comparison: (1) Canonical MuRS algorithms dis-
patch Robot 1 to Grid A and Robot 2 to Grid B. The resulting
mean search time is 1.4, with the variance 0.64, yielding a mean–std
search time at 1.4+

√
0.64 = 2.2. (2) MV-FAC dispatches Robot 1

to Grid B and Robot 2 to Grid A. The mean search time is 2, and the
variance is 0, resulting in the mean–std search time at 2 +

√
0 = 2.

problems across multi-agent reinforcement learning, dis-
tributed control, and game-theoretic decision making.

In the existing literature, multi-robot search has been stud-
ied under a variety of problem settings. Among them, a preva-
lent line of work focuses on minimizing the expected search
time. While such expectation-based objectives are intuitive
and convenient, they fail to capture the variability of search
outcomes. In many risk-sensitive applications, it is prefer-
able to sacrifice a small amount of expected search time
for the reduced search-time variance. In view of these con-
siderations, we introduce a risk-sensitive multi-robot search
problem, termed multi-robot mean–standard deviation search
(MuRMSS), which aims at minimizing the linear combina-
tion of mean and standard deviation (mean–std) search time.

However, MuRMSS alters the underlying problem struc-
ture, causing the canonical multi-robot search algorithms to
yield suboptimal solutions. As illustrated in Fig. 1a, even in
a simple scenario, algorithms designed to minimize the ex-
pected search time are no longer optimal under the mean–
std search objective. Moreover, the standard-deviation term
is inherently nonlinear and non-additive, which complicates
its modeling and estimation procedure, and prevents the ef-
fective decomposition into individual robot utilities for de-
centralized decision making.
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To address the aforementioned challenges, we propose
mean–variance value function factorization (MV-FAC), a fac-
torized multi-agent reinforcement learning (MARL) method
for the MuRMSS problem. MV-FAC consists of (1) a mean–
variance temporal difference (TD) learning module, which
jointly estimates the team-level mean and variance of search
time, thereby circumventing the need to directly model the
non-additive standard-deviation term in MuRMSS; (2) a
mean–variance factorization module, which simultaneously
decomposes the team-level mean and variance into corre-
sponding individual-level utilities for each robot; and (3) a de-
centralized policy optimization module, which enables each
robot to update its decision-making policy towards minimiz-
ing the individual-level mean–std objective. Furthermore,
we establish the mean–std individual-global minimization
(MS-IGM) theorem, which guarantees consistency between
individual- and team-level mean–std objectives. We evaluate
MV-FAC against state-of-the-art methods on standard multi-
robot search benchmarks, and further validate its effective-
ness through deployment on a physical multi-robot system for
moving-target search in a real-world building environment.

The paper’s main contributions can be summarized as fol-
lows: (1) We formulate a risk-sensitive multi-robot search
problem, termed MuRMSS, which explicitly incorporates
both the mean and standard deviation into the search-time ob-
jective. (2) We propose MV-FAC for the MuRMSS problem,
which jointly learns and factorizes the team-level mean and
variance of search time into corresponding individual-level
utilities, thereby enabling decentralized policy optimization.
(3) We establish and prove the MS-IGM theorem, which
guarantees local-to-global consistency between individual-
and team-level mean–std objectives.

2 Literature Review
This section reviews related work on multi-robot search from
the perspectives of problem settings and solution method-
ologies, and further discusses representative studies on risk-
sensitive multi-agent decision making.

2.1 Problem Settings in Multi-Robot Search
Multi-robot search has been studied under various problem
settings, among which multi-robot efficient search (MuRES),
multi-robot adversarial search (MuRAS), and multi-robot
guaranteed search (MuRGS) are the most representative.

1) Multi-robot efficient search (MuRES): MuRES is the
most classical and widely studied problem setting in multi-
robot search. In this setting, the target is assumed to be non-
adversarial, i.e., its motion dynamics are independent of the
robot team’s search strategy, and the objective is to mini-
mize the expected search time. Within the MuRES setting,
existing studies have explored a variety of modeling varia-
tions along several dimensions, including environment rep-
resentations such as grid-based [Lee and Lee, 2024], graph-
based [Patil et al., 2023], and continuous environments [Kwa
et al., 2020]; sensor characteristics such as perfect detec-
tion [Sheng et al., 2022] and imperfect sensing with false neg-
atives [Asfora et al., 2020] and/or false positives [Sun et al.,
2020]; sensing ranges including same-node detection [Guo et

al., 2023a], neighbor-node detection [Chen et al., 2024], and
line-of-sight sensing [Cui et al., 2021]; and robot team com-
positions such as homogeneous robot teams [Andreychuk et
al., 2025] and heterogeneous robot teams [Jo and Son, 2025].

2) Multi-robot adversarial search (MuRAS): MuRAS
extends the classical multi-robot search problem setting by
explicitly modeling the target as an adversarial one, which
acts adversarially against the robot team’s search strat-
egy [Rahman et al., 2022; Peng et al., 2025a]. In this set-
ting, the robot team still aims to minimize the expected search
time, however, the target actively attempts to evade the robots
in order to delay detection. Due to the adversarial nature of
target motion, MuRAS is often studied under the pursuit–
evasion framework [Fang et al., 2022; Olsen et al., 2022].

3) Multi-robot guaranteed search (MuRGS): MuRGS
considers a more conservative problem setting in which the
robot team seeks to guarantee target detection without making
assumptions about the target’s motion characteristics [Kolling
and Kleiner, 2013]. Unlike MuRES and MuRAS, MuRGS
typically adopts the worst-case performance criterion, aiming
to minimize the maximum possible search time regardless of
the target’s motion behavior and initial location. As a result,
MuRGS is commonly studied in settings where safety-critical
requirements necessitate strict upper bounds on search time.

This paper introduces MuRMSS, which defines a differ-
ent problem setting from MuRES, MuRAS and MuRGS.
MuRMSS follows the non-adversarial moving target assump-
tion in MuRES, but departs from the existing formulations by
adopting a risk-sensitive objective that minimizes the mean–
standard deviation of search time. The risk-sensitive objec-
tive introduces additional challenges due to the non-additivity
of the standard-deviation term, making classical multi-robot
search methods insufficient for the problem setting.

2.2 Methodologies for Multi-Robot Search
Existing methodologies for multi-robot search can be broadly
categorized into four groups: planning-based methods, swarm
intelligence methods, game-theoretic methods, and multi-
agent reinforcement learning (MARL)-based methods.

1) Planning-based methods represent the most canoni-
cal solutions for the MuRES problem. They typically for-
mulate multi-robot search as a mathematical optimization
problem by explicitly modeling target motion, initial lo-
cation uncertainty, and robot dynamics, and solve it us-
ing off-the-shelf optimization solvers [Asfora et al., 2020;
Gonzalez and Jaillet, 2025]. However, these methods suffer
from poor scalability, as the computational complexity grows
rapidly with the number of robots, target uncertainty, and en-
vironment size.

2) Swarm intelligence methods address the multi-robot
search problem by prescribing simple local behavior or
interaction rules for individual robots, from which team-
level search behaviors emerge through decentralized execu-
tion [Yuan et al., 2024; Sharma et al., 2025; Morin et al.,
2022]. While intuitive, easy to implement, and highly scal-
able, they lack an explicit objective-driven problem formula-
tion, making it difficult to relate local rules to the global ob-
jective and systematically optimize team-level performance.
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3) Game-theoretic methods model multi-robot search as
an interactive decision-making process between the robot
team and an adversarially moving target, and typically for-
mulate the problem within the zero-sum or pursuit–evasion
game framework to seek equilibrium-based solutions [Esfa-
hani et al., 2026] or derive sufficient conditions for guaran-
teed search success [Bone et al., 2023]. However, such meth-
ods often rely on restrictive assumptions about the target’s ca-
pabilities and/or environment properties, and face scalability
challenges in complex settings.

4) MARL-based methods have recently emerged as a
promising approach for the MuRES problem by formulat-
ing multi-robot search as a decentralized sequential decision-
making process [Calzolari et al., 2025; Tan et al., 2021;
Hou et al., 2024]. These methods typically cast MuRES
within the decentralized partially observable Markov decision
process (Dec-POMDP) framework and employ distributed
policy optimization algorithms, such as multi-agent policy
gradient [Chen et al., 2025; Guo et al., 2023a] or value-
function factorization [Guo et al., 2025], to learn cooperative
search strategies from the interaction data.

2.3 Risk-Sensitive Multi-Agent Decision Making
Risk-sensitive multi-agent decision making has attracted at-
tention, aiming to extend beyond canonical expectation-based
objectives by accounting for uncertainty and variability in re-
turns. Representative studies focus on risk measures, such
as value-at-risk (VaR), conditional value-at-risk (CVaR), and
distortion risk measures (DRMs), and develop value factor-
ization frameworks to enable decentralized execution under
these objectives [Slumbers et al., 2022; Gao et al., 2021;
Shen et al., 2023; Jiang et al., 2025]. In this context,
expectation-based IGM principles are insufficient, motivating
generalized consistency conditions and quantile-based factor-
ization architectures for non-additive risk operators.

Despite progress, existing risk-sensitive multi-agent
decision-making methods primarily target distributional risk
objectives, requiring learning and manipulating the full return
distribution and incurring substantial computational com-
plexity. In contrast, MuRMSS adopts a mean–standard de-
viation objective, where risk sensitivity is characterized by
first- and second-order statistics, motivating lightweight al-
gorithmic design that estimates and factorizes the mean and
variance of search time. A detailed review of risk-sensitive
MARL is in the supplementary material.

3 Problem Formulation
This section presents the problem formulation of MuRMSS
and its modeling within the decentralized partially observ-
able Markov decision process (Dec-POMDP) framework. For
clarity, a summary of major notations used throughout the pa-
per is provided in the supplementary material.

3.1 Task-Level Problem Definition
The task-level definition of MuRMSS specifies the operating
environment, the target motion dynamics, the robots’ sensing
and motion models, and the target detection condition.

1) Operating Environment: The environment is mod-
eled as an undirected and connected unit-cost graph G(V, E),

where V denotes the set of nodes, and E denotes the set of
edges. The unit-cost assumption means that traversing any
edge or remaining at the same node incurs one time step for
both the robots and the target. This assumption has been com-
monly adopted in the multi-robot search literature for discrete
environments, see [Guo et al., 2025; Asfora et al., 2020;
Sheng et al., 2022] as examples. In practice, non-unit-cost
graphs can be converted into unit-cost ones by subdividing
long edges into several unit-cost sub-edges.

2) Target Motion Dynamics: The target’s position at time
step t is denoted by et ∈ V , and is unknown to the robot
team. The target’s motion is assumed to be non-adversarial,
meaning that the motion dynamics are independent of the
robot team’s search strategy. The target motion is modeled
as a discrete-time Markov process governed by the stochas-
tic transition matrix Γ, i.e., P[et+1|et] = Γ(et, et+1). Here,
Γ respects the underlying graph G, such that et+1 = et or
(et, et+1) ∈ E , and is also unknown to the robot team.

3) Robot Model: We consider a team of N robots indexed
by i ∈ {1, . . . , N}. Robot i’s position at time step t is de-
noted by p

(i)
t ∈ V , and at each time step, robot i can either

move to an adjacent node in G, i.e.,
(
p
(i)
t , p

(i)
t+1

)
∈ E or re-

main stationary at the current node, i.e., p(i)t+1 = p
(i)
t . Each

robot is equipped with a local sensor and receives a binary
observation o

(i)
t ∈ {0, 1}, where o

(i)
t = 1 indicates that the

target is detected at node p
(i)
t , while o

(i)
t = 0 for no target

detection at node p(i)t . The decision-making policy of robot i,
denoted by π(i), depends on its own history of positions and
observations, i.e., π(i)=π(i)

(
p
(i)
≤t, o

(i)
≤t

)
.

4) Target Detection Condition: The target is deemed to
be detected if, at any time step t, there exists at least one robot
i such that the robot and the target reside at the same node,
i.e., p(i)t = et. The time step at which this event first occurs is
defined as the search time and is denoted by tcap. Here, tcap
is a random variable due to the stochastic target motion and
the uncertainty in the target’s initial location.

3.2 Dec-POMDP Modeling for MuRMSS
Based on the task-level definition in Section 3.1, we formu-
late MuRMSS as a decentralized partially observable Markov
decision process (Dec-POMDP). A Dec-POMDP is defined
by the tuple ⟨I,S, {A(i)}, {O(i)},P, R, γ⟩, and each element
is specified within the multi-robot search context.

The set of agents is given by I = {1, . . . , N}, where N is
the number of searching robots. The global state st ∈ S is
defined as the joint configuration of the target and all robots
at time t, i.e., st = (et, p

(1)
t , . . . , p

(N)
t ). Each robot i ∈ I se-

lects an action a
(i)
t ∈ A(i), which corresponds to moving to

one of the neighboring nodes or remaining stationary, yield-
ing the joint action at = (a

(1)
t , . . . , a

(N)
t ). Each robot i re-

ceives a local observation o
(i)
t ∈ {0, 1}, indicating whether

the target is detected at its current node. Each robot fol-
lows a decentralized policy π(i) based on its local position-
observation history.

The state transition function P is induced by the robots’
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Figure 2: The MV-FAC Framework: A⃝ MV-TD estimates the team-level mean and variance value functions of search time; (2) B⃝ MV-FAC
decomposes the team-level mean and variance value functions into individual-level utilities with the monotonic mixing networks; and (3) C⃝
Dec-PO updates each robot’s decision-making policy based on the mean–std policy gradient.

joint actions and the target’s stochastic motion dynamics.
Robot motion is deterministic given the action and graph con-
nectivity, whereas the target motion is stochastic and inde-
pendent of the robots’ behavior. The instantaneous reward rt
is set to 1 at each time step until termination, correspond-
ing to the unit time cost. We consider an undiscounted
episodic setting with γ = 1, under which the cumulative re-
turn equals tcap. Unlike standard expectation-based formu-
lations, MuRMSS adopts a risk-sensitive objective that min-
imizes the mean–standard deviation of tcap under the joint
policy π, i.e., minπ µ(tcap) + ζσ(tcap), where µ(tcap) and
σ(tcap) denote the mean and standard deviation of tcap, re-
spectively, and ζ > 0 is a risk-sensitivity coefficient.

4 The MV-FAC Framework
This section presents the mean–variance value function fac-
torization (MV-FAC) framework to solve the MuRMSS prob-
lem. Unlike the distributional risk-sensitive MARL methods
designed for VaR-, CVaR-, or distortion-based objectives,
MV-FAC directly targets the mean–std objective by estimat-
ing and factorizing only the mean and variance of search time,
resulting in a lightweight and scalable design.

The MV-FAC framework consists of three coupled com-
ponents that form an ‘estimation-factorization-optimization’
loop: (1) a mean–variance temporal difference (MV-TD)
module that estimates the mean and variance of search time
under a given joint policy; (2) a mean–variance value function
factorization (MV-FAC) module that factorizes the team-level
mean and variance into individual utilities; and (3) a decen-
tralized policy optimization (Dec-PO) module that optimizes
each robot’s policy based on the factorized mean–variance
objective. We further provide MV-FAC’s pseudocode along
with its computational complexity analysis. An overview of
the MV-FAC framework is presented in Fig. 2.

4.1 Mean–Variance Temporal Difference (MV-TD)
The MV-TD module estimates the mean and variance of
search time under a given joint policy π by extending stan-
dard TD learning to the use case of second-order statistics.
We first introduce the mean–variance Bellman equation set,

and then present the corresponding TD methods for online
model-free estimation of these quantities.

The team-level mean action-value function Qπ
tot(s, a),

which corresponds to the expected search time when taking
the joint action a at global state s, under policy π satisfies the
following mean Bellman equation:

Qπ
tot(s, a)=

∑
s′∈S

P(s′|s, a)
[
r(s, a, s′)+EπQ

π
tot(s

′, a′)

]
. (1)

Correspondingly, the team-level variance action-value func-
tion Q̄π

tot(s, a), satisfies the variance Bellman equation:

Q̄π
tot(s, a)=

∑
s′∈S

P(s′|s, a)
∑
a′∈A

π(a′|s′)
[
δ2+Q̄π

tot(s
′, a′)

]
, (2)

where δ = r(s, a, s′)+Qπ
tot(s

′, a′)−Qπ
tot(s, a) refers to the

sampled TD error. Note that the derivation process of the
variance Bellman equation (Eq. (2)) makes use of the law of
total variance in probability theory, and is presented in the
supplementary material.

The mean–variance Bellman equation set, i.e., Eq. (1) and
Eq. (2), provides the theoretical foundation for estimating the
mean and variance of the return. Building on this foundation,
we develop the mean–variance temporal difference (MV-TD)
method to estimate these quantities in an online, model-free
manner. Given a transition tuple ⟨s, a, r, s′, a′⟩ sampled ac-
cording to the joint policy π, the estimates of Qπ

tot(s, a) and
Q̄π

tot(s, a) are recursively updated as follows:

Qπ
tot(s, a)← Qπ

tot(s, a)+α
(
r+Qπ

tot(s
′, a′)−Qπ

tot(s, a)
)

(3)

Q̄π
tot(s, a)←Q̄π

tot(s, a)+ᾱ
(
δ2+Q̄π

tot(s
′, a′)−Q̄π

tot(s, a)
)
, (4)

where α and ᾱ are the step-size parameters for the mean and
variance value functions, respectively.

Note that both the mean–variance Bellman equations(
Eqs. (1)–(2)

)
and the corresponding mean–variance TD up-

dates
(
Eqs. (3)–(4)

)
are formulated primarily for estimat-

ing the team-level action-value functions, i.e., Qπ
tot(s, a) and

Q̄π
tot(s, a). In practice, these formulations can be naturally

adapted with minor modifications to estimate the correspond-
ing state-value functions, i.e., V π

tot(s) and V̄ π
tot(s), as detailed

in the supplementary material.
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4.2 Mean–Variance Factorization (MV-FAC)
MV-TD estimates the team-level mean and variance value
functions, which characterize the expected search time and
its variation. However, scalable multi-robot coordination re-
quires further decomposing these quantities into individual
utilities to support decentralized policy optimization. We
next introduce the mean–variance value function factoriza-
tion (MV-FAC) module.

MV-FAC employs two parallel factorization architec-
tures to decompose team-level value functions into in-
dividual utilities. Specifically, a mean factorization net-
work decomposes the team-level mean action-value func-
tion

(
Qπ

tot(s, a)
)

into individual-level mean action-value
functions

(
Qπi

i (si, ai)
)
, while a variance factorization net-

work decomposes the team-level variance action-value func-
tion

(
Q̄π

tot(s, a)
)

into individual-level variance action-value
functions

(
Q̄πi

i (si, ai)
)
. Each factorization network consists

of agent-specific utility networks, and a mixing network
whose parameters are generated by state-conditioned hyper-
networks. The hyper-networks enforce non-negative mixing
weights, guaranteeing the following monotonicity conditions:

∂Qπ
tot(s,a)

∂Qπi
i (si, ai)

≥ 0,
∂Q̄π

tot(s,a)

∂Q̄πi
i (si, ai)

≥ 0, ∀i ∈ I. (5)

Based on these monotonicity conditions, we establish the
mean–std individual-global minimization (MS-IGM) theo-
rem that ensures consistency between individual- and team-
level mean-std objectives.
Theorem 1 (The MS-IGM Theorem). Suppose that the team-
level mean and variance action-value functions admit mono-
tonic factorizations with respect to corresponding individ-
ual utilities. Then, ∀ζ > 0, the greedy minimization of the
team-level mean–std objective is consistent with that of the
individual-level objectives, i.e.,

argmin
a

(
Qπ

tot(s,a) + ζ
√
Q̄π

tot(s,a)
)

=


argmin

a1

Qπ1
1 (s1, a1)+ζ

√
Q̄π1

1 (s1, a1)

...
argmin

aN

QπN
N (sN , aN)+ζ

√
Q̄πN

N (sN , aN)

 .

(6)

Proof.

∂(Qtot + ζ
√
Q̄tot)

∂(Qi + ζ
√
Q̄i)

=
∂Qtot

∂Qi
· ∂Qi

∂(Qi + ζ
√
Q̄i)

+
∂(ζ

√
Q̄tot)

∂Q̄i
· ∂Q̄i

∂(Qi + ζ
√
Q̄i)

=
∂Qtot

∂Qi
· ∂Qi

∂(Qi + ζ
√
Q̄i)

+
ζ

2
√
Q̄tot

· ∂Q̄tot

∂Q̄i
· ∂Q̄i

∂(Qi + ζ
√
Q̄i)

=
∂Qtot

∂Qi
· 1

1 + ζ · ∂
√

Q̄i

∂Qi

+
ζ

2
√
Q̄tot

· ∂Q̄tot

∂Q̄i
· 1

ζ · ∂
√

Q̄i

∂Q̄i

=
∂Qtot

∂Qi
+

√
Q̄i√
Q̄tot

· ∂Q̄tot

∂Q̄i
≥ 0.

Note that in the above proof process, we omit the super-
scripts π and πi, and (si, ai) for notational brevity, and make
use of the independence between the mean and variance fac-
torization processes, i.e., ∂Qtot/∂Q̄i = 0, ∂Q̄tot/∂Qi = 0.

4.3 Decentralized Policy Optimization (Dec-PO)
The MS-IGM theorem established in Section 4.2 ensures that
minimizing individual mean–standard deviation utilities is
consistent with optimizing the team-level objective. In this
subsection, we present the decentralized policy optimization
(Dec-PO) module, which updates each robot’s policy using
only its own factorized mean–variance value functions.

Defining the individual-level mean–std objective as Jπi
i =

Qπi
i + ζ

√
Q̄πi

i , we derive its gradient with respect to the pol-
icy parameters θi, which is used for decentralized policy op-
timization.

∇θi
Jπi
i (θi)

=∇θi
(Qπi

i + ζ
√
Q̄πi

i )

=∇θiQ
πi
i + ζ∇θi

√
Q̄πi

i

=∇θi
Qπi

i +
ζ

2
√
Q̄πi

i

∇θi
Q̄πi

i

(∗)
∝∼ (∇θi

log πi)×Qπi
i +

ζ

2
√

Q̄πi
i

(∇θi
log πi)× Q̄πi

i

=∇θi
log(πi)

(
Qπi

i +
ζ

2

√
Q̄πi

i

)
, (7)

where (∗) follows from the canonical policy gradient theo-
rem whose proof is provided in [Sutton and Barto, 2018].
Note that the symbol ‘∝∼’ means approximately proportional
to, and the final result in Eq. (7) is a stochastic approximation
of the true gradient of Jπi

i (θi). The above derivation pro-
cess omits (si, ai) for notational brevity, e.g., Qπi

i abbreviates
Qπi

i (si, ai), and log(πi) abbreviates log πi(si, ai).
With the derived gradient of Jπi

i (θi) in Eq. (7), the Dec-PO
module updates the individual robot’s policy network param-
eter vector θi as:

θi ← θi − αi∇θi
Jπi
i (θi), (8)

where 0 < αi < 1 is the learning rate for the decentralized
policy optimization process of Robot i.

4.4 Computational Complexity Analysis
In this subsection, we summarize the training procedure of
the MV-FAC framework and analyze its computational com-
plexity. Before presenting the pseudocode, we briefly intro-
duce the notations used to describe the learnable components
and optimization variables in MV-FAC. The parameter vec-
tors of the individual mean and variance action-value net-
works, Qπ

i and Q̄π
i , are denoted by wi and w̄i, respectively.

Robot i’s decision-making policy πi is parameterized by θi.
The parameters of the mean and variance hyper-networks are
denoted by ϕ and ϕ̄, respectively.

The pseudocode of MV-FAC’s training procedure is pre-
sented in Algorithm 1, followed by the computational com-
plexity analysis under the Big-O convention [Knuth, 1976].
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Algorithm 1: MV-FAC’s Training Procedure
Input: (1) Graph G(V, E); (2) Risk Coefficient ζ;
(3) # of Robots N ; (4) Max. # of Episodes: Emax.
Output: Decentralized policies {πi(· | si;θi)}i∈I .

1 Initialize:
2 (1) Individual mean and variance action-value network

parameters: {wi, w̄i}i∈I ;
3 (2) Individual policy network parameters {θi}i∈I ;
4 (3) Hyper-network parameters ϕ and ϕ̄.
5 (4) Replay buffer D = {}; counter← 0;
6 while counter ≤ Emax do
7 Reset environment; t← 0;
8 ∀i ∈ I: si(t)← 0, o(i)0 ← 0;
9 while ∀i ∈ I : o

(i)
t = 0 do

10 for each robot i ∈ I do
11 Observe (p(i)t , o(i)t );
12 s

(i)
t ← GRU(s

(i)
t−1, p

(i)
t , o(i)t );

13 Sample a
(i)
t ∼ πi(a|s(i)t );

14 Execute joint action at = {a(i)t }i∈I ;
15 rt ← 1;
16 for each robot i ∈ I do
17 Observe (p(i)t+1, o(i)t+1);
18 s

(i)
t+1 ← GRU

(
s
(i)
t , p

(i)
t+1, o

(i)
t+1

)
;

19 Store
〈
{s(i)t }, {a

(i)
t }, rt, {s

(i)
t+1}

〉
into D;

20 t← t+ 1.
// MV-TD with MV-FAC

21 Sample a mini-batch of transitions from D;
22 for each robot i ∈ I do
23 Compute Qi(si, ai;wi) and Q̄i(si, ai; w̄i);
24 Mix individual utilities with hyper-networks to

obtain Qtot(s, a) and Q̄tot(s, a);
25 Calculate mean and variance TD errors: δ and δ̄;
26 Update {wi, w̄i,ϕ, ϕ̄} to min.

∑
δ2 and

∑
δ̄2.

// Dec-PO
27 for each robot i ∈ I do
28 Update policy parameter θi using Eq. (8) with

Qi(si, ai) and Q̄i(si, ai).
29 counter← counter +1;

Let B be the mini-batch size, and denote CQ, CQ̄, Cπ ,
Cmix as the unit cost of one forward/backward pass for in-
dividual mean/variance network (Qi and Q̄i), individual pol-
icy network (πi), and the mixing network, respectively. Per
episode, MV-TD evaluates N individual utilities, and applies
two mixing networks, yielding O(BN) forward/backward
passes, i.e., O(BN(CQ + CQ̄) + 2Cmix). For Dec-PO, each
policy update costs O(BNCπ). Therefore, the overall com-
plexity over Emax episodes is O(Emax(BN(CQ + CQ̄ +
Cπ) + 2Cmix)). Note that CQ, CQ̄, Cπ and Cmix depend on
the network configuration and the graph size, i.e., |V| and |E|.
Detailed analysis is provided in the supplementary material.

5 Simulation Results and Analysis
This section evaluates the proposed MV-FAC framework on
standard multi-robot search (MuRS) benchmarks by com-
paring its mean–std performance with state-of-the-art base-
lines. The benchmark algorithms, summarized in Ta-
ble 1, span three representative categories: prevailing MuRS
methods, canonical MARL algorithms, and risk-sensitive
decision-making approaches. All baselines are adapted to
the MuRMSS setting with identical observation and action
spaces to ensure fair comparison. We further conduct an abla-
tion study to systematically isolate and quantify the contribu-
tion of each module in MV-FAC. All meta-parameter config-
urations and additional experimental results are provided in
the supplementary material, and the source code is publicly
available1.

Category Methodology

MuRS Methods

PF-MAAC [Peng et al., 2025b]
HMA-SAR [Cao et al., 2024]
CE-PG [Guo et al., 2023a]
DRL-Searcher [Guo et al., 2023b]

MARL Algorithms
P-MAT [Hu et al., 2025]
HAPPO [Kuba et al., 2022]
QMIX [Rashid et al., 2020]

Risk-Sensitive
Approaches

RiskQ [Shen et al., 2023]
RMIX [Qiu et al., 2021]
D-FAC [Sun et al., 2021]

Table 1: Summary of Selected Baseline Algorithms

5.1 Benchmark Comparison
This subsection evaluates MV-FAC against state-of-the-art
baselines in terms of mean–std search-time performance on
two standard multi-robot search (MuRS) benchmarks, MU-
SEUM and OFFICE (Fig. 3). In both environments, robots
start from fixed initial nodes, i.e., Node 1 in MUSEUM and
Node 43 in OFFICE, while the target is randomly initialized
over the environment. At each time step, the target moves
non-adversarially to one of its adjacent nodes with equal
probability, and is considered ‘detected’ when any robot oc-
cupies the same node as the target.

Figure 3: Standard MuRS benchmarks: MUSEUM and OFFICE.

Table 2 reports the mean–std performance comparison
between MV-FAC and state-of-the-art baselines across dif-
ferent experimental configurations, including varying team
sizes (N ∈ {3, 4, 5}) and risk-sensitivity coefficients (ζ ∈
{0.1, 1, 10}). For each setting, results are obtained from 1000

1https://github.com/Charming1920/MV-FAC.

PRELIMINARY PREPRINT VERSION – DO NOT CITE
This is not the version of record. The final version will appear in the Proceedings of IJCAI-ECAI 2026.

IJ
CA

I-E
CA

I 2
02
6
PR
EP
RI
N
T



Env. N ζ MV-FAC QMIX D-FAC PF-MAAC HMA-SAR CE-PG DRL-Searcher P-MAT HAPPO RiskQ RMIX

OFFICE

3
0.1 5.18 6.09 7.13 7.55 7.27 9.85 7.43 6.45 6.92 5.85 6.12
1.0 8.06 11.11 14.46 12.80 10.33 17.20 14.97 10.85 12.15 10.45 10.92
10.0 36.86 61.33 87.72 75.40 40.93 92.15 90.39 55.20 68.30 39.50 41.20

4
0.1 4.84 5.81 6.85 7.15 6.90 8.90 6.85 6.10 6.55 5.25 5.60
1.0 7.16 9.97 13.20 11.50 9.80 16.50 12.66 10.15 11.80 8.82 9.45
10.0 30.38 51.55 78.62 65.10 38.50 88.40 75.72 48.30 60.25 35.15 37.80

5
0.1 4.68 5.34 6.42 6.90 6.55 8.15 6.42 5.60 6.20 5.15 5.28
1.0 6.58 9.19 11.92 10.50 9.10 14.20 11.13 9.45 11.10 8.25 8.65
10.0 25.57 47.71 69.89 58.40 35.20 75.60 66.21 42.50 55.80 32.60 34.25

MUSEUM

3
0.1 6.55 8.07 14.74 10.50 6.24 12.80 7.39 7.10 9.20 6.57 6.95
1.0 9.44 14.30 23.50 18.40 9.36 21.50 12.83 11.20 15.60 9.55 9.88
10.0 39.10 76.58 111.07 95.20 40.59 105.30 67.19 58.40 82.10 38.15 40.95

4
0.1 5.95 7.50 12.25 9.10 6.05 11.40 7.13 6.95 8.50 6.30 6.65
1.0 8.97 12.18 19.05 16.80 9.10 18.20 12.30 10.90 13.50 9.25 9.60
10.0 37.97 65.28 95.09 82.50 38.41 95.60 64.05 55.20 68.40 35.60 38.30

5
0.1 5.45 6.83 10.25 7.90 5.80 9.80 7.06 6.75 7.50 6.10 6.45
1.0 8.39 11.04 16.10 14.50 8.85 15.40 11.81 10.55 12.40 8.95 9.15
10.0 29.86 58.15 80.62 72.20 36.69 72.10 59.33 52.10 62.50 33.86 35.80

Table 2: Performance comparison between MV-FAC and baseline algorithms on standard multi-robot search benchmarks. Bold numbers
indicate the best mean–std performance, and underlined numbers indicate the second best performance.

independent simulation runs, with the sample mean and std to
evaluate each algorithm’s final mean–std performance.

In Table 2, we observe that (1) MV-FAC consistently
achieves the best or second-best mean–std performance
across all configurations, demonstrating strong robustness
to variations in both team size and risk sensitivity coeffi-
cient; (2) the performance gap between MV-FAC and base-
line algorithms becomes increasingly pronounced as ζ grows,
highlighting MV-FAC’s ability to trade off expectation and
variability. In contrast, canonical MuRS and MARL algo-
rithms exhibit limited adaptability to high risk-sensitive sce-
narios. (3) While some risk-sensitive baselines, e.g., RiskQ
and RMIX, also improve performance for larger ζ values,
their gains are generally inconsistent across different team
sizes2, whereas MV-FAC maintains stable and scalable per-
formance as the team size grows.

5.2 Ablation Study
This subsection conducts an ablation study to isolate the con-
tribution of each module in MV-FAC. Specifically, we com-
pare four variants: (1) I-MV-TD (ϵ), where each robot inde-
pendently learns its own mean–variance value functions via
MV-TD and selects actions using the ϵ-greedy policy; (2) I-
MV-TD (Dec), which replaces ϵ-greedy with the Dec-PO pol-
icy update process; (3) MV-TD+MV-FAC (ϵ), which learns
team-level mean and variance values and applies MV-FAC to
decompose them into individual utilities, but uses ϵ-greedy
for action selection; (4) MV-TD+MV-FAC+Dec-PO, the full
MV-FAC framework that couples MV-TD estimation, MV-
FAC factorization, and Dec-PO optimization.

Table 3 presents the comparative mean–std performance of
the four MV-FAC variants in the OFFICE environment. We
observe that I-MV-TD(ϵ) shows limited improvement with

2RiskQ and RMIX need to factorize the return’s full distribution
into individual utilities, which tends to become unstable as the num-
ber of robots increases.

Env. N ζ
I-MV-TD

(ϵ)
I-MV-TD

(Dec)
MV-TD

+ MV-FAC (ϵ)

MV-TD
+ MV-FAC
+ Dec-PO

OFFICE

3
0.1 11.24 9.56 6.12 5.18
1.0 22.15 18.30 9.45 8.06

10.0 135.40 98.20 48.12 36.86

4
0.1 10.85 8.92 5.65 4.84
1.0 24.60 19.45 8.80 7.16

10.0 152.10 112.50 42.60 30.38

5
0.1 10.50 8.55 5.40 4.68
1.0 26.80 21.10 8.15 6.58

10.0 168.30 125.40 35.80 25.57

Table 3: MV-FAC’s Ablation Study.

increasing team size, as independent ϵ-greedy policies lead
to redundant behaviors. I-MV-TD (Dec) slightly improves
cooperation via stochastic policy updates, but lacks explicit
inter-robot coordination. Introducing MV-FAC significantly
enhances cooperation, while the ϵ-greedy policy still causes
instability. Finally, MV-TD+MV-FAC+Dec-PO consistently
achieves the best mean–std performance, combining effective
coordination with stable policy optimization.

6 Conclusion and Future Work
This paper formulates a risk-sensitive multi-robot search
problem, termed MuRMSS, characterized by an inherently
non-additive mean–standard deviation objective on search
time. To address this challenge, we propose MV-FAC, an
RL-based framework for MuRMSS, enabling joint mean–
variance estimation, consistent factorization, and decentral-
ized policy optimization. Extensive experiments on standard
benchmarks demonstrate that MV-FAC consistently achieves
superior mean–standard deviation performance over state-of-
the-art baselines. In the future, we plan to incorporate multi-
robot deadlock resolution mechanisms into MV-FAC under
risk-sensitive objectives.
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