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Abstract

Coalition formation is a fundamental capability in decen-
tralized multi-agent planning, where heterogeneous agents
must coordinate to execute tasks whose feasibility depends
on complementary capabilities. Hedonic Skill Games offer a
compact model for representing such structured interactions,
but existing results rely on the unrealistic assumption that
agents possess full knowledge of both task requirements and
the skills of their coalition members. This assumption breaks
down in many planning domains, such as crowdsourced task
allocation or distributed multi-robot task execution, where
agents must plan under uncertainty and learn from partial
observations. We introduce repeated Hedonic Skill Games
in which agents repeatedly form coalitions, execute feasible
tasks, and receive only bandit feedback corresponding to their
realized utilities. We develop an Upper Confidence Bound
(UCB)-driven online learning algorithm that enables decen-
tralized agents to jointly plan coalition choices despite incom-
plete information, balancing exploration of unknown coali-
tions with exploitation of realized utilities. We show that the
resulting dynamics achieve sublinear Nash regret and con-
verge to e-approximate Nash equilibria. Experiments on syn-
thetic and real-world problem instances demonstrate conver-
gence behavior, improved social welfare, and the practicality
of the approach for large-scale distributed planning scenarios.

Code: github.com/HedonicSkillGame.git
Datasets: autonomousrobots.nl/paper_websites/
sadcher_ MRTA/

Introduction

Coordinating autonomous agents to execute complex tasks
in decentralized settings is a fundamental challenge in
multi-agent planning (Von Martial 1992). Real-world do-
mains such as human-robot teamwork, disaster response,
and crowdsourcing platforms require agents with diverse
and complementary capabilities to self-organize into coali-
tions capable of jointly accomplishing tasks that no sin-
gle agent can perform alone (Valizadeh, Zhang, and Mubin
2024). Achieving efficient, stable coordination without cen-
tralized control remains an open problem at the intersection
of automated planning and multi-agent systems.

Hedonic games offer a well-established framework for
coalition formation, in which each agent’s utility depends
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solely on the coalition they are part of (Dreze and Green-
berg 1980), without caring about the structure of other coali-
tions, i.e., externalities are ignored. However, classical he-
donic games are ill-suited for planning domains: they ignore
task feasibility constraints, skill requirements, and the struc-
ture of the planning problem itself. Hedonic Skill Games
(HSGs) (Gourves and Monaco 2024) close this critical gap
by explicitly modeling agent skills and task requirements. In
an HSG, a coalition generates value only if its aggregated
skills satisfy the demands of one or more tasks, and indi-
vidual utilities are derived from the feasible task allocations
enabled by the coalition’s composition.

Existing work on HSGs has primarily analyzed struc-
tural properties, the existence and computation of stable out-
comes (e.g., core or Nash-stable partitions), and complexity
under complete information (Gourves and Monaco 2024;
Gourves and Monaco 2025). These assumptions, however,
do not reflect the reality of decentralized planning environ-
ments, where agents lack global knowledge of others’ skills,
task requirements, or coalition payoffs. Instead, agents must
learn from experience: they form coalitions, attempt task ex-
ecution, and observe only their own realized utilities by re-
ceiving bandit feedback from an online, repeated setting.

We propose a new framework for online learning in coali-
tion formation from a non-cooperative viewpoint, where
coalition outcomes are assessed using Nash equilibrium. To
address uncertainty in decentralized planning, we introduce
the repeated hedonic skill game (RHSG), a learning exten-
sion of HSGs in which agents repeatedly choose coalitions,
execute feasible tasks, and learn solely from their own ob-
served utilities. The central objective is to develop a learning
procedure that guides these agents toward high-welfare, sta-
ble coalition structures despite limited information and the
absence of coordination.

Our main contribution is UCB-NE, an optimistic online
learning algorithm based on the Upper Confidence Bound
(UCB) principle. Because agents in RHSG lack knowl-
edge of the skills of others, and task requirements (and ob-
serve only bandit feedback), UCB provides a principled way
to manage this uncertainty. Each agent maintains a confi-
dence interval over the expected utility of every coalition it
could join and selects the coalition whose upper confidence
bound is maximal. This optimism-in-the-face-of-uncertainty
approach provides a principled mechanism for balancing ex-



ploration with exploitation. Crucially, it enables agents to
independently and efficiently learn the value of coalition
choices without any communication or centralized coordi-
nation.

We prove that in key subclasses of repeated HSGs,
UCB-NE attains provably sublinear Nash regret (Ding et al.
2022; Liu et al. 2021a) and converges with high probability
to e-approximate Nash equilibria, despite agents receiving
only bandit feedback. These results give the first provably
efficient decentralized learning method for forming coali-
tions when agents do not know others’ skills or the tasks
in advance. Our experiments on synthetic and real-world-
inspired problems support the theory: UCB-NE finds sta-
ble, high-welfare coalitions and clearly outperforms stan-
dard baselines.

Related Work

The game studied in this study falls into the family of utility-
based hedonic games, where agents’ preferences over coali-
tions are represented numerically via utility functions, al-
lowing for quantitative comparisons of outcomes.

Several variants of utility-based hedonic games have
been introduced to capture different preference structures
among agents, including Additively Separable Hedonic
Games (Bogomolnaia and Jackson 2002), Fractional He-
donic Games (Aziz et al. 2019), and Hedonic Project
Games (Valizadeh, Zhang, and Mubin 2025b). Exten-
sive work has examined expressive preference represen-
tations (Aziz and Savani 2016), existence of stable out-
comes (Aziz and Brandl 2012; Bilo et al. 2018), and algo-
rithmic aspects (Brandt, Bullinger, and Wilczynski 2021).

Hedonic Skill Games (Gourves and Monaco 2024) an-
alyze how self-interested agents form coalitions based on
complementary abilities, without transferring utility be-
tween members. In the aforementioned game models, it is
typically assumed that agents’ preferences are completely
known, enabling the identification of stable coalition struc-
tures. However, this assumption presents a significant lim-
itation when applying such models to real-world scenar-
ios, where agents often operate with incomplete or uncer-
tain knowledge of others’ preferences. To handle this issue,
learning-based approaches, such as PAC-stability (Sliwin-
ski and Zick 2017) and online learning (Cohen and Ag-
mon 2024, 2025), have been introduced. In online learning,
agents must be partitioned at each time step to minimize cu-
mulative regret.

Bandit algorithms and reinforcement learning techniques
have been applied to decentralized matching and coalition
formation problems (Liu et al. 2021a,b), providing regret
bounds under various feedback settings. Online learning he-
donic coalition formation games builds upon these founda-
tions by integrating them with dynamic coalition formation
(Cohen and Agmon 2024, 2025). It also draws from gen-
eral online learning theory (Cesa-Bianchi and Lugosi 2006)
and regret minimization in potential games (Ding et al.
2022), enabling convergence guarantees under bandit feed-
back with unknown agent preferences.
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Preliminaries

Given any integer ¢, we denote by [g] the set {1,...,q}.

We consider hedonic skill games (Gourves and Monaco
2024) (see also (Bachrach, Markakis, and Zuckerman 2013)
and (Bachrach and Rosenschein 2008)), that involves a finite
set of agents N = {1,2,...,n}, a finite set of skills S =
{1,2,...,k}, and a finite set of tasks M = {j1,...,jm}-
Let S; C S be a non-empty skill set for each agent i € N,
and S; C & be a non-empty set of skills required for each
task j € M. Furthermore, each task j € M is associ-
ated with a positive value determined by a value function
v: M — R, where v(j) denotes the value of task j.

A coalition is defined as any non-empty subset C' C N,
and a coalition structure (or partition) is a set of such dis-
joint, non-empty coalitions that together cover the entire
agent set N. For any £ € [g], we overload S(Cy)
UzGC S; as the aggregate skill set of a £’th coalition. A
coalition is capable of executing a task j if the required skill
set .S; is contained within S(C). Accordingly, we define
M(C’Z) ={jeM]|S; CS(Cp} as the set of tasks that
coalition Cy is capable of performing. Each coalition exe-
cutes all of its tasks exactly once. The value v(j) derived
from executing a task j is distributed exclusively among
those agents in the coalition who contribute at least one of
the required skills for j.

Each agent 7 € N selects a coalition by choosing a strat-
egy x; € [q], where ¢ < n represents the maximum number
of possible coalitions. A strategy profile is then denoted by
x = (x1,...,2,) € [¢]™. Every strategy profile x, induces
a coalition structure 7(x) = {Cy(x) | £ € [q], Ce(x) # 0},
where each coalition formed under x is defined as Cy(x) =
{i € N | x; = ¢}. The induced coalition structure satis-
fies both full coverage, ye(q.c, (x)220 Ce(x) = N, and mu-
tual exclusivity, C,(x) N C,y(x) = 0 for all h, g € [g] with
h # g. Given a strategy profile x and related coalition struc-
ture 7(x), the specific coalition to which agent ¢ belongs is
denoted by 7;(x).

The value of task j is divisible and equally shared among
its required skills (|S;), i.e., each skill receives an amount
of v(j)/|S;|. For each skill s € S, this share is then split
equally among the agents in the coalition who possess that
skill. Thus, if coalition Cy(x) performs task j, only agents
with at least one required skill in .S; receive a share of its
value.

Formally, given a strategy profile x € [¢]™, for each s €
S;, every agent i € Cp(x) with s € .S; obtains a reward of

v(d)
15i1 - {i" € Ce(x) [ s € Sir}|

where |\S;| > 1 is the number of required skills for executing
task j, and |{i € Cp(x) | s € S;}| represents the number
of agents within the coalition Cy(x) who possess the skill
s € S;. The total sum of the rewards received by an agent
constitutes her utility. The utility of an agent ¢ € N under
strategy profile x € [g]" is given by:
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where ng(m;(x)) = {i’ € m(x) | s € Sy} > 1is the
number of agents in coalition 7;(x) that possess the same
skill s as i (and ngs(m;(x)) > 1 whenever j is executable by
the coalition 7;(x)). If M(m;(x)) = 0, then u;(x) = 0.

The following example illustrates how agents, skills, and
tasks interact in a hedonic skill game, and how utilities are
computed under different strategy profiles.

Example 1. Consider a game with skill set S = {a,b, ¢}
and two tasks M {j1,72}, and four agents N
{1,2, 3,4} are reported in Tables 1 and 2.

Task | Required Skills | Value
J1 {a,b} 12
J2 {b,c} 18

Table 1: Tasks, required skills, and values.

Agent | Skill Set
1 {a}

2 {a,b}

3 {b}

4 {c}

Table 2: Agents and their skills.

We compare two strategy profiles:

x=(1,1,1,2) and % =(1,2,2,2),

which induce distinct coalition structures, executable tasks,
and utilities.

Profile x = (1, 1,1, 2). The induced coalitions are
Ci(x) =11,2,3}, Cy(x) = {4}.

Coalition (' (x) has skills {a,b} and can execute task ji,
while C5(x) cannot execute any task. For task j;, each re-
quired skill receives 12/2 = 6. Agents possessing skill a
(agents 1 and 2) each obtain 6/2 = 3, and those possessing
skill b (agents 2 and 3) each obtain 6/2 = 3. Thus,

ui(x) = 3, ua(x) =6, uz(x) = 3, uqg(x) =0.

Profile x' = (1, 2,2, 2). The induced coalitions are
C1(x') = {1}, Co(x') = {2,3,4}.

Coalition C;(x’) performs no task, while C5(x’) can exe-
cute both j; and jo.

For j; (value 12), each skill receives 12/2 = 6. Skill a is
provided solely by agent 2 (reward 6), while skill b is pro-
vided by agents 2 and 3 (reward 3 each).

For j, (value 18), each skill receives 18/2 = 9. Skill b is
provided by agents 2 and 3 (reward 4.5 each), and skill c is
provided by agent 4 (reward 9).

Summing contributions yields:

ur(x’) =0, up(x’) = 13.5, uz(x’) = 7.5, ug(x’) = 9.

This example illustrates how agents’ strategic choices
shape coalition structures, determine which tasks can be ex-
ecuted, and ultimately affect the distribution of utilities.
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In many real-world settings, agents often operate with-
out prior knowledge of task requirements or the capabilities
of other participants. Instead, this information is gradually
learned through repeated interactions and feedback. Moti-
vated by these practical constraints, we extend our model
to a repeated game framework in which agents begin with
incomplete information.

Repeated Hedonic Skill Games with Bandit
Feedback

We now extend hedonic skill games to an online, repeated
setting in which agents have no prior knowledge of other
agents’ skills or task requirements. Instead, agents learn
through repeated interactions with stochastic feedback. We
assume that agents’ utilities are within [0, umax], Where
Umax > 0 is a known upper bound on the maximum pos-
sible utility for any agent. The game proceeds over discrete
rounds t = 1,2,...,T. Every strategy profile x sampled
at time ¢, induces a coalition structure 7(x) exactly as in
the static game. Agent ¢ observes only her realized utility

ul(x) € [0, umax] (bandit feedback), and whose mean is

@;(x); no other information is revealed. The agents’ goal
is to learn, through this repeated bandit feedback, coalition
choices that lead to high-welfare and stable outcomes.
Agents may employ mixed strategies for exploration: at
round ¢, agent ¢ samples z! ~ of € A([q]), where A([q])
is the probability simplex over [¢]. The expected utility of

agent ¢ under a mixed strategy profile 0! = (ot,... 0l)is
2)

where the expectation is over the product distribution in-
duced by the individual mixed strategies.

Uq;(O't) = Ex ot [’L_L,L(X)]

Stability Concepts The existence of Nash equilibria is
crucial for ensuring stability in the game, as it implies that
no player has an incentive to unilaterally deviate from their
strategy, given others’ strategies (Valizadeh, Zhang, and Mu-
bin 2025a). A pure strategy profile x € [¢]™ is a Nash equi-
librium (NE) of the underlying complete-information HSG,
if no agent can strictly increase her utility by unilaterally
changing her coalition.

Definition 1. Given a game instance G, a strategy profile
x = (z;,%X_;) € [q|"™ is a pure Nash equilibrium if, for each
playeri € N, and for any alternative { € [q),

i (x) > ui (€, %)

Because agents play mixed strategies and only observe
expected utilities, we focus on convergence to approxi-
mate Nash equilibria of the underlying game. At each time
t, for each player i, o;"" € A([g]) best response to the

other players” mixed strategies satisfying U; (o', ot ;)
max,, e a(lq)) Ui(0i, 0 ;). Thus, for any € > 0, the mixed
strategy profile o* sampled at time ¢ is e-approximately Nash

equilibrium (e-NE) if

t
ma (U (7", 0



Regret Minimization To evaluate the learning perfor-
mance, we adopt the standard notion of regret (Valizadeh,
Zhang, and Mubin 2025b; Lattimore and Szepesvari 2020).
Regret quantifies the average difference between the ex-
pected utility an agent could have achieved by always play-
ing her best possible strategy (i.e., the best response to oth-
ers’ strategies based on current estimates) and the expected
utility she actually obtained by following her adaptive strat-
egy over all rounds of the game (Zinkevich 2007; Liu et al.
2021b).

Definition 2. Given a sequence of mixed strategy profiles x,
the average Nash regret of agent i after T' rounds is

RE = ma 53~ (Uilor ", 0L ~ Uieh)

We define the total average Nash regret over all agents as
RT = D ieN RYT. A learning algorithm is said to achieve
sublinear regret if RI' = O(1) as T — oo, implying that
the per-round regret converges to zero over time (Lattimore
and Szepesvari 2020).

Our main algorithm UCB-NE will be shown to achieve
sublinear Nash regret with high probability in important sub-
classes of repeated HSGs, guaranteeing convergence to ap-
proximate Nash equilibria despite severe information con-
straints and stochastic rewards.

Previous research has shown that sublinear regret bounds
are attainable even in settings where agents cannot com-
pute exact gradients (Zinkevich 2007; Liu et al. 2021b; Ding
et al. 2022; Cohen and Agmon 2025). Building on these in-
sights, a central goal of this work is to develop a learning
algorithm for repeated hedonic skill games that minimizes
average Nash regret in environments characterized by lim-
ited feedback and incomplete information. In particular, we
aim to achieve regret bounds that are sublinear in the time
horizon 7" and polynomial in the size of the coalition space,
which grows exponentially with the number of agents.

Optimism Principle and Feedback Settings In our set-
ting, agents select coalitions in an wuncertain environment
where initially agents lack full knowledge of both the task
requirements and the skill sets of other agents. To navi-
gate this uncertainty, we introduce a UCB-based algorithm
according to the principle of optimism in the face of un-
certaintyl, which states that one should act as if the en-
vironment is as nice as plausibly possible (Lattimore and
Szepesvari 2020). At each time step ¢, and for any strategy
profile profile x, we assume that each agent ¢ can receive
bandit feedback, as commonly studied in multi-agent online
learning (Cui et al. 2022; Jones, Nguyen, and Nguyen 2023;
Cohen and Agmon 2025).

Bandit Feedback Under bandit feedback, each agent i €
N observes only her realized utility u!(x) at round ¢, cor-
responding to the sampled joint action x ~ o?. Crucially,

'For bandits, the optimism principle means using the data ob-
served so far to assign to each coalition a value, called the upper
confidence bound, that with high probability overestimates the un-
known expected utility
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agent ¢ does not observe the utilities associated with alter-
native coalitions she could have joined, nor the utilities or
actions of other agents. At time step t = 1, each agent ¢
initializes an arbitrary of € A[g|. In each round ¢, agent i
selects a coalition z; € [g] that maximizes her UCB esti-
mate, leading to a strategy profile x = (x1,...,x,). Once
the coalition structure 7(x) is formed, agent i observes the
outcome u!(x) from her coalition 7! (x).

Agent ¢ maintains an empirical estimate of her utility for
each coalition ¢ € [q] by averaging the feedback she has
received in past rounds. Let f{,(x) St el = 1}
denote the number of times that agent i selects £’th coalition
up to time ¢, where, for any time 7 € [t], 1{z] = ¢} equals 1
if ] = ¢, and O otherwise. Then, the empirical mean utility
of agent ¢ for £’th candidate coalition up to time ¢ is

Y ul(x) - {a] =0}

Z.t,z(x) V1

3)

Agents use this feedback to guide future exploration and
exploitation. To balance these, each agent constructs a UCB
estimate that combines the empirical utility with an explo-
ration bonus. Then the UCB estimate for agent ¢ under pro-
file x is U!(x) = al(x) + bl (x), where bl(x) is the explo-
ration bonus that is given by:

i 0) = \/n3 log(4(n2 + 1)T/5))

it,Z(X) V1 @

Here, § € (0, 1] is a confidence parameter that controls the
trade-off between exploration and exploitation (Lattimore
and Szepesvari 2020) for more discussion. The bonus term
decreases as more information about a task is collected, en-
couraging agents to explore unfamiliar tasks while favoring
those with historically higher observed utility.

Regret Bounds and Convergence Guarantees

We derive regret and convergence guarantees for the
UCB-NE algorithm in repeated hedonic skill games under
bandit feedback for the general case (arbitrary skill sets
|Si| > 1 for agents @ € N and arbitrary task require-
ments |S;| > 1 for tasks j € M). Unlike the special cases
of singleton tasks or singleton agents considered in prior
work (Gourves and Monaco 2025), where a pure Nash equi-
librium is always guaranteed to exist, the general hedonic
skill game may not admit any pure Nash equilibrium. How-
ever, by the fundamental theorem of finite games (Nash Jr
1950), at least one mixed-strategy Nash equilibrium always
exists. We therefore extend the regret analysis and conver-
gence results from the pure-strategy setting of these special
cases to the general repeated game, where agents employ
mixed strategies and the natural solution concept is an (ap-
proximate) mixed Nash equilibrium. The theoretical guar-
antees established in Theorems 1 and 2 thus hold for the
full class of repeated hedonic skill games, ensuring sublinear
Nash regret and convergence to e-approximate mixed Nash
equilibria with high probability, even when pure-strategy
stable outcomes may not exist.



Algorithm 1: UCB-NE for HSGs

Algorithm 2: e-BRD for HSGs

Input: Number of tasks m, number of agents n, number
of skills k, time horizon 7', confidence parameter § €
(0, 1], task values v, and € € (0, 1]

Output: Mixed strategy profile o7 ! that is an e-NE

1: Initialize preference o} € A[g] for each agenti € N

for eachround ¢t = 1to 7" do
for each agent¢ € N do

sample

4: Sample strategy z; ~ o}

end for

6: Form strategy profile x = (z1, . ..
Form joint profile

7: Induce coalition structure 7(x)

8: for each agent? € N do > Phase 3: Observe and
update

9: Observe realized utility u}(x) from coalition
iy (X)

10:

11:

> Phase 1: All agents

bl

,Zn) U Phase2:

Update empirical mean 4! (x) b
Compute UCB estimate 2! (x)
by Eq (4)
end for X
Compute o' «+— e-BRD (U,
end for

yEq@3)

— i (x) + b (x)
12:
13:
14:

¢) using Algorithm 2

Theoretical Analysis

The theoretical analysis shows that UCB-NE can guide
agents toward stable coalition choices even when they
only observe limited feedback. In settings where a pure
Nash equilibrium is guaranteed, the algorithm reaches an e-
approximate equilibrium within a fixed number of rounds
and achieves sublinear Nash regret. This means that, over
time, agents have less and less reason to change their de-
cisions, and the system naturally moves toward stable and
efficient coalition structures. The following lemma shows
that, in these special cases (either singleton tasks or single-
ton agents), a pure Nash equilibrium is always guaranteed to
exist.

Lemma 1 ((Gourves and Monaco 2024)). In hedonic skill
games with either singleton tasks (|S;| = 1, forall j € M)
or singleton agents (|S;| = 1, for all i € N), a pure Nash
equilibrium always exists.

Lemma 1 guarantees the existence of a pure Nash equi-
librium in hedonic skill games when either tasks or agents
possess only a single skill. However, in the general setting
(where tasks may require multiple skills and agents may
possess multiple skills), such stable outcomes are no longer
guaranteed. In these richer and more expressive cases, pure
Nash equilibria may fail to exist entirely. To address this,
we turn to mixed strategies, under which an e-approximate
Nash equilibrium is always guaranteed to exist.

Indeed, every finite game admits at least one mixed Nash
equilibrium (Nash Jr 1950), though computing one is known
to be PPAD-complete (Daskalakis, Goldberg, and Papadim-
itriou 2009). Theorem 1 shows that the proposed UCB-NE
algorithm achieves sublinear Nash regret in repeated hedo-
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Input: UCB estimates ({*; accuracy ¢ € (0, 1]
Output: o7 1!
1: Initialize o' = x!: arbitrary deterministic join policy
2: for7=0,1,2,..., [®4max] do
for each agent ¢ € N do
A7 +— max,, E[Q]u (x5,07;) —

a:T‘H ¢ arg maxg, ¢[q] Ut (07 ;) —

3

4 Ut(o™)
5:

6: end for

7.

8

Ut(om)

if max;cny A7 < ¢ then

: return c”
9: end if
10: 1 <~ arg max;eny A7

1 o™ (%)
12: end for

— O'T+1( ) < 0" (4) for all i # i*

nic skill games. Consequently, even in the absence of pure
equilibria, the learning dynamics provably converge to an
e-approximate mixed Nash equilibrium, effectively balanc-
ing exploration and exploitation throughout the learning pro-
cess.

Theorem 1. In repeated hedonic skill games for any € €
(0,1], and for any initial mixed strategy o', there exists a
time step Ty < {%] such that

maX(Ui(af’To, olo) —

(510} <
iEN -t Uilo )) =€

Proof. Let N = {1,...,n} be the set of agents, and let
Ui (o) denote the expected utility of agent ¢ under the mixed
profile o. Define the expected social welfare

=Y Ui(o)
iEN
Since each U;(o) €
have

[0, Umax], for all mixed profiles o, we

0 < SW(o) < nimax (5)
For each time step ¢, define the maximum unilateral gain

Ay = maX(Ui(af’t, oty) — Ui(at))

ieEN
so that the profile ¢ is an e-Nash equilibrium if and only if
At S E.
Suppose that at some round ¢ we have A; > . Then there
exists an agent ¢ and a (mixed) best response a;’f’ such that

Ui(or* ot ;) = Ui(at

3 —1
If we modify only agent 4’s strategy in o! to obtain the
profile (07°*, 0 ;) then all other agents’ expected utilities
remain unchanged. Hence, the expected social welfare in-
creases by more than e:

)>e

SW(o)", at,) —SW(o!) = Ui(a}", 0t ;) — Us(oh) > ¢
(6)
Consider the sequence of mixed profiles o, o2 . Ev-

ery time A; > &, Eq (6) shows that the expected s001a1 wel-
fare increases by at least . Since SW is bounded above by



N.Umax from Eq (5), such strict improvements can occur at
most | 2tmax | times.
Therefore, within the first Ty < [%m2x] rounds, there
must exist a time step 7 for which A, < e. Equivalently,
*, 17 T T
mae (U (07, 0™) ~ Ui(0™)) < &
O

To analyze the Nash regret of the UCB-NE algorithm,
we first establish a high-probability concentration bound for
each agent’s empirical utility estimates under bandit feed-
back. Since agents only observe the realized utility of the
coalition they join, accurate estimation of expected utilities
is essential for ensuring that UCB-based exploration cor-
rectly identifies improving deviations. The following lemma
shows that, with high probability, the empirical utility of
every agent for every candidate coalition remains within
the corresponding confidence interval defined by the UCB
bonus, uniformly over all rounds.

Lemma 2. Forany § € (0, 1], with probability at least 1 —9,
the following holds simultaneously for all rounds t < T, all
agents i € N, and all strategy profiles x € [q|":

U} (x) — wi(x)| < bi(x)
where U!(x) is the empirical utility estimate and bt (x) is the
exploration bonus defined in Eq (4).

Proof. Without loss of generality, assume utilities lie in
[0,1] (the general case follows by scaling with tyayx). Fix
any agent ¢ € N, any coalition label ¢ € [g] (equivalently,
any x with z; = /), and any round ¢ < 7. Under bandit
feedback, the estimator 4! (x) is the empirical mean utility,
with mean ;(x).

By Hoeffding’s inequality (Hoeffding 1963), for any
l;f (x) >0,

Pr(futt () — 0| > B(x)) < 2exp(—2%,(x) (B(x))*)
Substituting the exploration bonus from Eq (4), we obtain
Pr( [P (%) - @()| > b(x))
<2 exp(—2n3 log(W%)T)>

—9 <4<n2+1)T) —2n’

N

)

There are at most n - ¢ - T' < n2T distinct triples (i, ¢, t),
and hence at most that many corresponding profiles x. Ap-
plying the union bound to O(1), There are at most ngT <
n*T triples (i,¢,t). Applying a union bound,

Pr(3i, 0,6 [aly —aly] > bly)

2 7713/2
< on?T (4(n ;—1)T)

where the last inequality uses the fact that the exponent
2
2n® > 2 and 2T 5

®)
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Thus, with probability at least 1 — 4, the inequality
U4} (x) = wi(x) | < bi(x)
holds simultaneously for all agents 4, all rounds ¢, and all
x € [q]™. O
Theorem 2 establishes the Nash regret bounds of the
UCB-NE algorithm under bandit feedback:

Theorem 2. Fix a repeated hedonic skill game, UCB—NE
algorithm with exploration bonus as in Eq (4). For any
d € (0,1], UCB-NE algorithm with ¢ = %, obtains the fol-
lowing Nash regret bound with probability at least 1 — ¢
under bandit feedback

RT < O(y/n3T 1log(n?T/6)(Vn3 + 1)

Proof. Fix a repeated hedonic skill game and run the
UCB-NE algorithm with exploration bonus as in Eq (4). Let
the time horizon be T', and define the deviation gain in round

t as
(Uitor" 0t) ~ Ui(")

so that the (cumulative) Nash regret satisfies

T
RT = Z A,
t=1

By Lemma 2, with probability at least 1 — § the following
event € holds simultaneously for all agents ¢ € N, all rounds
t < T, and all strategy profiles x) € [q]™:

A; = max
ieN

Ui (x) — wi(x)| < bi(x)

where #;(x) is the true expected utility and b’ (x) is the ex-
ploration bonus in Eq (4). Under &, the UCB value U/ (x) +

Bf(x) is a valid upper-confidence bound on @;(x). For ¢ =
1/T, partition the rounds into

7;ma11 = {t : At < E}, ﬂarge = {t : At > 6}
The cumulative regret from small-deviation rounds is

bounded by

1
Z At < |7;mall|'5 < TT =1

tE€Tsman

Thus small rounds contribute only an O(1) additive term.
Fix any ¢ € Tiarge. By definition of A, there exists an
agent ¢ satisfying

Ui(o7" 0by) — Uilo!) > ¢
Under event ¢, every coalition z! € [q] for agent 7 satisfies
i(x) < U(x) +bi(x)

Because UCB-NE selects a label whose UCB is maximal, a
gap of more than ¢ between the true best-response payoff
and the chosen payoff implies that the chosen action must
have had its UCB inflated sufficiently by the exploration



bonus. Thus, for every ¢ € Tiage, there exists an agent ¢
such that

bi(x) > ©)

| ™

Recall the bonus form

) = \/ n3log(4(n2 + 1)T/5)

LX) V1

From Eq (9), the condition bf(x) > /2 implies

4n3log(4(n? + 1)T/6)
-2

fhx) <
Thus each agent-label pair (4,¢) can trigger a large-bonus

event at most
0 (n3 10g(n2T/5)>

22
times. Since there are at most n - ¢ < n? such pairs,

n? 10g(n2T/6)> _ O(n5 log(n?T/6)

g2 g?

|7Iarge| S nQO( >

The above counting argument is a worst-case bound. To
obtain the desired \/T dependence, we follow the standard
UCB self-bounding method: write the regret as

RT =33 Aiefl(x)

i€EN L€][q]

where A;, is the (unknown) improvement gap for agent
1 when switching to label ¢. Under ¢, whenever an agent
chooses label ¢ at a round with nonzero gap, we must have
A;p < 2b!(x). Summing over time and applying Cauchy—
Schwarz,

iAt < O( Tlog(n?T/0d) (\/ﬁ-l-l))

where the factor v/n3 arises from the scale of the bonus
term \/n3log(-)/M, and the additional +1 term accounts
for small-gap rounds.

Combining the (O(1) contribution of small-deviation
rounds with the refined bound above yields, with probability
atleast 1 — 6,

RT < (9( n3T log(n2T/9) (\/ nd + 1))
which establishes the theorem.

Experimental Results

Dataset: The problem instances used in our experiments are
part of the multi-robot task assignment (MRTA)-Benchmark
dataset (Bichler, Gimenez, and Alonso-Mora 2025), which
includes 250K problems generated in different scenarios
with various agents, skills, and tasks.

Baselines and Configurations: To demonstrate how our
developed online learning can improve multi-agent plan-
ning and coalition formation for maximizing utility of agents
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(i.e., social welfare) and minimizing Nash regret, we com-
pared UCB-NE with epsilon greedy and Thompson Sam-
pling (Russo and Van Roy 2013) for coalition formation
with 500 iterations. For the UCB-NE method, we adopt con-
fidence parameter @ = 0.1, and reward noise standard de-
viation ¢ = 0.1. The epsilon greedy baseline is configured
with an initial exploration rate of ¢ = 0.4, a decay factor of
0.9, and a minimum value of 0.01.

Environment: All experiments were implemented in
Python and executed on a system equipped with an In-
tel Core Ultra 7 processor (3.9GHz, 20 cores), 64GB of
RAM, and an NVIDIA GeForce RTX 5070 GPU with 12GB
GDDR7 memory.

Sensitivity Analysis: Fig. 1 depicts how varying J-
Confidence Parameter affects the performance of our de-
veloped algorithm. This experiment was conducted using
five agents, three skills, and 10 tasks. This directly controls
the exploration-exploitation tradeoff in Eq. (4). The left-side
plot indicates that very small § values (e.g., 0.01) result in
high regret due to overly conservative behavior that limits
exploration of better coalition structures. As ¢§ increases, re-
gret decreases sharply and reaches its minimum at 6 = 0.1,
indicating a more effective balance between exploration and
stability. However, larger § values increase regret as agents
pursue uncertain payoffs more aggressively. Thus, a mod-
erate § offers the lowest regret and the closest progression
toward Nash-stable coalition formation. The right plot illus-
trates the effect of d on the collective utility. Social welfare
generally increases with higher d values and reaches its max-
imum at § = 0.8. Very small values (e.g., around 0.1) hinder
convergence due to frequent coalition changes, while mod-
erately larger § encourages more flexible re-evaluation of
partnerships, enabling agents to discover higher-value, com-
plementary coalitions and achieve substantially improved
system-wide welfare.

k] 019/ * Best:56=038
0.8 8
& T
[} =18
20.6 ©
oY ©
g 3
imal: § = ]
< 0.4 % Optimal: 6 =0.1 ‘ 17
1072 107! 1072 107
Delta (8) Delta ()

Figure 1: Sensitivity of the UCB—-NE algorithm to the explo-
ration parameter J in terms of regret and social welfare.

Fig. 2 evaluates the scalability of RHSG with UCB-NE,
we scale the number of agents n € {5,10, 15, 20,50} (left
plot), the skill number & € [1,5] (middle plot), and the
task number m € [2, 10] (right plot) and compare the Nash
regret for different scales of the problems. In agent scala-
bility (#skills=3 and #tasks=10), the plot indicates that the
coordination becomes progressively challenging with larger
populations. The standard deviation also grows with agent
count, reflecting higher variability in system performance.
Notably, the final average regret consistently remains below
the mean, demonstrating that the algorithm converges to-



ward improved coalition allocations over time. These results
highlight that the approach is effective for small to moder-
ate agent populations, while larger systems may require en-
hanced coordination mechanisms to maintain low regret. For
task scalability (#agents=5 and #skills=3), the results indi-
cate that although regret rises, it remains relatively low over-
all, suggesting multi-agent planning using RHSG still main-
tains reasonable performance but does not scale optimally
as task complexity grows. For skill scalability (#agents=5
and #tasks=10), with increasing the number of skills agents
gain more capability combinations, resulting in a larger de-
cision space and more potential assignments to evaluate.
This increase in complexity is reflected in the regret values,
which capture the learning effort required to identify high-
quality allocations. Overall, the UCB-NE algorithm contin-
ues to converge toward effective task—skill assignments even
as the feasibility constraints and coalition structures become
more complex.
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Figure 2: Scalability of the repeated HSG with UCB-NE for
different numbers of agents, skills, and tasks.

Comparison Results: Fig. 3 presents a comparative
evaluation of UCB-NE, Thompson Sampling, and epsilon
greedy on a hedonic skill game instance with 5 agents, 3
skills, and 2 tasks over T=500 rounds in terms of average re-
gret and social welfare per round. The left panel reports the
average Nash regret per round. UCB—NE achieves the lowest
and smoothest regret trajectory, converging steadily toward
the Nash equilibrium baseline, owing to its deterministic
confidence-bound-driven exploration that avoids disruptive
strategy oscillations. Thompson sampling shows persistently
high regret due to independent posterior sampling across
agents, where uncoordinated exploration by a single agent
degrades the joint outcome. epsilon greedy exhibits high
variance because random exploration perturbs the coalition
structure for all agents simultaneously.

The social welfare comparison (the right plot) demon-
strates an improvement in the coalition formation with the
most utilities. Each agent in the UCB-NE algorithm refines
its decisions based on historical payoffs and getting famil-
iar with other agents’ skills. Although improvements in the
epsilon greedy were more significant for the early iterations,
the use of online learning algorithm resulted in a huge in-
crease in social welfare. This is because UCB-NE explic-
itly balances exploration and exploitation when evaluating
coalition options. Rather than repeatedly selecting actions
based solely on immediate or early payoffs, as in epsilon
greedy, UCB-NE incorporates statistical confidence bounds
that guide agents to explore promising coalitions that may
initially appear suboptimal. Over repeated interactions, each
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agent accumulates payoff experience while also learning the
complementary skills and task contributions of others, al-
lowing coalitions to converge toward more efficient, utility-
maximizing structures.
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Figure 3: Regret and social welfare for multi-agent planning
over the round.

Conclusion and Future Work

This paper studied decentralized coalition formation in re-
peated Hedonic Skill Games (HSGs), where agents repeat-
edly form coalitions under incomplete information and re-
ceive only bandit feedback on realized utilities. This set-
ting captures realistic multi-agent planning scenarios in
which agents lack prior knowledge of task requirements,
other agents’ skills, or counterfactual outcomes. We pro-
posed UCB-NE, a fully decentralized online learning al-
gorithm based on optimism under uncertainty. We showed
that UCB-NE achieves sublinear Nash regret and converges
with high probability to e-approximate Nash equilibria, even
in general HSGs where pure Nash equilibria may not ex-
ist. Importantly, these guarantees are obtained without cen-
tralized coordination or inter-agent communication. Empiri-
cal evaluations demonstrated that UCB-NE consistently con-
verges to stable coalition structures with higher social wel-
fare than baseline methods, while scaling to problem sizes
where equilibrium computation is infeasible. Together, these
results establish repeated HSGs as a viable framework for
learning-based coalition formation under minimal informa-
tional assumptions.

Several directions remain for future investigation. First,
our analysis assumes bandit feedback, where agents ob-
serve only their realized utilities. Extending the framework
to richer feedback models, such as semi-bandit or struc-
tured feedback, may yield improved learning efficiency and
faster convergence. Second, the current model assumes sta-
tionary task values and skill distributions. Studying repeated
HSGs in non-stationary environments, where tasks or skills
evolve over time, would enable dynamic regret analysis and
broaden applicability to adaptive planning domains. Another
important direction is to relax the no-communication as-
sumption. Allowing limited or costly communication, such
as signaling skills or coalition satisfaction, raises fundamen-
tal questions about the trade-off between information ex-
change and equilibrium convergence. Additionally, the cur-
rent model assumes no externalities between coalitions. In-
corporating inter-coalition externalities arising from shared
resources or task interference would connect repeated HSGs
to congestion and resource allocation games.
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