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Abstract

In the field of mixed-motive games, extensive multi-agent
learning studies have explored the balance between egoism
(individual interest), utilitarianism (collective interest), and
egalitarianism (fairness). Traditional approaches often rely
on manually designed reward functions, social norms, and
alliance/federation mechanisms to transition agents from indi-
vidualistic behaviors toward cooperative strategies. However,
these methods typically require all agents to share private lo-
cal information or to mandatorily participate in federations,
which is impractical in real-world applications. To address
these issues, this paper proposes a Flexible-Participation Fed-
eration (FPF) framework that allows agents to participate in
the federation voluntarily. Furthermore, we extend the federa-
tion from a global to a Local Multi-Federation (LMF) frame-
work, enabling agents to form multiple localized federations,
thereby promoting more efficient and adaptive cooperation.
Theoretical evidence demonstrates that the global FPF model,
along with the discrepancy between decentralized egoistic
policies and federated utilitarian policies, achieves an O(1/T)
convergence rate. Agents in the LMF framework also reach
consensus within a sublinear gap. Extensive experiments show
that agents opting out of federation participation experience a
reduction in egoism, and our approach outperforms multiple
baselines in terms of both utilitarianism and egalitarianism.

Code — https://github.com/Shaokang- Agent/FPF-LMF.

Introduction

Egoism (individual interest), utilitarianism (collective inter-
est) and egalitarianism (fairness) are three critical considera-
tions in the field of mixed-motive games, including common
resource allocation (Ostrom 2008; Perolat et al. 2017), task
scheduling (Arunarani, Manjula, and Sugumaran 2019), and
autonomous driving (Zhou et al. 2021; Vinitsky et al. 2022).
For instance, in the coordination dilemma of autonomous
driving at a crossroad, each agent seeks to reach its desti-
nation as quickly as possible. However, agents exclusively
prioritizing egoism may cause severe traffic congestion and
accidents, adversely affecting long-term individual returns.
Simultaneously, the system must consider overall road travel
time, potentially requiring some agents to prioritize others,
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which may compromise egalitarianism. A potential resolution
to this paradox involves balancing egoism, utilitarianism and
egalitarianism in mixed-motive games (Dong et al. 2024a).

Extensive Multi-Agent Reinforcement Learning (MARL)
methods have been developed to balance these criteria, guid-
ing agents from individualistic behaviors toward cooperation.
Some approaches address inequity aversion (Hughes et al.
2018), causal influence (Jaques et al. 2019), or fairer alloca-
tion (Jiang and Lu 2019; Zimmer et al. 2021) among agents
by manually designing reward functions. Other works adopt
a systemic perspective, promoting social norms (Vinitsky
et al. 2023; Koster et al. 2022; Anastassacos et al. 2021) and
alliance/federation mechanisms (Baker 2020; Anastassacos,
Hailes, and Musolesi 2020; Dong et al. 2024b).

However, these methods frequently overlook a critical as-
pect: It is impractical to require all agents to share private
local information or participate in alliances/federations. One
issue is that certain agents in the system may experience
downtime at any given step. Additionally, sharing private
information and mandating participation in a centralized fed-
eration disregards agent autonomy, potentially destabilizing
cooperation and increasing the risk of free-riding (Hughes
et al. 2018; Koster, et al. 2020) or exploitation by other agents
(Chelarescu 2021).

In this paper, we first propose a Flexible-Participation Fed-
eration (FPF) framework where agent engagement in the
global federation is voluntary. The federation integrates the
egoistic policy parameters of participating agents and broad-
casts the utilitarian and egalitarian policy parameters to all
agents. Then the participating agents regularize their egoistic
policy parameters, fostering a balance between egoism, utili-
tarianism and egalitarianism. Moreover, we extend the global
federation to a Local Multi-Federation (LMF) framework,
enabling agents to efficiently exchange local policy parame-
ters or policy gradients within self-organized groups while
retaining the option to operate independently. In summary,
the contributions of this work are three-fold:

* We propose FPF and LMF frameworks as alternatives to
mandatory federation to balance egoism, utilitarianism
and egalitarianism in mixed-motive games.

* Theoretical analysis shows that the FPF model, as well
as the discrepancy between decentralized egoistic poli-
cies and federated utilitarian policies, achieves an O(1/T)



convergence rate. Furthermore, agents in the LMF frame-
work can reach consensus with a gap of O(1/T7 + €T').

Extensive experiments conducted across various environ-
ments demonstrate that FPF and LMF outperform mul-
tiple baselines in balancing utilitarianism and egalitar-
ianism. Additionally, agents who opt out of federation
participation experience a decrease in individual interest.

Related Work

Reward Shaping. This type of approach promotes the emer-
gence of prosocial cooperative behaviors or utilitarianism in
mixed-motive games by modifying individual agent rewards.
For example, Inequality Aversion (IA) (Hughes et al. 2018)
and Individual Fairness Concern Utility Function (IFCUF)
(Chen et al. 2023) address advantageous and disadvantageous
inequities to achieve a more rational distribution of social
welfare. Social Influence (Jaques et al. 2019) incentivizes
actions that affect other agents’ policies. The Learning to In-
centivize Others (LIO) (Yang et al. 2020) provides additional
internal rewards to other agents, thereby encouraging coop-
erative behavior. Social Value Orientation (SVO) (McKee
et al. 2020) fosters cooperation by leveraging the discrepancy
between observed reward tendencies and target SVO as in-
ternal incentives. Additionally, BAROCCO (Ivanov, Egorov,
and Shpilman 2021) demonstrates that egalitarianism can
emerge from egoism by incorporating both selfish and so-
cial motives through the long-term value function rather than
immediate rewards. Finally, works like FEN (Jiang and Lu
2019) and SOTO (Zimmer et al. 2021), inspired by the fair
social welfare function (Speicher et al. 2018; Heidari et al.
2018), introduce efficient and fair reward functions to achieve
balanced policies in mixed-motive games.

Social Norms. Effective social norms can facilitate coor-
dination in the absence of societal laws to constrain agent
behaviors, significantly enhancing the performance of both
individual agents and agent societies (Sen and Airiau 2007).
Social norms can be underpinned through sanctioning, as
exemplified by the Classifier Norm Model (CNM) (Vinitsky
et al. 2023), which introduces a classifier to predict whether
a given behavior will be approved or sanctioned by the sys-
tem. Another work (Anastassacos et al. 2021) introduces
mechanisms for collectively establishing social norms and
assigning reputations, resulting in improved policy equilibria.
Additionally, (Koster et al. 2022) explores how even spuri-
ous or trivial norms can positively impact the learnability of
compliant behaviors, thereby enhancing overall performance
in terms of utilitarianism.

Alliance/Federation. Several works have investigated the
mechanisms for forming alliances or federations. For in-
stance, the work (Anastassacos, Hailes, and Musolesi 2020)
examines partner selection mechanisms that promote cooper-
ation among agents with selfish objectives, ultimately lead-
ing to a Tit-for-Tat strategy. Randomized Uncertain Social
Preferences (RUSP) (Baker 2020) demonstrates that train-
ing reinforcement learning agents with a randomized reward
transformation matrix can foster both reciprocity and team
formation. Another study (Dong et al. 2024b) defines egoism,
utilitarianism, and egalitarianism criteria in mixed-motive
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games and proposes a mandatory participation Decentralized
and Federated (D&F) framework to balance these criteria.

However, these methods often require access to other
agents’ private information to design reward-shaping mech-
anisms and social norms or compel agents to participate in
alliances or federations, raising the potential for exploitation
by other agents in mixed-motive games.

Preliminary
Problem Formulation
The mixed-motive games can be formalized as the following
tuple (M, S, 0, A, T, R,), where
* N is the finite set of N agents.
* S represents the finite state space in the environment.

O = x,;enO; denotes a joint observation space, where
Q; is the finite observation space of agent 7.

A = x;cnA; denotes a joint action space, where A; is
the finite action space of agent .

T:8x AxS — [0,1] is the Markovian state transition

probability, where 7 (s’|s, @) denotes the probability that
taking joint action a in state s results in a transition to s’.

R = X;enRi, where R; : S x A — R is a reward
function for agent 7.

~ € (0,1) is a discount factor.

The egoism, utilitarianism, and egalitarianism criteria
are defined as follows (Dong et al. 2024b):
} ) (D
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where —i denotes all other agents except i and r"*t(s, a) =

= SN ri(s,a) is the average reward at the time step ?.
mi(a;|os;0;), w(als; w) and 7w (als; @) with parameters 6;, w
and @ are the egoistic policy, the federated utilitarian policy,
and the federated egalitarian policy, respectively.

Decentralized and Federated (D&F) Framework

In the D&F framework (Dong et al. 2024b), the overall objec-
tive J; of each agent ¢ is to find an efficient policy to balance
egoism, utilitarianism, and egalitarianism criteria as

% _ k7iego(9i) —&—)\uj““(w) _i_)\ejega(a}),

where coefficients A, A. € [0, +00) control the balance.
The individual policy 7;(+; 8;) is optimized in a Decentral-

ized manner (D;*°) with only local information, while the

utilitarian policy 7(-;w) and the egalitarian policy 7 (-; @)

are attained in the Federation (F"* and F°&*) with global
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information. The optimization objective of each agent ¢ can
be represented as follows:

DS max Fi(6) = T5%(00) — 2 10, — wl]? = 2216, — @],
0, R 2 2
(5)

where the constrained coefficients A\, A € [0, +00) carry
the same significance as in Equation (4). In the federation, the
optimization objective of the utilitarian policy 7(-; w) and
the egalitarian policy 7r(-; @) can be represented as follows:

Au o A
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where 7(+) is the entropy and Aj, € [0, +00).

Flexible-Participation Federation

To address the constraints imposed by mandatory participa-
tion in the D&F framework, this section proposes a Flexible-
Participation Federation (FPF) framework, which allows
agents to voluntarily participate in the global federation. Ini-
tially, the system identifies the set of agents opting to partici-
pate in the federation, denoted by /N, with a size of N,,. The
global federation then broadcasts the utilitarian policy param-
eter w and the egalitarian policy parameter @ to all agents.
Participating agents regularize their individual egoistic policy
parameters 6 and upload them to the federation. The fed-
eration subsequently updates the utilitarian and egalitarian
policy parameters, iterating through the training process.

The core training procedure of FPF is specified in Algo-
rithm 1. Specifically, for each agent i € A/, we sample the
data from mini-batch D; C D; to optimize the policy or value
function. The mini-batch provides an unbiased estimation,
denoted as follows:

ZQ‘ €D;

- 1
(0:;D;) == B

The approximated parameter 0, is then updated till

IV F;(0;,D;)||* < v, where the gradient is given by:

u(éz - wz‘)

- (Jé)\e(éi - (I}i).

(3]
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The federation then updates the global model by aggregating

the local models from the participating agents set V,, as:

?p - él)?
=(1-— ‘P IN,.

w = ( n)w+nzieprl /Ny

(10)
an

w ' =w; — aly(w;

This leads to the following proposition regarding the gradient
of the update process in Equation (11) as follows:

VE(w) = —Au(w — 0;). (12)
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Algorithm 1: Flexible-Participation Federation (FPF)

1 Input: The finite set A/ of IV agents, participating set
N, of N, agents, learning rate «, constrained
coefficients A, for utilitarianism and \. for
egalitarianism, entropy coefficient )\, update rate 7,
gradient error v, replay buffer D = {D; }icnr.

2 Initialize {6;} = 0,w = ® = 0.

3 Federation sends w and @ to all agents.

4 foreach agenti € N do

5 W; = W, w; = Ww.
6 if decentralized training then
7 Sample the mini-batch f)i C D;.
8 Update local parameters till
9 if agent i € N, then
10 Regularize and upload to the federation:
w;‘p = W; — Ot)\u(wi — él), 91 = éz
11 end
12 end
13 end
14 Federation updates the utilitarian model in Eq.(11).
15 if federated training then
16 Sample the mini-batch D CD.
17 Update the federated parameters:
18 w = w + naEx [T (w)] — nad.(w — ),
1 | w=w+aEs[TY9w) — MH(7(@))].
20 end

Theoretical Analysis

In this section, we demonstrate the theoretical convergence of
FPF. First, we introduce assumptions regarding the L-smooth
property of the egoistic objective function in Assumption 1.
Then, the assumptions of bounded variance and diversity of
local gradients are defined in Assumptions 2, 3, respectively.

Assumption 1 (L-smooth). The egoistic objective function
T E°(0) with parameters 6 are L-smooth:

IVT;2°(0) = VI ()] < LII6 — 6], %0, 0"

Assumption 2 (Bounded variance). For the stochastic gradi-
ent J:2°(0; (;) of each sample x ~ D* (; is the distribution
of sample x), the expected variance of stochastic gradients
can be bounded as:

Ec, [IVT(6;6) — VI=O)]°] < 2.

Assumption 3 (Bounded diversity). The variance of local
gradients relative to the average gradients with the same
parameter 0 can be bounded as:

1 & 1 Y 2
v VIO - 5 Y vaee)| <o
i=1 j=1

We can prove that the federated model, as well as the dis-

crepancy between decentralized parameters éi,t and federated
parameters w;, obtains an O(1/T") convergence rate.



Theorem 1. Under Assumptions 1, 2, 3 and Lemmas 1, 2, 3 in
Appendix 2 with A, > 2v/2(A\e+1L), k := an Ay + Ae + L)

and K (Ngvj\r_pl—l . /\38_(22)13_)2)2 + 1) < 1/3, then we have
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where N, is the number of agents participating in the feder-
ation, « is the learning rate, and 1 is the update rate of the
federated model in Algorithm 1. Then t € {0,1,...,T — 1},
T is the max time steps, Ap = F(wg) — F(wr) and 6% is
defined in Lemma 1 of Appendix 2.

The proof is provided in Appendix 3. Theorem 1 (a)
demonstrates the convergence of FPF, where the first term,
related to the initial error Ay := F(wo) — F(wr) < F(wp),
can be bounded by a constant, and the second term con-
sists entirely of constants. Furthermore, the coefficient is
dependent on the number of agents (/V,,) participating in the
federation. As more agents engage, the upper bound becomes
tighter. Consequently, the squared magnitude of the feder-
ated model’s gradient achieves an O(1/T') convergence rate
towards a ball with a constant radius.

Theorem 1 (b) establishes the convergence of the discrep-
ancy between decentralized egoistic policies and the feder-
ated utilitarian policy. The last term in (b) indicates that the
constrained coefficients A\, and ). influence this discrepancy.
As aresult, the decentralized parameters 6; ; on average con-
verge to a ball centered around the federated parameters w;
with a constant radius.

Local Multi-Federation

This section introduces a more efficient Local Multi-
Federation (LMF) mechanism that operates without a global
federation while preserving utilitarian and egalitarian poli-
cies. Each agent can participate in multiple local federations
to exchange local information with others. We propose two
communication methods within the same local federation.
The first method involves the exchange of local policy param-
eters and can be theoretically proven to reach consensus. In
the second method, agents exchange policy gradients instead
of parameters, providing greater privacy while achieving
comparable empirical performance in experiments.
Specifically, the LMF framework can be modeled as a
time-varying directed graph G; = (N}, &), where \,, is the
node set representing the participating agents, and the edge
set & C N, x N, represents the communication links within
federations at time step ¢. The adjacency matrix of the graph
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Algorithm 2: Local Multi-Federation (LMF)

1 Input: The finite set A of N agents, learning rate cv;,
replay buffer D = {D; }icnr-

2 Initialize {6;} = 0, the adjacent matrix C}.

3 foreach agent i € N do

4 if decentralized training then
5 Sample the mini-batch ZNDZ- C D;.
6 if participation in federation then
7 Determine the adjacent matrix C}.
8 Update 6; in Eq.(13) or Eq.(14).
9 end
10 end
11 end

Gy is denoted by C; = [c4(4, j)| N, x N, » Where ¢ (4, ) is the
weight of the message transmitted from agent j to agent ¢ at
time ¢ and ¢ (¢, j) = 0 if and only if (¢, ) ¢ &;.

The detailed training procedure of FPF is outlined in Al-
gorithm 2. In the LMF framework, each agent i can receive
information from other agents within the same federation.
The update rule for each agent ¢ is defined as follows:

NP
Oiir1 = cili, )00 + B[V, , JE(0:0)],  (13)
j=1
NP
Oipir =0is+ oy ciliy )E[Ve, , J7(0,4)].  (14)
j=1

Here, Eq.(13) represents the first communication method,
which involves transmitting policy parameters, while Eq.(14)
conveys only policy gradients to enhance privacy among
agents. When ¢, (4,7) = 1 and ¢;(¢, j) = 0 for all j # i, these
two methods are equivalent. Note that LMF considering only
the egoistic policy parameters 6 rather than the utilitarian and
egalitarian policies, can offer greater privacy.

Theoretical Analysis

In this section, we demonstrate the theoretical convergence
of LMF under the policy parameter transmission method
described in Eq. (13). First, we introduce several assumptions
regarding the connectivity properties of the directed graph G,
the weights rule of the adjacency matrix C;, and the bounds
on local gradients in Assumptions 4, 5 and 6, respectively.

Assumption 4 (Bounded Interval). There exists an integer
B > 1 such that for every edge (i, j) must be linked at least
every B consecutive time steps. In other words, the graph
(Npy & U -+ U &y p_n) is strongly connected for all t > 0.

Assumption 5 (Weights Rule). The weights of the adjacent
matrix Cy satisfy that: (a) 17 C; =17 and Cy;1 = 1, where
1 is the column vector with all ones entries. (b) There exists
a scalar € € (0,1) such that ¢,(i,i) > € for all i € N,, and
Ct(iaj) > € lf(ZaJ) € gt'

Assumption 6 (Bounded Gradients). There exists a scalar
Cr, > 0 such that HVgi,tJiego(Hm)H < Cr, foralli € N
andt > 0.
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Figure 2: Collective returns of FPF, LMF and the mandatory participation D&F framework per 200 steps in 3 classical discrete
scenarios. (a) Job Scheduling. (b) Matthew Effect. (c) Manufacturing Plant.

Theorem 2. Under Assumptions 4, 5 and 6, if the learning

rate oy = g /tP, where ag € (0,1/N,(2Cy, + 1)), B €

(1/2,1). Then for all participation agents i € N, we have
2

N,
1 & 1
Fp;oﬂ—ow :O<Tﬂ+e>. (15)

| — o) mDE g )

Here, € : where B, €

and C'p, are defined in Assumptions 4, 5 and 6.

The proof is provided in Appendix 5. Theorem 2 shows
that agents in the LMF framework can reach consensus on
the policy parameters with a gap of O(1/77 + &), thereby
balancing egoism, utilitarianism and egalitarianism.

Experiments

In this section, we demonstrate the superiority of FPF and
LMF across various environments by addressing the follow-
ing questions: (1) Can FPF and LMF outperform multiple
baselines in balancing egoism, utilitarianism and egalitarian-
ism? [in Figures 1, 4, 5, 6]. (2) Can FPF and LMF achieve
empirical performance comparable to the mandatory partici-
pation D&F framework? [in Figure 2]. (3) Will agents who
opt out of the federation experience a reduction in egoism?
[in Figure 3]. (4) Does LMF exhibit robust performance in
fully cooperative environments? [in Figure 7].
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Baselines

We reference the following baselines, which respectively fo-
cus on egoism (Independent Learning methods such as IDQN
(Mnih et al. 2015), IPPO (de Witt et al. 2020)), utilitarianism
(AVG, QMIX (Rashid et al. 2020), MAPPO (Yu et al. 2022),
and MADDPG (Lowe et al. 2017)), and balancing egoism,
utilitarianism and egalitarianism (MIN, RMF (Zhang and
Shah 2014), Inequality Aversion (IA) (Hughes et al. 2018),
Social Influence (SOCIAL) (Jaques et al. 2019), FEN (Jiang
and Lu 2019), SOTO-GGF (Zimmer et al. 2021), SOTO-
ALF (Zimmer et al. 2021), and D&F (Dong et al. 2024b)). A
detailed analysis of these baselines is in Appendix 6.1.

Classic Discrete Scenarios

Classic Discrete Scenarios (Jiang and Lu 2019), including
Job Scheduling, Matthew Effect, and Manufacturing Plant,
are defined by resource constraints that drive agents to engage
in dynamic competition or cooperation within mixed-motive
games. Detailed descriptions of these scenarios are provided
in Appendix 6.2.1.

Utilitarianism. We first assess the utilitarian performance
of FPF in comparison to other baselines. As depicted in Fig-
ure 1, our results indicate that IPPO and FPF achieve the
highest social welfare, while IPPO-AVG and MAPPO under-
perform. FEN, SOTO-GGF, and SOTO-ALF overemphasize
egoism and egalitarianism, leading to suboptimal utilitarian
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Figure 4: Collective returns of different algorithms per 100 steps in Cleanup and Harvest environments with 3 and 5 agents.

performance. Additionally, we compare the performance of
different federation frameworks, including the mandatory par-
ticipation D&F, our proposed FPF, and LMF. We initialize the
experiment with half of the agents participating in FPF and
all agents participating in LMF. The results in Figure 2 show
that D&F achieves the highest social welfare, while LMF
with full participation performs comparably and outperforms
FPF with partial participation.

Egoism Analysis and Federation Mechanism. To further
investigate the federation mechanisms of FPF and LMF, we
compare the average returns of agents participating in the
federation versus those opting out in FPF. As illustrated in
Figure 3(a,b,c), agents who opt out of federation participa-
tion experience a decrease in rewards, demonstrating that FPF
effectively balance egoism. Additionally, we analyze LMF
formation as LMF-Fix and LMF-Dynamic. LMF-Fix refers
to the division of all agents into two disjoint federations at the
outset, while LMF-Dynamic allows for the formation of mul-
tiple joint federations. Figure 3(d) demonstrates that LMF-Fix
achieves better utilitarian performance than LMF-Dynamic,
as the formation of multiple joint federations complicates
reaching consensus among all agents.

Egalitarianism. We evaluate the egalitarianism of differ-
ent algorithms using the ratio of standard variance to mean
value in agents’ rewards. As depicted in Figure 5, our pro-
posed FPF and LMF achieve a similarly low ratio, closely

o IPPO SOTO-ALF
§ 04 = IPPO-AVG D&F(Ay=1,Ac = 0.1)
Tco03 EEm MAPPO  mmm FPF(A,=1,A.=0.1)
>0 SOTO-GGFmmm LMF

©°=0.2

=2

T 01

i

»n 0.0

Job Last Period Matthew Last Period Plant Last Period

of Matthew of Plant

Classic Scenarios

of Job

Figure 5: The ratio of standard variance to mean value in
rewards in Classic Discrete Scenarios. Each scenario is com-
pared in the average and the last period of the training.

matching the performance of the mandatory participation
D&F in the scenarios of Matthew Effect and Manufacturing
Plant. However, in the Job Scheduling scenario, IPPO-AVG
and SOTO outperform FPF and LMF in terms of egalitarian-
ism. We hypothesize that this is due to the presence of only
one resource in the environment, which makes it challeng-
ing for FPF and LMF to penalize greedy agents effectively
without explicitly incorporating reward shaping.

Sequential Social Dilemmas (SSD)

Subsequently, we conduct experiments in Sequential Social
Dilemmas (SSD), a mixed-motive game, as introduced in
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(Leibo et al. 2017; Hughes et al. 2018; Jaques et al. 2019).
The SSD comprises two social dilemma environments: public
goods dilemmas (Cleanup) and commons dilemmas (Harvest).
Each agent strives to maximize its individual returns through
latent cooperative or competitive interactions with others.

Utilitarianism. We evaluate the utilitarian performance
of FPF, LMF and other baselines in 3-agent and 5-agent
Cleanup/Harvest environments. As shown in Figure 4, our
proposed FPF and LMF outperform other baselines in achiev-
ing the best social welfare. Especially, IDQN-MIN and
IDQN-RMF methods fail to learn an efficient policy that bal-
ances egoism and utilitarianism in the Cleanup and Harvest
environments. Additional comparisons of utilitarian perfor-
mance with the mandatory participation D&F, IDQN, and
QMIX are available in Appendix 6.3.3.

Egalitarianism. In Figure 6, our proposed FPF and LMF
achieve a similarly low ratio of standard variance to mean
value in agents’ rewards, comparable to that of the mandatory
participation D&F framework. In contrast, IDQN, which
focuses solely on egoism, and IDQN-AVG, which considers
only utilitarianism, exhibit significant fluctuations.

Multi-Agent Particle Environments (MPE)

Finally, we evaluate the robust performance of LMF in fully
cooperative MPE, where cooperative agents share the same
reward. Specifically, we conduct experiments in the follow-
ing four basic testing scenarios: Physical deception, Covert
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communication, Predator-prey and Keep-away. Detailed de-
scriptions of these scenarios are available in Appendix 6.4.1.

Utilitarianism. First, we conduct the experiment with the
adversary agent’s policy fixed as a random policy. Since these
scenarios only involve only three to four agents, we only com-
pare the performance of full-participation LMF. As shown in
Figure 7, we can find that LMF and D&F achieve nearly the
best utilitarian performance. Notably, in the Predator-Prey
scenario, LMF outperforms the mandatory participation D&F.
Additionally, we pre-train the policy of the adversary agent as
a DDPG policy, the final performance of different algorithms
is available in Appendix 6.4.3.

Conclusion

In this paper, we present the Flexible-Participation Federa-
tion (FPF) and Local Multi-Federation (LMF) frameworks to
balance egoism, utilitarianism, and egalitarianism in mixed-
motive games. We provide a theoretical analysis of the conver-
gence properties of FPF and the consensus properties among
agents in LMF. Extensive experimental results demonstrate
that FPF and LMF outperform multiple baselines in terms of
both utilitarianism and egalitarianism. Agents who opt out of
federation participation experience a reduction in egoism.
In future work, we will explore a free entry and exit mech-
anism within the federation during the training process. Ad-
ditionally, a robust metric should be developed to evaluate
the exploitation risk of participating agents in the federation.
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