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ABSTRACT

Recent reinforcement learning studies extensively explore the inter-
play between cooperative and competitive behaviour in mixed en-
vironments. Unlike cooperative environments where agents strive
towards a common goal, mixed environments are notorious for the
conflicts of selfish and social interests. As a consequence, purely
rational agents often struggle to maintain cooperation. A prevalent
approach to induce cooperative behaviour is to assign additional
rewards based on other agents’ well-being. However, this approach
suffers from the issue of multi-agent credit assignment, which can
hinder performance. This issue is efficiently alleviated in cooper-
ative setting with such state-of-the-art algorithms as QMIX and
COMA. Still, when applied to mixed environments, these algorithms
may result in unfair allocation of rewards. We propose BAROCCO,
an extension of these algorithms capable to balance individual and
social incentives. The mechanism behind BAROCCO is to train
two distinct but interwoven components that jointly affect agents’
decisions. We experimentally confirm the advantages of BAROCCO.
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1 INTRODUCTION

Human cooperation is considered an evolutionary puzzle in the
economic literature [3, 6, 9, 16, 20]. Despite the predictions of the
rational choice theory to act selfishly [23], people of different age,
gender, culture, and socioeconomic status engage into cooperation
in a multitude of economic situations [2, 4, 5, 7, 11, 17]. A possible
mechanism to resolve the paradox implies that the agents take
social preferences into account during decision making [8, 9].

The questions of emergence and maintenance of cooperation are
mirrored in the Multi-Agent Reinforcement Learning (MARL) liter-
ature [10, 18, 19, 21, 24, 25]. Numerous works have demonstrated
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that purely rational agents are unable to maintain cooperation and
perform worse than those guided by social incentives [14, 15, 19, 27].
Despite this, training fully social agents can be undesirable when
fairness is a concern. Such agents may prefer sacrificing own pay-
offs for the common good to equal reward distribution. A possible
compromise that trades-off fairness and group performance is to
balance selfish and social preferences of the agents.

The simplest way to achieve such balance is to train agents on a
mixture of social [19, 28] and selfish rewards, which we refer to as
Cooperative Reward Shaping (CRS):

ri™ = (1= ri + ASW(x) (1)
where r; is the native reward of i-th agent, r is a vector of rewards of
all agents, SW denotes social welfare function like sum or minimum,
Ais prosociality coefficient, and r{"* is mixed reward. However, CRS
implies decentralized training and does not address such crucial
issues of MARL as non-stationarity and credit assignment [1, 12, 13].
On the other hand, these issues are addressed in the techniques
from fully cooperative MARL like QMIX [21] or COMA [10] that
were shown to outperform decentralized training in such complex
environments as StarCraft 2 [26]. Still, these techniques are only
concerned with performance and ignore fairness.
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Figure 1: BAROCCO for Actor-Critic Framework. CO, TD,
and SW denote counterfactual baseline, temporal difference,
and social welfare function, respectively.


https://github.com/jbr-ai-labs/BAROCCO
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Figure 2: Experiments in Harvest. ‘Apples‘ denotes total number of apples collected by all agents per episode. ‘Gini‘ denotes
gini coefficient that can be treated as a measure of unfairness.

2 BAROCCO

We propose a meta-algorithm that extends credit assignment tech-
niques like COMA to mixed environments with capability to bal-
ance the incentives, which we refer to as BAROCCO, i.e. BAl-
ancing Rational and Other-regarding preferences in Cooperative-
COmpetitive environments. BAROCCO is based on the insight that
instead of relying on a single model to balance the incentives via
CRS, two distinct components can be trained concurrently and com-
bined during decision making (Fig. 1). While the two approaches are
mathematically equivalent, the latter approach allows us to train
the social component via techniques that address credit assignment.

More specifically, for each agent we train selfish critic via a
variant of MADDPG [18] and social critic via COMA [10]. Then,
the actor is trained via proximal policy gradient [22] on a mixture
of predictions of these two critics. The importance of each critic is
controlled via predefined prosociality coefficient A.

A crucial novelty of BAROCCO concerns the training of the
social component. Instead of combining agents’ rewards with SW
function like in eq. 1, we directly combine agents’ values. While in
certain cases the two approaches are mathematically equivalent,
the latter approach might be more suitable for mixed environments
and supports a broader choice of SW functions. For example, an
alternative to fairness through selfishness could be to train a fair
centralized system to maximize minimum of agents’ payoffs. We
show that this can be viable if the system is trained with BAROCCO.

3 EXPERIMENTS AND DISCUSSION

We conduct our experiments in the Harvest environment [14],
where five agents collect apples on a partially observable grid-
like map. The regrowth rate of apples increases with the number of
uncollected apples nearby. Therefore, the agents that harvest every
apple in sight quickly exhaust its supplies. The optimal strategy for
a group of agents is to balance harvesting and cultivating apples.
First, we evaluate the performance of BAROCCO, i.e. the total
reward obtained by all agents. To this end, we compare it with sev-
eral baselines: selfish decentralized agents, prosocial decentralized
agents trained via CRS, prosocial centralized agents trained via
COMA. We fix A = 1 and SW function as sum for BAROCCO, CRS,
and COMA. The results are presented in Figure 2a. BAROCCO,
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sum’ performs slightly better than ‘COMA, sum’, meaning that our
modifications of the training procedure can be beneficial. However,
both underperform compared to ‘CRS, sum’, suggesting that addi-
tional complexity of centralized algorithms can hinder performance
in some environments. This result contradicts the findings of the
prior literature where centralization consistently improved perfor-
mance [10, 21]. However, the algorithms suggested in this literature
were not tested in complex mixed environments like Harvest before.

Second, we test whether BAROCCO can achieve both fairness
and performance in a centralized training setup. To this end, we
set SW as minimum, assuming that optimizing minimum of agents’
payoffs might lead to fair reward distribution. From Figure 2b we
can see that this is indeed the case: choosing SW as minimum yields
more even distribution than SW sum. Unsurprisingly, this comes
at some cost of performance (Fig. 2a). It is worth noting that per-
formance of CRS and COMA plummets when sum is replaced with
minimum as SW (Fig. 2a), which highlights flexibility of BAROCCO.

Third, we examine the effect of varying prosociality coefficient
A 1in BAROCCO. As expected, increasing A improves performance
(Fig. 2c) but can result in unfair reward allocation (Fig. 2d). We note
that prosociality coefficient should be treated as a hyperparame-
ter and appropriately tuned for a given environment to maximize
performance while keeping fairness above an acceptable level.

This work contributes to the broader discussion of what consti-
tutes cooperation. Most MARL papers that study mixed environ-
ments focus on efficiency, but we argue that this metric can be too
limiting. Agents that act towards a single common goal are more
reminiscent of a swarm system than a group of distinct individuals
that could mutually benefit from cooperation. We explore ways
to incorporate the notion of fairness into such systems, either by
preserving some individuality of the agents or by modifying the
centralized objective. We hope that our work sparks further discus-
sion regarding other desirable qualities of multi-agent systems and
the means to achieve these qualities.
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