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ABSTRACT

Human interactions are influenced by emotions, temperament, and
affection, often conflicting with individuals’ underlying preferences.
Without explicit knowledge of those preferences, judging whether
behaviour is appropriate becomes guesswork, leaving us highly
prone to misinterpretation. Yet, such understanding is critical if
autonomous agents are to collaborate effectively with humans. We
frame this as a multi-agent inverse reinforcement learning problem
and show that even a simple model, where agents weigh their own
welfare against that of others, can cover complex social behaviours.
Using novel Bayesian techniques, we find that intrinsic rewards and
altruistic tendencies can be reliably identified by placing agents in
varied groups. Crucially, this disentanglement of intrinsic motiva-
tion from altruism enables the synthesis of new behaviours aligned
with any desired level of altruism, even when demonstrations are
drawn from restricted behaviour profiles.
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1 INTRODUCTION

Multi-Agent Inverse Reinforcement Learning (MAIRL) seeks to un-
cover the hidden reward structures that govern interacting agents.
By inferring these latent motivations, we can either interpret ob-
served behaviours [12] or train policies that align with them [19, 20,
50]. Yet, human interactions are rarely straightforward. Assuming
that an agent’s actions directly reflect their personal rewards is dan-
gerously simplistic: the same behaviour could stem from a desire
to help, harm, or manipulate others. Misreading these intentions
can lead to fundamentally flawed models of social behaviour.

As Artificial Intelligence (AI) systems become increasingly perva-
sive, aligning them with human values is no longer optional [15]. Al
must not only infer agents’ preferences but also evaluate whether

Proc. of the 25th International Conference on Autonomous Agents and Multiagent Systems
(AAMAS 2026), C. Amato, L. Dennis, V. Mascardi, J. Thangarajah (eds.), May 25 — 29,
2026, Paphos, Cyprus. © 2026 International Foundation for Autonomous Agents and
Multiagent Systems (www.ifaamas.org). https://doi.org/10.65109/DWDD1205

This work is licensed under a Creative Commons Attribution Inter-
national 4.0 License.

605

Christos Dimitrakakis
University of Neuchatel
Neuchétel, Switzerland

christos.dimitrakakis@unine.ch

these preferences are socially beneficial. Detecting harmful or coun-
terproductive behaviours is essential for designing policies that
reliably elevate human welfare.

Reward inference is notoriously challenging in multi-agent sys-
tems [16]. Classical approaches assume zero-sum or fully coopera-
tive structures [28]. Real-world interactions, however, are far more
nuanced: humans are neither perfectly competitive nor purely coop-
erative. A chess player may deliberately hold back while coworkers
may occasionally act selfishly, deviating from collective benefit.
Interactions in society are mostly general-sum.

Among the factors that shape observed preferences, altruism
plays a central role. Psychologically, altruism is defined as ‘any
behavior that increases another person’s welfare’ [3, 35]. The al-
truism scale [44] frames this as a continuum: negative altruism
corresponds to antagonistic behaviour, zero to pure self-interest,
and positive altruism to prosociality. More precisely, Sawyer [44]
interprets altruism as the weight an individual places on the welfare
of others relative to their own.

Motivated by this perspective, we study the case where rewards
of an agent are a linear combination of its intrinsic rewards and
those of others, weighted by a latent altruism level. This gives
rise to a two-fold inference problem: (1) recovering the intrinsic
rewards that drive each agent’s behaviour, and (2) estimating how
each agent balances self-interest with concern for others.

Understanding altruism is crucial for interpreting and guiding
social behaviour. It explains deviations from cooperative goals,
supports team management to encourage prosociality, and helps
diagnose misaligned Al agents. We show that disentangling altru-
ism from rewards enables the design of agents that are consistently
altruistic, by acting according to the inferred intrinsic rewards of
others. Ultimately, this leads to Al systems that are not only effec-
tive, but also interpretable, trustworthy, and socially aware.

Contributions. In summary, our main contributions are:

(1) We formally introduce MAIRL with altruism-structured rewards
(Section 4), forming a general-sum problem constrained by the
fact that agents’ rewards are modeled as linear combinations of
their intrinsic rewards and those of others.

(2) We analyse identifiability under the altruism scale model (Sec-
tion 5) and reveal that rewards are generally hard to recover.
We prove that leveraging demonstrations from multiple agent
groups closes this identifiability gap.

(3) We propose two novel Bayesian methods for learning from multi-
group demonstrations (Section 6). The first adapts Bayesian in-
verse reinforcement learning to multiple agents by constructing
a reward posterior assuming Boltzmann rationality. The sec-
ond, our main contribution, does not require such a behavioural
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assumption: it first infers a policy posterior from demonstra-
tions, then derives a reward posterior conditioned on the policy
posterior.

(4) We conduct extensive experiments on challenging sets of ran-
dom Markov Games (Section 7). We further consider a practical
Overcooked scenario [9], where anti-social chefs must collabo-
rate, and test whether we can synthesise behaviours at new altru-
ism levels. We compare with other state-of-the-art MAIRL meth-
ods, namely Multi-Agent Marginal Q-Learning (MAMQL [20])
and Multi-Agent Adversarial IRL (MAAIRL [50]).

(5) We show that our approach can accurately disentangle intrinsic
rewards from altruism levels. Interestingly, we demonstrate
that, without disentaglement, trying to optimise an agent for
co-operation can result in adversarial behaviour. In contrast, by
leveraging demonstrations from multiple groups, our approach
identifies rewards and robustly generalises to behaviours aligned
with previously unseen altruism levels.

2 RELATED WORK

IRL and MAIRL aim to infer reward functions that explain observed
behaviours, assuming these are near-optimal [32, 34]. Reward iden-
tification in IRL is inherently ill-posed: even under entropy regular-
isation, rewards are only identifiable up to potential-based shaping
transformations [33]. Recovering them up to additive constants fur-
ther requires demonstrations under varying dynamics [6, 8, 42, 45].
In multi-agent settings, the notion of optimality is considerably
more intricate. Rather than maximising individual rewards, agents
interact strategically, leading to different formulations of MAIRL.
Some works simplify the problem by decomposing it into indepen-
dent single-agent IRL tasks [17, 28], while others explicitly model
equilibrium concepts such as Nash equilibria [4, 30, 31, 40]. Despite
these advances, theoretical understanding of reward identifiability
in MAIRL remains limited. Freihaut and Ramponi [16] characterised
the feasible set of reward functions consistent with demonstrations
but did not establish identification results. In this work, we prove
that we can achieve identification under widely adopted reward
assumptions [16, 40], by placing agents in different groups. This
is similar to how changing a partner’s policy reveals information
about the rewards of others [7].

MAIRL has seen successful applications in fully cooperative
and zero-sum domains [17, 24, 30], where reward structures are
tightly constrained. Now, extending it to general-sum games poses
new challenges. While maximum-entropy MAIRL and inverse Q-
learning approaches can reproduce expert-like behaviours [20, 50],
their learned rewards are not guaranteed to be interpretable or
socially consistent. Nevertheless, it has been successfully applied to
analyse human driving habits [31], and related efforts have explored
theory of mind formulations for inferring others’ intentions [12, 49].
We demonstrate however that such methods fail to learn a disen-
tangled understanding of social preferences, and misunderstand
agent intrinsic rewards.

Bayesian IRL is a framework for inferring rewards through prob-
abilistic reasoning [38]. Despite its success in single-agent sce-
narios [13, 14, 43], its application to MAIRL remains underex-
plored [29, 30]. Common drawbacks to existing MAIRL methods
are strong assumption about behaviours, such as strict rationality
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or a specific amount of entropy regularisation [28, 50]. We propose
a Bayesian modelling approach that only places a prior on the opti-
mality of the policies [c.f. 14], which we show performs significantly
better than approaches making behavioural assumptions.

Altruism plays a fundamental role in decision-making and social
interaction. The problem of inferring altruistic behaviour has been
explored across both behavioural economics and psychology. In
these fields, altruism is typically modeled as a linear concern for
others’ welfare. Charness and Rabin [11] showed that, under such
models, individuals tend to increase collective payoffs even at a per-
sonal cost. From a psychological standpoint, Sawyer [44] proposed
representing altruism as a weight on others’ welfare along a con-
tinuum ranging from negative (adversarial) to neutral (egoistic) to
positive (altruistic). However, these studies are limited to controlled
surveys or stylised economic games. In multi-agent reinforcement
learning, altruism has been incorporated in a similar linear form,
combining an agent’s own reward with those of its teammates
to promote cooperation and prosocial behaviour [1, 5, 21, 22, 36].
Related approaches based on reputation dynamics also encourage
cooperative behaviour, and can be viewed as a more complex gen-
eralisation of altruism: agents prefer to act altruistically toward
others with good reputations [2, 41]. In MAIRL, Fukumoto et al.
[18] showed that cooperative policies can be induced from selfish
demonstrations by augmenting expert data with generated samples,
though this approach does not explicitly model altruism.

We study the case where each agent has its own intrinsic level of
altruism, independent of the individuals it interacts with. This aligns
with prior approaches while extending the continuous altruism
scale of Sawyer [44]. To the best of our knowledge, we are the first
to employ MAIRL to infer altruism in dynamic multi-agent games
and to generate behaviours across the full altruism spectrum.

3 PRELIMINARIES

Rewardless Markov Games. An n-player Rewardless Markov Game
(RMG) can be formalised as a tuple G = G(+) = (S, A, Ty, wo, *),
where S is a set of states, A = Ay X --- X Ay is a set of dis-
crete actions for each player, 7 : S X A — AS is a transition
function, y € [0, 1) is a discount factor, and w¢ an initial state dis-
tribution. Without loss of generality, we focus on games where
all players share the same action space, i.e. A = A". We label
the discrete actions as {al, .. .,al‘ﬂ'} = A. For clarity, we study
player-permutation invariant games, meaning dynamics remain
unchanged upon player reordering (e.g. agent A playing with agent
B is the same as B playing with A).!

Policies. Apolicy  : S — A% is a probability distribution over a
single agent’s actions. A joint policy is given by & = (71,...,7,) =
(i, m—;), where m_; refers to the joint policy of all policies ex-
cept policy i. We denote the set of policies by II. We assume ac-
tions are conditionally independent, so that the probability of
the joint action a € A™ at state s under the joint policy  is

!Player-permutation invariant games are not restrictive. Many real-world social in-
teractions (e.g., trading in markets, sports such as football) are inherently symmetric
in dynamics. Here, no structural advantage or disadvantage arises purely from the
dynamics, but rather from the agents’ preferences.
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n(a|s)=1T1;7i(a;|s). We denote by 77 = E, [7] transitions in-
duced by the joint policy, and 7, (s) = Ea_,~z_, [T (- | s,a,2—;)]
transitions induced when agent i picks action a.

Rewards and regularised values. The reward function of an agent
i, Ri : 8§ X A — R, outputs a bounded real value given a state and a
joint action. We write the joint reward function as R = (R;);. Given
areward function R, a general-sum Markov game (MG) is defined as
G (R). For a joint policy r on G(R), the entropy-regularised value
function of agent i is
Dy (R,-<st, ar) + - H (mi(- | st») s0=5],
= b

where the expectation is over game transitions and the joint policy,
B is the entropy coefficient, H () = — 3, 7(a) log 7(a) the entropy
of 7. The corresponding Q-function is

Q7 (s,a) = Ri(s, a;) + )/Z T(s" | s,a)V(s").

V7 (s) = Eg

We further denote Qf(s a) = ¥, , w-i(a—; | s)QF(s,a) the ex-
pected Q-value over the other agents’ policies.

Agents and groups. An agent i is an individual decision-maker
with its own reward function R;, and an entropy parameter f;
controlling its stochasticity. For simplicity, we assume all agents
share the same entropy parameter §; = . A group g is a subset of
agents of fixed size n, i.e. g C {1, ..., m}, where m is the number of
available agents. When a group g plays a game, we define its joint
policy g = (71g,i)icg and joint reward Rg = (Rg,i)icg, Where the
group subscript on 7g ; and R ; indicates both policies adopted and
effective rewards are group dependent.

Optimality. In single-agent settings, a policy is commonly de-
fined optimal if it maximises expected cumulative rewards. In multi-
agent games, however, this notion becomes insufficient, since each
agent’s objective depends on the strategies of others. A more mean-
ingful solution concept is the Quantal Response Equilibrium (QRE),
an entropy-regularised equivalent of the Nash Equilibrium. For-
mally, agents play a QRE s* if no agent can unilaterally improve
their regularised value by deviating, assuming the other agents’
policies remain fixed. That is, for every state s:

), )
Suboptimality can manifest in two ways: (1) as the distance from a
ORE, reflecting that some agents could improve their regularised
value by adjusting their policies, and (2) through higher stochastic-
ity [10, 25]. QRE policies are optimal under entropy-regularisation,
while in the limit § — oo, they approach standard Nash equilibrium,
corresponding to ‘raw’ optimality.

V7 (s) 2V, V€ IL

4 PROBLEM FORMULATION

We study a group g of n agents interacting in a Markov game G.
We are given a set of demonstrations

k k k _k
Dg ={tk}r> 7% = (5p,25,57,a7,...),

where each trajectory 7 is generated by the agents following the

joint policy 7g. Each agent i € g is assumed to act near-optimally
with respect to their unknown, individual reward function R;.
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Figure 1: The altruism scale model. We highlight three key
values of 1. —1 : agent values its own welfare as much as it
harms others. 0 : agent ignores others’ welfare. 1 : agent

values its own and others’ welfare equally.

4.1 Altruism-Structured Rewards

To capture the social nature of agent interactions, we assume that
each agent’s reward depends not only on its own intrinsic prefer-
ences but also on the outcomes experienced by other agents [44].

ASSUMPTION 4.1 (ALTRUISM-STRUCTURED REWARDS). Each agent
i has an intrinsic reward function r; : S X A" — [r'min, Fmax], and
an altruism level A; € [Anin, Amax]. The effective reward of agent i
when acting within group g is

i
Rgi(s,a) = ri(s,ai) + n—_llzrk(s, ag).
keg
ki

This simple yet expressive formulation captures the trade-off
between self-interest and concern for others. Positive values of A;
correspond to altruistic behaviour, A; = 0 to purely selfish agents,
and negative values reflect adversarial tendencies. Figure 1 illus-
trates the continuum of behaviours induced by different levels of
altruism. The model makes the following simplifying assumptions:

(1) Agents have access to each other’s intrinsic rewards, which is
reasonable whenever familiar individuals interact. This assump-
tion is important, because otherwise agent behaviour would
change as they learned more about each other.

(2) An agent’s altruism level is independent of who it interacts

with. This allows us to capture social tendencies. For example,

individuals can be globally pro-social. While this assumption
can be relaxed, it allows us to keep the setting simple.

Each agent’s intrinsic reward only depends on that agent’s ac-

tion and the state. This is not a restrictive assumption. While

rewards could depend on joint actions, this would not result in a

richer setting, as any interacting terms can be modelled as part

of the joint state.

®)

While in general, altruism-structured rewards induce general-
sum games, we observe that in the specific cases where altruism
levels are either all equal to —1 or n — 1, we obtain zero-sum and
fully cooperative game dynamics, respectively. Denoting z and ¢
groups of antisocial and cooperative agents respectively, we have :

ZRz,i(s, a)=0, and Rgi(s,a) =---=Rn(s a).
i€z

This insight indicates that altruism generalises from structured
games to a wide variety of general sum games. This implies that
our results cover a wide range of type of games.
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4.2 Objective

Our goal is to interpret observed social behaviour. We therefore
wish to recover each agent’s ground-truth reward function R;
from the demonstrations Z)g, under the assumption that these
rewards are altruism-structured. Formally, we aim to disentangle
each agent’s reward into its intrinsic component and altruism level
R; = (ri, Ai). By recovering these components, we obtain a concise
and interpretable description of each agent’s preferences and social
tendencies, which generalises across different interaction contexts.

5 IDENTIFYING ALTRUISM AND INTRINSIC
REWARDS

Before diving into reward inference, we must ask: when agents
are altruistic, can we disentangle intrinsic rewards from social
incentives? Altruism entangles agents’ motivations, possibly com-
plicating inference. We show that even when altruism levels are
known, reward ambiguity persists unless agents are observed in
multiple interaction groups. Interestingly, hiding altruism adds no
further ambiguity under the same conditions. Proofs are given in
Appendix A.

5.1 ORE Policies

To reason formally about reward identifiability, we first examine the
structure of QRE policies under entropy-regularised reinforcement
learning. As noted in Section 3, entropy-regularisation admits QREs
as equilibria, which, unlike general-sum Nash equilibria, are unique
for a given reward function [26]. This uniqueness simplifies the
problem of tracking feasible rewards, as it removes ambiguity over
which equilibrium is observed [16]. Formally, QRE policies have
the following characterisation:

7} (s, a) o< exp (BQ} (s, a)) . 2)
Note that the setting introduces entropy parameter f into the in-
ference process. For the purpose of the analysis presented in this
section, we will assume f is known. We later show in Section 6 that
this poses no fundamental obstacle: we can infer over the entropy
parameter using a suitable prior. Later, we will remove the QRE
assumption completely.

5.2 Known Altruism

We first consider the case where altruism levels are known.

PROPOSITION 1. Assume we observe a QRE t* for the game G (R),
and that we know the altruism levels of agents. Then, intrinsic rewards
are identifiable up to potential shaping transformations 7;(s,a) =
ri(s,a) + dri(s,a), with¢ : S — R and

Sri(s.ai) =y 3\ Tar (') = B(s).

Even with known altruism, intrinsic rewards remain difficult
to identify, mirroring the same ambiguities encountered in single-
agent IRL [33]. To reduce the remaining ambiguity, one approach
in single-agent IRL is to observe multiple environments [8]. In
our multi-agent setting, we recycle the idea by constructing differ-
ent transition dynamics through agent groups. For example, in a
2-player game with 3 agents, we can observe up to three distinct
equilibria instead of just one. These multiple equilibria can then
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be exploited for identification: if a candidate reward explains one
group’s behaviour but not another’s, it can be ruled out. This idea,
observing agents across diverse groups to constrain feasible re-
wards, is novel in MAIRL. Specifically, by observing an agent in
two groups that induce sufficiently different transition dynamics,
we can reduce its reward ambiguity up to state specific shifts.

COROLLARY 1. Letg andg’ be two distinct groups containing agent
i, and assume we observe QREs n; and ”;’ with known altruism.
Then, the intrinsic rewards of agent i, can be recovered up to some
non-trivial state-dependent shifts 7; (s, a) = ri(s,a) + ori(s), if and
only if the rank condition

Ty i ”;/—i
I- Y7;1 I- )’7;1

rank =2|8| -1

.JT*,_.
I-7 8

all

I- yTﬂg_i

alAl

holds. If A; = 0, the intrinsic rewards can be identified up to a constant.

Intuitively, the condition in Corollary 1 requires the two groups
to generate sufficiently distinct dynamics, that is, agents must be-
have meaningfully differently across the two groups. Even with
two induced dynamics, some ambiguity may persist when an agent
is not purely egoistic (A; # 0), because its consideration for others’
intrinsic rewards introduces additional degrees of freedom. Intu-
itively, the intrinsic rewards of other agents must also be pinned
down to fully resolve the ambiguity.

COROLLARY 2. Under the conditions of Corollary 1, if each agent
is observed in two groups and the rank condition of Corollary 1 holds
for every pair, the intrinsic rewards can be recovered up to a constant.

Importantly, forming multiple groups to meet Corollary 2’s re-
quirement is surprisingly not expensive. By introducing one extra
agent on top of the original agents, we can form three groups (e.g.,
{1,...,n}, {2,...,n+ 1}, and {1,3,4,...,n + 1}) such that every
agent is observed at least twice. If, for each i agent, the rank condi-
tion of Corollary 1 is verified (using two groups in which i appears),
then Corollary 2 holds for all n + 1 agents. With this, intrinsic re-
wards can be reliably recovered, allowing us to proceed to our main
theoretical result on disentangling latent altruism.

5.3 Latent Altruism

We now tackle the case where altruism is latent. Intuition suggests
that unknown altruism makes inference much harder, but remark-
ably, simply observing agents across sufficiently diverse groups is
enough to fully disentangle altruism from intrinsic rewards.

THEOREM 1. Let us have a set of n+1 agents, and assume we observe
enough QREs such that we observed each agent act in two separate
groups (gi, g;). Then, if and only if the rank condition from Corollary 1
is verified on every pair (g, g;), the altruism levels can be perfectly
disentangled from intrinsic rewards for all agents. Specifically, the
altruism levels can be exactly identified, and the intrinsic rewards can
be recovered up to a constant.

Intuition. To see why Theorem 1 holds, consider perturbing
agent i’s altruism: A; = A; + §4;. In principle, this change could
be compensated by adjusting i’s intrinsic rewards, the intrinsic
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rewards of other agents, or the value function. However, the rank
condition ensures that the value function can only absorb constant
shifts across states, while the effect of 6A; depends on the other
agents’ rewards in a state-dependent way, so it cannot be canceled
by the value function.

Next, observing agent i in multiple groups with different compo-
sitions rules out compensating via the intrinsic rewards of others:
the perturbation interacts differently in each group. Likewise, agent
i’s intrinsic reward cannot simultaneously offset dA; across groups.
Together, these constraints uniquely pin down A;, allowing us to
disentangle altruism from intrinsic rewards before recovering the
latter with Corollary 2.

While richer characterisations of transition dynamics exist [45],
verifying the rank condition in practice is challenging, especially
with sub-optimal demonstrations or unknown f, and we cannot
freely choose agents to satisfy it. As multiple groups generally
reduce ambiguity, we suggest adopting a more practical approach
using Bayesian inference on groups of the agents available.

6 TWO BAYESIAN METHODS FOR INFERRING
ALTRUISM AND INTRINSIC REWARDS.

We now turn to the practical question of how to infer intrinsic
rewards and altruism from observed behaviour. Crucially, we in-
troduce methods that can ingest demonstrations collected from
multiple groups, leveraging results from Section 5.

We adopt a Bayesian framework, which offers a principled way
to represent uncertainty over rewards [38]. Given a prior P(-) over
reward functions, Bayesian MAIRL/IRL seeks the posterior P(- | D)
conditioned on demonstrations . We perform posterior sam-
pling using Stochastic Gradient Langevin Dynamics (SGLD) [48],
a gradient-informed sampler well-suited for efficiently exploring
complex posteriors.> We propose two complementary Bayesian
approaches: (1) extending standard Bayesian IRL [6, 7, 23] to the
multi-agent setting with altruistic rewards, by evaluating the likeli-
hood of observed demonstrations under QRE policies. (2) Our main
contribution, which (similarly to [14]) first infers a posterior over
policies given demonstrations, and then calculates reward posterior
by marginalising over the inferred policies.

In the following, we consider demonstrations from multiple
groups. We denote X = (g Dy the full demonstration set, and R =
(R, = ((ri, &), the unknown reward vector where m is the
total number of agents observed. Altruism is assumed independent
of intrinsic rewards, and demonstrations are independent across
groups. Figure 2 illustrates the overall inference process.

6.1 Direct Reward Posterior (DRP)

One way to write the reward posterior over rewards is to directly
model the likelihood of the demonstrations under those rewards, i.e.,
P(X | R) = [1zex P(r | R). Since demonstrations are independent
across groups, we can rearrange the product accordingly:

P(X|R):l_[ ﬂ P(7 | R).

8 1€D;

2 Additional details on this choice and a description of the algorithmic implementation
are provided in Appendix B.
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Figure 2: Graphical model of policy and altruism-structured
rewards across groups. Latent nodes are white. Priors P(r)
and P(1) generate agent rewards r; and altruism A;, which de-
termine group rewards Ry and policies 7y, producing demon-
strations Dg. Priors P(z) and P(f) also participate in gener-
ating rewards and policies. Coloured edges indicate how and
which prior is used (red is for DRP, blue for PORP).

This formulation is conceptually similar to that of Buening et al.
[6], though their focus is on multiple environments, whereas we
consider different agent groups. Somehow, we need to specify the
likelihood P(z | R), modelling how agents generate trajectories
based on rewards. We propose to model demonstrated policies as
QRE. In single-agent settings, it reduces to the standard Boltzmann
form used in IRL. We therefore assume all agents adopt QRE policies,
and denote by 7y (-; §) the QRE policy under joint reward R with
entropy parameter/optimality f. Given a prior belief P(f) over f,
we can marginalise it out, and obtain the trajectory likelihood:

PR = [] /ﬁ wy(a | 5 P)AP(P)

(s,a)er ¥ Pmin

with fin > 0. Substituting this expression back into the demon-
stration likelihood, Bayes’rule yields the full DRP:

PRIX)<PR[][] T] / ) 7R, (@l s f)AB(B). (3)

8 €Dy (sa)er Bumin

where the prior over rewards can be expressed as a product of
priors over altruism and intrinsic rewards P(R) = [} P(r;)P(4;).
We next propose a novel reward posterior that bypasses the need
to model policies as QREs.

6.2 Policy-Oriented Reward Posterior (PORP)

DRP evaluates trajectory likelihoods assuming agents adopt QRE
policies. It is both a strong assumption, and intractable as computing
QREs grows expensive. In contrast, in this section we place a prior
over policies, and infer a posterior over policies from the demon-
strations. This allows us to simply use a prior on the suboptimality
of the policies demonstrated, rather than assume a behavioural
model such as QRE. Within any group, we can express the posterior
over rewards by marginalising over joint policies:

PRID) = [ BRI mdE(r | D) @

assuming that rewards are conditionally independent of demon-
strations given policies P(R | n, D) = P(R | ). This requires
us to specify how likely a reward is, given a policy. Intuitively, a
reward is more plausible if the policy is near-optimal under it. We
formalise this via a gap function Ag g : Il — R*, which measures
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the suboptimality of policy s under joint reward R for a specific
entropy parameter . The likelihood of R given sr and f is then:

PR | 7. f) = 5 P(R) e ©)
T,

where Z,; g is a partition function, and where c controls how strictly
we believe agents are near-optimal. Plugging this into (4) and
marginalising over 5, we obtain:

P(R| D) = /H = / " B®) e R(p) (| D),

Essentially, this posterior says a reward is more plausible if the
observed demonstrations could have come from policies that are
nearly optimal under it, averaged over all plausible policies and
levels of stochasticity across groups. A practical difficulty here is
that Z,; varies with each policy, and thus cannot be pulled out-
side of the integral over policies. However, we show that using an
appropriate gap function, we get Z; = Z across policies, partly
because the posterior over policies P(s | D) tends to be sharply
peaked, especially when enough demonstration data is available.?
This makes the following approximation reasonable:

P10 L. /ﬁ " By 0 (e | 2
©

This posterior is easy to compute, as we show in the next paragraph.
Thereafter, we only need to choose an appropriate gap function,
which we address in the rest of this section.

Two-step posterior sampling. We now outline a practical proce-
dure to sample from the PORP (6). This proceeds in two steps:

(1) Given that the likelihood of a trajectory under a policy is simply
the probability of the policy generating it, we have: P(x | 7) o
P(s) [1(s,a)er 7(a | 5). Factoring over a group’s dataset:

P(x | D) ]_[ P(r) ]_[ n(als).

reD (s,a)er

™

In the first step, we draw N samples ftgjl, ..
posterior for each group g.
(2) We obtain the reward posterior (6) via Monte Carlo integration:

., irg,N from this

N oo A
PRINS[]Y [ pRy e Bear(p). (9
g k=1 Pmin

We are then left with sampling from that approximate posterior
to generate reward candidates.

This two-step approach enables efficient approximation of the pos-
terior over rewards: first by inferring plausible policies from data,
and then by weighting rewards according to how well these policies
align with optimal behaviour under each reward hypothesis.

Gap functions. Gap functions are constructed such that a value of
zero indicates an equilibrium, while larger values reflect deviations
from optimality. The Nash Imitation Gap [39], recently standardised
in the MAIRL setting [16], satisfies this property. It measures the
maximum incentive any agent has to unilaterally deviate from the
current policy. A gap of zero implies that no agent can benefit from

3Both a theoretical and empirical study on the near constant nature of Z,, is provided
in Appendix C.
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deviating, thus identifying a Nash equilibrium. We extend this to
the entropy-regularised setting.

DEFINITION 1 (QRE IMrTaTION GAP (QIG)). The QIG is given by:
IG i —i
PR ACREIORS IO RINC)
seS

Q —
() = o

where the values are computed on R and f.

Compared to DRP, the QIG requires computing best responses
instead of full equilibria. However, as the number of players grows,
even the QIG can become computationally prohibitive. To address
this, we introduce the Policy Stability Gap (PSG), which exploits
the known structure of optimal entropy-regularised policies.

DEFINITION 2 (PoricY STABILITY GAP (PSG)). Let Dky be the
Kullback-Leibler (KL) divergence. Furthermore, let the ‘soft response’
of the i-th agent to the joint policy 7 _;, under rewards R and regu-
larisation parameter j3, be:

exp (607 (s.0))

S Bexp (POF(s.a))
where the Q-values are computed on R and . We define the PSG as:

ARG = max 3 Dia(miC 19 [ L) o
relnl fes

op '(al|s;p) =

The PSG measures how far a joint policy deviates from its soft
response. A QRE policy inherently has a PSG of 0 by definition
(Eq.(2)). Crucially, PSG is computationally efficient, requiring only
the evaluation of Q for the current joint policy.

It is unclear whether these gap functions truly capture human
irrationality. Nonetheless, they naturally capture suboptimality:
small gaps indicate that agents act largely rationally but occasion-
ally make mistakes. By measuring deviations from best (QIG) or
soft (PSG) responses, we can infer rewards from demonstrations
without assuming perfect QRE behaviour.

6.3 Priors

To enable proper and stable Bayesian inference, we need to specify
the priors. We place independent Gaussian priors on intrinsic re-
wards and policies. The reward prior is centered at zero, reflecting
the assumption that states with little information carry no inherent
reward, an assumption that is generally safer than positing there are
incentives in unreachable states. Similarly, the policy prior is cen-
tered around uniform action probabilities, capturing the idea that,
in the absence of evidence, agents behave without clear preference.
For altruism, we use a uniform prior to enable exploration across
the entire altruism spectrum, though more informative choices
(e.g., a Gaussian centered around egoism) could be employed when
empirical data are available. Finally, we assign an exponential prior
to the entropy parameter 5, assuming demonstrations are mostly
low-entropy, reflecting confident yet occasionally inconsistent be-
haviour. Further details are provided in Appendix D.

7 EXPERIMENTS

Our experiments aim to answer two key questions: (1) Can we
disentangle altruism from intrinsic rewards by observing agents in
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different groups? (2) Can we synthesise behaviours corresponding
to any level of altruism by doing so ?

To address the first question, Section 7.1 studies challenging ran-
domised MGs, providing a robust benchmark and enabling ablation
studies on using groups of agents for demonstrations. To answer the
second question, Section 7.2 considers a scenario where conflicting
kitchen employees must work together, testing whether we can gen-
erate altruistic behaviours from inherently anti-social agents. We
compare our approach against state-of-the-art maximum entropy
and inverse Q-learning methods, MAAIRL [46] and MAMOQL [20],
which we adapt to use an altruism-structured reward model. These
baselines, however, are not extended to multiple-group inference.
To ensure a fair comparison, all methods are provided with the
same total number of demonstrations. For methods using multiple
groups, the demonstration budget is evenly split across all available
groups (algorithms do not choose which group they use). Trajec-
tories have a fixed length of 1000 timesteps, and all metrics are
computed with respect to the first group, which is shared across
methods. Demonstrations are generated from QRE policies using
a hidden entropy parameter . For MAMQL and MAAIRL, which
do not explicitly account for the uncertainty in f, we provide the
true value. For all of our experiments, we set Amax = —Amin = 5,
rmax = 1 and ryjn = 0. All errors are reported as mean squared
errors and standard errors, rescaled such that 1 corresponds to the
expected error of random guessing. Note that our experiments do
not attempt to address MAIRL scalability in general. Instead, we
focus on the largest environments that can be handled without
approximations such as neural networks, leaving broader scalabil-
ity questions to future work. Additional results and experimental
details, including priors, are provided in Appendices C and D.

7.1 Disentangling Altruism from Intrinsic
Rewards
In this experiment, we validate DRP and PORP on randomised MGs.

Experimental setup. We consider two sets of randomised MGs:

(1) A 3-player, 512-state, 5-action set, which serves as our main
benchmark domain. Here, we provide 4 agents, allowing meth-
ods to infer from 4 different combinations of agents. We provide
algorithms with a budget of 200 trajectories.

(2) A 4-player, 16-state, 5-action set, with 6 agents, to study the
benefits of using a subset or all possible groups. We also evaluate
methods on an increasingly large budget for demonstrations.

Transition functions are sampled from a Dirichlet distribution. Each

agent’s altruism parameter is sampled uniformly, while intrinsic

rewards are defined by randomly selecting a subset of state-action
pairs with reward 1, with all other pairs set to 0. Those are naturally
hidden from algorithms. Metrics are averaged over 10 seeds.

Results. Table 1 and Figure 3 both demonstrate that PORP-PSG is
the most reliable method for disentangling altruism from intrinsic
rewards, consistently achieving much lower errors than all other
approaches. Figure 3 further shows that inferring altruism and
intrinsic rewards is extremely difficult without multiple groups.
Introducing as few as 5 groups substantially reduces ambiguity.
When increasing the number of groups, there appears to be a trade-
off between the information gained from additional groups and
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Table 1: Altruism and intrinsic reward recovery errors on
Random MGs. Lower is better.

Method Altruism Error Intrinsic Rewards Error (x10%)
PORP-PSG 0.024 + 0.003 0.065 + 0.004
PORP-QIG 0.392 + 0.156 0.338 + 0.081
_DRP 00400007 0.091+£0.005
MAMQL 0.855 + 0.156 1.526 + 0.041
MAAIRL 3.313 £ 0.435 1.555 £+ 0.042
Ablations (without groups)
PORP-PSG 0.352 + 0.133 0.474 + 0.134
PORP-QIG 1.431 £ 0.118 1.003 + 0.062
DRP 0.059 + 0.008 0.120 + 0.007
5 107" 4
5 5
fiv} <4
IS S 1024
= %‘ 1079 4
10-1
Trajectory Budget Trajectory Budget
—— PORP-PSG PORP-QIG = DRP
@ 1 group =X= 5groups —M= 10 groups —¥— 15 groups

Figure 3: Sample efficiency of the proposed Bayesian infer-
ence methods on 4-player randomised games, using different
numbers of groups. Error bars are provided in Appendix C.

the information lost due to fewer demonstrations per group. DRP
performs surprisingly well in 3-player games using a single group
(Table 1) but exhibits limited robustness in 4-player environments
(Figure 3). Its performance declines as trajectory budget increases,
likely because fitting QREs becomes harder with larger datasets.
Finally, using the QIG gap function improve over basic baselines
but remain far behind PSG. Overall, PORP with PSG emerges as
the most promising method. It bears low computational cost and
has the highest sample efficiency with groups, which is particularly
valuable when demonstrations are costly. Additional results on
randomised MGs are provided in Appendix C.

7.2 Achieving Generalised Altruism Imitation
in a Collaborative Cooking Task

We consider a simplified kitchen scenario inspired by Overcooked [9],
with three chefs, of which only two work per shift. Interpersonal
tensions cause some chefs to act unreasonably, reducing produc-
tivity. Our goal is to improve welfare by identifying each chef’s
intrinsic rewards and introducing an Al partner that can exhibit
any desired level of altruism toward its teammate.

Experimental setup. We design a compact but challenging kitchen
(Figure 4b) with 3420 states and 5 actions (4 for moving, and 1 for
interacting). Agents can cooperate (e.g., passing ingredients) or
act adversarially (e.g., blocking the cooking pot). Each chef have
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Chef (1): Likes to Deliver
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0.95

0.90

Value (Chef)
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Chef (2): Likes to Cook and Deliver

Altruism in demos /
pit 7

0.85

0.80

Imitation Error

T T
—2 0 2 4 6 8

Altruism (Al partner)

—— PORP-PSG — == PORP-PSG (200 Trajectories) PORP-PSG (w/o groups)

(a) Imitation error of synthesised policies for various altruism levels and the value of their partner.

MAMQL == BC === Oracle

T
-2 0 2 4 6 8

Altruism (Al partner)

Altruism Seen in Demonstrations

(b) Kitchen layout.

Figure 4: Synthesis of policies from anti-social demonstrations in Overcooked, ranging from adversarial to altruistic.

their own intrinsic rewards: chef (1) receives +1 for delivering, chef
(2) for both cooking and delivering, and chef (3) for cooking. To
assess how well the inferred rewards generalise to novel altruism
levels, chefs latent altruism parameters are exclusively sampled uni-
formly from [—0.25, 0] (slightly antisocial profiles). Each algorithm
receives 1000 trajectories, allocated either to a single group (1,2)
or across all three groups (1,2), (2,3), and (1,3), from which intrin-
sic rewards 7; are inferred. We reconstruct joint reward functions
by plugging an altruism level A1 of our choice. We then replace
either chef 1 or 2 in the (1,2) group with an Al partner optimising
}?(1,2)’1(3, a) = 71(s,a1) + Aar72(s, az) or }?(1,2)!2 analogously, and
let the remaining chef optimise their own true intrinsic reward
egoistically. We measure the imitation quality through the chef’s
policy value when partnered with the Al, compared to an oracle
agent using ground-truth rewards, and the policy imitation error,
measured as the mean KL divergence from the oracle policy. The
protocol is conducted with values of A4; interpolated between —8
and 8, to assess the imitation capabilities of methods across the
whole altruism spectrum. Due to the prohibitive computation re-
quirements of DRP and QIG, we do not include them in this study.
Instead, we include a Behaviour Cloning (BC) baseline, which repli-
cates demonstration policies while allowing the partner to best
respond. Experiments are repeated across five random seeds.

Results. Table 2 shows that PORP-PSG can reliably imitate any
desired level of altruism, although it learned exclusively from anti-
social demonstrations. Remarkably, as illustrated in Figure 4a, the
method hugs the oracle’s curve, indicating near perfect imitation
on the whole altruism continuum. By contrast, MAMOQL exhibits a
striking misalignment: as the AT’s intended altruism increases, the
partner’s utility does not improve, and in some cases even declines.
This reveals a critical pitfall of incomplete reward disentanglement,
where models tuned to ‘be kind’ may in fact behave adversarially.
Even under reduced data, PORP-PSG consistently produces agents
whose altruism reliably translates into higher welfare for chefs,
demonstrating both robustness and genuine social alignment.
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Table 2: Reward and policy recovery errors on Overcooked.
The chef value error measures the difference in the chef’s
policy value when paired with the AI versus the oracle, aver-
aged over the full altruism spectrum. Lower is better.

Method Altruism Intrinsic Policy Chef

Err. Rewards Err. Imitation Err. Value Err.
PORP-PSG  0.008 + 0.001 0.016 + 0.001 0.082 + 0.007 0.025 =+ 0.005
PSG @wio groups) 0.076 + 0.004 0.225 + 0.014  0.340 £ 0.018  0.330 + 0.050
'MAMQL ~ 0.080 +0.002 0.330 + 0.005 0.254 + 0.011  0.450 + 0.050
BC - - 0.188 £ 0.013  0.548 + 0.055

8 CONCLUSION

We have demonstrated that observing agents across multiple groups
is crucial for disentangling altruism from intrinsic rewards in MAIRL.
Importantly, such multi-group demonstrations often arise naturally,
incurring little extra cost. We propose a practical Bayesian method
for constructing a posterior over policies from these demonstrations,
we can infer accurate, disentangled rewards without restrictive as-
sumptions on agent rationality. This enables generalised altruism
imitation, yielding socially aligned AI agents that are both more
interpretable and trustworthy. Our results pave the way for Al
systems that can reliably understand and replicate social behaviours,
providing a principled foundation for aligned, cooperative multi-
agent interactions.

While our current model assumes context-independent altruism
and perfect knowledge of others’ preferences, these simplifications
point to exciting future directions. Extensions include learning from
learning agents, modelling altruism as a function of state and action
histories, actively selecting informative groups, scaling to larger
environments without dynamics model access [10], and leveraging
human proxies such as LLMs to model decision-making.
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