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ABSTRACT

Cooperative multi-agent reinforcement learning (MARL) has achieved
strong performance, but it remains limited in explaining how agents’
decisions contribute to outcomes. This limitation is especially acute
under delayed, episodic rewards, where credit must be assigned
across both time and agents. We propose CAusally-inspired Spatial-
Temporal return decomposition (CAST) for episodic cooperative
MARL. CAST provides an interpretable decomposition while relax-
ing common assumptions on multi-agent reward structure. Tempo-
rally, the episodic return is expressed as a sum of per-timestep team
rewards. Spatially, team rewards are modeled as general nonlinear
mixtures of individual rewards rather than simple additive forms,
enabling more flexible and accurate credit assignment. We show
that team rewards, individual rewards, and the underlying causal
relations are identifiable under our framework, yielding structural
constraints that improve interpretability. Experiments on MPE and
variants demonstrate state-of-the-art performance and qualitative
visualizations that reveal meaningful causal structure.
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1 INTRODUCTION

Cooperative multi-agent reinforcement learning (MARL) enables
agents to learn coordinated policies toward a shared team objec-
tive [10, 20, 22, 23], with successes in games [13, 17, 19] and ro-
botics [8, 15]. A central difficulty is credit assignment: each agent
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affects others through coupled dynamics, yet learning is driven by
a single team reward [3, 6, 11, 16, 18]. This becomes particularly
challenging when rewards are sparse and delayed until the end of
an episode. Recent spatial-temporal approaches redistribute credit
across agents and time to mitigate this issue [2, 14].

Despite progress, many methods provide limited interpretabil-
ity about why particular credits are assigned. While some works
leverage structural information for learning [4, 7], most spatial-
temporal decompositions rely on a strict additive assumption that
the team reward equals the sum of individual rewards [2, 14]. This
assumption can yield identifiability, but it may be overly restrictive:
in many tasks, team outcomes arise from unknown nonlinear in-
teractions among agents. For example, in a team game, a medic’s
support can be essential for attackers’ success, yet its contribution
is not naturally captured by a simple linear decomposition.

We propose CAusality-inspired Spatial-Temporal return de-
composition (CAST) to provide interpretable credit assignment
under sparse episodic rewards. CAST decomposes return tempo-
rally by attributing long-term outcomes to per-timestep team re-
wards [1, 12, 21], and decomposes team rewards spatially by model-
ing them as the causal effect of agents’ (latent) individual contribu-
tions. Unlike prior work [2], CAST relaxes the additive assumption
and models the team reward as a nonlinear invertible mixture of
individual rewards, inspired by iVAE [5]. By mapping individual
rewards to transformed rewards that sum to the team reward, CAST
preserves identifiability of both the causal structure and the un-
observed individual reward functions, enabling explicit structural
constraints for interpretability.

Our contributions are: (1) a nonlinear invertible mixture frame-
work for spatial-temporal credit assignment with identifiability
guarantees; (2) explicit estimation of causal relationships underly-
ing individual reward generation for interpretability; (3) an iVAE-
based individual reward predictor under the proposed mixture
model; and (4) state-of-the-art results on MPE and variants, with
visualizations that reveal meaningful causal structure.

2 CAST: CAUSALITY-INSPIRED
SPATIAL-TEMPORAL RETURN
DECOMPOSITION

We focus on enhancing policy learning through explicit credit as-
signments in cooperative games with sparse and delayed team
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rewards, especially episodic ones. We begin by describing the gen-
erative process in cooperative games, which lays the foundation
for our proposed approach. Generative Model. CAST exploits a
Dynamic Bayesian Network (DBN) [9], G, over a finite number of
random variables,
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where |s| and |a”| are the dimension of s; and a}, N is the number
of agents, and G characterizes the underlying generative process
in MARL as follows,
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where © is the element-wise product. Note that such causal mod-

eling relaxes the previous strict linear assumption [2], which can

be regarded as a special case of our model when g is an identity

function. In our experimental environments, where the state is not

available during training, we use the agents’ observations o, as a

proxy for the environmental state s; and agents’ index n.
Notations. For simplicity, we define,
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We denote by r}' the individual reward at time step ¢ of agent n. In
the rest of the paper, we call 7} as transformed individual rewards. Q
is the trajectory-wise long-term return. T is the maximum episode
length of the environment. €, ,; is the i.i.d. noise.

Causal structure and interpretability. C",Vn € [1,--- ,N] is
a binary mask to capture the causal structure between the elements
of joint state and individual rewards of agents, with C" € {0, 1}!%.
C" controls if a specific dimension of the state s, impacts the indi-
vidual reward r}’ at timestep ¢. Let C}! be the k-th element in the
vector C". If there is an edge from the k-th dimension of s; to the
agent n’s individual reward r}' in G, then C,’(‘ 1. Given G, we can
naturally explain how the individual rewards are generated, i.e., the
explicit contribution of each dimension of the joint state towards
individual rewards.

Functions in Eq. 1. f is the unknown individual reward func-
tion, whose output r} is expected to accurately describe the contri-
bution of agent n, and serves as the reward signals for independent
policy learning. g is an invertible function to generate the trans-
formed individual rewards 7, from individual rewards r;, ie., F; is
a nonlinear or linear invertible mixture of r;. We assume that the
sum of transformed individual rewards 3, 7 equals Q, where
we follow previous work to ignore the discount factor y [12].

Beyond Linear Summation: A Relaxed Invertibility Condi-
tion. We want to highlight the complexity of team reward genera-
tion in a multi-agent system, which can range from simple linear
sums to complex nonlinear functions. This contrasts with previous
work, such as STAS [2], which assumes that the team reward equals
the sum of individual rewards. Such a restrictive assumption limits
the reasonable and precise credit assignment in the complex MARL
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system. In contrast, our proposed framework allows the team re-
ward to be a general mixture of individual rewards r}}, with the
linear assumption being a special case when r; = 7.

Below we provide 1) the identifiability results of the unknown
functions and structures in Eq. 1, which support the estimation of
the causal structure from the data, enabling the interpretability of
our method; 2) the equivalence of using the decomposed rewards
for policy learning in our proposed framework.

Proposition 2.1 (Identifiability for Spatial-Temporal Credit As-
signment). Consider the data generating process in Eq. 1. Suppose
the joint state s;, the action a} for each agent n and the long-term
return (can be calculated by the discounted sum of delayed rewards)
are observable, while the individual r} for each agent n and team
reward R; are unobserved.

Under the Markov condition and faithfulness assumption , if the
function g for generating the transformed individual rewards is invert-
ible, then the causal mask C" is identifiable and we can identify the
individual rewards rj to their monolithic invertible transformations,

e.g. log (r}).

Remark. The proposition 2.1 shows that we can identify causal
structures and individual rewards (up to their invertible nonlinear
transformation) from the observed data, as long as the mixture
function g is invertible.

Proor SKETCH. The proof begins by establishing the identifi-
ability of the transformed individual rewards, represented by 7",
indicating the possibility of recovering it from the data. The second
part of the proof highlights the relationship between our method
and nonlinear Independent Component Analysis (ICA), along with
confirming the identifiability of individual rewards, r;’. The full
proof is in Appendix. O

Violation of Identifiability Conditions. Awareness of the
consequences of violating the identifiability conditions can help
understand the theoretical strength of our work: any violation of
these conditions will result in the unidentifiable individual rewards,
which means that they cannot be uniquely recovered. Therefore,
while adopting the additive assumption in a setting where the
individual rewards are mixed in a much more complex way, the
individual rewards are not recoverable, thus limiting the applica-
bility of those methods. In contrast, our framework demonstrates
that identifiability remains achievable under weaker structural as-
sumptions, as long as the mixing function is invertible. This greatly
expands the class of environments and reward structures to which
multi-agent credit assignment methods can be applied.

Since the individual rewards are one-dimensional, i.e., they are
scalars, their monolithic invertible transformations are equivalent
to their monolithic functions. However, monolithity could be posi-
tive or negative. Therefore, we give Proposition 2.2 to show that
if the individual rewards recovered are positively correlated with
their ground truth, learning a policy with estimated individual re-
wards can induce the same optimal policy as the policy learning
under the ground truth individual rewards.

Proposition 2.2. Ifk(:) is a monotonically increasing invertible
transformation, then it is equivalent to optimizing the policy using the
ground individual rewards r}} and its k-based transformation k(r}).
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