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Abstract

Multi-Agent Reinforcement Learning (MARL) holds significant promise for cooperative
decision-making, yet its reliance on deep neural networks (DNNs) creates “black-box”
characteristics that impede trustworthy deployment in high-stakes scenarios. This lack of
transparency complicates tracing decision logic and raises concerns about safety and ac-
countability. This survey systematically reviews Explainable MARL (XMARL) for coop-
erative settings, deconstructing the decision-making chain from individual agent policies
to collective team behavior. To address the absence of a unified framework, we introduce
a novel multi-level taxonomy encompassing microscopic individual behavior, interaction
mechanisms, team strategy emergence, and system-level performance. We organize core
explanatory questions and technical approaches within this structure, summarize the prin-
ciples and limitations of representative methods, and critically discuss key challenges such
as evaluation standards, causal reasoning integration, and deployment adaptability. Our
goal is to provide both theoretical foundation and technical guidance for building transpar-
ent, trustworthy, and verifiably cooperative multi-agent systems (MASs).
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1 Introduction

Reinforcement Learning (RL), which optimizes decision-making policies through sequen-
tial interaction with the environment, has emerged as a core paradigm for addressing control
problems in complex dynamic systems (Li et al. 2026; Wang et al. 2023). In recent years,
thanks to the powerful representational capacity of DNNs, Deep Reinforcement Learning
(DRL) has achieved breakthrough progress in domains such as game playing (Barros e
Sa and Madeira 2025) and robotic control (Qiu et al. 2022; Mnih et al. 2015), demon-
strating its immense potential in handling high-dimensional state and action spaces. How-
ever, the inherent “black-box” nature of DRL models makes their decision logic difficult
for humans to comprehend and trust, severely limiting their reliable deployment in safety-
critical scenarios such as medical diagnosis (Thakre et al. 2025; Romdhana et al. 2022; Otto
et al. 2023). To address this challenge, the field of XRL (or XDRL) has emerged, aiming
to enhance the transparency and comprehensibility of RL agents through various meth-
ods, thereby building a bridge between model performance and decision trust (Milani et al.
2022a; Liu et al. 2023a).

Nevertheless, many critical tasks in the real world, such as coordinated traffic signal
optimization (Zhang et al. 2024b; Ren et al. 2024a, b), unmanned aerial vehicle swarm for-
mation (Kim et al. 2024a, b; Luvisutto et al. 2025), and smart grid management (Wang et al.
2021; Hu et al. 2024a; Jin et al. 2025a), are inherently problems of interaction and coop-
eration among multiple autonomous agents in a shared environment. Cooperative MARL
extends the RL paradigm to collective intelligence scenarios, training a set of agents to
learn collaborative policies that maximize team rewards, and has become the framework
of choice for solving such problems (Ning and Xie 2024; Jin et al. 2025c; Li et al. 2024a).
However, MARL not only inherits the “black-box” complexity of DRL but also introduces
intrinsic challenges such as environmental non-stationarity, partial observability, and credit
assignment (Ning and Xie 2024; Jin et al. 2025¢; Li et al. 2024a). These factors are coupled
together, rendering the decision-making process of MARL systems a multi-dimensional
“compound black-box™: its opacity stems both from the internal workings of individual
neural networks and from the dynamic, high-order interactions among agents. This com-
plexity poses significant challenges for providing meaningful transparency, making the
direct application of single-agent explanation methods (Xu et al. 2024; Xiong et al. 2024)
often inadequate for elucidating inter-agent coordination, communication semantics, and
the emergence of team-level behavior (Doménech I Vila et al. 2022). This signifies a para-
digm shift from explaining individual decision rationality to explaining group interactive
intelligence, thereby giving rise to the dedicated and emerging field of XMARL (Alahmari
2025; Kazhdan et al. 2020).

Within the broad spectrum of XMARL, explainable cooperative MARL has garnered
significant attention due to its application prospects in safety-critical collective systems
(e.g., collaborative robots, disaster rescue teams) and presents particularly severe and hier-
archical demands for transparency (Kim et al. 2024a; Jin et al. 2025c). The decision-making
process in cooperative MARL naturally exhibits a hierarchical structure: agents first make
micro-decisions based on local observations (individual level); these decisions are coordi-
nated through communication, attention, or explicit coordination mechanisms (interaction
level); the coordinated behaviors of individuals further integrate to give rise to team-level
strategies and tactics (team level); finally, the overall system’s performance, robustness,
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and adaptability constitute the top level of evaluation (system level). This cognitive chain
from micro to macro, from local to global, is key to understanding how “team intelligence”
emerges from “individual decisions”. However, current XMARL research is notably frag-
mented and unfocused: a large body of work consists either of performance-driven auxiliary
explanations for specific algorithms (Han et al. 2022b) or tailored solutions for specific
tasks (Crespi et al. 2023). The field lacks a unified analytical framework that aligns with this
intrinsic decision hierarchy, leading to dispersed research questions, inconsistent evaluation
standards, and difficulties in systematic comparison and integration of technologies.

To fill this gap, this paper proposes a novel four-dimensional taxonomy framework for
explainability in cooperative MARL, grounded in the inherent “individual — interaction —
team — system” decision hierarchy. This framework serves not as a subjective classification
but as a formalization of the intrinsic cognitive structure of collaborative agents, aiming to
provide a unified analytical lens and discourse system for the field. Under this framework,
we conduct a systematic survey, with core contributions as follows:

o Constructing a Hierarchical Explanation Framework:We introduce a structured tax-
onomy that systematically deconstructs the explainability landscape into four intercon-
nected analytical tiers: from micro-level (individual behavior and intent) and interactive
(collaboration mechanisms) to feam-level (emergent behavior) and system-level (global
performance and robustness diagnosis).

o Conducting a Forward-Looking Systematic Review: Based on this framework, we
systematically organize and critically compare key recent research, analyzing core tech-
nical pathways and clarifying their principles, boundaries, and limitations to chart the
technological landscape.

o Building a Multi-Dimensional Evaluation Perspective and Identifying Challenges:
We propose a multi-dimensional evaluation system integrating faithfulness, causality,
practicality, and efficiency, and systematically elaborate on core methodological chal-
lenges and future directions.

The remainder of this survey is structured to guide the reader through a logical progression
of topics (see the research roadmap in Fig. 1). To ensure the rigor and reproducibility of this
survey, we will first detail the literature collection and analysis methods in Sect. 2. Then,
Sect. 3 lays the necessary theoretical foundations. Sect 4, as the core, systematically reviews
XMARL techniques according to the four-level taxonomy. Sect 5 discusses the evalua-
tion system and open challenges. Finally, Sect. 6 concludes the paper and outlines future
research directions. This survey aims to provide a solid theoretical foundation and a clear
technical blueprint for building transparent, trustworthy, and collaborative MASs.

2 Methodology: a systematic approach to surveying the literature

To ensure the systematicity, transparency, and reproducibility of this survey, we adhered
to the established principles of systematic literature reviews. This section delineates our
comprehensive methodology, encompassing the literature search strategy, explicit inclu-
sion/exclusion criteria, and the structured analytical framework employed for synthesis. Our
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From Individual Decisions to Team Emergence:
A Survey on XMARL
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Fig. 1 A research roadmap for this survey

objective is to present a complete and auditable decision chain from literature identification

to knowledge synthesis.

2.1 Temporal scope and rationale

This survey is dedicated to a systematic review and critical analysis of the latest advance-

ments in XMARL for cooperative settings. The core temporal boundary for
search spans from January 2022 to October 2025. This four-year window
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chosen and justified by several converging academic and technological trends that define the
current epoch of XMARL research, rather than being arbitrary.

First, it reflects the period of consolidated academic focus and community forma-
tion. Since approximately 2022, dedicated workshops on themes such as “Trustworthy
MASs” and “Human-AI Collaboration with Explainability” have become staple fixtures
at premier Al conferences (e.g., NeurIPS, ICML, ICLR, AAMAS). This institutionaliza-
tion signifies a broad consensus within the research community that explainability is a
core bottleneck hindering the transition of cooperative MARL from theoretical research to
real-world, safety-critical deployment. Consequently, the volume and depth of dedicated
XMARL publications have seen marked growth from this period onward.

Second, it captures the critical phase of methodological specialization. The last three
to four years represent a pivotal shift where XMARL has evolved from primarily adapting
general-purpose XAl tools (e.g., post-hoc attribution methods) towards developing its own
native, specialized technical repertoire. This period has witnessed the focused emergence of
techniques explicitly designed to address the unique core challenges of multi-agent settings:
interpretable credit assignment in value decomposition, semantic parsing of emergent com-
munication protocols, causal analysis of inter-agent influence, and the validation of expla-
nation fidelity for collaborative emergent behaviors. Simultaneously, the active integration
of XMARL with adjacent fields like causal inference, symbolic reasoning, and foundation
models has become a dominant research trajectory, a trend best observed within this recent
window.

Third, it addresses a specific gap in the existing survey landscape. While high-qual-
ity surveys exist for eXplainable AI (XAI) and single-agent Explainable RL (XRL), com-
prehensive treatments that systematically cover cooperative XMARL are notably absent.
Often, MARL is addressed only peripherally in a single section of broader XRL reviews
(Cao et al. 2024). Therefore, a dedicated survey focusing on post-2021 literature is neces-
sary to fill this niche, providing readers with a panoramic and current view of the field’s
technological frontier.

Fourth, it balances topical timeliness with theoretical coherence. To offer readers
insights into the most current research dynamics, our analytical emphasis is placed on works
published from 2022 onward in top-tier venues (the aforementioned conferences and jour-
nals like /EEE Transactions on Neural Networks and Learning Systems). To maintain a
solid theoretical foundation, seminal and foundational works pre-dating 2022 are strate-
gically incorporated and discussed within the integrated background presented in Sect. 3,
ensuring a continuous and complete intellectual lineage.

2.2 Search databases and keyword strategy

To construct a robust initial literature corpus, we executed systematic searches across five
major interdisciplinary databases: Web of Science, IEEE Xplore, ACM Digital Library, Sco-
pus, and the arXiv preprint server. Our search strategy was designed to prioritize high recall,
minimizing the risk of omitting relevant studies in this interdisciplinary domain.

The core Boolean search query was constructed using the field’s most prevalent
terminology:

("multi-agent reinforcement learning" OR

"multiagent reinforcement learning" OR "MARL") AND
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("explainable" OR "interpretable" OR

"interpretability" OR "explainability")

This query was intentionally kept broad and did not include terms specifying particular
scenarios (e.g., “cooperative”) or technical approaches (e.g.,attention, causal). This design
choice prevented the premature exclusion of potentially relevant papers that might use
different nomenclature and avoided introducing excessive noise. The necessary focus on
cooperative scenarios and specific technical pathways was rigorously enforced during the
subsequent manual screening and content-coding phases (Sects. 2.3 and 2.5).

To further enhance comprehensiveness,we conducted backward and forward snowball-
ing on the reference lists and citation networks of studies that progressed to the full-text
assessment stage. Rather than serving as an independent primary retrieval channel, this pro-
cedure was used as a supplementary completeness check to verify that the database-based
search had not overlooked highly relevant studies because of terminological heterogeneity.
No additional studies satisfying all eligibility criteria were identified through snowballing.
Accordingly, the quantitative selection flow reported in Table 1 is based solely on records
retrieved from the five target databases.

2.3 Inclusion and exclusion criteria

To maintain a sharp focus on the survey’s central research question—elucidating the deci-
sion-making transparency of cooperative MARL systems—we defined and applied a strict
set of inclusion and exclusion criteria during a multi-stage screening process (title/abstract,
followed by full-text review).

Inclusion Criteria (all of the following dimensions were considered):

IC1. Research Topic: The work must explicitly investigate the explainability or interpret-
ability of a MARL model or system. Its contribution should manifest in at least one of
the following ways: (a) proposing a novel explanation method (post-hoc or intrinsic);
(b) designing a novel interpretable model architecture for MARL; (c) establishing a
new framework or metric for evaluating explanations in multi-agent contexts; or (d)
providing a profound analytical insight, critique, or survey of the field.

IC2. Scenario Focus: Primary consideration was given to studies situated in fully coopera-
tive MARL environments or mixed-motive settings where cooperative dynamics are
central. This ensures high thematic relevance to “cooperative” XMARL.

IC3. Contribution Type: We prioritized works that present clear methodological, theoreti-
cal, or empirical innovations related to explainability, rather than mere applications of
existing methods without novel insight.

IC4. Publication Venue and Preprint Quality Assurance: We included peer-reviewed
journal articles, full conference papers from major venues, and preprints (primarily
from arXiv) that meet a clearly defined threshold of scholarly credibility. Specifically,
an arXiv preprint was deemed eligible for inclusion only if it satisfied at least three of
the following objective indicators of “significant traction” and rigor:

— Formal Acceptance: The work has been explicitly noted as accepted to a peer-

reviewed conference or journal (e.g., COLM 2025, AAAI XAI4DRL Workshop),
indicating community validation.
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— Digital Object Identifier (DOI) or E-ISSN: The preprint possesses an active DOI
(e.g., 10.48550/arXiv.xxxx) or an E-ISSN, signifying formal indexing in
academic databases such as Engineering Village, Scopus, or IEEE Xplore.

— Extensive Empirical Validation: The manuscript exceeds 10 pages in length
(excluding references and appendices) and contains comprehensive experimental
sections with detailed analysis, rather than brief workshop abstracts or position
papers.

— Reproducibility Artifacts: The authors provide a publicly accessible code reposi-
tory (e.g., GitHub) or detailed supplementary materials that enable independent
verification of the claimed results.

— Institutional Affiliation: The preprint is authored by researchers with verifiable
academic or industrial affiliations, distinguishing it from anonymous or pseudony-
mous submissions lacking scholarly accountability.

This multi-criteria filter ensures that the 155 core studies comprising our analytical cor-
pus—including 21 carefully vetted arXiv preprints—represent contributions of demonstra-
ble quality and community impact, thereby safeguarding the survey’s integrity.

Exclusion Criteria (studies meeting any of the following were excluded):

EC1. Works focused exclusively on fully competitive or adversarial MARL settings with
no cooperative elements, as their objectives and challenges diverge significantly from
our focus.

EC2. Papers that utilize components with potential explanatory utility (e.g., attention
mechanisms, prototype layers) purely as tools for enhancing task performance, with-
out any accompanying analysis, visualization, or evaluation of their role in providing
decision attribution or interpretability.

EC3. Short papers, workshop abstracts, poster summaries, or any publication that does not
provide sufficient methodological detail for critical assessment and synthesis.

EC4. Literature for which the full text was inaccessible through our institutional subscrip-
tions or reasonable academic channels.

2.4 Literature selection flow and temporal trend

To ensure the reproducibility of this systematic survey, we report the complete flow of
records through the review process in accordance with the PRISMA (Preferred Reporting
Items for Systematic Reviews and Meta-Analyses) guidelines. This subsection provides a
quantitative, stage-by-stage account of the literature selection procedure, from the initial
database search to the final corpus of included studies, and supplements it with descriptive
statistics that ground our high-level claims in empirical evidence.

Snowballing was additionally performed as a supplementary validation procedure and
did not produce further eligible records; therefore, it is not represented as a separate iden-
tification branch in the selection counts.The selection process unfolded in five sequential
stages, as detailed in Table 1:
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Table 1 Quantitative summary of
the systematic literature selection
process. (Note: Snowballing was
conducted as a supplementary
completeness check and did not
contribute additional eligible
records; therefore, the counts
reported in this table reflect only
records retrieved from the five
target databases.)

Identification:

Deduplication:

Screening (Title and Abstract):

Full-Text Eligibility
Assessment:

Final Inclusion:

Stage Description Count Removed/excluded

Identification Records retrieved 1,247  —

from database
searches

Deduplication Records afterre- 891 356

moving duplicates

Screening Records retained 317 574
after title/abstract
screening

Full-text retrieval Full-text ar- 317 -
ticles sought for
retrieval

—Not retrieved  Full text unavail- — 11

able (EC4)

Eligibility Full-text ar- 306 151

assessment ticles assessed for

eligibility

Final inclusion Studies included 155 -

in systematic
synthesis

The systematic query executed across the five target
databases (Web of Science, IEEE Xplore, ACM Digital
Library, Scopus, and arXiv) returned an initial pool of
1247 records.

Duplicate entries arising from overlapping database
coverage were removed using reference management
software and verified manually. This yielded 891 unique
records.

The unique records were screened based on their titles
and abstracts against the inclusion and exclusion criteria
defined in Sect. 2.3. A total of 574 records were deemed
irrelevant and excluded. The remaining 317 records
advanced to full-text retrieval.

We sought to obtain the full text for all 317 records. Full
texts were unavailable for 11 records (EC4). Conse-
quently, 306 full-text articles were assessed in detail.

Of these, 151 articles were excluded for the following
primary reasons: (i) use of interpretable components
exclusively for performance enhancement (EC2); (ii)
insufficient methodological depth (EC3); or (iii) focus
on fully competitive settings (EC1).

A total of 155 studies satisfied all eligibility criteria

and constitute the core corpus for the qualitative and
thematic synthesis presented in Sects. 4 and 5.

This transparent quantification of the selection cascade not only enhances the method-
ological credibility of the survey but also provides readers with a clear understanding of
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the scale and rigor of the evidence synthesis process. The subsequent subsection details the
analytical framework applied to this final corpus of 155 studies.

2.4.1 Temporal trend of the final corpus

To ground the survey’s high-level observations in empirical evidence, we first examine the
temporal distribution of the included studies. Figure 2 plots the number of published papers
per year from 2022 to 2025. The corpus shows a clear upward trend: 26 (2022), 23 (2023),
37 (2024), and 69 (2025, including early online preprints). This near-tripling over three
years quantitatively confirms that XMARL has rapidly intensified as a specialized research
area.

2.5 Analysis and synthesis framework

The final set of 155 studies meeting the above criteria formed the corpus for our in-depth
analysis. We employed a structured, iterative qualitative content analysis method. The
cornerstone of this analysis was the four-dimensional taxonomy framework introduced in
Sect. 4 (Individual — Interaction — Team — System), which served as the guiding analyti-
cal lens. This process was designed to extract patterns, compare methodologies, and synthe-
size higher-order insights through the following steps:

2.5.1 Structured coding and categorization

The primary coding principle was to map each paper onto the intrinsic hierarchical decision
structure of cooperative MARL that our taxonomy formalizes. This was not an exogenous
imposition but a means to systematically chart the explanatory landscape across the com-
plete chain from individual actions to system-level emergence. The coding process pro-
ceeded in two dimensions, with specific provisions for handling the interconnected nature
of multi-agent explanations.

80
70
60
50
40
30

Number of Papers

20
10

2022 2023 2024 2025
Publication Year

Fig. 2 Distribution of the 155 included papers by publication year
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e First-Level Coding (Primary Explanatory Focus): Each paper’s core explanatory
objective was analyzed and assigned to the most appropriate of the four hierarchical
levels (Micro, Meso, Macro, or System). Handling Cross-Level Contributions. Given
the inherent interconnectedness of multi-agent systems, a number of studies necessarily
span multiple behavioral hierarchies. To ensure analytical clarity and avoid inconsistent
classification, we adhered to the following protocol:

(i) The Unexplained Modality Criterion. Classification was determined by iden-
tifying the highest level of abstraction at which the explanation is generated or
targeted. For instance, if a method visualizes attention weights to reveal inter-agent
focus, it is classified under Meso-Level (Interaction). Although this visualiza-
tion pertains to individual policies (Micro), the explanatory content intrinsically
concerns interaction dynamics. Conversely, a method using Value Decomposition
to assign individual credit is classified under Meso-Level (Collaboration Logic)
because its explanatory mechanism requires analyzing the team’s joint value func-
tion, a Meso-level construct, even though the output is a Micro-level score.

(ii) The Distinctive Multi-Agent Challenge Criterion. If a paper addresses a chal-
lenge unique to multi-agent settings (e.g., non-stationarity, emergent communica-
tion, inter-agent credit assignment), it is prioritized for Meso or Macro levels over
the Micro level. An explanation of an individual’s action as a response to teammates
(Meso) is treated as distinct from an explanation of isolated behavior (Micro).

(iii) Explicit Cross-Referencing. For papers with substantial contributions at adja-
cent levels, we anchor the paper at its primary level and utilize explicit cross-ref-
erences in the synthesis (e.g., “As noted in the discussion of Value Decomposition
(Sec. 4.3.5), this method also illuminates individual contributions...””). This main-
tains the taxonomic integrity of Sect. 4 without fragmenting the holistic view of the
work.

This protocol ensures that categorization is driven by the semantic locus of the explana-
tion rather than merely the technical component used. A detailed operationalization of these
boundary criteria, including a tabular summary aligned with the subsequent sections, is
provided in Sect. 4.1.

o Second-Level Coding (Technical Pathway): Within each level, papers were further
clustered based on methodological kinship. This resulted in identifiable technical path-
ways such as: Attention-Based Feature Attribution, Causal and Counterfactual Analysis,
Value Decomposition and Credit Assignment Interpretation, Policy/Behavior Abstrac-
tion, and Structured Communication and Relational Modeling. This two-dimensional
(Level x Pathway) coding matrix structured our knowledge base.

2.5.2 Taxonomic distribution of the corpus
Applying the above first-level coding scheme to the 155 included studies yields the taxo-
nomic distribution displayed in Fig. 3. The distribution is highly non-uniform: the Meso

level dominates with 99 papers (63.9%), followed by Micro (32, 20.6%), Macro (17,
11.0%), and System (7, 4.5%). This skewed pattern demonstrates that current XMARL
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Number of Papers
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120

100 i
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3 Distribution of the 155 included papers across the four taxonomy levels (Micro, Meso, Macro,

System)

research is heavily concentrated on explaining pairwise or group interactions, while strate-
gic and system-level explanations remain nascent. Such quantitative evidence directly sup-
ports two central claims of this survey: (i) the field has become highly specialized around a
few dominant explanatory modalities, and (ii) the proposed four-level taxonomy captures
genuine structural divisions in the literature, thereby substantiating its novelty relative to
prior, unstructured overviews.

2.5.3 Comparative analysis and critical synthesis

Following coding, we conducted detailed comparative analyses within each “Level-Path-
way” cluster. We systematically contrasted studies across several key dimensions:

Core Mechanism: The fundamental algorithm or process for generating explanations
(e.g., input perturbation sensitivity analysis, learning a causal graph, decomposing a
team value function).

Underlying Assumptions: Critical prerequisites for the method’s application (e.g., dif-
ferentiable agent policies, access to an environment simulator, availability of partial
structural or causal priors).

Explanation Output Form: The modality and presentation of the explanation (e.g., sa-
liency heatmaps over observations/actions, natural language descriptions, contribution
scores per agent, directed causal graphs).

Validation Paradigm: The experimental testbeds used (e.g., StarCraft Il Micromanage-
ment, Multi-Agent Particle Environment, autonomous driving or traffic simulators) and
the specific metrics employed for evaluation (e.g., task performance post-explanation,
human participant accuracy in understanding, computational faithfulness metrics like
infidelity or sensitivity).

@ Springer



209 Page120f123 L. Sheng et al.

This granular comparison allowed us to distill the distinctive advantages, inherent limi-
tations, and domain-specific applicability of each technical pathway, including trade-offs
related to explanation fidelity, computational overhead, generalizability, and dependency
on prior knowledge.

2.5.4 Meta-synthesis of challenges and future directions

Finally, we conducted a cross-cluster meta-synthesis of the coded literature. By identify-
ing recurrent methodological limitations, unresolved theoretical tensions, and convergent
technological trends across the coded corpus, we derived the core challenges of the field.
These higher-order themes—such as the trade-off amongexplanation faithfulness, human
interpretability, and generalizability, as well as the challenge of relating statistical regu-
larities in explanations to underlying causal mechanisms—directly inform the structured
discussion of open challenges in Sect. 5 and the outlook on future research directions in
Sect. 6.55¢)m, FATHAT Tt SCHRIIBS BELER & . BN S 2 LI 75718 R R
Py ARAF R HIBEIR K ) DAL iR B R B S, AR 1%
G ARA BRI PERAAZ O XL R RS S . AT R
S AR =J7 BT TR R R R ST AR RO, DA S —— R 5t
THER I 5 DR SR 2 (R 3 (K B R —— BB R 1 B8 5715 TR IOk il i 5 A AL v 48
DAL BB 615 ARSRAIT 7T 77 1) ) JR B2

This transparent, multi-layered analytical process helps ensures that the insights and con-
clusions presented in this survey are traceable, well-grounded, and based on a comprehen-
sive and critical examination of the existing literature. In this way, the survey provides a
structured reference pointfor future research on transparent cooperative MAS.

3 Background

This chapter establishes the theoretical foundation for the systematic review of XMARL.
Section 3.1 begins with the standard formal model of cooperative MARL, provides a sys-
tematic analysis of its inherent core challenges, and articulates how these challenges neces-
sitate a hierarchical approach to explainability. Section 3.2 then surveys the primary research
paradigms developed to address these challenges, examining the distinct explainability
issues inherent to each. The central argument of this chapter is that the intrinsic complexity
and diversity of cooperative MARL logically motivate the “Micro—-Meso—Macro—System”
four-layer explanatory framework proposed in this survey.

3.1 Cooperative multi-agent reinforcement learning: model, challenges, and
explainability drivers

Cooperative MARL focuses on training a team of autonomous agents to learn collabora-
tive policies that maximize the team’s long-term cumulative return. The standard formal
model for this problem is the Decentralized Partially Observable Markov Decision Process
(Dec-POMDP) (Oliehoek et al. 2016), defined by the tuple (IV, S, A, P, R, 2, O,~). In this
model, the policy of agent i, denoted 7;(a; | 7;), conditions on its action-observation his-
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tory 7;. The collection of all agent policies forms the joint policy 7r, and the objective is to
maximize the expected cumulative discounted reward: Ex >, v R(s¢, a¢)].

3.1.1 Systematic analysis of core challenges

The Dec-POMDP framework intrinsically embodies several fundamental challenges for
cooperative MARL. These challenges not only define key difficulties in algorithm design
but also fundamentally shape the scope and requisite granularity of explainability research.

Environmental non-stationarity and policy conflict

In single-agent RL, the environment dynamics P(s’|s,a) are stationary. In contrast,
from the perspective of any agent i in a MARL setting, the perceived state transition
P(s'|s,a;,a_;) depends on both the environment’s physical dynamics and the continu-
ally evolving policies 7_; of other agents. This non-stationarity violates the Markov
assumption and undermines the theoretical foundations of Bellman optimality prin-
ciples central to classical RL (Ning and Xie 2024). A direct consequence is that if agents
learn independently, experience replay buffers contain data generated under different policy
versions, leading to biased value function estimates and severe training instability (Papou-
dakis et al. 2019). Externally, this manifests as policy or action conflict: when agents opti-
mize based on local information and individual objectives, their decisions may interfere or
cancel each other out due to misaligned goals, resource competition, or faulty predictions
of teammates’ actions. Explaining such systems therefore requires methods that go beyond
tracing individual decisions to uncover the root causes of mutual influence and coordination
failure.

Partial observability and the resulting challenges of representation and coordination

A core tenet of the Dec-POMDP is that each agent i receives only a local observation o;
correlated with the global state s. While this partial observability is crucial for connecting
MARL to real-world applications, it introduces significant difficulties: agents lack direct
access to the complete environmental state, the precise intentions of teammates, and their
actions.

To cope, agents must develop the capacity to extract decision-relevant information
from their observation history. Theoretically, this can involve maintaining and inferring
a belief state b;(s|7;), i.e., a posterior distribution over the hidden state. In practice, most
deep MARL algorithms eschew explicit probabilistic inference. Instead, an agent’s pol-
icy network 7;(a;|7;) or value network Q;(7;,a;) implicitly learns to integrate historical
information, effectively functioning as a black-box mapping from history to action or value
(Sunehag et al. 2017). Understanding what features an agent extracts from its history or
what internal world model it forms remains a significant challenge.

Partial observability and non-stationarity are deeply intertwined and mutually exacerbat-
ing. An agent’s perception of “environmental” dynamics—Ilargely dictated by other agents’
behaviors—is filtered through incomplete local observations. Consequently, its implicit
estimates of others’ policies 7_; are inherently error-prone. These estimation errors lead to
inaccurate predictions of environment dynamics, increasing learning instability and poten-
tially triggering conflicts rooted in misunderstanding (Daskalakis et al. 2023). Clarifying
the “observation-representation—decision” chain is thus paramount, driving the need for
explainability techniques that can peer into agents’ internal information processing.

Reward sparsity, delayed feedback, and their intrinsic link to credit assignment
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In complex sequential cooperative tasks, semantically meaningful team rewards (e.g.,
“task success”) are often sparse, appearing only at episode termination. Furthermore, the
causal impact of an individual action on the final team outcome may be subject to long tem-
poral delays (Itaya et al. 2023). These issues are amplified by the exponential complexity of
the joint state-action space in multi-agent settings, leaving agents with little discriminative
learning signal for most time steps, hampering exploration and favoring convergence to
suboptimal cooperative patterns.

Sparsity and delay are intrinsically coupled with the credit assignment problem, which
concerns how to attribute the global team reward R(s, a) to individual agent contributions.
This problem is challenging even with dense, immediate rewards. Under sparse and delayed
rewards, it escalates into a severe spatio-temporal credit assignment dilemma: credit must be
distributed not only among agents (spatial dimension) but also across the extended sequence
of decisions that led to success (temporal dimension). Sparsity obscures when critical con-
tributions occurred, while delay severs the direct link between actions and outcomes. Con-
sequently, explaining cooperative behavior under these conditions fundamentally requires
transparently deconstructing the complex mechanisms of spatio-temporal credit assignment.

3.1.2 Interplay of challenges and the rationale for a hierarchical framework

The challenges described above do not operate in isolation; rather,they form a complexand
mutually reinforcing system. Their interplay gives rise to distinct explainability needs at
different levels of analysis, directly corresponding to the four-layer framework proposed in
this survey.

Environmental non-stationarity and partial observability jointly necessitate explanations
at the micro level (individual decision logic) and meso (inter-agent coordination) levels. To
understand decision-making in a dynamicand uncertain environment, we must explain an
agent’s internal policy mapping m; (motivating policy abstraction methods) and reveal its
perceptual focus and internal beliefs (motivating attention visualization and goal analysis).
To understand how agents coordinate under partial observability, we must make their inter-
action structures explicit, thereby motivating methods such as attention-based relational
modeling, communication semantics analysis, and causal validation of interactions.

Reward sparsity, delayed feedback, and their coupling with credit assignment jointly
drive the need for explanations at the macro level (team strategy) and meso level (credit
flow). To extract the essence of team behavior from long, sparse-reward sequences, we need
techniques for high-level behavior abstraction, goal identification, and task phase segmen-
tation. More critically, addressing the spatio-temporal credit assignment problem requires
methods for long-horizon causal attribution and equitable contribution quantification. This
motivates techniques like counterfactual reasoning, value function decomposition analysis,
and credit-assignment methods based on game-theoretic or causal contributions.

Ultimately, the combined effect of all challenges determines the system’s overall robust-
ness, efficiency, and fairness, creating a need for diagnostic explanations at the system level.
This necessitates comprehensive evaluation frameworks to identify performance bottle-
necks, diagnose failures arising from unfair credit assignment or poor coordination, and
assess overall robustness to non-stationarity and partial observability.

The challenges of cooperative MARL are thus inherently hierarchical, operating at
the levels of individual agent cognition (micro), inter-agent interaction (meso), emergent
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team strategy (macro), and overall system performance (system). Their complexity and
interdependence render any single-level explanation inadequate. Therefore, constructing
a corresponding hierarchical explainability framework is not only a practical response to
transparency demands but also a useful conceptual basis for understanding collaborative
intelligence. The “Micro-Meso—Macro—System” framework proposed in this survey is
designed to meet this need, ensuring systematic coverage of the full explanation pipeline.

3.2 Research paradigms and their inherent explainability challenges

To tackle the challenges of cooperative MARL, researchers have developed diverse algo-
rithmic paradigms that organize information flow, decision authority, and functional struc-
ture among agents in distinct ways. These paradigms, while improving performance, also
create specific explainability challenges. We categorize these paradigms along two core
dimensions: Agent Organizational Architecture and Policy Representation & Coordi-
nation Mechanisms.

3.2.1 Architectural paradigms: decentralized, centralized, and hybrid

This dimension classifies paradigms according to the information available during training
and execution, defining the system’s basic organizational principle.

o Decentralized Training with Decentralized Execution (DTDE): Each agent learns
and acts based solely on its local history 7;, treating others as part of the environment.
While simple and decentralized, it struggles with non-stationarity and complex coordi-
nation. Explainability here is confined to the individual agent’s local perspective.

o Centralized Training with Centralized Execution (CTCE): A central controller has
access to all agents’ information (joint observations or global state) and outputs joint
actions during both training and execution. This reduces the problem to a large single-
agent task but suffers from the curse of dimensionality in the joint action space and
single-point failure risk. Explainability focuses entirely on the central controller’s logic.

o Centralized Training with Decentralized Execution (CTDE): The current main-
stream paradigm. During training, it is allowed to utilize global information to learn a
centralized evaluation network (Critic) or guidance signals to overcome non-stationarity
and credit assignment issues; during execution, each agent makes independent decisions
based solely on its local observation o;. It achieves a balance between training efficiency
and execution feasibility.

This dimension defines the basic rules of “who can see what”. Under the DTDE paradigm,
explanations must be entirely based on the individual’s local perspective; in the CTCE para-
digm, the explanation problem is focused on the internal logic of the central controller;
while in the CTDE paradigm, a core explanatory gap is created: how does the global value
function Q+0:(s,a) or V(s) learned by the centralized evaluation network form? And how
does it implicitly shape the decision preferences of each decentralized strategy 7; through
gradient updates? This “global-local” causal influence chain is the key starting point for
subsequent multi-level explainability analysis (especially the connection between micro
individuals and macro teams).
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3.2.2 Structured organizational paradigms: hierarchy and roles

To enhance the management and decomposition efficiency of complex tasks, research has
introduced explicit organizational structures on top of hybrid paradigms like CTDE (Ma
et al. 2023). These structures transform agent collaboration from an implicit, flat model
into an explicit, structured one through functional division and hierarchical management.
This advancement directly corresponds to and deepens the theoretical understanding of the
“meso-interaction” and “macro-team” levels in MASs. Two prevalent and complementary
paradigms have emerged: hierarchical organization and role-based organization.

Hierarchical organization simulates the logic of vertical management and task decom-
position found in real-world systems. Its architecture typically revolves around two func-
tionally stratified agent types (Ma et al. 2023). A high-level policy coordination agent acts
as a central decision unit, periodically generating high-level directives—such as sub-goals
or task assignments—based on global information, thereby fulfilling macro-planning func-
tions. Its training often employs centralized methods. Low-level tactical execution agents
operate as distributed executors, receiving high-level instructions and translating them into
concrete actions based on their local observations. The low-level coordination frequently
utilizes the CTDE paradigm to achieve decentralized collaboration (Xu et al. 2023). This
architecture fundamentally constitutes a hybrid “planning-execution” separation paradigm.

Role-based organization, in contrast, focuses on horizontal functional specialization.
This paradigm constrains an agent’s policy space, objective function, or communication
permissions by assigning or learning specific functional roles (e.g., leader, attacker) (Hu
et al. 2024d). Roles can be pre-defined or dynamically allocated and switched based on the
team state to achieve flexible adaptation (Lan et al. 2025). By defining coordinating roles
(e.g., a leader) and functional roles (e.g., an explorer), this paradigm encourages agents to
develop deep expertise within their designated functions.

These structured paradigms introduce distinct explainability demands. For hierarchi-
cal architectures, explanations must address the basis for high-level decisions (i.e., how
macro goals are decomposed), the mechanism for aligning high- and low-level instructions,
and the resolution of inter-level conflicts. For role-based architectures, explanations should
clarify the semantic rationale behind role division, the logic governing role dynamics and
evolution, and how a role shapes the underlying individual policy. Investigating these ques-
tions is key to understanding the emergence of “macro-team strategies” and the formation
of “meso-structured interactions”.

3.2.3 Policy representation and coordination mechanisms

This dimension focuses on how agent policies are parameterized and how coordination is
architecturally implemented within the model structure. It emerges as a natural extension of
the previous two dimensions, crystallizing the concrete forms that collaboration can take in
algorithmic design.

Independent policy learning directly implements the DTDE paradigm, wherein each
agent learns a policy network 7; that depends solely on its own history 7;. The explainability
target here is relatively straightforward—the individual policy m;—yet this approach offers
no inherent mechanism for explaining any emergent cooperative behaviors that may arise
from the interaction of multiple such independent policies.
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Value decomposition networks operate within the CTDE paradigm by factorizing the
global action-value function Q:.:(s,a) into a monotonic combination of individual value
functions Q; (7, a;) (e.g., VDN, QMIX). This formulation establishes consistency between
individual policy optimization and global team optimality. It represents a model of implicit
coordination mediated through the value function. The primary explainability challenge
centers on the semantic veracity of the decomposition: while mathematically sound, does
the factorization genuinely reflect the underlying collaborative logic and true credit assign-
ment structure of the task? Moreover, can the individual ); functions be meaningfully
interpreted as reliable indicators of an agent’s contribution? Addressing these questions is
fundamental to explaining both meso-level interactions (the flow of credit) and micro-
level individual behavior (individual value attribution).

Communication models and coordination graphs introduce explicit architectural
components to address partial observability. This category includes models with dedicated
communication channels, allowing agents to exchange learned messages, and coordina-
tion graphs that explicitly model pairwise value dependencies among agents to facilitate
approximate joint action selection. These represent models of explicit coordination through
structured interaction. For communication models, the core explanatory demand lies in pro-
viding a semantic interpretation of the interaction: what is the content and intended pur-
pose of the messages, and how are they understood by recipients? For coordination graphs,
the challenge is to validate the learned graph structure, ensuring it authentically reveals
the essential meso-level functional dependencies among agents rather than capturing spu-
rious data correlations.

The choice of policy representation dimension directly determines the entry points and
applicability of different explanation techniques. The distinction between implicit value-
based coordination and explicit interaction-based coordination fundamentally shapes the
landscape of explainability challenges in cooperative MARL.

3.2.4 Paradigm fusion and the composite challenge of explanation

In practice, state-of-the-art algorithms increasingly incorporate a fusion of the previously
delineated dimensions. A contemporary role-based CTDE algorithm, for instance, may
simultaneously integrate a role allocation network—defining the collaborative structure—
with an attention-based communication mechanism. This profound, multi-level integration
of diverse modules transforms the system’s decision-making process into an intricate pipe-
line composed of multiple “black boxes” connected in series or parallel. Consequently, the
causal pathway from raw sensory inputs to coordinated multi-agent actions becomes deeply
embedded within a complex, layered architecture.

This synthesis of paradigms elevates the challenge of explainability to a new level of
complexity. The complexity of cooperative MARL systems therefore comes not just from
the Dec-POMDP model, but more importantly from the advanced multi-layered algorithms
used to solve it. While these algorithms improve performance, they also create many levels
of abstraction and specialized parts. These layers make it hard to trace the complete cause-
and-effect process—from a single agent’s action to the team’s overall cooperation—result-
ing in a lack of transparency that reduces interpretability.

Thus, the development of explainability techniques capable of penetrating these layers
of abstraction, revealing the logic governing cross-module interactions, and validat-
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ing the rationality of underlying structural assumptions (such as roles or dependency
graphs) has become an indispensable prerequisite. It is only through such rigorous explana-
tory scrutiny that cooperative MARL can transition from experimental algorithms to reli-
able deployment in safety-critical real-world applications.

3.3 The XRL toolkit and its fundamental shortcomings for MASs

Before delving into the explainability techniques for single agents, it is necessary to clarify
two core and often conflated concepts within the field—interpretability and explainability—
to establish a clear terminological foundation for subsequent methodological discussions.
Terminology Clarification: Interpretability vs. Explainability. Interpretability refers to
the inherent transparency of a model’s structure or decision-making process, often achieved
by design (e.g., decision trees and linear models). An interpretable model allows a human to
directly understand its internal logic.

Explainability typically refers to the ability to provide post-hoc rationales for the behav-
ior of a complex, often opaque model (e.g., a DNN). Explanations are generated through
external methods (e.g., feature attribution, counterfactual analysis) to make the model’s
decisions comprehensible.

While the boundary between them can be fluid, this distinction helps frame our discus-
sion: intrinsic methods often aim for interpretability, whereas post-hoc methods provide
explanations.

The overarching goal of Explainable Reinforcement Learning (XRL) is to decipher the
“black-box” nature of deep RL models, rendering their decision processes transparent and
comprehensible to humans. Over time, XRL has matured into a field with a systematic
taxonomy, where methods are typically categorized based on their coupling with the model
into intrinsic and post-hoc explainability. This toolbox of methods provides an important
foundation for explainability research in more complex scenarios.

However, it is crucial to recognize that these XRL methods are predominantly built upon
single-agent design premises. A fundamental limitation arises when they are directly applied
to multi-agent settings: their focus on explaining individual agent decisions often fails to
capture the emergent behaviors stemming from agent interactions, collaboration, and com-
petition. This limitation motivates the transition from a single-agent framework to the study
of explainability in MASs.

3.3.1 Intrinsic interpretability methods

Intrinsic explainability methods, commonly referred to as “white-box explanations,” focus
on designing model architectures and decision processes that are inherently transparent and
interpretable by construction. These approaches fundamentally differ from post-hoc meth-
ods by embedding explainability directly into the learning framework, rather than apply-
ing explanatory techniques after training. This paradigm can be broadly categorized into
two complementary strands: those employing intrinsically interpretable models and those
ensuring process transparency throughout the decision-making pipeline.

Intrinsically interpretable model architectures

This category replaces complex DNNs with function approximators whose internal rea-
soning mechanisms are inherently accessible and human-parsable. The primary advantage
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of these approaches lies in their ability to provide direct insight into the policy’s decision
logic without requiring additional explanatory machinery. Within this framework, two prin-
cipal architectural strategies have emerged:

Transparent-by-design models utilize classically interpretable models such as lin-
ear models, decision trees (Vos and Verwer 2023; Dai et al. 2022), or fuzzy logic systems
(Dhebar et al. 2022) to represent the policy. For instance, a decision tree policy maps state
features (e.g., distance to target < 5 m, obstacle detected) to concrete actions (e.g., move
forward), forming a comprehensive set of human-understandable “if-then” rules that can be
directly inspected and validated by domain experts.

Memory-based architectures employ networks with explicit memory modules, such
as Key-Value Memory Networks, to store and retrieve interpretable representations (Anna-
samy and Sycara 2019). These architectures allow the agent’s decisions to be explained
through the retrieval and weighting of semantically meaningful memory prototypes.

Process-transparent learning frameworks

While intrinsically interpretable models provide direct access to decision logic, an
alternative approach maintains transparency throughout the learning and decision-making
process itself. These frameworks incorporate structural elements that expose the reason-
ing pathway at multiple levels of abstraction, even when utilizing complex DNNs. Three
prominent methodologies exemplify this strategy:

Hierarchical reinforcement learning (HRL) decomposes complex tasks into hierar-
chies of semantically meaningful subtasks or options (Gurses et al. 2024; Li et al. 2025c¢).
This decomposition enables explanation by tracking the agent’s progression through the
task hierarchy (e.g., complete subgoal A, then execute subgoal B), which naturally aligns
with human planning structures and provides intuitive insight into the strategic breakdown
of complex behaviors.

Building on structural transparency, attention and saliency visualization integrate
attention mechanisms directly into policy or value networks, generating saliency maps that
visually indicate which components of the input observation the agent prioritizes during
decision-making (Ma et al. 2025a; Zhuang et al. 2025; Kim et al. 2022). For example, in
autonomous driving applications, saliency visualization might reveal that the agent focused
primarily on pedestrian positioning when deciding to initiate braking, providing immediate
visual validation of the policy’s focus areas.

For extracting higher-level understanding, symbolic knowledge extraction distills
the learned knowledge from trained DNN policies into compact sets of symbolic rules, typi-
cally expressed in formalisms such as first-order logic (Xie et al. 2025; Acharya et al. 2023;
Duttagupta et al. 2025). A fundamental challenge in this approach is ensuring the fidelity
of extracted rules (e.g., IF ‘red light detected’ AND ‘speed > (0’ THEN ‘brake’) relative to
the original policy’s behavior, while maintaining comprehensibility and coverage across the
state space.

3.3.2 Post-hoc explainability methods
In contrast to intrinsic methods, post-hoc explainability techniques aim to provide explana-
tions for pre-trained black-box models—such as standard Deep Q-Networks—that are dif-

ficult or impractical to modify after training. These methods infer decision logic indirectly
by systematically analyzing the model’s inputs, outputs, and interaction history, without
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requiring direct access to or understanding of the model’s internal mechanics. The post-hoc
paradigm primarily operates through three methodological families: perturbation-based
analysis, imitation learning, and trajectory analysis.

Perturbation and Counterfactual Analysis

These methods infer decision dependencies by systematically modifying inputs or con-
structing hypothetical scenarios to isolate the influence of specific factors on the agent’s
behavior. This approach operates on the fundamental principle that causal relationships can
be revealed through controlled variations in the input space, with two distinct but related
techniques:

Input perturbation modifies specific features of the observation space—typically
through techniques such as occlusion, noise injection, or feature masking—and observes
corresponding changes in action probabilities to identify critical features driving the poli-
cy’s decisions (Huber et al. 2022; Helmboldt 2025; Guo et al. 2024; Mehmeti et al. 2025).
This approach enables researchers to establish causal relationships between input variations
and behavioral changes, albeit within the limitations of the perturbation scheme.

Extending beyond simple perturbation, Counterfactual Explanations pose hypothet-
ical questions of the form “How would the agent’s decision change if a specific state feature
were altered?” (Gajcin and Dusparic 2024; Wang et al. 2024; Amitai et al. 2024). This
methodology helps verify the causal influence of particular features—such as detecting an
“icy road” surface on braking decisions—by constructing minimally altered scenarios that
would lead to different behavioral outcomes, thereby illuminating the decision boundaries
of the policy and providing insight into alternative behaviors under modified conditions.

Behavioral imitation and policy extraction

While perturbation methods focus on understanding specific decision points, a more
comprehensive approach involves creating global approximations of the entire policy. This
methodology employs an intrinsically interpretable “student model”—such as a decision
tree or linear model—to mimic the input—output behavior of the black-box “teacher” RL
policy (Li et al. 2024e; Acero and Li 2024). The transparent student model subsequently
provides an indirect, global explanation of the teacher’s decision logic, effectively trans-
lating the opaque policy into a human-interpretable representation while attempting to
preserve its functional characteristics across the entire state space, though with inherent
trade-offs between fidelity and interpretability.

Trajectory analysis and pattern discovery

Moving beyond individual decisions or global policy approximations, trajectory analysis
techniques extract high-level decision patterns and behavioral regularities from historical
agent-environment interaction data. This approach focuses on understanding the temporal
structure and strategic progression of decision-making over extended time horizons, with
two complementary methodologies:

Reward decomposition operates from a motivational perspective, breaking down the
global cumulative reward signal into semantically meaningful sub-rewards corresponding
to different aspects of performance (e.g., survival reward, exploration reward, goal achieve-
ment reward) (Towers et al. 2024; Mahmud et al. 2023; Ameur et al. 2024; Roghani and
Koyuncu 2025). This decomposition clarifies which specific objectives the agent was opti-
mizing when taking particular actions, providing insight into the relative importance of dif-
ferent behavioral dimensions within the overall policy and revealing the underlying value
structure driving agent behavior across time.
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Complementing this motivational analysis, key decision point identification applies
time-series analysis, clustering, or saliency detection techniques to long interaction trajec-
tories to pinpoint critical moments that disproportionately influence final outcomes (Takagi
et al. 2024; Cheng et al. 2023; Wang and Aouf 2024). By identifying these pivotal decision
points within extended behavioral sequences, researchers can focus explanatory efforts on
the most consequential aspects of the agent’s behavior, enabling more efficient and targeted
understanding of how specific decisions propagate through time to shape overall perfor-
mance and strategic outcomes.

3.3.3 Fundamental limitations of explainable reinforcement learning in multi-agent
systems

Although the XRL toolkit provides a foundational set of techniques, its core paradigm is
built around a single agent operating in a stationary environment under assumptions of indi-
vidual rationality. Directly transferring these methods to multi-agent settings reveals several
fundamental limitations:

Insufficient granularity and scope. XRL methods typically focus on instantaneous,
single-step decisions, which prove inadequate for capturing the long-term temporal depen-
dencies, complex commitment mechanisms, and dynamically evolving collaboration logic
that characterize multi-agent interactions.

Neglect of interactive context. The explanatory scope of single-agent methods excludes
core multi-agent phenomena. They cannot elucidate the specific process of credit assign-
ment, decipher the true semantics of communicated messages, or explain how social con-
ventions and role specializations spontaneously emerge from agent interactions.

Difficulty in causal attribution. In a MAS, an agent’s decision is the result of the inter-
play between its own policy, the actions of others, and environmental dynamics. Most XRL
methods, which reveal statistical correlations, struggle to accurately distinguish true causal
drivers from spurious associations within this complex network. They fail to answer critical
questions such as, “Did agent A’s action cause agent B’s response, or did they both react to
a common environmental change?”

Misaligned rationality assumption. The endpoint of a standard XRL explanation is
“how this action maximizes individual cumulative reward.” In cooperative MARL, how-
ever, the starting point for explanation must be “how this action promotes or hinders the
achievement of the collective goal.” This paradigm shift from individual to collective ratio-
nality demands that explainability methods treat team cooperation effectiveness as the pri-
mary object of explanation.

In summary, while single-agent XRL offers a substantial repository of techniques, its
inherent design boundaries make it inadequate for addressing the core challenges of MASs.
Consequently, the development of XMARL cannot be a simple transplantation of XRL; it
necessitates a fundamental paradigm reconfiguration oriented towards interaction, collabo-
ration, and emergence.
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3.4 Towards explainable multi-agent reinforcement learning: a paradigm shift

The discussions in Sects. 3.2 and 3.3 clarify that the transition from XRL to XMARL is not
merely a linear technical extension, but a fundamental paradigm shift. This shift involves the
very objects of explanation, the basis of rationality, and the core questions being addressed.

3.4.1 Core dimensions of the paradigm shift

The explanatory paradigm of XRL is built upon assumptions of individual rationality and
a static environment, aiming to trace the independent decision chain of a single agent. Key
differences between this paradigm and the one required for XMARL are summarized in
Table 2.

As previously established, the core of MARL lies in the interaction and collaboration
among agents, which fundamentally alters the explainability problem landscape. This shift
manifests in three critical limitations when XRL methods are directly applied:

Limitation 1: Inability to Explain Decision Synergy. Single-agent attention mecha-
nisms can identify features an individual agent focuses on within its local observation, but
they cannot account for how this focus coordinates with the anticipated behaviors or stra-
tegic intentions of other agents. Consequently, they fail to explain how decentralized indi-
vidual decisions coalesce into a coherent cooperative action.

Limitation 2: Inadequacy for Dynamic Interaction Analysis. Single-agent counter-
factual methods are well-suited for analyzing perturbations to environmental states but are
poorly equipped to model strategic interdependencies among learning agents. They cannot

Table 2 Comparison between Comparison XRL XMARL
XRL and XMARL dimension

Rationality basis Individual rational-  Collective rationality:
ity: explaining why  explaining how individual

the agent takes ac-  action ai contributes to
tion a¢ to maximize or hinders the team goal
its own long-term G'team; requiring trade-offs
return Gt between individual and
cooperative interests
Environment Environment dy- Environment is non-
characteristics ~ namics P(s’ | s,a) stationary, with dynamics
are stationary, P(s’ | s,a) changing due
depending only on  to other agents’ policies
the agent’s own 7w~ %, requiring explanation
action and natural of interactive intentions and
state transitions mutual influences
Core explana-  Single decision Interactive decision
tion object chain: focusing on  network: covering the full
the mapping from spectrum of behavioral
state to action to hierarchy from micro indi-
value vidual decisions, meso-lev-

el coordination, to macro
cooperative emergence
Core challenges Action selection Credit assignment; com-
basis; value estima- munication semantics; role
tion credibility; state division and evolution; col-
attention laboration structure; system
robustness
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address critical questions regarding cascading effects within a team, such as how the joint
policy would adapt in response to an alternative action taken by an agent.

Limitation 3: Failure to Abstract Collaboration Protocols. Techniques like trajectory-
based decision tree extraction can produce interpretable models of an individual agent’s
policy but are inherently limited to state-action mappings localized to a single agent. They
cannot represent the distributed, often implicit, collaboration protocols and conventions that
emerge from repeated interactions among multiple agents, as these are properties of the
group’s interaction dynamics.

3.4.2 Current landscape: fragmented research and the need for a unifying framework

As MARL has advanced in complex tasks, the need for explainability has gained signifi-
cant attention, prompting various exploratory studies. However, current XMARL research
remains largely fragmented. It is characterized by isolated, technology-driven solutions and
problem-specific methods. The field lacks a unified analytical framework to systematically
integrate existing work and guide future development.

Technology-driven point solutions. Many studies adopt specific technical architectures,
such as graph neural networks or attention mechanisms, to improve MARL performance.
Explainability in these works is often a secondary feature. For example, a method might use
graph structures to model agent interactions for better credit assignment (Kortvelesy and
Prorok 2022). While the resulting attention-weight visualizations can hint at agent depen-
dencies, explainability itself is not the primary goal. These approaches produce explanations
that are local and tied to the specific technology used.

Problem-specific customized methods. Another category designs explanation meth-
ods for narrow task domains, like multi-robot navigation or social network modeling. For
instance, a study might use predefined, interpretable parameters to simulate social network
evolution (Miyake et al. 2024). Such methods offer strong explanations within their specific
context but have limited generalizability. They are closely coupled with the task’s reward
structure and domain knowledge, making them hard to apply to other multi-agent problems.

This fragmented state is evident across different levels of explanation:

o Micro Level (Individual Agents). Current methods can explain a single agent’s deci-
sions using policy graphs (Gimenez-Abalos et al. 2025), interpretable decision trees
(Milani et al. 2022b), or behavior trees (Wan et al. 2025a). However, these explanations
are often shallow. They focus on the agent’s local logic without connecting its actions to
the team’s overall goals. There is a clear need to link micro-level explanations to higher-
level collaborative objectives.

o Meso Level (Inter-Agent Coordination). Research here is active but divided. Differ-
ent studies focus on credit assignment (Kortvelesy and Prorok 2022), communication
semantics (Li et al. 2024c), causal structure (Meli et al. 2025), or dynamic roles (Li et al.
2024d). Each perspective uses its own concepts and methods. They rarely connect with
each other, leading to a partial understanding of collaboration. A unified theory of agent
interaction is missing.

o Macro and System Levels. Work on explaining emergent team strategy or overall sys-
tem robustness is scarce. Some studies analyze team stability (Barfuss et al. 2025) or
quantify an action’s global impact (Li et al. 2024f). However, these efforts are isolated.
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They do not form a coherent theory for macro-level team intelligence or system-level
performance. The explanatory chain from low-level mechanisms to high-level out-
comes is broken.

Lack of standardized evaluation. The field also lacks common evaluation benchmarks,
protocols, and metrics. Researchers often use task performance as a proxy for explana-
tion quality or rely on custom visualizations. Different methods prioritize different aspects,
such as fidelity or simplicity. This makes comparisons difficult and reinforces the isolation
between research approaches. It slows down progress and consensus-building in the field.

In summary, XMARL research is currently fragmented. This fragmentation exists at
every level, from individual agent explanations to system-wide analysis. To move forward,
the field needs a unifying framework. This framework should transcend specific tools and
tasks. It should connect different explanation levels and provide a common reference for
evaluating methods. The four-dimensional framework proposed in this survey aims to meet
this need. It seeks to organize and integrate diverse research, providing a clearer path toward
transparent and trustworthy MASs.

3.4.3 The need for a systematic taxonomy in XMARL

The preceding analysis underscores that the XMARL field has reached a critical juncture.
Moving beyond isolated, ad-hoc solutions requires a systematic taxonomy capable of inte-
grating diverse research efforts and providing coherent guidance. Such a framework is
not arbitrary; it directly reflects the hierarchical nature of decision-making in cooperative
MARL (Sect. 3.1) and constitutes a necessary evolution from the tools offered by single-
agent XRL (Sect. 3.3).

An effective taxonomy for XMARL must fulfill three core objectives:
1. Achieve Comprehensive Coverage. The taxonomy should seamlessly incor-
porate the full spectrum of explanation foci, spanning micro-level (individual agent deci-
sions), meso-level (inter-agent coordination), macro-level (team strategy and emergence),
and system-level (global performance and robustness) concerns. This breadth is essential
for identifying and addressing gaps in current research.
2. Enable Technical Deconstruction. It must provide a structured understanding of
how different explanation methods operate. The framework should facilitate clear compari-
sons by elucidating how specific techniques tackle particular challenges (e.g., credit assign-
ment), while critically examining their underlying assumptions, strengths, and limitations.
3. Offer Directional Guidance. Acting as a “knowledge map,” the taxonomy should
allow for the precise categorization of existing work. This will help identify well-explored
areas and, more importantly, highlight critical yet underexplored challenges, thereby pro-
viding a clear roadmap for future research.
To meet these objectives, this survey proposes a novel classification framework structured
along two primary dimensions: Behavioral Hierarchy (the Explanatory Focus) and Techni-
cal Method. The Behavioral Hierarchy dimension is derived from the intrinsic structure
of cooperative MARL problems (Sect. 3.1). The Technical Method dimension adapts and
extends techniques from single-agent XRL (Sect. 3.3) to the multi-agent setting. By inte-
grating these two axes, this framework aims to establish a unified foundation and a struc-
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tured analytical lens for the currently fragmented field of XMARL, thereby setting the stage
for the systematic review in Sect. 4.

4 A taxonomy of XMARL methods across behavioral hierarchies

Explainability is increasingly recognized as an important requirement for deploying MARL
in safety-critical domains. While XMARL encompasses a growing set of approaches, they
can be systematically organized through a unified taxonomy based on two core dimensions:
the behavioral hierarchy of the explanation target and the technical approach employed.
This section surveys the XMARL landscape through this structured lens, building on the
coding framework established in Sect. 2.5.

4.1 The XMARL landscape: a structured overview

The field of XMARL encompasses both post-hoc explanations to trained policies and intrin-
sically interpretable architectures intended to support explanation throughout learning.
Drawing on the systematic corpus (Sect. 2.4), we organize the literature along two primary
dimensions.

Dimension 1: Behavioral hierarchy

This dimension categorizes methods based on the granularity and scope of the behavior
they aim to explain.
Micro-Level (Individual Behavior)  This most granular level seeks to uncover the internal
policy of a single agent, answering fundamental questions about action selection, behavioral
preferences, and the mapping from states and observations to actions.
Meso-Level (Inter-Agent Coordination) This level focuses on the dynamics between
agents, aiming to explicate the mechanisms underlying collaboration, such as communica-
tion protocols, multi-agent attention, and role assignment.
Macro-Level (Team-Level Strategies)Adopting a macroscopic view, this level is concerned
with the global policies and tactical patterns that emerge from local interactions, treating the
team as a unified entity with its own strategic behavior.
System-Level (Performance & Adaptation)  The broadest level analyzes the MAS holis-
tically, diagnosing global performance characteristics, robustness, and its capacity to adapt
to non-stationary environments.
Dimension 2: Technical approach

This dimension classifies the core methodologies used to achieve interpretability.
Policy Abstraction and Extraction.  These approaches distill complex deep network poli-
cies into interpretable symbolic models, such as decision trees (Milani et al. 2022b), behav-
ior trees (Wan et al. 2025a), or policy graphs (Gimenez-Abalos et al. 2025), to render the
decision rules transparent.
Attention and Feature Attribution.  These methods leverage attention weights (Motoka-
wa and Sugawara 2023a) and saliency maps (Motokawa and Sugawara 2023b, c¢) to identify
and visualize the input features most critical to an agent’s decision.
Causal and Counterfactual Analysis. Moving beyond correlation, these techniques employ
causal discovery (Briglia et al. 2025; Meli et al. 2025) and counterfactual reasoning (Bog-
gess et al. 2022; Gyevnar et al. 2025) to uncover the causal mechanisms that drive agent
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behaviors and system outcomes.
Credit Assignment and Value Decomposition. These methods, including those based on
Shapley values (Heuillet et al. 2022) and causal contribution analysis (Yao et al. 2024;
Zhang et al. 2024a), aim to attribute global success or failure to individual agents’ actions.
Structured Communication and Relational Modeling.  This pathway enhances transpar-
ency in agent interactions by learning explicit communication protocols (Yang et al. 2024;
Li et al. 2024b) or dynamic relational graphs (Fu et al. 2024; Fan et al. 2025) that define the
structure of collaboration.
Semantic and Symbolic Integration. By incorporating high-level concepts (Zabounidis
et al. 2023; Grupen et al. 2022) or symbolic logic (Ji et al. 2023; Mu et al. 2025) into
the learning process, these methods align the agent’s internal representations with human-
understandable semantics.
Operational criteria for level assignment.

To resolve boundary ambiguity, especially between the Meso and Macro levels, we oper-
ationalise the hierarchy using the following heuristics, which extend the coding rules of
Sect. 2.5.

(1) Explanation Target Granularity.

e Micro: Focuses on the internal state-action mapping of a single agent, indepen-
dent of concurrent teammate influences. The explanation answers “What rule does
this agent follow?” (e.g., decision trees in Sect. 4.2.1) or “What does this agent
perceive?” (e.g., saliency maps in Sect. 4.2.2).

e Meso: Focuses on pairwise or group-wise dependencies between agents. The
explanation targets the mechanism of coordination—encompassing informa-
tion flow (Sect. 4.3.1), communication semantics (Sect. 4.3.2), causal relations
(Sect. 4.3.3), role structures (Sect. 4.3.4), and credit allocation (Sect. 4.3.5)—rather
than the individual policy itself.

e Macro: Focuses on global, team-wide behavioral patterns that emerge from
local interactions. The explanation addresses “What strategy does the team as a
whole exhibit?” (Sect. 4.4.1), “How does this global pattern evolve over time?”
(Sect. 4.4.2), “Does the team constitute an irreducible whole? ” (Sect. 4.4.3), “What
are the key strategic contingencies?” (Sect. 4.4.4), and “What generative rules
underlie team behavior?” (Sect. 4.4.5).

o System: Focuses on performance properties of the entire MAS in its environ-
ment. The explanation targets systemic robustness, adaptation limits, or failure
modes (Sect. 4.5), rather than being limited to specific tactical patterns.

(2) Temporal and Structural Scope.

® Micro and Meso explanations typically concern instantaneous or short-horizon
decision events (single timestep actions, immediate communication acts).

® Macro explanations inherently involve long-horizon, temporally extended phe-
nomena—phase transitions (Sect. 4.4.2), strategic subgoal sequences (Sect. 4.4.1),
or emergent formation stability over episodes.
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e System explanations may span multiple episodes or environmental contexts, address-
ing across-run performance characteristics and sensitivity analyses (Sect. 4.5.2).

(3) Multi-Agent Specificity.

e Meso vs. Micro: Assignment to Meso or higher requires the explanation to address
challenges unique to multi-agent settings (e.g., non-stationarity, inter-agent credit
assignment). Explanations of isolated agent policies remain Micro.

e Macro vs. Meso: Assignment to Macro requires the explanatory construct to aggre-
gate over the entire team (e.g., global phase labels, joint strategy embeddings),
transcending pairwise relations.

These criteria align the taxonomy with the structural organization of the subsequent sec-
tions. Section 4.2 through Sect. 4.5 each correspond to one hierarchical level, with internal
technical pathways further detailed therein (Table 3).

In summary, the field of XMARL constitutes an integrated research ecosystem that
addresses multiple behavioral hierarchies through diverse technical approaches. The over-
arching goal is to develop MASs that are capable, transparent, trustworthy, and controllable.
Persistent challenges include ensuring explanation faithfulness, maintaining consistency in
non-stationary environments, balancing explanatory granularity with computational effi-
ciency, and establishing standardised evaluation benchmarks. The subsequent sections
present a systematic analysis of these technical approaches, organised according to the
behavioral hierarchy defined above.

4.2 Explainability techniques for micro-level individual behavior

The explainability of MASs lies not only in understanding macro-level emergent group
behaviors but also in deeply dissecting the internal decision logic and behavioral patterns of
each micro-level agent constituting the system. Comprehensively understanding an agent’s
behavior requires systematically answering four progressive and complementary core ques-
tions (as illustrated in Fig. 4): What rules does it follow? (Decision Logic), What does it
focus on when making decisions? (Perceptual Focus), Why does it choose this action rather
than an alternative? (Causal influence), and What is the fundamental pursuit behind its
behavior? (Intrinsic Motivation). These four questions provide an organizing framework
for surveying micro-level agent behavior explainability. Accordingly, existing research has
formed four major technical paradigms, each targeting the above core questions and provid-
ing explanations complementary analytical perspectives: Policy Abstraction and Model
Extraction, aiming to recover the rules of “how” decisions are made; Attention and Fea-
ture Attribution, aiming to reveal “what” environmental information is focused on; Coun-
terfactual Reasoning and Influence Analysis, aiming to explore the causal mechanism
of “why” choices are made; Intrinsic Motivation and Goal Analysis, aiming to analyze
the fundamental drives behind “why something is pursued”. These four categories of meth-
ods are not isolated but form a complete explanatory system from surface-level behavioral
description to deep-level motivational inference. The following sections will systematically
elaborate on how these four categories of methods focus on and synergistically cover the
aforementioned problem space.
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Fig. 4 Technical framework for explaining microscopic individual behaviors: core issues and four com-
plementary technologies

4.2.1 Policy abstraction and model extraction

This category of methods aims to answer “What decision rules does the agent follow?” Its
technical core lies in transforming trained black-box policies (e.g., DNNs) into human-intel-
ligible symbolic or structured representations (e.g., decision trees, behavior trees, policy
graphs). In the explainability hierarchy, these methods reside at the foundational logic layer,
aiming to provide transparent traceability of the decision process and offer a foundational
representation of behavioral logic for subsequent causal analysis (“why this choice”) and
motivational inference (“why pursue”). Based on their implementation mechanisms and
representation forms, this category can be further subdivided into the following four techni-
cal approaches:

Transparent model design

To avoid the “black box” problem, some research directly designs inherently interpre-
table policy representations. As a typical example, Luvisutto et al. (2025) adopt a tabular
Expected SARSA algorithm for the collaborative pipeline inspection mission of underwater
robots, and construct discrete state tuples that possess well-defined physical meanings. The
learned Q-table can be directly visualized, clearly presenting collaborative group behav-
iors. Core tools are classical tabular RL and semantic state representations. The advan-
tage is inherent model transparency, requiring no post-hoc explanation, suitable for simple
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state spaces and real-time edge-deployment scenarios. Limitations include restricted policy
expressiveness due to discretization and difficulty adapting to continuous/high-dimensional
states and complex environments. With breakthroughs in Large Language Model (LLM)
code generation capabilities, the paradigm of transparent model design is evolving from
manually defined structures to machine-automated discovery. An emerging “generative
explainability” path directly uses interpretable symbolic programs (e.g., Python code) as
the model itself, leveraging LLM-driven program synthesis techniques to automatically
search for optimal policy representations. Representative work by Castro et al. (2025b)
proposes a two-level optimization framework: the outer level uses an LLM-enhanced evo-
lutionary algorithm to search for policy structures in program space, and the inner level fits
individualized parameters via gradient descent. The core idea is embedding explainability
within the search space, where the final output program (containing semantic variables like
g _values, exploration rate) itself constitutes an inspectable transparent “white-
box” model. This approach was applied to a rat reward-guided decision-making task. It
successfully discovered programs that match or surpass the performance of state-of-the-art
handcrafted models, with the generated code directly providing new, testable hypotheses
for underlying behavioral mechanisms (Castro et al. 2025a). This suggests a possible tran-
sition from “manual hypothesis-driven” to “data-and-algorithm co-discovery”. Although
currently limited by high computational costs and readability challenges of generated code,
it provides a highly promising new avenue for automatically constructing inherently trans-
parent and high-performance policy models in MASs.

Rule distillation from black-box policies

This is the most mainstream technical path, distilling interpretable symbolic models from
pre-trained black-box neural network policies. Among these, decision trees are favored for
their intuitive structure. Representative frameworks like MAVIPER (Milani et al. 2022b)
use imitation learning to extract decision trees for all agents from a centrally trained expert
policy, introducing a key-state resampling mechanism based on centralized Q-values to
theoretically ensure that the extracted individual decision trees internalize collaborative
logic. Its performance approaches that of the expert policy while being logically transparent
but depends on expert policy quality and incurs high computational overhead. Chen et al.
(2025¢) builds upon this by introducing team Q-value resampling and a UCB-based policy
selection mechanism to improve training efficiency. To enhance explanation readability,
Xi-Jia et al. (2025) precisely distills a black-box policy into a decision tree via the DAg-
ger algorithm, extracting decision paths as behavioral representations; subsequently, it uses
LLMs to translate these paths into fluent natural language descriptions. The explanations
are highly readable with low hallucination rates but are limited to instantaneous decision
logic. In traffic signal control, Zhang et al. (2024b) combines decision tree rule distillation
and SHAP feature attribution within the MADDPG actor-critic framework. It uses a multi-
level visualization system to connect individual decisions to overall traffic patterns. While
effective in simple networks, the method faces challenges in fidelity and scalability due to
its reliance on proxy models.

Hierarchical and probabilistic policy representations

For decisions with complex temporal logic or requiring structured behavioral queries,
behavior trees and policy graphs provide more structured representations. Wan et al. (2025a)
proposes a method that discretizes states using time-aware clustering algorithms, such as
K-Means, to construct modular behavior trees. This approach effectively captures task
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decomposition and sequential execution logic. While it successfully balances performance
and interpretability in complex multi-agent environments like StarCraft, its clustering and
grouping processes depend on specific hyperparameter choices and require manual inter-
vention. Domeénech I Vila et al. (2022) adopts a probabilistic graphical model for the Over-
cooked-Al collaborative environment, mapping agent states into nodes based on discrete
predicates and constructing a policy graph by recording interaction data. This approach sup-
ports behavior queries and is model-agnostic, yet the quality of explanation heavily depends
on the appropriateness of state discretization. Gimenez-Abalos et al. (2025) further extends
policy graphs by introducing hypothetical desires as assumed goals, computing intent val-
ues through reverse probability propagation on the graph structure, thereby providing teleo-
logical explanations for individual behavior. This method supports goal-driven semantic
explanations and explicitly quantifies the trade-off between explainability and reliability
but depends on sufficient observational data to build high-quality probabilistic graphs and
requires manual assumption of goals.

Semantic mapping and policy comparison

This class of methods does not output rules directly but maps policies to a semantic
space for deep analysis and comparison. Ji et al. (2023) proposed a neuro-symbolic method
that fuses deep learning with symbolic reasoning. It uses attention mechanisms to softly
select important predicates and multi-hop reasoning paths, ultimately generating first-order
logic rules corresponding to agent-action—environment-state relationships. This method
achieves simultaneous learning of decisions and explanations, but the rule space is limited
by predefined predicates and reasoning steps. Reiestad (2025) focuses on automatically
discovering interpretable semantic concepts. It utilizes concept-based explanation methods
like TCAV and ConceptSHAP, identifying concepts with high cohesion, separation, and
information gain from network activations through regularization constraints, and trains
interpretable models based on these concept scores. This method reduces reliance on manu-
ally defined concepts and can reveal emergent collaborative behaviors but may suffer from
information loss and depends on the type of surrogate model. Hu et al. (2024¢) approaches
from a metric perspective, mapping policies of different agents to a unified latent space via
autoencoders and computing policy distances. This provides a general tool for quantitatively
comparing differences between agents at overall or specific behavioral dimensions. The
method is general, supports comparison across different action spaces and policy types, and
can guide dynamic parameter sharing. However, the latent space itself is a black box, and
computing policy distances requires Monte Carlo sampling, incurring significant overhead.

In summary, policy abstraction and model extraction techniques provide a direct path
to achieving micro-level explainability. To systematically summarize their characteristics,
Table 9 provides a comparative analysis of representative studies from the perspectives of
technical approach, core mechanism, advantages, limitations, and applicable scenarios.

Notwithstanding their utility in providing intuitive, structured decision-logic explana-
tions, these methods face inherent limitations. First, symbolic models like decision trees
often lack the expressive power to handle continuous state spaces or high-dimensional per-
ceptual data effectively. Second, the extraction process heavily relies on manually designed
predicates and domain concepts, which introduces a dependency on expert knowledge and
risks embedding designer bias. Finally, the model distillation process itself can introduce
approximation errors, leading to a mismatch between the behavior of the extracted model
and the original policy—a fundamental challenge known as the explanation fidelity problem.
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To address these challenges, future research should pursue the following directions:

o Automated Concept and Predicate Discovery. Reducing reliance on manual design is
crucial. Future work should develop automated and semi-automated discovery mecha-
nisms for concepts and predicates, potentially by integrating techniques from represen-
tation learning and leveraging the semantic capabilities of LLMs. This would enhance
the generalizability and reduce the bias of semantic mapping methods, building upon
early efforts in automated concept discovery (Reiestad 2025).

e Expressive Hybrid Explanation Models. A promising path forward is the deeper in-
tegration of symbolic transparency with sub-symbolic expressiveness. Research should
focus on developing hybrid models that retain interpretability without sacrificing per-
formance in complex environments. This could involve refining pipelines like “concept
discovery — semantic mapping — rule extraction” (Reiestad 2025) or advancing end-
to-end neuro-symbolic frameworks that jointly learn policies and their logic, as prelimi-
narily explored by Ji et al. (2023).

e Rigorous Evaluation of Explanation Fidelity. Establishing unified and rigorous eval-
uation frameworks is essential. To advance beyond simple performance matching, the
community must develop quantifiable metrics that directly assess the faithfulness of
explanations—for example, causality-based measures that systematically benchmark
the behavioral consistency between an extracted model and the original policy. This
would constitute a necessary refinement and standardization of the evaluation practices
initiated in prior work (Zhang et al. 2024b; Reiestad 2025). Furthermore, the framework
should incorporate considerations for the explanation’s intrinsic quality. This could in-
volve borrowing from emerging research on quantifying the complexity and concise-
ness of generated symbolic models (e.g., using program analysis metrics) (Castro et al.
2025b). Such a comprehensive approach would enable scientific trade-offs and opti-
mization among multiple objectives like performance, fidelity, and understandability,
thereby driving explainability techniques toward greater standardization and practical
application.

4.2.2 Attention and feature attribution

This category of methods focuses on answering “What information does the agent focus on
when making decisions?” Its technical core lies in analyzing the distribution of attention
mechanisms within the policy or quantifying the contribution of each input feature to the
final decision through attribution algorithms. These methods provide shallow explanations,
primarily revealing perceptual focus and input-decision correlations, suitable for diagnos-
ing perceptual biases and understanding the policy’s information utilization patterns. They
complement policy abstraction by forming an input-decision correspondence and provide a
data foundation for causal analysis. Based on different technical paths, existing research can
be classified into the following categories:

Conditional and instruction-modulated attention

This line of work focuses on how attention is dynamically shaped by high-level context.
The DA6-X framework proposed by Motokawa and Sugawara (2023b) processes global
state information via multi-head self-attention to generate saliency vectors. Dynamically
modulated attention weight heatmaps explain how the agent’s strategy adjusts its focus on
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local observations based on the global situation (e.g., its own position). This method is suit-
able for grid environment collaboration analysis, but its explainability lacks quantitative
evaluation. Motokawa and Sugawara (2023c) extends this by introducing a pictorial “des-
tination channel” as a high-level instruction. Through a similar modulation mechanism, it
achieves controllable and explainable instruction-following behavior. Visualized object col-
lection heatmaps explain the causal relationship between instructions and individual behav-
ior. These methods provide transparent, condition-dependent decision processes but require
predefined conditional states or instructions and have limited scope.

Multi-perspective analysis and strategy evolution tracking

To provide finer-grained explanations, some studies decompose or analyze atten-
tion temporally. In the DA3-X framework (Motokawa and Sugawara 2023a), two sets of
hyperparameters are introduced to selectively mask observation information and positional
embeddings at the state embedding layer, thereby separating “positional attention”, “cat-
egory attention”, and standard attention within the same network. This representation-
ablation-based attribution analysis allows researchers to discern whether an agent’s decision
stems from fixed spatial attention patterns or semantic understanding of specific object cat-
egories. It enhances the depth of explanation for collaborative strategies in object collection
games but still lacks quantitative evaluation of explainability. Chen et al. (2024) approaches
from a temporal dimension, using self-attention mechanisms to compress observations from
a variable number of agents into fixed-dimensional representations. By analyzing the tem-
poral changes in attention weights, it reveals macro-level phase transitions in individual
strategies (e.g., shifting from early collaboration to mid-game offense). This framework
performs well in transfer learning but lacks systematic tools to quantify the relationship
between these evolutions and instantaneous decisions.

Integrating prior knowledge and structured attribution

These methods incorporate external knowledge or structured prior models to produce
more credible or intuitive attributions. Liu et al. (2025a) encodes human attention priors as
fuzzy logic rules and dynamically generates parameters for the policy network via hypernet-
works, thereby injecting prior knowledge into the agent in the form of interpretable attention
weights. This method reduces reliance on expert demonstrations in StarCraft environments
and improves coordination among heterogeneous agents, but its performance is sensitive to
the design of fuzzy rules and attention quality. Yang et al. (2025b) learns task-relevant com-
pact visual representations via contrastive variational bounds, avoiding direct reconstruc-
tion of high-dimensional pixels. The generated spatial attention heatmaps aim to explain
the agent’s perceptual basis from pixel input. This method improves sample efficiency and
generalization, but its explanations remain essentially correlational attention maps, and the
model structure is complex.

Faithful attribution based on hybrid models

To overcome the potential disconnect between post-hoc attribution and the actual deci-
sion process, A prominent line of research focuses on constructing intrinsically interpretable
policy architectures. One such method, proposed by Schier et al. (2025), employs a hybrid
probabilistic model: it separately parameterizes the action distribution for each entity (or
subspace) within the observation and then integrates them through a weighted combination
to form the final policy. After a decision, the distribution corresponding to each entity and
its weight can be directly visualized, clearly showing each observed object’s contribution
to the action selection. This explanation is highly consistent with the policy’s generation
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process, offering higher fidelity than post-hoc methods, and demonstrates computational
efficiency and intuitive explanation in autonomous driving simulation environments. How-
ever, this method requires object-level structured observation input, and the mixture weight
parameters can be sensitive.

Hard attention and efficiency improvement

Another line of research aims to improve efficiency and robustness through hierarchical
frameworks. Representative work like Cheng et al. (2025) employs a localization agent to
prune key visual regions, co-trained with a behavioral policy agent. The output sequence of
localization coordinates provides spatially explicit explanations while significantly reduc-
ing computational costs and improving robustness to noise interference, especially suitable
for visual tasks like Atari games and real robotic arms. However, this hierarchical training
process is complex, and its advantages may not be significant in simple tasks.

Collectively, attention and feature attribution methods significantly lower the cognitive
barrier to understanding complex policies by visualizing or quantifying the contribution
of input features to decisions. To comprehensively compare their different implementation
paths, Table 10 systematically summarizes the core mechanisms, key tools, and typical
application scenarios of various methods.

Nevertheless, these approaches are often critiqued for providing “superficial” explana-
tions, with three primary limitations standing out. First, attention weights and feature impor-
tance scores do not, by themselves, establish causal drivers of decisions—a concern raised
by Schier et al. (2025) and Cheng et al. (2025)—which can render their practical interpreta-
tion misleading. Second, they generally fail to uncover the agent’s internal strategic reason-
ing process. Finally, they offer little insight into the complex coordination mechanisms that
emerge among multiple agents.

To advance the field, a concerted effort is needed to move beyond correlation-based
descriptions and toward causal, semantic, and rigorously validated explanations. Promising
research directions include:

o Developing Causal Interpretation Frameworks. Future work could aim to formalize
causal understanding by integrating preliminary causal explorations (e.g., Motokawa
and Sugawara (2023c)) with established causal discovery models. Such integration
would help test and characterize possible causal mechanisms underlying agent behavior,
distinguishing them from mere correlational associations.

e Achieving Semantically Grounded Explanations. To deepen explanatory power, re-
search must link attribution results to high-level, intervenable concepts (e.g., tactical
objectives). Building on methods like those of Yang et al. (2025b) and Schier et al.
(2025), the goal is to answer why certain information is attended to, moving beyond
merely identifying what is attended to.

o Establishing Standardized Evaluation Protocols. The community urgently requires
standardized benchmarks to rigorously assess the practical utility and robustness of
post-hoc explanations (e.g., feature attribution and saliency maps) and to guard against
“spurious explanations.” Efforts can build upon existing analyses of explanation fidelity
(Cheng et al. 2025). Parallel to this, the pathway of designing intrinsically interpretable
models (Schier et al. 2025) should be pursued as a complementary approach for building
transparent and trustworthy decision-making systems.
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4.2.3 Counterfactual reasoning and influence analysis

This category of methods aims to answer the core question: “Why was this specific action
chosen over alternatives?” Their technical essence lies in constructing counterfactual sce-
narios (e.g., “what would have happened if a different action had been taken?”) to infer the
causal impact of a decision or quantify an individual agent’s contribution to the global sys-
tem state. Residing at the causal layer of the explainability framework, these methods are
dedicated to revealing the contrastive nature and causal mechanisms underlying behavioral
choices. However, they commonly face challenges such as high computational complex-
ity and sensitivity to assumptions about the model and data. This approach serves both as
a deepening of feature attribution (which deals with correlation) and as a provider of the
causal foundation necessary for motivational analysis (goal-driven behavior). Currently,
research in this domain primarily unfolds along the following three paths:

Latent variable inference and intention inference

This line of work employs probabilistic generative models to infer hidden drivers behind
observed behavior. Jiang et al. (2024) introduces variational inference within a soft actor-
critic framework, combined with Monte Carlo methods to derive a counterfactual policy.
The influence of latent variables is quantified by computing the Kullback—Leibler (KL)
divergence between the factual and counterfactual policies, which is then shaped into an
intrinsic reward. This process provides a probabilistic mechanism for analyzing behavior in
environments with non-stationary rewards and partial observability, enhancing exploration
efficiency in tasks such as predator—prey. However, its performance is significantly affected
by hyperparameters like the intrinsic reward weight, and the computational overhead
exceeds that of baseline algorithms. Taghavi and Farnoosh (2025a) integrates the Expec-
tation-Maximization (EM) algorithm with MARL. In the E-step, the posterior distribution
of latent variables is estimated via variational inference or Monte Carlo sampling; in the
M-step, agent policies are optimized based on this distribution. While this method improves
decision-making in partially observable settings, the EM iterations increase computational
costs, making it difficult to scale to large-scale scenarios involving hundreds or more agents.

Quantitative assessment of individual causal contribution

The core of this approach is to directly quantify the causal impact of a single agent’s
action on the global state through counterfactual contrast, using this measure to drive indi-
vidual learning. A representative method, proposed by Li et al. (2024f), employs a Condi-
tional Variational Autoencoder (CVAE) to learn a compact latent representation of the global
state. It separately models the “factual” and “counterfactual” state transition distributions.
The individual causal contribution of each agent’s action is then measured by computing
the Bayesian surprise (KL divergence) between these two distributions, which forms an
intrinsic exploration scaffold. This method directly provides agents with exploration signals
grounded in causal relationships, intended to mitigate the multi-agent credit-assignment
problem and reduce sensitivity to environmental noise. It has been shown to improve effi-
ciency in sparse-reward cooperative exploration tasks. Nonetheless, this approach requires
training an additional generative model, leading to high computational complexity, and its
counterfactual contrast is typically limited to single-step state transitions.

Automated explanation via simulation intervention and LLM fusion

An emerging frontier seeks to completely decouple explanation generation from model
internals by constructing an external interaction framework for automated causal expla-
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nation. A typical paradigm is presented by Gyevnar et al. (2025), which drives a LLM
to engage in multi-round interactions with an environment simulator based on predefined
query templates. The LLM performs counterfactual interventions on the simulator (e.g.,
using what-if, remove queries) to obtain comparative information. Combined with
macro-action abstractions of agent behavior, it autonomously synthesizes natural language
explanatory texts containing explicit causal relationships and counterfactual comparisons.
This method generates explanations in autonomous driving simulation scenarios that are
intuitive, causally strong, and human-friendly. Its model-agnostic nature makes it suitable
for post-hoc auditing in complex interactive scenarios. However, its effectiveness heavily
depends on the accuracy of the simulator and the LLM’s reasoning and planning capabili-
ties. Multi-round interactions may introduce robustness issues, and the computational cost
remains high.

Collectively, these technical trajectories demonstrate the progressive maturation of coun-
terfactual reasoning methods from theoretical causal inference frameworks toward practical
explanatory tools capable of addressing real-world interpretability challenges. The evo-
Iution from latent variable modeling through quantitative causal assessment to narrative
explanation generation reflects an increasing emphasis on producing not just technically
sound but also human-meaningful causal explanations, representing a critical advancement
in the quest for transparent and trustworthy autonomous decision systems. Table 11 system-
atically compares these methods.

Future research should therefore advance along the following critical paths:

e Enhancing Computational Efficiency. Develop optimized variational inference algo-
rithms inspired by recent work (Jiang et al. 2024; Taghavi and Farnoosh 2025a) and
create lightweight simulators based on emerging paradigms (Gyevnar et al. 2025) to
mitigate computational overhead and improve accessibility.

o Ensuring Robustness and Reliability. Establish rigorous theoretical frameworks for
assessing the plausibility of counterfactual scenarios and devise methods to reduce the
dependency on pristine observational data in approaches such as Li et al. (2024f).

e Expanding Explanatory Scope. Transcend single-step, individual-centric analysis by
developing frameworks capable of multi-step temporal reasoning and causal explana-
tion of multi-agent interactions, thereby capturing the complex causal structures emerg-
ing from coordinated behaviors.

4.2.4 Intrinsic motivation and goal analysis

This category of methods addresses the profound question: “What is the intrinsic driv-
ing force behind the agent’s behavior?” The technical core lies in directly modeling and
inferring an agent’s intrinsic motivation, high-level goals, or strategic intent by introducing
human-understandable semantic concepts, interpretable reward parameters, or structured
goal representations. Situated at the semantic and intentional layer of the explainabil-
ity framework, these methods build complementary explanatory perspectives ranging from
behavioral logic to behavioral purpose with the preceding three categories. They are par-
ticularly suited for scenarios such as human-agent collaboration, value alignment, and stra-
tegic explanation. Based on their implementation mechanisms, existing methods can be
categorized into the following three mainstream paradigms:
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Concept Bottleneck models

These methods embed interpretable concepts within the model architecture. The
approach proposed by Zabounidis et al. (2023) inserts a “concept layer” into the policy net-
work, forcing the network to first predict a set of expert-predefined semantic concepts from
raw observations and then generate actions based on these concepts, forming a transparent
“observation — concept — action” decision pipeline. It provides a human-understandable
concept layer and supports real-time intervention but heavily relies on an expert-defined
concept library, and the expressiveness of the concepts may limit policy performance. Gru-
pen et al. (2022) extends this by introducing fest-time concept intervention analysis tech-
niques to quantitatively assess the causal impact of a concept on collaboration. This method
can be used to identify key conceptual factors in multi-agent collaboration and detect lazy
agents, providing a conceptual-level diagnostic tool for collaboration auditing.

Interpretable reward functions and parameterized personalities

Behavioral preferences or goal-related tendencies are represented through structurally
interpretable reward functions or personalities with semantically explicit parameters. The
NetEvolve method proposed by Miyake et al. (2024) learns a reward function for each node
agent in a social network. Its parameters directly correspond to socio-psychological con-
cepts, thereby providing an interpretable account of the modeled preferences underlying a
node’s actions like forming connections or changing attributes. The model is highly inter-
pretable, with few, semantically meaningful parameters, and reports strong predictive per-
formance on both synthetic and real social network data. However, it relies on predefined
sociological features and may fail to capture more complex network dynamics. Huang et al.
(2025) proposes a Multi-Persona Multi-Agent Meta RL framework. Its core technology
involves using meta-learning to train multiple personality policies with different “explora-
tion-exploitation” preferences for each agent, quantifying personality as an adjustment to
interpretable weight parameters in the reward function. Agents dynamically activate person-
alities via a persona selector, demonstrating high adaptability, coordination, and robustness
to communication instability in dynamic traffic systems such as parking optimization and
charging scheduling. Personality labels provide high-level semantic explanations. How-
ever, the number of personalities and their weights require careful design, and meta-training
incurs high computational costs.

Motivation modeling based on structured external priors

This class of methods provides semantically grounded explanations for motivation by
introducing strongly structured external knowledge frameworks (e.g., linguistic systems,
physical laws, formal logic). Based on the type of prior knowledge, it can be further subdi-
vided into three paths:

Semantic Alignment Path: Represented by Toquebiau et al. (2025), this path introduces
structured language as a supervisory signal, forcing alignment between the agent’s internal
representations and human semantic concepts through joint optimization, thereby achiev-
ing verbalizable explanations of motivation. Its advantages are intuitive explanations and
potential generalization improvement, but it depends on high-quality linguistic prior data.

Physical Decomposition Path: Represented by Li et al. (2025b), this path introduces
classical physical laws as a modeling framework, decomposing raw states into physics
concepts like force and distance and synthesizing actions based on mechanical models. Its
explanations are highly intuitive but strictly depend on the match between the task and the
physical metaphor.
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Formal Verification Path: Represented by Taghavi and Farnoosh (2025b), this path
introduces formal logic and model checking tools, abstracting the policy into a mathe-
matically verifiable model to provide explanations with formal guarantees regarding the
achievability of specific motivations or goals. This path can provide strong guarantees for
explicitly specified properties but is computationally complex and currently applicable to
limited scenarios.

Collectively, intrinsic motivation and goal analysis methods lay the foundation for
human-agent trust and value alignment by semantically modeling the intrinsic drives of
agents. To systematically summarize their different implementation paradigms, Table 12
provides a comprehensive comparison from the perspectives of core mechanism, explana-
tion form, and applicable scenarios.

However, the principal challenge confronting these methods is their substantial depen-
dence on prior knowledge. Manually curated concept sets (Zabounidis et al. 2023; Toque-
biau et al. 2025), reward function structures (Miyake et al. 2024), and personality definitions
(Huang et al. 2025) not only demand significant expert effort but also risk introducing
designer bias and constraining generalization.

Transformative advances will therefore require progress along several critical pathways:

o Automated Semantic Concept Acquisition. Future research should prioritize the dy-
namic acquisition of semantic concepts from human demonstrations, natural language
feedback, or environmental interactions. This would reduce dependence on manual defi-
nitions, such as those employed in Zabounidis et al. (2023) and Toquebiau et al. (2025),
while enhancing methodological generalization and scalability.

e Dynamic and Hierarchical Explanation Frameworks. Next-generation systems
should generate context-aware explanations across multiple abstraction levels, adapting
to different users and scenarios. Building upon comprehensive frameworks like Taghavi
and Farnoosh (2025b), this includes investigating the dynamic evolution of motivations
(Huang et al. 2025) to explain long-term preference shifts.

e Unified Dynamic Motivation Modeling. Ultimately, integrating these research threads
could enable systems capable of interpreting the temporal evolution of intrinsic motiva-
tions, representing a paradigm shift from static interpretation to dynamic motivational
understanding.

By pursuing these interconnected directions, the field may achieve a coherent framework
for modeling and explaining the rich dynamics of intrinsic motivation in artificial agents.

4.2.5 Synthesis and future directions for micro-level individual behavior

This section provides a comprehensive summary and comparative analysis of the four tech-
nical paradigms for the explainability of individual agent behavior. It then synthesizes their
intrinsic connections into a cohesive, multi--perspective interpretability framework. Finally,
it discusses current limitations and outlines promising future research directions.
Comprehensive summary of technical paradigms
This section has systematically examined the four technical paradigms for micro-level
agent behavior explainability. A comprehensive comparison of these paradigms is presented
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in Table 4, which contrasts their respective technical categories, core explanatory questions,
advantages, and limitations.

Policy abstraction and model extraction 4.2.1 interpretable symbolic models (e.g.,
decision trees, behavior trees) from black-box policies (Milani et al. 2022b; Wan et al.
2025a; Gimenez-Abalos et al. 2025), offering transparent logic for inspection (Hu et al.
2024c) but often struggling with high-dimensional states and manual design dependency.
Attention and feature attribution mechanisms 4.2.2 visualize an agent’s perceptual
focus via heatmaps or feature attributions (Motokawa and Sugawara 2023b; Schier et al.
2025), lowering cognitive load but typically providing correlational, not causal, insights.
counterfactual reasoning 4.2.3 constructs hypothetical scenarios to uncover causal mech-
anisms behind action choices (Gyevnar et al. 2025), though it is computationally costly and
data-sensitive. intrinsic motivation analysis 4.2.4 analysis models drives using semantic
concepts or interpretable rewards (Zabounidis et al. 2023; Miyake et al. 2024; Huang et al.
2025), delivering deep semantic explanations at the cost of heavy prior knowledge reliance
and limited generalization.

Intrinsic Connections: A Multi-Perspective Explanatory Framework

The four paradigms are not isolated; they form a naturally complementary spectrum in
explanatory depth and focus, constructing a holistic explanatory chain from “behavioral
manifestation” to “behavioral motivation”. This systematic framework is manifested in
three aspects:

o Complementary Explanatory Perspectives: Explanatory depth increases progres-
sively. Policy abstraction describes “what the behavior is” (rules), feature attribution
reveals “on what the behavior depends” (inputs), counterfactual analysis explains “why
the behavior occurred” (causality), and motivation analysis clarifies “for what purpose
the behavior is pursued” (goals).

e Taxonomic Coverage: The four methods provide the primary theoretical perspectives
for explaining individual decision-making behavior from four dimensions: logic (How),
perception (What), causality (Why), and motivation (For What).

e Functional Complementarity: They mutually supplement each other to approximate
a complete understanding of agent behavior. For instance, explaining an agent’s lane-
changing decision at an intersection may require: first, consulting a policy graph (policy
abstraction) to see its standard rule for such states (logic); second, using an attention
heatmap (feature attribution) to inspect whether attention is assigned to the trailing ve-
hicle (perception); third, employing counterfactual reasoning to verify if it would have
stayed in lane if no trailing vehicle were present, assessing the causal necessity of that
focus (causality); and finally, combining its reward function parameters (motivation
analysis) to infer whether the behavior stems from a deep-seated preference for “effi-
ciency-first” or “safety-first” (motivation).

Limitations and future directions

Current micro-level explanation methods (e.g., policy abstraction, attention mecha-
nisms), while providing intuitive local insights, face fundamental constraints in explanatory
depth and generalization. Most methods rely on manual prior design, making automated
adaptation to complex tasks difficult. Moreover, they primarily reveal statistical associa-
tions between input features and decisions rather than causal mechanisms, compromising
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Table 4 Comprehensive comparison of micro-level individual behavior explainability techniques

Technique Core Representative techniques Explana-  Core Inherent
category explanatory tory focus  advantages limitations &
question challenges
Policy What Transparent model design Transpar-  Intuitive Poor adaptability
Abstraction decision Luvisutto et al. (2025); ency and  explanations  to high-dimen-
& Model  rulesdoes  LLM-based program synthe- structure  with clear sional/continuous
Extraction the agent sis for automated discovery  of decision logical chains, states; Reliance
(4.2.1) follow? (Castro et al. 2025a, b); Rule logic supporting on manually
distillation (Milani et al. decision designed predi-
2022b; Xi-Jia et al. 2025); tracing and cates/concepts;
Hierarchical representation comparison;  Model distillation
(Doménech I Vila et al. Emerging may introduce
2022; Wan et al. 2025a); automated errors; Automated
Semantic mapping (Ji et al. methods methods face ex-
2023; Hu et al. 2024c; Rei- may reduce tremely high com-
estad 2025) reliance putational costs
on manual and generated
design and code readability
generate challenges
inspectable
symbolic
models or
testable
hypotheses
Attention ~ What Conditional/instruction- Perceptual  Intuitive Mostly correla-
& Feature  information modulated attention (Moto- basisand  visualizations tional rather than
Attribution does the kawa and Sugawara 2023b, informa- that reduce causal explana-
4.2.2) agent focus  c¢); Multi-perspective/evolu-  tion impor- cognitive load tions; May pro-
on when tion analysis (Motokawa tance for and are useful duce misleading
deciding?  and Sugawara 2023a; Chen  decisions  for diagnos-  attributions; Diffi-
et al. 2024); Prior fusion ing perceptual culty in revealing
(Liu et al. 2025a; Yang et al. errors deep reasoning
2025b); Hybrid model attri- logic
bution (Schier et al. 2025);
Hard attention (Cheng et al.
2025)
Counter- Why was Latent variable inference Causal Provides High computa-
factual this action  (Jiang et al. 2024; Taghavi ~ mecha- causal and tional complexity;
Reasoning chosen over and Farnoosh 2025a); Indi-  nism and contrastive dependence on
& Influence another? vidual contribution quan- criticality ~ explanations  model assump-
Analysis tification (Li et al. 2024f); of actions  to probe tions and the qual-
(4.2.3) Simulation+LLM automated behavioral ity or sufficiency
explanation (Gyevnar et al. motives of available data;

2025)

challenges

in ensuring
reasonableness
of counterfactual
scenarios
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Table 4 (continued)

Technique Core Representative techniques Explana- Core Inherent
category explanatory tory focus  advantages limitations &
question challenges
Intrinsic What is the Concept bottleneck models ~ Semanti-  Deep, seman- Strong depen-
Motivation intrinsic (Zabounidis et al. 2023; cized moti- tically rich dence on prior
& Goal driving Grupen et al. 2022); Inter- vations and explanations  knowledge
Analysis force pretable reward/personality — preferences that directly  (concepts, goal
4.2.4) behind the  (Huang et al. 2025; Miyake  behind enhance templates); lim-
agent’s et al. 2024); Semantic behavior human-AI ited generaliza-
behavior?  supervision alignment trust tion; automation
(Toquebiau et al. 2025); remains limited in
Physics-inspired decom- many approaches

position (Li et al. 2025b);
Formal verification and
model checking (Taghavi
and Farnoosh 2025b)

reliability in safety-critical applications. To overcome these limitations, future research
should focus on the following specific technical pathways:

o Automated Concept Discovery: Fusing representation learning with the semantic un-
derstanding capabilities of LLMs to enable automated or semi-automated generation
of high-level predicates, subgoals, and intrinsic motivation functions. This reduces de-
pendency on domain knowledge and enhances scalability, extending automation-related
approaches such as those explored by Xi-Jia et al. (2025); Gyevnar et al. (2025).

e Lightweight Causal Integration: Developing low-overhead, online causal discovery
modules that can be co-trained with policy networks. Deeply embedding theoretical
frameworks like Structural Causal Models into the learning process can enable real-
time, verifiable causal attribution for decisions, driving a fundamental shift in explana-
tion paradigms from “correlation” to “causation” (Jiang et al. 2024).

o Interactive Explanation Frameworks: Designing interactive systems capable of dy-
namically generating multi-granularity explanations based on user roles and real-time
queries (Zhang et al. 2024b). Establishing quantitative evaluation protocols covering
fidelity, robustness, and cognitive efficiency is crucial to steer the field towards stand-
ardization and practical utility.

In conclusion, through coordinated advancement along these research directions, explain-
ability techniques for micro-level individual behavior are poised to evolve from auxiliary
analytical tools into core components for constructing transparent, trustworthy, and high-
performance agent policies.

4.3 Explainability techniques for agent interaction and collaboration mechanisms

The intelligence of a MAS stems not only from the individual capabilities of its constitu-
ent agents but is also rooted in the complex and dynamic interactions and collaborations
among them. Therefore, to truly understand and trust an MAS, the key lies in systematically
examine its collaborative mechanisms. In this review, explanations of agent interaction and
collaboration are organized around five complementary questions regarding collaborative
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behavior (as shown in Fig. 5): (1) the Information Structure—on what information do
collaborative decisions depend? Whom do agents attend to, and how is information struc-
tured, flowing, and integrated? (2) the Communication Semantics—how do agents engage
in explicit ‘dialogue’? Through what specific protocols, content, and timing is micro-level
coordination achieved? (3) the Intrinsic Logic—is an observed collaborative pattern
driven by causality or merely a spurious statistical correlation? What are the causal chains
between actions? (4) the Organizational Form—does the system exhibit stable functional
social structures? What are the role divisions and the enduring patterns and norms of col-
laboration? and (5) the Incentive Root—How does the mechanism of rewarding collective
achievement incentivize collaboration within the team?

These five questions provide an organizing framework for surveying explainability in
agent interaction and collaboration, progressing from intuitive information flows to under-
lying incentive structures. To address them, research has coalesced around five complemen-
tary technical paradigms: Attention and Relational Modeling for revealing informational
foundations, Communication Protocol Parsing for interpreting interaction semantics,
Causal Reasoning for validating interaction logic, Role and Behavioral Pattern Discov-
ery for uncovering organizational structures, and Team Value Decomposition for explain-
ing incentive roots. Together, these paradigms provide complementary perspectives on
interaction- and collaboration-level explanation. The following sections detail how they
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Fig.5 Technical framework for explaining intelligent agent interaction and collaboration: core issues and
five types of technologies
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collectively address the above questions, providing a unified lens for explaining multi-agent
collaboration.

4.3.1 Information structure analysis via attention mechanisms and relational
modeling

This category of methods approaches the mechanistic interpretation of collaboration from
an information-centric perspective, aiming to address the core questions: “How does
information flow during collaborative decision-making, and whose information is more
critical?” Its technical essence lies in visualizing the distribution of attention weights within
neural networks or explicitly learning and constructing relational graph structures among
agents. This reveals the underlying information dependencies and interaction topologies
that govern collaborative behaviors. As an intuitive and commonly used technical para-
digm, it provides a structural snapshot of the collaborative system, uncovering agents’ real-
time attention preferences and interaction weights. It is therefore commonly regarded as
foundational input for subsequent in-depth analyses, such as causal verification or semantic
interpretation.

To systematically elucidate the informational foundations of collaboration, this line of
inquiry is pursued along two primary pathways: first, the multi-perspective analysis of
attention weights, which aims to translate implicit information focus into interpretable
quantitative metrics; and second, the structured construction of inter-agent relationships,
which aims to explicitly characterize interaction topologies through graphs or matrices.
Together, these constitute the methodological pillars for understanding “how information
flows” in collaborative settings.

Multi-perspective analysis of attention weights

This research direction focuses on analyzing or designing attention mechanisms to
transform the implicit information preferences exhibited by agents during decision-making
into explicit weight distributions. This reveals the informational structural basis of “who
to attend to” and “why it matters” in collaboration. Based on differing research emphases,
this can be further subdivided into three streams: the design and improvement of attention
mechanisms, methodological research on the interpretability of attention itself, and visual-
ization and analysis techniques for attention weights.

Design and improvement of attention mechanisms. Research in this stream is dedi-
cated to proposing novel attention architectures whose core mechanisms are intrinsically
interpretable. For instance, Sun et al. (2023) designed a two-stage graph attention mecha-
nism that employs hard attention to filter communication partners into a sparse subgraph,
followed by soft attention to compute continuous contribution weights. This architecture
inherently provides explanations for communication topology and contribution levels in
air combat simulation environments and significantly reduces communication overhead,
though its computational complexity may become a bottleneck in large-scale swarms. Qi
et al. (2022) proposed the Adaptive Gated Graph Attention Network (AGGAT), which mod-
els interactions through a “coarse-to-fine” three-level cascaded attention mechanism (adap-
tive neighbor selection, standard weight attention, and gated attention). Its interpretability is
manifested as multi-level binary neighbor matrices, continuous weights, and gating signals,
effectively filtering information noise in environments like traffic intersections, albeit at a
high computational cost. Li et al. (2022) focus on time-varying composite action spaces,
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using Graph Attention Networks to explicitly model dependencies among sub-actions. The
attention weights provide an explanation for heterogeneous action associations, offering a
first systematic treatment of this problem, though the framework’s complexity results in
significant computational overhead.

To further enhance the transparency of credit assignment and improve policy perfor-
mance, researchers have designed novel paradigms that integrate attention. Chen et al.
(2025b) introduced attention mechanisms (dual attention) concurrently within an Actor-
Critic framework, enabling the Actor to aggregate collaborative information via cross-
attention while the Critic performs precise credit assignment. This mechanism provides an
interpretable perspective on collaboration relevance in Multi-Agent Particle Environment
(MPE) cooperative tasks and converges rapidly, though training time increases compared
to baseline methods. Li et al. (2023) proposed constructing an intrinsic reward network
via attention mechanisms (AIR), which uses attention weights to calculate inter-agent cor-
relations and generate intrinsic rewards. In heterogeneous StarCraft Multi-Agent Challenge
(SMAC) scenarios, it provides an intuitive basis for credit assignment; however, its assump-
tion that collaborating agents share similar observations and behaviors limits its generaliz-
ability. Shah et al. (2024) leveraged a Decision Transformer architecture, incorporating an
Agent Priority Module (APM) that utilizes attention weights to compute individual contri-
butions, thereby producing explicit attention-based contribution estimates. This approach
balances safety and interpretability in SMAC and Multi-agent MuJoCo environments,
though its scalability to very large-scale scenarios requires further validation.

Research on the interpretability of attention mechanisms. This stream systematically
investigates the explainability of attention mechanisms themselves. Kailas et al. (2025) con-
ducted a comprehensive exploration, evaluating the applicability of three post-hoc GNN
explainers—GraphMask, GNN-Explainer, and Attention Explainer—in multi-agent col-
laboration. They also proposed attention entropy regularization to enhance explanation
faithfulness. This method is simple, effective, and does not compromise task performance;
however, existing explainers like GraphMask are limited by hard binary masks, making
it difficult to capture diffuse interaction influences. Itaya et al. (2023) extended the Multi-
Agent Actor-Critic (MAAC) framework by introducing independent attention heads for
each Actor, enabling intuitive and comprehensible explanations for collaborative decisions
without requiring additional backpropagation and without degrading task performance. A
limitation is that its computation relies on the states of all agents, restricting its use in fully
decentralized scenarios.

Visualization and analysis techniques for attention weights. This body of work
focuses on transforming learned attention weights into human-intelligible explanatory out-
puts through various technical means, serving as a bridge between the model’s internal
state and user cognition. Common forms include heatmaps, evolution graphs, and topology
overlay visualizations. For example, Hao et al. (2023) fused mean-field theory with Graph
Attention Networks (GAT), supporting large-scale scenarios and providing an intuitive
interpretation of interaction weights. A limitation is its reliance on the assumption of a static
graph with fixed agent positions, making it unsuitable for scenarios with dynamic positional
changes. Chen et al. (2025d) utilized GNN attention mechanisms to automatically discover
interpretable dependencies among sports facilities, achieving low communication overhead
and good scalability. However, it assumes perfect sensor data, and its interpretability is
confined to facility associations rather than fine-grained decision logic. Lei et al. (2025)
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employed a multi-head attention mechanism to capture multi-perspective relationships,
offering clear collaborative interpretability and good scalability. Its drawbacks include reli-
ance on a simplified 2D motion model and explanations that do not delve into fine-grained
individual action logic. Du et al. (2022) revealed agent preferences for neighbors and rela-
tionship types through hierarchical attention weights (agent-level and relationship-level),
adapting well to heterogeneous agents and complex relational scenarios. However, its inter-
pretability analysis tends to be qualitative, lacking systematic evaluation metrics.

Structured construction of explicit relationship graphs

This research direction emphasizes the explicit construction and visualization of interac-
tion relationship structures among agents. Based on the representation form and construction
mechanism, it is primarily divided into two major categories: relationship construction
based on graphs and relationship modeling based on weight matrices.

Relationship construction based on graphs. These methods treat agents as nodes and
model their interaction relationships as edges in a graph, intuitively presenting the col-
laboration topology through the graph structure. Based on construction methodology, they
can be further classified into static prior graphs, dynamic learned graphs, and complex
structure graphs.

Static graph construction based on domain knowledge yields structures with clear physi-
cal meaning. For example, Han et al. (2022b) designed a specialized 4ir Combat Relation-
ship Graph (ACRG), using a Graph Attention Network to explicitly model key synergistic
relationships. This enhances policy interpretability and decision efficiency; however, the
construction of the ACRG relies on a predefined graph attention mechanism, which may fail
to capture more complex, multi-level dependencies.

Dynamic graph structures offer better adaptability to complex environments. Fu et al.
(2024) constructed a Hierarchical Scalable Collaboration Graph (ECG) whose dynamic
topology provides intuitive explanations for hierarchical synergy and supports zero-shot
transfer. A drawback is that its collaborative actions require manual design, and the training
complexity for graph operators is high. Peng et al. (2025a) integrated evolutionary algo-
rithms with GNNs to model dependencies, enhancing exploration through evolution and
improving collaborative interpretability via GNNs. This approach, however, incurs signifi-
cant computational overhead, and the GNN’s explanations are contingent on the accuracy of
the learned graph structure. Pesce and Montana (2023) proposed Connection-Driven Com-
munication (CDC), which uses heat kernels to simulate information diffusion. Its commu-
nication patterns are intuitive and adapt to varying numbers of agents, but the heat kernel
computation is complex, and threshold parameters require careful tuning. Liu et al. (2022a)
employed Temporal Convolutional Networks (TCNs) to learn dynamic edge weights, capa-
ble of dynamically capturing temporal collaboration intensity. The resulting weight heat-
maps are intuitively interpretable; however, its receptive field parameters must be adjusted
based on task characteristics, and its adaptability to tasks lacking distinct temporal features
is limited. Duan et al. (2024b) dynamically infer collaboration relationships via an Implicit
Temporal Sparse Coordination Graph (LTS-CG), leveraging trajectories to capture tempo-
ral dependencies with strong interpretability. Limitations include the need for manual tuning
of the graph loss weight and potential inefficiency in processing very long trajectories. Li
etal. (2025a) formed “information groups” through a dynamic directed graph model, adapt-
ing well to large-scale agent scenarios with low training cost. However, the scalability of
its adjacency matrix is limited, and its robustness in communication-constrained scenarios
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requires further verification. Liu et al. (2023b) introduced a Deep Hierarchical Communica-
tion Graph (DHCG) whose acyclic structure ensures convergence and reduces redundant
communication, with interpretable intention propagation. In large-scale scenarios, however,
intention sharing can be time-consuming, and the Directed Acyclic Graph (DAG) projection
adds extra computational cost.

To model group-level or higher-order collaboration, researchers have introduced com-
plex graph structures. Zhu et al. (2024) were the first to introduce hypergraphs into MARL
for communication modeling. The hypergraph structure offers strong modeling capacity and
efficient communication, but hypergraph construction is computationally expensive. Fan
et al. (2025) proposed a Factor-based Multi-agent Transformer, which uses factor graphs
to explicitly represent group-level relationships, significantly reducing computational
complexity. A limitation is that factor partitioning relies on prior knowledge. Zhang et al.
(2025b) designed a learnable communication graph combined with collaborative coordinate
attention for path planning, achieving high structural and semantic clarity. The technol-
ogy stack is complex, however, leading to considerable computational overhead. Ren et al.
(2023) employed a Hierarchical Graph Attention Network (HGAT) with Gated Recurrent
Units to aggregate spatiotemporal information, adapting to heterogeneous environments
with transparent exploration strategies. Its network structure is complex, and the depth of
interpretability heavily depends on the quality of visualization.

Relationship and incentive sharing modeling based on weight matrices. These meth-
ods forgo explicitly constructing interaction graphs. Instead, they learn an interpretable
weight matrix that directly defines the attention or dependency relationships among agents
for reward or loss allocation. This embeds relationship modeling deeply within the incentive
mechanism, achieving a synergistic optimization of collaboration efficiency and interpret-
ability. For instance, Gemp et al. (2022) proposed an individual loss adjustment mechanism
based on a learnable mixing matrix. Here, each agent maintains a row-stochastic matrix
to form a convex combination of its own loss with the losses of other agents, dynamically
optimizing system efficiency (measured via the price of anarchy) in mixed-motive settings.
The weights of the mixing matrix directly and quantitatively reveal each agent’s trade-off
between self-interest and the interests of others, explaining the social preference structure
within the collaboration. Similarly, the creed model proposed by Radke et al. (2023) uses a
parameterized vector to explicitly regulate an agent’s attention weights on individual, team,
and system-level rewards. Its creed parameters provide a clear semantic explanation for the
agent’s collaborative motivations and can guide role specialization in scenarios with incom-
plete common interests. Such methods model and explain relationships from the very source
of incentive allocation, offering more direct and quantitative analytical tools for understand-
ing the interest structure and driving forces behind collaboration.

Collectively, information structure analysis techniques based on attention mecha-
nisms and relationship modeling provide a direct pathway to interpretability concerning
“how information flows and focuses” during collaboration, through the visualization of
weights and the construction of explicit graph models. To systematically delineate their
characteristics, a comparative analysis of representative studies is presented in Table 13,
covering technical approaches, core mechanisms, advantages, limitations, and applicable
scenarios. However, significant challenges persist. First, as indicated by Kailas et al. (2025),
high attention weights or connections indicate correlation rather than causation, raising
concerns about explanation faithfulness. Second, despite attempts like Hao et al. (2023)
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to visualize large-scale systems, computational complexity presents substantial scalability
challenges. Finally, current methods (Han et al. 2022b) often require manual mapping of
low-level numerical weights to high-level tactical semantics, impeding effective collabora-
tion with domain experts.

Future research should pursue several promising directions:

o Develop Theoretical Foundations and Verification Methods: Explore integrating
theories such as causal inference (Briglia et al. 2025) to build theoretical explanation
frameworks atop attention mechanisms, distinguishing correlation from causation, and
enhancing the reliability of information structure explanations for models like Sun et al.
(2023), Qi et al. (2022).

e Design Lightweight and Efficient Algorithms: To overcome the scalability challenges
identified in Hao et al. (2023) and Lei et al. (2025), future work should investigate
efficient attention approximation algorithms and simplified dynamic graph models to
facilitate real-time analysis of information structures in large-scale, online systems.

o Promote Semantic Fusion and Automatic Annotation: Investigate the combination
of Natural Language Processing (NLP) and LLMs with visualization techniques to
automatically assign high-level semantic labels to interaction patterns discovered by
methods like Han et al. (2022b), thereby bridging the gap from “numerical weights” to
“tactical concepts”.

4.3.2 Interaction semantics interpretation via communication protocol analysis

This category of methods approaches the explanation of collaboration mechanisms from the
perspective of expression modalities, aiming to answer the question: What specific ’dia-
logue’ semantics do agents employ to coordinate? Its technical core involves analyzing the
content, sender, receiver, and timing of communicated messages to interpret the language
established among agents for achieving collaboration. It forms a complementary relation-
ship with information structure analysis at the surface and deep levels: the former focuses
on “how information flows”, while the latter focuses on “what the information content is”.

Centered on the interpretation of dialogue semantics, related research progresses along
three main fronts: first, the information-theoretic optimization and explanation of commu-
nication content to enhance message utility and comprehensibility; second, the structural
analysis of communication patterns and protocols to clarify the rules and frameworks of
coordination; and third, promoting the transparency of communication semantics and inte-
gration with natural language to bridge the human—machine semantic gap. These fronts
collectively aim to answer how agents coordinate through dialogue.

Information-theoretic optimization and explanation of communication content

This direction focuses on optimizing and interpreting the communication messages
themselves. Message distillation based on the information bottleneck is a significant the-
oretical foundation for achieving efficient and robust communication. Yang et al. (2024)
employ an information bottleneck to optimize communication, enabling dynamic team
formation and heterogeneous channels. However, the high computational complexity of
its team reasoning strategy may limit scalability in large-scale environments. Ding et al.
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(2023b) applied the Graph Information Bottleneck (GIB) to multi-agent communication,
resulting in strong robustness and efficient communication representation. A drawback is
its strong dependency on graph structure, and the information bottleneck optimization may
increase training complexity.

Dynamic weight analysis of communication content constitutes another important line
of work. Guan et al. (2022) achieved efficient message aggregation and good scalability
through Self-supervised Information Aggregation (MASIA); however, its performance may
be unstable in sparse reward scenarios. Zhang et al. (2025¢) implemented information com-
pletion via a Pluggable Adaptive Generation Network (PAGNet), significantly improving
collaboration efficiency. Limitations include potential instability in training the generative
model and limited scalability in extremely large-scale scenarios.

Intent-driven communication decisions explicitly link communication acts to inter-
nal states. He et al. (2025b) realized real-time intent-driven communication through an
Intent-Correlation Network (ICN), enhancing training stability and efficiency. Its limita-
tions include reliance on predefined influencing factors and high computational complexity.
Yuan et al. (2022) generated incentivizing messages via decentralized teammate modeling,
avoiding policy space explosion and improving efficiency through sparse communication.
However, the teammate modeling scales poorly to very large numbers of agents, and it relies
on simple IDs to distinguish agents.

Structured analysis of communication patterns and protocols

This direction focuses on providing a structured characterization of communication
behavior itself. Explicit communication matrices and graph structures represent the
most direct approach. Meng and Tan (2024) achieve personalized communication through
linear-complexity modules, drastically reducing computational cost. Its drawbacks include a
simplistic ID embedding method and reliance on a fixed number of communication rounds.
Similarly, Hu et al. (2024b) employed a bi-level optimization to automatically search for an
optimal communication topology, matching the performance of a fully-connected graph in
several tasks. However, its training requires bi-level optimization, incurring high compu-
tational cost, and the static graph may not adapt to dynamic topology changes. Shao et al.
(2022) enhanced zero-shot generalization ability and communication efficiency through a
self-organizing group mechanism, but it relies on perfect communication channels, and the
group size in random elections depends on a hyperparameter.

Some research aims for interpretable coordination by having agents follow pre-designed
protocols. Sheng et al. (2022) proposed the LSC framework combined with a Cluster-Based
Routing Protocol (CBRP), achieving high communication efficiency and strong scalability.
However, its weight generator requires additional training, and the CBRP protocol is non-
differentiable. Selimovi¢ et al. (2024) approached the problem from the perspective of dis-
tributed algorithms, designing a consensus-based collaboration mechanism where decisions
are based on group consensus, thereby enhancing interpretability. Its assumptions of a fully
connected communication graph may not hold in practice, and the perception confidence
threshold requires manual adjustment.

Transparent communication semantics and natural language integration

This direction is dedicated to directly enhancing the semantic interpretability of the
communication content itself. The advent of LLMs has brought revolutionary progress to
semantic communication. For example, Li et al. (2024b) leveraged an LLM to generate
human-readable natural language messages, producing human-readable communication
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intended to improve semantic transparency. Limitations include the training’s dependence
on high-quality message labels generated by a teacher LLM, and the initial difficulty for
agents to coordinate when generating messages based solely on local observations. The
LangGround method proposed by Li et al. (2024c) significantly enhanced the human inter-
pretability of communication and cross-team collaboration ability. However, it similarly
relies on the quality of LLM-synthesized data and requires tuning alignment hyperpa-
rameters. Godfrey et al. (2024) utilize LLMs for negotiation to generate high-level plans,
substantially reducing training time and offering a highly interpretable decision process.
Drawbacks include high latency due to reliance on LLM APIs and limited applicability in
continuous or complex environments.

To enhance the formality and computability of semantic communication, Gemp et al.
(2024) modeled multi-round dialogues as an extensive-form incomplete information game,
employing game-theoretic algorithms such as Counterfactual Regret Minimization (CFR)
and Policy Space Response Oracles (PSRO) to solve for equilibrium strategies. The result-
ing strategic instructions were then injected as interpretable signals into the LLM’s genera-
tion process, thereby improving the theoretical traceability and semantic transparency of
interactive behaviors within natural language integration. Furthermore, a pioneering study
by Daskalakis et al. (2024) employed an LLM as a narrative parser to automatically con-
struct formal game trees from story text. Through game equilibrium analysis, it provided
rational-choice-based motivational explanations for character behavior, demonstrating the
potential of LLMs for semantic explanation and counterfactual reasoning in complex inter-
active behaviors. While the explanations generated by this method possess a formal founda-
tion, it currently relies on prompt engineering and remains at the proof-of-concept stage.

In summary, interaction semantic explanation techniques based on communica-
tion protocol analysis provide a direct pathway to interpretability for understanding “how
agents coordinate through dialogue” in collaboration, by dissecting message content, opti-
mizing communication structures, and even integrating natural language. To systematically
outline their characteristics, Table 14 presents a comparative analysis of representative stud-
ies, covering technical approaches, core mechanisms, advantages, limitations, and appli-
cable scenarios.

Nonetheless, this field continues to face serious challenges:

e First, a fundamental tension exists between semantic richness and efficiency. Studies
such as Li et al. (2024b) and Godftrey et al. (2024) demonstrate the powerful interpret-
ability of natural language communication. However, this approach is characterized by
high bandwidth and latency, which hinders its applicability in real-time systems. Con-
versely, Information Bottleneck-based methods, such as those presented by Yang et al.
(2024) and Ding et al. (2023b), improve efficiency. Yet, the learned abstract representa-
tions often lack semantic transparency.

e Secondly, while promising, LLM-driven communication in studies such as Li et al.
(2024b, 2024c) and Godfrey et al. (2024) is susceptible to inherent “hallucination”
problems, potentially generating inaccurate or misleading content, which constitutes a
critical flaw in safety-sensitive scenarios.

e Finally, concerning protocol flexibility, predefined structured protocols such as those of
Selimovi¢ et al. (2024) and Meng and Tan (2024), often lack adaptability, whereas fully
learned protocols, such as in Hu et al. (2024b), frequently exhibit limited generalization
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capability.
Future research could seek breakthroughs in the following aspects:

e Develop Hierarchical Communication Frameworks: Build upon the information
compression concepts from Yang et al. (2024) and Ding et al. (2023b) to design effi-
cient low-level signals, while integrating the semantic generation capabilities of Li et al.
(2024b) and Godfrey et al. (2024) to employ natural language at critical decision points.
This approach strikes a balance between efficiency and semantics.

e Enhance Reliability and Robustness: Address the “hallucination” issue in LLMs by
incorporating verification, correction, and uncertainty quantification mechanisms for
generated content. This direction can extend research such as Li et al. (2024b) and Li
et al. (2024c).

e Explore Causal and Counterfactual Explanations: Integrate causal reasoning tools,
such as those referenced in Briglia et al. (2025) and Meli et al. (2025), into communica-
tion analysis. This would facilitate explanations not only of “what was communicated”
but also of “why this communication was necessary” and “what the outcome might have
been under a specified counterfactual intervention”, thereby deepening the explanatory
depth.

4.3.3 Interaction relation verification via causal inference

This category of methods approaches the explanation of collaboration mechanisms from an
intrinsic logic perspective, aiming to answer the fundamental questions: Do genuine causal
relationships exist between agent behaviors? What is the cause, and what is the effect? Its
technical core involves employing tools such as causal discovery, intervention experiments,
and counterfactual analysis to rigorously test and quantify causal effects between actions. It
forms a complementary relationship with methods like information structure analysis and
semantic interpretation, distinguishing between the descriptive and the explanatory: the
former reveals what is, while the latter reveals why it is.

To rigorously verify causality between behaviors, this category constructs a hierarchi-
cal analytical framework: First, through interaction structure learning based on causal
discovery, it infers potential causal graphs from data. Subsequently, by quantifying causal
effects via counterfactual reasoning, it assesses the impact of specific actions or events.
Going further, it achieves synergy between interpretability and policy learning by deeply
integrating causal models into the learning architecture. This framework aims move beyond
purely correlational analysis by examining potential causal influences in collaboration.

Interaction structure learning based on causal discovery

These methods automatically learn the causal structure among variables from observa-
tional data. Briglia et al. (2025) utilized the PC algorithm for online learning of a causal
Bayesian network and employed the causal graph for intervention. The framework is algo-
rithm-agnostic and can enhance safety, but its causal discovery relies on a random policy,
resulting in low efficiency and high variance, with limited effectiveness in highly coopera-
tive tasks. Chen and Zhang (2023) introduced a context-aware Bayesian network, captur-
ing dynamic dependencies through differentiable Directed Acyclic Graph (DAG) learning,
which improves cooperation efficiency and supports the CTDE paradigm. However, DAG
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learning can be unstable under partial observability. Wu et al. (2022) introduced the Con-
vergent Cross Mapping (CCM) method for task allocation, enabling quantitative assessment
of coordination levels and identification of sub-team structures. Its drawbacks include high
computational complexity and potential insensitivity to extremely sparse networks. Meli
et al. (2025) employed the PCMCI+ algorithm to learn causal structures from time-series
data, combining feature attribution with causal discovery. Limitations include the potential
inability of integrated gradients to capture indirect effects of communication, and the sensi-
tivity of causal discovery to the length and quality of time-series data.

Causal effect quantification based on counterfactual reasoning

These methods quantify causal influence by constructing “what-if” scenarios. Zhao
and Xie (2025) proposed the Multi-level Advantage Counterfactual Advantage (MACA)
function, which explicitly models multi-level credit assignment. It is suitable for complex
collaboration scenarios and offers theoretical guarantees, but it relies on global state for
training, and the attention computation increases complexity. Jin et al. (2025b) introduced
a Counterfactual Group Relative Policy Advantage (CGRPA) module for counterfactual
contribution measurement, providing an intuitive explanatory tool for credit assignment.
However, the accuracy of its counterfactual estimation is sensitive to hyperparameters, and
generalization capability may be limited in some complex environments. Chai et al. (2024)
proposed a Model-based Counterfactual Imagination method (MACD), enabling efficient
counterfactual evaluation based on the latest policy. Its limitations include the complexity
of world model training and the restriction of counterfactual evaluation accuracy by model
prediction error. Gao et al. (2025) proposed a communication method based on Counter-
factual Message Value (CMV), yielding an explicitly interpretable communication pattern
and effectively reducing redundancy. However, its effectiveness heavily depends on the
accuracy of the centralized critic.

Counterfactual reasoning has also been widely applied in other works. Wenhan et al.
(2024) achieved precise credit assignment through counterfactual reward estimation, effec-
tively handling heterogeneous agents and mixed action spaces. This requires training an
additional reward network, increasing computational complexity, and is sensitive to hyper-
parameters. Shi et al. (2025) performed counterfactual reasoning by learning a generative
model, capable of capturing the causal mechanism of reward generation and effectively
promoting cooperation. Its limitations include dependency on the accuracy of the genera-
tive model and potential fragility in the presence of non-cooperative or adversarial agents.
Maliha and Hougen (2025) proposed a mask-based perturbation framework to identify key
states, achieving interpretability for multi-agent coordination. However, it relies on the
selection of a mask threshold and requires additional training of a mask network. Nagpal
et al. (2025) leveraged an LLM for credit assignment, producing intuitive and comprehen-
sible natural language explanations. Its drawbacks include heavy reliance on the quality
and reasoning speed of the LLM, resulting in substantial computational overhead and high
latency.

Architecture design based on causal model integration

These methods deeply integrate causal models into the learning architecture. Yao et al.
(2024) constructed a Structural Causal Model (SCM) and utilized causal intervention to
quantify influence, providing a causal explanation for black-box value decomposition. Its
implementation relies on manual partitioning of the external state and the accuracy of the
world model, while also increasing computational complexity. Du et al. (2024) quantified
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context-dependent causal influence by constructing a Multi-Agent Causal Graphical Model
(MACGM), using it as an intrinsic reward to guide collaborative strategy from the ground
up. Limitations include high computational cost for conditional mutual information and the
need for tuning the temperature parameter of the intrinsic reward. Selmonaj et al. (2025b)
proposed an Information-theoretic Shapley value-based Instrumental Cooperative Value
(ICV) method, which can provide multi-perspective behavioral explanations completely
without a reward signal. However, computing the Shapley value for all permutations suf-
fers from combinatorial explosion, and the sequential value Markov game framework is an
approximation of the actual parallel environment.

In summary, interaction relationship verification techniques based on causal rea-
soning provide a causally oriented pathway to interpretability for answering whether
“behaviors are driven by genuine causality” in collaboration, through discovering causal
structures, quantifying counterfactual effects, and integrating causal models. To systemati-
cally delineate their characteristics, Table 15 presents a comparative analysis of representa-
tive studies, covering technical approaches, core mechanisms, advantages, limitations, and
applicable scenarios.

Notwithstanding these advances, the field faces several notable challenges:

o Computational Complexity: Causal discovery algorithms (e.g., PCMCI+ as employed
by Meli et al. (2025)) and counterfactual reasoning methods (Chai et al. 2024; Wenhan
et al. 2024) are computationally intensive, limiting their scalability in large-scale MASs.

e Estimation Instability: The reliability of counterfactual estimates remains a concern;
methods from Wenhan et al. (2024) and Shi et al. (2025) exhibit sensitivity to model
specifications and hyperparameters, posing risks of estimation bias and variance.

e Interpretability Deficit: Resulting causal structures or influence measures, as explored
in Briglia et al. (2025) and Meli et al. (2025), often remain abstract and lack intuitive
interpretability for domain experts, leading to a persistent “explanation gap” between
technical causal models and practical understanding.

Future research should prioritize addressing these limitations through the following
directions:

o Developing Efficient Causal Algorithms: Investigate lightweight causal discovery and
counterfactual reasoning methods specifically designed for MASs, targeting the com-
putational bottlenecks identified in Meli et al. (2025) and Chai et al. (2024) through
approximation techniques and distributed computing paradigms.

e Improving Estimation Robustness: Explore more stable causal effect estimation
methods building upon the work of Wenhan et al. (2024) and Shi et al. (2025), incor-
porating robust statistical techniques and sensitivity analysis to reduce dependence on
specific model assumptions.

e Promoting Intuitive Explanations: Create specialized visualization tools for causal
structures learned by methods like Briglia et al. (2025) and Yao et al. (2024), and inte-
grate causal explanations with natural language generation to facilitate the translation
from technical “causal graphs” to comprehensible “causal narratives” for diverse stake-
holders.
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Through continued exploration along these directions, causal inference may become an
increasingly important component for constructing next-generation trustworthy MASs. This
evolution will provide a solid foundation for robust safety-relevant safety guarantees and
decision transparency in complex collaborative environments, ultimately enabling more
reliable and explainable autonomous systems.

4.3.4 Collaboration structure discovery via roles and behavioral patterns

This category of methods approaches the explanation of collaboration mechanisms from
an organizational structure perspective, aiming to answer the question: What kinds of
functional division of roles and stable collaborative patterns have emerged in the system? Its
technical core involves using unsupervised learning or structured methods to automatically
identify functional role categories from agents’ behavioral data and to analyze the recurring
or relatively stable collaborative patterns between different roles. It complements techniques
like information structure analysis and causal verification by contrasting the transient with
the long-term, and the microscopic with the macroscopic: the former focus on short-term
interactions, while the latter focus on long-term, stable social structures.

To uncover the stable organizational structures emergent within a system, this category
explores from multiple perspectives: Dynamic Role Assignment and Evolution focuses on
the adaptive formation of functional divisions of labor; Hierarchical Intention and Cogni-
tive Alignment endeavors to explain the high-level goals and mental models underlying
policies; Organizational Models and Structured Policies introduce explicit frameworks
to constrain and guide collaborative behavior; and Collaborative Pattern Extraction and
Abstraction directly mines reusable interaction prototypes from behavioral data. These
perspectives collectively characterize the macro-scale form and evolutionary patterns of
collaboration.

Dynamic role assignment and evolution

These methods dynamically assign functional roles through online learning mechanisms.
The Role-Oriented Graph Convolutional Network (ROGC) proposed by Liu et al. (2022b)
exhibits strong adaptability in dynamic role assignment, and intra-group communication
enhances collaboration efficiency. However, its clustering method is sensitive to sample
quality, and the number of roles must be predefined. The Role-Based Heterogeneous Action
Representation (RBHAR) method proposed by Li et al. (2024d) also offers strong adapt-
ability in dynamic role assignment, and heterogeneous action representation increases
policy diversity. Its limitations include the need to predefine and fix the number of roles,
and the increased computational complexity from interactive action representation. Peng
et al. (2023) adapt to dynamic environments through Periodic Grouping (GCMA), reduc-
ing redundancy via intra-group communication. Drawbacks include the need to tune the
grouping interval parameter and increased computational overhead from GNN-based com-
munication. Lu et al. (2025) improve decision interpretability and safety through rule-based
preference modeling and achieves experience sharing via federated learning. However, con-
fidence modeling increases computational complexity, and the preference model depends on
rule design. In an energy market scenario, Ma et al. (2025b) achieve dynamic role coordina-
tion through a sequential update strategy, providing theoretical guarantees for policy update
monotonicity and intuitive market state reasoning. Limitations include potential increased
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computational time from sequential updates and the assumption of perfect observation of
preceding strategies, which may be restrictive in practice.

Hierarchical intention and cognitive alignment

These methods explain the formation of collaboration mechanisms at the level of inten-
tions and cognition. The Reinforced Meta-Thinking Agent (ReMA) framework proposed by
Wan et al. (2025b) significantly enhance the transparency and controllability of the reason-
ing process, but its training is computationally expensive, and multi-round interactions are
prone to falling into an “echo trap”. Fu et al. (2025) generates interpretable multi-modal
collaborative behaviors through a consistency policy and an intention learner, where inten-
tions provide clear collaborative semantics. However, the intention codebook size must be
predefined, and the overall framework is complex. The Hierarchical Multi-agent Coordi-
nation Framework (MIMA) proposed by Zhang and Xu (2024) features a clear hierarchy
and well-defined information learning objectives, demonstrating powerful zero-shot gen-
eralization ability. Its model structure is complex and difficult to train, however. Ge et al.
(2022) enhance collaborative interpretability through Cognitive Difference and Consistent
Representation (CDCR), offering a novel difference-based communication perspective. A
limitation is that the consistent representation strategy may not obtain necessary super-
vision signals during execution. The Multi-Agent Goal Induction Consistency (MAGIC)
framework proposed by Chen et al. (2022) significantly improves exploration efficiency
and collaborative performance in complex tasks. It relies on task-specific goal sequence
partitioning, however, and its attention mechanism can be susceptible to observation noise.

Organizational models and structured policies

These methods constrain or guide behavior by introducing explicit organizational frame-
works or structured policies. Soulé et al. (2025a) explicitly embeds the MOISE+ organiza-
tional model into training, providing high-level organizational semantic explanations and
enhancing behavioral controllability. Its effectiveness depends on manually defined organi-
zational norms, and role rigidity in dynamic environments may limit adaptability. Ibrahim
and Fayad (2022) learn semantically meaningful latent variables through a Hierarchical
Latent Policy Model, achieving efficient cooperation and policy interpretability in complex
environments. This comes at the cost of high computational complexity, and the latent pol-
icy dimensions require careful design. Su et al. (2025) enhances collaboration mechanisms
through coalition identifiers and structural entropy, improving algorithm performance and
interpretability. Drawbacks include reliance on manual setting of coalition labels and high
computational complexity for structural entropy calculation.

Collaborative pattern extraction and abstraction

These methods directly extract and abstract reusable collaborative prototypes from
behavioral data. The Interaction Pattern Disentanglement (OPT) method proposed by Liu
et al. (2024b) significantly enhances generalization capability and interpretability. Its com-
putational complexity is high (quadratically related to the number of entities), however, and
it relies on the design of sparse activation functions and contrastive loss. Domenech I Vila
et al. (2024) extended the discrete predicate-based policy graph method to MAS, filling a
gap in transferring single-agent methods to multi-agent settings. Limitations include the
policy graph’s reliance on discrete predicate design (lacking generality) and difficulty in
covering all potential states. Addressing multi-robot task allocation, Bezerra et al. (2025)
explains dynamic coalition formation through intention sharing, achieving significant per-
formance and strong scalability. It depends on communication range, however, and training
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time is long. Ruan et al. (2024) utilizes a Determinantal Point Process (DPP) for dynamic
agent grouping, with multi-level decision enhancement adapting to complex collabora-
tive scenarios. Its pre-training computational cost is high, and graph search and grouping
processes increase inference overhead. The Hierarchical Cognitive Graph Autoencoder
(HCGA) proposed by He et al. (2025a) exhibits strong adaptability, and its hierarchical
structure enhances cognitive efficiency and interpretability. Drawbacks include high com-
putational complexity, and while interpretability is enhanced through structural design, it
does not provide intuitive human-readable explanations. Soulé et al. (2025b) represents a
paradigm of hybrid methods, featuring clear multi-agent division of labor, strong behavioral
interpretability, and organizational constraints that improve learning efficiency. It relies on
domain knowledge to define roles and missions, however, and incurs significant computa-
tional overhead.

In summary, collaborative structure discovery techniques based on roles and behav-
ioral patterns provide a direct pathway to interpretability for understanding how teams
form stable divisions of labor and organizational structures in collaboration, through
dynamic role assignment, cognitive alignment, organizational modeling, and pattern extrac-
tion. To systematically outline their characteristics, Table 16 presents a comparative analy-
sis of representative studies, covering technical approaches, core mechanisms, advantages,
limitations, and applicable scenarios.

Despite significant advances in dynamic role assignment, cognitive alignment mecha-
nisms, collaboration pattern extraction, and explicit structure analysis, several challenges
persist:

e Semantic Interpretability Gap: Automatically discovered roles (Liu et al. 2022b; Li
et al. 2024d) often lack explicit high-level semantic labels, making direct correspond-
ence to domain-specific concepts (e.g., “assault”, “support”) challenging for practical
interpretation.

e Dynamic Adaptation Limitations: The adaptability of roles and patterns to environ-
mental changes remains constrained in most methods (e.g., Liu et al. (2022b); Ruan
et al. (2024)), limiting their effectiveness in rapidly evolving scenarios.

e Evaluation Metric Deficiency: This field lacks systematic evaluation frameworks to
quantitatively measure the quality, stability, and effectiveness of discovered roles and
patterns across different applications.

e Prior Knowledge Integration Challenge: A fundamental tension exists between the
explicit organizational models of Soulé et al. (2025a) and the data-driven discovery
approaches of Liu et al. (2024b) and Soul¢ et al. (2025b) regarding optimal balance
between incorporating domain knowledge and maintaining learning flexibility.

To address these limitations, future research should prioritize the following directions:

e Semantic Role Annotation Enhancement: Integrate advanced natural language tech-
nologies, particularly LLMs, to automatically generate semantic labels for roles dis-
covered in existing methods. Approaches such as those by Liu et al. (2022b), Li et al.
(2024d), and Soulé et al. (2025b) would benefit from such semantic enrichment to bridge
the interpretability gap between computational discoveries and domain understanding.

e Online Evolution Mechanism Development: Enhance the adaptability of dynamic
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grouping methods by creating real-time role assignment mechanisms capable of re-
sponding to environmental changes. Representative works by Ruan et al. (2024) and
Zhang and Xu (2024) provide foundational concepts that could be extended with on-
line learning capabilities and rapid adaptation algorithms for improved dynamic perfor-
mance.

o Comprehensive Evaluation Framework Construction: Establish multi-dimensional
evaluation frameworks incorporating structural stability, task relevance, semantic con-
sistency, and adaptation speed metrics. Such frameworks would enable quantitative
comparison of methodological strengths and weaknesses across diverse approaches,
including those demonstrated by Liu et al. (2024b), Liu et al. (2022b), and Soulé et al.
(2025b), while facilitating standardized benchmarking.

By systematically addressing these challenges, role and behavioral pattern discovery tech-
nology may contribute to the development of adaptive and interpretable MASs and support
more transparent human—Al collaboration in complex applications. This advancement will
lay the essential groundwork for truly effective human-Al collaborative teamwork in com-
plex, real-world applications, ultimately enabling more transparent and trustworthy autono-
mous systems.

4.3.5 Collaboration logic explanation via value function decomposition

This category of methods approaches the explanation of collaboration mechanisms from the
perspective of incentive mechanisms, aiming to answer the fundamental question: How
are individual collaborative behaviors incentivized by decomposing the global team objec-
tive through value/credit allocation? Its technical core involves analyzing how a centralized
team value function is decomposed into individual value functions, or quantifying individ-
ual or coalitional contributions based on theories such as game theory or information theory.
It forms a complementary relationship with the aforementioned four categories, contrasting
incentive-driven with behavioral manifestation: the former explains why to collaborate,
while the latter explains sow to collaborate.

To elucidate how team objectives drive individual collaboration, this category constructs
a diverse toolkit for explanation: Interpretable value function decomposition architec-
tures embed analyzability from the source of model design; Contribution quantification
based on game theory and information theory provides formalized approaches and, in
some cases, axiomatic properties or theoretical analyses for credit assignment; and Seman-
tic and logic enhancement methods strive to transform abstract numerical rewards into
human-understandable concepts and rules. Together, these methods aim to unveil the incen-
tive origins and allocation logic underlying collaboration.

Value function decomposition architectures

These methods construct end-to-end trainable decomposition architectures and proac-
tively analyze their internal mechanisms. Liu et al. (2025b) designed an interpretable archi-
tecture based on Mixtures of Recurrent Soft Decision Trees (MIXRTs). The decision process
is traceable, and credit assignment is intuitive, but the expressive capacity of the tree model
may have an upper limit. Liang et al. (2024) proposed the Multiplicative Value Decomposi-
tion (MVD) algorithm and introduced a Virtual Synchronous Proxy (VSP) mechanism. Mul-
tiplicative interactions enhance the model’s ability to represent asynchronous dependencies,
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but the introduction of a virtual proxy adds an abstraction layer and complexity. Liu et al.
(2023c¢) constructed a decomposition architecture based on Generalized Additive Models
(GAMs), providing intrinsically interpretable decomposition and visualization, with supe-
rior performance in difficult scenarios. However, high-order interactions reduce interpret-
ability, and VAE training increases overhead.

In the direction of GNNs, the QGNN method proposed by Kortvelesy and Prorok (2022)
naturally models dependencies using GNNs with adjustable communication ranges, but it
is only suitable for discrete action spaces and does not consider practical communication
issues. Wei et al. (2022) inherently provides dynamic, fine-grained interpretability through
Graph Attention Networks (GATs). However, its interpretability is limited to relative impor-
tance within the team and does not provide action-level explanations for individual agents.
Zhu et al. (2025) proposed the Communication via Factored Value Function Policy Gradient
(CFPQG) framework, which for the first time combined value decomposition with learnable
communication in continuous action spaces. Its assumption of fully-connected broadcast
communication is unrealistic, however, and explanations remain at the weight level.

In the direction of causal modeling and reward redistribution, Zhang et al. (2024a) pro-
posed the Causally-Aware Spatio-Temporal (CAST) reward decomposition method, relaxing
the linear reward assumption and providing clear interpretability through causal structure.
It still assumes linear superposition in the temporal dimension and invertibility of the mix-
ing function in the spatial dimension, however. Xiao et al. (2022) proposed the Agent-Time
Attention for Reward Redistribution (AREL) method, where an attention mechanism flex-
ibly models spatiotemporal dependencies without requiring a predefined reward structure.
The computational cost of the attention mechanism grows with the number of agents, how-
ever, and it lacks theoretical guarantees at the causal level.

Game theory and contribution quantification

These methods employ mathematical concepts from cooperative game theory as the the-
oretical foundation for credit assignment. Heuillet et al. (2022) proposed a post-hoc, model-
agnostic method. 1t is completely model-agnostic, easy to integrate, and provides intuitive
explanations, but its computational cost is extremely high, and the explanations (static aver-
age contributions) cannot reflect dynamic decision-making. Qiu et al. (2023) proposed a
method based on the Shapley value, providing quantitative contribution allocations based on
Shapley-value principles. Computing the Shapley value is complex, however, and explana-
tions are at a global average level, not refined to per-step decisions. Li et al. (2025d) pro-
posed a method based on the nucleolus concept, capable of explaining dynamic cooperative
organizational structures with theoretical guarantees of fairness and stability. Computing
the nucleolus is extremely complex, however, and effectiveness relies on clearly defined
subtasks. Han et al. (2022a) constructed a general credit assignment framework using game-
theoretic semi-values, introducing model-based game-theoretic credit assignment to contin-
uous control for the first time and significantly improving sample efficiency. Model learning
may introduce errors, however, and computational cost grows exponentially with the num-
ber of agents. The Core-Originated Reward Assignment (CORA) method proposed by Ji
et al. (2025) utilizes the core solution to provide theoretically-guaranteed fairness and sta-
bility, effectively mitigating the over-update problem. Its computational complexity grows
exponentially with the number of agents, however, and the core solution may not be unique.
The Difference Rewards (DR) mechanism proposed by Castellini et al. (2025) avoids the
bootstrapping problem in learning Q-functions, resulting in more stable and efficient learn-
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ing and providing an intuitive measure of individual contribution. In partially observable
environments, however, the baseline for difference rewards may be biased.

Information theory and mutual information methods

These methods leverage information-theoretic principles to provide explanations at
the information level for collaboration. Ding et al. (2023a) proposed a graphical mutual
information maximization method, explicitly optimizing the retention of feature and topo-
logical information to improve communication quality. Estimating mutual information
in high-dimensional spaces remains challenging, however. Yang et al. (2025a) proposed
a coordination optimization framework based on reward redistribution and experience
reuse, explicitly optimizing team collaborative behavior to enhance policy coordination.
The mutual information threshold requires tuning, however, and experience pool stratifica-
tion increases storage and sampling complexity. Ding et al. (2024) was the first to intro-
duce the Graph Information Bottleneck (GIB) principle into multi-agent communication
learning, significantly improving adversarial robustness and communication efficiency. Its
interpretability output is rather implicit, however, not providing intuitive human-readable
explanations.

Semantic and logic enhancement methods

These methods introduce semantic representations or formal logic to translate abstract
reward signals into human-understandable concepts and rules. In the application of LLMs,
Wang et al. (2025b) supports mixed-quality human feedback and resists low-quality feed-
back through weight decay, enhancing policy interpretability. It relies on LLM parsing accu-
racy, however, and human feedback is costly. The LCA framework proposed by Lin et al.
(2025) uses an LLM to generate agent-specific dense rewards, effectively handling sparse
rewards and supporting heterogeneous agents. It relies on the LLM’s task comprehension
ability, however, and ranking generation is computationally expensive. The QLLM frame-
work proposed by Jiang et al. (2025) leverages an LLM to generate a Training-Free Credit
Assignment Function (TFCAF), which is training-free, highly interpretable, and adapts to
high-dimensional states. It depends on the quality of LLM code generation, however, and
the generation process requires multiple iterations. Zhang et al. (2025a) proposes a method
that incorporates LLMs into RL to enhance interpretability. In this framework, the LLM
generates human-readable explanations for decisions, while a Retrieval-Augmented Gen-
eration (RAG) mechanism is used to make the reward design process traceable. However,
the slow inference speed of LLMs may hinder real-time performance, and the quality of
explanations is contingent upon careful prompt engineering.

In the direction of formal logic and concept modeling, Liu et al. (2024a) introduced
Linear Temporal Logic (LTL) to formalize task logic, using formal logic to enhance deci-
sion transparency and support flexible multi-task expression. Designing LTL formulas relies
on prior knowledge, however, and logic conversion may incur additional overhead. The
Concept-based Multi-agent Q-learning (CMQ) proposed by Ge et al. (2025) integrates a
concept bottleneck model into value decomposition, significantly enhancing model inter-
pretability through the concept bottleneck and supporting human-in-the-loop intervention.
The number of concepts must be predefined, however, and it may increase computational
overhead.

In summary, collaborative logic explanation techniques based on team value func-
tion decomposition provide a principled pathway to interpretability for understanding how
global goals incentivize and allocate individual credit in collaboration, through architec-
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tural design, game-theoretic quantification, information-theoretic methods, and semantic
enhancement. To systematically delineate their characteristics, Table 17 presents a compara-
tive analysis of representative studies, covering technical approaches, core mechanisms,
advantages, limitations, and applicable scenarios.

Despite substantial progress, several fundamental challenges in multi-agent value

decomposition remain only partially resolved:

Theoretical Guarantee Deficiencies: Ensuring the theoretical rationality of value func-
tion decomposition—particularly establishing formal guarantees for decomposition rea-
sonableness—requires fundamental advances. This is critical for preventing pathologi-
cal behaviors such as the “lazy agent” problem, as highlighted in studies like Kortvelesy
and Prorok (2022) and Ge et al. (2025).

Computational Complexity Limitations: Game-theoretic approaches, such as those
introduced by Heuillet et al. (2022), Li et al. (2025d), and Han et al. (2022a), provide
strong theoretical fairness guarantees but suffer from prohibitive computational com-
plexity in large-scale systems, limiting their practical applicability.

Semantic Interpretation Gaps: Despite beneficial progress through semantic enhance-
ment techniques, as seen in Ge et al. (2025) and Zhang et al. (2025a), a significant
explanatory gap persists between learned value functions and high-level semantic con-
cepts that are intuitively understandable to human operators.

Dynamic Adaptation Challenges: Most existing methods display limited adaptabil-
ity to rapidly shifting collaborative relationships in non-stationary environments, con-
straining their effectiveness in real-world applications with evolving conditions.

Looking ahead, future research is expected to advance along several promising trajectories:

Deepening Causal Inference Integration: Incorporating causal inference frameworks,
such as those explored by Briglia et al. (2025) and Meli et al. (2025), into value decom-
position could help distinguish correlation from causation in agent contributions. This
integration would fundamentally improve the rationality of contribution quantification
in methods like Heuillet et al. (2022) and Li et al. (2025d), establishing more robust
foundations for credit assignment.

Advancing Computational Efficiency: Developing more efficient approximation tech-
niques for computing solution concepts such as the Shapley value and Nucleolus is
essential for addressing the computational bottlenecks identified in works including
Heuillet et al. (2022) and Li et al. (2025d), enabling application to larger-scale MASs.
Constructing Hierarchical Explanation Frameworks: Building on semantic en-
hancement approaches exemplified by Ge et al. (2025) and Zhang et al. (2025a), future
work should aim to develop hierarchical explanation systems that systematically bridge
low-level value signals with high-level, human-intelligible concepts, creating more ac-
cessible interpretability for diverse stakeholders.

Enhancing Open-World Adaptation: Research should investigate adaptive value de-
composition mechanisms suited for open and dynamic environments, improving the
robustness and generalization of foundational methods such as that of Kortvelesy and
Prorok (2022) and enabling effective performance in real-world applications with non-
stationary conditions.
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By addressing these challenges through integrated theoretical and practical advances, value
function decomposition approaches will evolve into more powerful, interpretable, and
adaptable frameworks for understanding and optimizing collaborative behaviors in com-
plex MASs.

4.3.6 Summary and research directions for agent interaction and collaboration
mechanisms

This section provides a comprehensive summary and comparative analysis of the five tech-
nical paradigms for the explainability of agent interaction and collaboration mechanisms. It
then synthesizes their intrinsic connections into a cohesive, multi-perspective explanatory
framework. Finally, it discusses current limitations and outlines promising future research
directions.

Comprehensive summary of technical paradigms

This section has systematically examined on the five technical paradigms for agent inter-
action and collaboration explainability. A comprehensive comparison of these paradigms is
presented in Table 5, which contrasts their respective technical categories, core explanatory
questions, advantages, and limitations.

Information structure analysis based on attention mechanisms and relationship
modeling 4.3.1 dynamically visualizes dependencies using tools like Graph Attention
Networks (Qi et al. 2022; Sun et al. 2023), offering high intuitiveness but providing cor-
relational rather than causal insights. Interaction semantic explanation based on com-
munication protocol analysis 4.3.2 enhances transparency via information-theoretic (Yang
et al. 2024) or language model-based methods (Li et al. 2024b, c), but faces trade-offs
between efficiency, semantic richness, and generalization. Interaction relationship verifi-
cation based on causal reasoning 4.3.3 ensures rigorous causal distinction using discovery
(Briglia et al. 2025; Meli et al. 2025) and counterfactual reasoning (Zhao and Xie 2025; Gao
et al. 2025), though it is computationally intensive and scales poorly. Collaborative struc-
ture discovery based on roles and behavioral patterns 4.3.4 uncovers team structures via
unsupervised learning (Liu et al. 2022b) or organizational models (Soul¢ et al. 2025a), but
discovered roles often lack semantic labels and adaptability. Collaborative logic explana-
tion based on team value function decomposition 4.3.5 explains collaboration through
value decomposition (Kortvelesy and Prorok 2022; Ge et al. 2025) or game-theoretic quan-
tification (Heuillet et al. 2022; Li et al. 2025d), yet struggles with decomposition rationality
and combinatorial complexity.

Intrinsic connections: a multi-perspective explanatory framework

The five paradigms, while each having distinct focuses in explanatory lens and meth-
odological core, are not mutually exclusive. Instead, they constitute a set of complemen-
tary explanatory perspectives that progresses from informational foundations to incentive
mechanisms, and from surface-level interaction to deep logic, collectively providing an
organizing framework for studying for the core question: “How do agents achieve coordi-
nation through interaction?”” The interrelations among these paradigms can be understood
along three key dimensions:

o Complementary Explanatory Perspectives: Explanatory depth increases progressive-
ly. Information structure analysis describes “how information flows” (the foundation).
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Interaction semantic explanation reveals “how to coordinate through dialogue” (the
expression). Interaction relationship verification explains “whether there is genuine
causality between behaviors” (the logic). Collaborative structure discovery elucidates
“how the team organizes and divides labor” (the form). Collaborative logic explanation
reveals “how the system drives collaboration through rewards” (the mechanism).
Taxonomic Coverage: The five categories represent prominent analytical perspectives
within the review taxonomy f: informational foundation (What Information), expressive
modality (How to Express), intrinsic logic (Why Causal), organizational form (How
Organized), and incentive origin (For What Incentive). Together, they form a complete
taxonomic framework for this problem space.

Functional Complementarity: They mutually supplement each other to approximate a
complete understanding of collaborative behavior. For example, explaining a successful
coordinated attack in StarCraft may involve: first, observing through attention heat-
maps (information structure analysis) that multiple allied units simultaneously “focus
on” a key enemy target, revealing the informational focal point of collaboration; next,
finding via communication logs (interaction semantic explanation) that a unit issued a
“focus fire” command, clarifying the expressive modality of coordination; then, using
counterfactual reasoning (interaction relationship verification) to verify “if the com-
mand had not been received, would the focus fire have occurred?”, determining the
causal necessity of that communication; subsequently, confirming through role analysis
(collaborative structure discovery) that the attackers were the “damage dealer” role
while the “controller” role provided support, understanding the organizational division
of labor; and finally, using value decomposition (collaborative logic explanation) to
obtain contribution scores for each unit, clarifying why the algorithm rewards this col-
laboration—because it correctly assessed the differential contributions of different roles
to team victory, thereby revealing the incentive origin of the collaboration.

Limitations and future directions

Existing explanation techniques for interaction and collaboration often rely on isolated

paradigms (e.g., analyzing only communication graphs or computing contribution values),
making it difficult to provide end-to-end explanations of collaboration mechanisms. Their
computational efficiency and robustness also face severe challenges in complex, open envi-
ronments. Future research needs to achieve breakthroughs by focusing on the following
specific technical pathways:

Unified Systems via Paradigm Fusion: Design hybrid explanatory frameworks that
organically integrate relation graphs (Zhu et al. 2024), causal reasoning (Briglia et al.
2025), and natural language generation (Li et al. 2024b) to realize a complete explana-
tory chain from “phenomenon description” to “mechanism exposition.”

Online Optimization Closed Loop: Explore transforming explanatory signals—such
as counterfactual contributions and collaboration bottlenecks—into intrinsic rewards or
safety constraints, constructing a real-time enhancement loop of “explanation-diagno-
sis-intervention-optimization.”

Efficiency and Robustness Enhancement: To meet the demands of large-scale deploy-
ment, develop lightweight Shapley value approximation algorithms (Li et al. 2025d),
incremental causal discovery methods (Meli et al. 2025), and efficient dynamic graph
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visualization techniques (Duan et al. 2024b), while simultaneously strengthening the
robustness of the explanatory models themselves.

e Adaptation to Open Environments: Extend the adaptability of explanation mecha-
nisms to complex scenarios characterized by non-stationarity, partial observability, and
human-agent hybrid teams.

In conclusion, the advancement of explainability for multi-agent interaction hinges on inte-
grated progress across cross-paradigm integration, online learning, and open-environment
adaptation. By addressing the fundamental limitations of current approaches through cohe-
sive methodological development, these explanation frameworks are poised to form the
cornerstone of next-generation MAS capable of sophisticated, transparent, and trustworthy
coordination.

4.4 Explainability techniques for team strategy and emergent behavior

The intelligence of MASs stems not only from the capabilities of individual agents but
also emerges from the complex interactions and collective behaviors arising from their
coordination. To truly understand and trust such systems, it is essential to systematically
explain the principles behind team strategy and emergent behavior. In this review, explana-
tions of team strategy and emergent behavior are organized around five complementary
questions (as shown in Fig. 6): (1) the Semantic Description—What is the team’s overall
strategy and its associated high-level objective ? (2) the Dynamic Process—How does the
team’s strategy evolve over time and transition between phases? (3) the Ontological Foun-
dation—whether the observed team strategy constitutes a genuine and irreducible func-
tional whole? (4) the Counterfactual assessment—How do outcomes vary under different
strategies, as shaped by the key decisions that determine success? and (5) the Generative
Mechanism—What fundamental principles underlie collective behavior, and how can they
be formally modeled?

These five questions provide an organizing framework for surveying team strategy and
emergent behavior explainability, progressing from semantic characterization to underly-
ing generative principles. To address them, research has converged on five complementary
technical paradigms: Team Behavior Abstraction and High-Level Goal Recognition
for semantic description, Macroscopic State Modeling and Phase Analysis for reveal-
ing dynamic processes, Causal Emergence Theory for validating ontological founda-
tions, Counterfactual Team-Level Analysis for causal examination, and Learning-Based
World Models and Team Behavior Generation for uncovering generative mechanisms.
Together, these paradigms provide complementary analytical perspectives ranging from
strategy description to generative modeling . The following sections detail how they col-
lectively address these questions, providing a unified lens for explaining multi-agent team
strategy and emergence.

4.4.1 Team behavior abstraction and high-level goal identification
This category of techniques aims to answer the question, “What strategy is the team execut-

ing as a whole?” The core of these techniques lies in compressing and mapping lengthy,
low-level joint action trajectories into high-level, symbolic strategy concepts, task objec-
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Fig. 6 Technical framework for explaining team strategies and emergent behaviors: core issues and five
complementary technologies

tives, or team structures (e.g., grouping and division of labor, key landmarks, subgoal
sequences). Within the interpretability framework, these methods reside at the semantic
bridge layer, aiming to establish human-understandable semantic connections between
microscopic individual interactions and macroscopic team tactics, thereby labeling and
describing the “strategic intent” of emergent behaviors. They provide a static semantic
foundation for subsequent analysis of the dynamic processes of team strategies (how they
evolve) and define the objects to be explained for causal and generative mechanism analysis
(why and how such strategies are formed).

Explicit grouping with behavioral consistency constraints

The core of this category of techniques is to actively shape a team architecture of “within-
group collaboration and between-group division of labor” by predefining or learning group-
ing structures and designing explicit behavioral consistency loss functions. Representative
methods have different emphases in their implementation paths. Yang et al. (2025¢) pro-
poses a Dual-Level Behavioral Consistency (DLBC) framework, which uses grouping
and measures behavioral distributions using Wasserstein distance, introducing a dynamic
scaling factor to balance within-group consistency and between-group diversity losses,
thereby explicitly regulating behavioral diversity and prompting the team to emerge with
clear functional divisions such as “interception groups” and “pursuit groups”. Its advantages
include significantly improving within-group collaboration and between-group task alloca-
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tion efficiency, along with strong generality. Another work Duan et al. (2024a) provides a
more formal probabilistic perspective, introducing a Group-Aware Coordination Graph
(GACG) that models within-group dependencies using Gaussian marginal distributions and
directly optimizes policy distributions through group distance loss, causing within-group
policies to converge and between-group policies to diverge. This method offers a highly
structured, mathematically formalizable explanatory framework for team collaboration
structures. The common limitations of these two types of methods are that their grouping
strategies are often static, with limited adaptability to dynamic environmental changes, and
the additional constraints or loss functions may increase training complexity.

Unsupervised representation learning for discrete pattern discovery

The core objective of this category of techniques is to learn semantically meaningful
group consensus or strategy pattern representations from agents’ historical interaction data
in an unsupervised manner, thereby achieving automated identification and definition of
team structures and strategy types. Representative works can be broadly divided into three
categories: first, methods based on group consensus extraction, for example, Ruan et al.
(2023) innovatively employs a Vector Quantized Variational Autoencoder to construct a
Group Clustering Graph, extracting discrete “group consensus embeddings” from histori-
cal observations, then explicitly defining instantaneous team structures and transforming
them into team-level strategies via hypernetworks to guide individual decisions, demon-
strating excellent collaborative performance in complex tasks; second, methods focusing
on temporal pattern recognition, for example, Na et al. (2025) focus on the dynamic tempo-
ral characteristics of strategies, by encoding and clustering state-action trajectories, unsu-
pervisedly identifying different task or strategy patterns, and training classifiers to enable
agents to recognize the collective strategy state of the team in real time, thereby support-
ing dynamic strategy switching and interpretation; third, hierarchical behavior deconstruc-
tion methods, for example, work Omidshafiei et al. (2022) propos a Multi-agent Offline
Hierarchical Behavior Analyzer (MOHBA), which uses variational inference to learn joint
and individual latent variables from offline trajectories, achieving automatic clustering and
hierarchical deconstruction of team overall strategy patterns and individual behavior pat-
terns, with the advantage of requiring no reward signals and being able to discover high-
level behavior concepts consistent with human expert cognition, but also relying on large
amounts of trajectory data, and the interpretation process requires subsequent visualization
analysis. Overall, the common advantages of these methods are their ability to adaptively
discover strategy structures and reduce dependence on prior knowledge; the challenges they
face include high model complexity, the need for careful tuning of hyperparameters such as
the number of clusters, and sensitivity to data quality and distribution.

Symbolic planning and key state abstraction

The core of this category of techniques is to leverage formal planning languages or data-
driven analysis to extract high-level temporal goal sequences or representative key states
from task logic, thereby providing an understandable macro blueprint and visual anchors for
team strategies. Representative method (Mu et al. 2025) uses a Hierarchical Task Network
planning language (HDDL) to establish a temporal logic model for team tasks, generat-
ing interpretable subgoal sequences, and designs a bidirectional feedback mechanism to
allow symbolic planning to co-evolve with the exploration experience of low-level agents,
significantly improving team efficiency and interpretability in complex sparse reward envi-
ronments. Another work (Pandya et al. 2024) adopts a data-driven approach, first clustering
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team strategy vectors to obtain discrete macro strategy types, then extracting “landmark
states” shared by all trajectories as visual summaries of the strategy, and providing them to
users combined with visualization and natural language descriptions. The former provides
rigorous logical explanations but relies on initial symbolic model design; the latter pro-
vides intuitive visual explanations but faces scalability challenges when strategy patterns
are numerous.

Hierarchical visualization and memory abstraction

This category of techniques aims to compress complex team spatiotemporal behaviors
into high-level representations that are easily understandable by humans through visualiza-
tion and summarization means such as heatmaps, environmental abstraction, or memory
encoding. Representative framework (Tabrez et al. 2024) uses METIS graph partitioning to
hierarchically abstract the environment, combined with dynamic bimodal visual guidance
(switching between regional heatmaps and local action arrows), synchronizing the cognition
of human—machine teams, optimizing division of labor and scalability in large-scale spatial
search tasks. Zhang et al. (2023) employs position heatmap technology, aggregating indi-
vidual movement trajectories from successful experiences into spatial target symbols such
as “gathering points”, combined with an asynchronous deadline mechanism to guide agent
decisions, suitable for sparse reward environments. Wai et al. (2024) presents a method that
abstracts low-level action sequences into concise, high-level strategic descriptions. This is
achieved by a two-stage process of selecting key events and removing redundancies, pro-
ducing text that is suitable for strategy review and instructional purposes. These methods
greatly enhance the intuitive understandability of behaviors, but they are typically post-hoc
explanations, and their effectiveness relies on the quality of empirical data or increases
system complexity.

In summary, team behavior abstraction and high-level goal recognition techniques sig-
nificantly enhance the understandability of collaborative strategies by establishing semantic
bridges between microscopic actions and macroscopic tactics. To systematically organize
the technical context of this category of methods, Table 18 provides a detailed comparison
and summary of its main technical branches across multiple dimensions such as technical
approach, core mechanism, representative literature, advantages, and limitations. Meth-
ods in this category significantly enhance team strategy interpretability by mapping low-
level behavioral sequences to high-level strategic semantics. Substantial progress has been
achieved in automated strategic pattern identification and semantic labeling, with discrete
pattern discovery and symbolic planning demonstrating particularly strong explanatory
potential. Future research should prioritize modeling dynamic team structure evolution to
overcome limitations present in existing approaches—such as static grouping assumptions
and hyperparameter sensitivity observed in Ruan et al. (2023) and Duan et al. (2024a). Fur-
thermore, deeper integration of abstract strategy representations with domain knowledge—
building upon bidirectional feedback mechanisms demonstrated in Mu et al. (2025)—proves
crucial for generating more insightful and actionable high-level explanations.

4.4.2 Macro-state modeling and phase analysis
This category of techniques focuses on answering the question, “How does a team strategy

evolve over time and transition between phases?” Its technical core lies in the dimensional-
ity reduction, structured analysis, and visualization of the team’s joint state space to identify
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key macroscopic states, temporal patterns, and critical transition points within the collab-
orative process. In the interpretability framework, these methods operate at the dynamic
process layer, aiming to reveal the “dynamic architecture” and intrinsic rhythm of team
behavior. This category represents a temporal deepening of “behavior abstraction” (which
answers “what”), characterizing the lifecycle of strategies. It provides observable phenom-
ena concerning system dynamics for causal emergence theory (which examines team-level
emergence claims) and identifies the strategic phases requiring in-depth investigation for
counterfactual analysis (which tests key decision points).

Dynamic relationship modeling and gradient analysis

This approach quantifies the instantaneous interaction strength or causal dependencies
among agents to reveal the dynamic evolution of leadership and collaborative relationships
within a team. A typical example (Chen et al. 2025a), in a cooperative box-pushing task,
quantifies instantaneous dependencies by calculating the gradient of one agent’s action on
another agent’s state. This clearly reveals how dependency hierarchies dynamically emerge
and switch across task phases like “linear pushing” and “turning”, transforming abstract
hierarchical relations into computable metrics for the first time. This method offers profound
insight into the micro-mechanisms of small-scale, tightly-coupled systems but is difficult to
scale directly to large-scale MASs.

Spatio-temporal graph modeling and strategy evolution analysis

This approach models and analyzes the long-term spatio-temporal evolution patterns of
team strategies by constructing and continuously updating explicit agent relation graphs, or
by integrating evolutionary algorithms. Peng et al. (2025b) innovatively combines Evolu-
tionary Algorithms (EAs) with GNNs. Its graph relation module dynamically models agent
interactions, while its graph decomposition module utilizes structural information for the
value function, thereby providing intuitive insight into team spatio-temporal collaboration
patterns while effectively balancing exploration and cooperation. This framework performs
excellently in complex dynamic environments, but the construction of the graph model and
maintenance of the evolutionary population incur significant computational and communi-
cation overhead.

Multimodal behavior recognition and quantitative analysis

This approach transforms agent trajectory data into features and employs machine learn-
ing methods such as dimensionality reduction, clustering, and classification to quantita-
tively identify, distinguish, and verify complex behavioral modalities that emerge from a
team under specific strategies. For example, Sharma et al. (2022) provides a replicable
framework for quantitative behavioral analysis in a pursuit-evasion game. This is achieved
by converting evader position data into multi-granularity heatmap features, reducing dimen-
sionality via PCA, and employing a classifier to successfully identify and validate emergent
strategies like “bimodal orbiting®. Such methods can objectively discover non-intuitive
behavioral patterns, but the validity of their conclusions heavily depends on the design
of the simulation environment, and their generalizability to real-world complex scenarios
requires further verification.

In summary, macroscopic state modeling and phase analysis techniques shift the explan-
atory focus from static structure to dynamic process, profoundly revealing the intrinsic
rhythm and phased patterns of team strategy evolution. To clarify the characteristics and
applicable boundaries of different technical paths, Table 19 systematically reviews and com-
pares this category of methods from perspectives such as core mechanism, key tools, and
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representative studies. While existing methods demonstrate maturity in capturing phased
transitions and spatiotemporal patterns, several fundamental challenges remain unresolved.
Future research directions should prioritize:

e Developing more precise quantitative indicators for phase transitions to enable auto-
mated prediction of strategic critical points and tipping points in team behavior.

e Constructing cross-scale causal dynamical models to elucidate the mechanistic links be-
tween micro-level interactions and emergent macro-patterns, extending principles such
as the dependency quantification approaches introduced in Chen et al. (2025a).

e Investigating adaptive phase transition mechanisms suitable for non-stationary environ-
ments, thereby enhancing methodological applicability in open and dynamic scenarios
through generalization of spatiotemporal modeling approaches such as those introduced
in Peng et al. (2025b).

4.4.3 Theoretical frameworks based on causal emergence

This category of techniques aims to answer the question, “Is a team strategy a real and irre-
ducible functional whole?” Its technical core is to employ mathematical tools from complex
systems theory (e.g., nonlinear dynamics, causal emergence theory) to quantitatively argue
that new, stronger causal laws exist at the team’s macroscopic level and that these laws may
not be reduced to the level of individual behavior. In the interpretability framework, these
methods reside at the theoretical foundation layer, striving to provide a principled expla-
nation for the “ontological status” of team-level intelligence. It goes beyond the phenom-
enological descriptions of the previous two categories (what it is, how it changes), laying
a philosophical and scientific foundation for the assertion of the “team as a causal whole”.
It thereby provides fundamental theoretical support for all research aimed at understanding
and optimizing team-level strategies and behaviors.

Dynamics modeling of collective learning: This approach employs theoretical tools
from Complex Systems Science (CSS) to model the multi-agent collective learning process
itself as a nonlinear dynamical system, aiming to qualitatively and quantitatively argue for
the irreducibility of team-level macroscopic behavior from first principles. Its foundational
work by Barfuss et al. (2025) propose a “Collective Reinforcement Learning Dynamics
(CRLD)” framework, analyzing the formation, stability, and evolution of cooperation pat-
terns by introducing concepts such as multi-stability, basins of attraction, critical transitions,
and hysteresis. This framework provides a lightweight yet profound qualitative theoretical
explanation for the “team as a functional whole” from a dynamical systems perspective,
capable of dissecting complex phenomena like cooperation stability. However, the frame-
work currently relies on low-dimensional, deterministic idealized assumptions, making it
difficult to directly capture the full complexity of high-dimensional, highly stochastic real-
world MARL systems. The practical application and computability of its theoretical models
remain core challenges for the future.

Theoretical frameworks grounded in causal emergence provide rigorous, mathematically
formalized explanations for the “wholeness” of MASs, uniting philosophical depth with
analytical precision. However, this research direction remains predominantly theoretical, as
current models rely on low-dimensional and idealized assumptions that limit direct appli-
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cability to high-dimensional, real-world MARL problems. Critical future research tasks
include:

e Developing scalable approximation methods for analyzing high-dimensional CRLD to
bridge the gap between theoretical elegance and practical applicability.

e Establishing quantifiable relationships between measures of macro-level causal infor-
mativeness and team task performance metrics, thereby connecting theoretical explana-
tion with practical design principles for collaborative systems.

e Integrating these theoretical constructs with practical techniques—such as behavior ab-
straction and world models—to provide stronger foundation for interpreting observed
strategic patterns and emergent behaviors.

4.4.4 Counterfactual team-level analysis

This category of techniques addresses the causal question: “What are the key decision fac-
tors for team success? What would happen if the strategy were changed?” Its technical
core is to systematically construct and evaluate counterfactual scenarios at the team level to
investigate the necessity, vulnerabilities, and alternative possibilities of strategic choices. In
the interpretability framework, these methods operate at the causal testing layer, dedicated
to evaluating the causal structure and robustness of team strategies. It serves as a hypotheti-
cal validation of the key phases or decision points identified by macroscopic state modeling,
enabling the diagnosis of the underlying logic and dependencies of the strategies described
by the first two categories. It provides a unique causal diagnostic perspective for strategy
optimization and acts as a crucial bridge connecting phenomenological description with
strategic intervention.

Causal querying and diagnosis of team-level strategies: This approach involves build-
ing query systems that support counterfactual reasoning for trained team policies, allowing
researchers to directly conduct “what-if”” causal inquiries into the team’s collective decision
logic to diagnose policy robustness, key decision factors, and vulnerabilities. Its representa-
tive framework Boggess et al. (2022) abstract learned MARL policies into a multi-agent
MDP to construct a natural language explanation interface supporting three types of queries:
“When” (under what team state an action is taken), “Why Not” (why an alternative action
was not taken), and “What” (what the team’s decision is). The “Why Not” query implements
typical counterfactual reasoning. By using relevance filtering to automatically focus on key
factors, this framework effectively enhances human understanding and trust in team strate-
gies. Research in this direction remains scarce, and aspects such as the automation level
of such system frameworks, their ability to support long-horizon sequential decisions, and
deep integration with the learning process all warrant further exploration.

Counterfactual team-level analysis provides a unique perspective grounded in causal rea-
soning principles, serving as a powerful methodological tool for evaluating and optimizing
team strategies. Nevertheless, this research direction remains notably under-explored and
has yet to coalesce into a systematic body of work with established theoretical founda-
tions. The future potential of this approach is substantial, with promising research directions
including:

e Automating and scaling the computational efficiency of counterfactual reasoning pro-
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cesses to minimize reliance on manually constructed queries and enable application to
complex, large-scale MASs.

e Extending analytical scope from single decision points to complete temporal policy
sequences to assess long-term, cascading counterfactual outcomes and strategic depend-
encies.

e Deeply integrating counterfactual reasoning with RL techniques such as curriculum
learning and opponent modeling, enabling active generation of scenarios that expose
policy weaknesses or explore novel strategy spaces, thereby supporting the identifica-
tion of policy vulnerabilities and alternative strategy patterns.

4.4.5 Learning-based world models and team behavior generation

This category of techniques aims to answer the question, “What fundamental laws or gen-
erative rules govern team behavior? ” Its technical core is to learn generative models (e.g.,
interpretable reward functions, symbolic rules, procedural knowledge) capable of simu-
lating the team’s macroscopic dynamics, thereby reverse-engineering the underlying logic
from the internal mechanisms that drive behavior. In the interpretability framework, these
methods reside at the generative mechanism layer, extending explanation from observed
behavioral patterns toward candidate generative representations. It attempts to provide a
unified, mechanistic generative explanation for the semantic intent, dynamic patterns, holis-
tic principles, and causal key points respectively described by the previous four categories.
As a cutting-edge direction pursuing the deepest level of interpretability, it aims to open the
“black box” of team collaborative behavior generation.

Semantic reward and observation generation

This approach leverages generative models with rich semantic knowledge, such as
LLMs, to automatically synthesize readable, interpretable reward functions or environment
observation augmentation functions, thereby making the “rules” that drive team behavior
transparent and semantic. The representative framework by Wei et al. (2025) uses an LLM
to generate code drafts for mixed reward functions and observation augmentation functions
based on task descriptions, then iteratively optimizes these semantic functions via an evolu-
tionary algorithm, forming a “generate-evaluate-feedback” loop. This method can automati-
cally produce semantic driving signals that align with human intuition, reduces the burden
of manual design, and has shown improved performance in partially observable cooperative
tasks. Its limitations include dependence on the quality and stability of LLM generation, the
high computational cost of the evolutionary process, and the need for further validation of
its effectiveness in more complex environments.

Comprehensive interpretability toolbox construction

This approach targets safety-critical or logically complex domains, aiming to integrate
and implement a comprehensive set of multi-perspective, actionable interpretability tech-
niques for hierarchical or black-box multi-agent policy systems, providing full mechanistic
explanations from micro-decisions to macro-strategy. In air combat simulation, Selmonaj
et al. (2025a) adopted a systematic approach that integrates a suite of methods—includ-
ing policy simplification, reward decomposition, Shapley value-based feature contribution
analysis, structural causal models, and hierarchical policy analysis—to deliver multidimen-
sional, data-driven explanations of tactical behaviors. The strength of this work lies in its
close integration with domain requirements, offering a multi-faceted explanation covering
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short-term actions to long-term strategy. Its drawbacks include the high complexity of some
methods, making real-time application difficult, and the depth and accuracy of explanations
relying to some extent on the design of domain knowledge.

Learning-based world model techniques pursue explainability at the level of genera-
tive principles, representing a cutting-edge frontier in MAS interpretability. Existing meth-
ods have made significant strides in areas such as reward decomposition, semantic reward
generation, and multi-faceted mechanistic explanation. Promising future research avenues
comprise:

e The deep integration of LLMs—inspired by semantic reward generation methods such
as those in Wei et al. (2025)—to develop interactive, dialog-capable explanation sys-
tems that bridge the semantic gap between technical models and human understanding.

e The construction of fully interpretable symbolic or procedural world models to identify
interpretable candidate rules for representing complex team behaviors, enabling more
transparent and controllable MASs.

e The exploration of brain-inspired team cognition models that simulate human-like col-
lective decision-making under uncertainty, thereby producing collaborative behaviors
and explanations that are more naturally aligned with human intuition and reasoning
patterns.

4.4.6 Summary and research directions for team strategy and emergent behavior

This section provides a comprehensive summary and comparative analysis of the five tech-
nical paradigms for the explainability of team-level strategies and emergent behaviors. It
then synthesizes their intrinsic connections into a cohesive, multi-perspective interpret-
ability framework. Finally, it discusses current limitations and outlines promising future
research directions.

Comprehensive summary of technical paradigms

This section systematically elaborated on the five technical paradigms for team-level
strategies and emergent behavior explainability. A comprehensive comparison of these para-
digms is presented in Table 6, which contrasts their respective technical categories, core
explanatory questions, advantages, and limitations.

This section has systematically examined explainability techniques for team strategy
and emergent behavior through five distinct analytical perspectives: Behavioral Abstraction
4.4.1, Macro-State Modeling 4.4.2, Causal Emergence 4.4.3, Counterfactual Analysis 4.4.4,
and Generative World Models 4.4.5. . The five technical paradigms address the fundamen-
tal questions regarding a strategy’s “nature”, “dynamics”, “efficacy”, “components”, and
“formation”. Collectively, these paradigms establish a comprehensive framework for under-
standing how collective intelligence manifests in MASs, spanning from phenomenological
description to mechanistic explanation of team-level behaviors.

Team behavior abstraction 4.4.1 map low-level action sequences with high-level
semantic labels via strategy clustering (Ruan et al. 2023) and symbolic planning (Mu et al.
2025), establishing a semantic bridge between micro and macro levels but often suffers
from static grouping and scalability challenges. Macro-State Modeling and Phase Analy-
sis 4.4.2 leverage dynamical systems theory (Chen et al. 2025a) and spatio-temporal graph
modeling (Peng et al. 2025b) to reveal the dynamic architecture and phased evolution of
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Table 6 Comprehensive comparison of explainability techniques for team strategy and emergent behavior

Technique Coreex-  Representative Explanatory Core advantages Inherent
category planatory techniques focus limitations &
question challenges
Team behavior ~ What Group clustering Strategic intent, Establishes Static group-
abstraction & strategy is via VQ-VAE (Ruan  high-level micro—macro se- ing, parameter
high-level goal the team et al. 2023); Hier- semantic labels, mantic bridges,  sensitivity, reli-
identification execut- archical symbolic hierarchical be- enhances strat-  ance on domain
ingasa planning (Mu etal.  havior concepts egy understand- knowledge/data
whole? 2025); Landmark ability; Some quality, poor
state extraction methods (e.g., scalability;
(Pandya et al. 2024); Omidshafiei Some methods
Hierarchical behav- et al. (2022)) (e.g., Omid-
ior deconstruction support reward-  shafiei et al.
(Omidshafiei et al. free offline (2022)) require
2022) hierarchical post-hoc visu-
analysis alization for
interpretation
Macro-state How does Strategy gradient Dynamic Reveals intrinsic High com-
modeling & the team  dependency quanti- architecture, rhythm and putational
phase analysis  strategy  fication Chen etal.  phase transition, critical transi- overhead, weak
evolve (2025a); Spatio- spatio-temporal tion points of generaliz-
and temporal graph evo- patterns strategies ability, lack of
transition lutionary modeling quantitative
between  (Peng et al. 2025b) phase transition
phases? metrics
Theoretical Is team Collective Rein- Ontological Provides philo-  Theoretical
frameworks strategy ~ forcement Learning  status, causal sophical and models are ide-
based on causal areal,ir- Dynamics (CRLD) independence mathematical alized and dif-
emergence reducible  (Barfuss et al. 2025) foundations for  ficult to apply
functional holism to high-dimen-
whole? sional complex
systems
Counterfac- What Team-level natural ~ Causal structure Provides Limited
tual team-level  factors language coun- and robust- a unique research, no
analysis are key to terfactual query ness, strategy causal reasoning  established
success?  framework (Boggess vulnerabilities  perspective, system, lacking
What if et al. 2022) guiding strategy  automation and
strategies diagnosis and scalability
changed? optimization
Learning-based What fun- LLM-generated Generative Pursues deep- Insufficient
world models & damental semantic reward mechanism, est level of real-time
team behavior  rules gen- functions (Wei fundamental interpretability  interpretability,
generation erate team et al. 2025); Multi-  principle from generative  complex mod-
behavior? perspective tactical principles, els, reliance

explanation toolbox
(Selmonaj et al.
2025a)

representing the
cutting-edge
frontier

on generation
quality or prior
knowledge

team strategies, yet current methods lack maturity in quantitative phase transition metrics
and cross-scale causal dynamics modeling. Theoretical Frameworks based on Causal
Emergence 4.4.3 provide rigorous mathematical foundations for treating team strategy as
irreducible causal entities (Barfuss et al. 2025), though their practical application to high-
dimensional real-world systems remains limited. Counterfactual Team-Level Analysis
4.4.4 offers contrastive analyses of alternative strategy outcomes and robustness through
systematic scenario evaluation (Boggess et al. 2022), but represents a nascent research
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direction lacking systematic frameworks and automation. Finally, Learning-Based World
Models and Team Behavior Generation 4.4.5 pursues explainability from the depth of
generative principles via methods such as symbolic knowledge fusion (Mu et al. 2025) and
LLM-generated semantic rewards (Wei et al. 2025), representing the frontier of the field.

Intrinsic connections: a multi-perspective explanatory framework

The five paradigms are not an isolated list of literature, but rather constitute a func-
tionally complementary, multi-perspective explanatory system that collectively provides an
organizing framework for understanding team strategies and emergent behaviors. This sys-
tematic nature is manifested in three aspects:

o Complementary Explanatory Perspectives: The explanatory focus progresses from
external behavioral manifestations to internal generative mechanisms. Behavior ab-
straction answers “what the team is doing,” providing the foundational semantic layer
of understanding; macroscopic modeling reveals “how team behavior evolves,” char-
acterizing its dynamic process; causal emergence argues “why the team can act as a
whole,” establishing its ontological foundation; counterfactual analysis tests “why a
team decision is critical,” dissecting its causal structure; and generative models provide
“how come team behavior originates,” revealing its underlying driving rules. Each layer
provides the context and foundation for the deeper analysis of the next.

e Taxonomic Coverage: The five categories systematically address the most fundamen-
tal questions about team strategies and emergent behaviors from five essential perspec-
tives: semantics (What-Strategy), dynamics (How-Evolve), ontology (Whether-Emer-
gent), causality (Why-If-Critical), and mechanism (How-Come-Generated,).

e Functional Complementarity: They mutually supplement each other to approach a
complete understanding of team strategies and emergent behaviors. For instance, under-
standing the emergent “cooperative containment” strategy in a multi-agent pursuit task
may require: first, using team behavior abstraction to identify that the overall strategy
is “flanking and encircling” (semantics); then, employing macroscopic state modeling
to analyze how the team formation transitions from a “dispersed” phase to an “encircle-
ment” phase (dynamics); subsequently, relying on causal emergence theory to argue
that the containment effect is a product of the team’s collective effort, not the sum of in-
dividual actions (ontology); using counterfactual team-level analysis to verify “whether
the containment would fail if the flanking agent were absent” (causality); and finally,
discovering through a learning-based world model that this behavior is driven by a team
reward function for “minimizing the target’s escape area” (mechanism).

Limitations and future directions

The interpretation of team strategies and emergent behaviors currently remains pre-
dominantly oriented toward post-hoc or diagnostic analysis, lacking the ability to actively
guide system optimization. The causal dynamic links between macroscopic phenomena and
microscopic mechanisms are unclear, and evaluation heavily relies on subjective qualitative
analysis. To this end, key future breakthroughs lie in:

e Active Guidance Mechanisms: Leveraging strategy patterns identified by team behav-

ior abstraction (Ruan et al. 2023) or vulnerability analyses from counterfactual reason-
ing (Boggess et al. 2022) to construct curriculum learning or meta-learning signals,
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thereby actively shaping more robust and efficient team collaborative behaviors.

® Cross-Scale Causal Modeling: Developing theoretical and computational models
that connect macroscopic team state phase transitions with microscopic agent interac-
tion causal graphs (Meli et al. 2025), quantitatively revealing the causal mechanisms
through which microscopic interactions drive macroscopic strategic shifts.

o Computable Causal Emergence: Promoting the practical application of causal emer-
gence theoretical frameworks (Barfuss et al. 2025) and developing approximation com-
putation and analysis methods suitable for high-dimensional MARL systems.

o Comprehensive Evaluation Paradigm: Establishing integrated evaluation methodolo-
gies that combine high-fidelity simulation validation, formal metrics (e.g., policy stabil-
ity), and systematic human experiments.

To advance beyond current limitations and establish the next generation of trustworthy
multi-agent collaborative systems, future research must coordinate progress across four
critical frontiers:

o From Passive Analysis to Proactive Guidance: Future work should transcend post-
hoc explanation paradigms by leveraging interpretability techniques to actively guide
the generation and optimization of team strategies. Strategy patterns identified through
behavior abstraction (Ruan et al. 2023) and vulnerabilities exposed by counterfactual
analysis (Boggess et al. 2022) could serve as signals for curriculum learning or meta-
learning, actively shaping more robust and efficient collaborative behaviors while main-
taining explanatory transparency throughout the optimization process.

e Constructing Cross-Scale Causal Dynamical Models: Addressing the explanatory
gap in macro-state modeling requires developing formal frameworks that link macro-
scopic phase transitions with microscopic interaction mechanisms. Research should
focus on building cross-scale causal dynamical models that quantitatively connect mi-
cro-level interaction causal graphs (Meli et al. 2025) with macro-level strategy shifts,
enabling mechanistic understanding of how specific local interactions drive global be-
havioral patterns.

o Advancing Practical Causal Emergence Frameworks: A crucial objective involves
transitioning causal emergence theories (Barfuss et al. 2025) from idealized models
to practical applications through scalable approximation methods suitable for high-di-
mensional, partially observable MASs. Establishing quantitative relationships between
causal emergence strength and team task performance would enable these frameworks
to not only analyze macro-level causal organization in collective behavior but also guide
the systematic design of efficient collaborative systems.

o Establishing Integrated Evaluation Paradigms: Mitigating the subjectivity inher-
ent in current evaluations requires developing comprehensive assessment frameworks
that integrate high-fidelity simulation verification, formal metrics (e.g., policy stability,
adaptation speed), and systematic human-subject studies. Such integrated paradigms
would provide systematic measurement of the practical utility and cognitive efficiency
of team strategy explanations across diverse application domains.

In conclusion, the advancement of explainability for team strategy and emergent behavior
hinges on integrated progress across proactive guidance, cross-scale modeling, practical
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theoretical frameworks, and rigorous evaluation. By addressing the fundamental limitations
of current approaches through cohesive methodological development, these explanation
frameworks are positioned to form the foundation for next-generation MASs capable of
sophisticated, transparent, and trustworthy collective intelligence in complex operational
environments.

4.5 Explainable techniques for system performance and environmental response
diagnosis

Ensuring the reliable and efficient operation of a MAS in complex scenarios requires not
only knowing its performance but, more critically, understanding the causes of its per-
formance and its performance limits. Therefore, interpretability techniques focused
on overall system behavior aim to establish a diagnostic framework that systematically
addresses two fundamental questions (as shown in Fig. 7): First, why does the system
succeed or fail? (Focusing on internal causes—the mechanisms of collaboration, learn-
ing, and resource allocation within the system). Second, how does the system respond
to environmental changes? (Focusing on external causes—the system’s adaptability and
robustness to external perturbations, non-stationarity, and boundary conditions). Together,
these questions define the complete diagnostic problem space for assessing the “health” and
“adaptive capacity” of an MAS. To answer these questions, current research has developed
two complementary technical paradigms: System Performance Diagnosis and Environ-
mental Response Diagnosis. The former acts as a comprehensive system check-up, uti-
lizing performance attribution, bottleneck identification, and learning process analysis to
reveal internal collaborative efficiency and decision logic. The latter functions as a stress
test, employing sensitivity assessment, failure mode analysis, and boundary demarcation to
examine the system’s survivability and failure boundaries in dynamic, open environments.
These two paradigms are not isolated; rather, they provide complementary tools for system
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behavior diagnosis, moving from internal cause analysis to external cause evaluation.
The following sections elaborate on how these techniques individually focus on and col-
laboratively cover the aforementioned problem space.

4.5.1 System performance diagnosis

This category of methods is dedicated to answering the question, “Why does the system suc-
ceed or fail?” Their technical core lies in examining the modeled mechanisms associated
with collaboration and performance generation within an MAS by quantifying individual
contributions, analyzing learning dynamics, and identifying scalability constraints. Within
the interpretability diagnostic framework, these methods focus on the internal causes of the
system, aiming to open the black box of performance to understand the processes of credit
assignment, policy coordination, and learning evolution among agents. The main technical
approaches—performance attribution, bottleneck identification, and learning process
diagnosis—together provide complementary diagnostic perspectives from static contri-
bution analysis to dynamic training intervention. Performance attribution (e.g., difference
rewards and causal discovery) provides a basis for understanding “who is contributing”;
bottleneck identification attempts to locate the shortcomings limiting system scaling; and
learning process diagnosis directly monitors and optimizes training dynamics. These three
approaches can be used in combination, aiming to provide a direct, actionable internal per-
spective for algorithm improvement and system debugging.

System-level performance attribution analysis

Researchers focus on developing quantitative tools to reveal individual contributions to
collective success. Early work emphasized efficient and practical contribution metrics. For
example, Mahjoub et al. (2023) proposed an agent importance evaluation method based on
difference rewards, which approximates individual contribution with linear time complex-
ity by comparing the team reward difference between an agent’s actual participation and
executing a “no-op” action. This method successfully revealed, for instance, that in the LBF
environment, the MAA2C algorithm exhibits a more balanced distribution of agent contri-
butions compared to MAPPO, thereby explaining its superior collaborative performance.
However, such methods provide a correlational, rather than causal, attribution. To gain
deeper insight into the causal mechanisms underlying performance, subsequent research
shifted towards more explanatory causal discovery frameworks. Wang et al. (2025a) devel-
oped the MACCA method, which utilizes Dynamic Bayesian Networks to infer a structured
causal graph of team reward generation from offline interaction data, clarifying the causal
pathways from individual agent states and actions to the final outcome, thereby offering a
modular and interpretable perspective on credit assignment. A complementary path focuses
on deconstructing the underlying capability dimensions behind system performance. Tesic
et al. (2025) constructed a hierarchical Bayesian model to attribute a system’s score in
complex environments (e.g., Melting Pot) to a set of latent collaborative capabilities (e.g.,
reciprocity, convention-following ability) and a base performance parameter. Through coun-
terfactual reasoning, this study suggested that, in certain evaluation tasks, a high system
score may stem primarily from high base performance (e.g., excelling at tasks not requir-
ing collaboration) rather than collaborative performance, raising important questions about
the completeness of existing evaluation benchmarks. Furthermore, for specific application
scenarios (e.g., wireless network resource management), [turria-Rivera et al. (2024) adopted
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reward decomposition techniques, breaking down the composite team reward function into
interpretable sub-goals such as delay, packet loss rate, and data rate. Analysis of the decom-
posed value functions provided an interpretable account of how reward components were
associated with system performance. These methods collectively form a complete spectrum
from surface-level contribution quantification to deep causal and capability analysis, yet
they face trade-offs between computational efficiency and explanatory depth, as well as
between generality and domain dependency.

Bottleneck identification and scalability analysis

Although a mature sub-field has not yet fully formed, existing works have touched upon
related issues within their performance attribution analyses. For instance, the severe credit
assignment imbalance observed by Mahjoub et al. (2023) when quantifying contributions
essentially reveals potential bottlenecks that constrain system performance scaling under
specific algorithms or scenarios.

Learning process and convergence diagnosis

Research aims to improve learning efficiency by monitoring and intervening in training
dynamics in real time. A representative work is the AELA method proposed by Yoo et al.
(2025), which innovatively uses policy entropy or Q-value entropy as a proxy indicator for
learning progress and dynamically adjusts the length of training episodes accordingly. This
method can shorten episodes early in training to avoid ineffective exploration and extend
episodes during policy convergence to learn long-term dependencies, thereby significantly
accelerating convergence and improving final performance in complex environments like
SMAC. This exemplifies a closed-loop approach that translates diagnostic insights directly
into optimization interventions.

System Performance Diagnosis techniques aim to unveil the black box of internal collab-
oration and performance generation in MARL systems, with their methodologies showing
an evolutionary trend from surface-level contribution quantification to deep causal mecha-
nism mining. To systematically compare the strengths and weaknesses of existing methods,
Table 20 summarizes the core characteristics of representative approaches, which can be
broadly categorized into two paradigms. The first category, represented by efficient and
practical techniques such as difference rewards (Mahjoub et al. 2023) and reward decompo-
sition (Iturria-Rivera et al. 2024), focuses primarily on identifying which agents or actions
influence system efficacy through computationally efficient mechanisms. In contrast, the
second category employs more sophisticated analytical frameworks including causal dis-
covery (Wang et al. 2025a) and latent capability modeling (Tesic et al. 2025), which aim to
reveal underlying mechanisms of why and how these influences occur at substantially higher
computational costs, representing a fundamental trade-off between explanatory depth and
practical efficiency.

Current diagnostic methodologies face several significant challenges that constrain their
practical application. A fundamental limitation concerns the inherent trade-off between
computational efficiency and explanatory depth (Wang et al. 2025a; Tesic et al. 2025),
which remains unresolved within existing technical frameworks. More critically, most cur-
rent research remains confined to post-hoc diagnostic paradigms, lacking mechanisms for
real-time feedback integration between diagnostic insights and learning processes. Conse-
quently, transitioning from static diagnosis to dynamic optimization represents a crucial
research direction requiring substantial methodological innovation and paradigm shifts in
how diagnostic information is utilized within learning systems.
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To address these limitations and advance the field toward more practical and impactful
diagnostic frameworks, we identify three key research priorities that build upon current
methodological foundations while addressing their core limitations:

o Development of Lightweight Causal Diagnosis Frameworks: While causal methods
such as Wang et al. (2025a) provide high interpretability, their substantial computational
overhead precludes real-time application in large-scale systems. Future investigations
should prioritize development of approximate causal discovery algorithms and distrib-
uted inference architectures that retain explanatory depth while achieving computation-
al efficiency required for practical deployment in complex, real-world MASs.

o Towards Closed-Loop Diagnostic-Optimization Systems: Future diagnostic para-
digms must transcend passive explanation and evolve into active system components
that directly influence learning and decision processes. Building upon dynamic inter-
vention principles demonstrated in works like Yoo et al. (2025), research should explore
utilization of diagnostic outputs—such as contribution assessments from Mahjoub et al.
(2023) or capability metrics from Tesic et al. (2025)—as real-time feedback for adaptive
credit assignment, structured curriculum learning, or dynamic agent role specialization,
thereby establishing autonomous “diagnosis-decision-optimization” closed loops that
continuously improve system performance.

o Integration of Semantic and Quantitative Explanations: To bridge the gap between
quantitative metrics and human-understandable reasoning, future work should explore
integration of LLMs and semantic technologies to translate numerical contributions,
causal chains identified by methods like Wang et al. (2025a), and latent capability di-
mensions from Tesic et al. (2025) into natural language narratives enriched with domain
knowledge, rendering explanations more insightful and actionable for human experts
while maintaining mathematical rigor.

4.5.2 Environmental response diagnosis

This category of methods focuses on answering the question, “How does the system respond
to environmental changes?” Its technical core lies in assessing the adaptability, robustness,
and failure modes of a MAS when confronted with external environmental perturbations,
non-stationarity, and boundary conditions. Complementing System Performance Diagnosis,
this class of methods addresses the external causes that influence system behavior, aiming
to examine the boundaries of reliable operation and assess potential failure mechanisms. It
encompasses three progressively deeper analytical dimensions:

Environmental sensitivity analysis and robustness assessment

In the absence of a systematic evaluation framework, representative work such as Barnett
et al. (2025) proposes a cooperative behavior measurement framework based on counter-
factual boundary condition analysis. This approach distinguishes genuine from spurious
cooperation, thereby revealing the sensitivity of such behavior to contextual factors and
delineating its boundaries. However, this approach faces challenges in computing best
responses and overlooks the dynamic adaptation of policies. Constructing a standard frame-
work capable of measuring an MAS’s ability to maintain performance under varying pertur-
bation intensities is a critical step bridging theoretical validation and practical deployment,
requiring further investigation in future research.
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Explanatory frameworks for dynamic adaptation mechanisms

A core challenge in environmental response diagnosis involves understanding and
explaining how MARL systems adjust policies online in response to non-stationary environ-
mental dynamics—a capability essential for real-world deployment. Currently, few studies
directly address the interpretation of dynamic adaptation mechanisms at the policy level.
Currently, there is a lack of real-time diagnostic tools akin to Yoo et al. (2025) for this pur-
pose, with most methods still confined to post-hoc analysis. How to attribute and interpret
the real-time adaptive behavior of a trained or actively running MARL system is a signifi-
cant and underexplored field.

Analysis of failure modes and boundary conditions

This sub-area currently represents the most concentrated research focus within envi-
ronmental response diagnosis, primarily involving diagnosis of root causes for specific
system behaviors or failures through counterfactual reasoning and formal verification tech-
niques that reveal system boundary conditions and limitations. The methodologies in this
domain employ complementary approaches ranging from human-centric explanations to
mathematically rigorous verification, each addressing different aspects of system reliability
assessment.

Formal verification and temporal logic analysis emphasizes mathematical rigor and
verification completeness for applications requiring certified reliability. Methods such as
those in Boggess et al. (2023) employ probabilistic model checking and temporal logic
formulae to perform formal root-cause analysis on behavioral deviations in MASs. This
approach offers mathematical rigor and verification completeness but suffers from high com-
putational complexity and potentially limited expressiveness of the logical specifications.

Counterfactual cooperation metrics As seen in Barnett et al. (2025), counterfactual
boundary-condition analysis quantifies the degree of cooperation by computing the social
welfare difference between an agent’s current policy and a selfish best-response policy,
given the fixed policies of other agents. This method provides clear criteria and intuitive
explanations but is sensitive to hyperparameters and struggles to compute best responses in
complex environments.

Environmental Response Diagnosis focuses on evaluating the adaptability and robust-
ness of MARL systems in non-stationary environments. Current research in this area is
characterized by a progression from static post-hoc analysis towards more dynamic rea-
soning, with a strong reliance on techniques such as counterfactual inference and formal
verification. The representative methods can be compared across several key dimensions,
as summarized in Table 21. This landscape reveals diverse technical approaches, each with
distinct methodological strengths tailored to specific diagnostic goals. For instance, the for-
mal method adopted by Boggess et al. (2023) ensures diagnostic precision and complete-
ness through mathematical rigor, using probabilistic model checking. Complementing this,
Barnett et al. (2025) employs systematic counterfactual analysis to delineate the bound-
ary conditions of collaborative behaviors, quantifying policy sensitivity to environmental
parameters and yielding practical insights for robust system design.

Notwithstanding these contributions, the field remains nascent with current research
predominantly characterized by focus on post-hoc root-cause analysis, as exemplified by
Gyevnar et al. (2025) and Boggess et al. (2023), alongside offline evaluation frameworks
such as proposed by Barnett et al. (2025). Critical gaps persist in investigating internal
mechanisms governing system adaptation to non-stationary environmental conditions dur-
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ing online operation, with corresponding explanatory tools for elucidating these dynamic
processes remaining substantially underdeveloped. This represents a significant limitation
given the fundamental importance of adaptation capabilities for real-world MAS deploy-
ment in dynamically changing environments.

To address these limitations and advance environmental response diagnostics toward
practical utility in real-world applications, future research should prioritize the follow-
ing interconnected directions that build upon current methodological foundations while
addressing critical capability gaps:

e Developing Online Interpretability for Dynamic Adaptation: Future work should
prioritize creation of techniques that monitor and explain in real-time how systems
adapt to sudden environmental shifts, including introduction of novel agents or changes
in operational rules. This direction aims to fill the critical gap in “dynamic adaptation
mechanism interpretation” for which dedicated diagnostic tools are currently absent,
supporting proactive monitoring and earlier identification of potential failures in dy-
namic deployment scenarios.

e Enhancing the Scalability of Formal Methods: While formal methods as exemplified
by Boggess et al. (2023) provide mathematically rigorous diagnostic guarantees, their
high computational complexity often renders them intractable in complex, high-dimen-
sional environments. Research should overcome this bottleneck through development
of more efficient model-checking algorithms, compositional verification techniques, or
integration with approximate learning methods to broaden applicability to practical sce-
narios without sacrificing diagnostic reliability.

e Establishing a Hybrid Simulation-Real-World Evaluation Framework: Diagnos-
tic efficacy of methods such as Barnett et al. (2025) depends heavily on underlying
simulation quality and fidelity. To address limitations of single-simulation reliance and
enhance real-world applicability, research should establish hybrid evaluation paradigms
integrating high-fidelity simulation, theoretical counterfactual reasoning (Barnett et al.
2025), and human subjective assessment to provide robust validation foundations, sys-
tematically validate LLM-generated explanations, and ultimately enhance the credibil-
ity and practical utility of diagnostic results across diverse application domains.

4.5.3 Summary and research directions for system performance and environmental
response diagnosis

This section provides a comprehensive summary and comparative analysis of the two tech-
nical paradigms for system diagnosis. It then synthesizes their intrinsic connections into
an integrated explanatory framework and concludes by discussing current limitations and
outlining promising future research directions.

Comprehensive summary of technical paradigms

This section positions interpretability techniques as diagnostic tools for MARL systems,
systematically elaborating on the two major diagnostic dimensions: System Performance
and Environmental Response. Table 7 provides a comprehensive comparison of these two
technical categories, showing that while they differ significantly in their core focus, per-
spective, and tools, they are methodologically complementary, together forming a complete
framework for assessing the internal and external behaviors of an MARL system.

@ Springer



209 Page 82 of 123

L. Sheng et al.

Table7 Comprehensive comparison of system performance and environmental response diagnosis techniques

Technique  Core explanatory Representative Explanatory Core Inherent limita-
category question techniques focus avantages tions & challenges
System per- Why does the Performance at- Individual  Reveals Trade-off between
formance system succeed or tribution analysis contribution internal col- computational
diagnosis  fail? What are its  (Difference Reward quantifica- laboration efficiency and
internal collabo-  (Mahjoub et al. tion, credit  mechanisms,  explanatory depth;
ration & decision  2023), Causal assignment, quantifies mostly post-
mechanisms? Discovery (Wang learning agent con- hoc diagnosis,
et al. 2025a)), dynamics, tributions, lacking real-time
Learning process system provides feedback; Sen-
diagnosis (Entropy-  scalability  direct basis sitivity to model
driven adjustment for algorithm  assumptions and
(Yoo et al. 2025)), optimization  hyperparameters
Reward Decomposi-
tion (Iturria-Rivera
et al. 2024)
Environ- How does the Counterfactual Rea- System Provides Nascent research
mental system respond  soning (Cooperation robustness, explanations  area with a lack of
response to environmental Metrics (Barnett adaptive with causal systematic evalu-
diagnosis  change? Under et al. 2025)), Formal behavior, depth; High ation frameworks;
what conditions  Verification (Bog- failure root mathematical Insufficient tools
does it fail or gess et al. 2023) causes, rigor; Clearly  for explaining
adapt? decision reveals bound- online adaptation
boundaries  ary conditions mechanisms; High

of system
behavior

computational
complexity hin-
ders application

A macroscopic synthesis reveals the complementary strengths and inherent limitations
of each diagnostic paradigm. System Performance Diagnosis 4.5.1 centers on the inter-
nal mechanisms of MARL systems through approaches such as performance attribution
(Mahjoub et al. 2023; Tesic et al. 2025), bottleneck identification, and learning process
analysis (Yoo et al. 2025), excelling in elucidating intrinsic processes governing inter-agent
collaboration, credit assignment, and learning dynamics with methodologies progressively
evolving from surface-level contribution quantification (Li et al. 2024f) toward uncovering
profound causal mechanisms (Wang et al. 2025a), though its primary limitation lies in the
predominant focus on internal system properties that often overlooks critical environmental
interactions and adaptation requirements. Environmental Response Diagnosis 4.5.2, in
contrast, concerns the interaction between the system and the external environment. Uti-
lizing technologies like counterfactual reasoning (Barnett et al. 2025) and formal verifica-
tion (Boggess et al. 2023), it aims to clarify the system’s decision boundaries, robustness,
and failure root causes. Research in this field remains in its early stages, with significant
gaps, particularly in systematic sensitivity assessment and the interpretation of online adap-
tation mechanisms.

Intrinsic connections: a multi-perspective explanatory framework

The two diagnostic paradigms are intrinsically linked, forming a coherent explanatory
framework from complementary perspectives.

e Logical Progression: The diagnostic focus expands progressively from the system’s

interior to its external environment. System Performance Diagnosis addresses “how the
system operates internally” (mechanism), revealing collaborative logic and credit as-
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signment among agents. Environmental Response Diagnosis focuses on “how the sys-
tem interacts with the external world” (adaptation), evaluating its response and robust-
ness to dynamic environments. Together, they complete a systemic examination from
internal causes to external causes, and from mechanism to performance.

e Taxonomic Coverage: The two methods represent complementary theoretical perspec-
tives for attributing and assessing overall system behavior from two dimensions: “inter-
nal cause diagnosis” and “external cause evaluation.” System Performance Diagnosis
answers the “source” question of system performance (Where does performance come
from?), while Environmental Response Diagnosis answers the “boundary” question of
system behavior (Where are the limits of behavior?). They collectively constitute a com-
plete problem space for assessing the capabilities and limitations of an MARL system,
ensuring the comprehensiveness of the diagnostic framework.

o Complementary Perspectives: They focus on the internal and external causes that
influence system behavior, respectively. System Performance Diagnosis probes inward,
explaining the internal logic of performance generation (e.g., Which agents contribu-
tion is critical?). Environmental Response Diagnosis looks outward, assessing the sys-
tem’s ability to cope with external challenges (e.g., Under what kind of interference
will the system fail?). Just as medical diagnosis requires examining both organ function
(internal cause) and a patient’s resistance to pathogens (external cause), the combination
of both provides a holistic health assessment for an MAS.

Limitations and future directions

Current system diagnosis methods exhibit a fragmentation between internal (individual
performance) and external (environmental response) analysis, making it difficult to locate
the root causes of complex failures. Furthermore, the diagnostic process is often decoupled
from the system optimization pipeline, and excessive computational complexity hinders
practical application. To construct an autonomous diagnostic-optimization system, future
research should focus on:

e Unified Causal Diagnostic Theory: Integrate individual contribution quantification
(Mahjoub et al. 2023) and environmental boundary condition identification (Barnett
et al. 2025) within a single causal framework to explore a linked diagnostic model.

e Diagnostic-Driven Autonomous Loop: Develop algorithms that can translate diagnos-
tic insights (e.g., reward causal mechanisms (Wang et al. 2025a), cooperation boundaries
(Barnett et al. 2025)) into real-time policy adjustment directives or safety constraints.

o Lightweighting of High-Fidelity Methods: Develop scalable approximation algo-
rithms for distributed counterfactual reasoning and online causal learning to overcome
the core computational bottlenecks of methods based on causal discovery (Wang et al.
2025a) and formal verification (Boggess et al. 2023).

o Multi-Modal Evaluation Standards: Establish comprehensive evaluation metrics that
integrate diagnostic accuracy, causal fidelity, formal proof (Boggess et al. 2023), effi-
cacy in improving expert decision-making.

Through continued exploration in the directions outlined above, systemic diagnostic tech-
nology has the potential to transform from a peripheral “analysis tool” for MARL systems
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into an embedded “cognitive core” and “immune system”, ultimately contributing to meth-
odological foundations for safe, reliable, and efficient MAS deployment in practice.

5 An evaluation framework and core challenges

Following a systematic review of techniques for explaining and interpreting MASs across
all levels, the question of how to evaluate these methods in a scientifically rigorous and
comprehensive manner has emerged as a central concern.

5.1 Towards a multi-dimensional evaluation framework for XMARL

The rapid development of techniques for enhancing transparency in MARL has not been
matched by the establishment of standardised evaluation protocols. We therefore propose
a multi-dimensional evaluation framework that moves beyond conventional performance
metrics (e.g., cumulative reward). The framework, synthesised from existing literature and
illustrated in Fig. 8, is organised along two orthogonal axes: Core Transparency Qual-
ity Dimensions and Method Feasibility Constraints. The former directly assesses the
quality and utility of the rationales or transparent mechanisms produced, whereas the latter
addresses practical deployability and engineering trade-offs. Together, these axes constitute
a comprehensive and actionable evaluation system.

To make this framework immediately applicable, we explicitly link each evaluation
dimension to the method categories and behavioral hierarchies introduced in Sect. 4. Table 8
provides a compact summary, specifying for each dimension: (i) the primary method classes
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Fig. 8 A multi-dimensional evaluation framework for explainable multi-agent reinforcement learning
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(organized by the four-level hierarchy of Sect. 4) to which it applies, (ii) the required data
and core assumptions for measurement or approximation, and (iii) suitable baselines or
reference points for comparative evaluation. Detailed definitions of each metric, along with
practical proxies for scenarios where ideal assumptions are not met, are provided in the
subsequent subsections.

Table 8 Mapping evaluation dimensions to XMARL method categories, required data/assumptions, and suit-

able baselines

Evaluation  Primary method para- Required data/core Suitable baseline
dimension  digms (cf. Section 4) assumptions
Fidelity &  Micro: Policy abstrac- Access to original policy for  Original opaque policy ;
robustness  tion & feature attribution sampling; perturbation model behavioral cloning without ex-
for input planation; gradient-/perturbation-
based saliency (e.g., LIME) etc
Meso: Attention/rela- Interaction logs; abil- No-communication / uncon-
tional modeling & com- ity to mask/randomize strained communication (for
munication analysis communication overhead comparison); shuffled
attention weights; random inter-
action graph etc
Macro: Behavior Trajectory dataset; Randomly assigned strategy
abstraction & learned proxy model for strategy labels; world model trained only
world models comparison on individual trajectories etc
System: Performance di- Multiple evaluation runs; Heuristic performance monitor-
agnosis & environmental environmental perturbation  ing (e.g., reward threshold
response analysis suite alert); non-explainable anomaly
detector etc
Causal Micro: Counterfactual Intervention-capable simula- Random counterfactual action
mechanism  reasoning tor or identifiable causal selection etc.
discovery assumptions
Meso: Causal dis- Ground-truth causal edges Correlation-based graph (e.g.,
covery & causal- (synthetic) or conditional mutual information, attention);
model-informed value independence tests random DAG etc
decomposition
Macro: Causal emer- Macroscopic intervention Team-level correlation network;
gence & team-level model; aggregate causal no-emergence null model (ran-
counterfactuals metrics dom team partition) etc
System: Causal perfor-  Causal graph over system- Ablation of single system
mance attribution level variables component; Shapley value over
agents (model agnostic) etc
Human- Micro: Intrinsic motiva- Human-provided goal seman- No explanation (control condi-
centered tion & goal analysis tics; user study with task tion); randomly generated
utility questionnaires motivation labels etc

Engineering
feasibility

Meso: Role/pattern
discovery & LLM-based
communication

Macro: Strategy recogni-
tion & LLM-generated
descriptions

System: Operator-orient-
ed diagnostics

All levels — applies
universally

Human evaluation of discov-
ered roles; comprehension
tests

Human assessment of strat-
egy labels; trust surveys in
human-Al teams
Operator-in-the-loop study;
task performance with/with-
out diagnostic feedback
Profiling in controlled
computational environment
(wall-clock time, memory,
communication)

Random role assignment; ablated
communication (no content);
rule-based fixed roles etc

No strategy label provided;
template-based textual descrip-
tion etc

No diagnostic feedback (silent
system); conventional perfor-
mance dashboard etc
Non-explainable MARL algo-
rithm with equivalent policy
architecture; vanilla MARL
without transparency module etc
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Baseline selection rationale.

The baselines listed in Table 8 are representative examples that provide informative ref-
erence points commonly adopted in XMARL and MARL evaluations. They are intended as
illustrative, not exhaustive. For Fidelity & Robustness, comparisons are made against the
original opaque policy (to quantify fidelity loss), along with simple attribution baselines
(e.g., gradient-based saliency, behavioral cloning without explanation) to verify that the
extracted model does not merely memorize. For Causal Mechanism Discovery, correla-
tion-based graphs (built from mutual information or attention weights) serve as a standard
non-causal baseline; random DAGs and random counterfactual actions further test whether
the method captures genuine causal structure beyond chance. For Human-Centered Util-
ity, the classic “no explanation” condition is the strongest baseline, supplemented by ran-
dom/ablated explanations to control for placebo effects. For Engineering Feasibility, the
non-explainable MARL counterpart with identical policy capacity is the natural reference,
quantifying overhead without confounding by algorithmic differences. These baselines
align with established practices in the reviewed literature (e.g., comparing against LIME
in feature attribution, using shuffled attention in multi-agent communication, and employ-
ing no-explanation controls in user studies). Researchers may adopt additional baselines
tailored to specific experimental settings, ensuring that reported metrics capture genuine
transparency benefits.

5.1.1 Core Dimension 1: Explanation fidelity and robustness

Fidelity measures the extent to which post-hoc explanations accurately reflect the internal
decision-making process of the underlying black-box MARL policy. Robustness, in turn,
captures the stability of those explanations under environmental perturbations or obser-
vational noise. High-fidelity, robust explanations are essential for fostering user trust and
enabling effective system debugging.

Policy behavior consistency

This metric quantifies the alignment between an explainable proxy policy and the origi-
nal black-box policy when interacting with the same environment. In multi-agent settings,
consistency can be assessed through the similarity of joint action distributions:

Fidelityypp = Ermo [SIM(Fjoint (7), Tjoint (7))

where 7 is the joint trajectory, Tjoint is the original (often opaque) joint policy, 7joint is the
explainable proxy policy, and Sim is a trajectory similarity measurement function (e.g., joint
action matching rate). Higher values indicate greater fidelity (Ribeiro et al. 2018).

Assumptions: The method requires sampling access to the original policy and an envi-
ronment simulator to generate trajectories. Practical proxy: When full trajectory simulation
is costly, one can measure the behavioural cloning accuracy of the proxy model on a fixed
dataset of state-action pairs collected from the original policy.

Explanation robustness (stability)

Robustness can be quantified by comparing explanation feature sets under original and
perturbed multi-agent states:
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N
1 |E(si) NE(:)

Env-Robust = — E —_
nv- obustness N 2 |E(Sl) U E(gl)‘

where s; and §; are the original and perturbed multi-agent joint states, respectively, and E(-)
is the generated set of explanation features. This metric measures the sensitivity of explana-
tions to perturbations; a higher value indicates greater stability (Sundararajan et al. 2017). It
quantifies the stability of explanations under environmental perturbations by comparing the
similarity of explanation feature sets between original and perturbed states.

Assumptions: A perturbation model (e.g., Gaussian noise on observations) is defined.
Practical proxy: When generating perturbed states is difficult, one can compute explanation
consistency across multiple episodes with different random seeds, treating stochasticity as
a natural perturbation.

5.1.2 Core Dimension 2: Causal mechanism discovery

This dimension evaluates a method’s capacity to move beyond correlational patterns and
uncover the causal mechanisms that underpin emergent agent behaviours. It focuses specifi-
cally on causal relationships such as inter-agent interactions and temporal dependencies.
Agent interaction causal strength
The causal effect of agent i’s action on agent j’s reward can be expressed as an Average
Treatment Effect:

Interaction-ATE;_,; = E,[Reward; | do(a; = a’)] — E,[Reward; | do(a; = a”')]

where do(-) denotes an intervention, Reward; is the reward obtained by agent j, and T is
the joint trajectory. The overall capacity of an explanatory method to capture collaborative
causal effects can be summarised by the Mean Absolute Average Treatment Effect across
all agent pairs:

N
1
MA-AATE = m ; ;!Interaction—ATEiaj ‘

Assumptions: The environment must support explicit interventions (“do” operations) or pro-
vide a causal simulator. No unobserved confounders should affect both the cause and effect
variables. Practical proxy: When interventions are infeasible, one can compute conditional
mutual information I(Reward;; a; | context) as a correlational lower bound, or evaluate
the stability of inferred causal edges under bootstrapped data resampling.

Temporal causal discovery accuracy

RL decisions exhibit pronounced temporal structure. The accuracy of an explanatory
method in recovering the temporal causal graph over states, actions, and rewards is given
by:

TPedge + TNedge

Temporal-Causal-Accuracy =
TPedge + FPedge + TNedge + FNedge
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where TPeqge, FPedges TNedge, and FNgqge denote the numbers of true positives, false
positives, true negatives, and false negatives in identifying temporal causal edges, respec-
tively. This metric is particularly well suited for evaluating explanations in partially observ-
able domains.

Assumptions: A ground-truth temporal causal graph is available (typically only in syn-
thetic or simulated environments). Practical proxy: In the absence of ground truth, one
can measure the predictive improvement of a downstream dynamics model when using the
discovered causal graph as a structural prior (e.g., via Granger causality tests or forecast
error reduction).

5.1.3 Core Dimension 3: Practicality and human-centered evaluation

The ultimate value of an explanation lies in its practical utility for human (e.g., opera-
tors, designers, regulators). This dimension evaluates the effectiveness of explanations in
enhancing human comprehension, trust, and decision-making capabilities.

Guidance for strategy improvement

This metric quantifies the extent to which explanations enable users to improve multi-
agent policy performance. It is defined as the relative performance gain achieved after
human-guided policy adjustments:

J(Whuman—adjusted) - J(’/Toriginal)

Guidance-Effectiveness =
J(ﬁoptimal) - J(’/Toriginal)

J(m) denotes the performance metric of policy 7 (e.g., the expected cumulative reward),
Thuman-adjusted 18 the policy adjusted by a human user after receiving the explanations,
Toriginal 18 the original policy, and moptimal represents a suitable optimal or reference pol-
icy. Values close to unity indicate strong guidance, directly linking explanation quality to the
core objective of reinforcement learning—performance optimisation.

Assumptions: Human participants with domain knowledge are available; a reference
policy exists. Practical proxy: Automate the adjustment process using a script that mimics
human reasoning based on the explanation content (e.g., removing agents deemed “lazy” by
the explanation) and measure the resulting performance change.

Understanding of multi-agent collaboration

This metric evaluates whether the provided insights help users understand the collab-
orative mechanisms among agents. It can be tested by the user’s ability to predict agent
behaviors or team outcomes:

K
1
Collab-Understanding = Ve Z I(Predictionhyman,x = Outcomeactyal k)
k=1

where Predictionhuman, k represents the user’s prediction in the A-th test scenario (e.g.,
which agent will take a key action, whether the team will succeed), Outcomeactual, k
denotes the actual outcome, and K is the number of test scenarios. This metric quantifies the
extent to which the provided transparency promotes understanding of multi-agent collabo-
ration mechanisms through user prediction accuracy (Tjoa and Guan 2020).
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Assumptions: Human participants must predict agent behaviours or team outcomes.
Practical proxy: Train a separate neural network to predict the same outcomes using only
the explanation outputs as input; its prediction accuracy serves as a proxy for the informa-
tion content of the explanation.

Trustworthy autonomous decision-making assessment

In MARL deployment, a key goal of providing model transparency is to establish human
trust in autonomous decision systems. This can be evaluated by measuring whether users are
willing to relinquish control to the Al system at critical decision points:

Number of acceptances

Trust-Score = — — ;
Number of critical decision points

where critical decision points refer to high-risk situations requiring human supervision
or intervention. This metric directly reflects the acceptability of the RL in real-world
deployment.

Assumptions: Critical decision points are predefined and a human-in-the-loop study is
conducted. Practical proxy: Use the frequency with which the AI’s suggested action is over-
ridden by a rule-based safety monitor as an inverse proxy for trust (lower override rate
implies higher trust in the transparent system).

5.1.4 Method constraint: engineering feasibility

This dimension assesses the practical overhead introduced by transparency-enhancing
mechanisms—whether via interpretability-by-design or post-hoc explanation. The aim is
to achieve high interpretability without incurring disproportionate degradation in system
performance or resource efficiency.

Computational performance

This metric evaluates the change in the system’s core performance (e.g., team cumulative
reward, task success rate) after introducing the transparency mechanism:

J(Trenhanced)

Performance-Ratio =
J(Wbaseline)

where J(7) denotes the performance metric of policy 7, which can be defined in multi-

agent environments as team cumulative reward (ZZ;O At REa™) task success rate, or
policy convergence speed; Tenhanced represents the multi-agent policy integrated with the
transparency-enhancing mechanism; and 7paseline refers to the original opaque multi-agent
policy. A Performance-Ratio value close to or greater than 1 indicates that the transparency
mechanism does not compromise system performance and may even enhance collaborative
efficiency (Groce et al. 2014).

Assumptions: Both policies are evaluated under identical conditions. Practical proxy: For
offline evaluation, use importance sampling to estimate the performance of Tephanced USING
data collected from 7pgeline, reducing the need for additional environment interactions.

Computational efficiency and real-time capability

The additional time required to generate transparency (e.g., computing explanations) is a
critical factor for real-time applications:
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T -1 i
Time-Overhead — enhanced baseline ™ 100%

Tbaseline

where Tonhanced denotes the time required for the system with transparency features to
generate a decision (including any rationale), and T},aseline represents the time required for
the original opaque system to generate a decision. This overhead should be as small as pos-
sible and should not grow exponentially with the number of agents N (Kuhnle et al. 2022).

Resource consumption and scalability

This assesses the feasibility of transparency mechanisms in resource-constrained envi-
ronments (e.g., mobile robots), including memory, energy consumption, and communica-
tion overhead. For example, communication overhead can be expressed as:

Communication-Overhead = M x 100%

Bcontrol
where Btransparency denotes the bandwidth required for transmitting transparency-related
information (e.g., explanations), and Bcontrol represents the bandwidth required for trans-
mitting basic control information. High bandwidth overhead may limit the application of
such methods in communication-constrained environments (Guo et al. 2023).

Assumptions: Communication can be monitored and separated into control vs. transpar-
ency payloads. Practical proxy: Measure the scaling behaviour of total communication as
a function of agent count N; a transparency mechanism that scales linearly or sub-linearly
with N is preferable to one with quadratic growth.

The core philosophy of engineering feasibility evaluation is to ensure that the transpar-
ency mechanism serves as an enhancement to the system, not a performance bottleneck.
Evaluation should at least include: performance retention testing, efficiency benchmarking,
and scalability verification under increasing system size. These metrics collectively help
researchers make trade-offs between transparency quality and system performance, promot-
ing the practical deployment and application of XMARL technology.

5.2 Core challenges and open problems

Despite notable progress, XMARL remains in its formative stages and confronts fundamen-
tal challenges that constrain both theoretical advancement and practical deployment. Fig-
ure 9 provides a systematic summary of these challenges, which derive from the limitations
discussed across individual, interaction, team, and system levels in Chapter 4. They repre-
sent key obstacles on the path to truly transparent and trustworthy multi-agent systems and,
simultaneously, define the problem space that guides the forward-looking research roadmap
presented in Sect. 6.

5.2.1 The transparency trilemma
A persistent and foundational challenge in XMARL is the Transparency Trilemma, which
captures the inherent tension among model expressiveness, explanation quality/interpret-

ability, and computational efficiency. Inherently interpretable models (e.g., linear models,
shallow trees) offer transparency but may have limited expressive capacity in complex tasks.
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Fig.9 Core challenges in explainable multi-agent reinforcement learning

Deep models provide expressiveness at the cost of opacity, necessitating post-hoc explana-
tions that are often computationally demanding. This trilemma raises pressing open ques-
tions: How can hybrid neuro-symbolic architectures reconcile expressiveness with inherent
interpretability? And how might lightweight causal reasoning be achieved for explanation
in large-scale online settings?

5.2.2 The gap from correlation to causality

Mainstream XMARL explanation methods (e.g., attention and feature attribution) predomi-
nantly rely on revealing statistical correlations rather than causal mechanisms. This limita-
tion becomes particularly pronounced in the context of complex multi-agent interactions
and emergent behaviors, potentially limiting the reliability and actionability of explanations
for safety-critical decisions. Therefore, key questions arise: How can we deeply embed
causal inference frameworks, such as Structural Causal Models, into the core design of
XMARL algorithms and their explanatory methods, rather than using them merely for post-
hoc analysis? How can we develop computationally feasible causal formalization methods
for multi-agent interactions?

5.2.3 Fragmentation and non-standardization of evaluation

The absence of established benchmarks, standardised evaluation protocols, and compre-
hensive quantitative metrics severely impedes the comparability of research findings and
the systematic accumulation of knowledge. The field has yet to reach consensus on how to
evaluate transparency quality across dimensions such as fidelity, causality, usability, and
efficiency. A central open problem is the construction of an open, unified benchmarking
platform that encompasses diverse task environments, multi-level evaluation metrics, and
robust human-factor assessment methods that account for multiple stakeholder perspectives.
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5.2.4 Paradigm shift from passive to active transparency

The current dominant paradigm in XMARL is “post-hoc explanation”, which separates the
explanation process from learning itself, limiting its potential to proactively enhance system
performance. A promising direction is to investigate an “active transparency” paradigm,
integrating the generation and use of insights throughout the entire lifecycle of learning
and deployment. This raises critical questions: How can we translate explanatory signals
(e.g., counterfactual contribution) into intrinsic rewards or safety constraints to create a
self-evolving loop of “explain-diagnose-intervene-optimize”? How can we design real-time
interactive explanation frameworks that support bidirectional human-AI understanding and
collaboration?

5.2.5 Adaptability in open non-stationary environments

Existing transparency-enhancing methods are predominantly validated in simplified, static,
fully cooperative settings. Evidence regarding their performance remains limited in the face
of open-world, mixed-motive scenarios with dynamically changing agent populations and
non-stationary dynamics. This inadequacy represents a key barrier to real-world deploy-
ment. Pressing open problems include: How can explanation frameworks be designed to
capture and convey long-term evolution in agent motivations and roles? And how can the
robustness and effectiveness of transparency mechanisms be ensured under realistic con-
straints such as partial observability and limited communication?

This systematic analysis of core challenges and open problems serves both as a criti-
cal assessment of current limitations and as a clear articulation of the trajectory for future
XMARL research. By identifying fundamental barriers and formulating specific research
questions, this analysis provides a structured basis for discussing future development of
explainable MASs and establishes the logical foundations for the conclusions and outlook
presented in Sect. 6.

6 Conclusion and future research directions

Building upon a systematic review and critical analysis of the XMARL landscape, this sec-
tion synthesizes the contributions of this work, distills the field’s core challenges, and pro-
poses strategic directions for future research.

6.1 Research summary and contributions

This study provides a comprehensive systematization of the XMARL field, yielding the fol-
lowing primary contributions:

e First, we introduce a structured, multi-level classification framework. This framework
not only effectively catalogs existing explainability techniques but, more importantly,
organizes prominent explanatory perspectives from micro-level decisions to macro-lev-
el emergent behaviors. By decomposing the complex problem of multi-agent explain-
ability into four interconnected yet distinct levels, it provides researchers with a clear
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analytical pathway and structured research dimensions.

At the Micro-level of Individual Behavior, we systematically analyzed core tech-
niques—including policy abstraction and model extraction, attention and feature at-
tribution, counterfactual reasoning and influence analysis, and intrinsic motivation and
goal analysis. These approaches offer diverse explanatory perspectives for deciphering
the internal decision-making logic of individual agents.

At the agent interaction and collaboration mechanisms level, we explored methods
for modeling and explaining agent interactions. These encompass relational modeling
via attention mechanisms, communication protocol interpretation, causal interaction
verification, collaborative structure discovery based on roles and patterns, and collabo-
ration logic explanation through team value decomposition. These techniques are vital
for understanding the underpinnings of multi-agent cooperation.

Regarding Team Strategy and Emergent Behavior, we surveyed approaches for in-
terpreting collective intelligence. These include team behavior abstraction and high-
level goal identification, macro-state modeling and phase analysis, frameworks based
on causal emergence theory, counterfactual team-level analysis, and team behavior
generation using learned world models. These methods aim to uncover the principles
governing system-level strategic dynamics and emergence.

Concerning System Performance and Environmental Response Diagnosis, we ex-
amined techniques for performance diagnosis and environmental impact analysis. These
methodologies provide critical tools for system-level diagnosis, robustness assessment,
and trustworthy deployment.

Furthermore, this study proposes a multi-dimensional evaluation system that moves be-
yond conventional performance-centric metrics. It establishes a structured set of evalu-
ation dimensions assessing explanatory fidelity, causality, usability, and computational
efficiency. This system offers a scientific basis for comparative analysis and guides the
development of high-quality, practical explainability techniques.

Finally, through a critical synthesis of the literature, we identify the fundamental ten-
sions constraining the field’s development, thereby providing a problem-oriented road-
map for future research breakthroughs. Collectively, these contributions provide a
structured knowledge base that can help consolidate the theoretical underpinnings of
XMARL and guide future inquiry.

6.2 Distillation of core problems

Our analysis condenses the central impediments in XMARL into three recurring challenges:

The Transparency Trilemma: The inherent trade-off between model expressivity,
explanatory transparency, and computational efficiency represents a recurring design
trade-off. Achieving an optimal balance remains elusive and demands foundational in-
novation.

The Correlation-Causation Gap: A pervasive methodological shortcoming is the re-
liance on correlational evidence rather than causal mechanisms. Bridging this gap is
particularly challenging within the complex web of multi-agent interactions.

The Standardization Deficit: The absence of unified benchmarks and evaluation pro-
tocols fragments the research landscape, hindering reproducible, comparable, and cu-
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mulative progress.

Additional challenges include the difficulty of transitioning from passive explanation to
proactive guidance, limited adaptability in open and dynamic environments, and questions
regarding the practical deployability of existing methods.

6.3 Future research directions

The preceding analysis in this survey reveals that the development of XMARL is con-
strained by a series of interconnected challenges spanning from theoretical foundations to
practical applications. This section synthesizes the technical limitations analyzed at various
levels in Sect. 4 with the fundamental challenges summarized in Sect. 5.2 into a cohesive
research roadmap (as shown in Fig. 9). This roadmap aims to systematically transform
explainability from an external, add-on property into a core component of intelligent and
trustworthy MASs.

6.3.1 Tackling the “trilemma” and the “causal gap”—Ilaying the theoretical and
modeling foundation

The primary objective of this thrust is to overcome the fundamental tension among expres-
siveness, transparency, and efficiency (the “Explainability Trilemma”, Sect. 5.2.1) and to
bridge the “correlation-to-causation gap” (Sect. 5.2.2). This motivates further development
of intrinsically interpretable and causally informed models. Specifically, research should
focus on:

e Developing hybrid architectures that integrate the automation and generalization
strengths of deep learning with explicit, human-readable symbolic representations ef-
fective for interaction analysis (Sect. 4.3 ).

e Deeply embedding structural causal models and interventional discovery frameworks
into the MARL learning loop, moving beyond post-hoc attribution. This involves creat-
ing lightweight, trainable causal modules (a need emphasized across Sects. 4.3 and 4.4)
to provide real-time causal explanations for individual decisions and emergent team
dynamics.

Progress in this thrust has the potential to provide the theoretical and modeling foundation
needed for more trustworthy XMARL systems.

6.3.2 Advancing evaluation standardization and an active paradigm shift—building a
closed-loop technological ecosystem

The second thrust addresses the critical need for robust evaluation (“Fragmented and Non-
Standardized Evaluation,” Sect. 5.2.3) and catalyzes the “paradigm shift from passive to
active explanation” (Sect. 5.2.4). The goal is to construct a closed-loop ecosystem where

explanations both measure and enhance system performance. Key initiatives include:

e Constructing open, unified benchmark platforms that aggregate multifaceted evaluation
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needs across all technical layers (Sects. 4.2 —4.5). These platforms must offer diverse
environments and a comprehensive suite of metrics covering fidelity, causality, human-
Al usability, and computational cost.

e Designing algorithms capable of translating explanatory insights—such as counterfac-
tual contributions (Sect. 4.3 ), identified policy vulnerabilities (Sect. 4.4 ), or root-cause
diagnoses (Sect. 4.5 )—into actionable feedback. This feedback should manifest as in-
trinsic rewards, curriculum learning guides, or safety constraints, thereby creating self-
improving MARL systems.

This thrust aims to evolve explanation from a purely diagnostic tool toward a core
driver of autonomous optimization, thereby closing the loop between understanding and
improvement.

6.3.3 Ensuring robustness in open worlds—expanding towards a trustworthy
application ecosystem

The final thrust directly tackles the challenge of “explanatory adaptability in open non-sta-
tionary environments” (Sect. 5.2.5), ensuring XMARL methods remain reliable and effec-
tive under realistic conditions. This involves scaling and rigorously testing explainability
frameworks in complex, dynamic settings. Research must prioritize:

e Integrating techniques for open-world adaptation (Sect. 4.3), explaining non-stationary
policies (Sect. 4.4), and robust diagnostic systems (Sect. 4.5 ) to create explanatory
mechanisms that dynamically adapt to changing agent populations, objectives, and hu-
man-in-the-loop interactions.

e Focusing on safety-critical application domains (e.g., autonomous driving, embodied
Al) to stress-test these adaptive frameworks. Leveraging domain-specific requirements
will drive the development of resilient explanation models capable of operating under
partial observability and communication constraints.

This thrust bridges the gap between laboratory validation and field deployment, paving the
way for real-world impact.

These three thrusts are deeply interconnected and mutually reinforcing. Progress in the
model foundation (Sect. 6.3.1) furnishes new components for the evaluation and optimiza-
tion ecosystem (Sect. 6.3.2). The rigorous benchmarks and optimization loops of the second
thrust, in turn, validate and refine the theories from the first. Together, they may support
more robust evaluation and development fort real-world application (Sect. 6.3.3), while
challenges and data from applications provide continuous feedback to guide foundational
research. This integrated roadmap highlights promising pathways for systematically advanc-
ing XMARL. Realizing the vision of transparent, trustworthy, and collaborative multi-agent
intelligence that can be safely integrated into society will require sustained efforts across
these interconnected directions, along with continuous empirical validation and commu-
nity-wide collaboration.
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6.4 Limitations of this survey

While this survey provides a systematic and critical analysis of current XMARL research,
several limitations should be acknowledged to properly contextualize its contributions and
conclusions.

o Temporal and Thematic Scope. The core systematic search is limited to January 2022—
October 2025 and focuses exclusively on cooperative settings. Foundational pre-2022
works and studies in competitive or mixed-motive scenarios, though partially incorpo-
rated as background, were not subjected to the same systematic screening protocol. This
may result in an incomplete portrayal of the broader XMARL evolutionary trajectory
and the transferability of techniques across different MARL paradigms.

o Search and Selection Constraints. Despite a comprehensive search strategy across
five databases and the use of backward/forward snowballing, relevant studies—particu-
larly those in non-English languages, grey literature, or very recent preprints not yet
indexed—may have been inadvertently omitted. Moreover, while explicit inclusion/
exclusion criteria were employed, the qualitative judgment required in title/abstract
screening and full-text assessment introduces a degree of subjectivity that cannot be
entirely eliminated.

o Categorization Ambiguity. The proposed four-level taxonomy, although grounded in
the structure of multi-agent decision-making, imposes a discrete classification on a con-
tinuous and often overlapping explanatory landscape. Despite the rigorous protocol for
handling cross-level contributions (Sect. 2.5), borderline cases remain, and alternative
organizational schemes could highlight different dimensions of the literature.

e Evaluation of Preprint Quality. Our criteria for including arXiv preprints (at least
three of five indicators) represent a structured attempt to filter for quality in the absence
of peer review. However, these indicators (e.g., page length, institutional affiliation)
are proxy measures and may not perfectly correlate with methodological soundness or
long-term impact.

e Evolving Landscape. XMARL is a rapidly advancing field. The analysis presented
here reflects the state of the literature up to October 2025; newer publications emerging
after this cutoff may address some of the challenges identified herein or introduce novel
paradigms not captured in our synthesis.

These limitations do not invalidate the synthesis within its defined scope, but they delimit
the scope of the conclusions drawn. Future iterations of this survey, or complementary

reviews with different scopes and taxonomies, will be essential to maintain an up-to-date
and broader map of the XMARL research frontier.

Appendix A: All tables

See Tables 9, 10, 11, 12, 13, 14, 15, 16, 17, 18, 19, 20, 21.
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