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ABSTRACT

Multi-agent reinforcement learning (MARL) achieves remarkable
performance in complex coordination tasks, yet interpreting the
emergent behaviors of trained agents remains a fundamental chal-
lenge. Most current explainability methods focus on individual
agent decisions, overlooking the critical interplay of joint strategies
and temporal coordination patterns that define successful multi-
agent policies. We present MEASE (Multi-agent Episodic Action
Sequence Explanation), a novel explainable MARL (XMARL) frame-
work that explains trained MARL policies as human-interpretable
emergent cooperative joint behaviors. MEASE employs a cognition-
inspired episodic memory model to learn spatio-temporal multi-
agent interaction patterns, coupled with abstraction algorithms
that identify significant cooperative agent behaviors. We evaluate
MEASE on diverse scenarios in the VMAS and MOSMAC envi-
ronments, demonstrating its generalizability across various tasks
and domains. These explanations, which prescribe “when to do
what” for multi-agent systems, serve as executable coordination
protocols that faithfully capture the learned behaviors. Quantitative
validation shows that deploying explanations as strategies achieves
93% of the original MARL policy performance. A user study with
31 participants validates the clarity and usefulness of the explana-
tions. These results demonstrate that MEASE effectively extracts
explanatory knowledge from complex multi-agent behaviors.
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1 INTRODUCTION

Multi-agent reinforcement learning (MARL) has demonstrated re-
markable success across diverse domains, from real-time strategy
(RTS) games [34, 45] to real-world applications including robot-
ics [15, 18, 30], security [28, 29], urban traffic control [54], and
smart cities [23, 32]. However, despite agents learning emergent
coordinated behaviors, their policies generally lack interpretability,
functioning as black-box systems [13, 46, 47]. This opacity poses
a critical barrier to deployment in high-stakes applications where
understanding and trust in Al decision-making are essential.

While the explainable reinforcement learning (XRL) domain has
made significant progress, existing post-hoc methods predomi-
nantly focus on explaining actions or decisions made by individual
agents [1, 43], failing to capture the temporal coordination patterns
and emergent behaviors that characterize successful multi-agent
policies. This gap is particularly problematic because the value of
MARL lies precisely in the complex coordination strategies that
emerge from agent interactions — strategies that cannot be under-
stood by examining individual decisions in isolation.

To address this research gap, we introduce Multi-agent Episodic
Action Sequence Explanation (MEASE), a novel explainable MARL
(XMARL) framework that explains MARL policies by learning
episodic memories from multi-agent behavioral data and explaining
them as interpretable symbolic sequential coordination behaviors.
At its core, MEASE employs a cognitive-inspired episodic memory
model to learn behavioral patterns from MARL agent trajectories.
Unlike traditional black-box approaches [13], the memory mod-
els based on self-organizing neural networks [42] explicitly store
behavioral patterns as interpretable cognitive codes, enabling sys-
tematic retrieval and analysis [11, 46, 47]. Specifically, we introduce
a novel interval-based memory retrieval mechanism that retrieves
episodic memories as generalized action patterns across arbitrary
timestep windows, capturing coordination behaviors at multiple
temporal scales. These patterns are then processed through our
Multi-agent Action Sequence Abstraction (MASA) algorithm, which
identifies significant joint-actions and consolidates repetitive pat-
terns for concise symbolic explanations of agent behaviors.

We evaluate MEASE across diverse multi-agent scenarios from
the VMAS [3] and MOSMAC [12] benchmarks, demonstrating its
ability to explain agent behaviors across different task complexities
and coordination requirements. Through an explanation-as-strategy
validation approach, our results show that explanations not only
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provide a clear understanding of agent behaviors but can also be de-
ployed as executable strategies, achieving comparable performance
to the original MARL policy (93.2% vs. 93.7% win rate), demonstrat-
ing that MEASE successfully captures the essential coordination
patterns embedded in trained policies. A user study with 31 par-
ticipants further reveals that MEASE generates comprehensible
explanations for complex multi-agent cooperative tasks. In sum-
mary, the main contributions of this work include:

o We present MEASE, a novel XMARL framework that ex-
plains MARL policies by learning multi-agent trajectories as
episodic memory and representing them in symbolic form,
highlighting emergent coordination patterns.

e We develop EM-ART 2, a new episodic memory model tai-

lored for encoding multi-agent behaviors and MASA, an

abstraction algorithm for effective memory retrieval.

Extensive experiments across VMAS and MOSMAC scenar-

ios demonstrate MEASE accurately distills essential coordi-

nation patterns, and a user study shows MEASE provides
clear, useful, and comprehensible explanations for complex
multi-agent behaviors.

2 RELATED WORK

2.1 Multi-Agent Reinforcement Learning

MARL has made substantial progress in both on-policy and off-
policy algorithms in recent years. Representative on-policy meth-
ods such as COMA [9], MAA2C [31], and MAPPO ([53], along
with off-policy methods including MADDPG [24], VDN [40], and
MAVEN [27], have demonstrated strong performance on cooper-
ative tasks. Among various MARL approaches, value decomposi-
tion methods have gained attention due to their sample efficiency.
QMIX [33] introduced monotonic value function factorization to en-
sure consistency between centralized and decentralized policies, fol-
lowed by extensions through weighted factorization in QPLEX [48],
attention mechanisms in QTRAN [38]. Despite their remarkable
performance in complex multi-agent tasks, these methods remain
largely opaque in their decision-making processes, highlighting the
critical need for explainability in MARL.

2.2 Explainability in Reinforcement Learning

The explainable reinforcement learning (XRL) community has de-
veloped various approaches for interpreting DRL models, focusing
on different aspects of agent behavior, decision-making processes,
and the form of interpretation [22]. Iyer et al. [20] proposed Object-
sensitive Deep RL (O-DRL), which incorporates object-related in-
formation directly into the DRL network architecture, enabling
object-level explanations of agent actions. Madumal et al. [26] de-
veloped an action influence model that captures causal relationships
between actions and environment variables. Yau et al. [52] empha-
sized the importance of understanding agent intentions, proposing
amethod that projects predicted future trajectories from current ob-
servations and actions. Guo et al. [14] focused on identifying critical
decision points within episodes, developing methods to highlight
time steps that significantly influence final rewards. Ayala et al. [2]
proposed converting internal Q-values into success probabilities
for non-episodic tasks, making the decision-making process more
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intuitive. Recent work has explored hierarchical abstractions of ac-
tion sequences [37, 44], enabling high-level behavioral explanations.
However, these single-agent methods do not address the challenges
of multi-agent coordination and interaction.

2.3 Explainability in Multi-Agent Systems

Despite the growing importance of MARL, explainability research in
multi-agent settings remains limited. Early work by Wang et al. [50]
proposed generating verbal explanations using predefined rules
based on prior knowledge about agent positions and relations. Build-
ing on game-theoretic foundations, Heuillet et al. [16, 17] adapted
Shapley values for MARL interpretation, providing principled meth-
ods to quantify individual agent contributions to collective out-
comes. Boggess et al. [4] introduced policy explanations for MARL,
focusing on temporal queries and sequential decision-making pat-
terns. Their subsequent work [5] extended to handle complex tem-
poral queries about multi-agent behaviors. Shi et al. [36] developed
MADDPGViz, an interactive visual analytics tool specifically de-
signed for MADDPG [24]. Itaya et al. [19] visualized actor-attention
to analyze agents’ cooperative decisions. Domenech i Vila et al. [8]
used policy graphs to explain a trained agent’s behavior in multi-
agent cooperative environments. Kravaris et al. [21] explored ex-
plainability in air traffic flow management, demonstrating a prac-
tical application of interpretable MARL. Due to page limitations,
we refer interested readers to recent survey papers by Dazeley
et al. [7] and Wells and Bednarz [51] for more details. Despite
these advances, existing methods often require extensive domain
knowledge, work only with specific algorithms, and fail to capture
emergent coordination strategies across temporal scales.

3 FUSION ADAPTIVE RESONANCE THEORY

MEASE employs an episodic memory model as its core component
for learning cooperative multi-agent behaviors. Specifically, we uti-
lize fusion Adaptive Resonance Theory (fusion ART) [41, 42], a class
of self-organizing neural networks that offers several advantages
over deep learning approaches for this task: (1) incremental learn-
ing from streaming episodes without retraining, (2) stable category
formation without catastrophic forgetting, and (3) interpretable
symbolic representations rather than opaque embeddings. This
section provides the necessary background on how fusion ART’s
properties enable the encoding and generalization of multi-agent
behavioral patterns. For a comprehensive treatment of the theoret-
ical foundations, we refer interested readers to Tan et al. [42] on
fusion ART architectures, Grossberg et al. [13] on applying Adap-
tive Resonance Theory to explainable Al and Wai et al. [46, 47] for
recent XMARL applications with fusion ART.

As a general multi-purpose architecture for learning cognitive
codes, fusion ART encodes multi-modal representations of memory
blocks across multiple pattern channels, as a response to continuous
streams of incoming patterns. Specifically, it consists of several
input/output fields and a category field as defined below.

3.1 Input/Output and Category Field of Fusion
ART

LetI¥ = (Il.k )iZ, be an input vector to be presented to the input field

or channel k (F{< ) of the fusion ART network, where I lk € [0,1].
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Let x* = (x;c )I":1 be the activity vector of field k (F{‘) receiving

the input Vector 1k, Complement coding can be applied such that

= (1K1 I ) whereI = (I )2, and I =1- Ik to prevent code
prohferatlon (overfitting) and to allow feature generalization during

k

learning. w' i is the weight vector associated with the j* h node in

F; for learning the input pattern in F{‘. Vectory = (yj)jr.:1 can be

defined to represent node activation in Fs.

3.2 Resonance Dynamic of Fusion ART

Given the input vector xX, resonance search is initiated by a bottom-

up choice function to activate every node j in the category field F
as follows

Ix* A wk|
Z e (1)
k4 |w
where fuzzy AND operatlon A is defined by (p A q); = min(p;, qi)

and the norm)|.| is defined by |P| = }; p; for the vectors p and q.
¥ > 0is the choice parameter to avoid division by zero. yk € [0,1]
is the contribution parameter that indicates the significance of F{‘.

Code competition selects the F node J with the maximum acti-
vation value such that

@

Top-down template matching then applies to search for the reso-
nance condition given by

Ty = max{T; : for all F; node j}

xk/\w

|x*|

k
k

my = > p for all field k 3)
where pk € [0, 1] is the vigilance parameter or resonance thresh-
old for channel k. If for any k, mk < pk, a mismatch reset occurs on
J and iteratively, another F; node J is selected following Equation 3
until a resonance is found or, otherwise, an uncommitted node is
recruited in F, as a new recognition category for the novel input.
If resonance is eventually found, template learning takes place such
that
wl;(new) - (1 ﬂk) k(old) " ﬁk(xk (@)
where ﬁk € [0, 1] is the learnmg rate parameter. Node J may also
perform a readout of its weight vectors to an input field F{“ such

that xk@ew) = wk

k(old)
wi)

4 PROBLEM FORMULATION

Consider a multi-agent system with N homogeneous agents oper-
ating in a decentralized manner. Let A = {aj, ay, ..., am} denote
the shared discrete action space of agents. An episode & consists of
a sequence of joint actions & = {ey, e, . .., eT }, where each event

= (a%, af, el alt\]) represents the joint actions of all agents at
timestep t and T represents the horizon of episode &.

Our objective is to transform these primitive action sequences
into human-interpretable strategies S that capture the essential
coordination patterns while achieving significant compression. For-
mally, we define a strategy as: S = {(s1,r1,71), ..., Sk, 'K, TK) }»
where s represents a significant joint action pattern with seman-
tic action labels, r, € N* denotes the repetition count of pattern
Sk, T specifies the time interval during which pattern s occurs,
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Algorithm 1 EM-ART 2 Dynamics

Require: Episode traces from MARL agent behaviors
Ensure: Set of generalized episodes

1: Parameters: 7 (decay rate)

2. for each episode e in episode traces do

3. for each event v in episode e do

4: Present event v to layer F;
5: Select winning node J in layer F, via resonance search
6: Set activation: yy « 1
7: Update complement coding: y; < 1 - y}new)
Apply temporal decay to all active nodes in F:
9: yl(new —(1-1 -yi(OId) for all i withy; > 0
10:  end for
11:  Assign episode label to event label field in F,
12:  Learn episode pattern and outcome status as node in F3 via
resonance search
13:  Reset all activations: y < 0in F
14: end for

and K < T represents the strategy length. We seek a mapping
f + & — 8 such that |S| < |&E| while preserving the semantic
content of multi-agent coordination.

5 METHODOLOGY

In this section, we introduce Multi-Agent Episodic Strategy Extrac-
tion (MEASE), a novel framework for explaining MARL policies by
transferring multi-agent joint behaviors into interpretable episodic
memory. Our approach extracts and abstracts multi-agent coordi-
nation strategies from execution traces, enabling post-hoc interpre-
tation of complex joint behaviors through a two-stage process.

5.1 Episodic Memory Encoding

MEASE employs episodic memory models to memorize multi-
agent behavioral patterns. Specifically, this work leverages EM-ART
2, which extends fusion ART and Episodic Memory Adaptive Reso-
nance Theory (EM-ART) [49] to enable interpretable episodic mem-
ory encoding [42]. Each atomic event encapsulates three essential
attributes of agent experience: agent identity (who), action selection
(what), and temporal context (when). These events are subsequently
organized into episodes — temporally-ordered sequences of corre-
lated action events that capture meaningful behavioral patterns.

5.1.1 EM-ART 2 Architecture. EM-ART 2 extends the EM-ART
model by incorporating new Label fields for encoding episode out-
comes and L2-norm based ART 2 choice and match functions [6] to
improve generalization of sequential patterns. As shown in Figure 2,
EM-ART 2 employs a three-layer hierarchical architecture specifi-
cally designed to encode multi-agent behavioral sequences: Input
Fields (F1) encode multi-modal information from agent trajectories.
Agent discrete actions are encoded using one-hot representations,
while temporal information is normalized to values between 0 and
1. Episode outcomes, e.g., win/loss, are encoded as binary labels
to provide learning targets for strategy discovery. Event Category
Field (F2) learns distinct spatio-temporal patterns representing coor-
dinated multi-agent actions. To support strategic pattern discovery,
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Figure 1: The MEASE framework. In the episode memory model, we exemplify a simple case on how EM-ART encodes values
from the input field on F; as a new event (event n) in F; and subsequently encodes a new episode F3 with event 0, event n, and
the corresponding outcome (result). The action explanation generation utilizes the learned episodic memory in EM-ART 2.
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Figure 2: The EM-ART 2 architecture for encoding multi-
agent action sequences.

this layer employs a dual-field structure: (1) an event field that
captures temporal coordination patterns through gradient encod-
ing, and (2) an episodic label field that encodes episode outcomes.
Episode Category Field (F3) encodes complete behavioral sequences
as episodic memories, representing full multi-agent strategies from
episode initiation to completion.

The learning process operates differently across network layers
to capture both immediate coordination and long-term strategic
patterns. F; — F, transition uses standard fusion ART dynamics
to encode individual coordination events, while the F, — F3 tran-
sition employs modified ART 2 functions specifically designed for
sequence generalization. In addition, the temporal decay mecha-
nism in F, implements gradient encoding, which preserves event
ordering by assigning monotonically decreasing activation values
to sequential elements. EM-ART 2 is considered transparent, as
every learned episode/event is stored explicitly and can be read out
directly as a template of the sequence or strategy.

5.1.2  EM-ART 2 Dynamics. The dynamics of EM-ART 2, as summa-
rized in Alg. 1, are presented as follows. Let s and w be the indices
referring to the event field and the label field, respectively. EM-ART
2 employs a hybrid choice function for activating node j in F3:

x5 - w

LS J
TJ

[x" A wY|
=y w J
Il (11wl

+y (5

w w
a +|wj
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where the L2 norm || p ||= 4 /p% +...+ pZ. The match function for
the event field s uses L2-based similarity:

x5 w
s J s
m,= —————2>p 6)
Tl il wi

while the label field w uses standard fuzzy matching (Eq. 3). Tem-
plate learning differs for each field. The event field employs L2-
based learning:

wi = (1= pws Y 4 p ) 7
while the label field uses standard fuzzy learning (Eq. 4).

Using fusion ART as the building block, EM-ART 2 inherits the
generalization property based on the vigilance parameters. Specif-
ically, the vigilance parameters at the event layer determine the
granularity of the learned categories, while those at the episode
level influence the number of learned episodes. Once the episodes
are encoded and learned, they can be recalled by reading out the
weight vector for each episode node in F3 to the F; layer. Each
event in the readout episode, as activated in Fy, is then read out to
the F; layer, subsequently one at a time following the order in the
sequence. The sequential order of the events is based on the graded
values formed in F; after the episode readout.

5.1.3 Interval-based Memory Retrieval. For memory retrieval, events
with selected features can be recalled by firstly providing the input
vector at a particular input field F{‘ to activate the event nodes at
F,. This approach can be applied to get relevant events based on a
particular criterion or query.

To abstract and discern dominant or salient events within an
interval of time, we apply a novel interval-based memory retrieval
approach by averaging the features of all events that occur within

the time interval. Given x’ as the vector for time field, every node
|xE AW |

———~ . The abstracted
wil

j in F; can be activated such that Tj = y* ey
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Algorithm 2 Interval-Based Memory Retrieval

Algorithm 3 Multi-agent Action Sequence Abstraction (MASA)

Require: EM-ART 2 Neural Network; abstraction factor ¢; maxi-
mum possible length of learned episode L
Ensure: List of abstracted events &
1: & « @; set time interval § « L/¢
2: for every time interval (¢, ¢ + §) in a sequence or episode do
3. set time field vector x! with normalized values of timestamp

(t,1—=(t+96))

. . : |x! AWt
activate nodes in F such that Tj = y <

a’+|w§|
Iyl ok
2o wi Ty

Iyl
Zj:l T;

k

readout the abstracted event x* «

6. append x* for interval (t, ¢+ 6) to &
7: end for

k

event vector x* can then be obtained as:

lyl
s
— =

pd

Jj=

k
w - Tj
J
k J

®)
1 I

where |y| is the length of activation vector y in Fp. Alg. 2 shows
the process of producing the set of abstracted events given ¢ as the
abstraction factor. The abstraction factor can be chosen according
to the length of the abstracted sequences (and time interval) to gen-
erate. The time interval § to be used for retrieval can be calculated
as § « L/¢ where L is the maximum possible length of episodes.

5.2 Multi-agent Action Sequence Abstraction

To bridge the gap between primitive actions and human under-
standing, we introduce the Multi-agent Action Sequence Abstraction
(MASA) algorithm (Alg. 3), transforming time-segmented action se-
quences into the final human-interpretable strategy S. Specifically,
MASA operates on the output of interval-based memory retrieval,
i.e., action sequences segmented based on time intervals 7. MASA
transforms these segments through a two-phase process.

In Phase 1 (Significant Event Selection), MASA filters each inter-
val ¢ to retain only actions performed by at least M agents, where
the threshold M € {1,..., N} controls the abstraction granularity.
This phase extracts coordination-critical events A; where collec-
tive behavior emerges, discarding sparse individual actions. Phase 2
(Repeated Event Reduction) applies temporal compression by iden-
tifying consecutive identical events in the filtered sequence and
encoding them as tuples (s, r), where s represents the event pattern
and r its repetition count. This transformation typically achieves 90-
95% episode compression while preserving essential coordination
strategies, making complex agent behaviors interpretable.

6 THE MULTI-AGENT BEHAVIORAL DATASET

To ensure reproducibility, we collect a Multi-Agent Behavioral (MAB)
dataset, comprising full-episode multi-agent trajectories from trained
MARL agents across various scenarios. The dataset spans two
established environments: the Vectorized Multi-Agent Simulator
(VMAS) [3] and the Multi-Objective StarCraft Multi-Agent Chal-
lenge (MOSMAC) [10, 12]. Table 1 summarizes the MAB scenarios.
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Require: Time-segmented episode from memory retrieval: R =
{(a1,71), (az,12), ..., (ak,7x)} where aj is action sequence
and 7y is time interval; abstraction threshold M

Ensure: Strategy S = {(s1,r1,71), (52,72, 72), ..., (SL, 'L, 71) }

1: Phase 1: Significant Event Selection
2: Initialize filtered sequence ¥ « 0
3: for k =1to K do

4. Extract joint action g = (a}c, ai, e a]k\]) for interval 7
5: sk<—{(a,c):c:|{i:a;c:a}|ZM}

6:  if sp # 0 then

7: F—F U{(sr. )}

8: endif

9: end for

10:

11: Phase 2: Repeated Event Reduction

12: Initialize strategy S < 0, j « 1

13: while j < |F| do

14: (scurr» Tstart) < F[J]

15: r < 1, Teng < Tstart

16:  while j+r < |F|and F[j +r].pattern = scyrr do
17: Tend < F [j +rl.interval,r —r+1

18:  end while

19 Tmerged < [Tstart.start, epg.end] {Merge intervals}
20: S« SU{(scurrs T, Tmerged)}’j —j+r

21: end while

22: return S

6.1 Data Collection Protocol

We trained all agents using QMIX [33] within the EPyMARL! frame-
work until convergence (> 90% success rate for MOSMAC, stable
high returns for VMAS). QMIX was selected for its state-of-the-art
performance across multi-agent benchmarks [12, 31]. After conver-
gence, policies were frozen and 1,000 complete trajectories per sce-
nario were collected using default environment configurations. The
dataset provides balanced coverage across four coordination chal-
lenges: Balance and Joint Passage from VMAS; 4t1sp and 4t8sp from
MOSMAC?. Each trajectory captures full joint action sequences
throughout an episode, providing rich behavioral data for pattern
extraction and explanation generation.

6.2 Environment Specifications

6.2.1 VMAS Environment. The Vectorized Multi-Agent Simulator
(VMAS) [3] is a continuous 2D physics-based platform for multi-
agent coordination tasks. We adopt the Joint Passage and Balance
scenarios (see Figure 3) from VMAS, with action spaces comprising
nine discrete movement actions in cardinal and diagonal directions.
Object locations are fully randomized. The Joint Passage scenario
requires two agents to synchronize movements through barriers.
The Balance scenario involves three agents manipulating a shared
platform to position a ball at target locations. Table 2 presents one
example of the collected data from the VMAS balance scenario.

!https://github.com/uoe-agents/epymarl
Zhttps://github.com/smu-ncc/MOSMAC
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Table 1: Properties of scenarios in the Multi-Agent Behavioral (MAB) Dataset.

Env.

Scenario Agents

Horizon Collab.

Stochasticity Description

VMAS

MOSMAC

Joint Passage 2

Balance 3

100

100

High

High

Two agents navigate through a constrained environment with barriers,
requiring synchronized movement to successfully traverse obstacles.
Three agents collaboratively manipulate a shared platform to move a
ball toward a target location, requiring fine-grained coordination to
balance the platform stability with strategic ball positioning.

High

High

4tlsp 4

4t8sp 4

50

300

High

High

Four siege tank units engage in symmetric tactical combat and naviga-
tion, requiring coordinated positioning, movement, and attack strategies
to defeat enemy forces.

Four siege tank units navigate through eight strategic points while engag-
ing enemies, combining long-horizon navigation with tactical combat.

Low

Low

Table 2: A joint action trajectory of three agents over the first
20 timesteps in the VMAS balance scenario. Legend: [l Up,
Up-Right, ¥ Up-Left, =1 Right.

e

(a) Balance

(b) Joint Passage

(@)t —ts

(b) ts - t10

(c) t11 — t15

(d) t16 — tao

TAg1Ag2Ags

T Ag1Ag2 Ags
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g 11
sl NN
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sEHNE
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no B I N
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vo 1l I I
o Il I I
o il I IS
s Il I I
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oo Il
wo Il I
wo Il Il
o i K

Figure 3: The VMAS scenarios implemented in this study.

(a) The 4t1sp scenario

(b) The 4t8sp scenario

Figure 4: MOSMAC scenarios with four ally units navigating
toward goals via traversable paths with intermediate targets.

6.2.2  MOSMAC Environment. MOSMAC [12] features long-horizon
multi-objective MARL in the StarCraft II environment. Agents need
to balance navigation, combat, and safety objectives to success-
fully complete tasks. We implement two scenarios following Wai
et al. [46, 47] in MOSMAC (see Figure 4): 4t1sp where four siege
tanks navigate to a single target on a 32 X 32 map, and 4t8sp where
they traverse through eight strategic points on a 128 X 128 map of
complex terrain, both while engaging enemy forces.

7 EVALUATION CONFIGURATIONS

7.1 Evaluation Protocol

We configure EM-ART 2 with vigilance parameters p* = 0.25 for
sequence learning and p® = 1.0 for event learning, with abstraction
factor ¢ = 10 for interval-based memory retrieval. MASA requires
consensus from M = 2 agents for action selection.
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Table 3: Results of memory encoding with EM-ART 2.

Env. Scenario Raw Events F2Nodes F3 Nodes
Joint Pass. 100,000 3,405 149
VMAS Balance 99,964 3,883 59
4tlsp 37,647 8,012 48
MOSMAC 4t8sp 44,500 17,608 58

7.2 Evaluation Metrics

We evaluate MEASE along two dimensions. We first measure the
compression effectiveness of EM-ART 2’s episodic memory by ana-
lyzing the number of learned patterns, specifically |Fz| codes repre-
senting distinct event patterns and |F3| codes representing complete
episode strategies. Second, we validate explanation fidelity through
an “explanation-as-strategy” approach, where extracted symbolic
strategies are directly executed by agents on original tasks to assess
whether compressed explanations retain essential coordination pat-
terns. Third, following Wai et al. [46], we conducted a user study
with 31 participants evaluating MEASE explanations on MOSMAC
scenarios, rating explanations on clarity, usefulness, and user satis-
faction, with inter-rater agreement analysis to assess consistency.

8 RESULTS

8.1 Episodic Memory Learning with EM-ART 2

Table 3 presents EM-ART 2 training results across the four sce-
narios. On the VMAS Balance scenario with 1,000 episodes and
99,964 raw events, EM-ART 2 performs two-stage abstraction: (i)
identification of 3,883 distinct spatio-temporal patterns as F, cogni-
tive codes, representing unique multi-agent interaction primitives,
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(a) State 1 (b) State 2

(c) State 3

(d) State 4 (e) State 5

Figure 5: Visualization of the trajectory presented in Table 4. Agents show clear balancing behaviors: (a)—(b) upper-left
positioning, (b)—(c) upper-right adjustment, (c)—(d) upper-left platform stabilization, (d)—(e) upper-right approach to goal.

Table 4: One strategy derived from the VMAS balance sce-
nario using MEASE. Legend: See Table 2.

(al) 1 - t20 (a2) t21 - ts0 (bl) ts1 = t70 (b2) t71 = 100
T Action T  Action Action Action
3 tlo 21 — 130 N 151 — tso 71 — 30
t11 - tzo 131 = t40 MR l61 — t7o g1 — t9o
141 — 150 [F4NN to1 — t100

Table 5: Symbolic strategy for 4t1sp derived through MASA
(M = 2) with tactical interpretations. Legend - Movement:
North, [l South, =1 East, B West, E No-op, Attack[enemy;]:
Enemy 1, I Enemy 2, 1 Enemy 3, 1 Enemy 4.

(b) t13 — t30

T  Action Interpretation

(@)t -tz

T  Action Interpretation

t - t3 Away from enemies 113 — 15 Focus fire E1
ty — to Spread out te — tg Focus fire E4
t7 — to Away from enemies 19 — I25 Focus fire E2
t10 — t12 Advance tos — t30 Focus fire E3

Table 6: Symbolic strategy for 4t8sp derived through MASA
(M = 2). Legend: See Table 5.

(b) t33 — tgs (c) teo —t132 (d) t133 — tas4
T  Action T T

t73 — tr6 tia9 — t172

() t1 - t32
T  Action

-ty t33 — t36

Action Action

5 — g t37 — tyg t77 — tsa t173 — 1184
ty — ti6 tag — t52 tss — tss t1s5 — t192
ti7 = ta t53 = ts6 t39 — t12 t193 ~ ta12
to1 = t24 t57 = t60 f113 — 1132 1213 — f254

ts — t2s te1 — tes t133 — t140
tag — t32 teo — t72 t141 — t148

and (ii) compression into 59 episodic memories in F3, each encod-
ing a complete collaborative strategy. Similarly, MEASE abstracts
1,000 episodes from the MOSMAC 4t1sp scenario into 8,012 distinct
spatio-temporal patterns and 47 distinct behavioral clusters.

8.2 Explanations from MEASE

MEASE successfully explains multi-agent policies learned from
both the VMAS and MOSMAC environments. Table 4 presents a
representative collaborative strategy extracted by MEASE for the
VMAS Balance scenario, with visualization in Figure 5. MEASE also
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Table 7: Performance of the abstracted and refined strategies
compared with the MARL model.

Approach Win Rate (%)  Episode Reward
MARL (QMIX) 93.7 + 3.4 19.53 + 0.31
MEASE Explanation (AE) 93.2 £ 1.1 19.59 + 0.07
Ablated Explanation (AE-4) 88.1+ 1.2 19.26 + 0.07
Ablated Explanation (AE-8) 69.9 + 2.0 18.03 + 0.13
Ablated Explanation (AE-0) 19.8 + 3.9 14.30 +£ 0.17

distills winning strategies into interpretable tactical phases (Table 5)
in MOSMAC 4t1sp. The extracted strategy reveals three coordina-
tion phases in 4t1sp: (i) defensive positioning with team dispersion
while maintaining distance from enemies (t;—t9), (ii) coordinated
advance toward engagement range (t10—t12), and (iii) systematic
focus fire eliminating enemies in prioritized order (1—-4—2—3).

8.3 MEASE Empirical Evaluation

To measure the effectiveness of explanations generated by MEASE,
we validate the framework through an “explanation-as-strategy”
approach, where the symbolic explanations are directly executed
as coordination protocols by agents in the original scenario. It
tests whether our compressed explanations capture the essential
decision-making patterns necessary for successful task completion.
Agents execute the MEASE abstracted action sequences across
ten experimental runs, each consisting of 1,000 episodes. Table 7
demonstrates that this approach achieves performance compara-
ble to the original MARL policy — specifically, matching 93.2%
win rate versus 93.7% for QMIX while actually achieving slightly
higher episode rewards (19.59 vs 19.53). This near-parity perfor-
mance provides strong empirical evidence for successful knowledge
distillation: the symbolic explanations faithfully represent the co-
ordination mechanisms learned by the black-box MARL policy.
To assess the criticality of specific tactical components, we con-
duct systematic ablation studies examining three strategic variants.
Ablated strategy AE-4 modifies spreading actions at timestep 4 from
“south, north” to “west, north”, reducing win rates from 93.3% to
88.1%. Ablated strategy AE-8 further disrupts coordination by ex-
trapolating timestep 8 actions from “west” to “north, west”, causing
performance to drop to 69.9%. Most dramatically, AE-0 eliminates
spreading actions, resulting in catastrophic performance collapse
to 19.8%. This hierarchical degradation pattern reveals that MEASE
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Figure 6: Distribution of user ratings for clarity, usefulness, and user satisfaction across scenarios. Box plots show median

(center line), interquartile range (box), and outliers (points).

identifies critical coordination primitives at multiple scales — from
tactical refinements to fundamental strategic principles.

These empirical results demonstrate that MEASE explanations
satisfy both fidelity and interpretability requirements for explain-
able MARL: they accurately distill essential coordination patterns
(evidenced by comparable performance) while exposing sequential
behavior structure (revealed through ablation sensitivity).

8.4 Explanation Quality Assessment

To evaluate the explanations generated by MEASE, we conducted
an online user study following the methodology of Wai et al. [46],
which was validated in a similar multi-agent explanation setting.
The study involved 31 participants with diverse backgrounds in age,
gender, and familiarity with real-time strategy games. We assessed
three key dimensions of explanation quality: clarity (comprehensi-
bility), usefulness (practical value for understanding agent behavior),
and user satisfaction (overall contentment with explanation quality).

Each participant reviewed ten gameplay episodes from MOS-
MAC scenarios (five each from 4t1sp and 4t8sp). For each episode,
participants first watched action sequences without explanations as
a baseline, then viewed the same sequences with MEASE-generated
explanations. Following each viewing, participants rated explana-
tion quality on a 5-point Likert scale (1=strongly disagree, 5=strongly
agree) across six evaluation questions (Table 8). The complete study
required approximately 30 minutes per participant. We employed
Inter-Rater Agreement Analysis [25, 35, 39, 46] to assess the degree
of consensus among respondents. Figure 6 shows the distribution of
ratings for clarity, usefulness, and user satisfaction across scenarios.

Both scenarios demonstrated strong positive receptions across
all evaluation dimensions. For the 4tIsp scenario, median scores
reached 3.9 for clarity and 3.8 for both usefulness and user satis-
faction, with relatively narrow interquartile ranges (IQR) indicat-
ing consistent agreement among participants. The 4t8sp scenario,
despite its increased complexity, achieved comparable or higher
ratings: 4.0 for clarity, 3.9 for usefulness, and 3.8 for user satisfac-
tion. These results demonstrate that MEASE effectively generates
comprehensible explanations even for complex multi-agent coordi-
nation tasks. The overall consistency in scores across participants
validates the robustness of our approach. The similar performance
across both scenarios indicates that MEASE maintains explanation
quality as task complexity increases.
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Table 8: User study questions.

Evaluation Aspect Index  Question
“The explanation helps to better under-
Explanation Q1 stand the action sequences of the agent
Clarity team in the video”
“The explanation given is clear and
02 .
easy to follow:
Explanation 03 “The exp%anation Pro:fided contains
accurate information’
Usefulness “ . . .
The explanation provided contains
Q4 . -
useful information.
st 05 ‘s}(ljveralll, I can trust ar.ld rely on
Satisfaction the explanations provided.
6 “Overall, I am satisfied with the

quality of the explanation provided.”

9 CONCLUSION

This work presents MEASE, a novel framework for deriving expla-
nations for trained multi-agent policies. Our study demonstrates the
effectiveness of MEASE with EM-ART 2, interval-based retrieval,
and Multi-agent Action Sequence Abstraction (MASA) algorithms
in explaining multi-agent behaviors through interpretable episodic
patterns. Experimental validation across VMAS and MOSMAC sce-
narios shows that extracted explanations achieve 93% of original
MARL policy performance when deployed as strategies, verifying
that MEASE captures essential coordination mechanisms. As a post-
hoc XMARL method, our model-agnostic approach can explain a
wide range of multi-agent models given multi-agent behavioral data.
Beyond interpretability, the extracted episodic knowledge could
potentially accelerate MARL training through imitation learning.
Future work could involve incorporating contextual information
from the state attributes to provide more fine-grained explanations
of the MADRL agents’ decision-making processes.
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