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Highlights

What are the main findings?
• This study presents CogMUS, a cognitive framework for multi-UAV cooperative mission

understanding that leverages the working memory, long-term memory and decision
cycle of the Soar cognitive architecture to enable critical autonomous capabilities.

• The CogMUS demonstrates high adaptability and robustness across diverse and dy-
namic mission scenarios, effectively translating abstract high-level commands into
coordinated, executable actions for the UAV swarm.

What are the implications of the main findings?
• Experimental results demonstrate that across five complex collaborative scenarios, Cog-

MUS achieves an average task understanding accuracy and task completion rate exceed-
ing 80%, with average cooperative efficiency exceeding 90%.

• This study highlights the potential of cognitive architectures to effectively bridge the gap
between high-level human intent and autonomous multi-agent execution, and promote
the development of more transparent, reliable and intelligent UAV swarm.

Abstract

The cooperative operation of multiple Unmanned Aerial Vehicles (multi-UAV) is emerging
as a pivotal trend in future complex autonomous systems. To enable accurate mission
understanding and efficient collaboration among UAVs in complex, dynamic, and uncertain
operational environments, this paper introduces CogMUS, a novel cooperative mission
understanding framework based on the Soar cognitive architecture. We first construct a
mission understanding framework for UAV operations centered around five typical mission
categories. Building on this foundation, we design a distributed cognitive model where
each UAV is equipped with a Soar agent. This model leverages the synergy of working
memory (WM), long-term memory (LTM), and the decision cycle (DC) to achieve key
functionalities, including hierarchical mission decomposition, dynamic task allocation, and
proactive airspace conflict detection and resolution. Through comprehensive simulation
experiments, we validate the performance of the proposed CogMUS framework across key
metrics, including task understanding accuracy, cooperative efficiency, and overall task
completion rate. The results demonstrate that CogMUS exhibits superior adaptability to
diverse scenarios, as well as remarkable scalability and robustness.

Keywords: multi-UAV; mission understanding; cognitive architecture; task decomposition;
cooperative operation; autonomous systems
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1. Introduction
In the landscape of unmanned autonomous systems, multi-UAV systems have

emerged as a pivotal force for executing complex cooperative missions, owing to their in-
herent advantages such as distributed nature, high robustness, and cost-effectiveness [1,2].
The rapid advancement of artificial intelligence, particularly the deep integration of cogni-
tive science with unmanned systems, has shifted the research focus toward enhancing the
autonomous collaborative capabilities of UAV swarm in dynamic and uncertain environ-
ments [3–5]. Among these capabilities, the rapid and accurate understanding of complex
cooperative missions is a fundamental prerequisite for intelligent decision-making and
action, representing a core challenge in current research [6,7]. Effective mission under-
standing directly determines whether a multi-UAV system can accurately perceive the
operational situation, grasp the high-level intent, and subsequently execute efficient task
allocation and cooperative operation [8,9].

However, achieving high-level mission understanding in multi-UAV systems faces
several domain-specific challenges: (1) Deep Semantic Comprehension of High-Level
Intent: High-level mission directives are often abstract and goal-oriented (e.g., “monitor
and secure Area A from unauthorized intrusions”). Translating such high-level intent into
a series of concrete, executable, and coordinated actions for multiple UAVs is a significant
obstacle, especially under the constraints of onboard computational resources [10,11].
(2) Rapid and Accurate Comprehension of Dynamic and Incomplete Information: The
operational environment is inherently volatile. UAVs must process heterogeneous data
streams from diverse sensors, contend with communication latencies and packet loss,
and construct a coherent situational awareness from partial and sometimes conflicting
information to continuously update their understanding of the mission context [12,13].
(3) Efficient Multi-Agent Coordination and Deconfliction: Effective collaboration requires
not only individual task execution but also a shared understanding of roles, responsibilities,
and interdependencies. This involves complex negotiation, dynamic resource allocation,
and proactive deconfliction of actions in three-dimensional space to prevent collisions and
resource wastage [14,15].

To address these challenges, this paper focuses on the core problem of mission under-
standing in multi-UAV cooperative operation and proposes CogMUS, a novel cognitive
mission understanding framework based on the Soar cognitive architecture [16]. Draw-
ing inspiration from human cognitive decision-making mechanisms, CogMUS leverages
the strengths of the Soar architecture in symbolic representation, problem-solving, and
structured learning. By integrating knowledge engineering methods, we aim to construct a
cognitive framework capable of rapid and accurate situational awareness and assessment,
as well as deep comprehension and decomposition of cooperative missions. Through this
approach, we expect to enhance the mission understanding capabilities and collaborative
operational effectiveness of multi-UAV systems in complex and dynamic environments.

The main contributions of this paper are threefold:

• We propose a hierarchical multi-UAV cooperative mission understanding framework,
structured around five typical operational mission archetypes, which provides a
structured foundation for knowledge representation and reasoning.

• We design and implement CogMUS, a distributed cognitive model where each UAV
agent utilizes the Soar architecture to interpret mission intent, perform hierarchical
mission decomposition, and engage in sophisticated coordination to align actions and
resolve conflicts.

• We conduct extensive simulation experiments, including performance analysis and
ablation studies, demonstrating that our proposed method significantly outperforms
mainstream baselines in task understanding accuracy (TUA), cooperative efficiency
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(CE), and task completion rate (TCR), particularly in dynamic and highly complex
environments, thereby validating the effectiveness of applying cognitive architectures
to this problem domain.

The remainder of this paper is organized as follows: Section 2 provides a comprehen-
sive review of related work. Section 3 presents the formal problem definition. Section 4
details the proposed CogMUS framework and its core components. Section 5 presents
the experimental setup, results, and analysis. Section 6 discusses the key findings and
limitations of the study. Finally, Section 7 concludes the paper and outlines future re-
search directions.

2. Related Work
2.1. Multi-UAV Cooperative Task Allocation and Control

Coordination technologies for multi-UAV systems have been extensively studied.
Classical approaches often formulate task assignment as an optimization problem, such
as the multiple traveling salesman problem (mTSP) [17] or the vehicle routing problem
(VRP) [18], and employ techniques like mixed-integer linear programming (MILP) for
solutions [19,20]. Market-based or auction-based mechanisms offer a decentralized alter-
native, where UAVs bid for tasks based on their capabilities and local utility functions,
facilitating distributed decision-making [21]. Bio-inspired algorithms, including ant colony
optimization (ACO) and particle swarm optimization (PSO), have also been applied to find
near-optimal solutions for complex allocation problems [22]. In recent years, multi-agent
reinforcement learning (MARL) has gained increasing attention, enabling UAVs to learn
collaborative policies through trial-and-error in simulated environments [23–26]. Despite
its power, MARL often faces challenges in scalability, convergence in vast state-action
spaces, and the “black-box” nature of learned policies, which makes verification and trust
difficult. Furthermore, most of these methods assume that tasks are pre-defined and well-
structured, overlooking the critical preceding step of understanding and decomposing
high-level mission intent.

Furthermore, a rich body of work exists in organizational-centered multi-agent sys-
tems, with frameworks like MOISE [27], which focuses on specifying, analyzing, and exe-
cuting agent organizations, and platforms like Jacamo [28], which integrates agent-oriented
programming with organizational concepts. These systems provide robust structures for
defining roles, norms, and interaction protocols. However, they often assume that the
mission has already been decomposed into well-defined roles and tasks. Our work with
CogMUS complements these approaches by focusing on the preceding cognitive challenge:
how a team of agents can collectively interpret a high-level, abstract command and au-
tonomously derive the very tasks, roles, and coordination strategies that frameworks like
MOISE and Jacamo would then manage.

2.2. Mission Understanding in Autonomous Systems

The field of mission understanding, or intent recognition, aims to bridge the gap
between human instruction and machine execution. A significant body of research has
focused on natural language processing (NLP), enabling robots or UAVs to parse free-form
text or speech commands [10,29–31]. These methods typically rely on semantic parsing
to map linguistic structures to executable actions. Another line of research utilizes formal
knowledge representations, such as ontologies and knowledge graphs, to model domain
concepts, tasks, and their relationships, thereby enabling logical reasoning about mission
objectives [32,33]. Inverse reinforcement learning and learning from demonstration attempt
to infer the underlying reward functions or policies from expert demonstrations, thus
capturing implicit high-level intent [34,35]. However, these approaches are often designed
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for single agents or simple human–robot interactions and do not address the complexities
of distributed understanding, where multiple autonomous agents must establish and
maintain a shared mission context [36].

Recently, Large Language Models (LLMs) have emerged as powerful tools for high-
level task planning and human–robot interaction [37–39]. These models can interpret
nuanced human intent far beyond the scope of traditional NLP methods. However, sys-
tems relying primarily on LLMs for agent control often operate in a more deliberative,
open-loop manner and can face challenges with the real-time decision-making required
in dynamic, uncertain environments [40,41]. Our work, based on the Soar cognitive archi-
tecture, emphasizes a tight perception-action loop via its rapid decision cycle, offering a
complementary approach focused on continuous, closed-loop reasoning and reactivity.

2.3. Cognitive Architectures in Robotics and UAVs

Cognitive architectures provide unified theories of cognition for building human-like
intelligent agents. Soar [16] and ACT-R [42] are two of the most prominent examples. They
have been successfully applied to various single-agent tasks in robotics, such as navigation,
manipulation, and human–robot interaction, demonstrating their capabilities in complex
reasoning, planning, and learning [43–45]. In the UAV domain, cognitive architectures
have been used to model pilot decision-making processes and to enable higher degrees
of autonomous control for individual UAVs [46–48]. However, the application of these
architectures to multi-agent systems, particularly for complex cooperative mission scenarios
involving multiple UAVs, remains in its nascent stages. Existing multi-agent applications
are often limited to simpler collaborative tasks [49,50].

Our work is distinguished from existing literature by developing a fully Soar-based
distributed system that specifically addresses the complex problem of cooperative mis-
sion understanding in dynamic operational environments, with a strong emphasis on
hierarchical decomposition and robust collaboration.

3. Problem Definition
In the context of cooperative operation, multi-UAV mission understanding is defined

as the capability of a UAV swarm to accurately and deeply infer the intent, objectives,
constraints, role divisions, coordination patterns, and expected outcomes of a given mission.
This inference is based on both explicit and implicit information derived from high-level
directives, situational awareness, and prior knowledge.

The core problem addressed in this paper is to develop a distributed cognitive process
such that, given T and each UAV’s local observation oi(t) ⊆ E(t), the system can:

1. Decompose the global mission T into a set of spatiotemporally coordinated subtasks,
T = T1, T2, ..., TK.

2. Allocate these subtasks to individual UAVs or subgroups, forming an assignment
scheme A : T → P(U) that maps each subtask to a subset of UAVs.

3. Generate a set of low-level, executable action plans for each UAV, Pi = {ai,1, ai,2, ...},
where Pi is the action sequence for UAV ui.

An effective policy must optimize multiple objectives, including maximizing TCR,
minimizing completion time and resource consumption, and ensuring robustness against
environmental uncertainties and objective actions. Mission understanding is a dynamic,
iterative process that continuously updates and deepens as the operational situation evolves
and new information becomes available.
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4. Methodology
4.1. Overall Framework

To enable effective understanding of complex cooperative missions by multi-UAV
systems, we have constructed a generalizable and extensible mission understanding frame-
work, as depicted in Figure 1. This framework is based on the abstraction and analysis of
cooperative missions that multi-UAV systems may execute in future complex scenarios. It
serves as the foundational architecture for our proposed method, guiding the Soar agents
in classifying, decomposing, and executing missions.

Operation Data Module

Operational Situation
Information

Operational Environment
Information

Multi-UAV Status
Information

Mission Understanding
Results

Mission
Goals

Mission
Analysis
Strategy

Mission Planning and
Action Execution

Working Memory Long-Term
Memory

Decision Cycle

Propose
Operator

Select Operator

Apply Operator
High-Level  Mission

Command

Soar Mission Understanding
Model

Figure 1. Overall framework of CogMUS.

To facilitate a structured understanding of complex cooperative missions, we define
five typical operational mission archetypes, as detailed in Table 1. These archetypes
span various operational phases, from monitoring and patrol to defense and support,
comprehensively reflecting the complexity and diversity of cooperative operation.

Table 1. Typical cooperative missions and their understanding elements.

Mission Category Main Objective(s) Key Information
Requirements Soar’s Focus

Cooperative Monitoring
Obtain environmental
information, monitor

areas/targets

Area, target features,
potential hazards

Infer information gaps,
path optimization

Cooperative Patrol
Patrol the designated area,

detect and report
anomalies

Patrol routes, area
boundaries, anomaly

signatures

Optimize patrol coverage,
detect deviations, classify
and respond to anomalies

Cooperative Defense
Protect designated assets,

deter unauthorized
intrusions

Defensive area, anomaly
levels

Prioritize anomalies, plan
response trajectories

Cooperative
Communication

Communication relay,
network coverage

Network topology, data
throughput requirements

Evaluate network
effectiveness, manage data

routing

Cooperative Support Transport supplies,
supplement energy

Support requirements,
operational constraints

Optimize resource
allocation, secure support

routes

Based on the aforementioned typical missions, our mission understanding framework
features a hierarchical and modular structure, shown in Figure 1. The Operation Data
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Layer receives raw sensor data and environmental information, feeding it into Soar’s
WM. The intermediate Soar Mission Understanding Layer performs a deep analysis of the
mission intent by analyzing situational elements and matching them against high-level
directives, generating concrete action plans and coordination strategies. Each UAV’s Soar
agent reasons through its core decision cycle (Input-Propose-Select-Apply-Output). The
final operator selected within the DC is outputted to the lower Mission Planning and Action
Execution Layer. The UAV then executes this action, thereby altering the current state.

The central idea of this framework is that any specific mission can be mapped to one
or a combination of these five archetypes, allowing for efficient mission understanding and
response using pre-built knowledge and strategies. The extensibility of this framework
lies in its ability to adapt to new mission types by adding or modifying the corresponding
mission templates and Soar rule sets.

4.2. Soar Cognitive Model

The Soar cognitive architecture is a general model of artificial intelligence designed
to simulate human cognitive processes. It consists of three core sub-modules: WM, LTM,
and DC. The workflow of these modules is illustrated in Figure 2. These three components
work in concert to form the mission understanding capability. Our framework operates
on a fully distributed control paradigm, each UAV agent runs its own Soar instance and
makes decisions autonomously. The collective or “shared’ understanding of the mission
emerges from the continuous communication among these distributed agents. Each agent’s
local WM is updated not only by its own perceptions but also by processing messages
from teammates. This ensures that coordination is a dynamic and emergent property of
the swarm’s interactions, guided by shared protocols encoded in each agent’s LTM, rather
than a pre-scripted or centrally commanded process. The state of each Soar agent can be
represented as:

Si(t) = <WMi(t), LTMi(t), DCi(t)> (1)

where WMi(t), LTMi(t), and DCi(t) represent the states of the WM, LTM, and DC for the
i-th agent at time t, respectively.

Input Phase

Propose Phase Select Phase Apply Phase

Output Phase

State Update

Working Memory

Long-Term Memory

Conflict Resolution

Figure 2. Internal workflow of the Soar sub-modules. The arrows depict the sequential flow of the
decision cycle, and the dashed box encloses the core cognitive components.
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The collective cognitive capability of the system emerges from the communication and
coordination among these agents:

C(t) =
(

n⋃
i=1

Si(t)

)
⊕J (t) (2)

where J (t) represents the joint information space at time t, which contains emergent
knowledge and shared context that arises from the communication and coordination
among agents. The operator ⊕ denotes a synergistic integration, representing the process
by which the aggregated individual cognitive states are combined with the joint information
space to produce an emergent collective capability that is greater than the sum of its parts.

4.2.1. Working Memory Module

WM is the agent’s short-term dynamic memory for storing the current understanding
of the situation. It dynamically stores and processes real-time operational information in
the form of symbolic knowledge units called Working Memory Elements (WMEs). Each
WME is represented as a triple: <id> ^<attribute> <value>.

The dynamic update process of WM can be modeled as:

WM(t + 1) = α ·WM(t) + β · P(t) + γ · I(t) (3)

where P(t) represents the set of new WMEs derived from external perceptions and commu-
nication at time t, and I(t) represents the set of new WMEs generated internally through
the agent’s reasoning and decision-making process. α is the historical information retention
coefficient, β is the new information fusion coefficient, γ is the inferred information weight,
subject to the constraint α + β + γ = 1.

For example, a high-level directive for a cooperative monitoring mission over a desig-
nated area can be represented in WM as follows:

(S1 ^state-link <S1>)
(<S1> ^mission <M1>)
(<M1> ^type cooperative-monitoring

^area <A1>
^priority medium
^duration 120
^monitoring-type persistent-surveillance)

(<A1> ^type geographical-zone
^boundary-points <P1> <P2> <P3> <P4>
^known-anomalies <T1>)

(<P1> ^lat 35.201 ^lon -117.850)
(<P2> ^lat 35.201 ^lon -117.800)
(<P3> ^lat 35.180 ^lon -117.800)
(<P4> ^lat 35.180 ^lon -117.850)
(<T1> ^type mobile-sam-launcher)

4.2.2. Long-Term Memory Module

LTM stores the domain knowledge, coordination strategies, and learned experiential
rules required for mission execution. In Soar, LTM is primarily organized in the form of
production rules, which support efficient pattern matching and knowledge retrieval. LTM
stores the agent’s procedural knowledge as If-Then production rules. This knowledge base
encodes everything from high-level instructions to decision heuristic rules and coordination
strategies. Below are some rule examples:

• Rule Example 1: Mission Decomposition

sp {propose*decompose-patrol-mission-on-anomaly
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(state <s> ^mission <m>)
(<m> ^type cooperative-patrol)
(<s> ^sensor-input <sensor>)
(<sensor> ^object-detected <obj>
^status unverified)
(<obj> ^is-anomaly true)
-->
(<s> ^operator <o> +)
(<o> ^name handle-patrol-anomaly
^subtask-1 <st1>
^subtask-2 <st2>)
(<st1> ^type investigate-anomaly
^target <obj>)
(<st2> ^type notify-teammates
^info <obj>
^urgency high)
}

This rule states that if the current mission is a cooperative patrol and an unverified
anomaly is detected by UAV swarm, it proposes an operator to decompose it into
two parallel subtasks: a primary subtask for the detecting UAV to investigate the
anomaly (e.g., approach for a closer look and classify it), and a secondary subtask to
notify all teammates in the swarm about the anomaly’s detection and location.

• Rule Example 2: Airspace Deconfliction

sp {propose*deconflict-flight-path
(state <s> ^self <u1> ^teammate <u2>)
(<u1> ^flight-path <p1>)
(<u2> ^flight-path <p2>)
(compute-intersection <p1> <p2> |>| 0)
(<u1> ^priority <pr1>)
(<u2> ^priority <pr2>)
(<pr1> < <pr2>)
-->
(<s> ^operator <o> +)
(<o> ^name alter-flight-path
^reason deconfliction
^new-altitude (+ <u1>.altitude 500ft))
}

This rule identifies a potential flight path intersection with a higher-priority teammate
and proposes an operator to alter its altitude to deconflict. In this rule, compute-
intersection <p1> <p2> is a function that takes two flight paths and returns a boolean
value indicating whether they will intersect in spacetime within a predefined safety
margin. The priority attribute is an integer value assigned to each UAV, typically
ranging from 1 (lowest) to 10 (highest), determined by its current role in the mission.
The altitude change (+ <u1>.altitude 500) represents a command to increase the current
altitude by a fixed value.

4.2.3. Decision Cycle Module

The DC is Soar’s execution engine, operating at a high frequency through a continuous
“Input-Propose-Select-Apply-Output” loop, enabling the agent to respond to changes in
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real-time. This cycle matches LTM rules against the current WM content, proposes operators
(actions), selects the best operator based on preferences, applies its changes to WM, and
sends commands to the execution layer, thus closing the loop from perception to action.

• Phase 1: Input. The input phase is responsible for receiving external perceptual
information and internal state updates and integrating them into WM. The input
processing function is defined as:

Input(t) = ϕ(Perc(t), Int(t), Comm(t)) (4)

where ϕ is the information fusion function, Perc(t) is perceptual information, Int(t)
is the internal state, and Comm(t) is the set of incoming communication messages
from teammates.

• Phase 2: Propose. In this phase, the Soar engine matches the current content of WM
against the conditions of all production rules in LTM. All rules whose conditions are
met are activated in parallel. Each activated rule can propose one or more operators
(i.e., potential actions or subgoals) as candidates for execution. This results in a set of
candidate operators Ocandidate, representing all plausible next steps given the current
situation. The set of candidate operations is then:

Ocandidate = ∪ri∈Ractive · Action(ri) (5)

• Phase 3: Select. If the Propose phase generates more than one candidate operator,
the Select phase resolves the choice. This is achieved using preferences (e.g., ‘better’,
‘worse’) , which are also generated by rules in LTM. The decision mechanism evaluates
these preferences to select a single ‘best’ operator o∗ from the candidate set. If an
impasse occurs (i.e., no clear choice can be made), Soar creates a substate to reason
about the selection. The selection is guided by an evaluation function:

o∗ = arg max
o∈Ocandidate

K

∑
k=1

wk · fk(o) (6)

where fk(o) is the k-th evaluation function, and wk is its corresponding weight.
• Phase 4: Apply. The apply phase executes the selected operation and updates the

system state:
State(t + 1) = Apply(State(t), o∗) (7)

• Phase 5: Output. The output phase transforms the decision results into specific
execution commands, which are sent to the execution module.

4.3. Cooperative Mission Decomposition Algorithm

Within the Soar cognitive model constructed above, we employ a cooperative mission
decomposition algorithm to break down complex high-level missions. Let the original
mission be T0 and the number of decomposition levels be L. The mission decomposition
process can be represented as:

T0
decompose−−−−−−→ T1

1 , T2
1 , . . . , Tn1

1
decompose−−−−−−→ . . .

decompose−−−−−−→ T1
L, T2

L, . . . , TnL
L (8)

The decomposition function is defined as:

Decompose(T j
i ) = Tk

i+1|k ∈ SubTasks(T j
i ) (9)

where SubTasks(T j
i ) is the set of submissions for mission T j

i .
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The task decomposition process is not an independent and static algorithm, but rather
emerges from the continuous operation of the Soar’s DC, guided by the decomposition rules
in LTM. When a high-level mission is placed in WM, decomposition rules are triggered,
proposing operators that create subgoals and subtasks. This process continues recursively
until the complex mission is decomposed into atomic tasks executable by a single UAV, as
described in Algorithm 1.

Algorithm 1: Soar-Based Mission Decomposition Algorithm
Input: High-level mission T, UAV set U, Current situation St

Output: Task assignment scheme A
1 WM← {T, U, St}, TaskQueue Q← {T}, A← ∅
2 while Q ̸= ∅ do
3 task← DEQUEUE(Q)

4 Rtask ← MATCH(task, ProductionRules)
5 if |Rtask| > 1 then
6 priorities← COMPUTEPRIORITY(Rtask)

7 r∗ ← argmax(priorities)

8 else if |Rtask| = 1 then
9 r∗ ← Rtask[0]

10 else
11 subgoal← GENERATESUBGOAL(task, “find-decomposition”)
12 ENQUEUE(Q, subgoal)
13 continue

14 subtasks← APPLY(r∗, task)
15 foreach subtask in subtasks do
16 if ISATOMIC(subtask) then
17 agent← ASSIGNOPTIMAL(subtask, U)

18 A← A ∪ {(subtask, agent)}

19 else
20 ENQUEUE(Q, subtask)

21 Aoptimal ← OPTIMIZEASSIGNMENT(A, Constraints)
22 return Aoptimal

5. Experiments and Results
5.1. Experimental Setup

We constructed a multi-UAV cooperative operation simulation environment using
the AnyLogic platform, as illustrated in Figure 3. In AnyLogic, each UAV is modeled
as an independent agent equipped with perception, Soar cognitive, and communication
modules. The integration between the Soar cognitive architecture and the AnyLogic
simulation platform was achieved through a custom-built Java-based middleware. For
each UAV agent modeled in AnyLogic, a corresponding Soar kernel was instantiated and
run in a separate thread. We utilized the Java Soar Interface to connect the two components.
The AnyLogic model was responsible for simulating the physical world, including sensor
inputs and the communication network. At each simulation step, the middleware collected
perceptual data from the AnyLogic environment, translated it into symbolic WMEs, and
fed it into the Soar agent’s input-link. Conversely, commands generated by the Soar agent’s
decision cycle (i.e., selected operators) were retrieved from the output-link, translated into
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executable actions (e.g., ‘set-velocity’, ‘change-altitude’), and passed to the corresponding
UAV agent in AnyLogic for execution.

Figure 3. An example of the multi-UAV cooperative operational simulation environment built on
the AnyLogic platform. This scenario depicts 15 UAVs executing a cooperative denfense mission to
protect four fixed facilities.

The experimental environment was configured with: (1) Mission Scenario: A dynamic
operational area containing various targets and obstacles (e.g., stationary defensive sys-
tems). (2) Mission Types: A mix of missions including cooperative monitoring, patrol, and
defense to test the method’s adaptability and effectiveness. (3) UAV Swarm: The number of
UAVs ranged from 3 to 15, each equipped with a Soar agent capable of autonomous mission
understanding and decision-making. Detailed experimental parameters are provided in
Table 2. The simulations were conducted on a workstation equipped with an Intel Core
i9-12900K CPU, 64 GB of RAM, and an NVIDIA GeForce RTX 3090 GPU. The AnyLogic
simulation environment was version 8.7. The Soar agents were implemented using the
official Soar 9.6 release and the Java Soar Interface.

Table 2. Experimental parameter settings.

Parameter Category Parameter Name Specification

Operation Environment Simulation Area 50 km × 50 km square operational area
Target Distribution 5–8 dynamic/static targets, randomly distributed

UAV Swarm Number of UAVs 3–15

Soar Agent
WM Capacity 100 WMEs
LTM Rule Count 500–800 production rules
DC Time 50 ms

Mission Complexity Max Subtasks 8
Max Decomposition Depth 3 levels

5.2. Evaluation Metrics and Baselines

To comprehensively evaluate the performance of our proposed mission understanding
method, we adopted three metrics: TUA, CE, and TCR, calculated as follows:

TUA =
Nc

Nt
× 100%, CE =

TopRu

TacRt
× 100%, TCR =

Nco

Nas
× 100% (10)

where Nc is the number of correctly understood missions, Nt is the total missions; Top is
the theoretical optimal completion time, which is established for each scenario by using
an offline oracle solver on a simplified version of the problem with complete information
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and no communication delays. Tac is the actual completion time; Nco is the number of
successfully completed missions, and Nas is the total assigned missions.

These metrics were selected not only to measure performance but also to serve as
proxies for operational robustness and safety. A high TUA indicates a reduced risk of
misunderstanding commands, while a high CE suggests smoother operations with fewer
conflicts and wasted resources, directly contributing to a lower risk profile for the mission.

We selected two mainstream methods as baselines for comparison:

• Hierarchical Reinforcement Learning (HRL-MADDPG) [51]: Based on the Multi-
Agent Deep Deterministic Policy Gradient algorithm, it uses a hierarchical structure
to handle complex mission decomposition. This was selected as a representative
state-of-the-art method from the data-driven, multi-agent reinforcement learning
(MARL) domain.

• Rule-Based Coordination (RBC) [52]: Employs pre-defined mission decomposition rules
and coordination strategies with static task assignment and path planning algorithms. This
was chosen to represent a classic, knowledge-driven but non-cognitive approach.

For a fair comparison, the hyperparameters for HRL-MADDPG were tuned using a
grid search to achieve optimal performance in our simulation environment, and the rules
for RBC were designed by domain experts to be as effective as possible.

5.3. Performance Analysis

To quantitatively assess the effectiveness of the proposed CogMUS framework, we
conducted a comprehensive comparison against HRL-MADDPG and RBC in a highly
dynamic simulation environment. The evaluation focused on three core metrics: TUA,
CE, and TCR. Experiments were run for 400 epochs in each of the five typical cooperative
mission scenarios, with the results meticulously recorded and analyzed. To ensure the
statistical reliability of our final performance comparison, the evaluation for each method
across all five scenarios was repeated 30 times with different random seeds for target and
obstacle placement. The results presented in the figures and tables represent the mean
performance across these independent runs.

Figure 4 illustrates the evolution of TUA during training. The results clearly indicate
that CogMUS demonstrates significantly superior learning efficiency and final performance.
Our method exhibits an exceptionally steep initial learning curve, surpassing 80% accuracy
within approximately 120 training epochs and eventually converging to a stable, high level
of around 82.5% after 250 epochs. This exceptional performance is primarily attributed
to its knowledge-driven cognitive mechanism. The Soar architecture leverages the rich
set of production rules in its LTM to perform efficient symbolic reasoning and zero-shot
decomposition of high-level mission intent, thereby bypassing the extensive trial-and-error
exploration required by reinforcement learning.

Figure 5 depicts the change in CE over training epochs, a metric that directly reflects
the swarm’s ability to translate mission understanding into spatiotemporally coordinated
actions. CogMUS again shows the best performance, with its CE rapidly climbing and
stabilizing at an extremely high level of over 90% with minimal volatility. This is attributed
to two core functionalities within the CogMUS framework: (1) precise mission under-
standing and decomposition lay a clear foundation for subsequent coordination; (2) Soar
agents can achieve deep intent alignment and proactive trajectory planning through shared
WM states and built-in deconfliction rules (as shown in Rule Example 2, Section 4.2), thus
minimizing delays, conflicts, and resource wastage. This result indicates that CogMUS not
only “understands” the mission but also effectively translates this high-level understanding
into efficient group actions.
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0 50 100 150 200 250 300 350 400
Training Epoch

0.0

0.2

0.4

0.6

0.8

1.0

C
ol

la
bo

ra
tio

n 
E

ff
ic

ie
nc

y 
(C

E
) (

%
)

CogMUS
RBC
HRL-MADDPG

Figure 5. Comparison of CE during training for the three methods.

To evaluate the framework’s adaptability and robustness, Figure 6 presents the av-
erage TCR of the three methods across five different mission scenarios. The bar chart
intuitively shows that CogMUS achieved the highest completion rate in all tested sce-
narios, with an average TCR of 84.6%, significantly higher than HRL-MADDPG (71.1%)
and RBC (75.2%). Its advantage is particularly pronounced in the “Cooperative Defense”
scenario, which demands rapid response to dynamic anomalies and agile resource schedul-
ing, where its TCR approaches 90%. This validates the framework’s strong generalization
capability and adaptability to different mission constraints. In contrast, HRL-MADDPG’s
performance fluctuates considerably across scenarios, suggesting potential overfitting to
its training environment, while RBC performs more consistently, its overall performance
ceiling is markedly lower than that of CogMUS, rendering it incapable of handling all
types of complex missions. This series of comparative results substantiates the supe-
rior execution capability and high reliability of the CogMUS framework under diverse
operational demands.
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Figure 6. Comparison of TCR across five typical cooperative mission scenarios.

Table 3 summarizes the average performance metrics for the three methods across all
experiments. The data clearly indicate that CogMUS comprehensively and significantly
outperforms both baseline methods across all three key metrics.

Table 3. Overall performance evaluation results (mean ± standard deviation).

Metric CogMUS HRL-MADDPG RBC

TUA (%) 82.5 ± 2.8 55.8 ± 4.5 65.2 ± 3.3
CE (%) 90.3 ± 3.1 77.6 ± 5.2 64.6 ± 4.1

TCR (%) 84.6 ± 3.5 71.1 ± 6.1 75.2 ± 4.9

Based on the above experimental results, compared to the rule-based RBC method,
learning-based approaches like CogMUS and HRL-MADDPG demonstrate stronger adapt-
ability and generalization by continuously optimizing their policies through interac-
tion with the environment. Due to its hybrid symbolic-subsymbolic nature, CogMUS
particularly excels in learning efficiency and knowledge utilization. Furthermore, its
faster convergence speed compared to HRL-MADDPG alleviates the burden of high
training costs.

5.4. Ablation Study

To validate the contribution of specific knowledge components, we conducted an
ablation study in the cooperative defense scenario. We created a variant of our system,
“CogMUS (No Deconfliction),” in which we removed all production rules from LTM related
to proactive 3D airspace deconfliction (such as Rule Example 2 in Section 4.2). We measured
the number of safety violations (near-miss incidents) and the impact on CE and TCR.

The results, presented in Table 4, show that removing the deconfliction module led to a
cascading degradation in system performance. The most direct impact was a surge in safety
violations from an average of 1.2 to 27.8 per mission, confirming the module’s central role
in preventing trajectory conflicts. This reduction in safety translated directly into a loss of
operational efficiency. Frequent reactive avoidance maneuvers forced UAVs to deviate from
their optimal routes, causing CE to drop significantly from 91.5% to 75.3%. More critically,
these unplanned deviations and the resulting desynchronization of coordinated actions
directly led to mission failures, ultimately reflected in a substantial decrease in TCR from
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89.3% to 78.5%. This study clearly demonstrates that the proposed proactive deconfliction
mechanism is not merely a safety feature but a critical component for maintaining high
mission execution efficiency and ensuring mission success in dense multi-UAV airspace.

Table 4. Ablation study results.

Methods Safety Violations (avg) TCR (%) CE (%)

CogMUS (Full) 1.2 89.3 91.5
CogMUS (No Deconflict) 27.8 78.5 75.3

6. Discussion
6.1. Interpretation of Key Findings

The experimental results strongly support our central hypothesis: a cognitive
architecture-based approach offers a robust and effective solution for multi-UAV mis-
sion understanding. The superiority of CogMUS over the state-of-the-art MARL method
(HRL-MADDPG) can be attributed to several factors. Soar’s ability to leverage a rich sym-
bolic knowledge base enables it to perform zero-shot reasoning on new problems, whereas
HRL requires extensive training for each new mission type and struggles with generaliza-
tion. The explicit, rule-based reasoning in Soar provides transparency and interpretability,
which are critical features for high-stakes or safety-critical applications. Compared to the
rigid RBC method, Soar’s dynamic DC allows it to adapt rapidly to unforeseen events,
a capability strongly evidenced in the robustness tests. From a cognitive perspective,
the three compared approaches embody different levels of intelligence. The RBC method
represents a purely reactive system. The HRL-MADDPG method demonstrates adaptive
learning. CogMUS, in contrast, operates at a higher cognitive level, utilizing explicit,
symbolic representations of goals, tasks, and intentions, representing a form of deliberate,
goal-directed reasoning that is closer to human problem-solving.

6.2. Implications for Autonomous UAV System Design

This research has significant implications for the design of next-generation au-
tonomous systems. It suggests a trend away from purely end-to-end learning models
towards hybrid architectures that combine the reasoning power of symbolic AI with the
adaptive strengths of machine learning. The success of our distributed cognitive model
highlights the importance of designing explicit communication and coordination protocols
that allow agents to share not only data but also their intent and reasoning processes,
thereby enabling a deeper level of collective intelligence. A key aspect of this design
is its inherent robustness to environmental uncertainty. Unlike traditional planners that
may fail when pre-conditions are not met, the Soar-based agents in CogMUS continuously
operate within their decision cycle. When an unexpected event occurs, the agent’s WM is
immediately updated. This change in WM can invalidate the premises of the current plan
and trigger new production rules that propose alternative operators. This inherent reac-
tivity allows the swarm to gracefully handle uncertainty without requiring an exhaustive
pre-computation of all possible contingencies.

6.3. Limitations and Future Work

This study is not without limitations. First, the knowledge base (LTM rules) in Cog-
MUS was manually engineered by domain experts. This is a time-consuming process that
may not cover all possible contingencies. A key area for future work is the integration of
machine learning techniques to automatically acquire and refine these rules from experi-
ence. Second, while the simulation environment was complex, it does not fully capture
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real-world noise and uncertainty (i.e., the “sim-to-real” gap). The logical next steps are
to validate the CogMUS framework in higher-fidelity robotics simulators (e.g., Gazebo
with ROS2) and eventually on physical UAV hardware platforms. Finally, we plan to
extend the framework to support more sophisticated human-in-the-loop collaboration,
allowing human commanders to interact with the UAV swarm at a high cognitive level to
provide guidance and dynamically adjust mission priorities. The symbolic nature of Soar’s
reasoning also makes it highly interpretable, which could enable transparent oversight and
build trust in the autonomous system.

7. Conclusions
This paper addressed the formidable challenge of mission understanding for multi-

UAV systems operating in complex and dynamic cooperative operational environments
by proposing CogMUS, a novel framework based on the Soar cognitive architecture. By
equipping each UAV with a cognitive agent capable of human-like reasoning, our system
effectively interprets high-level mission intent, decomposes complex tasks, and coordinates
actions among multiple agents in a distributed and robust manner. This enables effective
mission decomposition, intent alignment among UAVs, and the detection and resolution
of potential conflicts. Through extensive simulation experiments, we have demonstrated
the superiority of our approach over reinforcement learning and traditional rule-based
baselines, achieving significant improvements in TUA, CE, and TCR. This work highlights
the significant potential of cognitive architectures in bridging the gap between abstract
human commands and autonomous multi-agent execution, paving the way for more intelli-
gent, adaptive, and trustworthy multi-UAV systems for future complex operations. Future
work will focus on human–machine collaboration and large-scale swarm mission under-
standing, promising to further advance the intelligence and collaborative effectiveness of
multi-UAV swarm.
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