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Abstract

Multi-Agent Reinforcement Learning (MARL) relies on accurate modeling of inter-agent interactions for effective coordi-
nation. Existing graph-based methods fail to infer dynamic coordination structures from high-level semantics and still rely
on trajectory-based interaction patterns, leading to suboptimal policies and unstable credit assignment. Moreover, agents
are often hindered by manually designed static rewards that fail to adapt to dynamic contexts and cannot address the chal-
lenges of sparse reward environments. To address these limitations, we propose the LLM-Guided Graph Neural Coordination
Framework (LLM-GNCF), which establishes a systematic integration between Large Language Model semantic reasoning
and Graph Neural Coordination. LLM-GNCF leverages an LLM to dynamically construct a Team-Adaptive Coordination
Graph (TACG) based on real-time LLM-guided strategic semantics and actions, which are validated by the Tactical Critic
model. This graph structure serves as an effective structural prior to guide effective localized information exchange at both the
agent-level and the group-level, thus facilitating cooperative policy optimization. Crucially, we introduce an LLM-empowered
latent reward shaping method supported by a Chain of Aggregation mechanism that aggregates multi-frame information to
provide fine-grained, context-aware semantic feedback while managing computational overhead. This signal further enhances
coordination and strategy refinement, particularly under sparse reward conditions. Furthermore, LLM-GNCF employs a two-
stage training paradigm in which LLM guidance reduces blind exploration in MARL and accelerates training convergence.
Experiments on the challenging StarCraft IT micromanagement tasks suggest that the proposed integrated framework achieves
competitive performance compared to representative baselines in terms of coordination efficiency and policy generalization.

Keywords Graph-based multi-agent reinforcement learning - LLM-guided graph neural coordination - LLM-empowered
latent reward shaping - StarCraft II multi-agent challenge
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Multi-Agent Reinforcement Learning(MARL) [1-3] is a
promising framework for cooperative autonomy and has
attracted increasing attention in recent years. Its applications
span a wide range of domains, including autonomous driving
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kzh@mails. guet.edu.cn [4, 5], wireless communications [6, 7], multiplayer gam-
o ing [8, 9] and urban traffic management [10, 11]. However,
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achieving effective coordination in complex cooperative
tasks remains a formidable challenge. A common paradigm
involves value decomposition methods (e.g., VDN [12] and
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QMIX [13]) and their extensions [14—17], which implicitly
assume a coordination structure. Nonetheless, inferring the
dynamic graph topology inherent in MARL remains a sig-
nificant, open problem. Current methods for learning the
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underlying graph in MARL can generally be categorized
into four types, including constructing complete graphs by
directly connecting all agents [18, 19], employing attention
mechanisms to compute fully connected weighted graphs
[20, 21], designing drop-edge criteria to generate sparse
graphs [22-24] and developing approaches to infer group-
aware coordination graphs [25, 26]. Despite this progress
made, existing graph-based methods typically infer coordi-
nation structures from low-level features and thus cannot
exploit high-level semantic information to construct truly
dynamic interaction topologies. In addition, they fail to inject
timely corrective feedback from external knowledge sources
when erroneous behaviours are observed during training.
Moreover, reward shaping still relies on manually designed,
static functions, which generalize poorly across dynamic sce-
narios. From a broader perspective, these limitations are also
consistent with the AutoML view that reducing hand-crafted
design and automating key stages of the learning pipeline can
lower development complexity, improve repeatability, and
enhance efficiency in increasingly complex data-driven tasks
[27]. These limitations often make it inefficient for agents to
acquire task-specific knowledge from scratch and hinder their
ability to capture high-level tactical intents, such as feints or
baiting. Relying solely on low-level features, such as coor-
dinate distances, agents cannot comprehend the underlying
high-level strategy semantics.

Recent advances show that Large Language Model (LLM)
excels at complex zero-shot reasoning and world knowledge
integration [28, 29]. This positions LLM as a promising tool
to address the core challenges of multi-agent coordination
[30]. In recent years, research on the integration of LLM
and MARL has mainly fallen into three categories: One line
of work treats the LLM as a high-level planner that gen-
erates abstract action plans based on historical experiences
and current environmental states, while low-level RL poli-
cies learn and implement the corresponding primitive control
behaviours [31, 32]. Another direction leverages the reason-
ing and generative capabilities of LLM to transform linguistic
knowledge into dynamic reward signals for designing, adjust-
ing or redistributing reward functions [33, 34]. A further
approach focuses on communication and coordination, utiliz-
ing LLM language understanding and generation abilities to
enable natural language interactions among agents, thereby
enhancing semantic alignment and cooperative generaliza-
tion in multi-agent systems [35, 36]. Despite these advances,
these three lines of work share several structural limita-
tions. Critically, there is a pronounced gap between high-level
strategic semantics and the underlying topology. The LLM
is typically utilized as an external module without leveraging
adaptive graph structures to use this high-level information
for coordinating agent grouping and cooperation, making
it impossible to map strategic intents at the semantic level
onto the underlying coordination graph structure. Moreover,
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most existing LLM-based MARL frameworks operate in a
fragmented manner, they either rely on one-off offline plan-
ning based on high-level strategic semantics or treat real-time
queries as mutually independent, stateless instances of high-
level strategic semantics to generate immediate instructions
or reward signals. Crucially, these methods fail to establish
temporal correlations among high-level strategic semantics,
thereby lacking a mechanism to effectively integrate the
long-term evolution of semantic guidance with the dynamic
MARL training process. Moreover, they have rarely been val-
idated on challenging multi-agent coordination benchmarks.
StarCraft Multi-Agent Challenge (SMAC) [8, 37], with its
complex and highly cooperative task settings, has evolved
into a representative benchmark for evaluating MARL algo-
rithms [38]. Although various MARL methods have proven
effective, there is still a lack of widely recognized bench-
marks and methods that integrate LLM with MARL. Only
a few preliminary studies have attempted to convert game
state into textual description and employ LLM as high-level
strategic planner, without integrating them with reinforce-
ment learning [39].

Motivated by the limitations of existing methods and their
inadequate performance on SMAC, we propose the LLM-
Guided Graph Neural Coordination Framework (LLM-
GNCEF) for Cooperative Multi-Agent Reinforcement Learn-
ing. To bridge the gap between high-level semantics and
underlying topology, LLM-GNCF establishes a system-
atic integration between LLM reasoning and graph-based
MARL. The LLM dynamically processes textual environ-
mental observations to extract real-time, strategic semantic
dependencies. Crucially, these dependencies are explicitly
utilized to guide agent grouping and calculate inter-agent
relationships, thereby constructing a context-aware Team-
Adaptive Coordination Graph (TACG). To resolve the issue
of temporal credit assignment in cooperative tasks, the frame-
work introduces an LLM-empowered latent reward shaping
method. This module leverages the Chain of Aggregation
(CoA) mechanism to aggregate multi-frame information,
ensuring temporal semantic consistency and providing fine-
grained feedback under sparse reward settings. A key aspect
of our methodology is that it adopts an LLM-guided two-
stage MARL training framework. In the LLM-guided pre-
training stage, the LLM acts as a high-level commander with
a built-in evaluation and correction mechanism to detect
and rectify potential strategy errors while mitigating hal-
lucination risks. In the subsequent reinforcement learning
stage, agents further optimize their cooperative strategies
by inheriting the coordination graph structure constructed
from the strategic semantic dependencies. This approach
enables agents to acquire high-level cooperative experience
and contextual understanding rather than relying solely on
pure trial-and-error exploration.

Our main contributions are:
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Fig.1 The framework of our
method consists of two training
stages. In the first stage, the
LLM provides valid tactical
actions and temporal semantic
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e We present an integrated framework that leverages LLM
for dynamic coordination graph construction by extract-
ing semantic dependencies to model pairwise coop-
eration demands and capture group-level relationships
simultaneously. We also provide an evaluation setting
on SMAC for studying LLM-integrated MARL frame-
works.

We introduce a principled two-stage training paradigm,
allowing agents to benefit from high-level cooperative
priors early in training. This, together with the critic
mechanism, facilitates the construction of a richer coop-
erative relationship model in our framework.

We develop an LLM-empowered dynamic reward func-
tion that promotes specialized cooperative strategies
through targeted semantic feedback. The Chain of Aggre-
gation mechanism is concurrently introduced to effec-
tively manage computational overhead and reduce the
token consumption of the LLM during training.

Related work
Dynamic topology inference and graph-based MARL

Recent advances in the StarCraft Multi-Agent Challenge
(SMAC) leverage latent interaction graphs to improve coor-
dination and scalability [40, 41]. Methods such as DGN
[42], DICG [20], and HGAP [43] employ attention mech-
anisms or Graph Neural Network (GNN) [44-46] to infer
inter-agent dependencies and guide information exchange,
while variational approaches [47] further model interaction
graphs as latent variables. Building upon these ideas, group-
aware and hierarchical coordination frameworks capture
higher-level relational structures and inter-group dependen-
cies, thereby enhancing scalability and cooperative efficiency
in decentralized MARL. VAST [48] factorizes value func-

tions over subgroups to adapt to different contexts. GoOMARL
[25] introduces a select-and-kick-out mechanism to achieve
automatic grouping without domain knowledge, thereby
improving cooperation efficiency. GACG [26] jointly mod-
els pairwise cooperation needs and cross-trajectory group
dependencies. The primary challenge of these approaches is
their reliance on low-level feature similarity or heuristic rules
to implicitly infer interaction structures. Consequently, they
often do not fully incorporate explicit high-level strategic
guidance and temporal coordination signals crucial for com-
plex tasks. Furthermore, in decentralized learning scenarios,
the inferred coordination topologies are often non-adaptive,
hindering efficient and context-sensitive communication. In
contrast, our approach integrates explicit strategic semantic
information from an LLM into the graph construction pro-
cess, enabling each agent to adaptively select task-relevant
neighbors based on both physical graph topology and seman-
tic context. This design facilitates communication-efficient
and locally interpretable cooperation.

Integration of LLM in MARL

Large Language Model (LLM) have been increasingly
applied to high-level planning in general reinforcement learn-
ing, providing semantic reasoning and task decomposition
capabilities [49, 50].MineDojo [51] transforms natural lan-
guage goals into structured task plans.Voyager [52] achieves
autonomous task generation and skill reuse and Plan4MC
[53] performs hierarchical planning to decompose long-
horizon objectives into executable subtasks. These studies
demonstrate the role of LLM as semantic policy generator
that bridge natural language reasoning and reinforcement
learning. However, these pioneering systems typically focus
on single-agent control or lack specialized mechanisms for
robust multi-agent coordination.

@ Springer
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The application of LLM in MARL broadly falls into
three categories: high-level planning, communication and
reward modeling. For high-level planning, L2M?2 [31] adopts
a hierarchical architecture in which an LLM agent per-
forms strategic planning and subtask allocation, while low-
level MARL agents execute primitive actions. YOLO-MARL
[32] uses a single LLM call to generate an environment-
specific task-assignment planning function, which is then
used to guide subsequent MARL training. For communica-
tion, in LangGround [35], agent communication is mapped
to a human-interpretable linguistic space, enabling semantic
alignment and cooperative generalization. Similarly, in social
reasoning environments [36], LLM-based agents engage in
dialogic reasoning to infer the intentions and latent beliefs
of others, thereby promoting strategic coordination and
belief propagation. For reward modeling, LaRe [33] utilizes
LLM to generate interpretable latent semantic reward that
improve credit assignment, whereas LAMARL [34] employs
LLM to evaluate high-level cooperative behaviors, provid-
ing strategy-relevant reward signals for multi-agent systems.
Despite the significant improvements brought by these meth-
ods, most existing LLM-based MARL approaches integrate
an LLM into only a single component of the system and rarely
provide a unified framework that simultaneously learns the
coordination-graph structure and incorporates latent reward
shaping. As a result, their effectiveness can be further
enhanced in complex, real-time adversarial environments,
where dynamically evolving topologies and precise, tempo-
rally grounded coordination are required.

Few efforts to date have explored the integration of LLM
within the SMAC. In particular, TextStarCraft 11 [39] intro-
duces a text-based benchmark and a macro-level reasoning
framework. However, this approach has not been integrated
with decentralized MARL. To address these challenges,
our method introduces an integrated LLM guidance mech-
anism spanning the two-stage training framework, covering
semantic coordination graph generation, LLM-guided action
supervision and adaptive latent reward shaping. This coor-
dinated design drives the dynamic evolution of the MARL
interaction graph based on real-time LLM-guided strategic
semantics. Within the SMAC, this framework enables agents
to construct temporally-grounded semantic coordination pat-
terns and dynamically adaptive decentralized cooperation
topologies, thereby facilitating effective coordination and
interaction modeling in complex adversarial scenarios.

Preliminaries
Decentralized partially observable MDP

We consider cooperative multi-agent tasks modeled as a Dec-
POMDP [54], defined by the tuple

@ Springer
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where A denotes the finite set of n agents and s € S rep-
resents the true state of the environment. The set of actions
available to agent i is {/; and its partial observation space
is O;. The joint action space is if = U; X ... x Uy, while
the joint observation is o' = (0}, ..., 0},). At each time step
1, each agent g; receives a partial observation o} € O; and
selects an action u! € U; according to its individual policy
7;. The dynamics are governed by the transition probabil-
ity P(s"* | s',u’), where u' = (uf,...,ul) is the joint
action, leading to a shared global reward r’ = R(s’, u’) for
all agents. We consider episodic tasks that generate finite-
length trajectories

0 0 0 .0 T T
s o Yo uw, e, st o) Y,

where T denotes the episode length. The agents collectively
seek to maximize the expected discounted cumulative return
(Global Return):

T
Qtot(SO, uO) = ESO:T’UO:T |: Z )/tl"t ) SO, u0i|v

t=0

where y € [0, 1) is the discount factor.
Coordination graph and group structure

In multi-agent cooperative tasks, the dependency and inter-
action structure among agents can be represented by a
Coordination Graph(CG). Given n agents, the coordination
graph is formally defined as

C={AZ¢},

where A = {ay, as, . . ., a,} denotes the set of agents (nodes)
and & represents the set of edges or relational dependencies
between agents. A key component is the adjacency matrix
C € R™", which concisely captures the global interaction
structure among agents.

Building upon this, we further introduce a group structure
to model the hierarchical cooperation relationships among
agents. Given the agent set A, the group set is denoted as
1<m<n.

g: {g1!g27"'1gm}7

Each group g; contains n; agents, i.e.,
o) aini} - Av

g =1ai1, ai2, ..

satisfying the properties of a disjoint partition: g; N g; = ¥
fori # j and | J/_, gi = A. This grouping provides a hier-
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archical organization for multi-agent systems, facilitating
structured coordination and group-level reasoning in subse-
quent modeling.

Method

The proposed framework, illustrated in Fig. 1, is designed
to achieve LLM-guided tactical coordination and decision-
making in cooperative multi-agent reinforcement learning
(MARL). To mitigate inefficient exploration in complex state
spaces and accelerate the learning of cooperative policies, we
adopt a two-stage training paradigm.

LLM-guided semantic and action reasoning

In multi-agent reinforcement learning (MARL), traditional
policy models rely on local observations to directly generate
low-level actions, which often limits their ability to cap-
ture overarching tactical semantics and high-level strategic
intent. To address this limitation, and inspired by the emerg-
ing potential of LLM to provide strategic-level reasoning for
MARL[31, 55-57], we introduce LLM as a high-level policy
generator, leveraging its inherent semantic understanding and
reasoning capabilities to produce high-level tactical action
priors and strategic semantic guidance that serve as policy-
level supervision for multi-agent coordination. This design
effectively complements conventional local policy models
by enhancing battlefield semantic modeling and cooperative
reasoning.

To provide high-quality tactical demonstrations within
MARL, we design an LLM-guided semantic and action rea-
soning module that transforms environmental observations
into structured textual representations and produces exe-
cutable tactical actions. At timestep ¢, the module takes the
joint observation o’ and first extracts essential features, such
as unit coordinates, spatial positions, health and shields, skill
availability, and alliance relations. It then passes o’ through a
unified semantic text conversion process, which sequentially
transcribes critical numerical attributes into natural language,
integrates domain-specific battlefield knowledge and gener-
ates a structured tactical description X':

X' = NL(o"). (1)

where N L (-) denotes the semantic textualization function,
which transforms environmental state information into rep-
resentations that can be understood and reasoned about by
the LLM.

Based on this semantic description X’, the LLM simulta-
neously generates the raw tactical action and its correspond-
ing strategic semantic text as follows:

Ungws ZRaw) = LLM(X"), @

where U, and Zﬁaw are both generated by LLM (-), with
Uk, denoting the raw tactical action and Zj_ representing
the corresponding raw strategic semantic text, summariz-
ing key situational information and high-level tactical intent
under the current environment.

Inspired by the collaborative criticism paradigm of Table-
Critic [58], which shows that structured criticism and refine-
ment can enhance LLM reasoning, we introduce a rigorous
three-level tactical critic mechanism into the LLM-based tac-
tical action generation process to ensure that the generated
tactical actions are executable in the environment, strate-
gically sound and aligned with high-level tactical seman-
tics.This mechanism imposes multi-dimensional constraints
and corrections on the LLM outputs, enabling efficient coor-
dination and tactical cooperation among multiple agents.
This mechanism evaluates the LLM-generated results along
three dimensions:

e Numerical Feasibility Critic (Cy,,,;,): Verifies adherence
to low-level physical constraints such as energy con-
sumption, skill cooldown and effective range to prevent
the generation of infeasible actions (e.g., attempting to
release a skill without sufficient energy).

e Semantic Consistency Critic (C.,,s): Validates the con-
sistency between the LLM’s textual reasoning and the
actual high-level environmental observations, ensuring
that the tactical description aligns with the real-world
situation. For example, when generating the command
“Zealots move forward to absorb damage and block the
enemy, while Stalkers coordinate to focus fire on enemy
Stalkers in rotation”, the system further verifies whether
it is physically feasible for Zealots to advance and absorb
damage and for Stalkers to execute coordinated focus fire
and rotational attacks.

e Tactical reasoning Critic (Cq50n): Assesses the spa-
tiotemporal coordination and cooperative logic of the
actions from a global tactical perspective, ensuring that
multiple agents form effective collaboration at the tacti-
cal layer (e.g., front-line units drawing enemy fire while
back-line units concentrate damage output).

All three indicators are binary decision variables with val-
ues in {0, 1}, where 1 indicates that the criterion is satisfied
and 0 otherwise. The three levels are evaluated simultane-
ously and independently. Only when all three conditions are
simultaneously satisfied (Cpy; = 1A Ceons = 1 ACreason =
1) are the raw outputs retained as valid. Otherwise, the entire
outputis discarded and the CriticLLM regenerates a corrected
output until all three critic levels are satisfied. An example of
this validation pipeline is illustrated in the left half of Fig. 2.

@ Springer
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Fig.2 The prompt is designed
for obtaining valid LLM-guided
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Semantic Consistency Critic :

Agent ID 0-2: Stalker; Agent ID 3-7: Zealot
Action ID: 6: attack_enemy_0; 2: move_north
LLM-guided action set: {6, 6, 6, 2, 2, 2, 2, 2}/
The high-level guided actions are highly consistent with the strategy.

Tactical reasoning Critic :

Enemy_0 is isolated on the north side ./

LLM Guide
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Accordingly, the correction rule for a valid tactical command
is formally defined as:

(Uatia ZVatia)

(uﬁaws Z]tQaW) 2 if Cpum = 1 A Ceons = 1 A Creason = 1,
CriticLLM(UIt{aW, Zf{aw, X’) , otherwise.
3)
Both U,y and Z{,, denote the LLM validated out-

puts that pass the three-level evaluation, ensuring that only
executable tactical actions and consistent semantic infor-
mation are retained. Here, U, provides high-level action
demonstrations tailored to different maps and battlefield sit-
uations. Acting as a teacher signal, these demonstrations
guide the early-stage policy learning process and provide
imitable tactical action priors for local agent policies during
the LLM-guided pre-training phase. Z}, ., captures high-
level semantic information of the battlefield, including agent
roles, cooperative intentions and inter-agent relations. These
high-level semantic cues are incorporated into the construc-
tion of the Team-Adaptive Coordination Graph, enabling it
to capture group-level tactical dependencies that are often
challenging to infer solely from raw observations.As the
graph continually updates, the semantic guidance provides
the time-evolving dependency structures.

To better capture the LLM’s real-time high-level strate-
gic intentions and transform them into tactical semantic
representations that can be utilized by lower-level policy net-
works, we introduce a semantic encoding process that models
the strategic intent and semantic dependencies embodied in
the language model. The semantic information is modeled

@ Springer

through a combination of self-attention mechanisms, which
can be formally expressed as:

t—k:t

vi= GRU (SelfAttn(Zy,iq ). “4)

where SelfAttn(-) denotes the self-attention mechanism
and GRU(-) represents the gated recurrent unit used to inte-
grate temporal contextual information. The resulting latent
semantic vector V' represents the embedding feature of the

current tactical description in the semantic space.
Team-adaptive coordination graph

The proposed Team-Adaptive Coordination Graph (TACG)
dynamically partitions the agent team into several coop-
erative groups and optimizes the team-level coordination
topology based on interactions among these groups. TACG
integrates LLM-guided semantic tactical priors with the
environment-driven feedback loop in MARL. While the
LLM provides high-level strategic guidance, it inherently
lacks the capacity for low-level execution and real-time
adaptation necessary for complex environmental dynamics.
Through a reinforcement learning-based feedback optimiza-
tion process, TACG facilitates efficient learning of executable
cooperative policies under resource constraints and acceler-
ates policy convergence.

Unlike traditional approaches [3, 26] that rely solely on
trajectory-level behavioral evidence or interaction patterns
for group division in graph construction, TACG incorporates
an LLM-Guided semantic context vector V'. This vector
embeds high-level tactical information directly into the graph
structure, enabling the model to jointly consider individual
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observation features and the global strategic context during
dependency construction. Consequently, the dynamic adjust-
ment of edge weights and dependency structures contributes
to an interpretable and semantically consistent coordination
graph. To realize this, TACG employs an observation feature
encoder and an agent-pair predictor to enrich feature repre-
sentation and capture interaction intensity, formally defined
as:

0 = foe(0)), pi; = fap(6}, 05, V"), )

where f,.(-) is implemented using a Multi-Layer Percep-
tron (MLP) to extract the observation feature representation
of each agent, and f, (-) is an attention-based network used
to estimate the interaction relationship between agent pairs.
The matrix u' € R x1 , which stacks all ,uf ! in a fixed
order, represents the edge weights between agent pairs, char-
acterizing their interaction importance at time step ¢, thereby
ensuring structural symmetry and context sensitivity in agent
dependency modeling.

Due to partial observability in MARL, agents often exhibit
analogous behavioral patterns when perceiving similar local
observations over certain temporal windows. Leveraging
this, we introduce a grouping model f;(A) = G designed
to capture and exploit the inherent correlations and strategic
convergence among agents throughout the temporal deci-
sion trajectory. To capture higher-level collaborative patterns
effectively, a trajectory-based semantic grouping function is
introduced:

gt — ft(otfk:t’ "}t), (6)

where o %' denotes the joint observation sequence over
the past k steps, and V! is the shared semantic embedding
provided by the LLM. The function f;(-) partitions agents
into semantically consistent groups based on trajectory-level
behavioral and semantic features, thereby establishing struc-
tured cooperative relationships in the high-level semantic
space. We define the agent—group matrix M’ to represent
inter-agent grouping, where M/ ;= 1 if agents a; and a; are
in the same semantic group at time ¢:

1, if agents a; and a; belong to the same

M! = group and share semantic similarity, 7

0, otherwise.

This structure ensures intra-group consistency and inter-
group separability, providing a crucial structural prior for
subsequent coordination graph modeling (Table 1).

Building on this, we transform the agent—group matrix M’
into an edge-covariance structure, enabling direct incorpora-
tion of group information into the edge relation modeling.

This transformation explicitly reflects the semantic coupling
and interaction intensity across agent groups, providing a
structural prior for subsequent distributed edge representa-
tion learning.This is described by the following operation:

M' = vec(M")vec(M") T, (8)

where the covariance matrix M! e R"x" captures
the semantic dependency and covariance structure among
edges. Agents within the same semantic group are thus
characterized by stronger covariance correlations, reflect-
ing higher semantic consistency and cooperative alignment.
Here, vec(-) denotes the operation of flattening a matrix into
a vector. Consequently, the dynamic coordination graph at
time ¢ is defined as:

C'=1{A, &Y, E ~Nu', M, ©)

Such LLM-guided group partitioning enables TACG to
adaptively track the dynamic evolution of agent interaction
patterns under semantic priors and imposes a hierarchical
organization over the multi-agent system. This hierarchy
allows the coordination mechanism to reason about both
individual-level interactions and group-level cooperative
dependencies. To operationalize this structural prior at the
edge level, we follow GACG [26] and model pairwise rela-
tions with a Gaussian distribution, where the mean vector
u' encodes the interaction importance of each edge and
the covariance matrix M’ characterizes dependency rela-
tionships among different edges. In particular, when agents
belong to the same semantic group, M emphasizes stronger
intra-group correlations, providing a principled way to inject
group-level semantic structure into the coordination graph.

Using the Gaussian distribution defined above, we sam-
ple the group-aware coordination graph structure C' at each
time step and reconstruct it into an adjacency matrix form
for message passing. The sampled graph structure facilitates
information exchange via a Graph Neural Network (GNN),
enabling agents to efficiently share and integrate multi-source
information for strategic adaptation in the dynamic MARL
environment. The GNN is defined as follows:

H =ReLU(C'H/_\W/_)), I=1,...,L. (10)

where [ is the index of GNN layers,C! = D~1/2C! p~1/2
denotes the normalized adjacency matrix, and 5” =
3 ; C'[i, j]. The initial input of the GNN, H/, is the set
of observation feature vectors {5’1, e, 5;} extracted from
Equation (5). After / layers of propagation, each agent i
obtains a contextual embedding m! = H/, which suc-
cessfully integrates local features, relational dependencies
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Table 1 Comparison of

experimental methods by graph Method Graph type Group coordination LLM guidance
type, group utilization and QMIX [13] < % «
LLM-guided graph construction

DICG [20] Complete X X

CASEC [23] Sparse X X

VAST [48] X v X

GACG [26] Sparse v X

LLM-GNCF Sparse v v

and group-level tactical information.This contextual embed-
ding is then utilized in the local action-value function
N
Qi (Tl' ’ uia mi)'
while the global action-value function is computed using
a monotonic mixing network [13]:

QT u'ss") = fmix(Q), ..., Q)i sh). (11

The joint action-value function is trained to satisfy the Bell-
man optimality equation:

Quo(s' ') = E[r’ +y max Qu (5", u/)] . (12)

Moreover, the factorization is designed to satisfy the
Individual-Global-Max (IGM) property:

n
argmax Quor(t', w; s") = [argmax Q; (tf, uiz m)],_,.
1

13)

Serving as the core bridge between high-level LLM-
guided strategy and low-level MARL control, TACG lever-
ages LLM-guided action supervision and semantic signals as
teacher guidance to construct a dynamic coordination graph.
Together with the LLM-empowered latent reward shaping
module described in Sect. LLM-empowered latent reward
shaping, these components jointly constitute Stage I (LLM-
guided pre-training).During this stage, the actions executed
from the LLM-guided valid action set U{,a“d generate trajec-
tories that are used to pre-train both the TACG networks and
the value decomposition.

In Stage II (RL training), we no longer query the LLM.
Instead, we reuse the LLM-guided TACG learned at the end
of Stage I as a structural prior graph and continue to opti-
mize only the policy and value networks through interaction
with the environment. Concretely, the group assignments and
agent interaction relations are computed without the seman-
tic context vector, i.e.,

G" = fi(or—k), “ﬁj = fap (05, 53’)7 (14)
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The latent reward branch is disabled, so that the total reward
reduces to the environment reward, i.e.,

Rl = R!

total env*

15)

Although the semantic vector V' is removed in Stage II, the
TACG networks retain the parameters learned under seman-
tic supervision in Stage I, which act as a structural prior for
subsequent training. This initialization places the policy in
a favorable region of the optimization landscape, enabling it
to preserve high-level coordination patterns while being fine-
tuned using only local observations. This two-stage design
employs a relatively short LLM-guided pre-training phase,
which both reduces the overall LLM resource cost and yields
a strong graph-structural prior that accelerates the conver-
gence of cooperative policies.

LLM-empowered latent reward shaping

In cooperative multi-agent reinforcement learning (MARL),
RL agents operate at a significantly higher decision frequency
than environmental feedback frequency, which makes accu-
rate tactical quality assessment challenging based on instan-
taneous, single-frame information. Taking typical environ-
ments such as the StarCraft Multi-Agent Challenge as exam-
ples, the environment usually provides episodic win or loss
signal. Such a reward structure, which relies on independent
frames or single-step outcomes, fails to capture the strategic
evolution of agents during continuous decision-making pro-
cesses, thereby exacerbating the credit assignment problem.

To address this issue, we propose an LLM-Empowered
Latent Reward Shaping method. Conceptually related to
prior work such as [59, 60], it fundamentally differs in its
temporal modeling mechanism and its ability to produce
trajectory-level semantic rewards. Specifically, we employ a
Chain of Aggregation (CoA) mechanism that temporally con-
catenates and semantically compresses multi-frame observa-
tions over a sliding window of length k, enabling the LLM to
reason about fine-grained strategic evolution and cooperative
dynamics over extended temporal segments.LLM inference
is triggered only at key temporal checkpoints, which syn-
chronizes the high-frequency decision rhythm of the game
with the slower inference cycle of the LLM, reduces token
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Algorithm 1 LLM-Guided Training Process in LLM-GNCF

Require: StarCraft I environment env

Ensure: Trained LLM-Guided TACG

1: Initialize batch size B, buffer D = {}

2: Initialize sliding window k for CoA

3: for each timestep 7 do

4:  Obtain Raw LLM action U}, and Raw LLM semantics Zg,,,
from Action LLM

5:  Obtain Valid LLM action Uy;,;4 and Valid LLM semantics Z{;4
from Critic LLM > Eq. (3)

6:  Obtain the LLM strategic semantic vector of the joint temporal
segment V'

7:  LLM semantic-guided agent pairs: f, (0}, 63., 1%40) > Eq. (5)

8:  LLM semantic-guided agent grouping: G; = f;(o' ¥ V1) &
Eq. (6)

9:  Construct TACG: C" = {A, £}

10:  Propagate messages via GNN

11:  for each agent i do

12: Compute Q-values for all actions

13: U = Uyyiglil

14:  end for

15: Execute {4/} and observe next state and reward R,

16:  Aggregate k-frame history S}tlislory via CoA > Eq. (17)

17: Getr{}; from LLM based on S}’lislory

18:  Decode latent reward: R{ | \; = fy (rf | ap)
19: RL =R Ry

total — “teny ;
20: Store transition into buffer D

21:  if size of D > B then

22: Sample batch from D

23: Compute Qo from QMIX mixing network
24: Update parameters under TD loss

25:  endif

26: end for

consumption, and maintains semantic evaluation precision.
In this way, the model yields strategically grounded latent
reward signals that provide a high-level shaping signal over
continuous decision sequences and compensate for the limi-
tations of traditional frame-level reward functions. The core
computational process of CoA can be formally expressed as
follows. To capture temporal dependencies in tactical behav-
iors, the system maintains a sliding window of length k:

W= (X'KLL X", (16)

It further aggregates the past k frames of structured tacti-
cal description text into a temporal summary Sﬁiswry, which
integrates tactical transitions and semantic contextual infor-
mation across consecutive frames, thus achieving semantic

compression and high-level abstraction:

Sltﬁstory = fage (W, a7

Here, fage(-) denotes the aggregation function that integrates
multi-frame textual features within the semantic space to
capture the key temporal segments of tactical semantics,
generating semantically coherent and contextually complete
temporal summary representations.

To enable task-specific strategic policy learning across
diverse environments, we introduce a set of tactical strat-
egy metrics that are semantically evaluated by the LLM.
These metrics provide high-level tactical guidance and latent
reward signals during training. Accordingly, we define the set
of LLLM-based reward evaluation metrics, where each metric
are as follows:

¢ Kiting effectiveness (KE): Quantifies the proficiency of
micro-control maneuvers, such as "hit-and-run" behav-
iors.

e Focus-fire coordination (FFC): Measures the synchro-
nization and consistency of multi-agent target focus-
ing.An example of this can be observed in the top-right
panel of Fig.2, where the LLM Reward signal enables
agents to learn focus-fire tactical coordination more
effectively.

o Formation maintenance (FM): Assesses the formation
stability and spatial mutual support between agents.

e Skill synergy timing (SST): Evaluates the temporal
accuracy and cooperative efficiency of combined skill
usage.

Based on the temporal semantic summary Sflismy, the
LLM computes a multidimensional semantic metric vector:

t t t t t
riem = [7kes TFrCs TRM> TssTls (18)

where each dimension quantifies the performance of the
current tactical strategy in terms of temporal-semantic con-
sistency. The semantic metric values satisfy:

kg TRECs Thws Tsst € [— 1 11, (19)

Here, positive values indicate alignment with the desired
semantic intent, whereas negative values reflect deviation
from the expected cooperative behavior. Subsequently, a neu-
ral aggregation function is applied to combine these tactical
indicators, yielding the latent LLM-based reward:

Ritm = fyLia)- (20)

where fy denotes an MLP that captures semantic interactions
and importance weighting across different dimensions of the
tactical metrics.

Since the LLM output is non-differentiable, rf, ,, is
treated as a fixed numeric feature vector parsed from the LLM
response, rather than as a differentiable latent representation.
Such a design is consistent with prior LLM-based reward
learning frameworks, where LLM feedback is used as exter-
nal annotation and distilled into a learned intrinsic reward
model, rather than treating the LLM itself as an end-to-end
differentiable component, such as ONI [61]. Accordingly, the
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LLM is excluded from gradient-based optimization, receives
no gradient updates, and remains fixed throughout the entire
training process.

Inspired by the decoder-based return-level supervision
paradigm used in LaRe [33], we further introduce an explicit
regression objective to train fy separately from the value
network. However, different from LaRe, which uses the
decoded reward for return decomposition in episodic RL,
our framework retains the original environmental reward
during MARL optimization. To avoid double counting the
environmental reward, the decoder is trained against a com-
plementary residual target instead of the raw environmental
return itself.

To train the reward decoder fy separately from the value
network, a k-step discounted environmental return is first
computed as:

k—1
=Y y/RL/. @1)
j=0

where k is set to be consistent with the CoA window length,
y is the discount factor, and Réivj denotes the original envi-
ronmental reward at step ¢ 4 j. The residual target is then
defined as:

AJi = J{ = Renys (22)
which represents the complementary return information
beyond the immediate environmental reward at the current
step.

The parameters ¥ of the MLP are optimized over samples
drawn from the replay distribution D using the following
regression loss:

Lrne¥) = Eip [ (fu () — )] 23)

This residual objective aligns the supervision target with
the multi-frame temporal scope of CoA while preventing
fy from simply reproducing the immediate environmental
reward, thereby encouraging it to capture complementary
long-horizon semantic information.

To incorporate the LLM-empowered latent reward shap-
ing signal into the learning process, we define the shaped
overall reward as:

t t 12
Ryl = Reny + Ripm (24)
where R. ., denotes the original environmental reward,
and R] | \; denotes the latent semantic reward derived from
the LLM semantic metrics. During Stage I, the MLP f,

is trained with Ly p using a separate optimizer, while the
MARL control networks, including the TACG backbone and
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the QMIX value-decomposition network, are updated under
the TD objective induced by Ry _,,. The scalar reward Rl s
treated as a detached shaping signal during TD optimization.
Therefore, the reward decoder is not jointly optimized with
the Q-network via back-propagation from the TD objective.
Instead, R] |, serves as an additional semantic shaping sig-
nal for MARL training. In Stage II, the latent reward branch

is disabled, and only the environmental reward is used.

Experiment

In this section, we design experiments to answer the follow-
ing research questions:

e Which large language model provides the most effective
guidance during training?

e How well does LLM-GNCEF perform on complex coop-
erative multi-agent tasks compared with other represen-
tative CG-based methods?

e Do the LLM-guided components, including action super-
vision, tactical reward shaping, and strategic synergy
group division, improve the performance of LLM-
GNCF?

e What is the influence of the number of groups on the
performance of LLM-GNCF?

e How does the selected trajectory length affect the final
results?

e Can the proposed CoA method effectively reduce LLM
inference costs while maintaining robust performance?

All experiments are conducted on the StarCraft Il micro-
management benchmark [8], which provides a diverse set
of cooperative multi-agent tasks with varying map config-
urations and agent numbers. The benchmark encompasses
scenarios involving at least eight agents and covers both
homogeneous and heterogeneous unit compositions. To
ensure consistent evaluation conditions, all environments are
set to a difficulty level of 7 (Very Hard). Each experiment
is repeated with five random seeds to guarantee statistical
robustness of the reported results.

The experiments are divided into two stages. Following
the curriculum-learning perspective [62] of starting from an
easier, highly guided regime and then relaxing external super-
vision, we allocate the initial 0.25 million environment steps
on the LLM-Guided Pre-training stage, during which the
agents execute actions inferred by the LLM, perform strate-
gic semantic group division, and incorporate context-aware
tactical reward signals generated by the LLM. The second
stage, Reinforcement Learning Training, proceeds without
any LLM involvement and continues with standard MARL
optimization.
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Table 2 Performance comparison of different LLM models on various
SMAC maps. Values represent win rates (WR) with standard deviations
in parentheses

Map name GPT-40 DeepSeek-R1 Qwen—2.5
3s5z 0.96 (0.01) 0.94 (0.02) 0.94 (0.04)
3s_vs_5z 0.95 (0.02) 0.93 (0.03) 0.90 (0.04)
1c3s5z 0.93 (0.02) 0.90 (0.03) 0.88 (0.04)
8m_vs_9m 0.94 (0.03) 0.91 (0.04) 0.89 (0.04)
10m_vs_11m 0.91 (0.03) 0.90 (0.05) 0.87 (0.01)
bane_vs_bane 0.98 (0.01) 0.97 (0.02) 0.96 (0.03)
MMM2 0.58 (0.03) 0.53 (0.05) 0.46 (0.02)
2c_vs_64zg 0.86 (0.03) 0.79 (0.04) 0.75 (0.05)
3s5z_vs_3s6z 0.09 (0.02) 0.06 (0.03) 0.04 (0.03)

Comparative experiment

We select nine representative maps from the SMAC bench-
mark, covering four key dimensions: unit composition, battle
symmetry and force balance. The selection includes four
homogeneous and five heterogeneous maps, designed to
evaluate how LLM guidance enhances role coordination
among agents. With respect to battle symmetry, two maps are
symmetric while seven are asymmetric, the latter requiring
more advanced tactical reasoning and coordination. Regard-
ing force balance, the chosen maps span from completely
balanced encounters to highly disadvantaged scenarios, cap-
turing diverse combat dynamics and testing the adaptability
of the proposed method under different strategic conditions.
Based on this setup, we further compare the performance of
different LLMs to identify the most effective one for SMAC.
The best-performing model is then adopted for subsequent
experiments, where we compare our proposed method with
several representative baseline algorithms.

LLM model comparison

To further investigate the influence of different large lan-
guage models on training effectiveness, we evaluate GPT-4o,
DeepSeek-R1, and Qwen—2.5 under our proposed LLM-
GNCF method on nine representative SMAC maps that cover
a wide range of task difficulties and coordination complexi-
ties.

As shown in Table 2, on nine SMAC maps all configured
with the Very Hard difficulty level, the three LLMs under
the LLM-GNCF framework exhibit a stable performance
ranking. GPT-40 (0.80) achieves the highest average win
rate across all tasks, followed by DeepSeek-R1 (0.77) and
Qwen—2.5 (0.74). Moreover, it attains the lowest average
standard deviation, indicating that under identical training
settings, GPT-40 provides not only better overall perfor-
mance but also a more stable and reproducible learning

process. A grouped analysis based on task structural com-
plexity reveals a consistent pattern. On relatively simple maps
such as 355z and 3s_vs_5z, all three models achieve near-
saturated win rates. In contrast, on MMM?2, 2c_vs_64zg and
355z_vs_356z, which exhibit extreme force imbalance or
require fine-grained kiting and harassment tactics, the perfor-
mance gap becomes much more pronounced. For example,
MMM?2 is widely regarded as one of the most demanding
SMAC scenarios in terms of multi-stage tactical coordina-
tion and long-horizon planning. On this map, GPT-40 (0.58)
clearly outperforms DeepSeek-R1 (0.53) and Qwen—2.5
(0.46). In the highly unfavorable scenario 3s5z_vs_3s6z, all
three models obtain low absolute win rates, yet GPT-40 (0.09)
still surpasses DeepSeek-R1 (0.06) and Qwen—2.5 (0.04).

These results suggest that, in complex cooperative sce-
narios that require timing decisions across multiple temporal
scales, unit-position management and high-risk sacrifice
strategies, the semantic descriptions and evaluation signals
produced by GPT-40 provide more consistent semantic guid-
ance in our experiments. Consequently, LLM-GNCF can
acquire better structural priors and reward shaping already in
Stage I pre-training, which is associated with stronger final
performance during Stage II reinforcement-learning fine-
tuning.

CG-based methods comparison

To the best of our knowledge, there is currently no widely
adopted benchmark for LLM-based MARL on SMAC. The
exclusion of other LLM-integrated MARL methods from
direct comparison is justified on three grounds.First, exist-
ing LLM-MARL approaches such as YOLO-MARL [32]
and LAMARL [34] are evaluated on cooperative naviga-
tion or assembly tasks within environments and have not
been validated on SMAC under the Very Hard difficulty set-
ting, making fair numerical comparison methodologically
unsound. TextStarCraft II [39] similarly evaluates LLMs in
single-agent macro-strategic decision-making within Star-
Craft I, and does not address multi-agent coordination under
partial observability. Second, YOLO-MARL and LAMARL
interact with the LLM only once before training as an
offline planner, while TextStarCraft II focuses on sequen-
tial single-agent decision-making. None of these frameworks
incorporate dynamic graph-based coordination structures,
which is a central design focus of LLM-GNCF. Third,
these methods operate under fundamentally different train-
ing paradigms and information access assumptions, making
win-rate comparison across frameworks difficult to interpret
without confounding factors.

To provide a broader performance reference, we addi-
tionally include MAPPO [63] as a strong non-graph CTDE
baseline, and compare LLM-GNCF against the following
CG-based baselines:
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e QMIX [13]: Decomposes the joint action-value function
into a monotonic mixing of individual value functions,
ensuring Individual-Global-Maximum consistency.

e DICG [20]: Uses attention mechanisms to compute a
weighted fully connected graph for inter-agent informa-
tion passing.

e CASEC [23]: Drops edges on the weighted fully con-
nected graph using a variance payoff function to reduce
redundant communication.

e VAST [48]: Performs value factorization over predefined
sub-teams; sub-team values are linearly decomposed for
all members.

e GACG [26]: Achieves collaboration via group division,
but lacks LLM-based action guidance, strategic seman-
tics and tactical rewards.

e MAPPO [63]: A strong on-policy CTDE baseline with-
out graph-based inter-agent communication structures.

In Fig.3, we present the comprehensive results of our
experiments conducted across nine diverse maps, highlight-
ing the competitive performance of our LLM-Guided Graph
Neural Coordination Framework for MARL method. LLM-
GNCEF achieves competitive win rates across the evaluated
maps and often shows relatively rapid convergence, showing
competitive performance compared to representative base-
lines as well as the strong non-graph-based baseline MAPPO
in complex multi-agent scenarios. On the asymmetric con-
frontation maps 10m_vs_11m and 1c¢3s5z, all CG-based
methods display comparable convergence trajectories, reach-
ing their maximum test win rates at nearly the same training
stage at the end of 1.75 million training steps. Furthermore,
on the hard maps 2c_vs_64zg and MM M2, LLM-GNCF
efficiently learns effective combat strategies under LLM-
guided training, achieving among the strongest final win rates
on these difficult maps, with sustained improvements during
training. Additionally, on the very hard map 3s5z_vs_3s6z,
LLM-GNCEF shows a sustained advantage on this evaluated
setting.

However, disparities become more evident on other maps.
For instance, QMIX exhibits the weakest performance on the
bane_vs_bane map, only starting to converge around 1.75
million steps to a peak win rate of 73%, struggling to match
the effectiveness of other methods. Similarly, DICG falls
behind on the 8m_vs_9m map, achieving a win rate approx-
imately 0.2 lower than the next best-performing method. On
the challenging 355z and 3s_vs_5z maps, CASEC shows a
lower win rate and does not exhibit clear convergence within
the tested training budget, suggesting that its strategy is less
suited to the intricacies of this particular scenario.By con-
trast, MAPPO as a non-graph-based baseline exhibits distinct
performance characteristics. On moderate-difficulty maps
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such as 8m_vs_9m (92.3%) and bane_vs_bane (93.1%),
MAPPO converges rapidly and surpasses several graph-
based baselines. On 1¢3s5z, MAPPO’s win rate rises faster
than LLM-GNCF in the early phase, yet its final win
rate remains marginally lower, suggesting that graph-based
communication may provide additional benefits during pol-
icy refinement in heterogeneous settings. On harder maps
3s_vs_5z and 2c_vs_64zg, MAPPO’s final win rate falls
noticeably below LLM-GNCF, indicating weaker adapt-
ability in sustained coordination-intensive scenarios. On
3s5z_vs_3s6z, MAPPO steadily approaches LLM-GNCF in
later training but never surpasses it, suggesting that LLM-
provided semantic priors may provide a sustained advantage
in this setting under extreme force imbalance.

The weaker performance of these methods may be related
to slower correction when suboptimal strategies are learned,
requiring extensive trial-and-error before gradually correct-
ing their behavior. In contrast, our method, LLM-GNCEF,
initially exhibits slow strategy learning and a slight decline
between 1 and 1.3 million training steps on the M M M2 map.
However, it quickly recovers, resulting in a rapid increase
in win rate of approximately 0.2 at 1.4 million steps. This
pattern is consistent with the possibility that LLM guidance
helps the model recover more quickly from suboptimal early-
stage behaviors.

Through comparative experiments, the limitations of
existing approaches become apparent. QMIX does not
explicitly incorporate graph structures. DICG introduces an
attention mechanism to capture the strength of graph depen-
dencies, but does not directly capture group-level dynamics.
CASEC reduces redundant communication, but does not
explicitly model collective behavioral patterns. VAST inves-
tigates sub-team interactions but does not effectively exploit
dynamic graph structures. GACG facilitates agent collab-
oration by group division, but it lacks the ability to provide
fine-grained tactical semantic guidance for dynamically con-
structing graph relationships and conducting adaptive group
division. MAPPO achieves strong performance via central-
ized value estimation, but does not explicitly model dynamic
inter-agent coordination.

LLM-GNCEF integrates large language model—driven tac-
tical reasoning with graph-based cooperative learning. In
the first-stage LLM-guided pre-training, the LLM injects
tactical semantics and action guidance into the coordina-
tion process, dynamically inferring inter-agent dependencies
and, together with the LLM-based reward signal, promot-
ing adaptive group formation and semantically consistent
coordination graphs. Across nine StarCraft II microman-
agement scenarios, the win rate continues to increase during
the RL fine-tuning phase after a pre-training stage of 0.25
million environment steps. In Stage 11, the policies often con-
verge faster and reach stronger final performance than several
graph-based baselines and MAPPO on the evaluated tasks,
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Fig.3 Performance of LLM-GNCF and baselines on nine maps of the SMAC. The x-axis represents the time steps (in millions), while the y-axis

quantifies the test win rate in the games

suggesting that Stage II can retain useful coordination pat-
terns from Stage I while further refining the policy, without
clear evidence of severe drift in our experiments.

Ablation study
Different LLM Guidance Modules

In this section, we experiment on two maps, aiming to provide
insights into the unique aspects of the LLM’s guiding role in
LLM-GNCF and its effectiveness in capturing group-level
tactical semantic information and exploring context-aware
LLM rewards for cooperative multi-agent tasks. We conduct
ablation experiments to isolate the contribution of each LLM
functional module in LLM-GNCEF. The detailed settings are
shown below:

e (w/o LLM-Reward): In this setting, the LLM-based
latent reward branch is removed: the LLM still provides
tactical semantics and teacher actions for TACG con-
struction, but its scalar reward R{ | \; is no longer added

to the environment reward. This setting is used to iso-
late the contribution of LLM-based reward shaping and
to assess whether agents can learn effective coordination
purely from LLM-guided structure and demonstrations.

(w/o LLM-Action): Here the LLM-Guided action mod-

ule is disabled, so no expert action demonstrations are
supplied. The framework still employs semantic guid-
ance for TACG and the latent reward shaping module.
This ablation focuses on the role of LLM-based action
guidance and quantifies how much expert demonstrations
accelerate and stabilize policy learning when semantic
and reward-level LLM signals remain available.

(w/o LLM-Semantics): In this configuration, the seman-

tic guidance to the grouping network is removed: the
semantic latent variable generated by the LLM is not
injected into the TACG divider and group division is
driven only by trajectory-based features. LLM-based
teacher actions and latent reward shaping are still
retained. This variant is designed to examine how
much the semantic prior in TACG contributes to group-
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structure modeling and cooperative policy learning beyond
action- and reward-level LLM supervision.

e TACG (w/o LLM): All LLM-related components are
removed and the framework reduces to a purely trajectory-
based adaptive coordination graph trained with standard
environment rewards. This non-LLM TACG baseline
serves as a reference to quantify the overall performance
gains brought by LLM guidance across action supervi-
sion, reward shaping and semantic grouping.

The results are shown in Fig. 4. Across various maps, each
ablation approach exhibits similar patterns and the full LLM-
GNCEF achieves the strongest or near-strongest win rates in
these ablations, supporting the effectiveness of the proposed
framework. In the setting that retains the LLM-Action mod-
ule, the first 0.25 million steps correspond to the LLM-guided
pre-training phase, during which agents execute actions gen-
erated by the LLM and the win rate remains nearly constant.
After switching to the reinforcement-learning—only phase,
the learning curve rises rapidly and the convergence speed
becomes almost identical to that of the full model. Further-
more, the LLM-Reward and LLM-Semantics ablations show
distinct effects. Removing the LLM-Reward leads to a slight
degradation in cooperative learning performance because the
lack of temporally coherent, context-aware shaping signals
prevents agents from effectively refining tactical behaviours,
resulting in a marginally lower win rate compared with the
full model. When LLM-Semantics is removed, the perfor-
mance is close to that of TACG without any LLM guidance,
indicating that LLM-guided high-level strategic semantics
are important for group division and structuring cooperative
relationships among agents.

Number of groups

We further investigate the impact of different group divi-
sion numbers under maps with different unit compositions.
Specifically, we select 3s5z and 8m_vs_9m as test scenarios,
each containing eight agents. The former map involves two
types of units, while the latter consists of a single unit type.
The number of group divisions, denoted as m, is set to 0, 2,
4 and 8 in the experiments.

When m = 0, it implies the absence of group divisions
between agents, indicating that the training process does not
incorporate any LLM-guided strategic semantic priors intro-
duced through the group division process. In contrast, when
m = 8, each agent is regarded as an independent group.
Although agents no longer share group communication, each
one can still receive LLM-guided strategic semantics that are
conditioned on its local state and tactical context. This may
support more context-aware decisions, resulting in flexible
yet coordinated behaviors at the global level.
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Table 3 Average token consumption comparison between CoA and
frame-by-frame methods under different window lengths

Method / Window Length (k) 1 5 10 20

CoA

Frame-by-frame

1685
1265

3057
6325

4730
12,650

7314
25,281

Under these two extreme group division settings, even
in the absence of explicit group structures, the introduction
of LLM-based action guidance during the early pre-training
phase provides agents with strong high-level tactical deci-
sion guidance. By executing actions inferred by the LLM,
agents are exposed to advanced tactical behaviors and coop-
erative patterns. This guidance facilitates the emergence of
preliminary coordination capabilities, allowing the model to
maintain stable learning dynamics and coherent cooperative
behaviors even without structured group collaboration.

The experimental results are presented in Fig. 5. Optimal
performance is observed when m = 2, which suggests that
moderately LLM-guided semantic group divisions play an
important role in enhancing cooperative efficiency. In the
comparison across the two maps, although the win rates
remain stable and nearly identical during the LLM-action
execution stage, the training efficiency differs substantially
due to the varying group division settings. The configurations
with group divisions (m = 2 and m = 4) outperform those
with no group divisions or a high number of them (m = 0
and m = 8). This result suggests that, under the guidance
of LLM strategic semantics, an appropriate degree of group
division can effectively coordinate individual behaviors and
collective cooperation, enabling agents to maintain flexibility
while developing a higher level of collaborative capability.

Notably, in the 3s5z map, which contains two distinct
agent types, the convergence speed under m = 8 is signifi-
cantly faster than that under m = 0. This acceleration effect
may be attributed to the importance of policy diversity in
multi-agent settings.

Length of trajectory for group division

This experiment aims to investigate the impact of different
observation trajectory lengths on the effectiveness of group
division, particularly evaluating the optimal trajectory length
at which our method best captures strategic semantics. The
observation trajectory uses a window length k, which spec-
ifies the temporal span of each agent’s observation, with
k € {1,5,10, 20}.

The setting k = 1 corresponds to single-step observations,
whereas k = 5, k = 10 and k = 20 allow the evaluation of
semantic and relational dependencies over longer temporal
horizons. By varying k, we can examine the model’s percep-
tion range of strategic semantics under different trajectory
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Fig.4 Ablation study on
different LLM-guided models
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lengths and assess how this variation influences the quality
of group division.

The experimental results are illustrated in Fig. 6, show-
ing that a moderate trajectory length of & = 10 yields the
strongest performance among the tested settings across both
maps. This setting provides agents with sufficient historical
information to collaborate effectively with the LLM-based
reward during training, thereby enabling the model to better
capture strategic semantic information for group division.
In contrast, excessively short or long trajectories limit the
balance between semantic precision and temporal generaliza-
tion, highlighting the importance of appropriately capturing
dynamic contextual dependencies in multi-agent coordina-
tion.

o
0.00 0.25 0.50 0.75 125 150 175 2.00

1.00
T (mil)

More specifically, when k& = 1, the lack of adequate
historical context prevents the LLM semantic signals from
being properly grounded in the agents’ behavioral histories,
resulting in poor group division and decision-making per-
formance. As the trajectory length increases from k = 1 to
k =5, the amount of available contextual information grad-
ually increases, improving semantic embedding and group
division capability. However, it does not surpass the perfor-
mance achieved with k = 10.

Efficiency analysis of the CoA method

This section analyzes the token efficiency of the Chain
of Aggregation (CoA) method and examines how its per-

Table 4 Average reward
comparison between CoA and

frame-by-frame methods under
different observation window
lengths

Method / Window Length (k) 1 5 10 20
CoA 0.10 0.34 0.42 0.39
Frame-by-frame —0.02 —0.01 —0.01 —0.01
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Table 5 Computational cost

comparison between the Metric Stage I (0.25M) Stage II (1.75M) TACG (2M)
LLM-guided pre-training stage  ya11_clock time (hours) 5.940.21 13.7740.32 15.7440.48
and standard MARL baseline.
Wall-clock times are reported as GPU RTX 5090 x 1 RTX 5090 x 1 RTX 5090 x 1
average values over multiple Action LLM tokens/step 2,300 0 0
rltl)nsz ng;e tokzr;;ounts are Critic LLM tokens/step 1,950 0 0
¢ .
:tat?:tliis rom tsage Reward LLM tokens/step 473 (4,730 per 10 steps) 0 0
Total LLM tokens/step 4,723 0 0

formance varies with the observation window length &,
consistent with the setting in Section (Length of trajectory
for group division), where k € {1, 5, 10, 20}. In the CoA
method, the LLM evaluates the current frame by incorporat-
ing the semantic historical information from the preceding k
frames. This design allows the model to integrate temporal
semantic context and perform more context-aware evalua-
tions across time. In contrast, the frame-by-frame approach
computes LL.M-based indicator scores solely from the cur-
rent frame’s observation, without leveraging any historical
information for contextual evaluation or decision-making,
which limits its temporal reasoning capability and overall
evaluation efficiency. Experiments are conducted on the same
nine maps as in Sect. (Comparative experiment) and the aver-
age token consumption is used to assess the effectiveness of
the CoA method.

Table 3 reports the token consumption of the CoA method
and the frame-by-frame baseline under different observation
window lengths. As the window size increases from 1 to
20, the token usage of the frame-by-frame method grows
rapidly from 1265 to 25,281, whereas CoA shows a much
slower increase from 1685 to 7314. This contrast suggests
that CoA provides a more favorable trade-off between tempo-
ral context and token cost through semantic aggregation and
sparsely queries the LLM only at critical time steps, achiev-
ing a more favorable trade-off between semantic reasoning
and computational cost, especially under larger observation
windows.

Although the above analysis demonstrates that the CoA
method effectively reduces LLM token consumption com-
pared to the frame-by-frame approach, we further evaluate
its impact on task performance by computing the average
reward to verify whether the method not only conserves
computational resources but also provides meaningful strate-
gic guidance. Specifically, experiments are conducted on the
same nine maps under different observation window lengths
to identify the most effective window size that balances com-
putational efficiency and decision-making performance.
The results are shown in Table 4. It can be observed that the
CoA method consistently outperforms the frame-by-frame
approach across all window sizes, while the latter produces
reward values that remain almost constant and very close
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to zero (slightly negative) in all settings. This suggests that
introducing temporal semantic context is crucial for effective
LLM-based reward estimation. As the window size increases
from 1 to 10, the average latent reward rises markedly from
0.10 to 0.42, indicating that aggregating a longer trajectory
enables the LLM to better capture team-level tactical quality.
When the window is further expanded to 20, the average
reward no longer improves, revealing a point of diminishing
returns where additional distant history brings limited extra
semantic benefit. Therefore, selecting an observation window
of k = 10 provides a good trade-off, allowing the LLM
to integrate sufficient temporal information for effective yet
efficient evaluation.

To assess the practical feasibility of LLM-GNCEF, we pro-
vide a detailed breakdown of computational costs across
training stages, as summarized in Table 5. Stage I (0.25M
steps) involves three LLM modules operating at different
query frequencies. The Action LLM and Critic LLM are
queried at every step, consuming approximately 2,300 and
1,950 tokens per step, respectively. The Reward LLM, oper-
ating under the CoA mechanism with a window size of
k = 10, is queried once every 10 steps, yielding an average of
473 tokens per step. The combined LLM consumption across
all three modules is therefore approximately 4,723 tokens per
step. Under this setting, Stage I completes in 5.940.21 hours
on a single RTX 5090 GPU.

Stage II (1.75M steps) involves no LLM queries and pro-
ceeds as standard MARL optimization, with a wall-clock
time of 13.77 &£ 0.32 hours. The total training time of LLM-
GNCFis approximately 19.67 h, compared with 15.74+£0.48
hours for the pure RL baseline TACG over 2M steps, cor-
responding to an overhead of roughly 25%. Once Stage I is
completed, the LLM is fully decoupled from the system, and
Stage II proceeds with comparable per-step computational
cost to the pure RL baseline, since it no longer requires LLM
queries.

Table 6 reports the overall computation time of differ-
ent methods on map 10m_vs_11m. LLM-GNCF requires
35.41 £ 0.69 seconds per 1k steps and 9.84 + 0.38 hours
per 1M steps, making it more computationally expensive
than most pure RL baselines. However, its overall training
cost remains within the same practical order of magnitude
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Table 6 Computation time on map 10m_vs_11m

Method 1k steps time (s) 1 m steps time (h)
QMIX 18.12 +3.23 6.11 +0.33
DICG 30.21 £4.19 10.47 £ 0.58
CASEC 27.45+1.83 9.11 £0.46
VAST 19.15+£3.23 5.59 +0.50
GACG 20.10 +3.80 7.06 + 0.44
MAPPO 21.87 £3.51 7.38 +£0.45
LLM-GNCF 35.41 £ 0.69 9.84 +£0.38

as existing graph-based methods and is still lower than the
1 M-step runtime of DICG. This suggests that, although
LLM-GNCF introduces additional overhead, its overall train-
ing cost on this map remains within the same practical order
of magnitude as existing graph-based methods.

We acknowledge that the frequent LLM queries in Stage I
introduce a non-negligible computational overhead. As an
early exploration of LLM-MARL integration, this overhead
mainly reflects the current implementation cost of incor-
porating semantic guidance, rather than a weakness in the
framework’s effectiveness. An important direction for future
work is to use LLMs more efficiently during pre-training
while preserving the benefits of semantic guidance.

Empirical validation of key mechanisms
Prompt sensitivity and the LLM-critic mechanism

Since LLM-GNCEF relies on LLM-guided strategic seman-
tics, an important question is whether the framework is
overly sensitive to prompt design. A more fundamental
issue is whether different semantic prompts induce genuinely
different coordination graphs, rather than merely causing
superficial performance fluctuations. To investigate this, we
construct three prompt variants with different levels of strate-
gic specificity and compare both their learning curves and
the graph structures induced during training.In this subsec-
tion, we focus on prompt-level sensitivity while holding
the observation-to-text conversion pipeline fixed, so that the
effect of semantic prompting on graph induction and policy
learning can be isolated.

To examine how prompt design affects the semantic prior
provided to the framework, three prompt variants with differ-
ent levels of semantic specificity are considered, as illustrated
in Fig. 7. The Vague Prompt removes most domain knowl-
edge and strategic reasoning constraints from the Standard
Strategic Prompt. The Standard Strategic Prompt, used as the
default in all main experiments, provides the complete set
of domain knowledge, tactical principles, and unit-specific
guidance. The Explicit Grouping Prompt extends the stan-

Table 7 Experiment of sensitivity to text-conversion granularity on
3s5zand 10m_vs_11m

Conversion Variant 3s5z 10m_vs_11m
Full conversion 0.96 + 0.01 0.91 +£0.03
Compressed conversion 0.94 + 0.02 0.89 +0.03
w/o StarCraft Wiki 0.92 +£0.02 0.87 £ 0.03
w/o spatial description 0.89 £+ 0.03 0.82 £ 0.04

dard version with mandatory functional group assignments
and inter-group coordination dependencies. The full template
of the Standard Strategic Prompt is provided in Appendix A
(Fig. 14), with the Vague Prompt and Explicit Grouping
Prompt derived from it by removing or adding semantic con-
straints, respectively.

Before analyzing prompt-level sensitivity, we first exam-
ine whether the observation-to-text conversion itself affects
the robustness of the semantic prior. Since prompt variation
can only be meaningfully isolated after the text-conversion
pipeline is fixed, we compare the full conversion pipeline
with several simplified variants on two representative maps,
namely 3s5z and 10 m_vs_11m.

Table 7 shows that the full conversion achieves the best
overall performance on both maps, while the compressed
conversion remains highly competitive. This indicates that
the effectiveness of the framework does not depend on textual
verbosity itself, provided that the main tactical structure is
preserved. Removing the StarCraft Wiki descriptions causes
only moderate degradation, suggesting that auxiliary unit
knowledge is helpful but not the dominant source of per-
formance. By contrast, removing spatial descriptions leads
to the largest drop on both 3s5z and 10 m_vs_11m, indicating
that explicit spatial structure appears to be the most influen-
tial component among the tested text-conversion factors for
downstream decision quality. Based on this result, all sub-
sequent prompt-sensitivity experiments are conducted using
the full conversion as the default textual input format.

With the text-conversion pipeline fixed to the full setting,
we next examine prompt-level sensitivity by analyzing how
different prompt designs affect the semantic prior generated
by the LLM.Using the 3s5z map as an illustrative exam-
ple, the three prompt variants produce qualitatively different
LLM outputs under the same observation input. Under the
Vague Prompt, the absence of unit knowledge and reason-
ing constraints leads to both semantic impoverishment and
logical inconsistency: the LLM cannot infer that Stalkers
have an attack range of 6 or that Zealots are melee units
suited for frontline pressure, and may therefore produce tacti-
cally weak or logically inconsistent actions, such as assigning
attack commands to units still under cooldown (e.g., Agent
6) or failing to withdraw critically low-HP units (e.g., Agent
2). In contrast, under the Standard Strategic Prompt, the
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Explicit Grouping Prompt

SYSTEM PROMPT USER PROMPT SYSTEM PROMPT

Standard Strategic Prompt

Vague Prompt

USER PROMPT SYSTEM PROMPT USER PROMPT

[ Role ][ Text Observation ] [ Role H Text Observation } [ Role }{ Text Observation }
( Task ) [ starcrafiwiki || Task | [ starcratiwiki ]| | Task | [ Starcratiwiki__|

OUTPUT

Strategic principles
Output format

Strategic principles

OUTPUT

#Tactical Reasoning:
Allied units consist of five Zealots (Agent 0-4)
aty=70-73 and three Stalkers (Agent 5-7) at
y=66-68. The battle is in active engagement: allied
Zealots are in close proximity to enemy Zealots
(Enemy 2-6) at y=72—74. Enemy 1 (Stalker, HP:55,
Shield:20) at (57,72) is within attack range of
Agent 5 (distance 6.0) and Agent 7 (distance 5.7)
and is the highest-priority ranged target due to
lowest shield. Agent 2 (Zealot, HP:35, Shield:10)
is at critically low HP and should withdraw from
the frontline. Agent 6 (Stalker, cooldown:3)
cannot attack this step.

#Tactical Reasoning:

#Strategic Recommendations:
Five Zealots (Agent 0-4) are positioned at y=70-73,
in close proximity to enemy Zealots. Four are at
partial combat effectiveness (HP: 55, 70, 65, 60)
with reduced shields. Agent 2 is at critically low
HP (35) and shield (10) and is at high risk of
elimination under further fire.
Three Stalkers (Agent 5-7) are positioned at y=66-68,
behind the Zealot positions. Agent 5 (HP:75,
Shield:40) and Agent 7 (HP:78, Shield:40) have
ranged attack available this step. Both are within
attack range of Enemy 1 (Stalker, HP:55, Shield:20)
at (57,72). Agent 6 has weapon cooldown of 3 and
cannot fire this step. Enemy 1 is the priority
ranged target due to lowest shield among all
visible enemies.

Allied units consist of five Zealots (Agent 0-4) at
y=70-73 and three Stalkers (Agent 5-7) at y=66-68.
The battle is in active engagement: allied Zealots are
in close proximity to enemy Zealots (Enemy 2-6) at
y=72-74. Enemy 1 (Stalker, HP:55, Shield:20) at
(57,72) is within attack range of Agent 5 (distance
6.0) and Agent 7 (distance 5.7) and is the highest-
priority ranged target due to lowest shield. Agent 2
(Zealot, HP:35, Shield:10) is at critically low HP

and should withdraw from the frontline. Agent 6
(Stalker, cooldown:3) cannot attack this step.

#Strategic Recommendations:
Five Zealots (Agent 0-4) are positioned at y=70-73,
in close proximity to enemy Zealots. Four are at
partial combat effectiveness (HP: 55, 70, 65, 60)
with reduced shields. Agent 2 is at critically low
HP (35) and shield (10) and is at high risk of
elimination under further fire.
Three Stalkers (Agent 5-7) are positioned at y=66-68,
behind the Zealot positions. Agent 5 (HP:75,
Shield:40) and Agent 7 (HP:78, Shield:40) have
ranged attack available this step. Both are within
attack range of Enemy 1 (Stalker, HP:55, Shield:20)

#Tactical Reasoning:
Allied units include Zealots at y=70-73 and Stalkers
at y=66-68. Enemy units are observed at y=72-78.
Agent 2 has low HP (35) and may be at risk.

Some units appear close to enemy positions.
Agent 6 has a weapon cooldown of 3.

#Strategic Recommendations:
Allied units are positioned behind enemy units.
Agent 2 has low HP and shield and may need attention.
Agent 6 cannot attack this step due to cooldown.
Several enemy units are nearby with varying HP levels.

#Actions:
Agent
Agent
Agent
Agent
Agent
Agent
Agent
Agent

oNNO®Oo©

0:
1:
2:
3:
4:
5:
6:
7:

at (57,72). Agent 6 has weapon cooldown of 3 and

#Functional Grouping:
Melee group: Agent 0, Agent 1, Agent 2,
Agent 3, Agent 4

— five Zealots sharing melee unit type, #Actions:
positioned forward at y=70-73, suited Agent 0: 9
for close-range engagement and absorbing Agent 1: 8
frontline pressure. Agent 2: 3

Agent 3: 10
Ranged group: Agent 5, Agent 6, Agent 7 Agent 4: 11

— three Stalkers sharing ranged unit type, Agent 5: 7
positioned at y=66—-68 behind the Zealot Agent 6: 2
line, suited for sustained ranged output. Agent 7: 7

# Coordination Dependency:
Melee group maintains frontline contact to
hold enemy positions and create sustained
firing cover for the ranged group. Ranged
group depends on melee group holding enemy
Zealots in place to deliver uninterrupted
focus fire. Agent 2 (critically low HP) and
Agent 6 (cooldown active) have reduced
contribution this step but remain within
their respective functional groups.

#Actions:
Agent 0: 9
Agent 1: 8
Agent 2: 3
Agent 3: 10
Agent 4: 11
Agent 5: 7
Agent 6: 2
Agent 7: 7

cannot fire this step. Enemy 1 is the priority ranged
target due to lowest shield among all visible enemies.

Fig. 7 Structural comparison of the three prompt variants used in the prompt sensitivity study: Explicit Grouping Prompt, Standard Strategic

Prompt and Vague Prompt

LLM generates substantially more precise tactical reason-
ing. It correctly identifies Enemy 1 as the priority ranged
target based on verified attack distances (e.g., 6.0 and 5.7
for Agents 5 and 7), and its strategic recommendations accu-
rately describe the spatial layering of Zealots at y=70-73
and Stalkers at y=66—-68 together with attack availability and
cooldown states. The Explicit Grouping Prompt preserves
this tactical precision while further requiring the LLM to
infer functional groups from unit type and position, explicitly
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assigning agents to melee and ranged groups and describing
the coordination dependencies between them.

To isolate the direct effect of semantic prompt design
on graph induction, we examine the coordination structures
learned under the three prompt variants before introducing
Critic-based filtering into the analysis. Figure 8 visualizes the
induced coordination graphs at the end of Stage I under the
Critic-removed setting, thereby highlighting how different
semantic priors alone shape the topology.



Complex & Intelligent Systems (2026) 12:225

Page 190f30 225

(a) Vague Prompt
Stage | End (0.25M Steps)

1 72
Agent;

Fig.8 Induced coordination graphs under the three prompt variants at

In Fig. 8, the upper-left blue block corresponds to the
intra-group connectivity among Stalker units (S1-S3), and
the lower-right red block corresponds to the intra-group
connectivity among Zealot units (Z1-Z5), whereas the off-
diagonal regions represent cross-group coordination between
the two unit types. From left to right, the three prompt
variants exhibit a clear structural progression. Under the
Vague Prompt, the off-diagonal regions contain the largest
number of nonzero entries, indicating relatively diffuse and
weakly organized cross-group couplings, while the overall
intra-group cohesion remains weakest. Under the Standard
Strategic Prompt, the two diagonal blocks become more
coherent while only a small number of cross-group edges
remain active, yielding a more balanced topology. Under the
Explicit Grouping Prompt, the diagonal blocks are strongest
and the off-diagonal regions are nearly suppressed, revealing
a more rigid coordination prior. Quantitatively, cross-group
connectivity decreases monotonically from left to right, with
4, 3 and 1 nonzero cross-group edges, respectively, while the
mean intra-group strength increases from 0.760 to 0.817 and
0.859. This monotonic reduction in cross-group connectivity
indicates that the prompt increasingly constrains the freedom
of inter-group coordination, pushing the induced topology
from an under-structured regime with scattered cross-group
couplings toward a more rigid regime in which inter-group
interaction is progressively suppressed. At the same time,
the increase in mean intra-group strength shows that stronger
semantic priors reinforce within-group cohesion.

Importantly, these structural patterns are qualitatively con-
sistent with the tactical content of the corresponding prompt
outputs: the Vague Prompt yields under-specified battlefield
reasoning and weak role differentiation, matching the most
diffuse topology; the Standard Strategic Prompt explicitly
separates frontline Zealots from backline Stalkers and iden-
tifies concrete target priorities, matching the most balanced

(b) Standard Strategic Prompt
Stage | End (0.25M Steps)

Agent;

(c) Explicit Grouping Prompt
Stage | End (0.25M Steps)

0.00 . 084 083
0.97

0.87

Agent;

the end of Stage I without LLM-Ceritic filtering

coordination structure; and the Explicit Grouping Prompt
further appends functional grouping and coordination depen-
dency information, matching the strongest intra-group blocks
and the sparsest cross-group links. Taken together, these
two trends reveal a structural tradeoff controlled by prompt
design: richer and more prescriptive semantics improve
group coherence, but can also reduce the flexibility of cross-
group coordination when the prior becomes overly rigid.
These results are consistent with the interpretation that
prompt semantics are reflected in interpretable graph struc-
tures, rather than merely affecting the wording of the LLM
outputs.

Although the LLM-guided strategic semantics, actions,
and latent rewards produced in Stage I all rely on LLM-
based modules, each component operates under its own
dedicated prompt with distinct objectives and output spec-
ifications. As detailed in Appendix A (Figs. 14 and 15), the
Action prompt is proposal-oriented in that it receives struc-
tured battlefield observations and domain knowledge as input
and generates tactical reasoning, strategic recommendations,
and executable actions. The Critic prompt, by contrast, is
verification-oriented in that it evaluates the generated action—
semantic pair against explicit criteria of numerical feasibility,
semantic consistency, and tactical soundness. Importantly,
these criteria are grounded in structured environment obser-
vations and hard constraints derived from observable quanti-
ties, including unit states, cooldown availability, and spatial
relations, rather than free-form self-justification. The Critic is
therefore designed to serve as an environment-grounded ver-
ifier, rather than merely repeating the Action LLM’s semantic
outputs of the Action LLM. The two modules thus consti-
tute a functionally decoupled generator—verifier architecture
with distinct objectives, output formats, and decision criteria.
The experiments that follow examine whether this functional
separation provides nontrivial filtering value beyond a trivial
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Fig.9 Experiment of LLM-Critic ablation on 3s5z and 10m_vs_11m. Solid curves denote the results obtained by the full LLM-GNCF framework
under three prompt variants, while dashed curves denote the corresponding ablated settings without the LLM-Critic (w/o LLM-Ceritic)

self-reinforcing loop, and whether strategically suboptimal
guidance introduces recoverable or destabilizing bias into
downstream policy learning.

Figure 9 evaluates three prompt variants under the full
two-stage pipeline, with and without the LLM-Critic, on
3s5z and 10m_vs_11m. The six conditions form a consistent
performance hierarchy rather than exhibiting catastrophic
collapse. Across both maps, the Standard Strategic Prompt
with LLM-Ceritic achieves the best final performance, while
the Vague Prompt without LLM-Critic performs worst.
Importantly, even the most degraded setting remains train-
able and continues to improve during Stage II, indicating that
low-quality semantic guidance weakens the learned prior but
does not lead to collapse in the tested setting.

The effect of the LLM-Critic is consistent across all three
prompt variants. For each prompt, the Critic-enabled setting
outperforms its Critic-removed counterpart, and this gain is
most pronounced under the weakest prompt condition. In par-
ticular, the final Critic gap under the Vague Prompt reaches
33.3 percentage points on 355z and 36.4 percentage points
on 10m_vs_11m, substantially larger than the correspond-
ing gain under the Standard Strategic Prompt. This pattern
is less consistent with a trivial self-reinforcing validation
loop. Instead, it suggests that the Critic provides meaningful
filtering value, especially when the upstream semantic guid-
ance is unreliable. An additional observation is that, during
Stage I, both the Standard Strategic Prompt and the Explicit
Grouping Prompt without LLM-Ceritic still outperform the
Critic-enabled Vague Prompt on both maps. This suggests
that prompt quality appears to play a stronger role than Critic-
based filtering in these settings in the proposed framework:
informative semantic guidance can establish stronger tactical
priors than a weak prompt, even when the latter is supple-
mented by the LLM-Critic. The Critic therefore serves as
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a complementary verifier rather than a substitute for high-
quality semantic conditioning.

The Explicit Grouping Prompt provides a direct test of
strategically coherent but potentially suboptimal LLM guid-
ance. During Stage 1, it reaches a higher plateau than the
Standard Strategic Prompt on both maps (33.0% vs. 29.8%
on 385z, and 26.1% vs. 21.6% on 10m_vs_11m), indicating
that explicit grouping instructions can improve short-term
coordination consistency. However, once Stage II fine-tuning
begins, the Standard Strategic Prompt overtakes Explicit
Grouping at approximately 0.35M steps on 3s5z and 0.5M
steps on 10m_vs_11m, and then maintains a widening lead
throughout the rest of training. It ultimately converges to a
higher final win rate (92.9% vs. 88.7% on 3s5z, and 98.5%
vs. 92.6% on 10m_vs_11m), corresponding to final gains of
4.2 pp and 5.9 pp, respectively. This crossover pattern sug-
gests that over-prescriptive semantic guidance introduces a
recoverable form of bias in later refinement: it improves early
consistency, but constrains the flexibility of the learned struc-
tural prior and limits subsequent policy refinement.

Taken together, these results suggest that LLM-GNCF
does not require LLM guidance to be strategically optimal.
Rather, LLM outputs act as high-level but imperfect pri-
ors, whose quality affects early coordination behavior, while
Stage II reinforcement learning remains responsible for later
correction and refinement.

Semantic-to-Topology Mapping and Structural-Prior
Persistence

Although the previous subsection shows that prompt-cond
itioned semantic guidance induces distinguishable coordina-
tion graphs, and further demonstrates that the LLM-Critic
provides meaningful filtering value rather than a trivial self-
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reinforcing loop, it remains unclear whether the structural
prior learned in Stage I is preserved and reused after the LLM
is removed in Stage II. This subsection therefore focuses on
whether the Stage-I structural prior is retained as a transfer-
able coordination structure that persists across the two-stage
transition, rather than being reduced to a transient warm-start
effect.

To directly examine whether the structural prior learned
in Stage I persists over time, we compare the final coordi-
nation graphs at two checkpoints, namely the end of Stage I
and the end of Stage II, as shown in Fig. 10. The comparison
is conducted on two maps, namely 3s5z and 10m_vs_11m.
To quantify structural persistence, we report three measure-
ments: the mean within-block and cross-block connectivity,
the cosine similarity between the Stage I and Stage II graphs
and the edge preservation rate, defined as the percentage of
nonzero Stage-I graph edges that are still present in Stage II.

On 3s5z, Fig. 10a—c shows that Stage I already forms a
clear block structure, with strong within-block connectivity
in the Stalker block (mean = 0.907) and the Zealot block
(mean = 0.859), while cross-block connectivity remains
limited (mean = 0.110, with 3 nonzero cross-block edges
of magnitude 0.518—0.598). After 1.75M additional steps
of LLM-free RL fine-tuning, the two within-block means
change only marginally: the Stalker block mean decreases
from 0.907 to 0.901, and the Zealot block mean decreases
from 0.859 to 0.850. By contrast, cross-block connectivity
increases substantially: its mean rises from 0.110 to 0.265,
and the number of nonzero cross-block edges rises from 3 to
6, with the largest value reaching 0.911. The cosine similarity
between the Stage I and Stage II graphs is 0.936, and 95% of
nonzero Stage-I edges remain nonzero in Stage II. The corre-
sponding difference map shows that the largest changes are
concentrated in the cross-block region, while the dominant
diagonal blocks remain largely preserved.

A similar pattern appears on 10m_vs_11m in Fig. 10(d)—
(f). Stage I exhibits two cohesive reference blocks with mean
within-block strengths of 0.826 and 0.798, while cross-block
connectivity remains weak (mean = 0.062, with 3 nonzero
cross-block edges). After Stage Il fine-tuning, the two within-
block means again change only slightly: the first block mean
decreases from 0.826 to 0.814, and the second block mean
decreases from 0.798 to 0.784. Meanwhile, cross-block con-
nectivity increases to 0.106 and the number of nonzero
cross-block edges rises from 3 to 4, with strengthened val-
ues up to 0.852. The cosine similarity reaches 0.952, and the
edge preservation rate is 93%.

Taken together, these structural observations help clarify
why the two-stage framework yields sustained gains. The
high edge preservation rate (93-95%) and the minimal shifts
in within-block means indicate that the coordination graph
learned in Stage I remains largely stable during Stage II,
suggesting that the benefit of the second stage is unlikely to

be fully explained by a simple warm-start effect based only
on favorable initialization. In addition, the difference maps
do not reveal a uniform graph-wide reorganization after fur-
ther training; instead, the observed changes are concentrated
in a small number of cross-block edges superimposed on
an otherwise preserved Stage-I structure, implying that the
improvement is not merely a consequence of longer training
time. Finally, the consistently high cosine similarity between
the Stage I and Stage II graphs provides quantitative sup-
port for the view that the structural prior acquired during
LLM-guided pre-training persists throughout the subsequent
LLM-free fine-tuning phase. Overall, Fig. 10 suggests that
Stage II appears to build upon the coordination structure
established in Stage I, with selective refinement instead of
full relearning from scratch.

Grounding and credit assignment quality of the LLM Latent
Reward

This subsection examines whether the semantic criteria
underlying the LLM latent reward are grounded in objec-
tively measurable environment-level quantities, rather than
remaining purely semantic scoring heuristics without inde-
pendent environmental validation. To this end, for each
map we analyze the four dimensions of the latent reward,
namely rip, Fipes My and régr, using a compact set of four
representative environment-derived tactical proxies: Kiting
Effectiveness (KE), Focus-Fire Coordination (FFC), Forma-
tion Maintenance (FM), and Skill Synergy Timing (SST).
These proxies are computed directly from the underlying
environment state without using any LLM outputs. They
are not intended to exhaust all environment-level evidence
involved in the semantic reward construction; rather, they
serve as four salient and independently measurable refer-
ence criteria for testing the objectivity and consistency of
the LLM-reward mechanism. We further contrast these step-
level relations with the return-to-go:

T—t
T =Y _ v RLE, (25)
k=0

where 7' denotes the episode length. Unlike J; in Eq. (21),
Jirg extends to the end of the episode and thus captures
trajectory-level outcome rather than step-level tactical qual-
ity. The precise definitions of the four tactical proxies are
provided in Appendix B.

Figure 11 shows that the LLM latent reward is systemati-
cally aligned with observable tactical state. On both 3s5z and
2c_vs_64zg, each latent-reward dimension exhibits a strong
positive correlation with its matched environment-derived
tactical proxy. Across the eight map-dimension pairs shown
in the figure, the Pearson correlation ranges from 0.630 to
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Fig. 10 Coordination graph structures at Stage I end (0.25M steps) and Stage II end (2.0M steps), together with their difference maps, on 3s5z
(a—c) and 10m_vs_11m (d-f)
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Fig. 11 Alignment between latent reward dimensions and matched
environment-derived tactical proxies during Stage I (0-0.25M steps).
Each panel shows the correlation between one latent reward dimen-

0.841, and the Spearman correlation ranges from 0.613 to
0.821, indicating that the alignment is strong not only in
magnitude but also in rank order. The strongest correlations
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sion and its corresponding proxy on 3s5z and 2c_vs_64zg. Pearson and
Spearman coefficients are reported in each subplot

consistently appear on KE and FFC, while FM and SST
remain substantially positive on both maps. Notably, the cor-
relations are uniformly higher on 3s5z than on 2c_vs_64zg,
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Fig. 12 Control comparison between latent reward dimensions and
return-to-go during Stage I (0-0.25M steps). For both maps, the cor-
relation with matched tactical proxies is consistently stronger than the

Fig. 13 Mean |TD Error| over
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correlation with Jir, indicating that the latent reward is more closely
tied to immediate tactical quality than to trajectory-level outcome alone
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error across training on 3s5z and
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especially for FM and SST, which is consistent with the richer
coordination structure of 3s5z and the broader tactical varia-
tion reflected in the latent reward. Because these proxies are
computed solely from low-level environment variables and
contain no LLM outputs, the observed alignment suggests
that the latent reward dimensions appear to be well aligned
with independently measurable tactical properties rather than
arbitrary semantic scores.

Figure 12 presents the key control comparison against
trajectory-level return. Across all maps and all reward dimen-
sions shown in the figure, the correlation between each latent
reward dimension and its matched tactical proxy is consis-
tently stronger than that with the return-to-go. On 3s5z, for
example, the KE and SST dimensions exhibit correlations of
0.841 and 0.711 with their matched tactical proxies, com-
pared with 0.717 and 0.576, respectively, with JIQTG. On
2c¢_vs_64zg, the corresponding correlations are 0.801 and
0.638 for KE, and 0.630 and 0.468 for SST. This consistent
separation suggests that the latent reward is more respon-
sive to immediate tactical quality than to trajectory-level
outcome alone. Moreover, relative to the broader and more
discriminative patterns observed on 3s5z, the lower and more

125 1.50 175 2.00 1.00

T (mil)

1.25 150 175 2.00

concentrated distributions on 2c_vs_64zg suggest that the
latent reward remains grounded even under a more com-
pressed early-stage tactical regime.

Figure 13 shows that the reward-augmented setting main-
tains lower mean absolute temporal-difference (TD) error
than the ablated baseline throughout training on both maps.
On 3s5z, both variants exhibit an inverted-U trajectory, but
the curve under LLM-GNCEF remains consistently below that
of the w/o LLM-reward variant, with the separation becom-
ing most visible in the middle stage of training. This pattern
is consistent with more stable Bellman fitting during the
phase in which coordinated behavior is still being formed.
On 2c_vs_64zg, by contrast, both curves decrease monoton-
ically from the beginning, and the reward-augmented model
remains below the ablated baseline over the entire training
horizon, indicating smoother reduction of value-estimation
error in a setting where informative damage signals are
available early. Taken together, these trends suggest that the
LLM-reward provides denser and more locally aligned super-
vision for value learning, which is consistent with improved
step-level credit assignment, rather than only affecting final
returns.
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Conclusion

This paper presents the Large Language Model-Guided
Graph Neural Coordination Framework (LLM-GNCF), an
integrated framework for cooperative multi-agent reinforce-
ment learning that links high-level semantic reasoning to
low-level graph-based control. Unlike prior approaches
that construct coordination structures primarily from the
trajectory-level or observation-based statistics, LLM-GNCF
integrates natural language policy semantics into hierarchi-
cal inter-agent coordination. The proposed Team-Adaptive
Coordination Graph provides agents with high-level action
demonstrations as informative priors and captures the seman-
tic dependencies over consecutive frames to model the
trajectory-level group behavior. LLM-GNCF adopts a two-
stage training paradigm. In Stage I, LLM-based semantic
reasoning guides the transfer from strategic interpretation
to coordination graph construction. In Stage II, the learned
structure is further optimized using environment rewards,
which reduces inefficient exploration and improves con-
vergence stability. Experiments on the SMAC benchmark
indicate that LLM-GNCEF achieves competitive results com-
pared to representative graph-based baselines across the
evaluated scenarios. Ablation studies support the effective-
ness of LLM-guided action supervision, semantic grouping
via TACG and the latent reward shaping mechanism, and
indicate that LLM-based semantic guidance is important for
dynamic agent grouping and coordination. In addition, the
Chain of Aggregation mechanism effectively manages token
usage while preserving semantic consistency, and compar-
isons across different LLM backbones suggest that stronger
reasoning capabilities further enhance multi-agent coordina-
tion. Overall, this work suggests that combining LLM-based
strategic reasoning with decentralized policy optimization is
a promising direction for scalable, interpretable and seman-
tically aligned multi-agent reinforcement learning.

Appendix A Prompt templates

See Figs. 14, 15.

Appendix B Environment proxy definitions
B.1 Environment-derived tactical proxy metrics

To examine whether the LLM latent reward is aligned with
independently measurable tactical behavior, we construct
four environment-derived proxy metrics directly from raw
SMAC trajectories, without using any LLM output or seman-
tic annotation. These quantities are not intended to serve
as exhaustive ground-truth descriptions of tactical quality.
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Rather, each proxy operationalizes one measurable aspect of
the corresponding tactical concept using only environment
states and executed actions.
All proxies are computed over a discrete Chain-of-
Aggregation (CoA) window
W= {t,t0+1,...,100+ K — 1}, K =10,
where 1y is the starting environment step of the window, and
K is the number of environment transitions aggregated in
one window. Since some formulas use 7 + 1, the trajectory
segment must include state information up to step 7o + K.
At each step ¢, let Z, denote the set of alive allied unit
indices and .J; denote the set of alive enemy unit indices. For
any unit i, let

pi () = (x; (@), yi(¥))

be its 2D position at step ¢, where x;(¢) and y;(¢) are the
environment-provided horizontal and vertical coordinates.
Let

h; () = health; (t) + shield; ()

denote its effective hit points, where health; (¢) is the unit’s
health value from the environment and shield; (¢) is its shield
value, with shield; () = O for non-Protoss units.

For allied unit i, let uf denote the executed discrete action
ID at step 7. In the SMAC action space used here, movement
and stop actions occupy the first six action IDs, while attack
actions satisfy u§ > 6. We use 1[-] for the indicator function,
|l - |l for the Euclidean norm, and

clip(z, 0, 1) = min(1, max(0, z)).

We set ¢ = 10° to avoid division by zero. Unless otherwise
stated, if a quantity becomes undefined because the corre-
sponding alive-unit set is empty, its per-step contribution is
set to zero.

For consistency with the main text, all four proxies are
normalized to the common range [—1, 1], thereby facilitating
relative comparison across maps and training stages.

B.1.1 Envge

Envkg is designed to capture the damage-exchange efficiency
associated with effective kiting, i.e., whether the allied team
inflicts more damage than it receives within a short time
window. It does not directly measure movement-level kit-
ing behavior itself; instead, it quantifies the resulting local
damage trade-off.

We first define the one-step damage suffered by unit i as

di(t) = max(0, hi(r) —hi(t + 1)).
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Fig. 14 Complete prompt
template of the Action LLM,
illustrating the components
provided to generate tactical
reasoning, strategic
recommendations, and
executable actions

Standard Strategic Prompt

SYSTEM PROMPT

#Role

You are a high-level strategic commander for cooperative

combat decision-making in StarCraft II.

#Task
Given a structured battlefield observation, you must
produce TWO outputs in strict order:

Tactical Reasoning and Strategic Recommendations:

Tactical Reasoning:
- Spatial layout of allied and enemy units
- Current HP and shield status of each unit
- Immediate threats and vulnerable units
- Tactical opportunities in the current state

Strategic Recommendations:
- Objective state of each visible allied unit type
- Position relative to enemies and allies
- Combat effectiveness and attack availability
- Coordination-relevant spatial relationships
- No group labels, team names, or role instructions

Actions:
Generate executable actions for allied units,
consistent with the situation described above.

#Strategic principles:
1. Situational Inference
All judgments must be derived strictly from the
provided observation. Do not assume any tactical
configuration before reading the unit states.

2. Spatial Awareness
Identify which allied units are closer to enemies,
which are further back, and what spatial
relationships exist between unit types.

3. Combat Phase Assessment
Determine the current combat phase: engage, hold,
reposition, or retreat, based on unit states and
positions.

#Rules:

- Al tactical judgments must be inferred strictly
from the observation.

- Use only actions from the provided valid action set.

- Do not reference units, tags, or abilities absent
from the observation.

- Actions assigned to the same unit must not
contradict each other.

- List actions separately for each allied unit type.

#0Output format:

Tactical Reasoning:
<Battlefield analysis derived from observation:
spatial layout, unit states, threats, opportunities>

Strategic Recommendations:
<Objective description of each visible allied unit
type: position, HP, shield, capability, cooldown,
and spatial relationship to allies and enemies.
No group labels. No role assignments.>

Please select the best action for each agent from the
following discrete action space:

Index Action
0 no-op (only when unit is dead)
1 Stop

2 Move North

3 Move South

4 Move East

5 Move West

6 Attack enemy 0

7 Attack enemy 1

8 Attack enemy 2

9 Attack enemy 3

10 Attack enemy 4

11 Attack enemy 5

12 Attack enemy 6

13 Attack enemy 7

Actions:
Agent 0: <action_index>
Agent 1: <action_index>

Agent 7: <action_index>

USER PROMPT

#Text Observation
Game Info
Time: 0:55

Map :
Map Name: 3s5z
Terrain: Open flat terrain, no obstacles.
Combat style: Close-range symmetric engagement.
Allied Composition: 3 Stalkers, 5 Zealots
Enemy Composition: 3 Stalkers, 5 Zealots

Allied Units:

Agent 0 Zealot Tag: 0x100140001 Pos: (55, 72)
Health: 55 Shield: 20

Agent 1 Zealot Tag: 0x100140002 Pos: (53, 73)
Health: 70 Shield: 30

Agent 2 Zealot Tag: 0x100140003 Pos: (51, 70)
Health: 35 Shield: 10

Agent 3 Zealot Tag: 0x100140004 Pos: (49, 72)
Health: 65 Shield: 25

Agent 4 Zealot Tag: 0x100140005 Pos: (47, 71)
Health: 60 Shield: 30

Agent 5 Stalker Tag: 0x100200001 Pos: (57, 66)

Health: 75 Shield: 40 Weapon_cooldown:

Agent 6 Stalker Tag: 0x100200002 Pos: (55, 67)

Health: 65 Shield: 30 Weapon_cooldown:

Agent 7 Stalker Tag: 0x100200003 Pos: (53, 68)

Health: 78 Shield: 40 Weapon_cooldown:

Observed Enemy Units:
Enemy 0 Stalker Tag: 0x101340001 Pos: (53, 73)

Health: 70 Shield: 50 Weapon_cooldown:

Enemy 1 Stalker Tag: 0x101280001 Pos: (57, 72)
Health: 55 Shield: 20 Weapon_cooldown

o

w

o

2

10

Enemy 2 Zealot Tag: 0x1012c0001 Pos: (54, 73) Health: 80
Enemy 3 Zealot Tag: 0x1014c0001 Pos: (52, 72) Health: 90
Enemy 4 Zealot Tag: 0x1014c0002 Pos: (50, 74) Health: 85
Enemy 5 Zealot Tag: 0x1014c0003 Pos: (48, 73) Health: 95

Enemy 7 Stalker Tag: 0x101340002 Pos: (62, 78)
Health: 60 Shield: 45 Weapon_cooldown

#StarCrafllwiki:

Protoss.Stalker
- Type: Ranged ground unit capable of attacking
both ground and air targets

- HP: 80 Shield: 80 Attack range: 6
- Tactical Attribute:

Effective at ranged damage when safe distance
is maintained.
More vulnerable in close-range trades,
especially after shield loss.

- Matchup Tendency:
Performs better against Zealots when spacing
is preserved.
Can be pressured by Zealots once they close
the distance.

Protoss.Zealot

- Type: Melee ground unit

- HP: 100 Shield: 50 Attack range: 0.1

- Tactical Attribute:
Durable frontline unit suited for absorbing
damage and applying pressure.
Less effective when ranged enemies continuous|
maintain distance.

- Matchup Tendency:

01

ly

Performs well against Stalkers once in close contact.
Can be kited by ranged units if distance is preserved.

#Task Instruction

Generate Tactical Reasoning, StrategicRecommendati
and Actions strictly following the output format.

\
'
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Enemy 6 Zealot Tag: 0x1014c0004 Pos: (56, 74) Health: 88 .
!
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Fig. 15 Complete prompt

template of the LLM-Critic, Y
illustrating the verification

criteria applied to evaluate the
generated action-semantic pair

Recomnendations, and proposed Actions.

# Task

Validate the tactical commander’s output across three independent critic levels. Based on the validation Mot O Zeslot Pos:(55,72) W5 Shid) e Diipe G N B E0 el

for numerical feasibilit b o et s b e o Taan s oo o bl Suie BT w8 SD 09
y’ # Processing Logic Agent 3 Zealot Pos:(49,72) HP:65  Shi2S Eneny 3 Zealot  Pos:(52,72) HP:90
> 3 ase 1 — Parallel Validation en o e: (47,71 £ 2 ealot Pos: (50, 74 g
semantic consistency, and e e e e s e el o = e B B

tactical soundness P oo may S e e

I all three levels pass, output the original content unchanged. 1€ any level fails, discard the entive
output and xegenerate fron scratch using only rav observations and StarCraft IT Viki knovledge. The

xegenerated output must satisfy all three levels.

# Critic Levels

Scope: Check whether each proposed action is physically legal according to SWAC action legality rules. ,
[DEAD UNIT) A dead agent (health = 0) may only be assigned no_op. Any other action on a dead agent is

illegal.

[LIVING UNIT) A living agent (health > 0) aust not be assigned no_op.

[STOP] Stop i= alvays legal for any living agent.

[HOVE) Legal only if destination is vithin asp boundary and on a passsble tile.
[ATTACK — TNDEX) target_index = action_id - 6 aust be vithin valid eneay range.

[ATTACK — ALIVE] Target eneay must have heslth > 0.

[ATTACK — RAWGE] Euclidesn distance to target must be < 6 (fixed shoot_range).

Com = 1 it all agents pass all checks.
Com = 0 if any agent fails any check.

Scope: Check whether each proposed action inplenents the instruction described in Strategic
Recomendations.

[ATTACK INSTRUCTION) Action must encods the target specified by the strategy. Misaatched target is &

ismatch.

[NOVE / RETREAT INSTRICTION] Action must be s move action (2-5). Assigning attack instesd of move is

a nismatch.

[CANNOT ACT INSTROCTION] Action aust be stop or move. Assigning attack to an agent described as

unable to act is  mismatch.

[FOCUS-FIRE INSTROCTION] ALl focus-fire agents must attack the sane eneay index. Any deviation is a

iemateh.

Cecaa = 1 f all actions are consistent with Strategic Recommendations.

Cemms = 0 if any action contradicts its instruction.

Scope: Assess vhether the Tactical Reasoning and Strategic Recommendations are tactically sound given
the current battlefield situstion, by evalusting the spatiotesporal coordination and cooperative logic
Of the proposed actions from a global tactical perspective.

[COOPERATIVE COORDINATION] Verify vhether the strategy describes effective aulti-agent collaboration
at the tactical layer. For exasple. vhen Zealots are instructed to move forvard and block the eneny,
the strategy should further verify vhether it is physically feasible for Zeslots to advance and
sbsorb danage, and vhether Stalkers sre simultaneously described as executing coordinated focus fire.
A strategy vhere agents act vithout mutual support or in vays that underaine each other is unsound.
[STTUATIONAL APPROPRIATENESS) Verify vhether the tactical intent expressed in Tactical Reasoning and
Strategic Recomsendstions iz sppropriste for the current battlefield state. For exsmple, recomsending
atgressive advancenent vhen aultiple allied wnits are critically lov on HP, or recomsending retreat
when the teaa holds a clear advantage, vould be situationally unsound.

Cevasen = | it the Tactical Reazoning and Strategic Recomnendations fora a coherent and situstionally

appropriate cooperatave tactical plan.

Cevnsen = 0 it any coordination logic is incoherent or the strategy does not fit the curent

battlefield situstion.

# Output Fornat
Output ONLY the folloving JSON. o text outside it.
it e £e

1]0 ol

You are a hierarchical tactical evaluation and validation expert for StaxCraft II aulti-agent cosbat
scenarios. You receive rav envizoment observations, StarCraft II unit knovledge, and the prelininary
output of a high-level LLN tactical connander, which consists of Tactical Reasoning, Strategic

#Text Obsexvation

Game Info  Tine: 0:55  Nap Name: 35z

Terrain: Open flat terrain, no obstacles.  Coabat style: Closerange symmetric engagement.
Allied Conposition: 3 Stalkers, 5 Zealots  Eneay Composition: 3 Stalkers, 5 Zealots

Allied Units Observed Eneny Units

#Unit Descriptions (StaxCraft II Wiki)

Protoss Stalker Protoss Zealot
Ranged ground unit. HP:8) Shield:80 Range:6. Neleo ground wnit. HP:100 Shield:50 Range:0.1.
Bffective at xange. vulnersble in close trades, Duxable frentline: can be kited by ranged units.

#Rav LLN Output for Validation

#Tactical Reasoning

Zealots at y=10= 73, Stalkers at
760~ 68, Enenies at y=12-78.
Agent 2 has lo BP (35). Agent 6 has
cooldown of 3.

Allied units positioned behind Agent 0: 9 Agent 136 Agent 2: 9
enenies. Agent 3:8  Agent 43 6 Agent 5: 7
Agent 2 needs attention. Agent 6 Agent 6: 7 Agent T: 6

camnot attack due to cooldovn.

#Strateric Reconnendations ‘ #Propozed Actions

#Task Instruction

4pply all three critic levels in parallel and zeturn the validated result in the xequired JSON format.

Here, d;(¢) is the decrease in effective hit points of unit i
from step 7 to step ¢ + 1. If the unit gains shield or receives
healing between the two steps, the decrement is truncated at
zero by the max(-, 0) operator.

The total enemy and allied damage accumulated within
window W are then defined as

Denemy(W) =Y Y dj(0),

teW jeJ;

Daiy(W) =Y Y " di(0).

teWiel,

In the above equations, Depemy(W) is the total damage
dealt by allies to all alive enemy units across the window,
and Dyyy (W) is the total damage received by all alive allied
units across the same window.

The resulting proxy is

Denemy(W) - Dally(W)
Denemy(W) + Dany(W) + ¢

Envgg(W) = e[-1,1].

@ Springer

The numerator measures the net damage advantage of
allies over enemies within the window, while the denomina-
tor normalizes this difference by the total amount of damage
exchanged. A higher Envgg indicates a more favorable local
damage trade-off.

B.1.2 Envgpc

Envppc measures how strongly allied agents concentrate their
attacks on the same enemy target. It captures rarget con-
centration rather than the tactical optimality of the selected
target.

Let u} denote the discrete action ID executed by allied
agent i at step 7. In the SMAC action space, attacking enemy
target j corresponds to action ID 6+ j, where j is the enemy
index used by the environment.

For each enemy target j, define the number of allied agents
attacking that target at step ¢ as
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njy=\{ieZ;: u =6+ j}|.

Here, n(¢) counts how many alive allied agents are issu-
ing attack actions toward enemy j at step ¢.

Let the total number of allied agents issuing attack actions
at step ¢ be

Nac(®) = ) nj@0).
jed

Thus, Nk (¢) is the number of alive allied agents whose
executed action at step ¢ is an attack action toward some
currently alive enemy.

The per-step focus-fire concentration is defined as

max ez, n;(f)
Nak (1) + €
0, otherwise,

. i |7 >0,

c(t) = c(t) € [0, 1].

In this expression, max ;¢ 7, 1 (¢) is the largest number of
allied agents focusing on the same enemy target at step ¢, and
c(t) is the fraction of all current attack actions assigned to
the most-focused target.

We then define the window-level proxy as

%Zc(r)) —1e[~1,1].

Enverc (W) =2 - (
teW
The term % Y sew c(1) is the average target-concentration
level over the window, and the affine transformation 2(-) — 1
rescales it from [0, 1] to [—1, 1]. A higher Envggc indicates
stronger concentration of allied fire on a common target.

B.1.3 Envem

Envry is intended to quantify the temporal stability of allied
spatial dispersion within a short window. It does not explic-
itly encode geometric formation shape; rather, it measures
whether the team’s overall spread remains stable over time.

For each step ¢, if |Z;| > 0, we define the allied centroid
as

c(t) = |I—| ij pi(1).

Here, |Z;| is the number of alive allied units at step 7, and
c(t) is the average allied position at that step.
The instantaneous formation spread is then defined as

1 .
s(t) = m Yiez, Ipi(t) —e®lly, if [Z;] > 0,

0, otherwise.

In this expression, ||p;(t) — ¢(?)||, is the Euclidean dis-
tance between allied unit i and the allied centroid at step ¢,
and s(¢) is the mean allied distance to the centroid, i.e., the
average team spread at that step.

Its window average is

%Zs(t),

tewW

5(W) =

and the fluctuation of spread within the window is

1
= 2 s =5

teWw

v(W) =

Here, s(W) is the average allied spread over the window,
and v(W) measures how strongly that spread changes from
step to step within the same window.

We normalize this fluctuation using a map-dependent ref-
erence distance

drer = 0.1,/ L2 + L2.

In this definition, Ly and Ly are the horizontal and ver-
tical extents of the playable combat area provided by the
L3 + L3 is the diagonal length of
the playable area, and d.r is set to 10% of that diagonal as a
normalization scale.

The final proxy is defined as

environment. Therefore,

. v(W)
EnvemM(W) =1 —2-clip ﬁ 0,1)e[-1,1].
e

ref
The ratio v( +) measures the spread fluctuation relative
to the map 51ze the clip operator bounds it to [0, 1], and
the transformation 1 — 2(-) maps lower fluctuation to higher
scores. A higher Envgy indicates more stable allied spatial
dispersion and, correspondingly, stronger short-horizon for-
mation maintenance.

B.1.4 Envsst

To maintain notation consistency with the main text, we retain
the symbol Envggr. Since the environment trajectory does
not provide a direct ground-truth measure of semantic skill
synergy timing, we operationalize Envgst here as a shot-
selection-timing proxy: whether agents issue attack actions
promptly when at least one enemy is already within attack
range.

For allied agent i, define the attack-opportunity indicator

0i(t) =1[3j € T st. |pi(1) —p; )|, < ri],

@ Springer
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where p; (¢) and p; () are the positions of allied agent i and
enemy unit j at step ¢, respectively, and r; is the shooting
range of allied agent i. In the present SMAC environment
implementation, this shooting-range threshold is provided by
the environment and is fixed when evaluating the availability
of attack actions.

Define the actual attack indicator as

ni(t) = l[uf > 6] .

Thus, n; (t) = 1 means that allied agent i actually executes
an attack action at step 7, and n; (f) = 0 means that it executes
a non-attack action.

We then compute the raw window score

Dotew 2iet, 0i () mi (1)

SST W) =
raw (W) ZteW ZiEIf o0i(t) + ¢

e [0, 1].

In the numerator, 0; (¢)n; (t) = 1 only when agent i both
has an in-range attack opportunity and actually takes an
attack action at step ¢. The denominator counts the total num-
ber of such in-range attack opportunities over all alive allied
agents in the window. Therefore, SST;, (W) is the fraction of
available attack opportunities that are converted into imme-
diate attacks.

Finally, we map it to

Envsst(W) =2 SSTraw (W) — 1 € [-1, 1].

A higher Envsgt indicates that allied agents more con-
sistently convert available in-range attack opportunities into
immediate attack actions.

B.1.5 Summary

The four proxies above are computed solely from envi-
ronment states and executed actions, without any semantic
feedback from the LLM. They therefore provide indepen-
dently measurable references for evaluating whether the
LLM latent reward is grounded in observable tactical behav-
ior.
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