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Abstract

Large Language Models (LLMs) have recently demonstrated impressive ac-
tion sequence prediction capabilities but often struggle with dynamic, long-
horizon tasks such as real-time strategic games. In a game such as StarCraft
II (SC2), agents need to manage resource constraints and adapt to evolv-
ing battlefield situations in a partially observable environment. This often
overwhelms exisiting LLM-based approaches. To address these challenges,
we propose a hierarchical multi-agent framework that employs specialized
imitation learning agents under a meta-controller called Strategic Planner
(SP). By expert demonstrations, each specialized agent learns a distinctive
strategy, such as aerial support or defensive maneuvers, and produces
coherent, structured multistep action sequences. The SP then orchestrates
these proposals into a single, environmentally adaptive plan that ensures
local decisions aligning with long-term strategies. We call this HIMA
(Hierarchical Imitation Multi-Agent). We also present TEXTSCII-ALL, a
comprehensive SC2 testbed that encompasses all race match combinations
in SC2. Our empirical results show that HIMA outperforms state of the arts
in strategic clarity, adaptability, and computational efficiency, underscoring
the potential of combining specialized imitation modules with meta-level or-
chestration to develop more robust, general-purpose AI agents. We release
our code, model and datasets at � https://github.com/snumprlab/hima.

1 Introduction

Large Language Models (LLMs) have achieved remarkable success in various tasks (Brown
et al., 2020; Raffel et al., 2020; Ouyang et al., 2022; Touvron et al., 2023) but its ability to
understand complex, ever-changing environments to reason a sequence of actions remains
challenging (Brohan et al., 2022; Driess et al., 2023; Fan et al., 2022). Generating proper action
sequences in the changing environment requires strategic reasoning to address uncertainty
of the changing environment (Gandhi et al., 2023). We argue that real-time strategy (RTS)
games exemplify these challenges. In StarCraft II (SC2) (Blizzard Entertainment, 2010),
for instance, players must gather resources, build infrastructure, manage expansions, and
produce units simultaneously in real time, while operating under partial observability of
the battlefield. This interplay of short-term tactics (e.g., efficient early builds) and non-trivial
objectives (e.g., achieving aerial dominance over the battlefield) makes SC2 a well-suited
domain to test strategic reasoning (Vinyals et al., 2019).

Recently, Ma et al. (2024) propose TextStarCraft II, a text-based evaluation environment for
SC2 where game states and actions are processed as text, featuring multiple controllable
units, diverse resource requirements, and restricted visibility in an evolving battlefield (see
details in Appendix Sec. B). Existing LLM-based approaches (Ma et al., 2024; Shao et al., 2024;
Wu & Hu, 2025; Li et al., 2025b) can interpret game states to predict a sequence of actions, but
they often struggle to maintain efficient resource management and coherent build orders,
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Figure 1: Comparison of short-horizon (Ma et al., 2024) vs. proposed long-horizon ( HIMA )
planning in SC2. Fewer LLM calls, more coherent build orders, and higher win rates in
HIMA . (a) Existing methods frequently produce one-step actions at short intervals ( e.g.,
00:00, 00:01, 00:02, . . . ), causing repeated invalid actions (X) due to unmet prerequisites. In
contrast, HIMA produces structured multi-step plans with fewer queries ( e.g., 00:00, 00:42),
respecting build orders and maintaining coherent strategy. (b) Quantitative results showing
LLM calls over average of 20 minutes of gameplay (blue: executable; red: non-executable)
and win rate against level 7 AI (Protoss vs. Zerg; green line). HIMA requires fewer LLM
calls while achieving higher win rates, demonstrating superior ef�ciency and effectiveness.

e.g., producing actions that ignore required prerequisites or repeatedly producing redundant
commands, wasting resources, and disrupting build orders, as shown in Fig. 1.

One way to mitigate these issues is to use imitation learning (IL) (Abbeel & Ng, 2004; Torabi
et al., 2018; Urakami et al., 2024; Wu et al., 2025), which uses human demonstrations to
capture the core patterns of expert play. Although IL can impart valuable strategy to a model,
a purely imitation-driven approach may fail when faced with novel or evolving battle�eld
scenarios in which the opponent's capabilities differ from those seen in the training data.
Furthermore, in RTS games such as SC2, multiple paths to victory exist — such as early
aggressive rushes, aerial dominance, or balanced resource management — require agents
to adapt to diverse strategic routes in each situation. This breadth of strategies, each with
distinct requirements and tactics, often poses challenges for a single monolithic model.

Another way is to use reinforcement learning (RL) (Vinyals et al., 2019). However, it requires
much computation for many trials and errors, which may not justify the cost versus ef�cacy
trade-off, and a well-designed reward function, which is often not trivial.

To address these limitations in a cost-effective manner, we draw inspiration from the `society
of mind' principle (Minsky, 1986) and propose a multi-agent framework that coordinates
specialized imitation learning agents under a central meta-controller (called the Strategic
Planner(SP)), which we collectively refer to as HIMA (Hierarchical Imitation M ulti- Agent),
as shown in Fig. 2. Each specialized agent generates longer-horizonstructured action se-
quences(Sec. 3.1), ensuring that procedural prerequisites are ful�lled and reducing invalid or
redundant commands (Fig. 1). Before committing to a �nal decision, the SP then synthesizes
these proposals through an environment-aware action orchestration, using proposed `temporal
Chain-of-Thought (t-CoT)' reasoning. It induces the SP to align the �nal decision with
immediate, short-term, and long-term objectives (Sec. 3.2). In particular, the SP continu-
ously monitors the changing battle�eld conditions, adapting its strategic decision based
on changing environments before �nalizing action plans. Using longer-horizon structured
action sequences from imitation agents, the SP requires signi�cantly fewer adjustments than
the prior arts that frequently query LLMs at every time step, as illustrated in Fig. 1.
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Figure 2: Overview of the proposed hierarchical imitation multi-agent ( HIMA ) frame-
work . Each specialized imitation agent (e.g., Air Superiority, Infrastructure, Ground Superi-
ority) receives up-to-date player stateinformation (resources, units, buildings) and produces
a multi-step action plan along with a rationale explaining its strategic intent. A high-level
meta-controller ( i.e., Strategic Planner) then merges these agent-level proposals into a single
cohesive decision, factoring in broader environmental contexts (opponent state, action out-
comes, battle progress). This hierarchical structure enables long-horizon planning, adaptive
coordination among specialized agents, and real-time responsiveness to evolving battle�eld.

SC2 Evaluation Environment Player Race(s) Opponent Race(s) #Matchups

TextStarCraft II (Ma et al., 2024) Protoss Zerg 1
SwarmBrain (Shao et al., 2024) Zerg Terran 1
TEXTSCII-A LL (Ours) Protoss, Zerg, Terran Protoss, Zerg, Terran 9

Table 1: Comparison of text-based SC2 evaluation environment. Unlike previous work
with a single player race and limited enemy matchups (one each), our TEXTSCII-ALL covers
all three races on both sides, resulting in a total of nine possible match-ups.

In addition, to evaluate SC2 comprehensively, we present an expanded SC2 evaluation envi-
ronment that encompasses all three races (Protoss, Terran and Zerg) and their nine possible
match-ups, as shown in Tab. 1, which we call TEXTSCII-ALL . Beyond single match-up stud-
ies in the literature (Ma et al., 2024), new environment exhibits a comprehensive assessment
of matches in all race combinations. We empirically validate methods in this comprehensive
environment, demonstrating that HIMA outperforms state-of-the-arts (SoTAs) in win rate
against built-in AI, head-to-head matches, and computational ef�ciency.

We summarize contributions as follows: (1) we propose a hierarchical imitation multi-agent
framework that enables ef�cient and effective long-term strategic planning in SC2; (2) we
expand the SC2 evaluation environment to include all nine race matchups, offering a more
comprehensive benchmarking testbed; and (3) we demonstrate the effectiveness of our
proposed HIMA against both built-in AI opponents and direct match-ups with SoTAs.

2 Related Work

Interactive environment. Real-time strategic decision-making environments have progres-
sively increased in complexity. Tasks have expanded within physics-based simulations and
gaming platforms, evolving from simpler frameworks like MuJoCo (Todorov et al., 2012) and
ALE (Bellemare et al., 2013) to sophisticated open-ended systems including MineCraft (Wang
et al., 2024; Li et al., 2025a), PokeLLMon (Hu et al., 2024), ALFWorld (Shridhar et al., 2021),
and ScienceWorld (Wang et al., 2022), among others (Albrecht et al., 2022; Qi et al., 2024).
These systems often involve partial observability and tasks mirroring real-world scenarios.
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Recent LLM-based SC2 testbeds, including TextStarCraft II (Ma et al., 2024) and Swarm-
Brain (Shao et al., 2024), present formidable obstacles for language models and autonomous
agents. They demand intensive operational control, navigation through expansive action
spaces, processing of complex state representations, and long-range planning over extended
gameplay sequences, underscoring modern interactive environments' heightened dif�culty.

Multi-agent interaction. The Society of Mindtheory proposed by Minsky (Minsky, 1986)
posits that intelligence materializes through interactions between specialized agents—a
foundation in multi-agent systems (MAS). Within MAS frameworks, autonomous agents en-
gage in either collaborative or competitive behaviors to facilitate collective reasoning across
numerous domains (Zhang et al., 2019; Chen et al., 2024a; Park et al., 2023; Chen et al., 2023;
Li et al., 2023). The advent of large language models (LLMs) has catalyzed the development
of advanced multi-agent architectures, encompassing methodologies such as Voting (Wang
et al., 2023), Debate (Du et al., 2023), Reconcile (Chen et al., 2024b), Role-playing (Tseng
et al., 2024; Long et al., 2024), and comprehensive societal simulations (Paquette et al., 2019;
Qi et al., 2024). Here, we presentHIMA , a multi-agent framework that employs imitation-
based interactions coordinated by a sophisticated meta-controller for real-time strategic
reasoning task such as SC2. This meta-controller adaptively synthesizes environmental
contexts with agent-speci�c objectives, enabling cohesive inter-agent communication that
markedly improves strategic coordination and system ef�cacy.

3 HIMA: A Hierarchical Multi-Agent Imitation Framework

To address the limitations of existing LLM-based methods such as producing short-horizon
actions and invalid build orders, we propose HIMA , a hierarchical multi-agent architecture
(Fig. 2) that deploys specialized imitation agents trained on human demonstration data
for generating diverse structured action sequences (Sec. 3.1), coordinated by a Strategic
Planner (SP) that integrates these proposals and aligns them with overarching objectives
while considering broader environmental contexts (Sec. 3.2).

3.1 Learning Multi-Agent for Structured Action Sequence

In SC2, the number of actions executed per timestep increases as the match progresses, as
observed in the human demonstration (Appendix Sec. H). The early stages are constrained
by limited resources and procedural prerequisites, while the later stages enable a diverse
action space and require more actions per time step to manage the increasing complexity of
units, buildings, and resources in an evolving battle�eld. Existing approaches that generate
a �xed number of actions per timestep (Ma et al., 2024; Li et al., 2025b; Wu & Hu, 2025) often
fail to keep pace with this evolving “tempo,” producing frequently fragmented strategies.

Structured action sequences with rationales. To address the strategy fragmentation, we
take inspiration from human gameplay, where players naturally vary their frequency of action
as the match progresses, taking into account both immediate strategic conditions and future
objectives. Speci�cally, rather than producing �xed action counts A t per decision point, we
design our agents to generatestructured action sequencesthat span a time window D, denoted
as A t:t+ D. This enables variable action density within each window, re�ecting gameplay
patterns where later phases require more actions in the same timeframe. To guide these
variable-density action sequences, we also append aTactical Rationale(TR) explaining why
each action set suits its particular game phase and context. This explicit reasoning improves
decision quality by providing strategic context (see Appendix Sec. J for empirical bene�ts).

We implement this idea in three steps as follows (illustrated in Fig. 3-(a)). First, we extract
state-action pairs f St , A tg from the SC2EGSet (Bia�ecki et al., 2023), a dataset containing
professional SC2 replays annotated with detailed game states and corresponding player
actions (see Fig. 3 (left) and Appendix E.1). Then, we prompt an LLM (GPT-4o-mini (OpenAI,
2024)) to generate TR for action sequencesA t:t+ D. Finally, we convert the results into the
instruction tuning format for supervised �ne tuning (SFT). We provide detailed construction
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Figure 3: Dataset construction pipeline for generating structured action sequence and
environment-aware action orchestration in HIMA . (a) We extract state-action pairs
f St , A tg from SC2EGSet (Bia�ecki et al., 2023) and prompt an LLM to generate aTacti-
cal Rationale(TR) for each multi-step action sequence,A t:t+ D. This TR is appended to form
an instruction-tuning dataset, capturing whatactions occur and why they're chosen. (b) In
deployment, multiple specialized agents (A, B, . . . , K) produce pairs of Strategic Objective
(SO) and TR, which the strategic planner reconciles based on current player and opponent
states. This environment-aware process ensures adaptive short-term responses—e.g., miti-
gating failed commands—and consistent long-term planning ( e.g., securing air superiority)
by integrating rationales and outcome feedback from ongoing game events.

procedures in Appendix Sec. E.1. This approach mirrors human gameplay, where the
frequency of action increases with the complexity of the game.

Multi-agent specialization. Even with structured action sequences, covering the vast
strategic space of SC2 remains a challenge for a single model. For instance, one strategy
might focus on quick air dominance (using mass �ying units), while another aims at a
well-forti�ed ground army. Thus, we adopt a multi-agent approach (Wang et al., 2023;
Du et al., 2023; Chen et al., 2024b; Long et al., 2024), where each agent specializes in a
particular 'strategic persona'. Speci�cally, we leverage the instruction-tuned data and group
the agents by unit compositions(e.g., ground-heavy vs. air-heavy armies) which is a crucial
factor in�uencing build orders and combat styles in SC2 using k-means clustering. Since
similar compositions often indicate consistent strategic patterns ( e.g., mass air vs. strong
ground), each cluster produces a specialized agent. Combining these agents covers a wider
range of strategies than a single model. Subsequently, a meta-controller (Sec. 3.2) merges
their action sequences into a uni�ed one that adapts to real-time developments.

3.2 Strategic Planner

In HIMA , the SP acts as a meta-controller that fuses structured action sequences from
specialized imitation agents into a coherent long-range plan, as illustrated in Fig. 3-(b).

Environment-aware action orchestration. We plan actions in four stages as follows.

1. Current assessment: The SP examines the latest game state (e.g., resources, unit compo-
sitions, visible enemy units) to establish current context.

2. Advisor strategy resolution: The SP then applies the Nominal Group Technique
(NGT) (Delbecq & de Ven, 1971; Long et al., 2024), a structured decision-making method,
to systemically analyze multiple agents' strategic proposals, as shown in Fig. 3-(b).
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Speci�cally, the SP applies a structured four-step process: (i) identifying agreed and
con�icted viewpoints among agents; (ii) resolving con�icts by evaluating each agent's
rationale; (iii) considering isolated but insightful viewpoints; and (iv) synthesizing these
inputs into a cohesive �nal strategy. In particular, the SP resolves the strategies by explic-
itly considering the intentions behind each action proposed by the agents. To achieve
this, the SP evaluates each agent'sTR (justi�cation for the proposed actions) along with
its corresponding Strategic Objective(SO), a high-level strategic goal derived from expert
gameplay analysis (see Appendix Sec. K for details and Fig. 10 for examples).

3. Strategy formulation: The SP balances each agent's logic, goals, and battle�eld con-
straints to produce a consolidated action plan.

4. Temporal Chain-of-Thought: Finally, the SP breaks down the chosen strategy into
immediate actions(urgent responses),short-term actions(near-term objectives), and long-
term actions(larger strategic goals) before generating a �nal decision. We refer to this
systematic alignment of different time horizons as a temporal Chain-of-Thought (t-CoT)as
it connects immediate, short-term, and long-term goals into a step-by-step reasoning
chain that re�ects how players plan over time.

By the four stages, the SP effectively orchestrates the specialized agents' actions, maintaining
coherent decision-making in an evolving game state (see more detailed prompts in Figures 14
and 15). Furthermore, since each imitation agent produces a structured action sequence
over a �xed time window A t:t+ D, the SP requires signi�cantly fewer plan updates compared
to previous methods (Ma et al., 2024; Wu & Hu, 2025; Li et al., 2025b) that query LLMs
at frequent �xed intervals, substantially reducing LLM call overhead while maintaining
strategic depth, as illustrated in Fig. 1-(b).

Feedback system for an immediate adaptation. Although long-term planning through
structured action sequence is bene�cial to ef�ciently building coherent strategies, it can
limit responsiveness if the state of the game changes unexpectedly. To address this, the SP
employs a feedback systemthat reexamines the current plan after critical events. If a sequence
fails to meet its objective, the SP records the failure and re�nes subsequent prompts to
prevent repeating similar errors, as illustrated in Fig. 3-(b). Likewise, if the agent detects an
unexpectedly large enemy force (i.e., when the number of enemy units exceeds a threshold,
t =10, which is heuristically determined), the SP discards the current plan and requests
a new action sequence starting from imitation agents. This mechanism blends proactive
long-range planning with the real-time adaptability needed to handle sudden changes
in RTS gameplay. More comprehensive scenarios demonstrating the feedback system's
operation are available in Appendix Sec. O.

By integrating specialized agents' proposals through environment-aware action orchestra-
tion and adapting through the feedback system, the SP generates a strategy that responds to
changing battle�eld conditions.

4 Experiments

4.1 Experimental Setup

Training and inference. We primarily use Qwen-2 1.5B (Yang et al., 2024) as our base
imitation learning agent, with additional open-source models described in Appendix Sec. L.
For SFT, we extract 39.9k, 39.8k, and 30.8k training instances for Protoss, Zerg, and Terran
from human demonstrations (Bia�ecki et al., 2023), converting them to instruction-tuning
format. We set D as 3 minutes for structured action sequence based on the experiments
(Fig. 4-(c)) and k = 3 groups per race validated through empirical testing (Appendix
Sec. G) Details about instruction-tuning dataset construction are in Appendix Sec. E. During
inference, we primarily employ GPT-4o-mini (OpenAI, 2024) as the SP, with additional
evaluations on other open-source and closed-source models described in Appendix Sec. M.
Unless otherwise speci�ed, we measure win-rates over 50 randomly sampled matches.
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Method Player vs. Opponent Win Rate (%) at Game Dif�culty

Lv.4 Lv.5 Lv.6 Lv.7 Lv.8 Lv.9 Lv.10

TextStarCraft (Ma et al., 2024) Protossvs. Zerg 84 55 8 – – – –

SwarmBrain (Shao et al., 2024) Zerg vs. Terran 100 76 – – – – –

EpicStar (Wu & Hu, 2025) Protossvs. Zerg – 67 30 – – – –

HEP (Li et al., 2025b) Protossvs. Zerg 100 75 75 25 – – –

HIMA (Ours)

Protossvs. Protoss 90 80 68 48 42 14 4
Protossvs. Terran 94 86 70 68 48 24 8
Protossvs. Zerg 100 92 84 82 68 20 16

Zerg vs. Protoss 70 48 8 0 0 0 0
Zerg vs. Terran 100 84 12 8 0 0 0
Zerg vs. Zerg 72 50 12 14 0 0 0

Terran vs. Protoss 58 28 16 10 0 0 0
Terran vs. Terran 62 4 0 0 0 0 0
Terran vs. Zerg 60 32 6 0 0 0 0

Table 2: Win rates (%) across all nine race matchups (Lv.4–Lv.10) in our TEXTSCII-A LL
evaluation environment and performance of SoTAs. Rows sharing the same color shading
indicate the same Player vs. Opponent matchup. Whereas prior baselines (Shao et al., 2024;
Ma et al., 2024; Wu & Hu, 2025; Li et al., 2025b) each focus on a single matchup, we evaluate
HIMA on all player-versus-opponent pairs (Protoss, Terran, Zerg). Each row reports win
rates over 50 games per dif�culty level; dashes ( - ) denote untested conditions. Our Terran
results are comparatively lower, likely due to its higher micro demands (we primarily target
macro control), which we plan to address in future work.

TEXTSCII-A LL evaluation environment. We propose a new text-based StarCraft II eval-
uation environment, called ` TEXTSCII-ALL ', which expands upon the existing TextStar-
Craft II (Ma et al., 2024) environment. While previous work only supported a single
matchup—Protoss (player) vs. Zerg (opponent)—our TEXTSCII-ALL evaluation environ-
ment includes comprehensive battles across all three races (Protoss, Terran, Zerg) and
supports all nine possible player-opponent race combinations. To achieve this, we de�ne
and implement complete, race-speci�c action spaces for Terran and Zerg in addition to Pro-
toss, enabling any race to serve as either the player. This broader action space and enhanced
evaluation scope facilitate comprehensive and fair benchmarking. Implementation details
and the full de�nition of each race-speci�c action space are provided in Appendix Sec. D.

Evaluation metric. Ma et al. (2024) propose various evaluation metrics, including win-rate,
to assess model performance. However, many of these metrics do not closely correlate with
the primary measure of success, namely, the win rate, especially as the game progresses (but
we provide further details on these metrics and results in Appendix Sec. F). Consequently,
we employ win-rate as our main evaluation criterion under different dif�culty levels.

4.2 Baselines

We compare our proposed HIMA against recent SoTA approaches: SwarmBrain (Shao
et al., 2024), TextStarCraft (Ma et al., 2024), EpicStar (Wu & Hu, 2025), and the very recently
proposed HEP (Li et al., 2025b) in both built-in AI and head-to-head matchups.

4.3 Match-up Results

With built-in AI. We match up HIMA with a built-in AI system in all nine race com-
binations (with Protoss, Terran and Zerg) for the �rst time in the literature ( cf. prior arts
focus on a single race combination) and summarize the results in Table 2. In all match-ups,
our approach exhibits high win rates over multiple dif�culty levels. In particular, while
HIMA consistently achieves high win rates in Protoss and Zerg matches, its performance is
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Opponent Ours vs. Opponent Win Rate (%)

SwarmBrain (Shao et al., 2024) Protossvs. Zerg 100
TextStarCraft (Ma et al., 2024) Protossvs. Protoss 100
HEP (Li et al., 2025b) Protossvs. Protoss 100

Table 3: Match-ups between HIMA (Ours) and SoTAs. All results use HIMA (Protoss)
against the listed opponents, measuring the win rate over 10 consecutive games. Our
method achieves a 100% win rate, outperforming all previous approaches.

Agent Con�guration IL Agent Size
Win Rate (%) at Game Dif�culty

Lv.4 Lv.5 Lv.6 Lv.7 Lv.8 Lv.9 Lv.10

Single-Agent (IL Only) (Ma et al., 2024) 7B 70 25 0 0 0 0 0
Single-Agent (IL Only) 7B 90 75 25 15 0 0 0
Single-Agent (IL + SP) 7B 90 80 35 20 10 0 0
Multi-Agent (IL + SP) ( Ours) 1.5B� 3 100 92 84 82 68 20 16

Table 4: Ablation study of different agent con�gurations. We compare four agent con-
�gurations across dif�culty levels 4–10: Single-Agent (IL Only)(Ma et al., 2024)trained on
previously provided instruction-tuning data from Ma et al. (2024).; Single-Agent (IL Only)
trained on our human demonstrations; Single-Agent (IL + SP)with Strategic Planner added;
and Multi-Agent (IL + SP) using three 1.5B agents (total� 4.5B). Results show our dataset
improves low-level performance (�rst row vs. second row), adding SP enhances mid-level
success (third row), and the multi-agent framework maintains robustness at higher dif�-
culties (fourth row). Each row in the �rst three reports shows win rates over 20 games per
dif�culty level, while the fourth shows rates over 50 games.

lower for Terran. We conjecture that this result stems from the need for more �ne-grained
microlevel control, which goes beyond the macro-focused scope of our current evaluation
environment. Addressing these scenarios remains a key direction for future work.

With state of the arts. We match our HIMA with three open source baselines and sum-
marize the results in Table 3. Unfortunately, we cannot compare EpicStar (Wu & Hu, 2025)
with ours because it has not yet provided publicly available code. For each opponent,
we use the same race setting originally reported to achieve their best performance. We
select Protoss forHIMA as our previous experiments with built-in AI showed that HIMA
(Protoss) consistently achieved the highest win rate among all opposing races. We measure
performance in 10 consecutive games in each match, showing that HIMA achieves a 100%
win rate in all cases, showing the effectiveness of our proposed method.

4.4 Detailed Analysis

For a detailed analysis, we consider only Protoss (player) vs. Zerg (opponent) because it
represents one of the most commonly studied matchups in previous work (Ma et al., 2024;
Li et al., 2025b; Wu & Hu, 2025) by running 20 randomly sampled matches.

Agent con�gurations. We compare four setups from Lv.4 to Lv.10 and summarize the
results in Table 4 as follows. (1) Single-Agent (IL Only)(Ma et al., 2024) uses previously
available instruction-tuning data from Ma et al. (2024); (2) Single-Agent (IL Only)leverages
our human demonstration–based dataset, which notably improves performance at lower
dif�culties; (3) Single-Agent (IL + SP)adds a Strategic Planner (SP), which increases mid-level
win rates; and Multi-Agent (IL + SP) employs three 1.5B agents (total� 4.5B), comparable to
a 7B single agent. Results show that while the single-agent models falter beyond Lv.7, the
multi-agent approach remains more resilient, sustaining higher win rates at Lv.8–10.

Multi-agent clustering criteria. We cluster instruction-tuning data by (1) opening strategy,
(2) advancement tempo, and (3) unit compositionto train agents with distinct characteristics.
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Clutering criteria
Win Rate (%) at Game dif�culty

Lv.4 Lv.5 Lv.6 Lv.7 Lv.8 Lv.9 Lv.10

Opening strategy 90 60 10 0 0 0 0
Advancement tempo 100 70 55 40 35 0 0
Unit composition ( Ours) 100 92 84 82 68 20 16

Table 5: Performance comparison of different multi-agent clustering criteria at various
game dif�culty levels. We experiment with various clustering criteria and empirically
con�rm that clustering based on unit composition yields superior performance.

Figure 4: Detailed analyses of the proposed HIMA . (a) Enhanced aggregation methods
improve performance, (b) t-CoT effectively bridges short- and long-term strategies and (c)
optimal planning horizon balances reactivity and ef�ciency.

The opening strategy uses public metadata1 in early build orders. Advancement tempo
differentiates tech-rushing from early-unit production strategies. For the unit composition,
we group replays based on the types of unit used in each match-up. As shown in Tab. 5,
unit composition clustering performs best, guiding the planner to select optimal units for
evolving game conditions (Appendix Sec. E.2 for details). Furthermore, we analyze how
response diversity generated through these various clustering approaches impacts overall
performance in Appendix Sec. I.

Aggregation method of the strategic planner. Figure 4-(a) shows comparative results
on three aggregation methods for the SP Simple merges action sequences without coordi-
nation ( i.e., without advisory strategy resolutionin Sec. 3.2).NGT applies Nominal Group
Technique (Delbecq & de Ven, 1971) to transform agents' proposals into a uni�ed plan con-
sidering the environment. NGT + TR-SO extends this by incorporating Tactical Rationale
and Strategic Objective from each agent. Results showNGT + TR-SO achieves the highest
win rate at dif�culty level 7, attributable to the synergy of combining tactical justi�cations
with strategic goals, allowing coherent decision-making under dynamic conditions.

Temporal CoT. We compare win rates with and without the proposed `temporal Chain-of-
Thought (t-CoT)' and summarize the results in Figure 4-(b). Results show t-CoT outperforms
the baseline, indicating that systematically linking immediate, short-term, and long-term
goals enhances strategic coherence and responsiveness. The performance gap underscores
the importance of temporal reasoning in hierarchical planning for competitive environments.

Time-window selection for specialized agents. We illustrates how extending the time
window ( D) for action sequence generation affects both average API calls and win rates
(at game dif�culty Lv. 7) in Figure 4-(c). With a short planning horizon ( e.g., 1 minute),
the agent queries the model more often and reacts quickly, but this frequent disruption
raises computational overhead without necessarily improving performance. As the horizon

1https://lotv.spawningtool.com/replays/?pro only=on
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Method Time per LLM call Avg. #LLM calls (in 20m) Total LLM call time (s)

TextStarCraft (Ma et al., 2024) 12.1 636 7,695
HEP (Li et al., 2025b) 10.4 468 4,867
HIMA ( Ours) 22.5 11 247

Table 6: LLM call overhead across 20 winning matches. Each averaging about 20 minutes.
While the hierarchical multi-agent framework of HIMA increases the duration of individual
LLM calls, its dramatically lower call frequency substantially reduces overall LLM overhead
(e.g., 247 svs. several thousand seconds). In real-time play, frequent LLM calls can stall game
progression, highlighting the need to minimize total call time.

lengthens, average API calls decline steadily, freeing up resources while still providing
enough adaptability for mid-game shifts.

However, beyond a certain midpoint (here, around 3–4 minutes), over-long planning hori-
zons become too rigid, missing critical opportunities to respond to immediate threats. This
trade-off produces a peak in the win rate on an intermediate horizon, demonstrating that
moderatetime windows strike the best balance between a timely reaction and a long-term
cohesive strategy.

LLM call overhead. To compare LLM call overhead, we summarize the average time per
LLM call, calls on average 20 minutes, and the total LLM time over 20 matches in Table 6.
Despite a longer call time (22.5 seconds) in our proposed HIMA due to its three specialized
agents and GPT-4o-mini planner, HIMA makes only 11 calls per 20-minute game through
effective long-term planning. This ef�ciency reduces the total LLM response time to 247s,
compared to thousands for other methods. In real-time settings, where game play continues
during processing, HIMA's reduced call frequency provides smoother play experience.

5 Conclusion

We propose a hierarchical imitation multi-agent ( HIMA ) framework for SC2, where spe-
cialized agents generate structured action sequences and a meta-controller fuses these into
cohesive strategies. Using human replay data with tactical rationales, our method preserves
build orders, reduces LLM queries, and adapts to dynamic conditions. We also introduce the
TEXTSCII-ALL environment, which covers all nine race matches, as a comprehensive RTS
testbed. The results show that HIMA achieves better win rates and ef�ciency compared to
SoTA baselines, demonstrating the effectiveness of combining imitation-based specialization
with high-level orchestration in complex RTS environments.
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A Brief Introduction of The Game of StarCraft II

StarCraft II (SC2), developed by Blizzard Entertainment, is a real-time strategy (RTS) game
renowned for its depth, complexity, and strong presence in the e-sports arena. Players
choose from one of three race: Terrans (humans), Protoss (technologically advanced aliens),
or Zerg (rapidly evolving lifeforms). Each offering unique units and strategies that demand
varied approaches to resource management, base building, and tactical combat.

Notably, the level of micro-control (unit-level precision) often ranks Terran at the highest,
followed by Zerg, and then Protoss. This trend is also re�ected in our benchmark results,
where Terran shows the lowest rule-based micro-management performance, Zerg ranks in
the middle, and Protoss achieves the highest.

Key Gameplay Elements

• Unit Coordination and Macro-Management: Selecting appropriate build orders and
unit compositions while managing expansions, production cycles, and researching key
technologies is crucial for establishing a robust economy and effectively countering the
opponent's strategies.

• Resource Prioritization: Balancing the collection and allocation of minerals and vespene
gas is crucial for effective unit production and technological advancement.

• Fog of War and Scouting: Restricted visibility compels players to deploy scouts or
specialized units to gather intelligence, adapt strategies, and anticipate opponent actions.

• Dynamic Battle�eld Adaptation: As the game progresses and the battle�eld evolves,
players must continuously adjust their tactics to stay ahead of emerging threats and
opportunities.

B Previous Work: TextStarCraft II (Ma et al., 2024)

TextStarCraft II (Ma et al., 2024) is the �rst environment for evaluating LLM-based agents in
real-time strategic scenarios within StarCraft II. By leveraging a Chain of Summarization
(CoS) technique to enhance rapid decision-making, the authors demonstrate that most tested
LLMs surpass Level 5 built-in AI.

C Implementation Details and Experimental Hardware Setup

C.1 Environment and Game Settings

Game Version : We conduct all experiments using Patch 5.0.14.93333 of StarCraft II. We use
the built-in AI provided in the game, and the dif�culty settings are detailed in Table 7.

Game Dif�culty Level Blizzard Dif�culty

1 Very Easy
2 Easy
3 Medium
4 Hard
5 Harder
6 Very Hard
7 Elite
8 Cheat Vision
9 Cheat Money
10 Cheat Insane

Table 7: StarCraft II Built-in AI Dif�culty Levels.
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Map Selection : All evaluations are performed on the Ancient Cistern LE maps from the
2023 StarCraft II esports 1v1 ladder.

Model Temperature : To allow for a moderate level of diversity in responses, we set the
temperature parameter to 0.7 for both the imitation agents and the strategic planner.

C.2 Experimental Hardwares

Training : The imitation agents are �ne-tuned on four NVIDIA H100 80GB GPUs, requiring
approximately six hours in total. During �ne-tuning, LoRA modules are added for ef�cient
adaptation of each agent.

Inference : We use a single NVIDIA A6000 40GB GPU to concurrently run three 1.5B-
parameter imitation agents during evaluation.

D Details About T EXTSCII-A LL Evaluation Environment

The code is based on the python-sc22 library. Python-sc2 is an open-source Python frame-
work that allows developers to create StarCraft II AI bots by providing convenient APIs for
controlling and observing the game environment.

D.1 Agent vs. Built-in AI Matches

We categorize the action space into three groups—unit production, building construction,
and technology development (see Fig. 6 for details). The Protoss have 58 possible actions,
the Zerg 61, and the Terrans 62. Race-speci�c commands (e.g., Chrono Boost, Larva Inject,
Mule) and a few general commands (such as “attack” or “scout”) operate according to
rule-based logic. We implement each of these actions within our codebase, performing
prerequisite checks (resource availability, required structures, etc.) before execution.

D.2 Agent vs. Agent Matches (Agent Arena)

In addition to built-in AI matches, we conduct head-to-head encounters (“Agent Arena”)
under the same map settings and resource conditions. Because both agents operate within
the same constraints and action space, these matches enable a direct comparison of strategic
reasoning.

E Details About Data Construction and Clustering for Imitation
Learning

E.1 Details About Instruction-Tuning Dataset Construction

From SC2EGSET(Bia�ecki et al., 2023), we identify each time stept at which an action A t
(belonging to our de�ned action space) is issued. We then record the player's current state
St at time t, which includes supply details, unit details, building details, technology details,
and ongoing commands. Notably, St is limited to the player's information only and does
not contain any enemy-related data.

At each decision point t, we pair the state St with the action A t executed at time t, as well as
all subsequent actions occurring within the next D minutes, forming the action sequence
A t:t+ D. This (St , A t:t+ D) pair constitutes one training sample. Empirically, setting D = 3
yields the best performance (see Figure 4-(c)). Once this action sequence is constructed, we
shift the window to the time of the next executed action t0(i.e., the �rst action after t), and
again collect all actions that occur between t0and t0+ D. By repeating this sliding-window
procedure, we obtain on average about 200 training samples per game. A detailed overview
of this data construction process is provided in Figure 5.

2https://github.com/BurnySc2/python-sc2
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Figure 5: Overview of data construction process. We use SC2EGSET to obtain player's
current state and corresponding action sequence. In particular, the number of units in each
current state is determined by separately recording unit counts at each time step.

In order to convert the action-only dataset produced by the above procedure into an
instruction-tuning format that includes rationales, we use a specialized system prompt
alongside the GPT-4o-mini API to generate the reasons behind each decision point's action
sequence. The system prompt guides the model to break the rationale into three time
frames—immediate, short-term, and long-term strategy (see Figure 7). By training on this
enriched dataset, the model adopts these three perspectives to more precisely interpret the
game environment, resulting in more strategic decisions.

E.2 Details About Imitation Multi-Agent Clustering

We explore multiple criteria for creating specialized agents. Among these, we generate
an imitation multi-agent system based on army ratios, thereby broadening the range of
possible playstyles and strategies. However, we also experimented with alternative criteria,
which did not yield as clear a differentiation. We include them here for completeness.

Army Composition Criterion. To encourage each imitation agent to develop a unique
style, we apply k-means clustering based on the proportion of units used by each race. By
focusing on each agent's unit ratio, we reveal clear distinctions among them. For instance,
when clustering Protoss agents, they naturally split into three groups: one that relies heavily
on Phoenixes and Colossi, another centered around Zealots and High Templars, and a third
emphasizing Carriers and Void Rays.

Unit Ratio Extraction and Clustering. To capture meaningful differences in army com-
positions, we focus on games that the professional player won and calculate a weighted
unit distribution. Speci�cally, for each game, we multiply the count of each unit type by its
corresponding “supply cost” (or “population value”) to account for the greater impact of
high-tier units. We then sum these supply-adjusted counts and normalize each unit type by
this total to obtain a distribution vector of length jU j, where U denotes the set of unit types
for a given race. Formally, if ni is the count of unit type i and wi is the supply cost, then the
normalized ratio r i is given by:

r i =
ni � wi

å j2U
�
nj � wj

� .
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Figure 6: Action space of three races in StarCraft II. Each race has actions related to unit
production, building construction, and technology development. Both the imitation agent
and the strategic planner form sequences of these race-speci�c actions to issue commands.
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Figure 7: Prompt Details for Rational Generation in an Instruction-Tuning Dataset. We
use GPT-4o-mini to generate the rationale behind the chosen action sequence for each
situation. Subsequently, the generated rationale and the corresponding action sequence are
combined into a single output within our dataset.

Finally, we perform k-means clustering on these vectors in the unit-ratio space, grouping
together games with similar army compositions. This process yields distinct army-style
clusters and allows each specialized agent to learn a different strategic focus.

Opening Strategy Criterion. We obtain early-game build orders from publicly available
metadata3. Among the available tags, we focus on those containing the word “opening”
(e.g., for Protoss, “Oracle opening,” “Phoenix opening,” etc.) to categorize the corresponding
games, under the assumption that such tags effectively capture each game's initial strategy.
However, because these tags are arbitrarily assigned by users rather than following consis-
tent criteria, this approach underperforms compared to clustering by army composition,
and no clearly distinguishable characteristics emerge for each imitation agent.

Advancement Tempo Criterion. By examining when key buildings and technologies are
constructed for each race (e.g., for Protoss, “WarpgateResearch,” “Fleetbeacon,” etc.), we use
k-means clustering to classify each game as slow, moderate, or fast in terms of progression
speed. Because advancement tempo is heavily in�uenced by resource �uctuations and in-
game events, it re�ects only the pace of development rather than a player's overall strategy.
By contrast, �nal unit ratios capture the compositions that players ultimately commit to,
thereby revealing clearer strategic distinctions.

E.3 Details About Dataset Clustering

After clustering the dataset according to the Army Composition Criterion, each imitation
agent is assigned a subset of the data. Speci�cally, for each race we obtain the following
distribution (in thousands of samples) across the three agents:

• Protoss: 11.5k (Agent A), 13.2k (Agent B), 15.2k (Agent C)

• Zerg: 12.1k (Agent A), 17.9k (Agent B), 9.8k (Agent C)

• Terran: 9.5k (Agent A), 11.0k (Agent B), 10.4k (Agent C)

3https://lotv.spawningtool.com/replays/?pro only=on
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F Details about Evaluation Metrics (Ma et al., 2024)

We also evaluate the performance using the APU, RUR, PBR, and TR metrics proposed
in Ma et al. (2024), as shown in Tab. 8.

• PBR (Production-Block Ratio) : Calculates the ratio of time spent at maximum
supply (200/200) to the total time, where a higher value indicates less ef�cient
macro-management.

• RUR (Resource Utilization Ratio) : Measures the total resource expenditure (min-
eral, gas) until the agent �rst reaches maximum supply, with a higher value imply-
ing weaker macro-strategic use of resources.

• APU (Average Population Utilization) : Averages the ratio of used population to
the supply cap until maximum supply, where a higher value re�ects more ef�cient
macromanagement.

• TR (Technology Rate) : Calculates the proportion of completed technologies to the
total available, where a higher value suggests a greater emphasis on technological
advancement.

Compared to previous studies, the RUR value is relatively high, re�ecting the frequent use
of more expensive units, whereas the TR value is lower because only essential technologies
are selectively upgraded. These slightly higher RUR and lower TR values result from
an intentional strategy that prioritizes powerful units and focuses upgrades on what is
truly necessary for effective combat. Notably, our method still achieves superior APU
and PBR values, indicating ef�cient resource utilization and effective macromanagement.
This combination ultimately leads to a higher win rate, demonstrating that strong unit
composition and targeted upgrades enhance overall performance.

However, these metrics have limitations. PBR can become misleadingly high if battles
continue after the army has reached maximum supply, which doesn't necessarily mean the
player is managing resources poorly. RUR penalizes compositions with expensive units,
even though such choices can drive higher win rates. Finally, TR can be lower when only
the most essential technologies are researched, yet upgrading everything without a clear
plan can also undermine a winning strategy. Hence, relying solely on these metrics may not
fully capture the breadth of LLM agents' strategic decision-making.

Method Win rate (%) on Lv.5. PBR (#) RUR (#) APU ( " ) TR (" )

TextStarCraft (Ma et al., 2024) 55 0.0781 7875 0.7608 0.4476
EpicStar (Wu & Hu, 2025) 67 0.1211 9864 0.8123 0.2536
HIMA (Ours) 92 0.0547 15525 0.8325 0.2233

Table 8: Performance on Additional Evaluation Metrics at Harder Level (Lv.5). We present
results for Win rates (%), APU, RUR, PBR, and TR against Computers on Harder Level
(Lv.5). Note that lower values indicate better performance for PBR and RUR, while higher
values are better for APU and TR. The reported metrics for TextStarCraftand EpicStarare
taken from the EpicStarpaper.

G Details about the Number of Specialized Agents

Table 9 shows the results of evaluating HIMA at various game dif�culties while varying the
number of specialized agents within the architecture. As the number of agents increases,
overall performance initially improves but eventually saturates, and beyond a certain
point, it starts to decline. We conjecture that once a critical threshold is reached, the added
complexity and coordination overhead among too many agents can negatively impact
overall ef�ciency and decision making.
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Number of agents
Win Rate (%) at Game Dif�culty

Lv.4 Lv.5 Lv.6 Lv.7 Lv.8 Lv.9 Lv.10

1 90 80 35 20 10 0 0
2 100 80 55 20 10 10 10
3 100 92 84 82 68 20 16
4 100 85 80 70 55 10 10
5 100 85 80 75 60 15 10

Table 9: Win rate by number of agents. We report the Win rates (%) of multi-agent systems
with varying numbers of agents across different StarCraft II built-in AI dif�culty levels.

H Number of Executed Actions over Gameplay in Human
Demonstration

In the early stages of the game, players face constraints imposed by limited resources and
the requirement to unlock speci�c technologies. However, as the match progresses and
economies and technology trees expand, players gain access to a much wider variety of
tactics. This progression is evident in professional gameplay data (Fig. 8), which shows a
steady rise in the number of executed actions up to around the 12-minute mark.

Unlike existing methods (Ma et al., 2024; Wu & Hu, 2025; Li et al., 2025b) that often produce
frequent, isolated actions at each timestep (leading to infeasible or redundant commands),
HIMA generates structured, multi-step sequences that preserve build orders and maintain
strategic coherence over longer horizons. By training on professional demonstrations,
HIMA captures the evolving pattern of available actions and, through a �exible rather
than �xed-length mechanism, incorporates long-term actions from the current state. This
�exibility more accurately re�ects the dynamic spikes in action frequency throughout a
match, ensuring that both short-term tactics and extended strategic developments are
properly modeled.

Figure 8: Number of actions generated per time interval. We compare the number of
actions generated per time interval across 68 games from the Star League 7 tournament
held in 2021. We observe that early stages produce fewer actions due to limited resources
and tech prerequisites, while later stages result in a higher number of actions enabled by a
broader set of tactical options.

I In-depth Analysis of Multi-Agent Response Diversity

We measure the diversity of multi-agent outputs using a negative log-likelihood metric from
prior work (Subramaniam et al., 2025), where a higher value indicates greater variability
among the generated actions. As shown in Figure 9, methods that produce more diverse
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