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ABSTRACT
StarCraft Multi-Agent Challenge (SMAC) has become a widely used
benchmark in multi-agent systems, where agents must control al-
lied units to defeat enemy forces. Traditional MARL methods typi-
cally require millions of environment interactions to train paramet-
ric policies, which are often non-interpretable and exhibit limited
transferability. In this paper, we introduce LLM-SMAC, a closed-
loop Planner–Coder–Critic framework. Given task descriptions,
the LLM planner first generates a decision-tree strategy, which is
translated into executable code by the coder. The generated scripts
are executed in the environment, and reward signals and runtime
feedback are fed back to a critic module for self-reflection and itera-
tive refinement. Through this closed-loop process, this mechanism
progressively improves both strategy design and code implementa-
tion without large-scale environment exploration. We evaluate our
method on the original SMAC tasks and the results show that LLM-
SMAC can produce high-quality, interpretable decision trees with
minimal interaction, while demonstrating strong transferability
across homogeneous SMAC environments without modification.
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1 INTRODUCTION
The StarCraft Multi-Agent Challenge (SMAC) [8], built on Star-
Craft II, is a standard benchmark for multi-agent reinforcement
learning (MARL), featuring micromanagement tasks that require
coordinated control of allied units. Algorithms such as VDN [9],
QMIX [7], QPLEX [11], and MAPPO [12] have achieved strong
empirical results on this benchmark.

However, existing MARL methods have key limitations. They
often require millions of interactions, incur high computational
cost, and produce black-box policies with limited interpretability.
In addition, their transferability is weak, as models trained on one
map typically need retraining to generalize to similar tasks.

In contrast, rule-based decision trees provide interpretable, white-
box reasoning but rely heavily on expert knowledge and lack scala-
bility. Recent advances in Large Language Models (LLMs) [1, 2, 5,
6, 10], particularly code-oriented LLMs [3, 4], enable reliable code
generation and offer a potential bridge between rule-based and
learning-based approaches. We posit that LLM agents can generate
decision tree code from task descriptions and iteratively refine it
using environmental feedback, thereby combining interpretability
with scalability.

We propose LLM-SMAC, a Planner–Coder–Critic framework
that generates and iteratively refines decision-tree code through
closed-loop environmental feedback. Experiments on original SMAC
maps show that LLM-SMAC achieves high win rates with minimal
exploration, while producing interpretable strategies.

2 APPROACH
LLMs have acquired substantial knowledge of StarCraft II and re-
lated scripting frameworks during pretraining. Building on this
foundation, our framework targets code generation for the python-sc2
package, which provides a comprehensive wrapper for StarCraft II
gameplay. Unlike traditionalMARL approaches on pysc2, python-sc2
relies on open-loop control scripts, requiring the LLM to anticipate
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async def on_step(self, iteration: int):

marines = …
marauders = …
medivac = …

# Tanking Strategy        
for marauder in marauders:

marauder.move( …)

# Focus Fire Strategy
closest_target = …
for unit in self.units(…):

unit.attack(closest_target)

# Health Management
if medivac:

target = min(marauders, key) …
medivac.attack(target)

…

ENVCritic ### Summary of the Result and Code Analysis
The provided code implements a basic “hit-and-run” tactic where …

### Why the Code Leads to the Result: 
1. **Inconsistent Retreat Mechanism**: - The retreat mechanism is triggered only when the …
2. …
### Potential Methods to Improve the Tactic: 
1. **Dynamic Retreat Mechanism**: - Implement a more dynamic retreat mechanism that considers …
2. …

Task Information
You are facing a StarCraft micromanage …
You need to defeat all enemy units …
You should protect your units … 
…

Unit Information
Marine has 45 health and 0 shield…
Marauder has 125 health and 9.3 DPS…
Medivac has healing ability…
…

Map Information
The map is MMM with 32*32 sized …
You can control 5 Marines, 2 Marauders,…
Your units are located at (9, 16) …
…

Focus Fire
# Control units to attack the 
closest enemy…

Tanking
# Take advantage of health 
value of Marauder to tank …

Focus Fire and Tanking
# Control units to attack …
While control Marauder to …

Figure 1: The Planner-Coder-Critic architecture. The Planner generates strategic skeletons from task information, the Coder
produces executable Python scripts, and the Critic analyzes execution results to guide refinement.

and plan game dynamics prior to execution. Since planning, cod-
ing, debugging, and refinement impose heavy demands on a single
model, we decompose the decision-tree generation process into
three modules: a strategy planner, a code generator, and a critic.

As shown in Figure 1, for each SMAC task, unit and map informa-
tion are formatted as an environment prompt for the planner LLM,
along with previously learned skills and historical strategies. The
planner outputs a strategy skeleton, including skill definitions and
usage conditions in a decision-tree form. The coder then translates
this structure into executable Python scripts and iteratively tests
them on SMAC maps. Execution feedback, such as stack traces, win
rates, scores, and damage statistics, is passed to the critic, which
analyzes performance or bugs and provides suggestions for strategy
refinement or code correction. The critic also determines whether
the next iteration should revise the high-level plan or improve the
implementation, forming a closed-loop workflow.

3 RESULTS
We evaluate LLM-SMAC on the StarCraft Multi-Agent Challenge
(SMAC) benchmark spanning three difficulty categories. We use
the DeepSeek-Coder-V2.5-236B) [3] as the backbone for all three
modules. The results are shown in Table 1. Each script is evaluated
over 10 episodes with different random seeds. We report win rate
as the primary metric, the planning rounds and the coding rounds
after planning.

4 CONCLUSION
Wepropose LLM-SMAC, a closed-loop Planner–Coder–Critic frame-
work for solving SMAC tasks through LLM-driven decision-tree
generation. A large LLM iteratively plans strategies, generates exe-
cutable code, and refines both design and implementation using en-
vironmental feedback. Experiments demonstrate that LLM-SMAC
produces high-quality, interpretable decision trees with minimal
exploration and strong transferability across tasks. In the future,

Map Win Rate Plan Rounds Code Rounds

3m 100% 2 1.4
8m 100% 5 1.0
25m 100% 32 1.2
8m_vs_9m 90% 22 2.0
10m_vs_11m 100% 19 1.0
27m_vs_30m 90% 35 1.2

2s3z 100% 31 2.0
3s5z 100% 22 3.0
1c3s5z 100% 11 2.6

2m_vs_1z 100% 4 1.0
3s_vs_3z 100% 3 1.0
3s_vs_4z 100% 14 1.2
3s_vs_5z 100% 14 1.4

2c_vs_64zg 100% 18 1.2
corridor 100% 17 1.0
2s_vs_1sc 100% 23 1.2

MMM 100% 15 3.6
bane_vs_bane 100% 14 2.4
so_many_baneling 100% 11 1.0

5m_vs_6m 0% - -
3s5z_vs_3s6z 0% - -
MMM2 0% - -
6h_vs_8z 0% - -

Table 1: LLM-SMAC achieves near-perfect win rate on 19
maps with interpretable strategies. The “-” indicates the
pipeline failed to find winning scripts within iteration limits.

the LLM-SMAC can be leveraged to generate adversarial decision
scripts and construct an MARL training environment. In the future,
the LLM-SMAC can be leveraged to generate adversarial decision
scripts and provide a new MARL training environment.
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