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Abstract

Large Language Models (LLMs) have recently
shown strong reasoning capabilities, motivat-
ing their use in complex decision-making envi-
ronments. StarCraft II (SC2), with its massive
state-action space and partial observability, is a
challenging testbed. However, existing LLM-
based SC2 agents primarily focus on improv-
ing the policy itself, leaving the integration of a
learnable, action-conditioned dynamics model
into the decision loop largely unexplored. In
this work, we propose StarWM and StarWM-
Agent, and conduct the first systematic study of
the learnability and decision utility of player-
view, action-conditioned textual world mod-
els for SC2. StarWM predicts short-horizon
future observations under partial observabil-
ity. StarWM-Agent integrates StarWM into a
lightweight Generate—Simulate—Refine loop for
foresight-driven policy refinement. Extensive
experiments show that StarWM substantially
outperforms zero-shot baselines across multi-
ple dimensions, while StarWM-Agent achieves
consistent win-rate gains of 30%, 15%, and
30% against the SC2 built-in Al at Hard (LVS),
Harder (LV6), and VeryHard (LV7), respec-
tively. Additional analyses show that our
method is complementary to existing history-
summarization SC2-agent approaches, with
their combination achieving the strongest on-
line performance in our evaluation. Code is
available at https://github.com/yxzzhang/
StarwM.

1 Introduction

In recent years, Large Language Models (LLMs)
have demonstrated remarkable reasoning and gen-
eralization capabilities, extending their utility from
general language tasks to complex decision-making
scenarios (Yao et al., 2023; Schick et al., 2023;
Wang et al., 2024a). StarCraft II (SC2), with its
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enormous state-action space and imperfect infor-
mation setting, serves as an ideal environment for
testing the complex decision-making capabilities
of LLMs. Recent work has explored LLM-based
SC2 agents from multiple angles, including ob-
servation summarization mechanisms (Ma et al.,
2024), augmenting inputs with external knowledge
and multi-modal features (Li et al., 2025), and hi-
erarchical designs that separate strategic planning
from tactical execution (Shen et al., 2025). Despite
these advances, most methods primarily focus on
improving the policy itself, while leaving the inte-
gration of a learnable, action-conditioned dynamics
model into the decision loop largely unexplored.

Cognitive science research indicates that when
addressing complex tasks, humans often rely on
internal world models to perform short-term simu-
lation, adjusting their actions to avoid penalties and
maximize rewards (Lake et al., 2017). In machine
learning, world models have been extensively stud-
ied across multiple domains, such as model-based
RL (Janner et al., 2019; Schrittwieser et al., 2020,
Hafner et al., 2025) and autonomous driving (Wang
et al., 2024b; Russell et al., 2025). However, to the
best of our knowledge, there is still no system-
atic study of world models for SC2. Earlier at-
tempts such as StarCraft Defogger (Synnaeve et al.,
2018) focus on state extrapolation (P(sy1y, | 0<t))
rather than action-conditioned dynamics modeling
(P(st+x | 0<t,at)), and thus cannot serve as a
forward simulator for policy refinement.

We attribute the lack of SC2 world models to
two major challenges. First, learning SC2 dynam-
ics is inherently challenging: the environment
exhibits strongly coupled hybrid dynamics, involv-
ing resource flows, task progression, micro-level
unit kinematics, and combat evolution governed by
damage mechanics, all under partial observability.
Second, the decision utility of a learned world
model is non-trivial: even with a learned world
model, it remains unclear how to turn predicted
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Figure 1: Case study comparing our world-model-augmented decision system (StarWM-Agent) with a policy that
does not use a world model. Given the current observation, the LLM policy initially proposes Build Supply Depot.
A 5-second rollout by the world model predicts that minerals will drop to 50 and the supply depot will be 23%
complete, while unused supply remains 18. Based on this prediction, the system revises the action to Train SCV,
avoiding premature infrastructure expenditure that would lead to mineral shortage. This example illustrates that
incorporating a world model can improve macro-management decision-making.

futures into better LLM decisions under a practical
performance—cost trade-off, without resorting to
expensive search algorithms.

To address these challenges, we conduct the first
systematic study of the learnability and decision
utility of player-view, action-conditioned textual
world models for SC2. We propose StarWM, a
learnable action-conditioned dynamics model that
predicts short-horizon future observations condi-
tioned on the current observation and proposed
actions under partial observability. Specifically,
we introduce a textual representation that factor-
izes SC2 observations into five semantic mod-
ules. Based on this representation, we construct
SC2-Dynamics-50K, the first instruction-tuning
dataset for SC2 dynamics prediction, and train
StarWM via supervised fine-tuning. To compre-
hensively evaluate the learned world model, we de-
velop a multi-dimensional offline evaluation frame-
work tailored to SC2’s hybrid dynamics, covering
economy, development, micro-entities, and macro-
situation. To assess its decision utility, we de-
velop StarWM-Agent, a world-model-augmented
decision system that integrates StarWM into a
lightweight Generate—Simulate—Refine loop for
foresight-driven policy refinement. Offline eval-
uation results show that StarWM achieves substan-
tial improvements over zero-shot baselines, includ-
ing nearly 60% gains in resource prediction accu-
racy and self-side macro-situation consistency. On-
line tests of StarWM-Agent demonstrate consistent
win-rate gains of 30%, 15%, and 30% against the
SC2 built-in AI at Hard (LV5), Harder (LV6), and
VeryHard (LV7), respectively. Additional analyses
show that action-conditioned forward simulation
complements history summarization used in exist-
ing SC2 agents, with their combination achieving

the strongest online performance in our evaluation.
In summary, our main contributions are three-
fold:

* Systematic Study of SC2 World Models:
We conduct the first systematic study of the
learnability and decision utility of player-view,
action-conditioned textual world models for
SC2, providing empirical insights that delin-
eate their capabilities and current boundaries.

* Dataset and Evaluation Framework: We
construct SC2-Dynamics-50K, the first
instruction-tuning dataset for SC2 dynamics
prediction, and develop a multi-dimensional
offline evaluation framework tailored to
SC2’s hybrid dynamics.

* World-Model-Augmented Decision System:
We develop StarWM-Agent, which inte-
grates StarWM into a lightweight Generate—
Simulate—Refine decision loop for inference-
time policy refinement and yields consistent
improvements in online decision-making.

2 Related Work
2.1 World Models in Decision Making

Research on world models in decision making fo-
cuses on modeling environment dynamics to sup-
port policy improvement. In model-based RL,
works such as DreamerV3 (Hafner et al., 2025) and
MuZero (Schrittwieser et al., 2020) learn latent dy-
namics models for imagination-based optimization
or online Monte Carlo Tree Search (MCTS), respec-
tively. In autonomous driving, DriveWM (Wang
et al., 2024b) and GAIA-2 (Russell et al., 2025)
use world models to generate high-fidelity video
streams for online trajectory planning or offline

14658



long-tail data synthesis. Recent work has also
explored using LLMs as world models in textual
decision-making environments. RAP (Hao et al.,
2023) and WebDreamer (Gu et al., 2025) use LLMs
to simulate action consequences, but typically rely
on expensive planning algorithms such as MCTS
or Model Predictive Control (MPC) for decision
making. However, to the best of our knowledge,
prior work has not studied the learnability and deci-
sion utility of world models for SC2, where partial
observability, hybrid dynamics, and the huge state-
action space make both dynamics modeling and
cost-effective decision integration challenging.

2.2 LLMs in StarCraft IT

The success of AlphaStar (Vinyals et al., 2019)
demonstrated the potential of end-to-end neural net-
works in SC2, but it relies on massive human data
and league-based self-play training, with high com-
putational costs and unverified out-of-distribution
generalization. Recent work explores leveraging
the pre-training knowledge of LLMs to build more
generalized and interpretable agents with lower
training cost. Existing studies explore enhancing
LLM decision performance from various dimen-
sions: TextStarCraft II (Ma et al., 2024) proposes
Chain of Summarization to compress observation
histories; LLM-PySC2 (Li et al., 2025) introduces
external knowledge and multi-modal observations.
StarEvolve (Shen et al., 2025) employs a hierarchi-
cal framework to decouple strategic planning and
tactical execution. Comm-CoT (Qi et al., 2025b)
achieves task decomposition via multi-agent collab-
oration. MASMP (Qi et al., 2025a) introduces nat-
ural language state machines and strategic memory
to constrain action generation. However, most ex-
isting methods focus on enhancing the LLM-based
policy itself and have not systematically explored
introducing a learnable dynamics model into the
decision loop.

3 Method

3.1 Problem Modeling

We model SC2 as a Partially Observable Markov
Decision Process (POMDP), represented as a tuple
(S, A, T, R, Q,0,7v), where S, A, Q2 denote the
state, action, and observation spaces; 7 (s’ | s,a),
O(o | §',a) and R(s,a) denote the transition, ob-
servation, and reward functions; and y € [0, 1] is
the discount factor. Under this formulation, it is
crucial to distinguish the environment simulator

from the world model studied in this work.

Environment Simulator vs. World Model

The Environment Simulator (God View), such
as the SC2 engine, operates on perfect information
with access to the global state s, € S. Its tran-
sition function 7 : S x Ay — S calculates the
next global state based on joint actions of all play-
ers. While it executes the environment’s objective
transition rules, it is inherently inaccessible to any
player constrained by the Fog of War.

The World Model (Player View) studied in this
paper is built on a single player’s restricted perspec-
tive, under the Fog of War and imperfect informa-
tion. It can only access local observations o; € €2
and faces epistemic uncertainty regarding global
states and opponent intentions. We define the world
model as a probabilistic, action-conditioned dy-
namics model that learns the distribution of future
observations, rather than full-state transitions.

Formulation of Task

We formulate the world model’s prediction task
as follows: given the player’s current observation
o and a sequence of intended actions ay.¢4, the
world model M aims to predict the future obser-
vation 0y, after 7 seconds. Formally:

Oyr ~ PM¢(Ot+T ’ O¢, at:t+7) . (D
This prediction task involves two key challenges:

* Self-side Evolution: Predicting the opponent-
independent parts of the future observation,
such as self-side resources, supply, technol-
ogy, and production progress.

* Opponent-Dependent Interaction: Implic-
itly inferring possible opponent actions and
the opponent-dependent parts of the future
observation, such as visible hostile units and
combat outcomes.

3.2 StarWM: A World Model for SC2

Textual Representation. The SC2 engine pro-
vides highly heterogeneous, structured information,
including scalar values (e.g., minerals, gas, supply),
categorical variables (e.g., unit types, upgrades),
and spatial attributes (e.g., positions). To map them
into an LLM-compatible text space, we serialize
the engine-side observation x; into a textual obser-
vation o, and action u; into a textual action a;,

or = ®(xy), ar = Y(uy), (2)
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where ® denotes the observation-to-text operator
and W denotes the action-to-text operator.

Our key insight is that SC2 dynamics are inher-
ently hybrid, governed by multiple distinct evolu-
tion mechanisms: resource changes are governed
by accumulation and consumption; task progress
follows deterministic temporal progression; unit
movement follows spatial kinematics; and combat
outcomes are driven by damage mechanics. Thus,
we propose a textual observation representation,
explicitly factorizing observation into five distinct
semantic modules:

q)(l‘t) = [finfo(l't); fqueue(%&)? funits(l‘t);
fstruct(mt); fhostile (%ﬁ)]a

where fino describes economy and status, fqueue
records ongoing tasks with progress, funis and
fstruct describe self units and structures with their at-
tributes, and fiosile describes visible enemy entities.
More details and examples of textual representation
are provided in Appendix B.

3)

Training Dataset. Based on this representation,
we construct SC2-Dynamics-50K, a trajectory-
based dataset for dynamics prediction. Specifically,
we collect game trajectories using a rule-based
scripted agent against the SC2 built-in Al, and con-
vert each trajectory into textual training triples of
the form (o, a4+, 014+), where o, = ®(x;) and
ot4r = P(x44,) are the current and future ob-
servations, and ay.;+r = W(upiyr) is the action
sequence executed from time ¢ to £ 4 7.

Training Objective. We train the StarWM by
supervised fine-tuning (SFT) on SC2-Dynamics-
50K. The training objective is the standard negative
log-likelihood:

Lspr = — Zlog P, (0147 | 0ty agtir),  (4)
D

where D denotes the SC2-Dynamics-50K dataset.
In this way, StarWM learns to model action-
conditioned dynamics and predict future observa-
tions in Eq. 1 under partial observability.

3.3 Multi-Dimensional Offline Evaluation
Framework

Existing text-overlap metrics such as BLEU (Pa-
pineni et al., 2002) and ROUGE (Lin, 2004) fail
to capture numerical accuracy, spatial consistency,
and transition-level correctness. Thus, we propose
a multi-dimensional evaluation framework tailored

to SC2’s hybrid dynamics. Given a pair of ground-
truth and predicted observations (o, 6;), we parse
them into structured variables and evaluate them
along four aspects:

Economy & Status. This dimension focuses on
economy and status. We adopt the Symmetric Mean
Absolute Percentage Error (SMAPE) for numerical
prediction:

T
1 [yt — Uil

SMAPE = — _ )
T; (lyel +[9e])/2 + €

where y; and g; are the ground-truth and predicted
values at time step ¢, 7" is the total number of eval-
uation steps, and e ensures numerical stability. For
sparse events such as Alerts and Upgrades, we re-
port F1 on active frames.

Development. This dimension focuses on ongo-
ing tasks and their progress. We calculate Queue
F1 for task prediction accuracy, and Progress MAE
for temporal progress estimation.

Micro-Entity. We evaluate unit existence and
attribute accuracy using a hybrid matching strategy
between predicted units p; and ground-truth units
g;. A pair is counted as a true positive (TP) if either
(i) ID-anchored: id(p;) = id(g;), or (ii) spatial-
anchored: type(p;) = type(g;) and ||pos(p;) —
pos(gi)|l2 < 6. Unmatched predictions are false
positives (FP), and unmatched ground-truth units
are false negatives (FN), from which we compute
Precision, Recall, and FI. For matched pairs, we
report attribute MAE on health and energy.

Macro-Situation. The macro situation can be
characterized by the spatial distribution of entities
from both players. To measure the difference be-
tween predicted and ground-truth spatial distribu-
tions, inspired by optimal transport (Villani, 2009),
we introduce the Augmented Wasserstein Dis-
tance (AWD). It calculates the minimum cost to
transform the predicted distribution to the ground-
truth distribution while penalizing unmatched enti-
ties. Given the ground-truth set G = {g;}, and
the predicted set P = {p; }évzl, we formulate a
linear sum assignment problem with an augmented
cost matrix:

C— |:Dmatch Dmiss:| c R(M+N)><(N+]V[)
Dhalluc 0 ’
(0)
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where Dpaen € RM*N contains pairwise Eu-
clidean distance between predicted and ground-
truth entities, with cross-type pairs assigned infinite
cost. Dpiss € RMXM and Dhaiiue € RVN*N are di-
agonal matrices whose entries are set to a penalty
A to penalize unmatched units.

We solve the assignment problem using the Hun-
garian algorithm (Kuhn, 1955) to obtain the mini-
mum total cost L;..;, and define the final metric:

Ltotal
AWD = ————. 7
M+ N ™
Lower AWD indicates higher consistency with the
ground-truth macro situation.

3.4 World-Model-Augmented Decision System

To study the decision utility of the learned world
model, we develop StarWM-Agent, a world-
model-augmented decision system that follows a
lightweight Generate—Simulate—Refine pipeline for
foresight-driven policy refinement, as shown in Fig-
ure 2. Given the current observation oy, the policy
mp first generates an initial action proposal

Ainit = g (01), (8)

which is then simulated by the world model M to
predict a short-horizon future observation

Opr = M¢(Ot, ainit)- 9
We then construct an augmented context

(10)

¢t = [0t Qinit; Op-47],
and obtain the final decision by a second policy call

an

Afinal = Tp(Ct).

This design aims to balance decision perfor-
mance and inference cost: instead of performing
expensive search over the large SC2 action space,
the world model introduces external foresight into
the policy’s decision process through short-horizon
simulation, and the refinement step allows the pol-
icy to revise the initial action proposal or keep it
unchanged.

By incorporating a world model, StarWM-Agent
obtains two dimensions of decision enhancement.
At the macro-management level, StarWM extends
the agent’s effective decision horizon by forecast-
ing resource flow, supply, and task progress, en-
abling the policy to plan ahead for upcoming bot-
tlenecks such as resource shortages or supply caps.

Obs to Text
U

- - @ Info [ Units/Structures
S T
= Queue R Visible Hostiles
——————— 1
Simulation

o=

Proposed Actions

Figure 2: Framework of our StarWM-Agent. The agent
interacts with the SC2 engine via a textual interface and
follows a Generate—Simulate—Refine decision loop: the
policy first generates an initial action proposal from the
current observation, the world model predicts the short-
horizon future observation, and the policy then makes
the final decision conditioned on the predicted future.

At the micro-tactical level, StarWM serves as a
lightweight combat-and-feasibility simulator, sup-
porting tactical risk assessment before execution,
such as avoiding unfavorable engagements.

4 Experiment

Our experiments are designed around two research
questions. In Section 4.2, we conduct offline eval-
uations to answer RQ1 (Learnability): Can a
trajectory-trained, action-conditioned world model
capture the hybrid dynamics of SC2? In Sec-
tion 4.3, we conduct online evaluation to answer
RQ2 (Decision Utility): Does integrating a learned
world model into the decision loop improve overall
decision-making performance?

4.1 Experimental Setup

Our main experiments use Terran-versus-Terran
games on the Flat64 map as a controlled SC2
evaluation setting for action-conditioned dynamics
modeling and world-model-augmented decision-
making. This setting retains SC2’s large state-
action space, partial observability, and hybrid dy-
namics, while enabling consistent offline and on-
line comparisons across methods.

SC2-Dynamics-50K Dataset. Trajectories are
collected by running a rule-based scripted agent
against the SC2 built-in Al at Harder (LV6) and
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Method Economy Development Micro-Entity Macro-Situation
(Minerals / Gas SMAPE]) (Queue F11 / Progress MAE%)) (Self / Enemy HP MAE%)) (Self / Enemy AWDJ)
Static Bias 0.49/0.25 0.80/24.81 4.81/9.15 8.37/16.13
Qwen3-8B 0.49/0.27 0.73/27.07 5.62/9.01 10.87/17.76
Qwen3-32B 0.48/0.26 0.70/24.27 5.11/8.47 9.79/17.78
StarWM 0.19/0.09 0.92/0.43 4.15/7.90 3.46/18.09

Table 1: Offline evaluation results. MAE for Progress and Health Percentage (HP) is computed as absolute difference
in percentage. Our StarWM significantly outperforms baselines in predicting economy values, development progress,
unit health, and self-side macro-situation. Detailed results are provided in the Appendix D.1.

VeryHard (LV7), where both the scripted agent
and the built-in Al use randomized strategy
styles. We perform an 8:1:1 trajectory-level
train/validation/test split before sample construc-
tion, and then use a 5-second prediction horizon
(i.e., 7 = 5) with a sliding-window step of 1 sec-
ond, yielding 50,407 training samples, 6,774 vali-
dation samples, and 6,579 test samples. Detailed
dataset construction and diversity analysis are pro-
vided in Appendix C.1, while a full sample is pre-
sented in Appendix F.1.

World Model Training. We use Qwen3-8B
(Yang et al., 2025) as the backbone of StarWM
and perform supervised fine-tuning (SFT) with
LLaMA-Factory (Zheng et al., 2024). We adopt
LoRA (Hu et al., 2022) with rank 8, a learning rate
of 5x107°, and train for 10 epochs on 8 xH100
GPUs.

Offline Evaluation Settings. We compare
StarWM against three baselines: Static Bias (copy-
ing the input observation as the prediction), Qwen3-
8B (zero-shot), and Qwen3-32B (zero-shot). De-
tailed settings are provided in Appendix C.2.

Online Evaluation Settings. Online baselines
include zero-shot Qwen3-8B/32B policies and a
Chain-of-Summarization (CoS) baseline adapted
from TextStarCraft II (Ma et al., 2024). Matches
are conducted against the SC2 built-in Al using
randomized strategy styles. We report multiple on-
line metrics, including win rate, supply block rate,
resource conversion rate, kill-loss ratio, and valid
action rate. Detailed online implementation and
metric definitions are provided in Appendix C.3.

4.2 Offline Evaluation of Star WM

Main Results. As shown in Table 1, StarWM
yields the strongest performance across most met-
rics. (1) Economy: For resource forecasting,
StarWM achieves SMAPE of 0.19 / 0.09 for min-
erals and gas, respectively, significantly outper-

forming the zero-shot 32B baseline (0.48 / 0.26),
with reductions of 60% and 65%. (2) Develop-
ment: StarWM reaches a Queue F1 of 0.92, while
Progress MAE drops to only 0.43%, whereas all
baselines exceed 24%. These results suggest that
StarWM captures both task progression and macro-
management logic. (3) Micro-level attributes:
Compared to zero-shot 32B’s 5.11% / 8.47%,
StarWM reduces the HP MAE for self/enemy units
to 4.15% / 7.90%, and also significantly outper-
forms the Static Bias baseline. This indicates that
StarWM effectively models combat attrition dy-
namics, enabling the simulation of health degra-
dation under combat interactions. (4) Macro-
Situation: For the self-side entity distribution (in-
cluding units and structures), compared to 8.37 for
Static Bias and 9.79 for the zero-shot 32B base-
line, StarWM reduces the AWD to 3.46, an im-
provement of nearly 60%, indicating more accurate
action-conditioned kinematics prediction.

Limits of Zero-Shot LLLMs as World Models.
Table 1 shows that zero-shot LLMs (both 8B and
32B) fail to consistently outperform the simple
Static Bias across most metrics. This weakness is
not solely caused by invalid output formats: the
parsing success rates of zero-shot 8B, 32B, and
StarWM are 96.38%, 97.54%, and 99.44%, respec-
tively. Since unparsable outputs are excluded from
metric computation and the numbers of parseable
samples are comparable across methods, the re-
maining gap suggests that generic pre-trained lan-
guage models lack prior knowledge of SC2’s spe-
cific physical laws, and therefore cannot directly
function as accurate forward dynamics models
without task-specific adaptation.

Boundary under Partial Observability. For
enemy-side macro-situation, both StarWM and
zero-shot LLMs perform slightly worse than Static
Bias (e.g., AWD 18.09 vs. 16.13), highlighting
a key boundary of single-frame prediction under
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Fog of War. Under partial observability, StarWM
attempts to predict plausible enemy-side evolution
(e.g., scouting or regrouping) conditioned on the
current observation, but such predictions are inher-
ently under-determined without sufficient tempo-
ral evidence. To probe whether temporal informa-
tion helps, we further train a history-augmented
StarWM using (0¢—2,0¢—1, 0, g.p+,) to predict
Ot+r. As shown in Table 8, temporal history im-
proves the overall prediction performance. Enemy-
side AWD also improves slightly, but remains chal-
lenging. This suggests that history helps, while
more accurate prediction under partial observabil-
ity points to the need for stronger temporal memory
and belief-state modeling, which we leave for fu-
ture work.

Case Study. Figure 6 provides an intuitive ex-
ample. The spatial distribution of self units pre-
dicted by StarWM (hollow circles) closely matches
the ground truth (filled circles), preserving the
army formation, whereas zero-shot LLM predic-
tions appear more scattered and less coherent.
Additional case studies and temporal analysis of
macro-situation consistency are provided in Ap-
pendix D.3.

Cross-map and Out-of-domain Opponent Probe.
To probe the generalization of StarWM, we fur-
ther evaluate it without retraining on the unseen
Flat128 map against the built-in Al at Hard (LV5).
As shown in Table 9, despite the distribution shift,
StarWM remains strongest on most economy, de-
velopment, and self-side metrics, with enemy AWD
as the main exception. This suggests that StarWM
learns dynamics that are not merely tied to the orig-
inal training distribution, but generalize to some
extent across map and opponent shifts. Details are
provided in Appendix D.4.

Action-Conditioned Prediction Probe. We fur-
ther fix an early-game observation and evaluate
StarWM under different single-action inputs. Fig-
ure 8 shows that the resulting future observations
are distinct and logically consistent with the in-
put actions, qualitatively illustrating that StarWM
learns action-conditioned dynamics rather than
merely reproducing surface-level textual patterns.

Prediction Horizon Analysis. We further ex-
plore a longer prediction horizon by training
StarWM with 7 = 10 under the same training-
data scale as the main setting. As shown in Ta-
ble 10, although StarWM’s prediction performance

at 7 = 10 degrades compared with that at 7 = 5,
it does not completely collapse and remains sub-
stantially better than Static Bias on most economy,
development, and self-side metrics. Details are
provided in Appendix D.6.

4.3 Online Evaluation of StarWM-Agent

Overall Performance. Table 2 shows that our
StarWM-Agent achieves the best overall perfor-
mance across all difficulty levels. Compared to
the baselines, StarWM-Agent (8B) improves win
rates by 10% / 5% / 20% against LVS5 / LV6 / LV7,
respectively, while StarWM-Agent (32B) achieves
larger gains of 30% / 15% / 30%. Notably, although
StarWM is trained only on LV6 and LV7 trajecto-
ries, StarWM-Agent still achieves substantial im-
provements against the unseen LV5 opponent.

Macro and Tactical Effects. Beyond win rate,
StarWM-Agent also improves decision quality in
both macro-management and micro-tactical dimen-
sions. At the macro-management level, it reduces
Supply Block Rate (SBR) by approximately 53%
for the 8B policy and 15% for the 32B policy,
while improving Resource Conversion Rate (RCR)
by 49% and 23%, respectively. These gains sug-
gest that world-model lookahead helps the policy
anticipate upcoming supply bottlenecks, resource
shortages, and idle production facilities, leading to
more proactive macro-management decisions. At
the micro-tactical level, Kill-Loss Ratio (KLR) im-
proves by around 21% for both policies, suggesting
that world-model simulation helps the policy assess
tactical risks and make better combat decisions.

Complementarity with CoS. To position
StarWM-Agent against existing SC2 LLM-agent
mechanisms, we further compare it with a Chain-
of-Summarization (CoS) baseline adapted from
TextStarCraft II (Ma et al., 2024), a representative
existing method for compressing observation
histories before action generation. As shown in
Table 3, CoS improves win rate from 0% to 10%,
while StarWM-Agent reaches 20%; combining
CoS with StarWM-Agent further improves win rate
to 35% and achieves the best RCR, KLR, and VAR.
This suggests that our methods are complementary
to CoS: CoS compresses observation histories,
whereas StarWM provides action-conditioned
forward simulation. The average decision latency
also reveals a clear performance—cost trade-off
under the common LLM-SC2 protocol that pauses
the engine at decision frames.
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Setting Win Rate(%)1  Supply Block Rate(%)]

Resource Conversion Rate(%)1

Kill-Loss Ratio(%)1 Valid Action Rate(%)1

LV5 (Hard)

Qwen3-8B 0.0% 63.58 4+ 13.54 29.09 + 19.14 15.22% 17.89 +£12.25
Qwen3-32B 20.0% 25.45 £ 17.47 52.32 £+ 23.03 62.42% 41.31 +20.81
StarWM-Agent (8B) 10.0% 5.42 £4.97 84.20 £ 14.21 50.44% 86.29 £+ 12.88
StarWM-Agent (32B) 50.0% 6.09 +4.61 81.11 4+ 7.56 89.87% 85.57 £ 11.01
LV6 (Harder)

Qwen3-8B 5.0% 58.31 £ 21.15 36.12 + 21.36 6.25% 28.00 + 21.64
Qwen3-32B 25.0% 21.41 £+ 21.29 58.81 +£21.34 27.42% 55.49 £ 25.58
StarWM-Agent (8B) 10.0% 10.57 £9.28 78.77 £8.82 28.12% 82.37 +£10.23
StarWM-Agent (32B) 40.0% 5.93 £5.20 78.67 £ 8.66 41.30% 84.00 £+ 11.22
LV7 (VeryHard)

Qwen3-8B 0.0% 58.74 £ 19.99 32.78 + 21.61 12.30% 25.29 + 20.86
Qwen3-32B 20.0% 16.39 + 21.25 55.74 £ 20.72 29.26% 61.64 + 26.31
StarWM-Agent (8B) 20.0% 5.51 £5.21 82.89 4+ 8.96 20.00% 82.13 £ 11.91
StarWM-Agent (32B) 50.0% 5.39 +4.90 76.27 +16.14 50.51% 81.99 + 22.50

Table 2: Online evaluation against SC2’s built-in Al at different difficulty levels. StarWM-Agent (8B/32B) denotes
our world-model-augmented decision system using zero-shot Qwen3-8B/32B as the policy model. Each setting is
evaluated over 20 matches. Note that LVS5 is an out-of-distribution (OOD) opponent, as StarWM was trained only

on LV6 and LV7 trajectories.

Setting Pipeline Wint SBR| RCR?T KLRT VART Latency (s)}
Policy-only Generate 0.0 58.74+19.99 32.78+21.61 1230 25.29+20.86 1.96+0.62
CoS CoS + Generate 10.0 31.00 £21.51 56.07£17.03 11.34 54.37+16.16 6.34 £0.81
StarWM-Agent Generate + Simulate + Refine 20.0 5.51+5.21 82.890+896 20.00 82.13+11.91 11.61+3.78
CoS + StarWM-Agent  CoS + Generate + Simulate + Refine  35.0 6.13+7.48  86.92+10.00 2940 83.16+15.02 14.92+3.25

Table 3: Comparison with Chain-of-Summarization (CoS) against the SC2 built-in Al at LV7 (VeryHard), using
zero-shot Qwen3-8B as the policy model. Metrics except latency are percentages (%); latency denotes the average
per-decision inference time. The CoS baseline is adapted from TextStarCraft II (Ma et al., 2024).

Setting Wint SBR| RCRT KLRT VARt ARR
Generate (Policy-only) 00 5874 3278 1230 2529 -

+ Refine 50 919 7644 1397 78.04 34.64
+ Zero-shot WM Simulate  10.0 998  72.80 14.80 7844 26.66
+ StarWM Simulate 20.0 551 82.89 20.00 8213 3233

Table 4: Ablation study against LV7 (VeryHard), using
zero-shot Qwen3-8B as the policy model. Metrics are
percentages (%); ARR denotes Action Revision Rate.

Ablation Study. To isolate the source of
StarWM-Agent’s performance gains, we conduct
an internal ablation against LV7 (VeryHard) using
zero-shot Qwen3-8B as the policy model (Table 4).
Specifically, we compare four configurations with
progressively added components: (1) Generate,
where the policy directly outputs actions; (2) Gener-
ate + Refine, which enables self-reflection; (3) Gen-
erate + Zero-shot WM Simulate + Refine, where a
zero-shot Qwen3-8B serves as a world model for
forward simulation with the same prompt template
as StarWM; and (4) Generate + StarWM Simulate
+ Refine (i.e., StarWM-Agent), which incorporates
the trained world model.

Compared with direct generation, self-reflection
substantially improves macro-management metrics,

reducing Supply Block Rate from 58.74% t0 9.19%
and increasing Resource Conversion Rate from
32.78% to 76.44%, with a modest win-rate gain
from 0% to 5%. Adding zero-shot world-model
simulation further improves win rate to 10% and
Kill-Loss Ratio to 14.80%, suggesting that exter-
nal predictive signals provide value beyond self-
reflection alone. Finally, incorporating the trained
StarWM achieves the best overall performance, in-
creasing win rate to 20% and improving all key met-
rics. These results suggest that StarWM-Agent’s
gains come not only from additional inference-time
computation, but also from more accurate action-
conditioned simulation.

Action Revision Analysis. Under the main set-
tings (Table 2), the Action Revision Rates of
StarWM-Agent (8B) and StarWM-Agent (32B)
are 32.74% and 19.45%, respectively, aggregated
across the three opponents. As shown in Figure 9,
Build Supply Depot is the most frequent added ac-
tion for StarWM-Agent (32B), consistent with its
improved macro-management. The case in Fig-
ure 1 further illustrates how world-model simula-
tion helps refine a suboptimal initial action.
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5 Conclusion

We present StarWM, a player-view, action-
conditioned textual world model for SC2, together
with StarWM-Agent, a world-model-augmented
decision system for foresight-driven policy refine-
ment. Offline evaluation shows the learnability of
key SC2 dynamics from trajectory data, while on-
line evaluation demonstrates the decision utility of
integrating the learned world model into the policy
loop. Our analyses also characterize the bound-
aries of the current formulation. We believe this
work provides useful insights for the community
and motivates future research on world models for
complex partially observable competitive environ-
ments.

Limitations

Temporal Modeling under Partial Observability.
As discussed in Section 4.2, our offline analysis
identifies a boundary of the current single-frame
prediction formulation: future enemy-side states
are not fully determined by the current observa-
tion under Fog of War. Our history-augmented
experiment further shows that temporal history can
improve prediction, suggesting that additional tem-
poral evidence is useful. More accurate prediction
under partial observability may require stronger
temporal memory and belief-state modeling, which
we leave for future work.

Controlled Evaluation Scope. Our main experi-
ments are conducted in a controlled SC2 evaluation
setting against built-in Al opponents with random-
ized strategy styles, enabling consistent evaluation
of action-conditioned dynamics modeling and de-
cision utility. Although we include preliminary
probes beyond the main setting, such as additional-
map and out-of-domain-opponent probes, these
probes are not intended as a comprehensive eval-
uation across the full diversity of SC2 maps and
race matchups. Extending StarWM to more diverse
maps and asymmetric race matchups remains an
important direction for future work.

Inference Cost and Real-Time Deployment.
Existing LLM-based SC2 agents mainly prioritize
improving policy decision quality over satisfying
strict real-time APM constraints. In online matches,
they typically pause the game engine at decision
frames, wait for agent inference, and then resume
execution with the generated actions. Our eval-
uation follows this common protocol, while we

additionally report latency analysis to make the
performance—cost trade-off explicit. For stricter
real-time deployment, future work may reduce in-
ference cost by predicting only state deltas instead
of full future observations, distilling StarWM into
a smaller model, or improving serving efficiency.

Textual Representation Fidelity. The textual
representation is a task-oriented compression of
engine-side structured information rather than a
lossless encoding. The observation-to-text oper-
ator ®(-) preserves information most relevant to
short-horizon dynamics modeling, while abstract-
ing away some fine-grained entity attributes. Future
work may further improve representation fidelity
by incorporating richer structured signals or multi-
modal state representations.
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A Introduction to StarCraft I1

Game Overview. StarCraft II (SC2) is a real-
time strategy (RTS) game developed by Blizzard
Entertainment and is widely regarded as a bench-
mark for complex sequential decision-making. In
the standard competitive 1v1 setting, the game
can be modeled as a two-player zero-sum partially
observable stochastic game. Each player selects
one of three asymmetric races—Terran, Protoss, or
Zerg—with race-specific units, technologies, and
strategic styles.

Complexity. SC2 integrates both macro-
management and micro-tactical control. At
the macro level, players collect minerals and
vespene gas, maintain supply capacity, expand
bases, and advance through technology trees to
unlock stronger units. At the micro-tactical level,
players control unit movement, positioning, and
engagement decisions during battles, requiring
coordination among heterogeneous units under
time pressure. The state and action spaces are
high-dimensional and combinatorial, making
long-horizon planning and execution particularly
challenging.

Dynamics Characteristics. SC2 dynamics are
hybrid and heterogeneous. Resource quantities
change according to collection rates and action
costs. Task progress follows deterministic build-
time rules. Unit positions evolve under kine-
matic constraints, while unit health is governed by
interaction-based combat dynamics. Meanwhile,
due to the Fog of War, opponent states and actions
are highly unobservable and must be inferred from
limited information. This mixture of deterministic
rules, interaction-driven effects, and partial observ-
ability makes accurate modeling of SC2 dynamics
particularly challenging.

B Details and Examples of Textual
Representation

B.1 Textual Representation

Textual Observation Representation. We pro-
pose a textual observation representation ®(-), ex-
plicitly factorizing observation into five distinct
semantic modules. This design aims to decom-
pose the observation-level dynamics into a set of
sub-dynamics. The observation oy is structured as:

1. Info: Describes economy and status (Min-
erals, Gas, Collection Rate, Supply, Alerts,

Upgrades). This module isolates numerical
flow from spatial complexity.

2. Queue: Records ongoing tasks (construction,
production, upgrades) and their progress. This
module focuses on deterministic temporal pro-
gression.

3. My Units: Includes self units’ IDs, positions,
health percentage (HP), energy and status.
This module focuses on kinematics and dam-
age interactions.

4. My Structures: Describes self static assets.
This module separates structures from units
to focus on state switching.

5. Visible Hostiles: Includes visible enemy
units, structures, and snapshot enemy struc-
tures under the fog of war. This module iso-
lates uncertainty handling for partial observ-
ability.

Textual Action Representation. The textual ac-
tion representation W(-) follows a three-part for-
mat:

subject_type [id] - action - target.

It consists of the acting entity, the action name, and
an optional target field. Depending on the subject
and action type, the target field takes one of the
following forms:

* Entity target. For actions targeting a specific
entity (e.g., repair or heal), the target is repre-
sented as

target_type [id].

* Spatial target. For actions targeting a loca-
tion (e.g., move), the target is represented as
coordinates.

* Empty target. For actions without an explicit
target (e.g., production-related actions), the
target field is left empty.

Examples of Textual Representation. Figure 3
shows an example of the textual observation and
textual action used in StarWM.
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B.2 Potential Information Loss

The textual representation is a task-oriented com-
pression of the engine-side structured information,
rather than a lossless encoding. Specifically, the
observation-to-text operator ®(-) is lossy: it pre-
serves information most relevant to short-horizon
dynamics modeling, while omitting certain entity-
level attributes. In contrast, the action-to-text op-
erator W(-) is a near-bijective mapping between
textual and executable engine actions, with the
only loss arising from the quantization of floating-
point coordinates into integers. Table 5 summarizes
representative retained and omitted attributes for
entity-level attributes.

Raw Engine Attr. Used Note

type_name v

tag v Convert to integer ID

owner_id v

position v Quantize from float to in-
teger

health, health_max v Represent as health per-
centage

energy, energy_max v Represent as energy per-
centage

buffs v

build_progress, v Group into Queue

orders

add_on_tag v

is_flying v

is_snapshot, v

is_visible

attack_upgrade_level, v Group into Upgrades

armor_upgrade_level,
shield_upgrade_level

shield, shield_max
cloak, is_burrowed,
is_powered
is_hallucination,
is_active

facing, radius
detect_range
radar_range
weapon_cooldown

age, age_in_frames

> X

> X > X

Table 5: Entity-level attributes retained in or omitted
from the textual observation. Retained attributes may
still be compressed (e.g., coordinate quantization or
percentage-based normalization).
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Examples of Textual Representation

Textual Observation:

[Info]

Time: ©03:28 | Race: Terran | Enemy Race: Terran | Map: Flat64
Minerals: 215 (+1371/min) | Gas: 77 (+223/min)

Supply: 35/46 (Army: 9, Workers: 26)

Alerts: None

Upgrades: None

[Queue]

- Orbitalcommand [1] at (63,61): Commandcentertrain_scv (43%)

- Barracks [37] at (56,51): Barrackstrain_marauder (80%)

- Commandcenter [53] at (43,64): Upgradetoorbital_orbitalcommand (0%)
- Starport [66] at (53,54): Starporttrain_vikingfighter (72%)

- Constructing: Barracks [88] at (53,59) (23%)

[My Units]

> Workers: (22Mining:[2,3,4,5,6,8,9,10,11,12,13,24,32,38,40,41,42,55,62,72,83,90], 1Mule:[82])
- Scv [74] at (54,58) (HP:100%, St:Building)

> Army:

- Hellion [70] at (41,54) (HP:100%, St:Idle)

- Siegetank [89] at (31,34) (HP:100%, St:Moving)

[My Structures]

- Orbitalcommand [1] at (63,61) (HP:100%, Eng:11%, St:Training)
- Supplydepotlowered [28] at (50,60) (HP:100%, St:Idle)

- Refinery [30] at (59,68) (HP:100%, St:Idle)

- Barracks [37] at (56,51) (HP:100%, St:Training, AddOn:Techlab [73])
- Refinery [39] at (70,58) (HP:100%, St:Idle)

- Factory [43] at (59,48) (HP:100%, St:Idle, AddOn:Techlab [61])
- Commandcenter [53] at (43,64) (HP:100%, St:Upgrading)

- Supplydepotlowered [54] at (53,57) (HP:100%, St:Idle)

- Factorytechlab [61] at (62,48) (HP:100%, St:Idle)

- Starport [66] at (53,54) (HP:100%, St:Training)

- Barrackstechlab [73] at (59,51) (HP:100%, St:Idle)

[Visible Hostiles]
> Enemy Units:
- Scv [77] at (32,26) (HP:100%)
- Marine [93] at (25,30) (HP:100%)
- Marine [95] at (25,28) (HP:100%)
> Enemy Structures:
- Supplydepotlowered [91] at (28,28) (HP:100%)
- Starporttechlab [92] at (33,25) (HP:100%)
- Starport [94] at (30,25) (HP:100%)
- Factory [96] at (23,28) (HP:100%)
> Snapshot Enemy Structures:
- Barracks at (30,22)
- Orbitalcommand at (24,22)

Textual Action:

Scv [42] - Smartcmd - Orbitalcommand [1]
Hellion [70] - Move - (18, 20)
Barracks [37] - Barrackstrain_marine

Figure 3: An example of the textual observation and textual action.
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C Details of Experimental Setup

C.1 SC2-Dynamics-50K Dataset

We build SC2-Dynamics-50K, the first instruction-
tuning dataset for SC2 dynamics prediction. The
dataset is constructed from Terran vs. Terran
(TvT) games on the Flat64 map, as this setting
provides sufficient complexity for evaluating our
core methodology.

Data Collection. We collect trajectories by run-
ning a rule-based agent against SC2’s built-in Al
at Harder (LV6) and VeryHard (LV7), with 50 tra-
jectories per level (100 trajectories in total). Both
the scripted agent and the built-in Al use random-
ized strategy styles. Specifically, the built-in Al
samples from Rush, Timing, Power, Macro, and
Air styles, while the scripted agent uses 126 ran-
domized opening styles and can adaptively switch
strategies during a game according to the current
situation. This design increases trajectory diversity
and broadens coverage of the state-action distribu-
tion.

Data Processing. We then split trajectories into
train/validation/test with a ratio of 8:1:1. We set
the prediction horizon to 5 seconds (i.e., 7 = 5)
with a sliding window step of 1 second. Using the
textual representation, we convert trajectories into
instruction-tuning triples of the form:

(0t, Qp:tyr) = Opyr (12)
This yields 50,407 training samples, 6,774 valida-
tion samples, and 6,579 test samples.

Dataset Diversity and Coverage. Although SC2-
Dynamics-50K is collected in a controlled TvT-
on-Flat64 setting, diversity is introduced through
randomized strategy styles on both the scripted
agent and the built-in Al as well as variable game
outcomes and game durations. Across the 100 col-
lected trajectories, the scripted agent achieves
56% win rate against LV6 and 60% against
LV7, indicating that the dataset contains both win-
ning and losing games under different opponent
difficulties. Figure 4 further shows that the col-
lected trajectories span a broad range of game du-
rations. While SC2-Dynamics-50K does not cover
the full SC2 state-action space, it spans a diverse
and non-trivial subset of the TvT-on-Flat64 state-
action space, which is sufficient for testing the core
claims of this work.

B 1V6
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Figure 4: Distribution of trajectory durations in the 100
collected games used to build SC2-Dynamics-50K. For
LV6, durations range from 347s to 1182s (mean 658.9s,
median 606.0s). For LV7, durations range from 282s to
1033s (mean 616.3s, median 599.5s).

Example of SC2-Dynamics-50K. Appendix F.1
provides a detailed sample of SC2-Dynamics-50K.

C.2 Offline Evaluation Settings.

For the macro-situation metric (AWD), we set the
penalty A = 90.5, which corresponds to the di-
agonal distance of the Flat64 map. For micro-
entity matching, we set the spatial threshold § =
10.0. We compare StarWM against three baselines:
Static Bias (copying the input observation as the
prediction), Qwen3-8B (zero-shot), and Qwen3-
32B (zero-shot).

C.3 Online Evaluation Settings.

Implementation. We adopt SC2Arena (Shen
et al., 2025) as the online evaluation framework,
with an LLM serving as the policy model. On-
line baselines include zero-shot Qwen3-8B/Qwen3-
32B policies and a Chain-of-Summarization (CoS)
baseline adapted from TextStarCraft I (Ma et al.,
2024). Since the full TextStarCraft II system is
tied to a Protoss-vs-Zerg setting and relies on hand-
crafted rule scripts for micro-control, it cannot be
directly transferred to our setting. We therefore
implemented a TextStarCraft-II-style CoS baseline
in our platform using the same CoS prompt tem-
plate as TextStarCraft II: it first summarizes the
three most recent observations into a concise CoS
summary, then generates executable actions condi-
tioned on the current observation and this summary.

To implement our StarWM-Agent, we extend
SC2Arena with additional modules for world
model prediction and action refinement, while
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Name Formula

Description

Win Rate WR Number of Games Won

~ Total Number of Games Played

Supply Block SBR — Time Supply Blocked
Rate "~ Total Game Time
Resource
Conversion RCR — Total Resources Spent
Rate Total Resources Collected
Kill-Loss Ratio KLR — Killed Enemy Army Value
Lost Army Value
Valid Action VAR — Number of Valid Actions
Rate " Total Number of Issued Actions
Action

Revision Rate

x 100%

x 100%

x 100%
x 100%

100%

N
ARR = % t:zl H(a?“al o ai““) x 100%

Primary Metric: Measures the proportion of games
won, reflecting the overall performance of the agent.
Higher values indicate stronger end-to-end perfor-
mance.

Macro-Management Metric: Measures the fraction of
in-game time during which the agent is supply-blocked,
reflecting its ability to balance production and supply
expansion. Lower values indicate better macro manage-
ment.

Macro-Management Metric: Measures the proportion
of collected resources that are effectively spent, reflect-
ing the agent’s ability to translate economic growth into
actions. Higher values indicate more efficient resource
utilization.

Combat Metric: Evaluates combat efficiency based on
the economic value of killed and lost army units. Higher
values indicate more favorable resource exchanges in
combat.

System Stability Metric: Measures the proportion of
valid actions issued by the agent, reflecting the robust-
ness of action generation under diverse situations. An
action is considered invalid if it cannot be executed by
the game engine at the corresponding timestep.

Mechanism Analysis Metric: Measures how often the
agent modifies its initial action proposal during decision
refinement. Here, ai™* and a™® denote the initial and
final actions at decision step t, respectively, and IV is
the total number of decision steps. This metric reflects
the extent to which world model predictions influence

final decisions.

Table 6: Detailed definitions and formulas of the online evaluation metrics.

reusing its original components for initial action
generation (including instructions) and interaction
with the underlying game engine. We conduct on-
line matches against the SC2 built-in Al at Hard
(LVS), Harder (LV6), and VeryHard (LV7), with
the built-in AI’s strategy style randomized, which
represent the highest non-cheating difficulty levels.
Due to resource constraints, all online experiments
are conducted under the /no_think setting.

Metrics for Online Evaluation. We define mul-
tiple online metrics to characterize decision qual-
ity from multiple aspects, including overall per-
formance, macro management, combat efficiency,
system stability, and decision refinement. Table 6
presents the detailed definitions and formulas of
these metrics.

D Detailed Results of Offline Evaluation

D.1 Quantitative Results

Table 7 reports detailed quantitative results of of-
fline evaluation, aligning with the conclusions pre-
sented in Table 1.

D.2 History-Augmented StarWM under

Partial Observability

To explore whether temporal information helps
world-model prediction under partial observabil-
ity, we further train a history-augmented StarWM
with h = 3, using (02, 0t_1, 0, ¢4+ ) to predict
o+r. Table 8 compares the single-frame StarWM
with its history-augmented variant.

As shown in Table 8, temporal history im-
proves overall prediction performance. In par-
ticular, Progress MAE decreases from 0.43% to
0.21%, and self-side AWD decreases from 3.46 to
3.21, indicating better task-progress estimation and
self-side macro-situation consistency. Enemy-side
AWD also improves slightly from 18.09 to 17.87,
but remains challenging under Fog of War. These
results suggest that temporal information is use-
ful for world modeling, while accurate prediction
under partial observability likely requires stronger
memory mechanisms for longer-history compres-
sion and belief-state modeling, which we leave for
future work.
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Metric Classification Metrics Our StartWM  Qwen3-32B (Zero-shot) Qwen3-8B (Zero-shot) Static Bias
Macro-Situation Self Unit AWD 5.96 13.44 14.41 13.89
Consistency
Self Struct AWD 0.96 6.15 7.32 2.84
Enemy Unit AWD 30.94 27.75 28.34 27.23
Enemy Struct AWD 15.17 15.22 15.73 14.09
Snapshot Enemy Struct AWD 8.16 10.36 9.2 7.07
Economy & Minerals SMAPE 0.19 0.48 0.49 0.49
Status
Minerals Rate SMAPE 0.09 0.73 0.37 0.12
Gas SMAPE 0.09 0.26 0.27 0.25
Gas Rate SMAPE 0.12 0.58 0.34 0.12
Supply Used SMAPE 0.02 0.21 0.04 0.04
Supply Cap SMAPE 0.01 0.2 0.03 0.02
Alerts F1 0 0.02 0.02 0.02
Upgrades F1 1 0.98 0.98 0.98
Workers num SMAPE 0.02 0.07 0.04 0.03
Development Queue F1 0.92 0.7 0.73 0.8
Progress(%) MAE 0.43 24.27 27.07 24.81
Micro Entity Self Unit F1 0.94 0.87 0.85 0.85
Attributes
Self Unit Prec. 0.94 0.87 0.86 0.86
Self Unit Recall 0.96 0.91 0.86 0.85
Self Unit HP(%) MAE 4.15 5.11 5.62 4.81
Self Unit Energy(%) MAE 1.47 4.81 3.89 3.49
Self Struct F1 0.99 0.93 0.92 0.97
Self Struct Prec. 0.99 0.92 0.91 0.98
Self Struct Recall 0.99 0.96 0.94 0.96
Self Struct HP(%) MAE 0.65 0.63 0.66 0.61
Self Struct Energy(%) MAE 0.07 3.42 4.71 3.33
Enemy Unit F1 0.65 0.69 0.69 0.7
Enemy Unit Prec. 0.68 0.73 0.72 0.74
Enemy Unit Recall 0.68 0.72 0.72 0.73
Enemy Unit HP(%) MAE 79 8.47 9.01 9.15
Enemy Unit Energy(%) MAE 2.54 2.59 2.61 2.58
Enemy Struct F1 0.83 0.83 0.83 0.84
Enemy Struct Prec. 0.84 0.84 0.84 0.85
Enemy Struct Recall 0.84 0.84 0.83 0.85
Enemy Struct HP(%) MAE 291 4.4 451 4.85
Snap Enemy Struct F1 0.91 0.88 0.9 0.92
Snap Enemy Struct Prec. 0.92 0.9 0.91 0.93
Snap Enemy Struct Recall 0.91 0.89 0.9 0.93

Table 7: Detailed offline evaluation results across multiple dimensions.

D.3 Temporal and Qualitative Analyses

Temporal Analysis of Macro-Situation Consis-
tency. Figure 5 shows the temporal evolution of
AWD over game time. StarWM maintains consis-
tently lower self-side AWD than the zero-shot 32B
baseline, indicating more stable macro-situation
prediction.

Case Study. Figure 6 provides an intuitive exam-
ple. The spatial distribution of self units predicted
by StarWM (hollow circles) closely matches the
ground truth (filled circles), preserving the army
formation, whereas zero-shot LLM predictions ap-
pear more scattered and less coherent. This is con-
sistent with StarWM’s lower self-side AWD in Ta-
ble 1. Notably, Figure 7 presents an interesting
phenomenon. When self units move into unobserv-

able areas, StarWM predicts potential enemy units
within those regions (red hollow circles). Although
this causes a false positive in offline evaluation, it
suggests the learned statistical regularity that en-
emy defenders are likely to exist when approaching
hostile territory.

D.4 Cross-Map and Out-of-Domain
Opponent Probe

To assess whether the dynamics learned by
StarWM transfer beyond the training map and
opponent distribution, we evaluate StarWM on
a small out-of-domain test set without retraining.
Specifically, we collect 5 trajectories on the un-
seen Flat128 map, using the same rule-based agent
against the SC2 built-in Al at Hard (LV5), with
randomized strategy styles on both sides. Using
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Method Economy Development Micro-Entity Macro-Situation
(Minerals / Gas SMAPE]) (Queue F11 / Progress MAE%/) (Self / Enemy HP MAE%,) (Self / Enemy AWDJ])

StarWM 0.19/0.09 0.92/0.43 4.15/7.90 3.46/18.09

StarWM-History 0.19/0.08 0.92/0.21 4.08/7.84 3.21/17.87

Table 8: Offline evaluation of single-frame StarWM and history-augmented StarWM. The history-augmented variant
uses three recent observations (0;_2, 0;_1, 0;) together with the action sequence a;.;+, to predict oy .
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Figure 5: Evolution of Macro-Situation Metric (AWD) over game time. Left: Self-side entities. Right: Enemy-side
entities. The green area indicates where StarWM outperforms the zero-shot Qwen3-32B baseline.

the same sample construction procedure as in SC2-
Dynamics-50K, with a 5-second prediction horizon
and a 1-second sliding step, we obtain 2,969 test
samples.

Despite the map and opponent distribution shift,
the overall trend in Table 9 remains broadly con-
sistent with Table 1: StarWM still performs best
on most economy, development, and self-side met-
rics, while Static Bias remains strongest on Enemy
AWD. This suggests that StarWM learns dynamics
that are not merely tied to the original training dis-
tribution, but generalize to some extent across map
and opponent shifts.

D.5 Action-Conditioned Prediction Probe

We present a case study in which we fix an early-
game observation and compare the predicted fu-
ture observations under five different single-action
inputs. Figure 8 shows the corresponding future
observations predicted by StarWM 5 seconds later,
with action-relevant changes highlighted in red.

The examples show that different actions lead
to distinct and logically consistent future predic-
tions. Production and construction actions mainly
induce corresponding changes in resources, queue,
and structure status, while combat actions mainly
affect unit status and health. This provides a direct
qualitative illustration that StarWM learns action-
conditioned dynamics, rather than merely repro-
ducing surface-level textual patterns.

D.6 Prediction Horizon Analysis.

We choose a 5-second prediction horizon for our
main experiments because even a 5-second interval
in SC2 can contain decision-critical changes: re-
sources may be consumed or become insufficient,
supply may approach its cap, production tasks may
complete, buildings may become idle, units may
move to tactically different positions, and combat
may change unit health, survival, and action feasi-
bility.

To explore a longer prediction horizon, we fur-
ther train StarWM with 7 = 10 under the same
training-data scale as the 7 = 5 setting.

As shown in Table 10, Static Bias degrades sub-
stantially from 7 = 5 to 7 = 10, indicating that
larger state changes accumulate over the longer in-
terval. StarWM at 7 = 10 also degrades relative
to 7 = 5, while still substantially outperforming
Static Bias on most economy, development, and
self-side metrics.

These results suggest that the current formula-
tion provides effective short-horizon prediction,
while longer-horizon prediction does not com-
pletely collapse but becomes considerably more
difficult. More accurate longer-horizon prediction
may require multi-scale hierarchical prediction or
temporal abstraction, which represent important
directions for future work.
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Figure 6: Offline case study. Left: Qwen3-8B. Middle: Qwen3-32B. Right: StarWM. Circles and squares denote
units and structures, respectively. Filled markers indicate ground truth, while hollow markers indicate predictions.
The spatial distribution of self-side units predicted by StarWM (hollow circles) closely matches the ground truth
(filled circles) and preserves the army formation, whereas zero-shot LLM predictions are more scattered and less
coherent.
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Figure 7: Offline case study under Fog of War. When self-side units enter unobservable regions, StarWM predicts
potential enemy presence within those areas (red hollow circles). This illustrates a plausible statistical predictive
pattern under partial observability.

Method Economy Development Micro-Entity Macro-Situation
(Minerals / Gas SMAPE]) (Queue F11 / Progress MAE%)) (Self / Enemy HP MAE%)) (Self / Enemy AWDJ)
Static Bias 0.66/0.43 0.85/26.16 2.07/14.48 5.29/18.23
Qwen3-8B 0.65/0.40 0.79/28.27 2.34/14.40 6.59/18.76
Qwen3-32B 0.67/0.43 0.75/25.16 2.28/13.44 7.01/19.57
StarWM 0.28/0.14 0.95/0.35 1.85/11.88 2.55/22.02

Table 9: Cross-map and out-of-domain opponent probe without retraining. All methods are tested on 2,969 samples
constructed from 5 trajectories on the unseen Flat128 map against the SC2 built-in AI at Hard (LV5). StarWM
remains strongest on most economy, development, and self-side metrics, while Enemy AWD remains challenging.

Method Economy Development Micro-Entity Macro-Situation
(Minerals / Gas SMAPE|) (Queue F11/ Progress MAE%)) (Self / Enemy HP MAE%]) (Self/ Enemy AWDJ])
Static Bias, 7 = 5 0.49/0.25 0.80/24.81 4.81/9.15 8.37/16.13
StarWM, 7 =5 0.19/0.09 0.92/0.43 4.15/17.90 3.46/18.09
Static Bias, 7 = 10 0.58/0.32 0.68/31.80 6.76 / 12.46 12.90/21.63
StarWM, 7 = 10 0.28/0.14 0.88/0.69 5.36/12.60 5.48/23.12

Table 10: Prediction-horizon analysis. 7 denotes the prediction horizon. Bold indicates the better result within each
horizon.
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Current Observation

Current Obser:

[Info]

Time: ©1:27 | Race: Terran | Enemy Race: Terran | Map: Flat64
Minerals: 310 (+755/min) | Gas: 101 (+201/min)

Supply: 19/23 (Army: @, Workers: 19)

Alerts: None

Upgrades: None

[Queue]
- Empty

[My Units]

> Workers: (14Mining:[3,4,5,6,8,9,11,12,29,32,35,38,40,41])
- Scv [2] at (58,49) (HP:100%, St:Idle)

- Scv [10] at (66,62) (HP:100%, St:Moving)

- Scv [13] at (66,63) (HP:100%, St:Moving)

- Scv [24] at (63,65) (HP:100%, St:Moving)

- Scv [42] at (50,47) (HP:100%, St:Moving)

> Army:

- None

[My Structures]

- Commandcenter [1] at (63,61) (HP:100%, St:Idle)

- Supplydepotlowered [28] at (50,60) (HP:100%, St:Idle)
- Refinery [30] at (59,68) (HP:100%, St:Idle)

- Barracks [37] at (56,51) (HP:100%, St:Idle)

- Refinery [39] at (70,58) (HP:100%, St:Idle)

[Visible Hostiles]
> Enemy Units:
- Scv [50] at (48,44) (HP:100%)

Future Observation (No Action)

Future Observation (No Action)

Input action: None.

[Info]

Time: 01:32 | Race: Terran | Enemy Race: Terran | Map: Flat64
Minerals: 375 (+755/min) | Gas: 117 (+179/min)

Supply: 19/23 (Army: @, Workers: 19)

Alerts: None

Upgrades: None

[Queue]
- Empty

[My Units]

> Workers: (14Mining:[3,4,5,6,8,9,11,12,29,32,35,38,40,41])
- Scv [2] at (58,49) (HP:100%, St:Idle)

- Scv [10] at (66,62) (HP:100%, St:Moving)

- Scv [13] at (66,63) (HP:100%, St:Moving)

- Scv [24] at (65,64) (HP:100%, St:Idle)

- Scv [42] at (50,47) (HP:100%, St:Idle)

Army:

- None

v

[My Structures]

- Commandcenter [1] at (63,61) (HP:100%, St:Idle)

- Supplydepotlowered [28] at (50,60) (HP:100%, St:Idle)
- Refinery [30] at (59,68) (HP:100%, St:Idle)

- Barracks [37] at (56,51) (HP:100%, St:Idle)

- Refinery [39] at (70,58) (HP:100%, St:Idle)

[Visible Hostiles]
> Enemy Units:
- Scv [50] at (48,44) (HP:100%)

Future Observation (Train SCV)

Future Observation (Train SCV)

Future Observation (Train Marine)

Input action: Ci d [1]-C d train_scv.
This action costs 50 minerals and takes 12.14 seconds to com-
plete.

[Infol

Time: ©1:32 | Race: Terran | Enemy Race: Terran | Map: Flat64
Minerals: 320 (+783/min) | Gas: 113 (+179/min)

Supply: 20/23 (Army: @, Workers: 20)

Alerts: None

Upgrades: None

[Queue]
- Commandcenter [1] at (63,61): Commandcentertrain_scv (41%)

[My Units]

> Workers: (14Mining:[3,4,5,6,8,9,11,12,29,32,35,38,40,41])
- Scv [2] at (58,49) (HP:100%, St:Idle)

- Scv [10] at (66,62) (HP:100%, St:Moving)

- Scv [13] at (66,63) (HP:100%, St:Moving)

- Scv [24] at (65,64) (HP:100%, St:Idle)

- Scv [42] at (51,47) (HP:100%, St:Idle)

> Army:

- None

[My Structures]

- Commandcenter [1] at (63,61) (HP:100%, St:Training)
- Supplydepotlowered [28] at (50,60) (HP:100%, St:Idle)
- Refinery [30] at (59,68) (HP:100%, St:Idle)

- Barracks [37] at (56,51) (HP:100%, St:Idle)

- Refinery [39] at (70,58) (HP:100%, St:Idle)

[Visible Hostiles]
> Enemy Units:
- Scv [50] at (40,43) (HP:100%)

Future Observation (Train Marine)

Input action: Barracks [37] - Barrackstrain_marine.
This action costs 50 minerals and takes 17.86 seconds to com-
plete.

[Info]

Time: ©1:32 | Race: Terran | Enemy Race: Terran | Map: Flat64
Minerals: 325 (+811/min) | Gas: 121 (+223/min)

Supply: 20/23 (Army: 1, Workers: 19)

Alerts: None

Upgrades: None

[Queue]
- Barracks [37] at (56,51): Barrackstrain_marine (28%)

[My Units]

> Workers: (14Mining:[3,4,5,6,8,9,11,12,29,32,35,38,40,411)
- Scv [2] at (58,49) (HP:100%, St:Idle)

- Scv [10] at (53,62) (HP:100%, St:Idle)

- Scv [13] at (52,62) (HP:100%, St:Moving)

- Scv [24] at (50,62) (HP:100%, St:Idle)

- Scv [42] at (33,46) (HP:100%, St:Idle)

> Army:

- None

[My Structures]

- Commandcenter [1] at (63,61) (HP:100%, St:Idle)

- Supplydepotlowered [28] at (50,60) (HP:100%, St:Idle)
- Refinery [30] at (59,68) (HP:100%, St:Idle)

- Barracks [37] at (56,51) (HP:100%, St:Training)

- Refinery [39] at (70,58) (HP:100%, St:Idle)

[Visible Hostiles]
> Enemy Units:
- Scv [50] at (35,47) (HP:100%)

Future Observation (Build Factory)
Future Observation (Build Facto

Input action: Scv [2] - Terranbuild_factory - (56, 51).
This action costs 150 minerals, 100 gas and takes 42.86 seconds
to complete.

[Info]

Time: 01:32 | Race: Terran | Enemy Race: Terran | Map: Flat64
Minerals: 230 (+755/min) | Gas: 21 (+201/min)

Supply: 19/23 (Army: @, Workers: 19)

Alerts: None

Upgrades: None

[Queue]
- Constructing: Factory [431 at (56,51) (10%)

[My Units]

> Workers: (14Mining:[3,4,5,6,8,9,11,12,29,32,35,38,40,41])
- Scv [2] at (57,50) (HP:100%, St:Building)

- Scv [10] at (55,45) (HP:100%, St:Moving)

- Scv [13] at (56,45) (HP:100%, St:Moving)

- Scv [24] at (52,46) (HP:100%, St:Moving)

- Scv [42] at (37,61) (HP:100%, St:Moving)

> Army:

- None

[My Structures]

- Commandcenter [1] at (63,61) (HP:100%, St:Idle)

- Supplydepotlowered [28] at (50,60) (HP:100%, St:Idle)
- Refinery [30] at (59,68) (HP:100%, St:Idle)

- Barracks [37] at (56,51) (HP:100%, dle)

- Refinery [39] at (70,58) (HP:100%, St:Idle)

%

[Visible Hostiles]
> Enemy Units:
- Scv [501 at (37,57) (HP:100%)

Fture Observation (Attack)

“utu k)

Input action: Scv [42] - Attack - Scv [50].
One SCV attack deals 5 damage.

[Info]

Time: @1:32 | Race: Terran | Enemy Race: Terran | Map: Flat64
Minerals: 370 (+755/min) | Gas: 121 (+223/min)

Supply: 19/23 (Army: @, Workers: 19)

Alerts: None

Upgrades: None

[Queue]
- Empty

[My Units]

> Workers: (14Mining:[3,4,5,6,8,9,11,12,29,32,35,38,40,411)
- Scv [2] at (58,49) (HP:100%, St:Idle)

- Scv [10] at (66,62) (HP:100%, St:Idle)

- Scv [13] at (66,63) (HP:100%, St:Idle)

- Scv [24] at (63,65) (HP:100%, St:Idle)

- Scv [42] at (62,58) (HP:100%, St:Attacking)

> Army:

- None

[My Structures]

- Commandcenter [1] at (63,61) (HP:100%, St:Idle)

- Supplydepotlowered [28] at (50,60) (HP:100%, St:Idle)
- Refinery [30] at (59,68) (HP:100%, St:Idle)

- Barracks [37] at (56,51) (HP:100%, St:Idle)

- Refinery [39] at (70,58) (HP:100%, St:Idle)

[Visible Hostiles]
> Enemy Units:
- Scv [50] at (61,58) (HP:88%)

Figure 8: Action-conditioned prediction probe of StarWM. The top-left figure shows the shared current observation,
and the other five figures show predicted future observations 5 seconds later under different single-action inputs.
Action-relevant changes are highlighted in red. Different actions lead to distinct predicted future observations.
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E Detailed Results of Online Evaluation

E.1 Robustness of Online Win Rates.

Due to the high computational cost of online evalua-
tion, our main experiments use 20 matches for each
setting. To further assess the robustness of the ob-
served improvement, we additionally expand the di-
rect comparison between Qwen3-8B and StarWM-
Agent (8B) on LV7 (VeryHard) to 100 matches
per method under the same protocol, including the
original 20 matches.

As shown in Table 11, StarWM-Agent (8B)
achieves a 23.0% win rate compared with 5.0%
for Qwen3-8B. Their 95% Wilson confidence in-
tervals are [15.8%, 32.2%] and [2.2%, 11.2%], re-
spectively, and a two-sided Fisher exact test shows
a statistically significant difference (p = 0.00037).
The improvements are also consistent across SBR,

RCR, KLR, and VAR.

E.2 Analysis of Action Revisions.

Under the main settings (Table 2), the Action Re-
vision Rate of StarWM-Agent (8B) and StarWM-
Agent (32B) is 32.74% and 19.45%, respectively,
aggregated across the three opponents. This in-
dicates that world model simulations frequently
lead to action revisions, especially for the smaller
policy model. Figure 9 further breaks down the re-
vision behavior of StarWM-Agent (32B) by action
type. Among added actions, Build Supply Depot
accounts for the largest proportion (44.9%), sug-
gesting that world model simulations effectively
promote stronger macro management.
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Setting Wins/Games ~ Win Rate (95% Wilson C)T  SBR (%) RCR (%)t  KLR (%)} VAR (%)t
Qwen3-8B 5/100 5.0% [2.2%, 11.2%] 39.65 +£25.10 44.56 £ 30.06 13.85 48.73 £27.27
StarWM-Agent (8B) 23/100 23.0% [15.8%, 32.2%] 6.08 + 7.24 8247 +9.57 22.09 84.35 £+ 12.07

Table 11: Expanded online evaluation against the SC2 built-in Al at LV7 (VeryHard). Each method is evaluated

over 100 matches.
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Figure 9: Distribution of action revision types for StarWM-Agent (32B) during online evaluation. Left: Added
actions. Right: Removed actions.
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F Examples of SC2-Dynamics-50K and

StarWM-Agent Online Decision
Making

F.1 Example of SC2-Dynamics-50K

We show a representative sample from the SC2-
Dynamics-50K dataset, including the current tex-
tual observation, the action sequence, and the target

future observation.

A sample from SC2-Dynamics-50K

Input:

{
"role": "user”,
"content”: "### Role

You are the StarCraft II World Model, a
dynamics simulator for Player 1.

### Task

Predict the Future Observation for Player 1
exactly 5 seconds later based on the Current
Observation, the Action Sequence and the
Game Mechanics.

### Input

1. Current Observation: The partial state
visible to Player 1 at time t.

2. Action Sequence: All actions executed by
Player 1 between t and t+5s.

### Output

Future Observation: The Predicted partial
state visible to Player 1 at time t+5s.

### Data Explanation

#### Observation Schema:

- x%x[Info]**: Player-specific status, race,
enemy race, economy (minerals, gas, gather
rate), supply (used, cap), alerts and
upgrades.

- **[Queue]**: Ongoing and queued production,
construction, and research tasks.

- *#x[My Units]*x: Self units (workers & army
).

- *x[My Structures]**: Self buildings,
including key structures for production and
technology.

- *x[Visible Hostiles]*x: Enemy units and
structures currently visible within the Fog
of War.

#### Action Schema:

The Action follows the format: Subject -
Command - Target.

- **Subject**: UnitName [ID] (e.g., Marine
[101]).

- **Command**: The specific operation (e.g.,
Move, Attack, etc.).

- x*Target**: Coordinate (x, y) or

TargetName [ID] or absent for some commands.

### Input Data

#### Current Observation:

[Info]

Time: ©5:44 | Race: Terran | Enemy Race:
Terran | Map: Flat64
Minerals: 280 (+2575/min)
min)

Supply: 64/93 (Army: 16, Workers: 48)
Alerts: None

Upgrades: Punishergrenades

| Gas: 124 (+223/

[Queue]

- Orbitalcommand [1] at (63,61):
Commandcentertrain_scv (34%)

- Barracks [65] at (53,59):
Barrackstrain_marine (80%)

- Orbitalcommand [83] at (43,64):
Commandcentertrain_scv (93%)

- Barracks [86] at (55,55):
Barrackstrain_marine (25%)

- Barracks [90] at (58,57):
Barrackstrain_marine (53%),
Barrackstrain_marine (35%)

- Commandcenter [226] at (24,61):
Upgradetoorbital_orbitalcommand (0%)

- Constructing: Barracksreactor [334] at
(65,54) (59%)

- Constructing: Refinery [335] at (28,68)
(94%)

- Constructing: Missileturret [352] at
(18,68) (65%)

[My Units]
> Workers: (38Mining
:[5,6,7,8,9,10,11,13,35,61,71,77,84,115,139,
144,153,155,159,160,179,183,196,217,222,225,
237,240,254,256,271,
292,307,311,320,337,351,360], 2Mule
:[305,313])

- Scv [2] at (53,72) (HP:100%, St:Idle)
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- Scv [3] at (23,64) (HP:100%, St:Moving)

- Scv [82] at (45,59) (HP:100%, St:Building
)

- Scv [154] at (21,65) (HP:100%, St:Moving)
- Scv [264] at (28,69) (HP:100%, St:
Building)

- Scv [326] at (18,67) (HP:100%, St:
Building)
> Army:

- Marine [135] at (37,57) (HP:100%, St:Idle
)

- Marine [143] at (37,56) (HP:100%, St:Idle
)

- Marine [147] at (36,57) (HP:100%, St:
Attacking)

- Marine [310] at (40,27) (HP:100%, St:
Attacking)

- Marine [324] at (41,19) (HP:100%, St:
Attacking)

- Marauder [332] at (44,38) (HP:73%, St:
Idle)

- Marauder [347] at (33,39) (HP:100%, St:
Attacking)

- Marine [356] at (61,46) (HP:100%, St:
Attacking)

- Marine [358] at (46,53) (HP:100%, St:
Attacking)

- Marine [359] at (41,49) (HP:100%, St:
Attacking)

[My Structures]

- Orbitalcommand [1] at (63,61) (HP:100%,
Eng:14%, St:Training)

- Supplydepotlowered [36] at (50,60) (HP
:100%, St:Idle)

- Barracks [65] at (53,59) (HP:100%, St:
Training, AddOn:Techlab [148])

- Orbitalcommand [83] at (43,64) (HP:100%,
Eng:17%, St:Training)

- Barracks [86] at (55,55) (HP:100%, St:
Training, AddOn:Techlab [150])

- Barracks [90] at (58,57) (HP:100%, St:
Training, AddOn:Reactor [158])

- Refinery [114] at (70,58) (HP:100%, St:
Idle)

- Refinery [122] at (59,68) (HP:100%, St:
Idle)

- Bunker [140] at (44,54) (HP:100%, St:Idle
)

- Engineeringbay [146] at (57,52) (HP:100%,
St:Idle)

- Barrackstechlab [148] at (56,59) (HP:100%,
St:Idle)

- Barrackstechlab [150] at (58,55) (HP:100%,
St:Idle)

- Supplydepotlowered [156] at (53,57) (HP
:100%, St:Idle)

- Barracksreactor [158] at (61,57) (HP:100%,
St:Idle)

- Supplydepotlowered [164] at (60,53) (HP
:100%, St:Idle)

- Factory [190] at (43,57) (HP:100%, St:
Idle, AddOn:Techlab [252])

- Commandcenter [226] at (24,61) (HP:100%,
St:Upgrading)

- Supplydepotlowered [251] at (55,53) (HP
:100%, St:Idle)

- Factorytechlab [252] at (46,57) (HP:100%,
St:Idle)

- Barracks [257] at (62,54) (HP:100%, St:
Building)

- Supplydepotlowered [265] at (42,55) (HP
:100%, St:Idle)

- Missileturret [299] at (43,73) (HP:100%,
St:Idle)

- Missileturret [314] at (70,68) (HP:100%,
St:Idle)

- Supplydepot [333] at (46,59) (HP:100%, St:
Idle)

[Visible Hostiles]
> Enemy Units:
- Scv [88] at (29,30) (HP:100%)
- Banshee [230] at (28,30) (HP:87%, Eng:3%)
- Banshee [239] at (30,29) (HP:87%, Eng
:15%)
> Enemy Structures:
- Starporttechlab [162] at (33,25) (HP:92%)
- Barrackstechlab [365] at (33,22) (HP
:100%)
> Snapshot Enemy Structures:
- Factory at (23,28)
- Supplydepotlowered at (21,28)
- Orbitalcommand at (24,22)
- Refinery at (17,25)
- Supplydepotlowered at (28,28)
- Barracks at (390,22)
- Refinery at (28,15)
- Barracks at (39,28)
- Starport at (39,25)

#### Action Sequence(5s):

- +0.1s: Marauder [347] - Attack - (31, 34)
- +0.2s: Scv [196] - Move - (45, 66)

- +0.2s: Scv [196] - Smartcmd -
Orbitalcommand [83]

- +0.3s: Supplydepot [333] -
Morph_supplydepot_lower

- +0.3s: Marauder [347] - Attack - (30, 34)

- +0.4s: Scv [240] - Move - (68, 64)

- +0.4s: Scv [240] - Smartcmd - Mineralfield
(191

- +0.4s: Scv [217] - Move - (65, 63)

- +0.4s: Scv [217] - Smartcmd -

Orbitalcommand [1]

- +0.4s: Scv [144] -

- +0.4s: Scv [144] -

Orbitalcommand [1]

- +0.4s: Scv [7] -

- +0.4s: Scv [7] -
[1]

- +0.4s: Mule [313] - Move - (39, 68)

- +0.4s: Mule [313] - Smartcmd -

Mineralfield750 [32]

- +0.4s: Marauder [347] - Attack - (30, 33)

- +0.6s: Factory [190] -

Factorytrain_siegetank

- +0.6s: Scv [337] - Move - (19, 64)

- +0.6s: Scv [337] - Smartcmd -

Mineralfield750 [46]

- +0.6s: Marauder [347] - Attack - (30, 33)

- +0.8s: Scv [237] - Move - (41, 66)

- +0.8s: Scv [237] - Smartcmd -

Orbitalcommand [83]

- +0.8s: Marauder [347] - Attack - (30, 33)

- +0.9s: Orbitalcommand [83] -

Commandcentertrain_scv

Move - (66, 62)
Smartcmd -

Move - (64, 64)
Smartcmd - Orbitalcommand
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- +1.0s: Scv [367] - Harvest_gather -
Mineralfield [33]

- +1.0s: Marauder [347] - Attack - (30, 32)
- +1.0s: Marine [135] - Attack - (36, 57)

- +1.0s: Marine [143] - Attack - (36, 57)

- +1.0s: Marine [147] - Attack - (36, 57)

- +1.2s: Marauder [347] - Move - (30, 33)

- +1.2s: Scv [13] - Move - (65, 63)

- +1.2s: Scv [13] - Smartcmd -

Orbitalcommand [1]

- +1.2s: Scv [3] - Move - (22, 67)
- +1.2s: Scv [3] - Smartcmd -
Mineralfield750 [42]

- +1.3s: Scv [196] - Move - (48, 67)

- +1.3s: Scv [196] - Smartcmd - Mineralfield
[25]

- +1.3s: Marauder [347] - Move - (30, 33)

- +1.5s: Marauder [347] - Move - (30, 33)

- +1.6s: Scv [7] - Harvest_gather - Refinery
[335]

- +1.6s: Scv [61] - Harvest_gather -

Refinery [335]

- +1.6s: Scv [264] - Harvest_gather -

Mineralfield750 [41]

- +1.6s: Scv [217] - Move - (66, 66)
- +1.6s: Scv [217] - Smartcmd -
Mineralfield750 [21]

- +1.7s: Scv [144] - Move - (69, 63)
- +1.7s: Scv [144] - Smartcmd -
Mineralfield750 [15]

- +1.7s: Scv [5] - Move - (69, 62)

- +1.7s: Scv [5] - Smartcmd -
Mineralfield750 [16]

- +1.7s: Marauder [347] - Move - (32, 35)

- +1.9s: Marauder [347] - Move - (32, 35)

- +2.1s: Scv [237] - Move - (38, 67)

- +2.1s: Scv [237] - Smartcmd - Mineralfield
[33]

- +2.1s: Marauder [347] - Move - (32, 35)

- +2.1s: Marine [135] - Attack - (36, 57)

- +2.1s: Marine [143] - Attack - (36, 57)

- +2.1s: Marine [147] - Attack - (36, 57)

- +2.2s: Marauder [347] - Attack - (26, 33)

- +2.3s: Scv [9] - Move - (45, 66)

- +2.3s: Scv [9] - Smartcmd - Orbitalcommand
[83]

- +2.3s: Scv [6] - Move - (21, 61)

- +2.3s: Scv [6] - Smartcmd - Commandcenter

[226]

- +2.4s: Scv [13] - Move - (68, 64)

- +2.4s: Scv [13] - Smartcmd - Mineralfield

[19]

- +2.4s: Marauder [347] - Move - (30, 32)

- +2.4s: Marine [356] - Attack - (67, 18)

- +2.6s: Marauder [347] - Move - (32, 35)

- +2.7s: Scv [351] - Move - (21, 61)

- +2.7s: Scv [351] - Smartcmd -

Commandcenter [226]

- +2.8s: Marauder [347] - Move - (33, 35)

- +2.9s: Mule [305] - Move - (42, 67)

- +2.9s: Mule [305] - Smartcmd -
Orbitalcommand [83]

- +2.9s: Marauder [332] - Attack - (20, 22)
- +2.9s: Marauder [347] - Move - (33, 35)

- +3.0s: Marauder [332] - Move - (42, 37)

- +3.1s: Scv [311] - Move - (65, 63)

- +3.1s: Scv [311] - Smartcmd -
Orbitalcommand [1]

- +3.1s: Marauder [347] - Move - (33, 35)

- +3.1s: Marine [135] - Attack - (36, 57)

- +3.1s: Marine [143] - Attack - (36, 57)

- +3.1s: Marine [147] - Attack - (36, 57)

- +3.2s: Scv [367] - Move - (38, 67)

- +3.2s: Scv [367] - Smartcmd - Mineralfield
[33]

- +3.2s: Marauder [332] - Attack - (20, 22)

- +3.3s: Marauder [347] - Move - (33, 35)

- +3.3s: Scv [2] - Move - (50, 70)

- +3.3s: Scv [2] - Move - (53, 72)

- +3.3s: Marine [359] - Attack - (17, 41)

- +3.4s: Scv [10] - Move - (64, 64)

- +3.4s: Scv [10] - Smartcmd -

Orbitalcommand [1]

- +3.4s: Marauder [332] - Move - (41, 37)
- +3.5s: Scv [9] - Move - (48, 67)

- +3.5s: Scv [9] - Smartcmd - Mineralfield
[25]

- +3.5s: Scv [254] - Move - (24, 64)

- +3.5s: Scv [254] - Smartcmd -

Commandcenter [226]

- +3.5s: Scv [6] - Move - (18, 62)
- +3.5s: Scv [6] - Smartcmd -
Mineralfield750 [50]

- +3.5s: Scv [351] - Move - (19, 61)

- +3.5s: Scv [351] - Smartcmd - Mineralfield
[51]

- +3.6s: Scv [160] - Move - (66, 62)

- +3.6s: Scv [160] - Smartcmd -

Orbitalcommand [1]

- +3.6s: Scv [154] - Move - (22, 63)

- +3.6s: Scv [154] -
Commandcenter [226]

Smartcmd -

- +3.6s: Marauder [332] - Attack - (20, 22)

- +3.7s: Barracks [65] -

Barrackstrain_marine

- +3.7s: Marauder [347] - Move - (34, 35)

- +3.8s: Mule [305] - Move - (41, 69)

- +3.8s: Mule [305] - Smartcmd -

Mineralfield [30]

- +3.8s: Marauder [332] - Move - (40, 36)

- +3.8s: Marauder [347] - Move - (34, 35)

- +3.9s: Marauder [332] - Attack - (20, 22)

- +4.0s: Scv [240] - Move - (65, 63)

- +4.0s: Scv [240] - Smartcmd -

Orbitalcommand [1]

- +4.0s: Marauder [347] - Move - (35, 35)

- +4.2s: Marauder [347] - Move - (35, 35)

- +4.2s: Marine [135] - Attack - (36, 57)

- +4.2s: Marine [143] - Attack - (36, 57)

- +4.2s: Marine [147] - Attack - (36, 57)

- +4.2s: Marine [368] - Attack - (17, 41)

- +4.3s: Scv [254] - Move - (24, 66)

- +4.3s: Scv [254] - Smartcmd - Mineralfield
[39]

- +4.4s: Scv [311] - Move - (66, 66)

- +4.4s: Scv [311] - Smartcmd -

Mineralfield750 [21]

- +4.4s: Scv [337] - Move - (22, 63)

- +4.4s: Scv [337] -
Commandcenter [226]

Smartcmd -

- +4.4s: Marauder [347] - Move - (35, 35)

- +4.6s: Marauder [332] - Attack - (36, 35)

- +4.6s: Marine [358] - Move - (32, 45)

- +4.6s: Marine [324] - Attack - (37, 21)

- +4.7s: Scv [154] - Move - (21, 66)

- +4.7s: Scv [154] - Smartcmd - Mineralfield
[44]

- +4.7s: Marauder [347] - Move - (36, 36)
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- +4.7s: Marauder [332] - Attack - (36, 35)
- +4.7s: Marine [358] - Move - (32, 45)

- +4.7s: Marine [324] - Move - (36, 24)

- +4.8s: Scv [160] - Move - (69, 63)

- +4.8s: Scv [160] - Smartcmd -

Mineralfield750 [15]

- +4.9s: Scv [10] - Move - (65, 67)

- +4.9s: Scv [10] - Smartcmd - Mineralfield
(171

- +4.9s: Marauder [347] - Move - (36, 36)

- +4.9s: Marauder [332] - Attack - (36, 35)
- +4.9s: Marine [358] - Move - (32, 44)

- +4.9s: Marine [324] - Move - (36, 24)

### Rules for Reasoning && Game Mechanics
Perform the state transition based on the
following logic:

1. **Time:** Increment the "Time" field by 5
seconds.

2. **Resources:*x*

- Minerals/Gas Change =~ (
Income_Rate_per_min / 60 * 5s) - (Cost of
new Actions).

- Note: Income Rate is the (+value) found
in the [Info] section.

- Update Income Rate roughly proportional
to the change in active mining workers.

3. **Supply:*x

- Used += Supply Cost of the newly issued
Action. (Units in Queue consume Supply, not
upon completion.)

- Cap += Newly Completed Supply Structure (
eg. Supply Depot, Command Center).

4. **Queue & Production:*x

- Progress += (5s / Total Build Time at
game_speed=1.4). Note: Game Speed is 1.4.

- If Progress >= 100%: Remove from [Queue],

add to [My Units](if unit) or [My
Structures](if structure), and update [Info]

(Supply Cap, Upgrades) accordingly.

- New Actions: Add newly issued training/
building Action to [Queue].

5. *xMovement:** For moving units: New Pos
~ Start Pos + Direction_Vector * (min(
Remaining Distance, Speed * 5s)).

6. *xStatus:*x Status Change depends on the
Command and the Target.

7. x*Combat:**

- If units are "Attacking” or under attack,

reduce HP based on estimated DPS and
duration.

- Remove units if HP <= 0.

8. **Visibility:xx*

- Unit Hiding: Units inside structures (e.g
., SCVs in Refineries, units in Bunkers/
Medivacs) do NOT appear in [My Units] list
temporarily, though they still consume
Supply.

- Fog of War: Update [Visible Hostiles]
based on current visual radius of self units

and structures. Remove enemy units that
move into the fog or become cloaked without
detection.

9. **Consistency:** Units/Structures not
mentioned in the Action Sequence remain
unchanged (ID, Position, HP, Status and so
on).

### Output Format Requirements

1. **Raw Text Only*x*: Output the observation
text directly. Do NOT use JSON, Markdown

code blocks, or conversational fillers (e.g.,
"Here is the prediction”).

2. xxFormatx*: The output must start
strictly with the [Info] tag and follow the

exact structure of the input observation.

/no_think"
}!
Output:
{
"role": "assistant”,
"content"”: "<think>
</think>[Info]

Time: ©5:49 | Race: Terran | Enemy Race:
Terran | Map: Flat64
Minerals: 230 (+2547/min)
min)

Supply: 68/93 (Army: 19, Workers: 49)
Alerts: None

Upgrades: Punishergrenades

| Gas: 23 (+268/

[Queue]

- Orbitalcommand [1] at (63,61):
Commandcentertrain_scv (75%)

- Barracks [65] at (53,59):
Barrackstrain_marine (7%)

- Orbitalcommand [83] at (43,64):
Commandcentertrain_scv (34%)

- Barracks [86] at (55,55):
Barrackstrain_marine (53%)

- Barracks [90] at (58,57):
Barrackstrain_marine (81%),
Barrackstrain_marine (62%)

- Factory [190] at (43,57):
Factorytrain_siegetank (14%)

- Commandcenter [226] at (24,61):
Upgradetoorbital_orbitalcommand (0%)

- Constructing: Barracksreactor [334] at
(65,54) (73%)

- Constructing: Missileturret [352] at
(18,68) (93%)

[My Units]

> Workers: (40Mining
:[3,5,6,7,8,9,11,13,35,61,71,77,82,84,115,
139,144,153,155,159,179,183,196,217, 222,225,
237,240,254,256,264,271,292,307,311,320,337,
351,360,367], 2Mule:[305,313])

- Scv [2] at (51,71) (HP:100%, St:Moving)

- Scv [10] at (65,66) (HP:100%, St:Moving)

- Scv [154] at (21,66) (HP:100%, St:Moving)

- Scv [160] at (68,63) (HP:100%, St:Moving)

- Scv [326] at (17,67) (HP:100%, St:
Building)
> Army:

- Marine [135] at (37,57) (HP:100%, St:Idle
)

- Marine [143] at (37,56) (HP:100%, St:Idle
)

- Marine [147] at (36,57) (HP:100%, St:Idle
)

- Marine [324] at (38,23) (HP:100%, St:
Moving)
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- Marauder [332] at (38,35) (HP:73%, St:
Attacking)

- Marauder [347] at (36,36) (HP:21%, St:
Moving)

- Marine [356] at (67,44) (HP:100%, St:
Attacking)

- Marine [358] at (32,46) (HP:100%, St:
Moving)

- Marine [359] at (26,44) (HP:100%, St:
Attacking)

- Marine [368] at (54,61) (HP:100%, St:
Attacking)

[My Structures]

- Orbitalcommand [1] at (63,61) (HP:100%,
Eng:16%, St:Training)

- Supplydepotlowered [36] at (50,60) (HP
:100%, St:Idle)

- Barracks [65] at (53,59) (HP:100%, St:
Training, AddOn:Techlab [148])

- Orbitalcommand [83] at (43,64) (HP:100%,
Eng:19%, St:Training)

- Barracks [86] at (55,55) (HP:100%, St:
Training, AddOn:Techlab [150])

- Barracks [90] at (58,57) (HP:100%, St:
Training, AddOn:Reactor [158])

- Refinery [114] at (70,58) (HP:100%, St:
Idle)

- Refinery [122] at (59,68) (HP:100%, St:
Idle)

- Bunker [140] at (44,54) (HP:100%, St:Idle

)

- Engineeringbay [146] at (57,52) (HP:100%,
St:Idle)

- Barrackstechlab [148] at (56,59) (HP:100%,
St:Idle)

- Barrackstechlab [150] at (58,55) (HP:100%,
St:Idle)

- Supplydepotlowered [156] at (53,57) (HP
:100%, St:Idle)

- Barracksreactor [158] at (61,57) (HP:100%,
St:Idle)

- Supplydepotlowered [164] at (60,53) (HP
:100%, St:Idle)

- Factory [190] at (43,57) (HP:100%, St:
Training, AddOn:Techlab [252])

- Commandcenter [226] at (24,61) (HP:100%,
St:Upgrading)

- Supplydepotlowered [251] at (55,53) (HP
:100%, St:Idle)

- Factorytechlab [252] at (46,57) (HP:100%,
St:Idle)

- Barracks [257] at (62,54) (HP:100%, St:
Building)

- Supplydepotlowered [265] at (42,55) (HP
:100%, St:Idle)

- Missileturret [299] at (43,73) (HP:100%,
St:Idle)

- Missileturret [314] at (70,68) (HP:100%,
St:Idle)

- Supplydepotlowered [333] at (46,59) (HP
:100%, St:Idle)

- Refinery [335] at (28,68) (HP:100%, St:
Idle)

[Visible Hostiles]
> Enemy Units:
- Scv [181] at (34,21) (HP:88%)
- Banshee [230] at (32,29) (HP:83%, Eng:5%)

- Banshee [239] at (34,27) (HP:87%, Eng:1%)

- Vikingassault [281] at (28,36) (HP:57%)

- Marine [366] at (30,34) (HP:11%)
> Enemy Structures:

- Barracks [141] at (30,22) (HP:100%)

- Starport [142] at (30,25) (HP:100%)

- Starporttechlab [162] at (33,25) (HP:91%)

- Barracks [306] at (30,28) (HP:100%)

- Barrackstechlab [365] at (33,22) (HP:92%)
> Snapshot Enemy Structures:

- Supplydepotlowered at (21,28)

- Orbitalcommand at (24,22)

- Supplydepotlowered at (28,28)

- Factory at (23,28)

- Refinery at (17,25)

- Refinery at (28,15)

F.2 Example of StarWM-Agent Online
Decision Making

We present an example of the online decision-
making context of StarWM-Agent, including the
policy’s initial action proposal, the world model’s
simulated future observation, and the refined action
produced by the policy. This example demonstrates
how the Generate—Simulate—Refine loop operates
in practice.

Example of StarWM-Agent Online Decision

Making

[{
"role": "user",

"content”: "As a top-tier StarCraft II
strategist, your task is to give one or more
commands based on the current game state.

Only give commands which can be executed
immediately, instead of waiting for certain
events.

### Aim

Our final aim: destroy all enemies as soon
as possible.

Our strategy:

- Resource collection: produce workers and
gather minerals and gas

- Development: build attacking units and
structures

- Attacking: concentrate forces to search
and destroy enemies proactively

### Current Game State
# Round state

Time: 01:02

Race: Terran

Minerals: 145

Vespene: 12

Supply army: 0

Supply workers: 13
Supply unused: 18

Map size: 64x64
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# Own units

[577, 145, 281, 713, 857, 457, 1, 721, 569,
425, 865]SCV

State: collecting resources automatically
[289]scv

Position: (25, 53)

Health: 45/45 (100%)

State: constructing [(24, 53)]

# Unit abilities

SCV[577, 145, 281, 713, 857, 457, 1, 721,
569, 425, 289, 865]:
TERRANBUILD_COMMANDCENTER,
TERRANBUILD_SUPPLYDEPOT,
TERRANBUILD_REFINERY, TERRANBUILD_BARRACKS

# Own structures
[137]CommandCenter
Position: (24, 61)
Health: 1500/1500 (100%)
State: idle

Harvesters: 9/16
[169]SupplyDepot
Position: (24, 57)
Health: 400/400 (100%)
State: idle
[321]Barracks(building 29%)
Position: (24, 53)
[601]Refinery

Position: (17, 58)
Health: 500/500 (100%)
State: idle

Harvesters: 3/3 (no more harvesters accepted
)

[745]SupplyDepot
Position: (29, 61)
Health: 400/400 (100%)
State: idle

# Structure abilities
CommandCenter[137]: COMMANDCENTERTRAIN_SCV

# Visible enemy units
[Empty]

# Visible enemy structures
[Empty]

# Action history

{"action"”: "COMMANDCENTERTRAIN_SCV", "units":
[137]}

{"action"”: "TERRANBUILD_SUPPLYDEPOT", "units
":. [281], "target_position”: [24, 59]}

{"action"”: "TERRANBUILD_SUPPLYDEPOT", "units
". [865], "target_position”: [27, 61]}

{"action"”: "TERRANBUILD_REFINERY", "units":
[577], "target_unit": 513}

{"action"”: "TERRANBUILD_BARRACKS", "units":
[289], "target_position”: [24, 55]}

# Map information

Closest mineral fields: [665](25, 67),
[6331(18, 61), [7291(24, 68), [8011(20, 67),
[4971(17, 62), [2971(18, 65), [193]1(21, 68),
[3131(17, 64)

Closest vespene geysers: [513](17, 58),
[329](28, 68), [369]1(36, 65), [945]1(20, 48)

# Ability description

COMMANDCENTERTRAIN_SCV(target: None): Train
a SCV, a Terran worker. Cost: 50 minerals.
TERRANBUILD_BARRACKS(target: Point): Build a
Barracks to produce infantry units (Marine,
Reaper, Marauder, Ghost). Cost: 150
minerals.
TERRANBUILD_COMMANDCENTER(target: Point):
Build a Command Center, the Terran base.
Cost: 400 minerals.
TERRANBUILD_REFINERY(target: Unit): Build a
Refinery on a Vespene Geyser. Cost: 75
minerals.
TERRANBUILD_SUPPLYDEPOT (target: Point):
Build a Supply Depot to increase 8 supplies
and unlock Barracks. Cost: 100 minerals.

### Rules

Rule checklist:

1. Produce as many units with the strongest
attack power as possible.

2. The total cost of all commands should not
exceed the current resources (minerals and
gas).

3. Commands should not build redundant
structures(e.g. 2 Refinery while one is not
fully utilized).

4. Commands should not use abilities that
are not supported currently.

5. Commands should not build a structure
that is not needed now (e.g. build a Missile
Turret but there is no enemy air unit).

6. The unit production list capacity of
structures is 5. If the list is full, do not
add more units to it.

7. Commands should not send SCV or MULE to
gather resources because the system will do
it automatically.

8. Commands should not train too many SCVs
or MULEs, whose number should not exceed the
capacity of CommandCenter and Refinery.

9. Commands can construct a new one Supply
Depot only when the remaining unused supply
is less than 7.

10. Do not give any action that is
irrelevant to the task.

11. Each of units can only be used in the

whole response once at most.

12. If a unit is already performing an
action as given task, you should ignore it,
instead of giving a repeated action for it.
13. If one task cannot be finished, just
ignore it.

14. If resource is not enough, just complete
the most important part of the task.

Give an
wrapped

action JSON in the following format
with triple backticks:

L

"action”: "<action_name>",

"units”: [<unit_id>, <unit_id>,
# units you want to command

"target_unit” (optional): <unit_id>,
# some existing unit

"target_position” (optional): [x, yl

2,

3

// more actions ...
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Example:

L

"action”: "ATTACK_ATTACK",
"units”: [1, 2, 31,
"target_unit”: 9

}’
{
"action": "MOVE_MOVE",
"units”: [4, 5],
"target_position”: [50, 60]
}7
{
"action”: "COMMANDCENTERTRAIN_SCV",
"units”: [6]
3
]
}’
{
"role": "assistant”,
"content": "<think>
</think>
L
{
"action”: "TERRANBUILD_SUPPLYDEPOT",
"units”: [713],
"target_position”: [30, 61]
3
]
Do
{
"role": "user”,
"content": "

Here is a simulation report showing the *x
PREDICTED GAME STATE*x 5 seconds x*xIFx*x your
original proposed action is executed.

<simulation_report>
# Round state
Time: 01:07

Race: Terran

Enemy Race: Terran
Minerals: 50
Vespene: 24

Supply army: @
Supply workers: 13
Supply unused: 18
Map size: 64x64

# Own units

[865, 857, 425, 713, 569, 1, 457]1Scv
State: collecting resources automatically
[721]Scv

Position: (21, 67)

Health: 100%

State: idle

.

[281]1Scv

Position: (20, 61)
Health: 100%
State: idle
[145]Scv

Position: (24, 65)
Health: 100%
State: idle
[289]Scv

Position: (25, 54)
Health: 100%
State: constructing
[5771Scv

Position: (21, 60)
Health: 100%
State: idle

# Own structures
[137]Commandcenter
Position: (24, 61)
Health: 100%
State: idle
[169]Supplydepot
Position: (24, 57)
Health: 100%
State: idle
[601]Refinery
Position: (17, 58)
Health: 100%
State: idle
[745]Supplydepot
Position: (29, 61)
Health: 100%
State: idle
[321]Barracks
Position: (24, 53)
State: under construction (40%)
[NEW]Supplydepot
Position: (30, 61)
State: under construction (23%)

# Visible enemy units
[Empty]

# Visible enemy structures
[Empty]
</simulation_report>

### TACTICAL ANALYSIS REQUIRED

**CRITICAL INSTRUCTION*x:

1. **xLOOK BACK**: You MUST compare the **<
simulation_report>** above with the *x###
Current Game Statex* provided in the x*first
user messagexx.

2. x*HYPOTHETICAL STATEx*: This report is a
**prediction**. The action you proposed
previously has **NOT** been executed yet.

- **KEEP** your original commands by
default.

- **ADD** new commands if you find idle
units/structures or extra resources in the
prediction.

- **xREMOVE/CHANGE** original commands
ONLY if they lead to bad trades.

Analyze the predicted state and output the
OPTIMIZED JSON:

1. **Check Resources & Supply*x:
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- **Supply Checkx*: Look at "Supply
unused” in the prediction. Is it low (< 3)?
- If YES, you are about to be Supply
Blocked. **ADD** a command to ~Build
SupplyDepot™ (Use a valid SCV).
- **%Gas Strategyxx*:
- Look at "Vespene". Is it very low (e.
g., @ or < 50) while "Minerals” are high? *=*
ADDx* “Build Refinery™ to start gathering
gas.
- Is "Vespene” high (e.g., > 150)? It's
time to develop technology. **ADD**
commands to “Build Factory/Starport”, “Build
TechLab™, “Upgrade (EngineeringBay)~, or °
Train Marauder/SiegeTank" .
- x*Mineral Surplus & Expansion*x:
- Look at "Minerals"”. Are they high (e.
g., > 400)? It's time to expand. **ADD*x
Building Orders (e.g., “Build Command Center
* (Expand), “Build Barracks™ (Increase
Production)).

2. **Check Structure States#*x*:
- *xQueue Limit Check**: Look at the "
Production list"” of each structure.

- Does any list contain 4 or 5 items? (
e.g., "Marine (25%), Marine (Waiting),
Marine (Waiting)...™).

- If YES, the queue is **FULLx*. x*Do
NOTx* add more training commands to this
structure. Instead, if resources allow, *x
ADDx* commands to “Build Barracks/Factory~
to increase production capacity.

- xxFill the Queue**: Look at "Production
list”. Is it empty or does it only have 1
item?

- If YES, the structure needs more
orders. *xADD*x commands to fill the queue (
e.g., “Train SCV" for CC, “Train Marine™ for

Barracks).
- **xIdle Structure Checkxx:

- Look at "Own structures”. Are there
any marked as *=*"State: idle"x*? If YES,
immediately **ADD** commands to train units
(e.g., “Train SCV" for CC, ~Train Marine"
for Barracks).

- Are tech structures (e.g., TechLab,
EngineeringBay) marked as **"State: idle"x*?

If YES, **ADD** commands to upgrade
technology.

3. **Check Unit Health & Survivalxx:
- *xIdle Army Check*x: Look at "Own units
. Are there any Army units marked as **"
State: idle"x* while the **Visible enemy
unitsxx or **Visible enemy structuresxx list
is NOT empty?

- If YES, do not just wait. Add an **

Attack*x command to pressure the enemy.
- **Survival & Bad Trade Check**: Compare
the *x*Own unitsx* and **Own structures*x
list in the prediction with the xx###
Current Game State**. Are any units missing
(This means they **DIED**) without Killing
or Heavily Damaging enemy units?

- If YES, this is a **Bad Tradex*. **
CHANGE** your command to **Retreat*x or *x
Repositionx* to save your units.

- xxDamage Check**: Look at the "Health”

n

.

of your units. Is any unit's health low or
dropped significantly?
- If YES, the unit is under attack. Add
a command to **Kitex* (move back slightly)
or **Heal/Repair** (Medivac/SCV) to save it.
- x*%Vision & Scouting Check*x: is the **
Visible enemy structures*x list [Empty]?
- If YES, your vision is limited. **ADD
*% “Attack™ or “Move™ commands to **search
for enemy bases*x.

### NEW ACTION RULES

- **VALIDATE ACTORS**: When adding new
commands, refer to **Unit abilities**, xx*
Structure abilities**, **Ability description
*%x in the x*### Current Game Statex*
provided in the *xfirst user messagexx*.
Ensure the selected units actually have the
ability to perform the action.

- *xCORRECT UNIT SELECTION**: When adding

“TERRANBUILD™ commands, you MUST find a

valid **SCV#xx from the x*### Current Game
Statexx (marked as ~State: idle” or ~State:
collecting resources automatically™).

*xQutput Rulesx*: Create an OPTIMIZED JSON
list that combines your beneficial original
actions with any NEW necessary and valid
actions derived from the analysis above.
/no_think"

}!
{
"role": "assistant”,
"content”: "<think>
</think>
L
{
"action”: "COMMANDCENTERTRAIN_SCV",
"units"”: [137]
3
1
3
1

G Prompt Templates for World Model

and Decision System

G.1 World Model Prompt

We provide the prompt template used for StarWM
and zero-shot world models. This prompt is used
both in offline training and inference, as well as
online simulation within the Generate—Simulate—
Refine decision loop.

World Model Prompt

### Role
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( You are the StarCraft II World Model, a
dynamics simulator for Player {player_id}.

### Task

Predict the Future Observation for Player {
player_id} exactly {delta} seconds later
based on the Current Observation, the Action
Sequence and the Game Mechanics.

### Input

1. Current Observation: The partial state
visible to Player {player_id} at time t.

2. Action Sequence: All actions executed by
Player {player_id} between t and t+{delta}s.

### Output

Future Observation: The Predicted partial
state visible to Player {player_id} at time
t+{delta}s.

### Data Explanation

#### Observation Schema:

- *%[Infol**: Player-specific status, race,
enemy race, economy (minerals, gas, gather
rate), supply (used, cap), alerts and
upgrades.

- **[Queue]**: Ongoing and queued production,
construction, and research tasks.

- **%[My Units]**: Self units (workers & army
).

- **%[My Structures]*x: Self buildings,
including key structures for production and
technology.

- *x[Visible Hostiles]**: Enemy units and
structures currently visible within the Fog

of War.

#### Action Schema:

The Action follows the format: Subject -

Command - Target.

- *xxSubject**: UnitName [ID] (e.g., Marine
[101]1).

- *xxCommand**: The specific operation (e.g.,
Move, Attack, etc.).

- **Target**: Coordinate (x, y) or

TargetName [ID] or absent for some commands.

### Input Data

#### Current Observation:
{start_obs?}

#### Action Sequence({delta}s):
{action_section}

### Rules for Reasoning && Game Mechanics
Perform the state transition based on the
following logic:

1. xxTime:*x Increment the "Time" field by {
delta} seconds.

2. **Resources:*x

- Minerals/Gas Change =~ (
Income_Rate_per_min / 60 * {delta}s) - (Cost
of new Actions).

- Note: Income Rate is the (+value) found
in the [Info] section.

- Update Income Rate roughly proportional
to the change in active mining workers.

3. **xSupply:**

- Used += Supply Cost of the newly issued
Action. (Units in Queue consume Supply, not
upon completion.)

- Cap += Newly Completed Supply Structure (
eg. Supply Depot, Command Center).
4. **Queue & Production:xx

- Progress += ({delta}s / Total Build Time
at game_speed=1.4). Note: Game Speed is 1.4.
- If Progress >= 100%: Remove from [Queuel,
add to [My Units](if unit) or [My
Structures](if structure), and update [Info]
(Supply Cap, Upgrades) accordingly.

- New Actions: Add newly issued training/
building Action to [Queuel].
5. **Movement:** For moving units: New Pos
~ Start Pos + Direction_Vector x (min(
Remaining Distance, Speed x {delta}s)).
6. **Status:*x Status Change depends on the
Command and the Target.
7. *x*Combat: **

- If units are "Attacking” or under attack,
reduce HP based on estimated DPS and
duration.

- Remove units if HP <= 0.
8. *xVisibility:*x

- Unit Hiding: Units inside structures (e.g
., SCVs in Refineries, units in Bunkers/
Medivacs) do NOT appear in [My Units] list
temporarily, though they still consume
Supply.

- Fog of War: Update [Visible Hostiles]
based on current visual radius of self units
and structures. Remove enemy units that
move into the fog or become cloaked without
detection.
9. x*Consistency:*x Units/Structures not
mentioned in the Action Sequence remain
unchanged (ID, Position, HP, Status and so
on).

### Output Format Requirements

1. **Raw Text Only*x*: Qutput the observation
text directly. Do NOT use JSON, Markdown

code blocks, or conversational fillers (e.g.,
"Here is the prediction”).

2. x%Format**: The output must start
strictly with the [Info] tag and follow the

exact structure of the input observation.

€

\

G.2 Online Refinement Prompt with World
Model Predictions

We provide the online refinement prompt used
in the Generate—Simulate—Refine decision loop of
StarWM-Agent. The same refinement prompt is
also used in the online zero-shot world model ab-
lation, where StarWM is replaced by a zero-shot

Qwen3-8B for future prediction.

Online Refinement Prompt with World
Model Predictions

Here is a simulation report showing the *x
PREDICTED GAME STATEx* 5 seconds **IF*x* your
original proposed action is executed.

<simulation_report>
{report}
</simulation_report>

€
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### TACTICAL ANALYSIS REQUIRED

**CRITICAL INSTRUCTION#**:

1. **LOOK BACK*x: You MUST compare the #*x<
simulation_report>** above with the *x###

Current Game State*x provided in the **first
user messagexx.

2. *xHYPOTHETICAL STATE*x: This report is a
**xprediction**. The action you proposed
previously has *xNOT*x been executed yet.

- **KEEP*x* your original commands by
default.

- **ADD** new commands if you find idle
units/structures or extra resources in the
prediction.

- **REMOVE/CHANGE** original commands
ONLY if they lead to bad trades.

Analyze the predicted state and output the
OPTIMIZED JSON:

1. *x*Check Resources & Supplyx*x:
- **Supply Checkx*x: Look at "Supply
unused” in the prediction. Is it low (< 3)?
- If YES, you are about to be Supply
Blocked. **ADD** a command to ~Build
SupplyDepot™ (Use a valid SCV).
- *xxGas Strategy=**:
- Look at "Vespene". Is it very low (e.
g., 0 or < 50) while "Minerals"” are high? *xx*
ADD** “Build Refinery” to start gathering
gas.
- Is "Vespene” high (e.g., > 150)? It's
time to develop technology. **xADD**
commands to “Build Factory/Starport™, “Build
TechLab™, “Upgrade (EngineeringBay)™, or ~
Train Marauder/SiegeTank" .
- **Mineral Surplus & Expansionx:
- Look at "Minerals"”. Are they high (e.
g., > 400)? It's time to expand. *xADDx*
Building Orders (e.g., “Build Command Center
* (Expand), "Build Barracks™ (Increase
Production)).

2. **Check Structure States*x:
- xxQueue Limit Check*x: Look at the "
Production list"” of each structure.

- Does any list contain 4 or 5 items? (
e.g., "Marine (25%), Marine (Waiting),
Marine (Waiting)...™).

- If YES, the queue is **FULL**. **Do
NOT** add more training commands to this
structure. Instead, if resources allow, *x
ADD** commands to “Build Barracks/Factory"
to increase production capacity.

- xxFill the Queue**: Look at "Production
list”. Is it empty or does it only have 1
item?

- If YES, the structure needs more
orders. **ADD** commands to fill the queue (
e.g., “Train SCV™ for CC, “Train Marine” for

Barracks).
- *xxIdle Structure Checkx*x:

- Look at "Own structures”. Are there
any marked as **"State: idle"x*? If YES,
immediately **ADD** commands to train units
(e.g., “Train SCV" for CC, “Train Marine"
for Barracks).

- Are tech structures (e.g., TechLab,
EngineeringBay) marked as x*"State: idle"x*?
If YES, **xADDx* commands to upgrade
technology.

3. x*Check Unit Health & Survivalxx*:
- x*Idle Army Check**: Look at "Own units
. Are there any Army units marked as x*"
State: idle"*x while the **Visible enemy
units*x or **Visible enemy structures*x list
is NOT empty?

- If YES, do not just wait. Add an *x
Attack*x command to pressure the enemy.

- x*Survival & Bad Trade Checkx**: Compare

the **Own units** and **0Own structuresx*
list in the prediction with the x*###
Current Game Statex*. Are any units missing
(This means they **DIED**) without Killing
or Heavily Damaging enemy units?

- If YES, this is a **Bad Tradexx. *x
CHANGE** your command to **Retreatx* or *x
Reposition** to save your units.

- *x*Damage Checkx*: Look at the "Health”
of your units. Is any unit's health low or
dropped significantly?

- If YES, the unit is under attack. Add

a command to *xKitex* (move back slightly)
or *xHeal/Repairxx (Medivac/SCV) to save it.

- **%Vision & Scouting Check*x: is the **
Visible enemy structures*x list [Empty]?

- If YES, your vision is limited. **ADD
*% “Attack™ or “Move™ commands to **search
for enemy bases*x.

n

### NEW ACTION RULES

- **VALIDATE ACTORS**: When adding new
commands, refer to **Unit abilities*x*, *x*
Structure abilities**, **Ability description
*%x in the *x### Current Game Statex*
provided in the **first user messagexx.
Ensure the selected units actually have the
ability to perform the action.

- *xCORRECT UNIT SELECTION**: When adding

“TERRANBUILD™ commands, you MUST find a

valid **SCVx* from the *x### Current Game
Statex* (marked as ~State: idle” or ~State:
collecting resources automatically™).

*xQutput Rulesx*: Create an OPTIMIZED JSON
list that combines your beneficial original
actions with any NEW necessary and valid
actions derived from the analysis above.

\ J

G.3 Online Refinement Prompt for
Self-Reflection Ablation

We provide the refinement prompt used in the on-
line self-reflection ablation study. In this setting,
no external future prediction is introduced, and the
policy refines its initially generated action solely
based on its own internal reasoning.
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Online Refinement Prompt for Self-
Reflection Ablation

Here is a reflection guidance for your

original proposed actions.

#i#t# TACTICAL REFLECTION REQUIRED

*%*CRITICAL INSTRUCTION*x*:

1. x*LOOK BACK**: You MUST review the *x#it#

Current Game State*x provided in the **first
user messagexx.

2. **REFLECTIONx*: The actions you proposed
previously have **NOT*x been executed yet.

You have a chance to refine it.

- **KEEPx* your original commands by
default.

- **ADD** new commands if you find idle
units/structures or extra resources in the
current state.

- **REMOVE/CHANGE** original commands
ONLY if they are not good enough.

Analyze the current state and output the
OPTIMIZED JSON:

1. **xCheck Resources & Supply**:
- *xSupply Check**: Look at "Supply
unused”. Is it low (< 3)?

- If YES, you are about to be Supply
Blocked. **ADD** a command to “Build
SupplyDepot™ (Use a valid SCV).

- *xxGas Strategy=**:

- Look at "Vespene”. Is it very low (e.
g., 0 or < 50) while "Minerals"” are high? xx*
ADD** ~Build Refinery™ to start gathering
gas.

- Is "Vespene” high (e.g., > 150)? It's

time to develop technology. **xADD**
commands to “Build Factory/Starport”, “Build
TechLab™, “Upgrade (EngineeringBay)~, or °
Train Marauder/SiegeTank" .
- **Mineral Surplus & Expansionx:

- Look at "Minerals"”. Are they high (e.
g., > 400)? It's time to expand. **xADDx*
Building Orders (e.g., “Build Command Center
* (Expand), °Build Barracks™ (Increase
Production)).

2. **Check Structure States*x:
- xxQueue Limit Check*x: Look at the "
Production list"” of each structure.

- Does any list contain 4 or 5 items?

- If YES, the queue is **FULL*x. *xDo
NOT** add more training commands to this
structure. Instead, if resources allow, *x
ADD** commands to “Build Barracks/Factory"
to increase production capacity.

- xxFill the Queue**: Look at "Production
list”. Is it empty or does it only have 1
item?

- If YES, the structure needs more
orders. **ADD** commands to fill the queue (
e.g., “Train SCV™ for CC, “Train Marine” for

Barracks).
- **Idle Structure Checkxx*:

- Look at "Own structures”. Are there
any marked as **"State: idle"x*? If YES,
immediately x*ADDx* commands to train units
(e.g., “Train SCV" for CC, “Train Marine”

for Barracks).
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- Are tech structures (e.g., TechLab,
EngineeringBay) marked as x*"State: idle"x*?
If YES, **xADDx* commands to upgrade
technology.

3. x*Check Unit Health & Statusx=*:
- x*Idle Army Check**: Look at "Own units
. Are there any Army units marked as x*"
State: idle"*x while the **Visible enemy
units*x or **Visible enemy structures*x list
is NOT empty?

- If YES, do not just wait. Add an *x
Attack*x command to pressure the enemy.

- x*Damage Check*x: Look at the "Health”
of your units. Is any unit's health low?

- If YES, add a command to **Kitexx (
move back slightly) or *xHeal/Repair#**x (
Medivac/SCV) to save it.

- **Vision & Scouting Check*x: Is the **
Visible enemy structures*x list [Empty]?

- If YES, your vision is limited. **ADD
*%x ~Attack™ or “Move™ commands to **search
for enemy bases*x.

n

### NEW ACTION RULES

- *xVALIDATE ACTORS**: When adding new
commands, refer to **Unit abilities*x*, *x*
Structure abilitiesx*, x*Ability description
*%x in the *x### Current Game Statex*
provided in the **first user messagexx.
Ensure the selected units actually have the
ability to perform the action.

- **CORRECT UNIT SELECTION**: When adding

“TERRANBUILD™ commands, you MUST find a

valid **SCVx* from the *x### Current Game
State*x (marked as ~State: idle™ or ~State:
collecting resources automatically™).

**Qutput Rulesx*: Create an OPTIMIZED JSON
list that combines your beneficial original
actions with any NEW necessary and valid
actions derived from the reflection above.




