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Abstract002

Deploying large language models (LLMs) to003
real-time strategy (RTS) game environments004
for validating their reasoning and decision-005
making capabilities has become a popular re-006
search focus. Existing methods typically rely007
on traditional memory retrieval and unified ex-008
ecution via a single cloud-based LLM, which009
reveals severe bottlenecks in cognitive reason-010
ing and inference latency. To address these011
limitations, we propose CMHA, a hierarchi-012
cal agent architecture with counterfactual mem-013
ory. At the macro level, CMHA employs a014
memory mechanism inspired by hypothetical015
reasoning to maintain long-term strategic con-016
sistency. At the micro level, we combine ac-017
tion pruning with a lightweight 2.8B tactical018
model fine-tuned via QLoRA to translate in-019
tents into executable actions. This architec-020
ture incurs minimal expensive deployment over-021
head, while sustaining tactical coherence and022
reducing inference latency. Experiments in the023
LLM-PySC2 environment demonstrate that our024
approach consistently outperforms cloud-based025
baselines while significantly reducing inference026
latency and token consumption.1027

1 Introduction028

LLMs have exhibited strong generalization and029

reasoning abilities, achieving substantial break-030

throughs across a broad range of downstream tasks031

spanning code generation and complex tool invo-032

cation (Brown et al., 2020; Touvron et al., 2023).033

In recent years, deploying LLMs as autonomous034

agents in RTS games to evaluate their reasoning035

and decision-making capacity has emerged as an036

important direction in artificial intelligence (Wu037

et al., 2024; Chen et al., 2024). Among existing038

testbeds, StarCraftII stands out as a widely adopted039

1Code is released at https://anonymous.4open.
science/r/CMHA-LLM-RTS-A87D
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Figure 1: Comparison of existing conventional deploy-
ment and the proposed CMHA architecture.

evaluation platform, owing to its intense spatiotem- 040

poral dynamics, partial observability induced by 041

the fog of war, and sophisticated economic and 042

operational strategies. 043

Traditionally, environments such as StarCraftII 044

have primarily been addressed through reinforce- 045

ment learning paradigms. However, these ap- 046

proaches generally operate as uninterpretable black- 047

box models, relying heavily on large-scale trial- 048

and-error optimization while exhibiting limited 049

generalization to unseen tactics and dynamic sce- 050
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narios (Vinyals et al., 2017, 2019). Consequently,051

recent research has increasingly shifted toward052

monolithic cloud-based LLM architectures (Yao053

et al., 2022; Park et al., 2023). Nevertheless, such054

deployment paradigms still face several critical055

challenges. First,the inference latency introduced056

by cloud-based LLMs often leads to delayed tac-057

tical responses in fast-paced RTS environments.058

Second, as interaction histories continuously grow,059

conventional memory retrieval mechanisms tend060

to accumulate large amounts of redundant histori-061

cal observations (Packer et al., 2023; Zhong et al.,062

2024). These redundant observations introduce ad-063

ditional logical noise, causing agents to frequently064

switch between conflicting strategic objectives in065

complex situations, thereby resulting in severe066

strategic instability.067

Meanwhile, the semantic-action alignment be-068

tween LLMs and low-level game environment069

still remains an urgent problem to be addressed070

(Huang et al., 2022). Several existing approaches071

(Colledanchise and Ögren, 2018) rely on finite-072

state machines or behavior trees as auxiliary con-073

trol mechanisms. Although such methods can074

better comply with game rules, they suffer from075

rigid logic and restrict the reasoning and decision-076

making abilities of LLMs. In summary, cur-077

rent LLM deployment urgently requires a better078

paradigm that not only breaks the latency bottle-079

necks and cognitive redundancy brought by mono-080

lithic cloud-based LLMs, but also mitigates the081

adverse effects caused by low-level hallucination082

rates (Ji et al., 2023).083

To address the challenges identified in existing084

works, we propose CMHAa hierarchical decision-085

making architecture equipped with counterfactual086

memory. At the macro level, we introduce a strate-087

gic planning module named Strategy Pulse Chain088

Brain (SPC), which operates at a slower decision089

frequency to perform global reasoning. Instead090

of storing all historical observations, the mem-091

ory module of SPC selectively retains information092

based on hypothetical reasoning. At the micro level,093

we deploy Tactical-Phi, a lightweight local 2.8B094

model fine-tuned with QLoRA (Dettmers et al.,095

2023), to translate high-level strategic intents into096

executable low-level game actions. We further in-097

troduce action pruning to reduce the decision space,098

together with a self-correction sandbox mechanism099

that filters invalid actions during execution.100

Our contributions can be summarized as follows:101

• We propose CMHA, an asynchronous hier- 102

archical decision-making framework. It not 103

only fully leverages the reasoning and gener- 104

alization capabilities of LLMs, but also forms 105

a micro-action execution closed loop by in- 106

troducing action pruning and a self-correction 107

sandbox, thereby reducing the action halluci- 108

nation rate. 109

• The memory mechanism of the architecture 110

maintains long-term historical events, signifi- 111

cantly reducing strategic jitter caused by cog- 112

nitive overload (Li et al., 2026) in LLMs. 113

• Extensive experiments on the LLM-PySC2 114

benchmark demonstrate that CMHA achieves 115

better performance, while maintaining compa- 116

rable strategic depth to GPT-4omini, reducing 117

inference latency by approximately 57% and 118

token consumption by nearly 80%. 119

2 Related Work 120

2.1 RTS Environments for LLM Agents 121

Early research on StarCraftII primarily interacted 122

with the game through reinforcement learning and 123

the underlying interfaces of PySC2 (Vinyals et al., 124

2017). A pivotal breakthrough was AlphaStar 125

(Vinyals et al., 2019), which demonstrated the po- 126

tential of it in StarCraftII, yet it cannot avoid its 127

fundamental limitations in generalization capabil- 128

ity and computational efficiency. With the emer- 129

gence of LLMs, the research paradigm has grad- 130

ually shifted. Works such as TextSC2 (Ma et al., 131

2024) and SwarmBrain (Shao et al., 2024) began to 132

abstract game APIs into natural language, attempt- 133

ing to construct experimental environments tailored 134

for LLMs. Subsequently, to address the shortcom- 135

ings of SwarmBrain and TextSC2, LLM-PySC2 (Li 136

et al., 2026) proposed the first environment support- 137

ing the full PySC2 action space, while providing a 138

structured game Wiki knowledge base. 139

2.2 Memory Information 140

Applying LLMs to long-horizon tasks requires ro- 141

bust reasoning and memory information manage- 142

ment. Although Chain of Thought (CoT) (Wei 143

et al., 2022) and Retrieval-Augmented Generation 144

(RAG) (Lewis et al., 2020) have strengthened the 145

memory utilization and analytical capabilities of 146

LLMs, they often lead to redundant contextual in- 147

formation in StarCraftII, which involves thousands 148

of time steps. To handle redundant observations, 149
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Figure 2: An overview of our framework CMHA, which consists of three parts: (a) Strategy Pulse Chain (SPC)
Brain: manages counterfactual memory and conducts high-level strategic reasoning via SP-CoT; (b) Tactical-Phi
Adapter: generates executable raw actions based on macro-level intentions; (c) Action Sandbox: verifies action
validity and performs self-correction to reduce hallucinations.

Chain of Summarization (CoS) (Ma et al., 2024)150

proposed a method for periodically aggregating151

frame information. Recent advances have explored152

more complex memory and planning structures.153

COMPASS (Li et al., 2025) constructs a global154

entity memory through multi-hop communication,155

while StarWM (Zhang et al., 2026) introduces a156

structured world model to refine policies by pre-157

dicting future dynamics. However, existing mem-158

ory paradigms predominantly focus on the accu-159

mulation of short-term contextual information and160

lack effective mechanisms for long-term memory161

scheduling and maintenance.162

2.3 Semantic-Action Alignment163

Regarding the alignment of high-level LLM in-164

structions with low-level executable actions, recent165

studies have explored a variety of action ground-166

ing strategies. For instance, several works intro-167

duce dedicated low-level modules to constrain the168

output space of LLMs. SwarmBrain (Shao et al.,169

2024) leverages finite state machines to construct170

a low-level reflex network, while Adaptive Com-171

mand (Li et al., 2025) integrates behavior trees to172

guarantee rigid rule execution. Although these ap-173

proaches achieve promising progress, they fail to174

fully exploit the reasoning potential of LLMs and175

still suffer from poor generalization ability. Subse- 176

quent efforts such as LLM-PySC2 (Li et al., 2026) 177

adopt a monolithic cloud LLM to handle the en- 178

tire pipeline from strategic planning to primitive 179

action execution, which nevertheless introduces 180

non-negligible inference latency and inherent ac- 181

tion hallucinations. Meanwhile, SC-Phi2 (Khan 182

and Sukthankar, 2024) demonstrates the feasibility 183

of fine-tuning a local lightweight model with SC2- 184

specific textual datasets for macro management 185

tasks. 186

3 Method 187

In this section, we elaborate the overall methodol- 188

ogy of our proposed CMHA framework. The gen- 189

eral architecture of CMHA is visualized in Figure 2. 190

We first present the overall framework and design 191

motivations in Section 3.1. Section 3.2 elaborates 192

on macro-level components and investigates the 193

working mechanism of dual counterfactual mem- 194

ory in depth. Afterwards, Section 3.3 illustrates 195

the micro execution closed loop involving dynamic 196

space pruning and self-correcting action sandbox 197

mechanisms. Finally, we specify the two-stage fine- 198

tuning strategy for the local Tactical-Phi model in 199

Section 3.4. 200
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3.1 CMHA Overview201

At each decision time step t, the agent receives202

high-dimensional local and global observations ot203

and outputs a valid and grounded action sequence204

a∗t . To address the limitations of previous frame-205

works, we propose a hierarchical architecture based206

on counterfactual memory. CMHA maintains a207

set of cross-step macro state variables, including208

the strategic pulse pt (attack/expand/retreat/defend)209

representing the current macro intention, the strate-210

gic inertia ht recording the duration of the current211

intention, and the memory bank Mevent storing212

all valid historical events. As illustrated in Figure213

2, CMHA decouples the entire pipeline into three214

asynchronous layers with strict boundaries:215

• Strategy Pulse Chain Brain: This layer takes216

the global observation ot and historical state217

variables (Mevent, pt−1, ht−1) as input and218

is triggered asynchronously at a slow clock219

cycle. It integrates memory with Strategic220

Pulse Chain-of-Thought (SP-CoT) for reason-221

ing, and aggregates the global plan into a high-222

level intention tuple (pt,Vt) containing strate-223

gic pulse and tactical pivots, which is then224

sent to the middle-layer tactical adapter. This225

mechanism ensures the stability and effective-226

ness of long-term reasoning.227

• Tactical Adapter: This layer receives local228

observations and the top-down macro inten-229

tion (pt,Vt), running at a fast clock frequency.230

To maintain lightweight characteristics, the231

tactical adapter only generates raw actions232

araw after reasoning independently.233

• Action Sandbox: To reduce the hallucination234

rate, this module takes the raw action araw235

generated by the middle layer as input and236

performs validity checking based on the cur-237

rent environment. If the checked action is still238

invalid, the self-correction mechanism will be239

triggered. Finally, this layer outputs the final240

executable action a∗t to the game engine.241

3.2 Memory and Reasoning Mechanism242

This module divides the maintenance and utiliza-243

tion of memory into four sequential stages, en-244

abling the SPC brain to generate stable and effec-245

tive macro strategies via SP-CoT reasoning.246

Stage 1: Slicing and Aggregation247

To eliminate high-frequency observation redun-248

dancy introduced by the game environment, the249

system adopts an unbiased sliding window mecha- 250

nism to compress the continuous time flow. Given a 251

fixed step size w, the continuous game observation 252

stream is split into independent observation view- 253

ports Wt = {ot−w+1, . . . , ot}. For each window, 254

the system invokes the top-level large language 255

model to perform multi-frame semantic aggrega- 256

tion, reducing dense information frames into struc- 257

tured high-level semantic segments ε̃t: 258

ε̃t ∼ LLM_Summarize(Wt,Promptagg), (1) 259

where LLM_Summarize denotes the context aggre- 260

gation operation performed by the large language 261

model, and Promptagg represents the structured in- 262

struction for guiding spatiotemporal feature extrac- 263

tion. 264

Stage 2: Counterfactual Admission 265

To maintain strategic stability and prevent the un- 266

bounded inflation of the memory pool, the system 267

executes a semantic-driven counterfactual interven- 268

tion on ε̃t prior to reasoning. The top-level LLM 269

is evaluated with a counterfactual challenge: given 270

the established historical memory bank Mevent, 271

whether the forceful erasure of the current episode, 272

denoted as do(ε̃t = ∅), would yield a fundamental 273

deficit in comprehending the current state ot, or crit- 274

ically compel a disruption of the existing strategic 275

pulse pt−1. The model outputs a boolean routing 276

signal Ikeep ∈ {0, 1} based on semantic attribution: 277

Ikeep = LLM_Admit (ot, pt−1,Mevent, do(ε̃t = ∅)) ,
(2) 278

where LLM_Admit denotes the counterfactual eval- 279

uation function executed by the LLM, do(·) repre- 280

sents the forceful intervention operator in causal 281

inference, and Dall is the auxiliary global domain 282

knowledge. 283

Based on the value of Ikeep, the SPC Brain routes 284

the macro state machine into two discrete modes: 285

• Sleep Mode (Ikeep = 0): The episode is ver- 286

ified to lack substantial causal effects. The 287

brain rejects global replanning, discards the 288

event, inherits the current strategic pulse (pt = 289

pt−1), and increments the strategic inertia 290

(ht = ht−1 + 1). 291

• Wake Mode (Ikeep = 1): The episode is rec- 292

ognized as a strategic pivot that fundamen- 293

tally alters situational cognition. The tempo- 294

rary snippet ε̃t is formally instantiated as a 295

core memory εt and appended to the causal 296
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memory bank Mevent, which subsequently ac-297

tivates the reasoning pipeline in Stage 4.298

Stage 3: Semantic Pruning299

Meanwhile, the system periodically prunes invalid300

memories from Mevent. For each historical event301

εi ∈ Mevent, the system prompts the LLM to de-302

termine whether the latest observation logically303

semantically covers it or if its associated historical304

intention has terminated:305

Iprune = LLM_Prune (ot, εi) , (3)306

where LLM_Prune denotes the pruning evaluation307

function implemented by the LLM, and Iprune ∈308

{0, 1} is the output boolean judgment; if Iprune =309

1, the event is pruned to ensure the purity of the310

context for subsequent reasoning.311

Stage 4: SP-CoT Reasoning312

Only in Wake Mode does the top-level brain per-313

form reasoning, a mechanism that effectively re-314

duces latency and token consumption. Based on315

ot, Mevent, and the previous round of strategic in-316

ertia ht−1, the brain conducts reasoning following317

SP-CoT:318

Ct ∼ LLM_Reason(Mevent, pt−1, ht−1,Promptsp),
(4)319

where LLM_Reason denotes the SP-CoT reason-320

ing process, Promptsp represents the prompt in-321

struction for constraining the chain of thought, and322

Ct is the reasoning trajectory. Specifically, SP-CoT323

requires Ct to follow the paradigm of "enemy situ-324

ation assessment → historical intention reflection325

→ macro-strategic decision". Finally, the system326

derives the new tuple (pt,Vt) from the end of the327

reasoning trajectory Ct and updates ht according to328

the following logic:329

ht =

{
ht−1 + 1 if pt = pt−1

0 if pt 6= pt−1

. (5)330

3.3 Action Execution Closed-loop331

Through dynamic pruning and self-correction332

mechanisms, the CMHA constructs a micro-333

execution loop at the middle and bottom layers.334

This mechanism reduces potential hallucinations of335

LLMs and substantially improves the executability336

of the output actions. Before outputting the action337

list to the tactical unit, the physical attributes of the338

unit (such as energy value and skill cooldown) are339

verified; any action that does not meet the attribute340

constraints is removed from the list, resulting in the 341

legal action space Avalid. 342

The tactical unit generates the raw action araw, 343

then sends it to the underlying self-correction sand- 344

box to check its compliance with Avalid.If format 345

errors or unexecutable issues occur, a retry mech- 346

anism is triggered, which generates feedback and 347

requires the tactical unit to regenerate the action 348

(with a maximum of 2 retries). If the action still 349

cannot be normally executed after retries, the sand- 350

box replaces it with a pre-set safe fallback action. 351

Finally, the legal action a∗t is issued for execution, 352

and this process can be expressed as: 353

a∗t = Sandbox(araw,Avalid). (6) 354

3.4 Tactical-Phi Fine-Tuning 355

Considering the inherent limitations of cloud-based 356

large models in aligning semantic instructions with 357

executable actions, we locally deploy the 2.8B- 358

parameter Phi-2 model (Li et al., 2023) and con- 359

duct two-stage fine-tuning via QLoRA. Detailed 360

training configurations are provided in Appendix. 361

General pre-trained models lack domain knowl- 362

edge for in-game scenarios. In the first stage, we 363

perform text-supervised fine-tuning using the SC2 364

Text Dataset (Khan and Sukthankar, 2024). We 365

freeze all backbone weights and only update atten- 366

tion layers and feed-forward networks inside LoRA 367

modules during gradient optimization. 368

The second stage focuses on semantic align- 369

ment. We selected high-quality human-played 370

game recordings and reconstructed the input-output 371

space of supervised samples with reference to the 372

MSC dataset (Wu et al., 2017). The whole pipeline 373

leverages reverse reasoning without manual anno- 374

tations.On the input side, we replaced the origi- 375

nal high-dimensional tensor representation with 376

a structured text summary Xt, which integrates 377

three types of feature information: resource and 378

population status discretized into categorical inter- 379

vals (low, medium, high), building construction 380

progress, and tech tree development status. For the 381

output side, to avoid prefix bias caused by the orig- 382

inal action templates in PySC2, we replaced the 383

raw action labels with concise alias descriptions. 384

When sampling underlying actions, we extracted 385

four consecutive alias action sequences to form 386

the final target sequence Yalias. Additionally, to en- 387

sure the model focuses on action prediction, we 388

adopted an output masking strategy during training: 389

we masked the gradient of Xt when calculating 390
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the cross-entropy loss, only performing supervised391

training on the alias action sequence. The align-392

ment loss is defined as:393

Lalign = −
|Yalias|∑
j=1

logP (yj | Xt, y<j ; Θtuned). (7)394

where Θtuned represents the model parameters up-395

dated by QLoRA. In practical deployment, the gen-396

erated alias actions need to be mapped back to the397

original in-game operation commands.398

4 Experiment399

4.1 Experimental Setup400

Environment and Task All experiments are401

carried out on StarCraftII (v5.0.15) via the LLM-402

PySC2 environment (Li et al., 2026). The local403

model is deployed on a single RTX 3090 GPU.404

Unlike previous simplified simulation platforms,405

LLM-PySC2 enables full access to original game406

actions. Following the methodology of it, We407

adopt the Simple64 map for all tests and use408

built-in AI opponents across all difficulty levels409

ranging from 1 to 7. All matches are conducted410

under the ECSB (highest complexity) mode and411

repeated twelve times. We also evaluate our412

method on typical tasks selected from SMAC test413

suites (Samvelyan et al., 2019).414

415

Baseline Due to the complexity of the LLM-416

PySC2 environment, agents designed for simplified417

environments in prior work cannot be directly de-418

ployed or fairly compared. Therefore, we adopt the419

built-in multi-agent architecture of LLM-PySC2 as420

our baseline.GPT-4o-mini (OpenAI, 2024), and421

DeepSeek-V3 (DeepSeek-AI, 2025) are used as422

inference models.423

424

Evaluation Metric To comprehensively quantify425

the model performance, we define the following426

six evaluation metrics:427

• Win Rate (WR): The winning ratio of games428

completed under designated tasks.429

• Strategic Switch Frequency (SSF): The av-430

erage number of strategy intent pt changes per431

match, which evaluates the strategic stability432

enhanced by the memory mechanism.433

• Hallucination Frequency (HF): The aver-434

age number of invalid or unexecutable actions435

generated per match.436

• Retry Success Frequency (RSF): The aver- 437

age number of successful corrections by the 438

sandbox mechanism per match, used to mea- 439

sure the effectiveness of the sandbox. 440

• Decision Latency (DL): The average end-to- 441

end time required to complete a single deci- 442

sion step. 443

• Token Cost (TC): The average token con- 444

sumption per game match. 445

4.2 Main Result 446

As shown in Table 1, we first evaluate our frame- 447

work under the ECSB mode. Experimental results 448

show that the cloud-based baseline collapses com- 449

pletely at Level 3 with the winning rate dropping 450

to 0%, since it fails to maintain stable strategic 451

coherence in long-duration confrontations. In com- 452

parison, our proposed CMHA obtains nearly 100% 453

winning rates at low difficulty levels, reaches 50- 454

60% winning rate at Level 4, and maintains usable 455

performance until Level 6. The distinct perfor- 456

mance gap fully demonstrates the strong reasoning 457

capability of CMHA in complex scenarios. 458

When the tactical adapter employs Tactical-Phi, 459

CMHA achieves win rates extremely close to those 460

of the pure-cloud CMHA across all difficulty levels. 461

Moreover,the performance remains poor when us- 462

ing the original Phi-2 validating the effectiveness of 463

the locally fine-tuned model. However, when this 464

locally fine-tuned model is applied to the baseline 465

method, its win rates drop significantly across all 466

levels. This is because the baseline adopts a single- 467

layer architecture, and the small model causes the 468

baseline to lose powerful inference capabilities. In 469

contrast, the hierarchical design of CMHA com- 470

pensates for this limitation. 471

Beyond macro-level operational control, we fur- 472

ther evaluate the micro-operation capability of our 473

architecture on the SMAC benchmarks in Table 2. 474

CMHA obtains notably better KD and WR than 475

baseline methods across all tasks.Notably, the base- 476

line still maintains steady performance when inte- 477

grated with locally fine-tuned models. This obser- 478

vation further confirms our previous analysis on 479

hierarchical architecture design. 480

4.3 Analysis 481

Memory Mechanism To verify the effect of the 482

counterfactual memory mechanism on strategic 483

stability, we compare the full CMHA architecture 484
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Method / WR Level-1 Level-2 Level-3 Level-4 Level-5 Level-6 Level-7

Baseline (4omini) 75.0% 16.7% 0.0% 0.0% 0.0% 0.0% 0.0%
Baseline (deepseek-v3) 58.3% 25.0% 0.0% 0.0% 0.0% 0.0% 0.0%
CMHA (4omini) 100.0% 100.0% 91.7% 50.0% 16.7% 8.3% 0.0%
CMHA (deepseek-v3) 100.0% 100.0% 100.0% 58.3% 8.3% 8.3% 0.0%

Baseline (Phi-2) 8.3% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%
Baseline (TP) 16.7% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%

CMHA (4omini+Phi-2) 50.0% 33.3% 16.7% 0.0% 0.0% 0.0% 0.0%
CMHA (4omini+TP) 91.7% 91.7% 91.7% 41.7% 16.7% 8.3% 0.0%

Table 1: Win Rates across different difficulty levels. (TP denotes our fine-tuned Tactical-Phi model)

Method / KD (WR) 2s3z 3s5z 1c3s5z 3s5z_vs_3s6z 2c_vs_64zg 3s_vs_3z

Baseline (4omini) 0.66 (20%) 0.39 (0%) 1.01 (50%) 0.29 (0%) 0.54(0%) 0.09 (0%)
Baseline (TP) 0.70 (30%) 0.45 (5%) 0.82 (65%) 0.34 (0%) 0.61 (0%) 0.14 (5%)

CMHA (4omini+TP) 0.83 (35%) 0.56 (100%) 0.90 (80%) 0.21 (10%) 0.72 (0%) 0.17 (5%)
CMHA (4omini) 0.74 (35%) 0.67 (100%) 0.92 (85%) 0.26 (30%) 0.81 (5%) 0.23 (0%)

Table 2: Kill/Death Rates and Win Rates on SMAC benchmark tasks.
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Figure 3: Impact of the counterfactual memory mecha-
nism on win rate and strategic switch frequency.

with its variant with conventional memory mecha-485

nism, denoted as CMHA (w/o memory). As shown486

in Figure 3, both variants achieve 100% win rate487

at low difficulty levels. Their performance gap488

widens as difficulty increases. The memory-free489

variant drops to 50% win rate at Level 3 and490

becomes ineffective from Level 5 onward. In491

contrast, the full CMHA maintains effective492

combat capability up to Level 6. Furthermore,493

SSF data shows that the memory-free architecture494

exhibits significantly higher strategic switch counts495

at all difficulty levels. These results demonstrate496

that the counterfactual memory mechanism497

effectively prevents strategic jitter by dynamically498

filtering historical information.499

500

Action Closed-loop Mechanism In this subsec-501
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Figure 4: Self-correcting sandbox performance: halluci-
nation frequency and retry success frequency.

tion, we compare the baseline and the baseline 502

(w/ sandbox), and measure two metrics: hallucina- 503

tion frequency (HF) and retry success frequency 504

(RSF). The experimental methodology mirrors that 505

of the main experiment, involving macro-level 506

matches of varying difficulty conducted on des- 507

ignated maps.As shown in Figure 4, the baseline 508

(w/ sandbox) exhibits a substantial drop in HF 509

across all difficulty levels. Meanwhile, the sand- 510

box achieves nearly 100 correction successes per 511

episode at Level 3 and Level 4, providing reliable 512

guarantees for successful action execution. 513

514

Lightweight Model As verified in our main re- 515

sults, Tactical-Phi achieves performance compara- 516

ble to the cloud-based large language model (GPT- 517

4o-mini) when used as a tactical adapter. To further 518

7



0 1 2 3 4
Latency (s / query)

500

750

1000

1250

1500

1750

2000

2250

To
ke

ns
 / 

qu
er

y
Level 3

0 1 2 3 4
Latency (s / query)

Level 4

0 1 2 3 4
Latency (s / query)

Level 5

0 1 2 3 4
Latency (s / query)

Level 6

Baseline(4omini) CMHA(4omini) Baseline(TP) CMHA(4omini+TP)

Figure 5: Comparison of decision latency and token consumption under various difficulty levels.

evaluate the efficiency advantage of CMHA, we519

measure decision latency and token cost across520

four settings in matches of Level 36 difficulty. As521

shown in Figure 5, both Baseline (4omini) and522

CMHA (4omini) exceed 3 seconds per query in523

latency, with token costs above 2000, especially524

at higher difficulty levels. In contrast, CMHA525

(4omini+TP) reduces average inference latency526

by approximately 57% and token consumption by527

nearly 80%. These results demonstrate that CMHA528

significantly lowers inference latency and token529

overhead without performance degradation, offer-530

ing a deployment paradigm that balances efficiency531

and capability for RTS environments.532

4.4 Case Study533

We extract two cases from Level 5 match replays to534

compare practical behaviors between the CMHA535

agent and baseline methods.

Figure 6: CMHA: Precision Defense and Strategic
Counter-Attack.

536
As illustrated in Figure 6, the opponent launches537

a tentative raid on our main base with limited units.538

With the support of counterfactual memory, CMHA539

accurately identifies this action as a local tactical at-540

tack rather than a full-scale all-in strike. The agent541

keeps its original strategic stance instead of blind542

defense, and promptly assembles Stalker units to543

counterattack the enemy base. By contrast, the 544

baseline method shows obvious deficiencies under 545

the same scenario. 546

Figure 7: Baseline: Strategic Jitter and Formational
Collapse.

As shown in Figure 7, the baseline misjudges the 547

tentative harassment as a full enemy offensive. It 548

immediately abandons the unfinished strategic plan 549

and switches to blind defense, which eventually 550

leads to total defeat. The comparison demonstrates 551

that CMHA delivers deeper reasoning and more 552

stable strategic decision making. 553

5 Conclusion 554

We propose CMHA, a novel hierarchical architec- 555

ture with counterfactual causal memory designed 556

for StarCraftII. This architecture is driven by two 557

core components, namely the Strategy Pulse Chain 558

(SPC) brain and the lightweight Tactical-Phi model. 559

The SPC manages memory mechanisms and adopts 560

SP-CoT to enhance sufficient depth and stability 561

of reasoning. Experimental results show that our 562

method outperforms baseline models consistently, 563

and significantly reduces inference latency and to- 564

ken consumption, thus exhibiting strong deploy- 565

ment potential. 566
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Limitations567

Despite the strong performance of the CMHA archi-568

tecture in complex environments, its fixed sliding-569

window-based event segmentation mechanism may570

exhibit limited flexibility in capturing highly dy-571

namic event boundaries. This mechanism may frag-572

ment continuous in-game events during matches,573

which deserves warrants further investigation in574

future studies. Furthermore, all experimental eval-575

uations in this work are conducted exclusively on576

StarCraft II, and the generalization of the proposed577

method to other task types and application domains578

has yet to be fully explored.579
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A Implementation Details of the Strategic706

Pulse Chain Brain707

The strategic layer in our implementation is708

instantiated by a shared StrategicPulseBrain709

(SPC), rather than by a single monolithic prompt.710

At each strategic tick, the final input to the711

top-level model is composed from three sources:712

(i) a fixed system prompt in query_strategic,713

(ii) a dynamic macro prompt assembled in714

StrategicPulseBrain.maybe_run_tick, and715

(iii) an optional doctrine block injected by the716

full-game experiment script. This design keeps the717

high-level reasoning policy stable while allowing718

the prompt to incorporate the latest battlefield719

context and long-term memory.720

A.1 Fixed Strategic Prompt 721

The fixed system prompt defines the top-level 722

model as the macro-strategic module for StarCraft 723

II under the following default setting: 724

• map: Simple64; 725

• our race: Protoss; 726

• opponent: built-in AI. 727

The prompt further instructs the model to re- 728

call a set of common Protoss plans, including 4- 729

Gate rush, Stalker-Sentry pressure, Immortal all-in, 730

Chargelot-Archon timing, fast expand into macro, 731

Colossus deathball, Dark Templar harassment, Ora- 732

cle opening, and Void Ray rush. Strategy selection 733

is conditioned on four factors: map layout and ex- 734

pansion geometry, opponent race, current game 735

stage and resource status, and known tendencies of 736

the built-in StarCraft II AI. 737

The system prompt also enforces three high- 738

level decision rules. First, the agent should not 739

overcommit to passive defense; if our army is al- 740

ready active while the opponent is still scaling, the 741

model should prefer attack or pressure. Second, 742

if resources are floating, the model should spend 743

them on units, production capacity, expansions, or 744

technology rather than delaying action. Third, if an 745

initial plan has clearly failed, the strategic module 746

should switch to a new plan instead of preserving 747

an invalid macro intention. 748

The final response is required to contain the fol- 749

lowing tagged fields: 750

[Memory] a JSON object, preferably 751
with keys such as enemy_race_guess, 752
enemy_tech_guess, our_plan, risks, and 753
open_tasks; each key may carry value, 754
confidence, and ttl. 755
[Pulse] one of ATTACK, DEFEND, EXPAND, or 756
RETREAT. 757
[Pivot] a short English description of the tactical 758
focus. 759
[Horizon] an integer indicating how many 760
in-game seconds the recommendation is expected 761
to remain valid. 762

The model may produce free-form reasoning before 763

these fields, but the tagged fields are mandatory. 764

A.2 Dynamic Macro Prompt 765

At every top-level tick, SPC appends a dynamic 766

macro prompt that restricts the output to the follow- 767

ing slots: 768

[Pulse] 769
[Pivot] 770
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[CommanderIntent]771
[DeveloperIntent]772
[Horizon]773
[Memory]774

This prompt explicitly forbids the model from out-775

putting executable action names. Instead, the top-776

level model only produces macro intent and mem-777

ory updates.778

The dynamic context includes the current strate-779

gic state:780

• current_pulse;781

• current_pivot;782

• pulse_inertia_h_t;783

• current_commander_intent;784

• current_developer_intent;785

• last_decision_horizon_s.786

It then appends [SPCLongTermMemoryPrev],787

which contains the surviving long-term memory788

slots from the previous strategic tick, together789

with the full CommanderObservationText.790

If enabled, the prompt can further in-791

clude [CommanderExecutionFeedback],792

[StrategicDoctrine], and [Playbook] blocks.793

A.3 Strategic Doctrine Used in the Full-Game794

Setting795

In the default full-game experiment, the strategic796

doctrine is enabled and provides map-specific guid-797

ance for Protoss play on Simple64. The doctrine798

assumes up to three base locations and up to four799

Assimilators. It also reminds the model to moni-800

tor Nexus energy and to use Chrono Boost on key801

structures.802

The doctrine exposes two default candidate803

plans. The first is a Zealot and Stalker Tactic,804

framed as a strong all-in window within the first805

eight in-game minutes. Its core structure is based806

on Warp Gate production, with one Cybernetics807

Core, one Twilight Council, and one Forge, to-808

gether with Warp Gate and Charge as key technolo-809

gies. The recommended composition is approx-810

imately Zealot:Stalker = 1:1 or 2:1, with timing811

anchors such as two Nexuses and two Gateways by812

2:00, three to four Warp Gates with a Cybernetics813

Core by 4:00, and four to five Warp Gates plus814

Twilight Council and the key upgrades by 8:00.815

The second is a Carrier Tactic, framed as a more816

stable late-game plan. It recommends Zealot plus817

Stalker defense before 6:00 and Carrier-centered 818

play afterwards, supported by up to four Stargates, 819

one Fleet Beacon, and air upgrades. Representative 820

timing anchors include two Nexuses and two Gate- 821

ways by 2:00, two Stargates plus Fleet Beacon and 822

the first Carrier in production by 6:00, and three to 823

four Carriers with four Stargates by 10:00. 824

The doctrine also encodes several global eco- 825

nomic heuristics. For example, it prefers a second 826

Nexus when the worker count exceeds 16, a third 827

Nexus when the worker count exceeds 35, two As- 828

similators after 25 workers, and four Assimilators 829

after 45 workers. It keeps producing Probes until 830

the worker count reaches 80, adds a Pylon when- 831

ever remaining supply is below four, prioritizes 832

missing technology structures for the chosen plan, 833

and dispatches a Probe scout when the economy is 834

comfortable. In the Carrier plan, Chrono Boost is 835

prioritized for Stargates first, then key technologies, 836

and then Nexuses. Finally, the doctrine discourages 837

attacks below 60 army supply, allows attacks once 838

army supply reaches 60, and strongly favors ag- 839

gression once army supply reaches 80. 840

A.4 Operationalization of Aggregation, 841

Admission, and Pruning 842

The four-stage description in Section 3.2 should be 843

understood as a conceptual abstraction of the re- 844

leased implementation. Concretely, these functions 845

are realized through the interaction between the 846

fixed strategic prompt, the dynamic macro prompt, 847

structured long-term memory, and the surrounding 848

control logic, rather than through four separately 849

named prompt headers. 850

Observation aggregation. In the released im- 851

plementation, macro-level aggregation is real- 852

ized by concatenating the current strategic state, 853

the surviving long-term memory, and the latest 854

CommanderObservationText. If enabled, the 855

prompt additionally includes execution feedback, 856

doctrine, and playbook information. In the default 857

full-game configuration, command feedback is dis- 858

abled, playbook mode is disabled, and strategic 859

doctrine is enabled. 860

Counterfactual admission. In the released code, 861

the admission decision is implemented implicitly 862

rather than through a separately labeled prompt 863

field. Operationally, the strategic module is asked 864

to preserve or revise the current plan based on 865

whether the newly observed change is strategi- 866

cally consequential. In particular, the fixed system 867
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prompt requires the model to change plans once868

the current one has failed. In the optional playbook869

mode, an interrupt override can also force a tempo-870

rary switch to DEFEND when enemy pressure rises871

abruptly, after which the system may return to the872

original playbook. This control pattern serves as873

the concrete implementation of the counterfactual874

admission behavior described in the main text.875

Semantic pruning. Long-term memory is not876

accumulated indefinitely. The memory in-877

gester only accepts non-empty key-value en-878

tries, while confidence and ttl are clamped879

to valid ranges. At each strategic tick, the de-880

cay procedure decrements ttl by one and re-881

moves entries whose ttl falls below the thresh-882

old. Only the surviving slots are rendered back into883

[SPCLongTermMemoryPrev] for the next prompt.884

In this sense, the pruning mechanism is imple-885

mented as structured memory filtering and time-886

to-live decay.887

Macro reasoning. The top-level system prompt888

provides the general macro-strategic principles,889

the doctrine block injects concrete Protoss rules890

for Simple64, and the dynamic prompt forces the891

model to emit only the macro-level slots Pulse,892

Pivot, CommanderIntent, DeveloperIntent,893

Horizon, and Memory. This combination opera-894

tionalizes the macro reasoning stage of CMHA.895

A.5 Default Full-Game Strategic896

Configuration897

The default full-game launcher enables the strategic898

layer with the following switches:899

• ENABLE_SPC_STRATEGIC_LAYER = True;900

• SPC_SHARED_STRATEGIC_BRAIN = True;901

• SPC_STRATEGIC_OWNER_AGENT =902

Commander;903

• SPC_STRATEGIC_INTERVAL_GAME_SECONDS904

= 15.0;905

• COMMANDER_LLM_INTERVAL_GAME_SECONDS906

= 5.0;907

• SPC_INCLUDE_COMMANDER_FEEDBACK =908

False;909

• scipt = False.910

Therefore, the default setup uses the shared SPC 911

strategic layer together with the doctrine block, but 912

without command feedback and without playbook- 913

mode overrides. 914

B Additional Details of Tactical-Phi 915

Fine-Tuning 916

B.1 Base Model and Two-Stage Objective 917

Tactical-Phi is built on microsoft/phi-2, 918

whose local checkpoint corresponds to the 919

PhiForCausalLM architecture. We train the model 920

in two stages. Stage 1 performs StarCraft II 921

domain adaptation on an SC2 text corpus so that 922

the base model first acquires SC2-specific text 923

understanding, Protoss macro templates, and basic 924

instruction-following ability. Stage 2 then turns 925

the model into a developer-side tactical-action 926

mapper for LLM-PySC2: the input is a local macro 927

summary together with heuristic tactical guidance, 928

and the output is the next four legal Protoss macro 929

actions in alias form. During deployment, the alias 930

actions are deterministically mapped back to the 931

original action templates before legality filtering 932

and execution. 933

B.2 Stage 1 and Stage 2 Hyperparameters 934

Table 3 summarizes the main training settings. 935

In Stage 2, we apply output-only masking: to- 936

kens corresponding to the observation and context 937

side are assigned label −100, and the loss is com- 938

puted only on the target alias action sequence. This 939

choice encourages the model to focus on action 940

generation rather than reconstructing the textual 941

observation. 942

B.3 Instruction-Action Dataset Construction 943

The instruction-action data are derived from 944

human-played replays distributed through the MSC 945

dataset. Our Protoss pipeline uses feature files 946

from MSC-master, rather than directly parsing raw 947

SC2Replay files. We keep only the Protoss per- 948

spective and use three matchup families: Protoss 949

versus Protoss, Protoss versus Terran, and Protoss 950

versus Zerg. 951

The input is not the original tensor state. In- 952

stead, we convert GlobalFeatureVector and 953

SpatialFeatureTensor into a textual macro sum- 954

mary that describes economy, production, technol- 955

ogy, and local battlefield context. The output side 956

is constructed in an event-driven manner: from 957

the current step, the pipeline scans forward and 958
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Setting Stage 1 Stage 2
Base checkpoint microsoft/phi-2 microsoft/phi-2 + Stage 1 adapter
Loading precision 8-bit quantized 8-bit quantized
Objective SC2 domain adaptation instruction-action alignment
LoRA rank 32 96
LoRA alpha 64 192
LoRA dropout 0.05 0.05
Target modules Wqkv, fc1, fc2 Wqkv, fc1, fc2, out_proj
Optimizer adamw_8bit adamw_8bit
Learning rate 2.5× 10−5 5× 10−5

Per-device batch size 1 1
Gradient accumulation 8 8
Effective batch size 8 8
Epochs 160 2
Maximum sequence length 820 256
LR scheduler cosine constant
Warmup steps 80 –
Mixed precision bf16 bf16

Table 3: Training hyperparameters for Tactical-Phi. Both stages use parameter-efficient fine-tuning in a QLoRA-
style setup on top of an 8-bit loaded base model.

collects the next four legal Protoss macro action959

events. Only windows that contain four valid future960

actions are retained.961

Several filtering rules are used during construc-962

tion. Unsupported actions are skipped. Exact963

low-information repetitions are suppressed con-964

servatively, while reasonable consecutive build965

actions are preserved. The current version also966

injects a short heuristic commander guidance967

string that summarizes the macro situation for968

the developer-side model. Finally, the output969

is written in alias-action form rather than raw970

Build_/Train_/Research_ templates, which re-971

duces the dominance of shared prefixes in the train-972

ing loss.973

After generating the full Stage 2 corpus, we974

build a higher-quality subset according to state975

matching and short-window continuity. An ad-976

ditional first-action cap is applied only to the977

training split; validation and test splits keep978

their natural distribution. The final developer-979

alignment dataset used in our current experiments980

is protoss_macro_retrain_v4_alias_hq12h.981

B.4 Dataset Statistics982

Table 4 reports the dataset sizes before and after983

high-quality filtering. The validation and test splits984

remain unchanged, while the training split is fil-985

tered more aggressively.986

For the final v4 alias hq12h subset, the reward987

distribution is as follows. The training split con-988

tains 44,801 winning instances and 7,645 losing989

instances; the validation split contains 44,142 win-990

ning instances and 7,653 losing instances; the test991

Dataset Train Val Test
v4 alias 212,772 51,795 109,818
v4 alias hq12h 52,446 51,795 109,818

Table 4: Dataset sizes for the full Stage 2 corpus and
the final high-quality subset.

Alias action Original template
B:Pylon(screen) <Build_Pylon_Screen(screen)>
B:Assimilator(tag) <Build_Assimilator_Near(tag)>
T:Probe() <Train_Probe()>
R:WarpGate() <Research_WarpGate()>

Table 5: Examples of alias actions used during Stage 2
training.

split contains 92,511 winning instances and 17,307 992

losing instances. 993

B.5 Alias Actions 994

Table 5 shows representative alias actions and their 995

corresponding original templates. 996

B.6 Hardware 997

Our reproduction environment uses four NVIDIA 998

GeForce RTX 3090 GPUs with 24 GB memory 999

each. In practice, a single training run typically 1000

occupies one GPU, and the 8-bit model loading is 1001

used to control memory consumption. 1002

C Experimental Protocol 1003

C.1 Full-Game Evaluation 1004

The full-game launcher executes one selected dif- 1005

ficulty level per invocation, rather than sweep- 1006

ing all difficulties automatically. The diffi- 1007

culty is controlled by the environment variable 1008

SC2_DIFFICULTY_LEVEL, whose default value is 3 1009
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(medium). The available levels are 1: very_easy,1010

2: easy, 3: medium, 4: medium_hard, 5: hard,1011

6: harder, 7: very_hard, 8: cheat_vision, 9:1012

cheat_money, and 10: cheat_insane. The de-1013

fault MAX_EPISODES is 5. The main-paper results1014

focus on Levels 1–7; these are obtained by rerun-1015

ning the same script under different difficulty set-1016

tings.1017

C.2 SMAC Evaluation1018

The SMAC launcher defaults to 3s_vs_3z.1019

It does not explicitly pass –max_episodes1020

to pysc2.bin.agent, whose default is one1021

episode. The map wrapper in llm_smac.py sets1022

game_steps_per_episode = 22 * 60 * 30,1023

which corresponds to a 30-minute cap in game1024

steps. The SMAC maps reported in the main paper1025

are obtained by rerunning the same pipeline with1026

the corresponding map names.1027

C.3 Model and Inference Settings1028

The top-level cloud model is configured as gpt-4o-1029

mini. The local code and logs identify the model1030

name, but they do not record a provider-specific1031

snapshot ID or dated revision. The inference tem-1032

perature is fixed to 0.1. The code does not explic-1033

itly set max_tokens or the context length in the1034

chat-completion calls, so both remain at provider1035

defaults.1036

Several additional defaults affect runtime be-1037

havior. MAX_LLM_QUERY_TIMES is 5. In1038

the full-game launcher, MAX_LLM_WAITING_TIME1039

is increased from 15 to 90 seconds, and1040

MAX_LLM_RUNTIME_ERROR_TIME is increased from1041

45 to 120 seconds. The global game-time conver-1042

sion uses SC2_GAME_LOOPS_PER_SECOND = 22.4.1043

Both the full-game and SMAC launchers run with1044

–parallel 1.1045

C.4 Randomness1046

Although pysc2.env.sc2_env.SC2Env1047

supports a random_seed argument, nei-1048

ther experiment_full_game.py nor1049

experiment_llm_smac.py passes an explicit1050

seed. Consequently, the default launchers do not1051

fix random seeds.1052

D Action Sandbox and Self-Correction1053

D.1 Retry Budget1054

The tactical sandbox allows up to three self-1055

correction attempts. This retry budget is distinct1056

from the API-layer retry mechanism of the LLM 1057

client, which may retry model queries up to five 1058

times. 1059

D.2 Legality Checks 1060

The sandbox first extracts valid action names from 1061

the current Valid Actions text with regular expres- 1062

sions. Communication actions such as MessageTo 1063

and ListenTo are not treated as game actions. A 1064

candidate output is rejected under the following 1065

conditions: 1066

• the output is empty; 1067

• the output contains no bracketed action of the 1068

form <...>; 1069

• when a non-empty valid-action whitelist is 1070

available, at least one game action name is 1071

outside the whitelist; 1072

• the output contains only MessageTo or 1073

ListenTo while the current agent is not the 1074

Commander. 1075

If the valid-action whitelist is empty, the sandbox 1076

performs only format checking. 1077

D.3 Strategic Context Injected During Retries 1078

Before each retry, the sandbox prepends a Tactical 1079

Decision Context (SPC) block to the observation. 1080

This block always includes the current strategic 1081

pulse, tactical pivot, strategic inertia ht, and ac- 1082

tion feedback, together with an explicit instruction 1083

that action names must match the subsequent valid- 1084

action list exactly. 1085

If the current agent is the Commander, the 1086

retry prefix additionally includes the SPC-level 1087

CommanderIntent and DeveloperIntent. The 1088

Commander is instructed to align with the 1089

CommanderIntent and to send exactly one 1090

MessageTo command to the Developer while pre- 1091

serving the semantics of the DeveloperIntent. If 1092

the current agent is the Developer, the prefix injects 1093

several resource-spending heuristics, such as con- 1094

tinuously converting high minerals into army and 1095

production capacity, avoiding prolonged mineral 1096

floating before supply blocks, and prioritizing unit 1097

production, core production buildings, expansion, 1098

and ground upgrades when resources are abundant. 1099

If the previous attempt failed, the sandbox ap- 1100

pends a [RetryFeedback] block that explains why 1101

the prior output was illegal. 1102
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D.4 Fallback Policy1103

The final fallback is not a single hard-coded ac-1104

tion. The system first tries a Developer-side forced-1105

production fallback in the following priority order:1106

WarpTrain_Stalker → WarpTrain_Zealot1107
→ Train_Stalker → Train_Zealot1108
→ Build_Gateway → Build_Nexus1109
→ Research_ProtossGroundWeapons1110
→ Research_ProtossGroundArmor →1111
Research_WarpGate → Build_Assimilator1112

If scipt mode is enabled, Train_Immortal may1113

also be inserted into this list.1114

If no Developer-specific fallback applies,1115

the system selects a pulse-conditioned safe1116

action: <All_Units_Defend()> under DEFEND1117

when available, <All_Units_Retreat()>1118

under RETREAT when available, oth-1119

erwise <All_Units_Attack()>, then1120

<Hold_Position()>, then <Stop()>, and1121

finally <No_Operation()>.1122

D.5 Observed Self-Correction Example1123

A representative failure-and-recovery case occurs1124

on the Developer side. In one logged interac-1125

tion, the model first proposed <Build_Probe()>.1126

The sandbox rejected it because the action name1127

did not appear in the current Valid Actions list.1128

The retry prompt then injected the same er-1129

ror message into [RetryFeedback]. On the1130

next attempt, the model corrected its output to1131

<Build_Pylon_Screen(screen)>. This exam-1132

ple illustrates that the sandbox enforces an exact1133

whitelist over currently available action names, and1134

that self-correction is driven by explicit legality1135

feedback rather than by silent post-processing.1136
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