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Abstract001

Strategic decision-making in Pokémon bat-002
tles presents a unique testbed for evaluating003
large language models. Pokémon battles de-004
mand reasoning about type matchups, statisti-005
cal trade-offs, and risk assessment, skills that006
mirror human strategic thinking. This work007
examines whether Large Language Models008
(LLMs) can serve as competent battle agents,009
capable of both making tactically sound de-010
cisions and generating novel, balanced game011
content. We developed a turn-based Pokémon012
battle system where LLMs select moves based013
on battle state rather than pre-programmed014
logic. The framework captures essential Poké-015
mon mechanics: type effectiveness multipli-016
ers, stat-based damage calculations, and multi-017
Pokémon team management. Through sys-018
tematic evaluation across multiple model ar-019
chitectures we measured win rates, decision020
latency, type-alignment accuracy, and token021
efficiency. These results suggest LLMs can022
function as dynamic game opponents without023
domain-specific training, offering a practical024
alternative to reinforcement learning for turn-025
based strategic games. The dual capability026
of tactical reasoning and content creation, po-027
sitions LLMs as both players and designers,028
with implications for procedural generation and029
adaptive difficulty systems in interactive enter-030
tainment.031

1 Introduction032

The intersection of artificial intelligence (AI) and033

competitive turn-based strategy has long been an034

area of innovation within computer science and dig-035

ital media. In particular, the Pokémon battle system036

serves as a sophisticated environment for testing037

decision-making under complex constraints, includ-038

ing elemental type-hierarchies, variable statistics,039

and probabilistic outcomes. Traditional game AI040

in this domain has historically relied on finite state041

machines (FSMs) or minimax algorithms, which,042

while functional, often struggle with the vast state- 043

space and the creative "meta-gaming" required for 044

high-level competitive play. While Reinforcement 045

Learning (RL) has enabled agents to optimize battle 046

strategies through experience, these models often 047

lack transparency and fail to adapt when the under- 048

lying "move-set" or "meta" changes unexpectedly. 049

Meanwhile, Large Language Models (LLMs), built 050

upon transformer architectures, have demonstrated 051

advanced reasoning and contextual understanding 052

(Vaswani et al., 2017). These capabilities suggest 053

that LLMs may bridge the gap in Pokémon AI 054

by making high-level strategic decisions based on 055

a holistic understanding of the battle state. De- 056

spite progress in AI-driven gaming, most existing 057

Pokémon simulators still rely on predefined heuris- 058

tic logic or heavy reinforcement training, which 059

lack the general reasoning to handle novel, user- 060

generated content. The challenge addressed in this 061

work is integrating LLMs as both strategic battle 062

commanders and creative move designers within 063

the structured, rule-based Pokémon environment. 064

Specifically, we explore how LLMs can: 065

1. Execute Optimal Moves: Selecting moves 066

and switches based on battle context (Health 067

Points, Statistics, and Type-Matchups). 068

2. Expand the Move-Space: Generating novel, 069

balanced, and type-consistent moves that ad- 070

here to the internal logic of the Pokémon fran- 071

chise, effectively evolving the game’s mechan- 072

ics. 073

By moving beyond static scripts, this research po- 074

sitions LLMs as adaptive strategists capable of 075

navigating the nuances of the Pokémon Battle en- 076

gine. The system architecture combines a deter- 077

ministic battle simulator with a generative LLM 078

interface. During gameplay, the LLM receives a 079

structured JSON-based game state representing the 080

current battlefield. The model is then required to 081
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reason through its move selection, simulating the082

"thinking" process of a competitive player. To083

evaluate the efficacy of this approach, we con-084

ducted LLM-vs-LLM tournaments to assess strate-085

gic depth across numerous automated matches,086

alongside human-agent benchmarks. We measured087

performance through win rates, "turns-to-win" effi-088

ciency, and type-exploitation accuracy, which is a089

metric quantifying how often the model correctly090

identifies elemental advantages. Furthermore, we091

analyzed the trade-off between reasoning depth092

(Chain-of-Thought) and operational latency. Fi-093

nally, we subjected LLM-generated moves to a094

dual-validation pipeline: an LLM-based "creativity095

score" and a deterministic check for mechanical096

balance, ensuring that new content remains com-097

petitive without breaking the game’s mathematical098

integrity. Our findings reveal substantial perfor-099

mance variation across different models. Gemini100

2.5 Flash, with chain-of-thought reasoning enabled,101

achieved a 62% win rate while maintaining type-102

aligned move selection in 78% of decisions. Model-103

versus-model tournaments exposed deeper strategic104

differences: Grok 4 Fast dominated the field with105

near-perfect win rates and highly efficient, sub-6-106

turn victories. In the realm of move generation, we107

found that while GPT-5 Mini produced the most108

creative and thematically consistent moves (scoring109

4.17/5 on creativity), Claude achieved superior me-110

chanical balance, with 80% of its generations meet-111

ing all strict deterministic validity criteria. These112

results suggest that the choice of LLM significantly113

influences both the tactical "personality" and the114

mechanical stability of the Pokémon ecosystem.115

2 Related Work116

2.1 Reinforcement Learning in Game AI117

Reinforcement Learning (RL) has been widely118

used to develop competitive agents in strategic119

games, with systems such as AlphaGo (Silver and120

et al., 2016) and StarCraft II agents (Vinyals and121

et al., 2019) demonstrating superhuman perfor-122

mance through large-scale self-play. Methods in-123

cluding Deep Q-Networks (DQN) (Mnih and et al.,124

2015) and Proximal Policy Optimization (PPO)125

(Schulman and et al., 2017) have become standard126

for learning optimal policies in fixed action spaces.127

However, applying RL to Pokémon-style turn-128

based battles requires extensive training, carefully129

engineered rewards, and domain-specific abstrac-130

tions. RL agents are also limited in adaptability and131

content generation, as they operate over predefined 132

mechanics. In contrast, our work evaluates LLMs 133

as zero-shot strategic agents that reason directly 134

over symbolic battle states, such as type effective- 135

ness, stats, and risk trade-offs, without task-specific 136

training, offering a flexible alternative to RL for 137

turn-based strategy games. 138

2.2 Procedural Content Generation with 139

LLMs 140

LLMs have also been leveraged for procedural con- 141

tent generation (PCG) in games. Story2Game gen- 142

erates interactive fiction by populating worlds from 143

story prompts (Fan and et al., 2024), while Mi- 144

crosoft’s Muse produces game visuals and con- 145

troller actions (Research, 2024). Other approaches 146

include using transformer-based models for gener- 147

ating levels and abilities in platform games (Khal- 148

ifa and et al., 2020). These methods highlight the 149

ability of LLMs to expand the design space of 150

games with new content, although ensuring me- 151

chanical balance remains a challenge. Pokémon 152

moves, by contrast, must satisfy strict numerical 153

constraints: a high power move cannot have 95% 154

accuracy without breaking the game’s balance. Our 155

move-generation evaluation tests whether LLMs 156

can navigate this tension between creativity and 157

mechanical validity, producing content that feels 158

fresh while remaining playable. 159

2.3 Strategic Decision-Making and Reasoning 160

in Games 161

Strategic reasoning in games has been a signif- 162

icant focus. LLMs have been applied to game- 163

theoretic contexts, demonstrating emerging capa- 164

bilities in multi-agent decision-making (Baker and 165

et al., 2024). Emotion-aware agents (Liu and et al., 166

2024) incorporate affective reasoning into strategic 167

decisions, which can enhance realism in interac- 168

tive gameplay. Additionally, research on multi- 169

agent reasoning (Tan, 1993) explores coordination 170

and adversarial strategies, providing a foundation 171

for evaluating LLM-driven gameplay. While these 172

studies establish that LLMs possess strategic rea- 173

soning capabilities, they typically evaluate perfor- 174

mance in abstract game-theoretic scenarios or coop- 175

erative tasks. Pokémon battles introduce a different 176

challenge: decisions must account for type effec- 177

tiveness multiplicities, stat differentials, and move 178

accuracy trade-offs simultaneously. Our work mea- 179

sures whether LLMs can apply general reasoning 180

to domain-specific rules without explicit training, 181

2



using win rates and type-alignment percentages as182

proxies for tactical understanding.183

2.4 Evolution of Competitive Pokémon AI184

The application of LLMs to character behavior has185

traditionally focused on creating more engaging186

interactive experiences through believable human187

simulation. For example, (Park et al., 2023) in-188

troduced generative agents that simulate social be-189

haviors like autonomously organizing events in a190

town environment. While these systems enable191

more fluid conversations and move beyond tradi-192

tional static dialogue trees, they do not address the193

specific needs of competitive battle agents. His-194

torically, Pokémon games have relied on rigid,195

predictable scripts that fail to account for com-196

plex human-like "meta-gaming," such as predicted197

switches or high-risk/high-reward tactical plays.198

This research examines whether LLMs can move199

beyond the limitations of traditional use of AI200

in Pokémon games to provide a more dynamic,201

human-like challenge.202

2.5 Reasoning and Acting with Language203

Models in Pokémon Battles204

The ReAct framework (Yao et al., 2023) highlights205

the importance of interleaving reasoning and action206

for effective decision-making in interactive envi-207

ronments. This paradigm is particularly relevant to208

Pokémon battles, where each turn requires reason-209

ing over complex game state followed by a single,210

irreversible action.211

In our system, the LLM receives a structured212

representation of the battle state and outputs an ex-213

ecutable action each turn. Pokémon battles impose214

delayed rewards, probabilistic effects, and com-215

pounding strategic consequences, making them a216

demanding test of grounded reasoning. By measur-217

ing win rates, type-alignment accuracy, and deci-218

sion efficiency, we assess whether LLMs can con-219

sistently translate general reasoning capabilities220

into effective domain-specific gameplay without221

reinforcement learning.222

2.6 Prompt Engineering for Game AI223

The performance of LLM-based game agents crit-224

ically depends on prompt design and optimiza-225

tion. While manual prompt engineering remains226

prevalent, recent work has explored automated ap-227

proaches to optimize prompts for specific tasks.228

The field recognizes that effective prompts must229

balance providing sufficient context about game230

mechanics and state while remaining concise 231

enough to fit within model context windows. 232

For game-specific applications, researchers have 233

found that few-shot learning with concrete battle 234

examples significantly improves decision quality. 235

The use of structured state representations, clear ac- 236

tion spaces, and chain-of-thought prompting helps 237

LLMs maintain strategic coherence across multiple 238

turns of gameplay. 239

3 Methodology 240

3.1 Why Pokémon Battles? 241

The game demands contextual reasoning. Each 242

turn presents multiple viable actions, but optimal 243

play depends on type matchups, stat differentials, 244

and probability assessment. A Water-type move 245

deals double damage to Fire opponents but half 246

damage to Grass. While this appears to be simple 247

arithmetic, the LLM must retrieve this relationship 248

and apply it correctly in context. Unlike chess, 249

where piece values remain fixed, Pokémon strategy 250

is highly situational: for example, a 60-power move 251

with 100% accuracy often dominates a 120-power 252

move with 70% accuracy when the opponent has 253

low HP. Such judgment calls distinguish competent 254

play from random action selection. 255

3.1.1 Deterministic and auditable mechanics 256

The mechanics are deterministic and auditable. 257

Damage follows a fixed formula incorporating stats, 258

type effectiveness, and accuracy. When an LLM 259

makes a suboptimal choice—such as using a Fire- 260

type move against a Water-type opponent—the 261

failure can be traced to a specific reasoning error. 262

Chain-of-thought prompting exposes this logic ex- 263

plicitly, unlike reinforcement learning agents that 264

optimize win rates without transparent explana- 265

tions. 266

3.1.2 Dual evaluation: decision-making and 267

generation 268

Pokémon supports dual evaluation. Beyond 269

decision-making, the move system also tests 270

content generation. Creating a balanced move 271

requires satisfying multiple constraints, includ- 272

ing power–accuracy trade-offs, effect probability 273

bounds, and stat-category alignment. This mirrors 274

real-world game design, where procedural tools 275

must generate mechanically valid and diverse con- 276

tent. 277
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3.1.3 Turn-based structure278

The turn-based structure removes latency as a con-279

founding variable. Real-time games penalize slow280

responses regardless of decision quality. In con-281

trast, Pokémon battles allow us to evaluate strategic282

competence without bias toward faster models.283

Finally, Pokémon mechanics are well-284

documented and widely known. Type charts285

and damage formulas are available across wikis286

and strategy guides, making it likely that LLMs287

encountered this information during training.288

This setting allows us to test whether models can289

transfer latent knowledge into functional gameplay,290

a central question for general-purpose AI applied291

to specialized domains.292

3.2 Explaining the Game293

A Pokémon refers to a character in the game whose294

actions are controlled either by the user or the op-295

ponent. A battle takes place between two play-296

ers, each having a team of Pokémon. The goal297

of the game is to defeat all Pokémon in the oppo-298

nent’s team. Each Pokémon has unique strengths299

and weaknesses, characterized by the following300

attributes:301

• Stats: Determine performance in battles.302

These include:303

1. Hit Points (HP) – The damage a Poké-304

mon can endure before fainting.305

2. Attack (Atk) – The power of offensive306

moves.307

3. Defense (Def) – Resistance to incoming308

attacks.309

4. Speed (Spe) – Determines the order of310

turns in a round.311

• Type: Each Pokémon has a type (e.g., Fire,312

Water, Electric, Flying), which defines its313

strengths and weaknesses against others. For314

example, Fire is weak against Water but strong315

against Grass. These matchups determine the316

damage multipliers applied in battle.317

• Moves: Each Pokémon can use up to three318

moves, each with a specific type, base damage,319

and accuracy probability.320

In each turn of battle, both players first decide321

whether to attack or switch to their active Pokémon.322

If both choose to attack, the Pokémon with higher323

speed executes its move first. A Pokémon faints324

when its HP reaches zero. A player may switch 325

Pokémon mid-battle but cannot attack during that 326

turn. 327

3.3 Rationale for Dual Evaluation Methods 328

The use of dual evaluation methods is motivated by 329

the need to assess orthogonal aspects of move qual- 330

ity. Mechanical constraints—such as power limits, 331

accuracy thresholds, and type consistency—must 332

be enforced objectively to ensure correct battle 333

engine behavior and are therefore best handled 334

through deterministic rules. In contrast, attributes 335

such as thematic coherence, novelty, and creative 336

expression require semantic judgment, which is 337

well suited to LLM-based evaluation. By combin- 338

ing deterministic mechanical analysis with LLM- 339

driven semantic assessment, the proposed pipeline 340

provides a comprehensive evaluation framework 341

that ensures generated moves are both mechani- 342

cally sound and creatively meaningful within the 343

game world. 344

4 Evaluation and Experimental Setup 345

4.1 Metrics 346

We evaluate model-driven gameplay using a mix- 347

ture of gameplay quality and mechanical correct- 348

ness: 349

• Win rate (%): Fraction of battles won by the 350

LLM agent over a set of episodes (higher is 351

better). 352

• Turns to win (mean ): Average number of 353

turns required to finish a match when the LLM 354

agent wins (lower indicates more decisive 355

play). 356

• Type-alignment (%): Percentage of moves 357

selected by the agent that exploit type advan- 358

tage when available. 359

• Token consumption: Average number of in- 360

put + output tokens consumed per decision 361

(measures API cost). 362

• Latency (ms): Round-trip time for each LLM 363

decision (from prompt send to parsed re- 364

sponse). 365

• Human win rate & subjective satisfaction: 366

In human-vs-LLM matches, the human win 367

rate and questionnaire scores for perceived 368

difficulty. 369
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• Move Generation Balance and Validity:370

The number of valid and balanced moves gen-371

erated. (Determined using a mathematical372

function to check inverse relation between373

power, accuracy and PP)374

• Move Creativity and Originality: Creativity375

and Originality scores given by an LLM as a376

judge out of 5.377

All quantitative metrics report mean and stan-378

dard deviation over repeated runs.379

4.2 Experiments and Results380

Below we enumerate the experiments conducted,381

each with objective, setup details, measured out-382

comes, and corresponding observations.383

4.2.1 Experiment 1: Baseline Comparison384

(LLM vs. Random Player)385

Objective. Quantify how much strategic value386

the LLM adds over simple baselines.387

Setup. Ran 50 battles each for: (a) random move388

selector, (b) Gemini-Flash (Thinking-OFF), and389

(c) Gemini-Pro (Thinking-OFF). Identical pairings390

were used across conditions.391

Player Win Rate (%)
Random Player 18
Gemini-Flash (OFF) 62
Gemini-Pro (OFF) 71

Table 1: Baseline comparison of LLM opponents versus
random move selector over 50 battles.

Observations. From this experiment, we observe392

that LLM-driven agents are able to make con-393

sistently stronger battle decisions than a random394

policy, achieving substantially higher win rates395

without requiring explicit domain-specific training.396

This demonstrates that even with thinking disabled,397

LLMs internalize enough structural knowledge of398

Pokémon mechanics to outperform naïve baselines399

reliably.400

4.2.2 Experiment 2: Model Comparison401

(Gemini 2.5 Flash vs. Gemini 2.5 Pro)402

Objective. Compare decision quality, latency,403

and token usage between two Gemini variants.404

Setup. Ran 50 battles each for Gemini-Flash and405

Gemini-Pro under identical prompts. Token usage406

and latency were recorded per decision.407

Model Avg Tokens / Decision
Gemini-Flash 2168
Gemini-Pro 2290

Table 2: Comparison between Gemini-Flash and
Gemini-Pro over 50 battles.

Observations. Gemini 2.5 Pro consistently con- 408

sumed more tokens per decision than Gem- 409

ini 2.5 Flash (approximately 5.6% higher). This 410

increase in token usage did not correspond to a 411

proportional improvement in baseline win rate, in- 412

dicating diminishing returns in decision efficiency 413

when moving to the larger model under identical 414

prompting conditions. 415

4.2.3 Experiment 3: Thinking Mode 416

Requirement (Chain-of-Thought ON vs. 417

OFF) 418

Objective. Evaluate the effect of internal reason- 419

ing on decision quality, token consumption, and 420

latency. 421

Setup. For Gemini-Flash and Gemini-Pro, 50 bat- 422

tles were run in both Thinking-ON and Thinking- 423

OFF modes using identical seeds and scenarios. 424

Model / Mode Avg Latency (s)
Gemini-Flash (OFF) 2.8
Gemini-Flash (ON) 3.5
Gemini-Pro (OFF) 3.3
Gemini-Pro (ON) 5.5

Table 3: Effect of Chain-of-Thought (Thinking
ON/OFF) on LLM latency.

Observations. Enabling thinking mode in- 425

creased latency by approximately 45% across mod- 426

els. While win rates improved when reasoning was 427

enabled, disabling thinking led to a 15% drop in 428

win rate and a 35% reduction in type-aligned move 429

selection. This highlights a clear trade-off between 430

decision quality and computational efficiency. 431

4.2.4 Experiment 4: Human vs. LLM 432

Playtesting 433

Objective. Measure how human players perceive 434

and fare against LLM opponents. 435

Setup. At least 30 participants each played 10 436

matches against Gemini-Flash and 10 matches 437

against Gemini-Pro. Subjective ratings for diffi- 438

culty were collected. 439
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Opponent Avg Difficulty (1–5)
Gemini-Flash (ON) 3.2
Gemini-Pro (OFF) 3.8
Gemini-Pro (ON) 4.0

Table 4: Human playtesting against LLM opponents
(subjective metrics).

Observations. Human participants rated Gem-440

ini 2.5 Pro as noticeably more challenging than441

Gemini 2.5 Flash. However, the higher perceived442

difficulty was not always associated with increased443

enjoyment, suggesting that overly strong opponents444

may reduce player satisfaction. Gemini Flash with445

thinking disabled was rated as significantly eas-446

ier, indicating its suitability for balanced gameplay447

scenarios.448

4.2.5 Experiment 5: Move-Generation449

Quality (Batch Size 4)450

Objective. Evaluate reliability of move genera-451

tion when producing four moves per prompt.452

Setup. Each model was evaluated over 30 trials,453

generating batches of four moves under identical454

prompts and scenarios.455

Model Validity (%) Balanced (%)
Gemini Flash 88.3 56.7
Claude 89.2 70.8
GPT-5 Mini 86.7 72.5
DeepSeek V3 89.2 65.0
Grok 4 90.0 77.5

Table 5: Move-generation evaluation with batch size 4.

Model Total Tokens
Gemini 2.5 Flash 83,514
Anthropic Claude 31,849
GPT-5 Mini 107,340
DeepSeek V3 26,802
Grok 4 Fast 55,121

Table 6: Token usage for move generation (batch size
4).

Observations. All models maintained high valid-456

ity when generating batches of four moves; how-457

ever, the ability to produce balanced moves var-458

ied substantially. Grok 4 and GPT-5 Mini gener-459

ated the most balanced moves, while Gemini Flash460

struggled with stricter power–accuracy and power–461

PP constraints. Token usage differed significantly462

across models, with GPT-5 Mini incurring the high- 463

est cost. 464

4.2.6 Experiment 6: Move-Generation 465

Quality (Batch Size 1) 466

Objective. Measure per-move reliability when 467

generating a single move at a time. 468

Setup. Each model was evaluated over 30 single- 469

move generations using the same states as Experi- 470

ment 5. 471

Model Validity (%) Balanced (%)
Gemini Flash 100.0 36.7
Claude 100.0 80.0
GPT-5 Mini 100.0 66.7
DeepSeek V3 100.0 46.7
Grok 4 100.0 50.0

Table 7: Move-generation evaluation with batch size 1.

Model Total Tokens
Gemini 2.5 Flash 48,046
Anthropic Claude 25,826
GPT-5 Mini 62,676
DeepSeek V3 21,657
Grok 4 Fast 41,213

Table 8: Token usage for move generation (batch size
1).

Observations. When generating one move at a 472

time, all models achieved perfect validity. Differ- 473

ences in balance became more pronounced, with 474

Claude and GPT-5 Mini performing best. Token 475

efficiency improved across all models compared 476

to batch generation, though relative differences in 477

cost remained consistent. 478

4.2.7 Experiment 7: Move-Generation 479

Creativity and Originality 480

Objective. Evaluate creativity and originality us- 481

ing an LLM judge. 482

Setup. Each model generated 30 moves evalu- 483

ated on creativity and originality (1–5 scale). 484

Observations. GPT-5 Mini consistently pro- 485

duced the most inventive and original moves, while 486

Gemini Flash and Claude tended to generate me- 487

chanically correct but stylistically conservative de- 488

signs. This highlights a trade-off between strict rule 489

adherence and creative diversity in LLM-driven 490

content generation. 491
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Model Creativity Originality Overall
Gemini Flash 3.4 2.4 2.4
Claude 3.37 2.47 2.47
GPT-5 Mini 4.17 3.33 3.28
DeepSeek V3 3.5 2.5 2.5
Grok 4 3.57 2.63 2.6

Table 9: Creativity and originality scores assigned by
an LLM judge.

4.2.8 Experiment 8: Cross-Model Battle492

Tournament493

Objective. Compare strategic strength, effi-494

ciency, and battle pacing across LLM architectures.495

Setup. A round-robin tournament was conducted496

among five models. Each pairing played up to 10497

battles.498

Observations. The tournament revealed substan-499

tial variation in strategic strength and efficiency500

across models. Grok 4 Fast dominated most501

matchups, producing near-perfect win rates and502

the shortest battles, often concluding in under six503

turns. In contrast, Claude and DeepSeek V3 tended504

toward longer engagements, frequently exceed-505

ing twenty turns, reflecting more conservative or506

less decisive strategies. Token-consumption pat-507

terns showed similar disparities, with Grok 4 Fast508

and DeepSeek V3 operating under substantially509

lower budgets compared to Gemini Flash and GPT-510

5 Mini. Overall, stronger strategic alignment cor-511

related with shorter battles and more stable token512

usage.513

5 Conclusion514

The results of this study provide a definitive frame-515

work for selecting and configuring Large Language516

Models as autonomous agents within a competi-517

tive Pokémon environment. Our evaluation demon-518

strates that for high-stakes strategic play, prioritiz-519

ing type-alignment and elemental exploitation is520

essential; consequently, we conclude that Think-521

ing Mode (Chain-of-Thought) is a prerequisite for522

competent play, despite the associated increases in523

latency and token consumption. A primary objec-524

tive of this research was to identify the "sweet spot"525

for AI difficulty that maintains player engagement526

without causing frustration or boredom. While527

Gemini 2.5 Pro demonstrated high difficulty, it did528

not provide a statistically significant improvement529

in strategic quality relative to the additional latency530

it introduced. Therefore, we identify Gemini 2.5531

Flash as the optimal configuration for real-time532

play, offering a balanced 3.5/5 difficulty rating and 533

superior responsiveness. Beyond individual per- 534

formance, our cross-model tournament highlighted 535

critical efficiency-performance trade-offs. Mod- 536

els such as Grok 4 Fast emerged as elite strate- 537

gists, producing decisive, short-duration victories, 538

whereas models like Claude and DeepSeek-V3 539

exhibited more conservative, prolonged engage- 540

ment patterns. We also identified specific deploy- 541

ment challenges, such as GPT-5 Mini’s high opera- 542

tional cost and DeepSeek-V3’s occasional failures 543

in maintaining strict JSON formatting. Finally, our 544

dual-evaluation of move generation reveals that a 545

model’s "tactical personality" extends to its creative 546

output. While GPT-5 Mini is the superior choice 547

for inventive and original content, Claude remains 548

the more reliable engine for ensuring mechanical 549

balance and mathematical integrity. In summary, 550

our research demonstrates that effectively integrat- 551

ing LLMs into the Pokémon ecosystem depends 552

on aligning specific model architectures with their 553

intended functions. While some models excel as 554

strategic battle agents, others are better suited for 555

balanced and creative content generation. 556

6 Limitations 557

This study evaluates LLM-based agents in a simpli- 558

fied Pokémon battle environment with small team 559

sizes and restricted mechanics, which does not 560

capture the full strategic complexity of competi- 561

tive gameplay involving items, status effects, and 562

long-horizon team planning. The agents operate 563

in a zero-shot, prompt-engineered setting without 564

learning or adaptation across battles, limiting their 565

ability to refine strategies based on experience or 566

opponent behavior. Several evaluation dimensions, 567

particularly creativity and originality in move gen- 568

eration, rely on LLM-based judging, introducing 569

a degree of subjectivity and potential model bias. 570

Finally, reported latency and token usage reflect rel- 571

ative comparisons under specific deployment con- 572

ditions and should not be interpreted as absolute 573

performance guarantees across environments. 574
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Model Claude Gemini GPT-5 Mini DeepSeek V3 Grok 4 Fast
Claude – 3–7–0 3–7–0 2–8–0 0–10–0
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Table 10: Head-to-head win–loss–draw records across models.

Model Claude Gemini GPT-5 Mini DeepSeek V3 Grok 4 Fast
Claude – 304,062 315,727 522,646 84,249
Gemini 368,062 – 622,712 398,234 467,621
GPT-5 Mini 374,023 458,938 – 429,762 384,390
DeepSeek V3 467,621 270,607 369,972 – 60,558
Grok 4 Fast 129,397 322,646 382,531 92,260 –

Table 11: Total token consumption per model across 10 battles per pairing.

Model Claude Gemini GPT-5 Mini DeepSeek V3 Grok 4 Fast
Claude – 16.1 18.0 31.1 5.2
Gemini 16.1 – 21.3 15.5 31.1
GPT-5 Mini 18.0 21.3 – 21.2 16.0
DeepSeek V3 31.1 15.5 21.2 – 3.9
Grok 4 Fast 5.2 31.1 16.0 3.9 –

Table 12: Average battle duration (turns) across model pairings.

The authors also acknowledge the use of Chat-582

GPT and Claude for assistance with improving583

the clarity, organization, and grammar of the584

manuscript. The paper remains an accurate and585

faithful representation of the authors’ original ideas,586

methodology, and results.587
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Appendix 624

A Additional Methodological Details 625

A.1 Prompt Engineering 626

A crucial part of integrating an LLM into the game 627

involved designing an effective prompting strategy 628

that would enable the model to make consistent, 629

interpretable, and contextually correct battle deci- 630

sions. 631

Explaining common strategies Trivial strategies 632

like switching when at a type disadvantage or low 633

HP, to attack when in advantage, and to choose 634

moves with high accuracy when both Pokemon 635

have low HP were sent to LLM through the System 636

Prompt. 637
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Game State Serialization. To effectively com-638

municate the current battle context to the LLM, the639

entire game state was serialized into a structured640

textual format. Each turn’s state included the ac-641

tive Pokémon of both players, their remaining HP,642

type, and available moves along with damage and643

accuracy parameters. The information was repre-644

sented in a tabular or JSON-like layout to maintain645

readability while ensuring deterministic parsing by646

the model.647

Reasoning Control and Output Schema. The648

LLM was instructed to internally reason about649

move effectiveness and opponent strategy but re-650

turn only the final structured decision in JSON651

format. This enforced consistency in parsing and652

allowed automatic validation before game appli-653

cation. Two modes of inference were supported:654

thinking mode, in which the model performed ex-655

plicit reasoning before producing the answer, and656

fast mode, in which it produced direct responses657

without intermediate reasoning.658

Evaluation-focused Prompt Design. All659

prompts were versioned and recorded to ensure660

reproducibility. Each variant was associated with661

its latency, token cost, and decision correctness662

metrics. This enabled a quantitative evaluation663

of prompt effectiveness and provided insights664

into how structured and adaptive prompting can665

influence model behavior in interactive gaming666

environments.667

A.2 LLM vs. LLM Battle Setup668

To evaluate the strategic decision-making capabil-669

ities of different large language models in adver-670

sarial scenarios, we implemented an automated671

AI-versus-AI battle system. This setup extends672

our core game engine to facilitate controlled ex-673

periments between different LLM agents without674

human intervention.675

Battle Configuration Each battle involves two676

AI agents, each powered by a distinct LLM677

(Gemini 2.5 pro, GPT-5-mini, Claude 4.5 Haiku,678

DeepSeek-V3, Grok 4 Fast). At initialization, both679

agents are randomly assigned a team of three Poké-680

mon from the available roster. The agents oper-681

ate with identical system prompts and have access682

to the same game state information, ensuring that683

any performance differences reflect the underlying684

model capabilities rather than asymmetric informa-685

tion access.686

Turn Execution Protocol The battle proceeds 687

in discrete turns, with both agents simultaneously 688

selecting actions without knowledge of their oppo- 689

nent’s decision. Each aspect of the battle is same 690

as the one made in the game engine. 691

Both agents invoke their respective LLM APIs 692

during each turn to generate action decisions. API 693

calls were made to each LLM, respecting their rate 694

limits. 695

Action Processing Each turn, agents select be- 696

tween two action types: executing a move or 697

switching to a different Pokémon. The execution 698

of the move involves the calculation of damage 699

using the standard Pokémon formula, which incor- 700

porates attack/defense statistics, type effectiveness 701

multipliers, and critical hit mechanics. When a 702

Pokémon’s HP reaches zero, it faints, and the con- 703

trolling agent must select a replacement from their 704

remaining team members. 705

Victory Conditions and Metrics A battle con- 706

cludes when all three Pokémon on one team have 707

fainted. The system tracks token usage across all 708

API calls for cost analysis, records the total number 709

of turns, and logs all actions and outcomes for post- 710

hoc analysis. This automated framework enables 711

systematic evaluation of LLM strategic reasoning 712

across multiple trials and model combinations. 713

A.3 Move Generation 714

After integrating an LLM-controlled opponent into 715

the battle engine, we extended the system to au- 716

tomatically generate new Pokémon moves. The 717

goal of this component was to evaluate whether 718

large language models can produce game assets 719

that are both mechanically valid within a turn-based 720

battle system and thematically consistent with the 721

Pokémon universe. More broadly, this experiment 722

serves as a test of the content generation capabil- 723

ities of LLMs in the context of structured game 724

design. Move generation is guided by a structured 725

prompting strategy that enforces a set of global con- 726

straints. These constraints define allowable numer- 727

ical ranges for attributes such as power, accuracy, 728

PP (PP refers to the maximum number of times a 729

move can be used in a battle and it must be low for 730

a high power move), and effect probabilities. The 731

prompting framework also enforces consistency 732

between a move’s category and a Pokémon’s of- 733

fensive strengths and ensures alignment with the 734

Pokémon’s type. To enable automated evaluation 735

and integration, the model is required to return each 736
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generated move in a fixed, deterministic JSON for-737

mat. In addition to these global constraints, the738

model is provided with Pokémon-specific contex-739

tual information, including type, Attack and Spe-740

cial Attack values, speed, and advantageous type741

matchups. This information encourages the gen-742

eration of moves that are tailored to a Pokémon’s743

strengths and strategic role, while remaining the-744

matically appropriate. Together, these constraints745

and contextual cues enable the language model to746

generate novel moves that satisfy both mechanical747

requirements and narrative expectations, allowing748

them to integrate seamlessly into the existing battle749

system.750

A.4 Evaluation of Generated Moves751

Generated moves are evaluated using a two-stage752

procedure that separately assesses structural cor-753

rectness and creative quality. This separation is754

motivated by the distinction between mechanical755

validity and thematic expressiveness, which repre-756

sent complementary but fundamentally different757

evaluation dimensions.758

A.4.1 Validity and Balance Evaluation759

The first stage employs a deterministic evaluator760

implemented in the MoveEvaluator module. This761

evaluator verifies structural validity by checking762

the presence of all required fields and ensuring763

that numerical values fall within predefined bounds.764

Mechanical balance is assessed by enforcing ex-765

pected trade-offs between power and accuracy, as766

well as between power and PP. Secondary effects767

are validated against permissible probability ranges,768

and type compatibility with the Pokémon’s primary769

type is examined to ensure thematic consistency.770

The evaluator outputs violations, warnings, and771

a numerical balance score ranging from 0 to 100. A772

move is classified as balanced if it contains no vio-773

lations and achieves a score of at least 70. This de-774

terministic evaluation ensures reproducibility and775

guarantees that generated moves conform to the776

constraints required for reliable integration into the777

battle engine.778
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