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Abstract001

Language agents often struggle with strategic002
reasoning in adversarial games. A promising003
approach is learning from game interactions004
automatically, but unlike static environments,005
selecting appropriate opponents in adversarial006
settings significantly impacts learning—a fac-007
tor that remains underexplored. We propose008
Step-level poliCy Optimization through Play-009
And-Learn (SCO-PAL), and conduct system-010
atic analysis of opponent selection, finding011
that self-play is most effective for improving012
strategic reasoning. With SCO-PAL and self-013
play, we improve the average win rate from014
32.17% (base model) to 50.08%, achieving015
54.76% against GPT-4 across six games. The016
learned skills also generalize to unseen games017
and broader reasoning tasks, demonstrating018
unique advantages of LLM-based agents.019

1 Introduction020

Large Language Model (LLM)–based agents have021

achieved remarkable success in a variety of022

language-centric tasks—including web naviga-023

tion (Zhou et al., 2023; Deng et al., 2024; Putta024

et al., 2024; Iong et al., 2024), embodied interac-025

tions (Wang et al., 2023; Zhu et al., 2023; Lin et al.,026

2024) and tool invocation (Qin et al., 2023; Shen027

et al., 2024). Unlike classic RL agents that operate028

over a small, well-defined set of discrete or continu-029

ous controls and clear state transitions, LLM agents030

must generate high-dimensional natural-language031

actions conditioned on long, unstructured textual032

contexts. This fundamentally complicates strate-033

gic reasoning in adversarial games, where suc-034

cess hinges on planning over many moves and035

reacting to an opponent’s evolving strategy un-036

der sparse, delayed rewards. Benchmarks such as037

GTBench (Duan et al., 2024) (e.g. Breakthrough,038

Connect Four, Nim) expose these challenges by039

testing both the depth of planning and the fluency040

of language-based decision making.041

To mitigate the shortcomings in the strategic rea- 042

soning of language agents, there are mainly two 043

paths. One is imitating a strong strategy directly 044

inspired by Chen et al. (2023); Zeng et al. (2023). 045

This way is simple and effective, but gathering 046

expert-level data is time-consuming, costly, and 047

challenging to scale. Therefore, studies on another 048

path focus on play-and learn paradigm, which en- 049

riches data through interaction and learning from 050

the interactions. For example, Song et al. (2024); 051

Xiong et al. (2024); Xi et al. (2024) allow agents 052

to interact autonomously with environments, gath- 053

ering numerous data for improvement. However, 054

unlike interacting with unchanging conditions in 055

static environments, the agent in adversarial games 056

faces dynamic and diverse opponents, which brings 057

additional challenges. In adversarial scenarios, 058

Wang et al. (2024b); Cheng et al. (2024) enhance 059

the strategic reasoning capabilities of agents with 060

self-play, but they lack analysis of opponent selec- 061

tion in adversarial environments. 062

Opponent selection has long been recognized as 063

a key factor in adversarial training within the RL 064

community, where methods such as self-play (Sil- 065

ver et al., 2017), opponent sampling (Arulku- 066

maran et al., 2019), and curriculum-based pro- 067

gression (Bengio et al., 2009) are widely used. 068

However, these techniques are designed for struc- 069

tured, low-dimensional action spaces, whereas 070

LLM-based agents operate in open-ended language 071

spaces where each “action” is a natural language 072

utterance. This introduces unique challenges: op- 073

ponents not only determine win–lose outcomes, 074

but also shape the semantic distribution and reason- 075

ing trajectories encountered during learning. Too 076

strong opponents disrupt learning with mismatched 077

strategy distributions; too weak opponents provide 078

limited feedback and cause premature convergence; 079

uneven skill levels create imbalanced experience 080

distributions. Thus, a well-balanced opponent se- 081

lection strategy is essential for effective training. 082
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To systematically study how opponents in-083

fluence learning, we propose Step-level poliCy084

Optimization through Play-And-Learn (SCO-085

PAL). SCO-PAL consists of three stages: (1)086

game interaction with a designated opponent, (2)087

step-level reward estimation via Monte Carlo meth-088

ods, and (3) two-stage strategy refinement using Be-089

havioral Cloning followed by Kahneman-Tversky090

Optimization (KTO) (Ethayarajh et al., 2024).091

Using SCO-PAL, we systematically analyze op-092

ponent selection and find that self-play is most093

effective. On six games from GTBench, SCO-094

PAL with self-play improves the average win095

rate from 32.17% to 50.08% (a 17.91 percent-096

age point improvement), achieving 54.76% against097

GPT-4. The learned skills also generalize to un-098

seen games (+8%) and broader reasoning tasks099

(+4.4% on BBH temporal reasoning), while Chain-100

of-Thought prompting provides an additional 2.4%101

gain—confirming unique advantages of LLM-102

based agents.103

Our contributions are: (1) systematic analysis104

of opponent selection in LLM-based adversarial105

learning, finding self-play most effective; (2) SCO-106

PAL, a step-level policy optimization framework107

for strategic reasoning; (3) comprehensive experi-108

ments showing significant improvement (32.17%109

→ 50.08%) and generalization to unseen tasks.110

2 Related Work111

LLM Agents LLMs increasingly power agents112

for complex tasks (Zhou et al., 2023; Wang et al.,113

2023; Deng et al., 2024; Putta et al., 2024; Shen114

et al., 2024). Methods either fine-tune on expert115

trajectories (Zeng et al., 2023; Chen et al., 2023)116

or adopt play-and-learn paradigms (Xi et al., 2024;117

Song et al., 2024; Xiong et al., 2024; Wang et al.,118

2024a), optimizing via trajectory-level or step-wise119

feedback. However, most assume static environ-120

ments; we focus on adversarial games requiring121

adaptation to dynamic opponents.122

Agents in Adversarial Games Strategic games123

require reasoning and adapting to opponents’124

behaviors. Benchmarks (Huang et al., 2024;125

Costarelli et al., 2024; Duan et al., 2024) show126

LLM agents fall short of human-level strategic rea-127

soning. We use GTBench (Duan et al., 2024) as128

our testbed. Existing training methods either use129

successful trajectories (Wang et al., 2024b) or cus-130

tomized discounted rewards (Cheng et al., 2024),131

but lack systematic study of opponent selection.132

Our SCO-PAL uses step-level reward estimation 133

and achieves higher win rates with self-play. 134

3 Preliminary 135

3.1 Game Modeling 136

The strategic adversarial games from GTBench can 137

be formalized as an episodic Markov Decision Pro- 138

cess (MDP), where two players P ∈ {P1,P2} take 139

turns performing actions in a gaming environment. 140

Each game is defined by four elements: the state 141

S , representing the current game configuration; the 142

observation O, the visible part of the state for each 143

player; the action space A; and the transition func- 144

tion T : S×A → S . In state si, player Pi observes 145

oi and takes an action ai ∼ πi(· | si, oi), which 146

transitions the game to state si+1. The environment 147

returns a reward r when a terminal state is reached. 148

Each player aims to maximize their expected cumu- 149

lative reward by optimizing their policy πi. In this 150

work, we focus on improving the policy πi of the 151

language agent P1, enabling it to adjust its strategy 152

and achieve higher rewards through interaction. 153

3.2 Behavioral Cloning 154

Behavioral cloning (BC) is a supervised learning 155

approach where an agent learns to imitate expert 156

behavior by training on expert-level datasets. Given 157

a dataset (x, y) ∈ D, the objective of BC is to 158

minimize the following loss: 159

LBC(πθ;D) = −E(x,y)∼D[log πθ(y|x)], (1) 160

161where πθ is the model to be updated. 162

3.3 Kahneman-Tversky Optimization (KTO) 163

Kahneman-Tversky Optimization (KTO) (Etha- 164

yarajh et al., 2024) is an offline reinforcement learn- 165

ing method for preference optimization. Unlike 166

Direct Preference Optimization (DPO) (Rafailov 167

et al., 2024), KTO requires only an output and a 168

binary reward indicating desirability for a given 169

input, eliminating the need for pair-wise preference 170

data. This is advantageous in asymmetric scenar- 171

ios like werewolf (Ye et al., 2025), where creating 172

pair-wise comparisons is challenging. Given the 173

datasets (x, y) ∈ D, KTO optimizes the policy πθ 174

using the following loss: 175
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rθ(x, y) = log
πθ(y|x)
πref (y|x)

(2)176

z0 = E(x,y)∼D[KL(πθ(y|x)∥πref (y|x))] (3)177

v(x, y) = (4)178 {
λDσ

(
β(rθ(x, y)− z0)

)
if y ∼ ydesirable | x

λUσ
(
β(z0 − rθ(x, y))

)
if y ∼ yundesirable | x

(5)

179

LKTO(πθ;D) = E(x,y)∼D[λy − v(x, y)] (6)180

181 Here, λD and λU are hyperparameters represent-182

ing the losses for desirable and undesirable out-183

comes, respectively. The parameter λy corresponds184

to λD when y is desirable and λU when y is unde-185

sirable.186

4 SCO-PAL187

To realize learning from interaction, a proper frame-188

work is necessary. In two-player adversarial games,189

both players engage in strategic reasoning and act190

to defeat each other, while the environment au-191

tonomously determines the game outcome and al-192

locates rewards based on ending conditions. This193

removes the need for external labeling and facil-194

itates the accumulation of datasets enriched with195

reward signals. Leveraging this, we design a play-196

and-learn framework SCO-PAL (Figure 1), using197

large-scale game interaction to capture strategic198

optimization directions and improve strategy.199

4.1 Game Interaction200

The play-and-learn paradigm boosts agents by201

learning from game interaction with opponents. To202

realize this, we first conduct interactions between203

agents in the gaming environments, named Game204

Interaction (Stage I).205

During game interaction, player Pi ∈ {P1,P2}206

performs actions at according to policy πθ(· |207

si, oi) at each time step t. Each action at transitions208

the game from state st to st+1, and the environment209

concludes the game by determining the ending con-210

dition and providing a reward r, indicating a win,211

loss, or tie. For player Pi, a trajectory τ is denoted212

as (s0, a1, s1, a2, . . . , an, sn, r), where r signifies213

the outcome reward. Through interaction, we col-214

lect a set of trajectories T = {τ1, τ2, . . . , τn} for215

strategy refinement.216

4.2 Step-Wise Reward Estimation217

The environment provides only outcome-level re-218

wards, leaving intermediate actions unlabeled. To219

address this, we design a step-level reward esti- 220

mation method in Step-Wise Reward Estimation 221

(Stage II) and compare different estimation strate- 222

gies in § 7.2. 223

Step-wise reward estimation identifies whether 224

an action is advantageous or disadvantageous, guid- 225

ing subsequent strategy refinement. We apply 226

Monte Carlo Estimation over interaction trajec- 227

tories T , estimating the reward r(si, ai) of each 228

(si, ai) ∈ τ by its empirical win rate. Specifi- 229

cally, we count total occurrences Nall and winning 230

occurrences Nwin of (si, ai) in T , and compute: 231

r(si, ai) =
Nwin
Nall

. 232

4.3 Strategy Refinement 233

After reward estimation, we obtain trajectories with 234

step-level rewards for training. In Strategy Refine- 235

ment (Stage III), we propose a two-stage strategy 236

improvement method: (1) Behavioral Cloning 237

adapts the agent to the game environment using 238

state-action pairs (si, ai) with rewards r(si, ai) 239

above a predefined threshold δ as advantageous 240

actions for training. (2) KTO Optimization formu- 241

lates learning as preference optimization. We label 242

state-action pairs as advantageous (desirable) or dis- 243

advantageous (undesirable) based on r(si, ai) and 244

δ, encouraging the agent to prefer advantageous 245

actions while avoiding disadvantageous ones. 246

In experiments, we find that Behavioral Cloning 247

enables fast adaptation, while KTO Optimization 248

helps the agent effectively distinguish between ac- 249

tion qualities, significantly improving win rates in 250

downstream competitions. 251

5 Analysis on Opponent Selection 252

5.1 Setup 253

Game Interaction Opponents To study how op- 254

ponent strength affects learning, we introduce level- 255

controllable symbolic opponents ranging from ran- 256

dom (weak) to MCTS-based (strong). The strength 257

of MCTS is adjusted by varying the maximum num- 258

ber of simulations (max_simulation)1, set to 5, 10, 259

100, 200, 500, and 1000. 260

Game Benchmark We select 6 games from 261

GTBench (Duan et al., 2024): (1) Breakthrough, 262

(2) Connect Four, (3) Tic-Tac-Toe, (4) Kuhn 263

Poker, (5) Liar’s Dice, and (6) Nim2. Each game 264

interaction involves 1,000 episodes, and each evalu- 265

ation is conducted over 100 episodes per opponent. 266

1Details in Appendix B.1.
2Game introductions are in Appendix C.1.
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Adversarial Games Player1 Player2

Breakthrough Connect Four Nim Tic-Tac-Toe Liar’s Dice Kuhn Poker

Pile1 Pile2 Pile3
Take 2 from Pile2 <1 dice, 4 value> 

<1 dice, 6 value> 

Bet 

Pass 

<C1R1> <C2> <c2->c3> 

Player1 Player2

Step-Wise  
Reward Estimation Strategy Refinement

Behavioral  
Cloning

<C2R1> Take 4 from Pile3<C1> <b2->b3> 

ModelGames

Win/Lose/Tie

(s0,a0,s1,a1,…,an,r) ~ T

Bet

Bet

Player2

Player2

Player1

Player1
…

Player2 wins!
Win +1

Total +1

Reward of (s,a) Win/Total

Model

(s0,a0)
(s1,a1)
(s2,a2)…

Reward Advantageous

Disadvantageous

0.87
0.23

0.90

(s0, a0) (s2, a2)

(s1,a1)

KTO 
Optimization

Action

Game  
Interaction

Figure 1: Overview of our play-and-learn method, SCO-PAL. SCO-PAL enables language agents to improve
through game interaction via a three-stage process: Stage I Game Interaction assigns an opponent and conducts
large-scale gameplay; Stage II Step-Wise Reward Estimation computes step-level rewards; Stage III Strategy
Refinement updates the policy via behavioral cloning and KTO Optimization.

To mitigate first-player advantage, players alternate267

roles and play an equal number of games.268

Model Setting We use Qwen2-7B-Instruct (qwe,269

2024) as the base model. During game interaction,270

the temperature is set to 0.7 (see § A.4 for abla-271

tion). For evaluation, we follow GTBench (Duan272

et al., 2024) and set the temperature to 0.2. We273

also demonstrate the effectiveness of SCO-PAL on274

other models (e.g., Mistral) in the Appendix A.10.275

Parameters The threshold for identifying advan-276

tageous actions is 0.5. In Behavioral Cloning, we277

set the learning rate to 1e-6, batch size to 2, warm-278

up ratio to 0.1, and train for 5 epochs. For KTO,279

the batch size is 2, the gradient accumulation steps280

are 8, the learning rate is 1e-6, and training also281

lasts 5 epochs. The loss weights λD and λU are set282

such that λDnD = λUnU , where nD and nU are283

the numbers of advantageous and disadvantageous284

samples; the larger weight is set to 1.0, and the285

smaller scaled proportionally. All experiments are286

conducted on 8 NVIDIA A100 GPUs (80GB each).287

Metrics We evaluate performance using win rate.288

For each game, we record outcome counts Nwin,289

Nlose, and Ntie, and compute the win rate as: w =290
Nwin+0.5Ntie

Nwin+Nlose+Ntie
.291

Evaluation Opponents We evaluate against four 292

opponents: (1) Random, selecting actions at ran- 293

dom; (2) MCTS, configured with 1 rollout, UCT 294

parameter c = 2, and max simulations = 1000; 295

(3) GPT-3.5 (GPT-3.5-turbo-0125) (OpenAI et al., 296

2024), an OpenAI language model; (4) GPT-4 297

(GPT-4-turbo-2024-04-09) (OpenAI et al., 2024), 298

a more advanced OpenAI model. 299

5.2 Results 300

Opponents affect action quantity and distribu- 301

tion. As shown in Figure 2(a), the agent achieves 302

56.59% win rate against random and nearly 50% in 303

self-play, dropping to 5.40% against strong MCTS 304

as max_simulation increases. Figure 2(b) shows 305

that action counts decrease against both weak 306

and strong opponents due to predictable outcomes 307

reducing action diversity. Self-play yields the 308

most balanced advantageous-to-disadvantageous 309

ratio, while this ratio becomes increasingly skewed 310

against stronger opponents. 311

Self-play is most effective. As shown in Fig- 312

ure 2(a), training with self-play yields the largest 313

performance improvement, outperforming both 314

weak and strong opponents. This mirrors the ac- 315

tion count trends: diverse data with balanced ad- 316

vantageous/disadvantageous ratios leads to more 317
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Figure 2: Analysis of opponent selection in game interaction. (a) Game Interaction shows the base model’s win
rates against different opponents, while Evaluation shows the win rates of the model trained with SCO-PAL against
four downstream opponents. (b) displays the number of actions collected when interacting with different opponents.
The number in MCTS(·) indicates the max_simulation setting.

Self
Play

M
CTS(5)

Sca
le

1

Sca
le

2

1

2

·104

A
ct

io
ns

Disadvantageous

Advantageous

(a) Number of actions.

Self
Play

M
CTS(5)

Sca
le

1

Sca
le

2

40

45

50

W
in

R
at

es

(b) Win rates after training.

Figure 3: Evaluation of different scaling strategies for
balancing advantageous and disadvantageous samples.
(a) shows the number of actions obtained under each set-
ting. (b) reports the win rates against four downstream
opponents using agents trained on the corresponding
data.

effective optimization. Quantitative analysis is in318

Appendix A.9.319

Scaling data does not help. To test whether data320

quantity compensates for quality, we upsample321

MCTS(5) data using two strategies (Figure 3(a)):322

Scale 1 matches total sample count while preserv-323

ing the original ratio; Scale 2 directly aligns advan-324

tageous/disadvantageous counts with self-play. As325

shown in Figure 3(b), both strategies decrease per-326

formance—Scale 1 causes overfitting, Scale 2 dis-327

rupts optimization. This confirms that data scaling328

cannot compensate for lack of diversity; balance329

must be intrinsic to the data.330

Combining with strong-opponent imitation.331

We also explore combining SCO-PAL with im-332

itation learning from strong opponents. Results333

in Appendix A.1 and A.2 show that imitation can334

complement SCO-PAL for further improvements.335

6 Experiments on SCO-PAL with 336

Self-Play 337

Analysis in § 5 demonstrates that self-play is the 338

most effective way to conduct play-and-learn in ad- 339

versarial games. To fully explore the performance 340

of SCO-PAL with self-play, we compare SCO- 341

PAL under self-play with existing play-and-learn 342

methods, both against downstream opponents, and 343

conduct a head-to-head evaluation in this section. 344

6.1 Setup 345

Opponents In game interaction, we set the oppo- 346

nent as the language agent itself (self-play setting 347

in § 5). Other settings are the same as these in § 5. 348

Baselines We select three baselines: (1) Base 349

model: we use Qwen2-7b-Chat as the base model; 350

(2) Behavioral Cloning (BC): fine-tuning the model 351

on successful trajectories from game interactions 352

inspired by Wang et al. (2024b); (3) SPAG (Cheng 353

et al., 2024): that updates the policy by hand- 354

crafted rewards with a discounted coefficient 3. 355

6.2 Main Results 356

In Table 1, the base model’s average win rate 357

against the four downstream opponents is gener- 358

ally lower, only slightly beating random with a rate 359

of 52.44%. After training, SCO-PAL achieves 360

the most significant improvement, 50.08%, sur- 361

passing 43.50% of BC and 41.70% of SPAG, and 362

defeating GPT-4 with an average winning rate of 363

54.76%. The reason behind the improvement is 364

that both BC and SPAG struggle with learning ac- 365

tions due to inaccurate reward estimation and in- 366

sufficient optimization methods. For example, in 367

3Detailed introduction of baselines are in Appendix B.2.
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Methods Opponents Breakthrough Connect Four Tic-Tac-Toe Kuhn Poker Liar’s Dice Nim Avg.

Base

GPT-4 7.22 46.46 44.50 20.90 20.31 31.00 28.40
GPT-3.5 57.65 46.32 55.26 18.75 21.54 53.00 42.09
Random 66.67 61.62 63.64 39.06 39.66 44.00 52.44
MCTS 2.74 0.00 6.00 20.90 4.84 0.00 5.75

AVG 33.57 38.60 42.35 24.90 21.59 32.00 32.17

BC

GPT-4 26.00 32.50 64.00 45.00 57.00 31.00 42.58
GPT-3.5 52.63 10.10 100.00 45.00 68.69 44.68 53.52
Random 68.09 66.00 78.00 61.00 83.00 50.00 67.68
MCTS 3.30 0.00 0.00 45.00 13.00 0.00 10.22

AVG 37.50 27.15 60.50 49.00 55.42 31.42 43.50

SPAG

GPT-4 29.87 42.00 33.00 41.00 57.00 39.00 40.31
GPT-3.5 30.14 29.29 98.00 37.00 64.65 44.00 50.51
Random 71.43 65.00 75.00 45.45 82.00 57.00 65.98
MCTS 0.00 0.00 0.00 45.00 15.00 0.00 10.00

AVG 32.86 34.07 51.50 42.11 54.66 35.00 41.70

SCO-PAL

GPT-4 52.53 62.63 71.43 45.00 60.00 37.00 54.76
GPT-3.5 60.42 72.00 54.64 45.00 80.00 77.00 64.84
Random 85.88 76.00 76.02 35.00 89.00 59.00 70.15
MCTS 2.33 0.00 10.10 45.00 6.00 0.00 10.57

AVG 50.29 52.66 53.05 42.50 58.75 43.25 50.08

Table 1: Win rates against four opponents on six games. The best results are bolded, and the second best ones are
underlined. Statistical significance tests are reported in the Appendix A.6.

BC, successful trajectories might include subopti-368

mal actions. In SPAG, manually specified coeffi-369

cients can become inaccurate and not general due370

to changes in environments. SCO-PAL uses more371

general reward estimates and finer-grained reward372

signals, using KTO optimization, leading to more373

comprehensive learning. We also analyze regret in374

§ 7.2, showing that SCO-PAL reduces regret and375

learns meaningful strategies. We further conduct376

head-to-head evaluation between methods in Ap-377

pendix A.11, where SCO-PAL achieves over 50%378

win rate against all baselines.379

6.3 Generalization Capabilities380

A key advantage of LLM-based agents is their po-381

tential for broad generalization. We evaluate this382

from two perspectives: transfer to unseen games383

and transfer to general reasoning tasks.384

Zero-shot Transfer to Unseen Games To ex-385

plore whether strategic reasoning transfers beyond386

training games, we evaluate SCO-PAL on three un-387

seen games from GTBench: Blind Auction, Pig,388

and Prisoner’s Dilemma4. As shown in Table 4,389

SCO-PAL achieves an average improvement of 8%390

across these games without any task-specific train-391

ing. The agent demonstrates the ability to make392

reasonable decisions and adapt strategies based on393

4Game descriptions are in Appendix C.2.

Category Benchmark Base SCO-PAL ∆

Math GSM8K 81.05 80.36 -0.69
Code MBPP 52.60 54.40 +1.80
Complex BBH (avg.) 56.55 56.24 -0.31

BBH subtasks with notable improvements:

temporal_seq 56.80 61.20 +4.40
colored_objects 79.20 83.20 +4.00
object_counting 64.40 66.40 +2.00
multistep_arith 48.80 50.40 +1.60

Table 2: Generalization to reasoning benchmarks. SCO-
PAL maintains performance on math, code, and com-
plex reasoning tasks. Notably, subtasks involving tem-
poral reasoning, state tracking, and multi-step planning
show improvements, suggesting strategic game training
may enhance structured reasoning capabilities.

game states, indicating that SCO-PAL cultivates 394

transferable strategic reasoning skills rather than 395

game-specific heuristics. 396

Transfer to General Reasoning Benchmarks 397

Beyond games, we examine whether strategic 398

training affects broader reasoning capabilities. 399

As shown in Table 2, SCO-PAL not only pre- 400

serves but enhances structured reasoning: math- 401

ematical reasoning remains stable (GSM8K: - 402

0.69%), while code generation improves (MBPP: 403

+1.80%). Most notably, BBH subtasks requiring 404

planning and state tracking—core skills in strate- 405
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Method Avg. Win Rate

SCO-PAL (w/o CoT) 50.08%
SCO-PAL (w/ CoT) 52.48%

Improvement +2.40%

Table 3: Effect of Chain-of-Thought (CoT) reasoning.
CoT enables the agent to leverage language-based rea-
soning, leading to improved strategic decisions.

gic games—show consistent improvements: tem-406

poral reasoning (+4.40%), object state tracking407

(+4.00%), and multi-step arithmetic (+1.60%).408

This suggests that adversarial game training cul-409

tivates transferable reasoning patterns: planning410

ahead, maintaining state representations, and rea-411

soning about sequential decisions. These findings412

demonstrate a unique advantage of LLM-based413

agents: strategic skills learned through self-play414

transfer positively to related reasoning domains.415

6.4 Effect of Chain-of-Thought Reasoning416

A key advantage of LLM-based agents over tradi-417

tional RL is their ability to perform explicit reason-418

ing through Chain-of-Thought (CoT). To quantify419

this benefit, we compare SCO-PAL with and with-420

out CoT prompting during evaluation. As shown421

in Table 3, enabling CoT improves the average win422

rate by 2.4%. This demonstrates that the LLM423

agent genuinely leverages its language reasoning424

capabilities for strategic decision-making, rather425

than merely learning state-to-action mappings like426

traditional RL approaches. Combined with the gen-427

eralization results above, these findings highlight428

unique advantages of LLM-based agents: inter-429

pretable reasoning through CoT, zero-shot trans-430

fer to unseen games, and positive transfer to re-431

lated reasoning tasks. We also analyze iterative432

application of SCO-PAL in Appendix A.3.433

7 Ablations434

7.1 Ablation of Training Strategies in435

SCO-PAL436

To validate the effectiveness of our two-stage ap-437

proach, we conduct ablations on both the training438

procedure and the data used for BC.439

Ablation of Training Strategy We compare440

three training strategies: (1) Direct KTO, apply-441

ing KTO without BC; (2) Joint Loss, combining442

BC and KTO objectives; (3) Two-Stage (Ours),443

performing BC followed by KTO. As shown in Ta-444

ble 4(a), adding BC improves adaptation to the445

Auc. Pig Pri. Avg.

Base 71.00 88.00 37.00 65.00
SCO-PAL 67.00 92.00 60.00 73.00

Table 4: Evaluation on unseen games. Auc. refers
to Blind Auction; Pig refers to Pig; Pri. refers to
Prisoner’s Dilemma.

game environment, with the two-stage strategy 446

achieving a 4.59% performance gain over the joint- 447

loss variant. These results suggest that initializing 448

with BC provides a more stable foundation for sub- 449

sequent preference optimization. 450

Ablation of Data for Behavioral Cloning In 451

SCO-PAL, BC is trained on advantageous actions 452

identified from game interaction. We compare two 453

BC data construction methods based on self-play: 454

(1) Trajectory-Based, which uses all actions from 455

successful trajectories; (2) Reward-Based, which 456

filters actions with estimated rewards exceeding 457

a threshold. As shown in Table 4(b), using only 458

advantageous actions yields better results, as suc- 459

cessful trajectories may still contain suboptimal 460

decisions. This highlights the importance of fine- 461

grained filtering in BC data selection. 462

Modularity of Strategy Optimization A key 463

design principle of SCO-PAL is its modularity: 464

the Strategy Refinement stage can flexibly incorpo- 465

rate different preference optimization algorithms. 466

As shown in Figure 4(c), we evaluate four con- 467

figurations: BC only, BC+DPO, BC+KTO, and 468

BC+GRPO. Adding any preference optimization 469

on top of BC significantly improves performance, 470

confirming the importance of the refinement stage. 471

Among the algorithms, GRPO (Shao et al., 2024) 472

achieves the best performance (54.87%), followed 473

by KTO (50.08%) and DPO (40.52%). KTO out- 474

performs DPO by 9.56 percentage points because 475

it operates at the step level, offering broader cov- 476

erage of action quality without requiring pairwise 477

comparisons under identical states. While GRPO 478

achieves the highest performance, we use KTO 479

as the default due to its superior efficiency and 480

simplicity. KTO requires significantly fewer com- 481

putational resources (single trajectory evaluation 482

vs. multiple rollouts for GRPO) and is easier 483

to implement, making it more practical for most 484

scenarios. The 4.79 percentage point gap repre- 485

sents a trade-off between performance and practi- 486

cality—practitioners with sufficient computational 487

budget may opt for GRPO for maximum perfor- 488
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Figure 4: Ablations of SCO-PAL.

mance. This modularity allows SCO-PAL to bene-489

fit from advances in preference optimization with-490

out architectural changes.491

7.2 Ablation of Reward Estimation Methods492

Different reward estimation methods produce493

varying distributions of advantageous and dis-494

advantageous actions, thus influencing SCO-495

PAL’s performance. We compare three ap-496

proaches—Discounted Reward, Win Rate, and497

Beta—as detailed in Appendix B.3. As shown in498

Figure 4(d), the win rate method performs best499

with a 50.08% win rate, compared to 48.66% for500

discounted reward and 36.77% for beta. Win rate501

directly captures success likelihood, aligning well502

with the game objective and offering a stable, in-503

terpretable signal. In contrast, discounted reward504

requires careful tuning of the discount factor, while505

the beta method depends on sufficient data and sen-506

sitive hyperparameters, reducing practicality. Over-507

all, win rate offers the best trade-off between sim-508

plicity, stability, and alignment, making it the most509

effective choice in SCO-PAL.510

Validation of Step-level Rewards To verify that511

win-rate-based rewards capture true strategic value512

rather than mere statistical correlation, we vali-513

date our step-level reward estimates against Nash514

equilibrium Q-values for Kuhn Poker, a game with515

known analytical solutions. As shown in Table 5,516

the Pearson correlation between empirical win rates517

and theoretical Q-values is r = 0.955 (p < 0.01),518

and Spearman correlation is ρ = 0.912 (p < 0.05).519

State-Action Nash Q Win Rate Samples

J | Bet -1.00 0.071 11,623
J | Pass -1.00 0.007 12,421
Q | Bet -0.50 0.582 11,787
Q | Pass -0.17 0.458 11,328
K | Bet +1.17 0.995 11,281
K | Pass +1.17 0.994 4,763

Pearson r = 0.955 (p < 0.01)
Spearman ρ = 0.912 (p < 0.05)

Table 5: Validation of step-level rewards against Nash
equilibrium Q-values in Kuhn Poker. The high corre-
lation demonstrates that empirical win rates effectively
capture true strategic value.

Nim Tic-Tac-Toe

Base 0.0564 0.0658
SCO-PAL 0.0378 0.0472

Table 6: Regret on Nim and Tic-Tac-Toe.

This strong alignment demonstrates that Monte 520

Carlo win rate estimation effectively captures the 521

true strategic value of actions, validating the use of 522

empirical win rates as step-level rewards for policy 523

optimization. 524

Regret Analysis To further verify that SCO- 525

PAL learns meaningful strategies, we measure re- 526

gret—the gap between the agent’s performance 527

and optimal play—in Nim and Tic-Tac-Toe, two 528

games with known optimal strategies. As shown 529

in Table 6, SCO-PAL consistently reduces regret 530

compared to the base model, indicating that the 531

learned policy moves closer to optimal strategic 532

play. This provides additional evidence that our 533

step-level optimization effectively improves the 534

agent’s decision-making quality. 535

8 Conclusion 536

In this paper, we focus on improving the strate- 537

gic reasoning ability of language agents under the 538

play-and-learn paradigm. We design a Step-level 539

poliCy Optimization method through Play-And- 540

Learn, SCO-PAL. Using SCO-PAL, we analyze 541

how opponents influence agent learning in adversar- 542

ial games and find that self-play yields the best re- 543

sults. Incorporating SCO-PAL with self-play, we 544

improve the average win rate from 32.17% (base 545

model) to 50.08%, achieving 54.76% against GPT- 546

4. Our work provides insights into opponent se- 547

lection in adversarial environments and introduces 548

a new learning framework, offering an effective 549

way to enhance the strategic reasoning of language 550

agents. 551
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Limitations552

While SCO-PAL demonstrates strong empirical553

performance in symbolic adversarial games, it has554

certain limitations. First, our study is limited to555

well-defined, turn-based games and does not ex-556

plore more open-ended or partially observable en-557

vironments such as negotiation or web-based tasks.558

Second, the opponent pool is restricted to scripted559

agents and LLM variants; incorporating human or560

style-diverse LLM opponents could further enrich561

strategic diversity but introduces additional chal-562

lenges. We leave these directions for future work.563

Ethical Statement564

This work focuses on improving the strategic rea-565

soning abilities of language agents in adversarial566

games using self-play and interaction-based learn-567

ing. All experiments are conducted in controlled,568

simulated environments without real user data or569

deployment. Our use of existing artifacts is con-570

sistent with their intended use, and we follow their571

license and terms. No sensitive data or human an-572

notations are used. While advances in strategic lan-573

guage modeling may enable more capable agents574

in competitive settings, we caution against misuse575

in domains such as manipulation, deception, or ad-576

versarial dialogue generation. We encourage future577

research to incorporate safety constraints and ethi-578

cal safeguards when deploying such agents in open579

environments.580
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Appendix744

Appendix Roadmap.745

• A.1 Imitating Strong Players studies behav-746

ior cloning from expert self-play data (strong-747

vs-strong), showing that imitation improves748

win rates but degrades when the skill gap be-749

comes too large.750

• A.2 Combining SCO-PAL and Imitat-751

ing Strong Players applies SCO-PAL with752

self-play on top of the best imitation753

setting (MCTS(5)) and evaluates against754

MCTS(1000), demonstrating complementary755

gains.756

• A.3 Discussion on Iteration evaluates iter-757

ative play-and-learn against historical check-758

points and discusses a slight performance drop759

in later iterations due to RL overfitting.760

• A.4 Impact of Temperature analyzes how761

sampling temperature affects action diversity,762

game validity, and post-training performance,763

motivating our choice of temperature.764

• A.5 Impact of Game Balance evaluates the765

balancing mechanism that upsamples low-766

action games and downsamples high-action767

games to prevent biased learning.768

• A.6 Statistical Significance Tests reports sig-769

nificance tests versus BC and SPAG, confirm-770

ing that improvements are statistically signifi-771

cant.772

• A.7 Data Quality Statistics summarizes773

action-format validity rates across games and774

explains how invalid actions are used as nega-775

tive samples in KTO.776

• A.8 Strategy Analysis: Exploitative vs Nash777

Equilibrium compares learned policies with778

Nash strategies in Kuhn Poker, showing the779

model learns exploitative behaviors tailored780

to self-play opponents.781

• A.9 Quantitative Diversity Analysis reports782

action diversity and advantageous/disadvanta-783

geous ratios under different opponent choices,784

supporting the opponent-selection analysis.785

• A.10 SCO-PAL on Other Models evalu-786

ates transferability by applying SCO-PAL to787

Mistral-7B-Instruct-v0.3.788

• A.11 Head-to-Head Evaluation presents 789

tournament-style direct comparisons across 790

methods on GTBench games. 791

• B Method Settings details experimental con- 792

figurations, including the MCTS algorithm 793

and hyperparameters, baseline implementa- 794

tions (BC, SPAG), and reward estimation 795

methods (discounted return, win rate, Beta 796

posterior). 797

• C Game Introduction introduces the seen 798

games used for training/evaluation and the 799

unseen games used for generalization tests. 800

• D Prompt Design provides the full system 801

prompt and per-game prompts (game prompt 802

and step prompt) for all environments. 803

A Supplementary Experiments 804

A.1 Imitating Strong Players 805

In § 5, we examine how opponents influence per- 806

formance by introducing stronger ones. Strong 807

opponents tend to adopt better strategies, leading 808

to higher win rates. To further leverage their po- 809

tential, we explore the effect of imitating strong 810

players. 811

We first experiment with direct imitation. As 812

shown in § 5, self-play generates diverse, balanced, 813

and high-quality data through interactive gameplay. 814

To better capture strong players’ strategies, we 815

adapt SCO-PAL accordingly. Two strong agents 816

of equal strength play against each other, followed 817

by step-wise reward estimation. We then select ad- 818

vantageous samples with win rates above a thresh- 819

old for BC training. As shown in Figure 5, learn- 820

ing from strong players significantly improves win 821

rates. 822

Moreover, we observe that as the opponent’s 823

relative strength (compared to the base model) in- 824

creases, the agent’s performance initially improves 825

but later declines. This indicates that while imitat- 826

ing strong players is beneficial, a large skill gap and 827

divergent strategies can impede effective learning. 828

A.2 Combining SCO-PAL and Imitating 829

Strong Players 830

In §A.1, we observed that learning from strong 831

players enhances strategic reasoning. Here, 832

we take the best-performing setting—imitating 833

MCTS(5)—and apply SCO-PAL with self-play. 834
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Figure 5: (a) shows the number of actions taken dur-
ing self-play between strong players of varying lev-
els. In (b), Relative denotes the win rate of the base
model against different opponents, while Evaluation
indicates the average win rate of the model trained by
imitating strong players, evaluated against four down-
stream opponents. The number in MCTS(·) specifies
the max_simulation parameter.

We evaluate the resulting model against a strong op-835

ponent, MCTS(1000). As shown in Figure 6, SCO-836

PAL remains effective even after expert imitation,837

improving the average win rate against strong oppo-838

nents by 2.44%. This suggests that imitating strong839

players can complement SCO-PAL with self-play,840

leading to further gains.841

A.3 Discussion on Iteration842

Settings During iteration, the agent plays against843

historical models in a play-and-learn setup. In the844

first round, as there is no historical model, the base845

model (Qwen2-7B-Chat) performs self-play, and846

we apply SCO-PAL to obtain Iter1. In the second847

round, Iter1 plays against the base model, is trained848

to yield Iter2, and then Iter2 plays against Iter1 to849

produce Iter3.850

Results Figure 7 presents the results of itera-851

tively applying SCO-PAL. We observe that itera-852

tive self-play with SCO-PAL gradually improves853

the model’s strategic performance. However, in854
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Figure 6: Win rate changes against MCTS(1000) after
applying SCO-PAL with self-play to the model trained
by imitating MCTS(5).
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Figure 7: Performance across iterations of SCO-PAL.
Each iteration involves self-play and training against
previous models.

Iter3, the win rate declines slightly. We attribute 855

this to overfitting introduced by repeated RL train- 856

ing (Zeng et al., 2023; Xiong et al., 2024), which 857

may narrow the model’s strategic diversity and re- 858

duce effectiveness. 859

A.4 Impact of Temperature 860

Temperature is a key parameter in LLM generation, 861

influencing the diversity of outputs. To assess its 862

effect on SCO-PAL, we evaluate five settings: 0.2, 863

0.5, 0.7, 1.0, and 1.2, and systematically analyze 864

how temperature impacts performance. 865

Temperature affects action diversity and game 866

validity. Temperature controls the token sam- 867

pling behavior of language models. Lower tem- 868

peratures lead to more deterministic outputs, while 869

higher values introduce greater diversity. In our set- 870

ting, temperature influences the diversity of actions 871

during game interaction by the language agent, 872

which in turn affects the number of actions taken. 873

As shown in Figure 9(a), action diversity in- 874

creases with temperature up to a point, peaking be- 875

tween 0.7 and 1.0, then declines. To understand this 876
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Figure 8: Comparison of win rates with and without the
balance mechanism.
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Figure 9: Effect of temperature on (a) number of actions during interaction, (b) validity rate of generated games,
and (c) average win rate after training with data from each temperature setting.

P-Value

BC 0.0017
SPAG 0.0110

Table 7: Significance test for the main experiment.

trend, we examine the rate of valid games—those877

where the agent’s actions are successfully parsed by878

the environment. At high temperatures, the agent879

is more likely to generate invalid actions, reducing880

the number of valid interactions. Figure 9(b) shows881

that the valid rate peaks between 0.5 and 0.7.882

Based on this analysis, we set the temperature to883

0.7 during self-play. We also evaluate SCO-PAL884

under different temperature settings, as shown in885

Figure 9(c). Results confirm that a temperature of886

0.7 yields the highest post-training win rate, indi-887

cating that a balance between stability and diversity888

of valid actions is crucial for optimal performance.889

A.5 Impact of Game Balance890

Different games have varying action spaces, lead-891

ing to an unequal number of actions after self-play.892

To avoid biased learning, we apply data balancing893

by upsampling actions from games with fewer ac-894

tions and downsampling those with more, while895

keeping the total sample size constant. We com-896

pare results before and after balancing. As shown897

in Figure 8, this strategy ensures the language agent898

learns effectively across different games.899

A.6 Statistical Significance Tests900

We perform significance tests comparing our901

method against baselines (BC and SPAG). As902

shown in Table 7, all p-values are below 0.05, in-903

dicating that the improvements are statistically sig-904

nificant.905

Game Total Valid Rate

Breakthrough 1,168,008 1,128,700 96.6%
Connect Four 2,559,041 2,558,318 100.0%
Kuhn Poker 1,252,004 1,251,881 100.0%
Liar’s Dice 203,873 203,535 99.8%
Nim 1,242,942 1,242,848 100.0%
Tic-Tac-Toe 2,463,757 2,458,078 99.8%

Total 8,889,625 8,843,360 99.5%

Table 8: Data quality statistics across all games. Valid
Rate indicates the proportion of correctly formatted ac-
tions generated by the base model without SFT warm-
up.

Info Set P(Bet) Nash Distance

J (first action) 0.755 0.333 0.421
Q (first action) 0.986 0.000 0.986
K (first action) 0.994 1.000 0.006

Average 0.471

Table 9: Comparison of learned policy with Nash equi-
librium in Kuhn Poker. P(Bet) denotes the probability of
betting at the first action. Distance measures deviation
from Nash-optimal play.

A.7 Data Quality Statistics 906

To address concerns about data quality without SFT 907

warm-up, we analyze the validity rate of collected 908

actions across all games. As shown in Table 8, 909

99.5% of samples contain valid action formats, 910

demonstrating that the base LLM can effectively 911

generate properly formatted actions without requir- 912

ing supervised fine-tuning. The small fraction of 913

invalid actions (0.5%) are utilized as negative sam- 914

ples in KTO training, helping the model learn to 915

avoid malformed outputs. 916

A.8 Strategy Analysis: Exploitative vs Nash 917

Equilibrium 918

To understand what strategies the model learns 919

through self-play, we analyze the learned policy 920
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Opponent Samples Unique Adv. Adv/Dis

Self-Play 7.65M 1,721 4.67M 1.57
Random 184K 194 85K 0.87
MCTS(5) 629K 360 288K 0.84
MCTS(10) 315K 92 117K 0.59

Table 10: Quantitative analysis of action diversity across
different opponents. “Unique” denotes the number of
unique actions, “Adv.” denotes advantageous actions,
and “Adv/Dis” is the ratio of advantageous to disadvan-
tageous actions.

against Nash equilibrium for Kuhn Poker, a game921

with known analytical solutions. As shown in922

Table 9, the model correctly learns to bet with923

King (P=0.994 vs Nash 1.0), but deviates signifi-924

cantly for Queen (P=0.986 vs Nash 0.0) and Jack925

(P=0.755 vs Nash 0.333). This reveals an impor-926

tant insight: the model learns exploitative strate-927

gies adapted to the self-play opponent rather than928

game-theoretically optimal play. Such adaptation929

explains the strong performance against LLM op-930

ponents, as the model exploits predictable patterns931

in the opponent’s behavior.932

A.9 Quantitative Diversity Analysis933

Table 10 provides quantitative evidence for our op-934

ponent selection analysis. Self-play generates the935

most diverse actions (1,721 unique actions) with936

the best advantageous/disadvantageous ratio (1.57),937

indicating balanced learning signals. In contrast,938

strong opponents (MCTS-10) lead to imbalanced939

data with ratio 0.59, while weak opponents (Ran-940

dom) produce limited diversity (194 unique ac-941

tions). This quantitatively validates that self-play942

provides optimal training signals through both ac-943

tion diversity and sample balance.944

A.10 SCO-PAL on Other Models945

To test the transferability of SCO-PAL, we apply946

it to Mistral-7B-Instruct-v0.3 (Jiang et al., 2023).947

As shown in Table 11, SCO-PAL also improves948

strategic reasoning in Mistral, demonstrating its949

versatility across different base models.950

Average Win Rates.

Base 32.18
SCO-PAL 45.80

Table 11: SCO-PAL on Mistral.

Base BC SPAG SCO-PAL Avg.

Base 50.00 27.20 24.21 22.97 31.10
BC 72.80 50.00 51.03 45.29 54.78

SPAG 75.79 48.97 50.00 47.31 55.52
SCO-PAL 77.03 54.71 52.69 50.00 58.61

Table 12: The vertical axis represents Player 1, the hori-
zontal axis represents Player 2, and the values indicate
the win rate of Player 1 against Player 2.

A.11 Head-to-Head Evaluation 951

We conduct direct battles between methods using 952

six games from GTBench, with 100 games played 953

in each match. As shown in Table 12, SCO-PAL 954

achieves a win rate of over 50% compared to all 955

other methods. While BC and SPAG can also 956

outperform the base model, both of them strug- 957

gle against our SCO-PAL. This indicates that our 958

approach effectively identifies advantageous and 959

disadvantageous actions and uses step-level strat- 960

egy optimization to achieve consistently high win 961

rates. 962
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B Method Settings 963

B.1 MCTS Search Algorithm 964

Monte Carlo Tree Search (MCTS) (Chaslot et al., 2008) is a heuristic search algorithm used for decision- 965

making processes, particularly in game playing. The core principle of MCTS is to build a search tree 966

incrementally and asymmetrically by using random simulations to explore the most promising moves. 967

The algorithm consists of four main steps: selection, expansion, simulation, and backpropagation. 968

• Selection: Starting from the root node, select child nodes based on a policy that balances exploration 969

and exploitation. The most common policy is the Upper Confidence Bound for Trees (UCT), defined 970

as: 971

UCT =
wi

ni
+ c×

√
lnN

ni
972

where wi is the number of wins for the node, ni is the number of times the node has been visited, N 973

is the total number of simulations, and c is the exploration constant. 974

• Expansion: Once a leaf node is reached, expand the tree by adding one or more child nodes 975

corresponding to possible moves. In our setup, the tree expands with each new node representing 976

possible future states. 977

• Simulation: From the new node, perform a rollout, i.e., play out the game randomly until a terminal 978

state is reached. The outcome of this simulation provides an estimate of the node’s value. 979

• Backpropagation: Use the result of the simulation to update the information in the nodes along the 980

path from the expanded node back to the root. This involves updating win ratios and visit counts to 981

reflect the newly gathered information. 982

In our settings, we set rollout_count: The number of rollouts performed from each new node is 983

set to 1; c: The exploration constant of UCT is set to 2, balancing the trade-off between exploration 984

of new nodes and exploitation of known promising nodes; max_simulations: The maximum number 985

of simulations. This parameter controls the total number of simulations that can be performed during 986

decision-making processes. By adjusting max_simulations, we can control the level of agents, where a 987

higher number of simulations generally leads to more informed and strategic decisions, enhancing the 988

agent’s competitive performance. 989

B.2 Baselines 990

BC Inspired by (Wang et al., 2024b), BC involves using the action sequences from winning players as 991

training data to improve the agent’s strategy. This method can be broken down into the following steps: 992

First, we collect a dataset D comprising trajectories T from games where the player wins. Each 993

trajectory τ is represented as a sequence of state-action pairs: 994

(s0, a1, s1, a2, s2, . . . , an, sn, r) 995

where r is 1, representing that the agent wins. 996

The goal is to train the policy πθ to replicate these successful behaviors. The learning objective is to 997

minimize the Behavioral Cloning loss, which is defined as: 998

LBC = −E(s,a)∼D[log πθ(a|s)] 999

Where πθ is the policy model that we aim to update. 1000
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SPAG (Cheng et al., 2024) The given formula represents the loss function LSPAG(πθ), which is used to1001

optimize the policy πθ in a strategic game setting. The loss function is composed of several components:1002

LSPAG(πθ) =1003

−1

2
ET 1

θ̄

[
T∑
t=1

πθ(ut|f1(St−1))

πθ̄(ut|f1(St−1))
Â

µθ̄
t − β2KL[πθ∥πθ̄]

]
1004

−1

2
ET 2

θ̄

[
T∑
t=1

πθ(vt|f2(S ′
t))

πθ̄(vt|f2(S ′
t))

Â
νθ̄
t − β2KL[πθ∥πθ̄]

]
1005

where:ET 1
θ̄

and ET 2
θ̄

denote the expectations over trajectories for the player1 and player2, respectively.1006

πθ is the policy being optimized, and πθ̄ is a reference policy. ut and vt are actions taken by player1 and1007

player2 at time t. f1 and f2 are the prompts for player1 and player2. Âµθ̄
t and Â

νθ̄
t are approximations of1008

the advantage functions for player1 and player2. β2 is a regularization parameter for the Kullback-Leibler1009

divergence KL[πθ∥πθ̄]. In SPAG, they define Â
µθ̄
t ≈ r(st−1, ut) and Â

νθ̄
t ≈ −r(s′t, vt).1010

Given a complete trajectory, the rewards are assigned for each action:1011

r(st−1, ut) =


(1− γ)γT−t/(1− γT+1), if player1 wins,
−(1− γ)γT−t/(1− γT+1), if player2 wins,
0, if game is tied.

1012

r(s′t, vt) =


−r(st−1, ut), if attacker wins,
−r(st−1, ut), if defender wins,
0, if game is tied.

1013

In our experiments, we set γ to 0.8, the same as the setting in SPAG.1014

B.3 Reward Estimation Methods1015

Discounted Reward Discounted reward is used to evaluate the long-term value of actions. The1016

discounted reward Rt from time step t is the sum of all future rewards, each multiplied by a discount1017

factor γ:1018

Rt = rt + γrt+1 + γ2rt+2 + · · ·+ γT−trT1019

If rewards are given only at the end of the game, then rk = 0 for k < T , with a final reward rT based1020

on the outcome. For a state-action pair (s, a) occurring at time t, the discounted reward is:1021

R(s, a) = γ(T−t) ×RT1022

Calculation Formula:1023

Q(s, a) =
1

N

N∑
i=1

R(s, a)i1024

N is the total number of occurrences of (s, a). R(s, a)i is the discounted reward for the i-th occurrence.1025

In our experiments, we set γ to 0.8.1026
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Win Rate Win rate can be used as a simple metric to evaluate the effectiveness of actions. The win rate 1027

for a particular state-action pair (s, a) is calculated as the ratio of the number of times the action leads to 1028

a win to the total number of times the action is taken. This provides a straightforward measure of how 1029

successful an action is in achieving the desired outcome. The winning rate W (s, a) is given by: 1030

W (s, a) =
Nwin + 0.5Ntie

Nwin +Nlose +Ntie
, 1031

Nwin, Ntie, Ntotal are the total number of winning times, tying times, and total times, respectively, of 1032

action (s, a). 1033

Beta Using the Beta distribution to estimate rewards is a Bayesian approach that models the uncertainty 1034

in the winning rate of state-action pairs (s, a). This method is especially useful in scenarios with small 1035

sample sizes or sparse data. The Beta distribution is parameterized by α and β, representing the counts of 1036

wins and losses, respectively. The winning rate is estimated using the posterior mean: 1037

p̂ =
α

α+ β
=

α0 + w

α0 + β0 + w + l
1038

where α0 and β0 are prior parameters, w is the number of wins, and l is the number of losses. This 1039

Bayesian estimate provides a probabilistic view of the winning rate, incorporating prior knowledge and 1040

observed data. In our experiments, we set both α0 and β0 to 1. 1041
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C Game Introduction1042

C.1 Games1043

Tic-Tac-Toe Tic-Tac-Toe is a classic two-player game played on a 3x3 grid. Players take turns marking1044

empty squares with their respective symbols—one player uses “X” and the other uses “O”. The objective1045

is to be the first to align three of one’s symbols horizontally, vertically, or diagonally.1046

Breakthrough Breakthrough is a modern two-player abstract strategy game. Played on a 6x6, 7x7,1047

or 8x8 grid, each player controls a set of pieces placed on their side of the board. The objective is to1048

move one of your pieces to the opponent’s back row. Pieces move similarly to pawns in chess, advancing1049

forward either straight or diagonally when capturing an opponent’s piece.1050

Connect Four Connect Four is a two-player connection game where players choose a color and then1051

take turns dropping colored discs into a vertical grid consisting of seven columns and six rows. The discs1052

fall straight down, occupying the lowest available space within the column. The goal is to be the first to1053

form a continuous line of four of one’s own discs vertically, horizontally, or diagonally.1054

Kuhn Poker Kuhn Poker is a simplified form of poker. Kuhn to illustrate the principles of game theory.1055

The game involves two players and a deck of just three cards: Jack, Queen, and King. Each player1056

antes one chip, receives one card, and there’s a single round of betting with limited actions—players can1057

either bet or pass. Despite its simplicity, Kuhn Poker encapsulates fundamental concepts like bluffing,1058

information asymmetry, and mixed-strategy equilibria, making it a valuable educational tool in strategic1059

thinking and economics.1060

Nim Nim is a mathematical strategy game for two players. The game starts with several piles or heaps1061

of objects, and players take turns removing any number of objects from a single pile. The player who1062

removes the last object wins (or loses, depending on the variation). Nim is notable for its mathematical1063

underpinnings and is often studied in combinatorial game theory. The game has a direct correlation with1064

binary numbers, and mastering Nim involves calculating the “number” or “number sum” to determine1065

winning moves.1066

Liar’s Dice Liar’s Dice is a bluffing game for two or more players. Each player starts with a set of dice1067

and a cup to conceal their roll. Players take turns bidding on the total number of a certain face value of1068

dice (e.g., “three sixes”) among all players’ dice. The next player can either raise the bid or call “liar” to1069

challenge the previous bid. When “liar” is called, all dice are revealed. If the bid is accurate or underbid,1070

the challenger loses a die; if not, the bidder loses a die. The game continues until only one player remains1071

with dice.1072

C.2 Unseen Games1073

Prisoner’s Dilemma The Prisoner’s Dilemma is a thought experiment in game theory involving two1074

rational individuals. Each participant has two choices: cooperate with their partner for mutual benefit or1075

betray them (defect) to seek an individual reward. The dilemma arises because while mutual cooperation1076

leads to a better collective outcome, each participant has a personal incentive to defect, which can lead to1077

a worse overall result if both decide to do so.1078

Blind Auction A Blind Auction is a commonly used auction type in which all participants submit their1079

bids simultaneously in sealed envelopes. This means no bidder knows the bids of other participants. The1080

highest bidder wins the auction and pays the price they submitted. The key aspect of this auction is that1081

all actions are taken simultaneously, without knowledge of the others’ bids.1082

Pig Pig is a straightforward dice game. Players take turns rolling a single die as many times as they1083

desire during their turn. Each roll’s result is added to their running total for that turn. However, if a player1084

rolls a 1, they lose all the points accumulated during that turn, and their turn ends. The objective is to1085

strategically decide when to stop rolling to avoid losing points while accumulating a high score.1086
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D Prompt Design 1087

D.1 System Prompt 1088� � 1089
You are a powerful gaming agent who can make proper decisions to beat the user in 1090
gaming tasks. You are a helpful assistant that strictly follows the user\’s 1091
instructions. 1092� � 1093

D.2 Game Prompt 1094

D.2.1 Tic-Tac-Toe 1095

• Game Prompt 1096� � 1097
Tic Tac Toe is a two -player game played on a grid. Players take turns marking 1098
a space with their respective symbols. The goal is to get 3 of one\’s own 1099
symbols in a row , either horizontally , vertically , or diagonally , before the 1100
opponent does. If all nine squares are filled and no player has three in a row 1101
, the game is a draw. The Tic Tac Toe game is played on a 3 by 3 grid , with 1102
the winning length as 3. Each move is represented by a string consisting of 1103
two parts: the column (C) and the row (R), in that order. For instance , C1R2 1104
means the movement at the position of the first column and the second row of 1105
the grid. You are playing this game with the user (opponent). 1106� � 1107

• Step Prompt 1108� � 1109
Your opponent has finished actions: <OPPONENT_MOVES >. You have finished 1110
actions: <SELF_MOVES >. 1111� � 1112

D.2.2 Breakthrough 1113

• Game Prompt 1114� � 1115
Breakthrough is a two -player game played on a rectangular board. Players take 1116
turns moving their pieces , which can move one space straight or diagonally 1117
forward if the target square is empty. A piece can also move diagonally 1118
forward to capture an opponent ’s piece. Capturing is optional , and a player 1119
can only capture one piece per turn. The goal is to be the first to reach the 1120
opponent ’s home row , the farthest row from the player. If all of a player ’s 1121
pieces are captured , they lose. The game does not allow draws , as pieces can 1122
only move forward or be captured.The Breakthrough board is identified by 1123
columns labeled start from a to c (from left to right) and rows numbered 1 to 1124
8 (from bottom to top). The intersection of a column and a row specifies a 1125
unique square on the board. 1126� � 1127

• Step Prompt 1128� � 1129
The board now looks like: <BOARD_PREVIEW >. Among which , the letter ’b’ 1130
represents a black piece , while the letter ’w’ represents a white piece. And 1131
the character "." represents vacant space. The numbers in the board are the 1132
indexes of the rows. Your opponent has finished actions: <OPPONENT_MOVES >.You 1133
have finished actions: <SELF_MOVES >. 1134� � 1135

D.2.3 Connect Four 1136

• Game Prompt 1137� � 1138
Connect 4 is a two -player connection board game , where the players choose a 1139
color and then take turns dropping colored discs into a vertically suspended 1140
grid. The pieces fall straight down , occupying the next available space within 1141
the column. The objective of the game is to be the first to form a horizontal 1142

, vertical , or diagonal line of four of one ’s own discs. You are a gaming 1143
agent that aims to beat me in Connect 4 games. Each move is represented by a 1144
string consisting of two parts: the column (C) and the row (R), in that order. 1145
For instance , C1 means the first column. 1146� � 1147
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• Step Prompt1148 � �1149
Your opponent has finished actions: <OPPONENT_MOVES >. You have finished1150
actions: <SELF_MOVES >.1151 � �1152

D.2.4 Kuhn Poker1153

• Game Prompt1154 � �1155
Kuhn poker is a simple model zero -sum two -player imperfect -information game ,1156
amenable to a complete game -theoretic analysis. In Kuhn poker , the deck1157
includes only three playing cards: a King (K), a Queen (Q), and a Jack (J).1158
One card is dealt to each player , and the third is put aside unseen. The1159
players take turns either <Bet > to match the bet raised by the opponent or <1160
Pass > to conceds the game. If a player bets , the other player must either call1161
the bet by matching it or fold by conceding the game. If both players pass ,1162

the game is over , and the player with the higher -ranking card wins. The card1163
rankings are as follows: King (K) > Queen (Q) > Jack (J). You are playing Kuhn1164
poker with the opponent. The actions are denoted by <Bet > and <Pass >.1165 � �1166

• Step Prompt1167 � �1168
In this match , your card is <CARD >. Here are the past moves in this match: <1169
SELF_MOVES >, <OPPONENT_MOVES >.1170 � �1171

D.2.5 Nim1172

• Game Prompt1173 � �1174
In Nim , a strategic game with a set of four piles containing 1, 3, 5, and 71175
matches respectively , players aim to avoid taking the last match. During each1176
turn , a player may take any number of matches from a single pile , but must1177
take at least one and cannot exceed the number remaining in that pile. The1178
objective is to force the opponent to pick up the final match , thereby winning1179
the game. The action is presented in <pile:x, take:y>, which means take y1180

match(es) from the x-th pile.1181 � �1182

• Step Prompt1183 � �1184
Currently , the 1st pile has <PILES[0]> match(es), the 2nd pile has <PILES[1]>1185
match(es), the 3rd pile has <PILES[2]> match(es), 4th pile has <PILES[3]>1186
match(es).1187 � �1188

D.2.6 Liar’s Dice1189

• Game Prompt1190 � �1191
Liar ’s Dice is a game of bluffing and probability , played with two players and1192
each player has 1 dice. During each turn , a player can either bid a higher1193

quantity of any particular face value or the same quantity of a higher face1194
value than the previous bid. Each player tries to outbid their opponent1195
without being caught in a lie. The move in this game is denoted in <x dices , y1196
value >, meaning there are at least x dices with face values as y.1197 � �1198

• Step Prompt1199 � �1200
Currently , the face value of your dice is <FACE_VALUE >. Last time , the1201
opponent called <OPPONENT_LAST_ACTION >. You are playing the Liar ’s Dice with1202
another opponent. Therefore , there are only two dice in total.1203 � �1204
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D.2.7 Prisoner’s Dilemma 1205

• Game Prompt 1206� � 1207
You and your partner are in the Prisoner ’s Dilemma situation. Specifically , if 1208
you <Testify > against your partner and your partner remains <Silent >, you 1209

will go free while your partner will get 3 years in prison on the main charge. 1210
If you remain <Silent > but your partner <Testify > against you , you will serve 1211
3 years in prison and your partner will be set free. If you and your partner 1212

<Testify > against each other , you and your partner will each serve 2 years. If 1213
both you and your partner remain <Silent >, you and your partner will each 1214

serve 1 year. 1215� � 1216

• Step Prompt 1217� � 1218
You have been through this situation in the past and here are the decisions 1219
you and your partner made: (In the idx + 1 th round , you decided to <MOVE > and 1220
your opponent decided to <OPPONENT_MOVE >) * n round. 1221� � 1222

D.2.8 Blind Auction 1223

• Game Prompt 1224� � 1225
A first -price sealed -bid auction (FPSBA) is a common type of auction. It is 1226
also known as the blind auction. In this type of auction , all bidders 1227
simultaneously submit sealed bids so that no bidder knows the bid of any other 1228
participant. The highest bidder pays the price that was submitted. Each 1229

action is represented by <x> where x refers to the bid. 1230� � 1231

• Step Prompt 1232� � 1233
Now , you are in an auction with an opponent. You want to win the object and at 1234
the same time , your budget is <VALUATION >. Your bid must be strictly lower 1235

than or equal to <VALUATION >. You shall bid wisely against your opponent. Your 1236
opponent also has an expected valuation and you do not know it. 1237� � 1238

D.2.9 Pig 1239

• Game Prompt 1240� � 1241
Pig is a fast -paced dice game where players risk accumulating points with each 1242
roll but risk losing them all if they roll a 1. Each player must decide when 1243

to stop rolling and bank their points , aiming to be the first to reach 100 1244
points. You are playing Pig with the other. 1245� � 1246

• Step Prompt 1247� � 1248
Right now , your current score is <AGENT_CURRENT_SCORE > and your opponent ’s 1249
current score is <OPPONENT_CURRENT_SCORE >. In this turn , you have earned < 1250
TURN_TOTAL_SCORE > score. 1251� � 1252
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