
Team-Based Self-Play With Dual Adaptive Weighting for Fine-Tuning
LLMs

Anonymous ACL submission

Abstract001

While recent self-training approaches have re-002
duced reliance on human-labeled data for align-003
ing LLMs, they still face critical limitations:004
(i) sensitivity to synthetic data quality, leading005
to instability and bias amplification in iterative006
training; (ii) ineffective optimization due to a007
diminishing gap between positive and negative008
responses over successive training iterations.009
In this paper, we propose Team-based self-Play010
with dual Adaptive Weighting (TPAW), a novel011
self-play algorithm designed to improve align-012
ment in a fully self-supervised setting. TPAW013
adopts a team-based framework in which the014
current policy model both collaborates with015
and competes against historical checkpoints,016
promoting more stable and efficient optimiza-017
tion. To further enhance learning, we design018
two adaptive weighting mechanisms: (i) a re-019
sponse reweighting scheme that adjusts the im-020
portance of target responses, and (ii) a player021
weighting strategy that dynamically modulates022
each team member’s contribution during train-023
ing. Initialized from a SFT model, TPAW it-024
eratively refines alignment without requiring025
additional human supervision. Experimental026
results demonstrate that TPAW consistently out-027
performs existing baselines across various base028
models and LLM benchmarks.029

1 Introduction030

Large Language Models (LLMs) have demon-031

strated remarkable capabilities across a wide range032

of NLP tasks (Radford et al., 2019; Achiam033

et al., 2023), driven by pre-training on massive034

datasets and further refined through alignment035

techniques such as Supervised Fine-Tuning (SFT),036

Reinforcement Learning from Human Feedback037

(RLHF) (Ouyang et al., 2022; Christiano et al.,038

2017; Stiennon et al., 2020), and Direct Preference039

Optimization (DPO) (Rafailov et al., 2023). De-040

spite their success, these alignment methods heav-041

ily depend on human-annotated data, which limits042

their scalability. To address this, recent research 043

has explored self-training paradigms (Wang et al., 044

2023; Yuan et al., 2024; Chen et al., 2024) that uti- 045

lize model-generated data. Among them, methods 046

such as Self-Play Fine-Tuning (SPIN) (Chen et al., 047

2024) have shown promise by repurposing existing 048

SFT datasets to iteratively align models without the 049

need for additional human annotations. 050

However, these self-training approaches still face 051

several limitations that may hinder their alignment 052

performance. First, based on current model’s per- 053

formance, self-rewarding or self-play mechanisms 054

fail to fully utilize the model’s accumulated train- 055

ing trajectory throughout the iterative training pro- 056

cess. In addition, these approaches exhibit train- 057

ing instability and high sensitivity to the quality 058

of synthetic data, often leading to the accumula- 059

tion and amplification of errors and biases during 060

self-training (Ren et al., 2024; Xu et al., 2024). 061

Second, most self-training methods use DPO-like 062

objectives that jointly optimize positive and neg- 063

ative samples. However, studies have shown that 064

the probabilities of both y+ and y− often decrease 065

during training (Pang et al., 2024; Yuan et al., 2025; 066

Rafailov et al., 2024; Tajwar et al., 2024), possi- 067

bly due to the high similarity between them (Pal 068

et al., 2024; Razin et al., 2025). This problem is 069

exacerbated in self-training methods, where the dis- 070

tinction between positive and negative responses di- 071

minishes over iterations (Song et al., 2025; Huang 072

et al., 2025), resulting in noisy preference data and 073

suboptimal policy updates (Wang et al., 2025). 074

To address these challenges, we propose Team- 075

based self-Play with dual Adaptive Weighting 076

(TPAW), as illustrated in Figure 1. TPAW con- 077

sists of two key components: (1) a team-based 078

self-play framework that optimizes policy model 079

by leveraging historical checkpoints, leading to 080

more stable and efficient training; and (2) two 081

adaptive weighting mechanisms—one for assess- 082

ing the importance of target responses and the other 083
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for adjusting the influence of each player in team-084

based interactions—both of which contribute to085

improved model performance and better alignment086

with the target response distribution. Starting from087

a SFT model, TPAW iteratively trains the LLM088

using SFT dataset. In each iteration, historical089

policy checkpoints act as opponents, generating090

responses aligned with the target distribution. Con-091

currently, the current policy model, in collabora-092

tion with these historical checkpoints, forms the093

reward model, which acts as the main player team094

that works to distinguish authentic target responses095

from LLM-generated content. During this process,096

the two adaptive weighting mechanisms dynami-097

cally adjust (i) the contribution of each main player098

and (ii) the weight of target responses, ensuring099

effective learning and adaptation.100

In summary, the key contributions of our paper101

are as follows:102

• Team-Based Self-Play Framework: We pro-103

pose the first self-play method that unifies histori-104

cal policy checkpoints into both the opponent and105

main player teams, overcoming the limitations106

of multi-iteration self-training methods by fully107

optimizing on historical training trajectories.108

• Dual Adaptive Weighting Mechanism: We109

propose a dual adaptive weighting scheme that110

jointly optimizes two key objectives: (i) balanc-111

ing the main players’ discriminative ability with112

LLM’s alignment to the target response distri-113

bution through adaptive response reweighting,114

and (ii) adaptively assigning influence weights115

to the main players based on their discriminative116

strengths.117

• Theoretical and Empirical Advancements:118

Empirically, TPAW significantly enhances the119

well-aligned SFT model, outperforming base-120

lines trained on similar datasets across mul-121

tiple benchmarks. Further analysis confirms122

that TPAW better exploits the SFT dataset and123

achieves closer alignment with the target re-124

sponse distribution.125

2 Related Work126

Self-play. Self-play (Samuel, 1959; Tesauro127

et al., 1995) is a training methodology in which128

a player repeatedly interacts with copies of itself to129

improve performance through exploration, evalua-130

tion, and refinement of strategies. This iterative pro-131

cess enables the discovery of increasingly effective132

solutions within a given environment. A landmark133

example of self-play research is AlphaGo Zero (Sil- 134

ver et al., 2017), which, unlike previous models, 135

does not rely on human data but instead leverages 136

self-play combined with Monte Carlo Tree Search, 137

ultimately achieving performance that exceeds hu- 138

man capabilities. Recent studies have demonstrated 139

the application of self-play in LLMs (Wu et al., 140

2024; Zhao et al., 2025; Cheng et al., 2024; Swamy 141

et al., 2024). SPIN (Chen et al., 2024) enables 142

LLMs to iteratively generate training data and re- 143

fine their strategies by distinguishing between self- 144

generated and human-annotated responses. This 145

approach yields substantial performance gains with- 146

out requiring additional human-labeled data. Au- 147

toIF (Dong et al., 2024) improves the performance 148

of LLMs on complex tasks by automatically gener- 149

ating instruction-following data and utilizing code 150

verification and execution feedback-based rejection 151

sampling. However, these methods fail to fully uti- 152

lize historical checkpoints and are highly sensitive 153

to the quality of synthetic data, which makes it 154

difficult for their outputs to fit the target response 155

distribution and amplifies errors and biases during 156

the iteration process. 157

Alignment. Reinforcement Learning from Hu- 158

man Feedback (RLHF) (Ouyang et al., 2022; Lee 159

et al., 2024) aims to align LLMs with human pref- 160

erences. This method first learns a reward model 161

that reflects human preferences and then uses re- 162

inforcement learning algorithms to maximize the 163

reward. The RLHF method involves reward model- 164

ing, distributed training of multiple models, and ex- 165

pert annotations, presenting operational challenges. 166

Therefore, recent research has focused on reducing 167

or eliminating reliance on reward models to sim- 168

plify the RLHF process (Rafailov et al., 2023; Etha- 169

yarajh et al., 2024; Meng et al., 2024). DPO (Direct 170

Policy Optimization) (Rafailov et al., 2023) is an 171

improved method that directly optimizes the pol- 172

icy instead of relying on traditional reward models, 173

effectively reducing the dependence on complex 174

reward modeling and enhancing training efficiency 175

and stability. Building upon similar ideas, TPAW 176

directly trains the model to distinguish “good” re- 177

sponses from the SFT dataset and “bad” responses 178

generated by the model, significantly reducing the 179

reliance on human-annotated data. 180

3 Methodology 181

In this section, we present TPAW, a novel approach 182

that enhances LLM alignment through team-based 183
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Figure 1: The workflow of TPAW. During response sampling, the model πθt
generates responses ygen from SFT

prompts x, forming a triple dataset Dt. Next, TPAW adaptively assigns target response weights α based on the
target response likelihood, and main player weights β based on the reward margin between the target and generated
responses. Finally, the policy model πθ is fine-tuned using the overall Team-based Self-Play training objective,
resulting in model πθt+1 for next iteration.

self-play with dual adaptive weighting, as shown184

in Figure 1. First, we formulate the Team-Based185

Self-Play framework, establishing its theoretical186

foundations and operational structure. Next, we in-187

troduce the Dual Adaptive Weighting mechanism,188

which dynamically adjusts both the importance of189

training target responses and the influence of main190

players during the team-based self-play process.191

Finally, we provide a detailed algorithm for the192

practical implementation of TPAW, including pseu-193

docode and optimization strategies.194

3.1 Team-Based Self-Play195

Conventional self-training methods typically rely196

on a single model’s performance, suffering from197

training instability and are highly sensitive to the198

quality of synthetic data, which can lead to the prop-199

agation and amplification of errors and biases over200

successive iterations (Ren et al., 2024; Xu et al.,201

2024). To overcome these limitations, we revisit202

the self-play paradigm by effectively leveraging the203

historical checkpoints accumulated across iterative204

training.205

Based on this idea, we propose a Team-Based206

Self-Play framework that reframes self-play as a207

competitive game between two teams. In this208

setting, the main players are responsible for dis-209

tinguishing between human-written and LLM-210

generated responses, while the opponents aim to211

generate responses that are as human-like as pos-212

sible. Both teams are composed of instances of 213

the same LLM, but at different training stages: 214

the opponents are drawn from earlier checkpoints, 215

whereas the main players are composites built from 216

the current model and its previous iterations. 217

This team-based dynamic not only introduces 218

diversity and adversarial robustness into the train- 219

ing process but also allows for targeted optimiza- 220

tion—since some main players may struggle to dis- 221

tinguish responses effectively, we can adaptively 222

refine their learning to improve overall training ef- 223

ficiency. Furthermore, the inclusion of the training 224

trajectory serves as an implicit form of regulariza- 225

tion, helping to stabilize the learning process and 226

mitigate error accumulation over time. 227

Our Team-Based Self-Play framework proceeds 228

in each iteration with two key steps: (1) sampling 229

from opponents, and (2) updating the main players. 230

Sampling from Opponents. At iteration t + 1, 231

the opponent team is composed of the LLMs 232

from the three most recent iterations, denoted as 233

(πθt , πθt−1 , πθt−2). This ensures a dynamic bal- 234

ance between recent and historical strategies dur- 235

ing training. For the newly added opponent πθt 236

in this iteration, we use prompts x from the SFT 237

dataset DSFT to generate responses ygen accord- 238

ing to the πθt(·|x). Then we pair these gener- 239

ated responses with the original dataset entries 240

(xi,yi) ∈ DSFT to construct a new triple-form 241
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dataset: Dt = {(xi,yi,y
gen
i )}Ni=1. In addition, to242

construct the complete sampling dataset for the243

opponent team, denoted as DO, we aggregate the244

triple datasets from the most recent three iterations:245

DO = Dt ∪ Dt−1 ∪ Dt−2.246

Forming Main Players Team. The main players247

are designed to be trained to distinguish between248

responses generated by LLMs and those written by249

humans. Inspired by SPIN (Chen et al., 2024) and250

DPO (Rafailov et al., 2023)’s implicit reward:251

r(x,y) = λ · log πr(y|x)
πref(y|x)

+ λ · logZ(x), (1)252

we define each main player as:253

Pj(x,y) = λ · log πθ(y|x)
πθj(y|x)

, j ∈ {t, t− 1, t− 2},

(2)

254

where λ > 0 is a regularization parameter255

used to constrain the deviation of πθt+1 from πθt ,256

thereby stabilizing the self-play process.257

In this context, as we are only concerned with dif-258

ferent responses corresponding to the same prompt259

x, the normalization term λ · logZ(x) in Eq. 1260

can be omitted. Consequently, Eq. 2 can be in-261

terpreted as an implicit reward score, jointly in-262

ferred by the current model and a historical model,263

conditioned on the given prompt x and response264

y. Within our framework, this score—produced265

by the main player—quantifies how well the re-266

sponse y aligns with the target distribution. Ide-267

ally, main players should assign higher scores to268

responses from the supervised fine-tuning dataset269

(y ∈ DSFT) and lower scores to model-generated270

responses (ygen ∼ πθj (· | x)).271

Furthermore, to enable each player Pj to learn272

the distinction between y and ygen, the single main273

player’s training objective becomes:274

Lj = −EDO

[
ℓ
(
Pj(x,y)− Pj(x,y

gen)
)]
. (3)275

Following SPIN (Chen et al., 2024), we use the276

logistic loss ℓ(t) := log(1 + exp(−t)) due to its277

non-negativity, smoothness, and exponential tail de-278

cay as t → ∞. This choice helps prevent excessive279

growth in the magnitude of Pj .280

In subsequent subsections, we will detail how to281

further optimize each player’s objective based on282

Eq. 3, and describe how to aggregate these individ-283

ual objectives into a unified team objective using a284

dual adaptive weighting mechanism.285

3.2 Dual Adaptive Weighting 286

To further enhance the robustness and alignment 287

of the team-based self-play framework, we intro- 288

duce a dual adaptive weighting mechanism that 289

dynamically adjusts the importance of training tar- 290

get responses and the influence of main players 291

during team-based self-play. 292

Adaptive Target Response Weighting. Most ex- 293

isting self-training methods adopt optimization ob- 294

jectives similar to DPO, simultaneously optimizing 295

both positive and negative samples. However, re- 296

cent studies have shown that when the similarity be- 297

tween positive and negative responses is high (Pal 298

et al., 2024; Razin et al., 2025), or the probabil- 299

ity of generating negative responses is low (Ren 300

and Sutherland, 2025), the model’s likelihood of 301

producing preferred (i.e., target) responses can de- 302

teriorate during training. We also find the decrease 303

phenomenon in our ablation experiment and SPIN 304

baseline in Section 4.4. 305

To address this issue, we propose Adaptive Tar- 306

get Response Weighting, a method designed to bal- 307

ance the discriminative capacity of the main players 308

with the alignment of the LLM policy to the tar- 309

get distribution. Specifically, based on each player 310

Pj’s optimization objective in Eq. 3, our method 311

adaptively increases the reward score Pj(x,y) for 312

the target response y when the model’s likelihood 313

for y decreases relative to a reference model. This 314

adjustment effectively increases the weight of the 315

target response during training, encouraging the 316

model to better refit to the target distribution. 317

We define the adaptive target response weight 318

for player Pj as: 319

αj =

{
η if Pj(x,y) ≤ 0, (x,y) ∈ DO,
1 else,

(4) 320

where η > 1 is a hyperparameter that controls the 321

degree of weight growth when the target response 322

score is low. 323

Incorporating this adaptive weighting into the 324

player’s objective, we modify Eq. 3 as follows: 325

Lj = −EDO

[
ℓ
(
αj · Pj(x,y)− Pj(x,y

gen)
)]
,
(5)

326

Adaptive Main Players Weighting. In the Team- 327

Based Self-Play framework, multiple main players 328

are introduced to fully leverage the potential of his- 329

torical model checkpoints in enhancing the discrim- 330

inative capabilities of the main players. However, 331
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in iteration t+1, since Pt−1 and Pt−2 have already332

undergone optimization in previous iterations, stat-333

ically assigning weights to the main players can334

lead to suboptimal training. Specifically, Pt may be335

undertrained, while Pt−1 and Pt−2 risk overfitting.336

To address this, we propose Adaptive Main337

Player Weighting, which dynamically assigns338

greater weight to the main player when it exhibits339

weaker discriminative performance in distinguish-340

ing between human-written and LLM-generated341

responses. Specifically, for a given player Pj , we342

define the preference margin mj as:343

mj = Pj(x,y)− Pj(x,y
gen). (6)344

As previously discussed, Pj provides a reward345

score indicating how well the response y aligns346

with the target distribution. Thus, the preference347

margin mj quantifies the main player’s effective-348

ness in discriminating between human-written and349

LLM-generated responses for a given sample.350

We then apply the softmax function to compute351

each player’s weight βj based on their margin352

value:353

βj =
e−γ·mj∑

k∈main players

e−γ·mk
. (7)354

For each main player, a smaller mar-355

gin—indicating poorer judgment on a sam-356

ple—results in a higher weight for that sample.357

The hyperparameter γ controls the sensitivity of358

the weight distribution to the margin values. A359

larger γ amplifies the influence of small margins,360

allowing them to dominate the softmax output.361

Conversely, as γ approaches zero, the weights362

converge to a uniform distribution, effectively363

ignoring differences in margin. To suppress the364

influence of extremely small values and unstable365

noise, we set weights smaller than 0.01 to zero and366

re-normalize the remaining weights.367

Overall Training Objective. By assigning368

weights to each main player, we can aggregate369

their individual objectives from Eq. 5 into a unified370

overall training objective for the entire main player371

team:372

Lours =
t∑

i=t−2

βi · Li(π;πi) (8)373

Algorithm 1 Team-based self-Play with dual Adap-
tive Weighting (TPAW)
Input: SFT dataset DSFT = {(xi,yi)}Ni=1; Initial SFT policy

πθ0 ; Number of iterations T .
for t = 0 to T − 1 do

Generate responses: {ygen
i }Ni=1 ∼ πθt(· | xi), ∀xi ∈

DSFT
Construct pairwise preference dataset:

Dt = {(xi,yi,y
gen
i )}Ni=1, (xi,yi) ∈ DSFT

Aggregate past opponents: DO = Dt ∪ Dt−1 ∪ Dt−2

for j ∈ {t, t− 1, t− 2} do
Get target response weights αj according to Eq. 4
Compute each player’s loss for each sample:

lij(πθ ;πθj
) = ℓ

αj log
πθ(yi | xi)

πθj
(yi | xi)

− log
πθ(y

gen
i | xi)

πθj
(y

gen
i | xi)

 ,

where (xi,yi,y
gen
i ) ∈ DO.

end for
Determine policy weighting coefficients: βt,βt−1,βt−2

according to Eq. 7
Update policy parameters:

θt+1 = arg min
θ∈Θ

3N∑
i=1

λ · (βtli,t + βt−1li,t−1 + βt−2li,t−2)

end for
Output: Final aligned policy πθT .

3.3 Summary of TPAW 374

With the proposed Team-Based Self-Play frame- 375

work and Dual Adaptive Weighting mechanism 376

in place, we now present the implementation of 377

TPAW in Algorithm 1. An overview of the entire 378

framework is shown in Figure 1. 379

At each iteration, the current policy generates 380

responses on the SFT dataset and forms preference 381

pairs with the target responses. These are combined 382

with data from previous iterations to construct an 383

opponent dataset. For each past policy, we compute 384

adaptive response weights αj to guide learning at 385

the sample level, and player weights βj to balance 386

the influence of different main players also at the 387

sample level. The policy is then updated by mini- 388

mizing a weighted sum of losses against each oppo- 389

nent, enabling alignment through iterative, adaptive 390

team-based self-play. 391

Specifically, at t = 0, we ignore the historical 392

models πt−1 and πt−2, at t = 1, we ignore πt−2. 393

To better illustrate how policies evolve over time, 394

Appendix B summarizes the training process for 395

each policy, including initialization, training data, 396

opponents, and main players. 397

4 Experiments 398

4.1 Experiment Setup 399

Model and Baseline. We employ Qwen2.5- 400

1.5B (Yang et al., 2024) and Llama3.1-8B (Dubey 401

et al., 2024) as our base pretrained models. To en- 402

sure a fair comparison under similar training data 403

5



Open LLM Leaderboard V1 Open LLM Leaderboard V2
Model Method

Arc TQA Wino GSM8k HS MMLU
V1 Avg.

IFEval BBH Math GPQA MUSR MMLU-p
V2 Avg.

SFT 50.94 46.83 64.80 51.25 64.91 58.93 56.28 31.73 15.15 6.65 3.47 6.02 17.38 13.40

DPO 54.52 49.39 64.96 56.71 66.29 59.41 58.55 31.79 16.25 9.89 2.24 2.57 18.24 13.50

SPIN Iter-1 51.79 47.82 64.33 53.83 65.76 59.26 57.13 32.44 15.47 8.23 4.03 5.55 17.57 13.88

SPIN Iter-2 52.05 48.25 64.40 53.45 66.00 59.43 57.26 33.97 15.22 8.99 3.69 5.65 17.52 14.17

SPIN Iter-3 52.65 48.38 64.48 53.53 66.25 59.56 57.47 35.34 14.44 9.06 4.47 5.16 17.58 14.34

SPIN Iter-4 53.58 48.41 64.72 53.30 66.05 59.58 57.61 33.82 14.33 9.21 4.25 5.70 17.54 14.14

TPAW Iter-1 (Ours) 52.99 47.64 64.96 52.77 65.77 59.50 57.27 32.35 15.60 8.69 3.24 5.66 17.65 13.87

TPAW Iter-2 (Ours) 53.41 47.91 64.17 53.15 66.08 59.58 57.38 35.52 15.37 8.69 4.36 5.98 17.72 14.61

TPAW Iter-3 (Ours) 53.67 47.91 65.04 53.60 66.18 59.52 57.65 36.10 15.03 10.20 4.14 5.43 18.03 14.82

Qwen2.5-1.5B

TPAW Iter-4 (Ours) 52.56 47.90 65.11 55.04 66.30 59.64 57.76 36.04 15.51 9.37 4.36 4.73 17.82 14.64

SFT 60.75 51.65 74.82 53.15 79.48 63.72 63.93 36.34 26.28 4.61 6.15 11.77 21.01 17.69

DPO 63.14 57.42 74.35 50.27 80.46 63.08 64.79 36.83 25.83 4.53 6.60 11.78 21.91 17.91

SPIN Iter-1 61.69 53.62 75.3 53.9 80.44 63.94 64.82 42.91 28.05 4.83 6.26 13.17 22.84 19.68

SPIN Iter-2 62.03 53.81 75.61 52.31 80.63 63.97 64.73 43.21 28.17 5.14 4.81 13.28 22.93 19.59

SPIN Iter-3 62.2 53.98 76.01 51.71 80.74 64.15 64.80 44.13 28.46 5.21 3.36 12.96 22.92 19.51

SPIN Iter-4 62.03 53.92 76.01 52.54 80.78 63.97 64.88 44.01 28.36 4.98 3.8 13.44 23.02 19.60

TPAW Iter-1 (Ours) 62.88 53.71 75.93 55.19 80.66 64.29 65.44 38.76 28.16 5.21 6.15 13.65 23.17 19.18

TPAW Iter-2 (Ours) 62.97 54.11 76.16 55.50 80.63 64.45 65.64 42.43 27.85 6.19 6.38 16.22 23.02 20.35

TPAW Iter-3 (Ours) 65.54 54.46 76.32 55.19 80.77 64.56 66.14 45.04 27.82 5.89 6.26 16.16 23.34 20.75

Llama3.1-8B

TPAW Iter-4 (Ours) 63.23 54.44 76.24 55.34 80.91 64.46 65.77 45.12 28.14 6.34 6.15 15.73 23.56 20.84

Table 1: Performance comparison across Open LLM Leaderboard V1 and V2. Bold indicates best, underline
indicates second-best (excluding the DPO method). Some datasets are abbreviated, see Appendix A for details.

conditions, we adopt supervised fine-tuning (SFT)404

and SPIN (Chen et al., 2024) as baseline methods.405

For SPIN, we follow the official implementation,406

noting that “SPIN iter-1” refers to the model after407

the first iteration, which differs slightly from its408

original definition. Additionally, we perform sup-409

plementary experiments using DPO trained on the410

UltraFeedback dataset as an extended baseline.411

Datasets. For SFT, we use the full Ultrachat200k412

dataset, a filtered version of UltraChat (Ding et al.,413

2023). For both TPAW and SPIN, we train on a 50k414

subset of Ultrachat200k. To assess the TPAW’s per-415

formance on domain-specific tasks, we additionally416

train it using the GSM8K (Cobbe et al., 2021).417

Evaluation. We evaluate models on both ver-418

sions of the Open LLM Leaderboard (V1 (Beech-419

ing et al., 2023) and V2 (Fourrier et al., 2024)) us-420

ing standardized metrics from the Language Model421

Evaluation Harness (Gao et al., 2024). V2 is more422

challenging than V1, and together they cover 12423

benchmarks across knowledge, reasoning, math,424

and instruction following. Further experimental425

setup details are provided in Appendix A.426

4.2 Main Results427

Results on Open LLM Leaderboard. Table 1428

reports the evaluation results of TPAW on both ver-429

sions of the Open LLM Leaderboard, compared430

with the base model and the SPIN baseline over431

multiple iterations. TPAW consistently outper- 432

forms both SPIN and the SFT baseline by utilizing 433

the SFT dataset more effectively. Although trained 434

only on a general-purpose dialogue dataset, TPAW 435

achieves improvements across all 12 benchmarks, 436

showing strong generalization beyond its training 437

domain. Even with just one-quarter of the origi- 438

nal SFT data, it delivers notable gains—for exam- 439

ple, on Qwen, up to 4.37% on IFEval, 3.55% on 440

Math, and 3.79% on GSM8k, and on Llama, up 441

to 4.79% on Arc, 8.78% on IFEval, and 4.45% on 442

MUSR. The performance peaks around the third 443

or fourth iteration and then converges. Further- 444

more, compared with DPO, TPAW is trained using 445

only one-quarter of their data volume and does not 446

rely on any additional preference annotations. De- 447

spite these more restrictive training conditions, our 448

method still achieves superior performance, partic- 449

ularly on the more challenging Leaderboard V2, 450

highlighting its strong data efficiency and robust- 451

ness. 452

These results underscore the effectiveness and ro- 453

bustness of our iterative approach. Building upon 454

the SFT model, we are able to leverage training 455

data more efficiently, producing outputs that align 456

more closely with the target responses—and in 457

some cases, even surpassing previous performance 458

limits—without requiring additional data or exter- 459

nal assistance. The performance boost over SPIN 460

stems from our novel Team-Based Self-Play Frame- 461
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Figure 2: Subfigures (a) and (b) show the target responses reward curves from the iteration 4 training process on
Ultrachat200k and GSM8k, respectively. Subfigures (c) and (d) present the average accuracy on the leaderboard for
models trained with additional epochs using SFT, evaluating the effect of extended training.

Model Acc (%)

Qwen2.5-1.5B-SFT 51.25

SPIN-gsm8k Iter-1 53.75 (+2.65)
SPIN-gsm8k Iter-2 54.36 (+0.61)
SPIN-gsm8k Iter-3 53.75 (-0.61)
SPIN-gsm8k Iter-4 54.59 (+0.84)

TPAW-gsm8k Iter-1 54.21 (+3.11)
TPAW-gsm8k Iter-2 54.81 (+0.60)
TPAW-gsm8k Iter-3 56.56 (+1.75)
TPAW-gsm8k Iter-4 56.94 (+0.38)

Table 2: Performance of TPAW on GSM8k. Both SPIN
and TPAW are trained on the GSM8k training set.

work and Dual Adaptive Weighting Mechanism,462

which work together to guide learning more effi-463

ciently and maintain high-quality outputs through-464

out the iterative process.465

Results on GSM8K. We applied our proposed466

TPAW method for domain-specific fine-tuning on467

the GSM8K dataset, starting from the Qwen2.5-468

1.5B-SFT model. Table 2 compares the accuracy of469

TPAW against the SPIN and standard SFT baselines470

across multiple iterations.471

Both iterative approaches outperform the SFT472

model, but TPAW consistently achieves superior473

performance at every stage. The method demon-474

strates steady improvement across iterations, reach-475

ing 56.94% accuracy by the fourth iteration—a476

5.69% gain over the initial SFT model. These re-477

sults underscore the effectiveness and stability of478

TPAW in enhancing mathematical reasoning capa-479

bilities. The greater performance gains observed on480

domain-specific reasoning and mathematical tasks481

may stem from a larger initial discrepancy between482

the model’s outputs and the target responses. Com-483

pared to the baseline, our method achieves a deeper484

alignment with the target responses, particularly on485

such challenging reasoning tasks.486
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Figure 3: Ablation study on GSM8k. We evaluate
TPAW by removing key components: without Target
Response Weighting (w/o TRW); without Main Player
Weighting (w/o MPW); without Team-based Mecha-
nism (w/o Team).

4.3 Ablation Studies 487

To further evaluate the effectiveness of the team- 488

based self-play framework and the dual adaptive 489

weighting mechanism, we conducted additional 490

ablation experiments on GSM8k. In Figure 3, we 491

present the results of ablating each key component 492

of TPAW: 493

• Without adaptive Target Response Weighting 494

(w/o TRW): Remove adaptive weighting for tar- 495

get responses, with weight fixed at 1; 496

• Without adaptive Main Player Weighting (w/o 497

MPW): Remove adaptive weighting for main 498

players, all players assigned equal static weights; 499

• Without Team based Mechanism (w/o Team): 500

Remove team structure, using only a single 501

player for both opponent and main player teams. 502

The ablation study results demonstrate that both 503

the team-based self-play framework and the dual 504

adaptive weighting mechanism in TPAW are crit- 505

ical to achieving optimal performance: removing 506

either component prevents the model from converg- 507

7



0 2 4 6 8 10
Values of η

50

52

54

56

58

G
S

M
8
K

A
cc

u
ra

cy
(%

)

Qwen2.5-1.5B-SFT (51.25%)

0.00 0.25 0.50 0.75 1.00
Values of γ

50

52

54

56

58

G
S

M
8
K

A
cc

u
ra

cy
(%

)

Qwen2.5-1.5B-SFT (51.25%)

Figure 4: Impact of hyperparameters on GSM8K accuracy. Performance data is from the fourth iteration.

ing to the optimal solution. Overall, across the508

four iterations, ablating the team-based mechanism509

leads to the most significant performance degrada-510

tion. Notably, even in configurations where these511

components are removed, our method consistently512

surpasses baseline performance. See more ablation513

experiments and detailed results in Appendix C.1.514

4.4 Further Analyses515

Adaptive Target Response Weighting Prevents516

Decline in Target Reward. As shown in Fig-517

ure 2a and Figure 2b, training methods that do not518

employ the Adaptive Target Response Weighting519

mechanism exhibit a continuous decline in the re-520

ward value for the target response, which remains521

in the negative range. This suggests that during522

self-play training, the model reduces the output523

probabilities of both y+ and y−, causing a drift524

in the output distribution away from the intended525

target distribution.526

In contrast, when our Adaptive Target Response527

Weighting mechanism is applied, this issue is sub-528

stantially alleviated. During the training process of529

TPAW, the reward value consistently increases and530

eventually converges to a positive value, indicating531

that the model effectively learns to align with the532

target distribution.533

TPAW Makes Fuller Use of Datasets Than More534

Epochs of SFT. As shown in Figure 2c and Fig-535

ure 2d, training for more epochs on the dataset536

using SFT does not lead to further performance im-537

provements. This stems from inherent limitations538

of the SFT training objective, causing the model to539

overfit after multiple epochs by mechanically mem-540

orizing answers in the dataset rather than genuinely541

learning generalizable capabilities. In contrast, by542

continuing training on the same dataset, TPAW suc-543

cessfully surpasses the performance ceiling of SFT,544

enabling the model not only to fit the target data dis-545

tribution but also to retain its generalization ability.546

See more detail results in Appendix C.2.547

Analysis and Ablation on Hyperparameters η 548

and γ. Figure 4 presents the results of a numer- 549

ical analysis investigating their impact. η and γ 550

are core components of TPAW’s Dual Adaptive 551

Weighting mechanism, with their practical values 552

set to 6 and 0.5. η controls how strongly the weight 553

increases when the target response reward is low. 554

The results show that relatively higher values of 555

η encourage greater alignment with the target re- 556

sponse, resulting in improved performance. γ ad- 557

justs the sensitivity of the main players’ weight 558

distribution to their judgment ability. A larger γ 559

amplifies the impact of weaker performance, as- 560

signing more weight to poorly performing plyers 561

during optimization. In contrast, when γ is close 562

to zero, weights become nearly uniform, ignoring 563

differences among players. The results show that 564

a moderate value of 0.5 yields the most balanced 565

weight distribution. See more experiments and de- 566

tailed result in Appendix C.4. 567

5 Conclusion 568

In this work, we introduced TPAW, a novel self- 569

training algorithm that enhances LLM alignment 570

through a team-based self-play framework aug- 571

mented with dual adaptive weighting mechanisms. 572

TPAW leverages past policy checkpoints both as 573

opponents and main players, enabling more ro- 574

bust and stable policy optimization. By adaptively 575

adjusting the influence of individual team mem- 576

bers and reweighting target responses, TPAW ef- 577

fectively mitigates issues related to noisy synthetic 578

data and output offset from target response distribu- 579

tion. Extensive empirical results demonstrate that 580

TPAW significantly improves model alignment and 581

generalization across various benchmarks, validat- 582

ing its ability to better exploit SFT datasets and 583

align with the target response distribution. We be- 584

lieve our team-based, adaptively weighted self-play 585

paradigm paves the way for scalable and effective 586

LLM alignment with minimal human supervision. 587

8



Limitations588

While our work demonstrates the effectiveness of589

TPAW in aligning model outputs to target distribu-590

tions, its performance is inherently bounded by the591

quality of the SFT datasets. This highlights both a592

limitation and a potential opportunity for future re-593

search in model distillation task. Additionally, our594

experiments on GSM8K suggest that TPAW holds595

promise for domain-specific fine-tuning, highlight-596

ing the need for further fine-tuning and evaluation597

across a broader range of specialized tasks. Overall,598

addressing these limitations will be crucial for real-599

izing the full potential of our approach in broader600

and more challenging settings.601
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A Further Details about Experiment832

Set-Up833

A.1 Hyperparameters and Implementation834

Details835

We employ DeepSpeed ZeRO-3 (Rajbhandari et al.,836

2020) and FlashAttention-2 (Dao, 2023) across837

all training stages to improve efficiency and re-838

duce computational cost. Qwen2.5-1.5B-SFT839

and Llama3.1-8B-SFT were trained on the Ultra-840

Chat200k dataset via LLaMA-Factory, with the841

following shared settings: batch size of 64, max-842

imum sequence length of 2048, a cosine learning843

rate schedule (10% warmup over 1 epoch), and the844

Adam optimizer (Kingma, 2014). Their distinct845

learning rates are 5e-5 (for Qwen) and 1e-5 (for846

Llama). These SFT models serve as the starting847

point for all subsequent baseline training, including848

DPO, SPIN, and TPAW.849

For DPO training, we conducted additional ex-850

periments on the UltraFeedback dataset as a supple-851

mentary baseline. Specifically, we used LLaMA-852

Factory with a learning rate of 1e-6 for 2 epochs.853

For TPAW, we use a 50k subset of Ultra-854

Chat200k and adopt the same batch size and se-855

quence length. The model is trained for 2 epochs856

using RMSProp (Hinton et al., 2012) optimizer, a857

cosine learning rate schedule with 10% warmup,858

Method Iter-1 Iter-2 Iter-3 Iter-4

SPIN 6:13 14:42 14:42 14:42
TPAW 3:20 7:02 6:10 6:10

Table 3: Total training time per iteration (hours:minutes).
Compared to SPIN, TPAW’s Iter3 and 4 were trained
for only one epoch.

and a regularization coefficient λ = 0.1. As Ultra- 859

Chat200k contains multi-round conversations, we 860

only retain the first round as prompt-completion 861

pairs. For the newly introduced hyperparameters 862

in this method, we set γ = 0.5, η = 6. 863

During the four-stage training of TPAW for 864

Qwen, the learning rate was set to 1e-6 for iter- 865

ations 1–2, then decayed to 1e-7 for iterations 3–4 866

as the model converged. For Llama, the learning 867

rate was also 1e-6 in iterations 1–2, but decayed to 868

5e-7 in iterations 3–4 during convergence. In iter- 869

ation 4, we further reduce the training to 1 epoch 870

and increase λ to 5.0. For TPAW on GSM8k, we 871

follow the same setup, except that iteration 3 is 872

trained for only 1 epoch. 873

A.2 Computational cost analysis 874

We analyze the computational and memory over- 875

head of TPAW and clarify its efficiency relative to 876

existing self-play methods. 877

Importantly, only the current policy model is 878

updated via backpropagation during training. All 879

historical checkpoints involved in the main-player 880

team are used exclusively for forward inference, 881

incurring no additional gradient-related memory 882

cost compared to standard fine-tuning. 883

To further reduce runtime and memory usage, 884

TPAW adopts a log-probability precomputation 885

strategy: log-probabilities of all reference models 886

are computed once on the training set prior to train- 887

ing, after which the reference models are fully of- 888

floaded from GPU memory. During training, each 889

step computes log-probabilities only for the current 890

policy model. On 4×L40S GPUs, precomputing 891

50k samples per reference model requires approxi- 892

mately 30 minutes, which is negligible relative to 893

total training time. 894

In practice, this design leads to higher train- 895

ing throughput. We observe an increase in 896

train_steps_per_second from 0.021 (SPIN) to 0.044 897

(TPAW), corresponding to a 110% speedup per 898

step. Moreover, even after accounting for precom- 899

putation, TPAW consistently achieves shorter wall- 900

clock training time across all iterations. Table 3 901
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reports total training time per iteration on 8×A100902

80GB GPUs with Llama-3.1-8B.903

Overall, TPAW ’s forward-only use of histori-904

cal checkpoints combined with log-probability pre-905

computation ensures a lower effective memory foot-906

print and improved training efficiency, demonstrat-907

ing superior computational performance compared908

to prior self-play approaches.909

A.3 Evaluation Datasets910

A.3.1 Open LLM Leaderboard V1.911

Leaderboard v1 evaluates models on 6 key bench-912

marks using the Eleuther AI Language Model Eval-913

uation Harness, a unified framework designed to914

test generative language models on a wide range of915

different evaluation tasks.916

• AI2 Reasoning Challenge (25-shot): A set of917

grade-school science questions. Abbreviated918

as Arc in Table 1.919

• HellaSwag (10-shot): A commonsense rea-920

soning test, which is easy for humans ( 95%921

accuracy) but challenging for state-of-the-art922

models. Abbreviated as HS in Table 1.923

• MMLU (5-shot): A test to measure a text924

model’s multitask accuracy. The test covers925

57 tasks, including elementary mathematics,926

U.S. history, computer science, law, and more.927

• TruthfulQA (0-shot): A test to measure a928

model’s propensity to reproduce falsehoods929

commonly found online. Note: TruthfulQA930

is technically a 6-shot task in the Harness be-931

cause each example is prepended with 6 Q/A932

pairs, even in the 0-shot setting. Abbreviated933

as TQA in Table 1.934

• Winogrande (5-shot): An adversarial and dif-935

ficult Winograd benchmark at scale, for com-936

monsense reasoning. Abbreviated as Wino in937

Table 1.938

• GSM8k (5-shot): Diverse grade school math939

word problems to measure a model’s ability940

to solve multi-step mathematical reasoning941

problems.942

A.3.2 Open LLM Leaderboard V2.943

Leaderboard v2 seeks new benchmarks using high-944

quality, uncontaminated datasets and evaluates945

models on key tasks. They chose the following946

tasks: knowledge testing, reasoning abilities, com-947

plex mathematical abilities, and tasks related to948

human preferences, such as instruction following. 949

They cover these tasks with six benchmarks: 950

• MMLU-Pro: A refined version of the MMLU 951

dataset with higher difficulty, with expert- 952

reviewed questions to reduce noise. Abbrevi- 953

ated as MMLU-p in Table 1. 954

• GPQA: An extremely challenging knowledge 955

dataset, designed by domain experts to ensure 956

difficulty and factual accuracy. 957

• MuSR: A dataset with complex reasoning 958

problems, such as murder mysteries and team 959

allocation issues, requiring long-range reason- 960

ing. 961

• MATH: A compilation of high school-level 962

competition problems, requiring precise out- 963

put formatting, focusing on the hardest ques- 964

tions. 965

• IFEval: A test of a model’s ability to strictly 966

follow instructions, focusing on format execu- 967

tion. 968

• BBH: A subset of 23 challenging tasks from 969

the BigBench dataset, involving multi-step 970

reasoning and commonsense knowledge, with 971

performance highly correlated with human 972

preferences. 973

A.4 Baselines 974

A.4.1 SFT 975

Supervised Fine-Tuning (SFT) is a widely used 976

technique to adapt pre-trained language models 977

(LMs) to specific downstream tasks by fine-tuning 978

on labeled datasets. The goal of SFT is to reduce 979

task-related errors and align the model’s predic- 980

tions with human-labeled ground truth. 981

Given a pre-trained model fθ, the SFT process 982

involves the following: 983

Pre-trained Model. The model fθ(x) is initially 984

pre-trained on a large corpus using language mod- 985

eling objectives, allowing the model to learn useful 986

language representations. 987

Fine-Tuning on Task-Specific Data. The pre- 988

trained model is fine-tuned on a supervised dataset 989

D = {(xi, yi)}Ni=1, where xi is the input and yi is 990

the corresponding label. The objective is to mini- 991

mize the loss function: 992

LSFT(θ) =
1

N

N∑
i=1

L(fθ(xi), yi) 993
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where L measures the discrepancy between the994

model’s output and the true label.995

Gradient Descent Optimization. The model’s996

parameters θ are updated using gradient-based997

methods like Stochastic Gradient Descent (SGD)998

or Adam:999

θt+1 = θt − η∇θLSFT(θt)1000

SFT is effective for adapting pre-trained models1001

to specific tasks, though it relies on large labeled1002

datasets for fine-tuning.1003

A.4.2 SPIN.1004

SPIN centers on a self-play mechanism where the1005

LLM simultaneously acts as both the main player1006

and the opponent. During fine-tuning, the main1007

player (the current LLM) is trained to differentiate1008

between data distributions produced by the oppo-1009

nent (the LLM from the prior iteration) and human-1010

annotated target responses, iteratively aligning the1011

LLM with the target data distribution.1012

B Clear View of Model Sequence.1013

We define the models and their training schemes as1014

follows:1015

M0: Initial supervised fine-tuning (SFT) model.1016

M1: Initialized from M0, then fine-tuned on D01017

with:1018

Opponents: π0(·|x)1019

Main players: λ · log πθ(·|x)
πθ0(·|x)

1020

M2: Initialized from M1, then fine-tuned on1021

D1,D0 with:1022

Opponents: π1(·|x), π0(·|x)1023

Main players: λ · log πθ(·|x)
πθ1(·|x)

,

λ · log πθ(·|x)
πθ0(·|x)

1024

M3: Initialized from M2, then fine-tuned on1025

D2,D1,D0 with:1026

Opponents: π2(·|x), π1(·|x), π0(·|x)1027

Main players: λ · log πθ(·|x)
πθ2(·|x)

,

λ · log πθ(·|x)
πθ1(·|x)

,

λ · log πθ(·|x)
πθ0(·|x)

1028

M4: Initialized from M3, then fine-tuned on 1029

D3,D2,D1 with: 1030

Opponents: π3(·|x), π2(·|x), π1(·|x) 1031

Main players: λ · log πθ(·|x)
πθ3(·|x)

,

λ · log πθ(·|x)
πθ2(·|x)

,

λ · log πθ(·|x)
πθ1(·|x)

1032

C Additional Experiment Results 1033

C.1 Further Ablation Study 1034

We further conduct additional ablation experiment 1035

on GSM8K by ablating dual adaptive weighting: 1036

• Without adaptive Target Response Weighting 1037

and adaptive Main Player Weighting (w/o 1038

TRW+MPW): both the target response weight 1039

and main players weight are fixed. 1040

See Table 4 for detailed evaluation data of ab- 1041

lation study. The experimental results on w/o 1042

TRW+MPW are basically consistent with the con- 1043

clusions of the main text, demonstrate that the dual 1044

adaptive weighting mechanism in TPAW are criti- 1045

cal to achieving optimal performance. 1046

C.2 Further Experiment Result for More 1047

Epochs of SFT 1048

As we showed in the main text training for more 1049

epochs on the dataset using SFT does not lead to 1050

further performance improvements, and may even 1051

lead to a decrease in performance. See Table 5 for 1052

detailed evaluation data. 1053

C.3 Error Bars of Experiment Result 1054

Here we present a subset of the Standard Error 1055

data obtained from our harness-based evaluations 1056

in Table 6. The relatively low Standard Error val- 1057

ues indicate that the evaluation process is stable. 1058

Moreover, the Standard Error does not increase 1059

noticeably after training, suggesting that the perfor- 1060

mance improvements are not due to chance but are 1061

statistically significant and consistently stable. 1062

C.4 Further Experiment Result for Impact of 1063

Hyperparameters 1064

We further investigate the impact of the team size 1065

hyperparameter Nmax, which denotes the final 1066

number of team members and corresponds to the 1067
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Iteration Model Acc (%)

- Qwen2.5-1.5B-SFT 51.10

Iter 1

SPIN 53.75 (+2.65)
TPAW 54.13 (+3.11)

w/o TRW 54.13 (+3.11)
w/o MPW 54.13 (+3.11)
w/o TRW+MPW 54.36 (+3.24)
w/o Team 53.30 (+2.20)

Iter 2

SPIN 54.36 (+0.61)
TPAW 55.19 (+1.06)

w/o TRW 56.18 (+2.05)
w/o MPW 55.65 (+1.52)
w/o TRW+MPW 55.95 (+1.59)
w/o Team 55.12 (+1.82)

Iter 3

SPIN 53.75 (-0.61)
TPAW 56.56 (+1.37)

w/o TRW 55.42 (-0.76)
w/o MPW 56.40 (+0.75)
w/o TRW+MPW 55.42 (-0.53)
w/o Team 55.19 (-0.62)

Iter 4

SPIN 54.59 (+0.84)
TPAW 56.94 (+0.38)

w/o TRW 55.42 (±0.00)
w/o MPW 55.95 (-0.45)
w/o TRW+MPW 55.65 (+0.23)
w/o Team 55.65 (+0.46)

Table 4: Performance of TPAW based on Qwen2.5-1.5B-SFT across GSM8k datasets. Both SPIN and TPAW
are trained on the GSM8k training set. The numbers in the subscripts represent the acc changes compared to the
corresponding methods in the previous iteration.

Open LLM Leaderboard V1
Model

Arc TruthfulQA Winogrande GSM8k HellaSwag MMLU
Avg.

Qwen2.5-1.5B-SFT 50.94 46.83 64.80 51.25 64.91 58.93 56.28

Qwen2.5-1.5B-SFT-epoch2 51.79 45.93 62.35 49.36 65.64 57.17 55.37
Qwen2.5-1.5B-SFT-epoch3 52.47 44.87 62.12 49.43 66.70 57.31 55.48

TPAW Iter-1 (Ours) 52.99 47.64 64.96 52.77 65.77 59.50 57.27
TPAW Iter-2 (Ours) 53.41 47.91 64.17 53.15 66.08 59.58 57.38
TPAW Iter-3 (Ours) 53.67 47.91 65.04 53.60 66.18 59.52 57.65
TPAW Iter-4 (Ours) 52.56 47.90 65.11 55.04 66.30 59.64 57.76

Open LLM Leaderboard V2
Model

IFEval BBH Math GPQA MUSR MMLU-pro
Avg.

Qwen2.5-1.5B-SFT 31.73 15.15 6.65 3.47 6.02 17.38 13.40

Qwen2.5-1.5B-SFT-epoch2 32.81 12.79 8.23 2.13 3.69 16.44 12.68
Qwen2.5-1.5B-SFT-epoch3 33.12 14.26 7.25 4.92 2.08 16.56 13.03

TPAW Iter-1 (Ours) 32.35 15.60 8.69 3.24 5.66 17.65 13.87
TPAW Iter-2 (Ours) 35.52 15.37 8.69 4.36 5.98 17.72 14.61
TPAW Iter-3 (Ours) 36.10 15.03 10.20 4.14 5.43 18.03 14.82
TPAW Iter-4 (Ours) 36.04 15.51 9.37 4.36 4.73 17.82 14.64

Table 5: Detailed evaluation data of More Epochs of SFT.
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Open LLM Leaderboard V1
Model

Arc TruthfulQA Winogrande GSM8k HellaSwag MMLU
Avg.

Qwen2.5-1.5B-SFT 50.94±1.46 46.83±1.52 64.80±1.34 51.25±1.38 64.91±0.48 58.93±0.40 56.28

TPAW Iter-4 (Ours) 52.56±1.46 47.90±1.52 65.11±1.34 55.04±1.37 66.30±0.47 59.64±0.40 57.76

Open LLM Leaderboard V2
Model

IFEval BBH Math GPQA MUSR MMLU-pro
Avg.

Qwen2.5-1.5B-SFT 31.73±1.83 15.15±0.60 6.65±0.67 3.47±1.30 6.02±1.70 17.38±0.40 13.40

TPAW Iter-4 (Ours) 36.04±1.96 15.51±0.60 9.37±0.77 4.36±1.30 4.73±1.66 17.82±0.40 14.64

Table 6: Example Experiment Results with Standard Error.
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Figure 5: Impact of Nmax on GSM8K accuracy.

γ 0.00 0.25 0.50 0.75 1.00

Iter-1 54.13 55.57 54.13 54.28 55.57
Iter-2 55.65 55.19 55.19 55.12 55.95
Iter-3 56.40 55.19 56.56 55.34 56.03
Iter-4 55.95 55.27 56.94 55.95 55.57

Table 7: Effect of γ on GSM8K performance.

η 1 2 4 6 8 10

Iter-1 54.13 54.06 54.21 54.13 54.21 54.13
Iter-2 56.18 54.82 55.95 55.19 56.53 56.33
Iter-3 55.42 54.28 55.27 56.56 56.41 56.79
Iter-4 55.42 54.59 55.27 56.94 56.71 56.63

Table 8: Effect of η on GSM8K performance.

Nmax 2 3 4

Iter-3 54.89 56.56 56.56
Iter-4 55.34 56.94 55.19

Table 9: Effect of Nmax on GSM8K performance.

size of the historical checkpoint window considered1068

throughout the game. The experimental results are1069

presented in Figure 5. Notably, when Nmax is set to1070

2 or 4, the observed suboptimal performance may1071

indicate the effects of underfitting and overfitting,1072

respectively.1073

Additionally, we report comprehensive experi- 1074

mental results for the hyperparameter study in Ta- 1075

ble 7, Table 8, and Table 9. These results further 1076

demonstrate the soundness of our hyperparameter 1077

choices and the robustness of the proposed method. 1078

15


	Introduction
	Related Work
	Methodology
	Team-Based Self-Play
	Dual Adaptive Weighting
	Summary of TPAW

	Experiments
	Experiment Setup
	Main Results
	Ablation Studies
	Further Analyses

	Conclusion
	Further Details about Experiment Set-Up
	Hyperparameters and Implementation Details
	Computational cost analysis
	Evaluation Datasets
	Open LLM Leaderboard V1.
	Open LLM Leaderboard V2.

	Baselines
	SFT
	SPIN.


	Clear View of Model Sequence.
	Additional Experiment Results
	Further Ablation Study
	Further Experiment Result for More Epochs of SFT
	Error Bars of Experiment Result
	Further Experiment Result for Impact of Hyperparameters


