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Abstract

While recent self-training approaches have re-
duced reliance on human-labeled data for align-
ing LLMs, they still face critical limitations:
(i) sensitivity to synthetic data quality, leading
to instability and bias amplification in iterative
training; (ii) ineffective optimization due to a
diminishing gap between positive and negative
responses over successive training iterations.
In this paper, we propose Team-based self-Play
with dual Adaptive Weighting (TPAW), a novel
self-play algorithm designed to improve align-
ment in a fully self-supervised setting. TPAW
adopts a team-based framework in which the
current policy model both collaborates with
and competes against historical checkpoints,
promoting more stable and efficient optimiza-
tion. To further enhance learning, we design
two adaptive weighting mechanisms: (i) a re-
sponse reweighting scheme that adjusts the im-
portance of target responses, and (ii) a player
weighting strategy that dynamically modulates
each team member’s contribution during train-
ing. Initialized from a SFT model, TPAW it-
eratively refines alignment without requiring
additional human supervision. Experimental
results demonstrate that TPAW consistently out-
performs existing baselines across various base
models and LLM benchmarks.

1 Introduction

Large Language Models (LLMs) have demon-
strated remarkable capabilities across a wide range
of NLP tasks (Radford et al.,, 2019; Achiam
et al., 2023), driven by pre-training on massive
datasets and further refined through alignment
techniques such as Supervised Fine-Tuning (SFT),
Reinforcement Learning from Human Feedback
(RLHF) (Ouyang et al., 2022; Christiano et al.,
2017; Stiennon et al., 2020), and Direct Preference
Optimization (DPO) (Rafailov et al., 2023). De-
spite their success, these alignment methods heav-
ily depend on human-annotated data, which limits

their scalability. To address this, recent research
has explored self-training paradigms (Wang et al.,
2023; Yuan et al., 2024; Chen et al., 2024) that uti-
lize model-generated data. Among them, methods
such as Self-Play Fine-Tuning (SPIN) (Chen et al.,
2024) have shown promise by repurposing existing
SFT datasets to iteratively align models without the
need for additional human annotations.

However, these self-training approaches still face
several limitations that may hinder their alignment
performance. First, based on current model’s per-
formance, self-rewarding or self-play mechanisms
fail to fully utilize the model’s accumulated train-
ing trajectory throughout the iterative training pro-
cess. In addition, these approaches exhibit train-
ing instability and high sensitivity to the quality
of synthetic data, often leading to the accumula-
tion and amplification of errors and biases during
self-training (Ren et al., 2024; Xu et al., 2024).
Second, most self-training methods use DPO-like
objectives that jointly optimize positive and neg-
ative samples. However, studies have shown that
the probabilities of both y™ and i~ often decrease
during training (Pang et al., 2024; Yuan et al., 2025;
Rafailov et al., 2024; Tajwar et al., 2024), possi-
bly due to the high similarity between them (Pal
et al., 2024; Razin et al., 2025). This problem is
exacerbated in self-training methods, where the dis-
tinction between positive and negative responses di-
minishes over iterations (Song et al., 2025; Huang
et al., 2025), resulting in noisy preference data and
suboptimal policy updates (Wang et al., 2025).

To address these challenges, we propose Team-
based self-Play with dual Adaptive Weighting
(TPAW), as illustrated in Figure 1. TPAW con-
sists of two key components: (1) a team-based
self-play framework that optimizes policy model
by leveraging historical checkpoints, leading to
more stable and efficient training; and (2) two
adaptive weighting mechanisms—one for assess-
ing the importance of target responses and the other



for adjusting the influence of each player in team-
based interactions—both of which contribute to
improved model performance and better alignment
with the target response distribution. Starting from
a SFT model, TPAW iteratively trains the LLM
using SFT dataset. In each iteration, historical
policy checkpoints act as opponents, generating
responses aligned with the target distribution. Con-
currently, the current policy model, in collabora-
tion with these historical checkpoints, forms the
reward model, which acts as the main player team
that works to distinguish authentic target responses
from LLM-generated content. During this process,
the two adaptive weighting mechanisms dynami-
cally adjust (i) the contribution of each main player
and (ii) the weight of target responses, ensuring
effective learning and adaptation.

In summary, the key contributions of our paper
are as follows:

* Team-Based Self-Play Framework: We pro-
pose the first self-play method that unifies histori-
cal policy checkpoints into both the opponent and
main player teams, overcoming the limitations
of multi-iteration self-training methods by fully
optimizing on historical training trajectories.

e Dual Adaptive Weighting Mechanism: We
propose a dual adaptive weighting scheme that
jointly optimizes two key objectives: (i) balanc-
ing the main players’ discriminative ability with
LLM’s alignment to the target response distri-
bution through adaptive response reweighting,
and (ii) adaptively assigning influence weights
to the main players based on their discriminative
strengths.

Theoretical and Empirical Advancements:
Empirically, TPAW significantly enhances the
well-aligned SFT model, outperforming base-
lines trained on similar datasets across mul-
tiple benchmarks. Further analysis confirms
that TPAW better exploits the SFT dataset and
achieves closer alignment with the target re-
sponse distribution.

2 Related Work

Self-play. Self-play (Samuel, 1959; Tesauro
et al., 1995) is a training methodology in which
a player repeatedly interacts with copies of itself to
improve performance through exploration, evalua-
tion, and refinement of strategies. This iterative pro-
cess enables the discovery of increasingly effective
solutions within a given environment. A landmark

example of self-play research is AlphaGo Zero (Sil-
ver et al., 2017), which, unlike previous models,
does not rely on human data but instead leverages
self-play combined with Monte Carlo Tree Search,
ultimately achieving performance that exceeds hu-
man capabilities. Recent studies have demonstrated
the application of self-play in LLMs (Wu et al.,
2024; Zhao et al., 2025; Cheng et al., 2024; Swamy
et al., 2024). SPIN (Chen et al., 2024) enables
LLMs to iteratively generate training data and re-
fine their strategies by distinguishing between self-
generated and human-annotated responses. This
approach yields substantial performance gains with-
out requiring additional human-labeled data. Au-
tolF (Dong et al., 2024) improves the performance
of LLMs on complex tasks by automatically gener-
ating instruction-following data and utilizing code
verification and execution feedback-based rejection
sampling. However, these methods fail to fully uti-
lize historical checkpoints and are highly sensitive
to the quality of synthetic data, which makes it
difficult for their outputs to fit the target response
distribution and amplifies errors and biases during
the iteration process.

Alignment. Reinforcement Learning from Hu-
man Feedback (RLHF) (Ouyang et al., 2022; Lee
et al., 2024) aims to align LLMs with human pref-
erences. This method first learns a reward model
that reflects human preferences and then uses re-
inforcement learning algorithms to maximize the
reward. The RLHF method involves reward model-
ing, distributed training of multiple models, and ex-
pert annotations, presenting operational challenges.
Therefore, recent research has focused on reducing
or eliminating reliance on reward models to sim-
plify the RLHF process (Rafailov et al., 2023; Etha-
yarajh et al., 2024; Meng et al., 2024). DPO (Direct
Policy Optimization) (Rafailov et al., 2023) is an
improved method that directly optimizes the pol-
icy instead of relying on traditional reward models,
effectively reducing the dependence on complex
reward modeling and enhancing training efficiency
and stability. Building upon similar ideas, TPAW
directly trains the model to distinguish “good” re-
sponses from the SFT dataset and “bad” responses
generated by the model, significantly reducing the
reliance on human-annotated data.

3 Methodology

In this section, we present TPAW, a novel approach
that enhances LLM alignment through team-based
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Figure 1: The workflow of TPAW. During response sampling, the model 7y, generates responses y**" from SFT
prompts x, forming a triple dataset D,. Next, TPAW adaptively assigns target response weights o based on the
target response likelihood, and main player weights 3 based on the reward margin between the target and generated
responses. Finally, the policy model g is fine-tuned using the overall Team-based Self-Play training objective,

resulting in model g, ., for next iteration.

self-play with dual adaptive weighting, as shown
in Figure 1. First, we formulate the Team-Based
Self-Play framework, establishing its theoretical
foundations and operational structure. Next, we in-
troduce the Dual Adaptive Weighting mechanism,
which dynamically adjusts both the importance of
training target responses and the influence of main
players during the team-based self-play process.
Finally, we provide a detailed algorithm for the
practical implementation of TPAW, including pseu-
docode and optimization strategies.

3.1 Team-Based Self-Play

Conventional self-training methods typically rely
on a single model’s performance, suffering from
training instability and are highly sensitive to the
quality of synthetic data, which can lead to the prop-
agation and amplification of errors and biases over
successive iterations (Ren et al., 2024; Xu et al.,
2024). To overcome these limitations, we revisit
the self-play paradigm by effectively leveraging the
historical checkpoints accumulated across iterative
training.

Based on this idea, we propose a Team-Based
Self-Play framework that reframes self-play as a
competitive game between two teams. In this
setting, the main players are responsible for dis-
tinguishing between human-written and LLM-
generated responses, while the opponents aim to
generate responses that are as human-like as pos-

sible. Both teams are composed of instances of
the same LLM, but at different training stages:
the opponents are drawn from earlier checkpoints,
whereas the main players are composites built from
the current model and its previous iterations.

This team-based dynamic not only introduces
diversity and adversarial robustness into the train-
ing process but also allows for targeted optimiza-
tion—since some main players may struggle to dis-
tinguish responses effectively, we can adaptively
refine their learning to improve overall training ef-
ficiency. Furthermore, the inclusion of the training
trajectory serves as an implicit form of regulariza-
tion, helping to stabilize the learning process and
mitigate error accumulation over time.

Our Team-Based Self-Play framework proceeds
in each iteration with two key steps: (1) sampling
from opponents, and (2) updating the main players.

Sampling from Opponents. At iteration ¢ + 1,
the opponent team is composed of the LLMs
from the three most recent iterations, denoted as
(7e,, ™0, 4,70, ,). This ensures a dynamic bal-
ance between recent and historical strategies dur-
ing training. For the newly added opponent 7y,
in this iteration, we use prompts x from the SFT
dataset Dgpr to generate responses y&" accord-
ing to the mp,(:|x). Then we pair these gener-
ated responses with the original dataset entries
(xi,¥i) € Dspr to construct a new triple-form



dataset: Dy = {(x;,y5,y5 )Y ,. In addition, to

construct the complete sampling dataset for the
opponent team, denoted as Do, we aggregate the
triple datasets from the most recent three iterations:
Do =Dy UDi_1 UDys_s.

Forming Main Players Team. The main players
are designed to be trained to distinguish between
responses generated by LLMs and those written by
humans. Inspired by SPIN (Chen et al., 2024) and
DPO (Rafailov et al., 2023)’s implicit reward:

Wr(y’X)

\-log Z 1
mef(ylx)ﬂt og Z(x), (1)

r(x,y) = A-log

we define each main player as:

cjeftt—1,t—2}
2)

where A > 0 is a regularization parameter
used to constrain the deviation of 7y, , from 7,
thereby stabilizing the self-play process.

In this context, as we are only concerned with dif-
ferent responses corresponding to the same prompt
x, the normalization term \ - log Z(z) in Eq. 1
can be omitted. Consequently, Eq. 2 can be in-
terpreted as an implicit reward score, jointly in-
ferred by the current model and a historical model,
conditioned on the given prompt x and response
y. Within our framework, this score—produced
by the main player—quantifies how well the re-
sponse y aligns with the target distribution. Ide-
ally, main players should assign higher scores to
responses from the supervised fine-tuning dataset
(y € Dspr) and lower scores to model-generated
responses (y&" ~ g, (- [ x)).

Furthermore, to enable each player P; to learn
the distinction between y and y&°", the single main
player’s training objective becomes:

L; = —Ep, [((Pi(x,y) — Pj(x,y*")]. (3)

Following SPIN (Chen et al., 2024), we use the
logistic loss £(t) := log(1 + exp(—t)) due to its
non-negativity, smoothness, and exponential tail de-
cay as t — oo. This choice helps prevent excessive
growth in the magnitude of P;.

In subsequent subsections, we will detail how to
further optimize each player’s objective based on
Eq. 3, and describe how to aggregate these individ-
ual objectives into a unified team objective using a
dual adaptive weighting mechanism.

o (y[x)
J (X7 y) 0og 7T9j (y|X)

3.2 Dual Adaptive Weighting

To further enhance the robustness and alignment
of the team-based self-play framework, we intro-
duce a dual adaptive weighting mechanism that
dynamically adjusts the importance of training tar-
get responses and the influence of main players
during team-based self-play.

Adaptive Target Response Weighting. Most ex-
isting self-training methods adopt optimization ob-
jectives similar to DPO, simultaneously optimizing
both positive and negative samples. However, re-
cent studies have shown that when the similarity be-
tween positive and negative responses is high (Pal
et al., 2024; Razin et al., 2025), or the probabil-
ity of generating negative responses is low (Ren
and Sutherland, 2025), the model’s likelihood of
producing preferred (i.e., target) responses can de-
teriorate during training. We also find the decrease
phenomenon in our ablation experiment and SPIN
baseline in Section 4.4.

To address this issue, we propose Adaptive Tar-
get Response Weighting, a method designed to bal-
ance the discriminative capacity of the main players
with the alignment of the LLM policy to the tar-
get distribution. Specifically, based on each player
Pj’s optimization objective in Eq. 3, our method
adaptively increases the reward score P;(x,y) for
the target response y when the model’s likelihood
for y decreases relative to a reference model. This
adjustment effectively increases the weight of the
target response during training, encouraging the
model to better refit to the target distribution.

We define the adaptive target response weight
for player P; as:

- n iff)j(X7Y)§Oa(X7Y)€D07

@5 = { 1 else, )

where 17 > 1 is a hyperparameter that controls the

degree of weight growth when the target response
score is low.

Incorporating this adaptive weighting into the
player’s objective, we modify Eq. 3 as follows:

L; = —Ep, [((a; - Pi(x,y) — Pi(x,y*"))],
)

Adaptive Main Players Weighting. In the Team-
Based Self-Play framework, multiple main players
are introduced to fully leverage the potential of his-
torical model checkpoints in enhancing the discrim-
inative capabilities of the main players. However,



in iteration ¢ + 1, since P;_; and P;_, have already
undergone optimization in previous iterations, stat-
ically assigning weights to the main players can
lead to suboptimal training. Specifically, P, may be
undertrained, while P;_; and P;_» risk overfitting.

To address this, we propose Adaptive Main
Player Weighting, which dynamically assigns
greater weight to the main player when it exhibits
weaker discriminative performance in distinguish-
ing between human-written and LLM-generated
responses. Specifically, for a given player P;, we
define the preference margin m; as:

mj = Pj(x,y) = Pj(x,y*"). (6)

As previously discussed, P; provides a reward
score indicating how well the response y aligns
with the target distribution. Thus, the preference
margin m; quantifies the main player’s effective-
ness in discriminating between human-written and
LLM-generated responses for a given sample.

We then apply the softmax function to compute
each player’s weight 3; based on their margin
value:

e VM

E e—’)"mk
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For each main player, a smaller mar-
gin—indicating poorer judgment on a sam-
ple—results in a higher weight for that sample.
The hyperparameter « controls the sensitivity of
the weight distribution to the margin values. A
larger ~ amplifies the influence of small margins,
allowing them to dominate the softmax output.
Conversely, as v approaches zero, the weights
converge to a uniform distribution, effectively
ignoring differences in margin. To suppress the
influence of extremely small values and unstable
noise, we set weights smaller than 0.01 to zero and
re-normalize the remaining weights.

Overall Training Objective. By assigning
weights to each main player, we can aggregate
their individual objectives from Eq. 5 into a unified
overall training objective for the entire main player
team:

£0urs = Z ;61 : Ei(”; Wi) 8)

Algorithm 1 Team-based self-Play with dual Adap-
tive Weighting (TPAW)

Input: SFT dataset Dser = {(x;, y:) Y11 ; Initial SFT policy
Te,; Number of iterations 7.
fort =0toT — 1do
Generate responses: {y*"}L, ~ 7, (- | xi), Vxi €
Dsrr
Construct pairwise preference dataset:
Dy = {(xi,yi,¥5") }iL1, (Xi,yi) € Dsrr
Aggregate past opponents: Do = Dy U D1 UDy_2
for j € {t,t —1,t — 2} do
Get target response weights o according to Eq. 4
Compute each player’s loss for each sample:

7o (y&" | x;) >
:

mo(yi | xi)
mo, (yi | xi)

lij(me;me;) = £ | ejlog =

mo, (vi | xi)
where (x4, yi,y5 ") € Do.

end for

Determine policy weighting coefficients: B¢, Bt—1, Bi—2

according to Eq. 7

Update policy parameters:

3N
641 = arg g&gzk < (Beliye + Bi—1lijt—1 + Bi—2lit—2)
i=1

end for
Output: Final aligned policy 7g...

3.3 Summary of TPAW

With the proposed Team-Based Self-Play frame-
work and Dual Adaptive Weighting mechanism
in place, we now present the implementation of
TPAW in Algorithm 1. An overview of the entire
framework is shown in Figure 1.

At each iteration, the current policy generates
responses on the SFT dataset and forms preference
pairs with the target responses. These are combined
with data from previous iterations to construct an
opponent dataset. For each past policy, we compute
adaptive response weights o to guide learning at
the sample level, and player weights 3; to balance
the influence of different main players also at the
sample level. The policy is then updated by mini-
mizing a weighted sum of losses against each oppo-
nent, enabling alignment through iterative, adaptive
team-based self-play.

Specifically, at ¢ = 0, we ignore the historical
models m;_; and my_9, at t = 1, we ignore m;_o.
To better illustrate how policies evolve over time,
Appendix B summarizes the training process for
each policy, including initialization, training data,
opponents, and main players.

4 Experiments

4.1 Experiment Setup

Model and Baseline. We employ Qwen2.5-
1.5B (Yang et al., 2024) and Llama3.1-8B (Dubey
et al., 2024) as our base pretrained models. To en-
sure a fair comparison under similar training data



Open LLM Leaderboard V1 Open LLM Leaderboard V2
Model Method V1 Avg. V2 Avg.
Arc TQA Wino GSM8k HS MMLU IFEval BBH Math GPQA MUSR MMLU-p

SFT 50.94 46.83 64.80 5125 6491 58.93 56.28 3173 1515 6.65 347 6.02  17.38 13.40

DPO 54.52 49.39 64.96 56.71 66.29 59.41 58.55 31.79 1625 9.89 224 257 18.24 13.50

SPIN Iter-1 51.79 47.82 64.33 53.83 6576 59.26 57.13 3244 1547 823 403 555 17.57 13.88

SPIN Iter-2 52.05 48.25 64.40 53.45 66.00 59.43 57.26 33.97 1522 899 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 3534 1444 9.06 447 5.16 17.58 14.34

Qwen2.5-1.5B SPIN Iter-4 53.58 48.41 64.72 53.30 66.05 59.58 57.61 33.82 1433 921 425 570 17.54 14.14
TPAW Iter-1 (Ours) 52.99 47.64 64.96 52.77 65.77 59.50 57.27 3235 15.60 8.69 324 5.66 17.65 13.87

TPAW Iter-2 (Ours) 53.41 4791 64.17 53.15 66.08 59.58 57.38 3552 1537 8.69 436 598 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 4.14 543 18.03 14.82

TPAW Iter-4 (Ours) 52.56 47.90 65.11 55.04 66.30 59.64 57.76 36.04 1551 937 436 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 7435 5027 80.46 63.08 64.79 36.83 25.83 453 6.60 11.78 2191 17.91

SPIN Iter-1 61.69 53.62 753 539 80.44 63.94 64.82 4291 28.05 4.83 626 13.17 22.84 19.68

SPIN Iter-2 62.03 53.81 75.61 5231 80.63 63.97 64.73 4321 28.17 5.14 481 13.28 2293 19.59

SPIN Iter-3 62.2 5398 76.01 51.71 80.74 64.15 64.80 4413 2846 521 336 1296 2292 19.51

Llama3.1-8B SPIN Iter-4 62.03 53.92 76.01 52.54 80.78 63.97 64.88 44.01 2836 498 3.8 1344 23.02 19.60
TPAW Iter-1 (Ours) 62.88 53.71 75.93 55.19 80.66 64.29 65.44 38.76 28.16 521 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 4243 2785 6.19 638 1622 23.02 20.35

TPAW Iter-3 (Ours) 65.54 54.46 76.32 55.19 80.77 64.56 66.14 45.04 2782 589 626 16.16 2334 20.75

TPAW Iter-4 (Ours) 63.23 54.44 76.24 55.34 8091 64.46 65.77 4512 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)
and SPIN (Chen et al., 2024) as baseline methods.
For SPIN, we follow the official implementation,
noting that “SPIN iter-1” refers to the model after
the first iteration, which differs slightly from its
original definition. Additionally, we perform sup-
plementary experiments using DPO trained on the
UltraFeedback dataset as an extended baseline.

Datasets. For SFT, we use the full Ultrachat200k
dataset, a filtered version of UltraChat (Ding et al.,
2023). For both TPAW and SPIN, we train on a 50k
subset of Ultrachat200k. To assess the TPAW’s per-
formance on domain-specific tasks, we additionally
train it using the GSM8K (Cobbe et al., 2021).

Evaluation. We evaluate models on both ver-
sions of the Open LLM Leaderboard (V1 (Beech-
ing et al., 2023) and V2 (Fourrier et al., 2024)) us-
ing standardized metrics from the Language Model
Evaluation Harness (Gao et al., 2024). V2 is more
challenging than V1, and together they cover 12
benchmarks across knowledge, reasoning, math,
and instruction following. Further experimental
setup details are provided in Appendix A.

4.2 Main Results

Results on Open LLLM Leaderboard. Table 1
reports the evaluation results of TPAW on both ver-
sions of the Open LLM Leaderboard, compared
with the base model and the SPIN baseline over

multiple iterations. TPAW consistently outper-
forms both SPIN and the SFT baseline by utilizing
the SFT dataset more effectively. Although trained
only on a general-purpose dialogue dataset, TPAW
achieves improvements across all 12 benchmarks,
showing strong generalization beyond its training
domain. Even with just one-quarter of the origi-
nal SFT data, it delivers notable gains—for exam-
ple, on Qwen, up to 4.37% on IFEval, 3.55% on
Math, and 3.79% on GSMS8Kk, and on Llama, up
to 4.79% on Arc, 8.78% on IFEval, and 4.45% on
MUSR. The performance peaks around the third
or fourth iteration and then converges. Further-
more, compared with DPO, TPAW is trained using
only one-quarter of their data volume and does not
rely on any additional preference annotations. De-
spite these more restrictive training conditions, our
method still achieves superior performance, partic-
ularly on the more challenging Leaderboard V2,
highlighting its strong data efficiency and robust-
ness.

These results underscore the effectiveness and ro-
bustness of our iterative approach. Building upon
the SFT model, we are able to leverage training
data more efficiently, producing outputs that align
more closely with the target responses—and in
some cases, even surpassing previous performance
limits—without requiring additional data or exter-
nal assistance. The performance boost over SPIN
stems from our novel Team-Based Self-Play Frame-
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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 GSMS8K, 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.

Acc (%)
51.25

Model |
Qwen2.5-1.5B-SFT |

SPIN-gsm8k Iter-1
SPIN-gsm8k Iter-2
SPIN-gsm8k Iter-3
SPIN-gsm8k Iter-4

TPAW-gsm8k Iter-1
TPAW-gsm8k Iter-2
TPAW-gsm8k Iter-3
TPAW-gsm8k Iter-4

54.36 (+0.61)

53.75 o.61)
54.59 (40.84)

54.21 (#3.11)

54.81 (+0.60)
56.56 (41.75)

56.94 (1038

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

work and Dual Adaptive Weighting Mechanism,
which work together to guide learning more effi-
ciently and maintain high-quality outputs through-
out the iterative process.

Results on GSM8K. We applied our proposed
TPAW method for domain-specific fine-tuning on
the GSM8K dataset, starting from the Qwen2.5-
1.5B-SFT model. Table 2 compares the accuracy of
TPAW against the SPIN and standard SFT baselines
across multiple iterations.

Both iterative approaches outperform the SFT
model, but TPAW consistently achieves superior
performance at every stage. The method demon-
strates steady improvement across iterations, reach-
ing 56.94% accuracy by the fourth iteration—a
5.69% gain over the initial SFT model. These re-
sults underscore the effectiveness and stability of
TPAW in enhancing mathematical reasoning capa-
bilities. The greater performance gains observed on
domain-specific reasoning and mathematical tasks
may stem from a larger initial discrepancy between
the model’s outputs and the target responses. Com-
pared to the baseline, our method achieves a deeper
alignment with the target responses, particularly on
such challenging reasoning tasks.
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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

To further evaluate the effectiveness of the team-
based self-play framework and the dual adaptive
weighting mechanism, we conducted additional
ablation experiments on GSM8Kk. In Figure 3, we
present the results of ablating each key component
of TPAW:

* Without adaptive Target Response Weighting
(w/o TRW): Remove adaptive weighting for tar-
get responses, with weight fixed at 1;

» Without adaptive Main Player Weighting (w/o
MPW): Remove adaptive weighting for main
players, all players assigned equal static weights;

¢ Without Team based Mechanism (w/o Team):
Remove team structure, using only a single
player for both opponent and main player teams.

The ablation study results demonstrate that both
the team-based self-play framework and the dual
adaptive weighting mechanism in TPAW are crit-
ical to achieving optimal performance: removing
either component prevents the model from converg-
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Figure 4: Impact of hyperparameters on GSMS8K accuracy. Performance data is from the fourth iteration.

ing to the optimal solution. Overall, across the
four iterations, ablating the team-based mechanism
leads to the most significant performance degrada-
tion. Notably, even in configurations where these
components are removed, our method consistently
surpasses baseline performance. See more ablation
experiments and detailed results in Appendix C.1.

4.4 Further Analyses

Adaptive Target Response Weighting Prevents
Decline in Target Reward. As shown in Fig-
ure 2a and Figure 2b, training methods that do not
employ the Adaptive Target Response Weighting
mechanism exhibit a continuous decline in the re-
ward value for the target response, which remains
in the negative range. This suggests that during
self-play training, the model reduces the output
probabilities of both 3™ and y~, causing a drift
in the output distribution away from the intended
target distribution.

In contrast, when our Adaptive Target Response
Weighting mechanism is applied, this issue is sub-
stantially alleviated. During the training process of
TPAW, the reward value consistently increases and
eventually converges to a positive value, indicating
that the model effectively learns to align with the
target distribution.

TPAW Makes Fuller Use of Datasets Than More
Epochs of SFT. As shown in Figure 2¢ and Fig-
ure 2d, training for more epochs on the dataset
using SFT does not lead to further performance im-
provements. This stems from inherent limitations
of the SFT training objective, causing the model to
overfit after multiple epochs by mechanically mem-
orizing answers in the dataset rather than genuinely
learning generalizable capabilities. In contrast, by
continuing training on the same dataset, TPAW suc-
cessfully surpasses the performance ceiling of SFT,
enabling the model not only to fit the target data dis-
tribution but also to retain its generalization ability.
See more detail results in Appendix C.2.

Analysis and Ablation on Hyperparameters 7
and ~. Figure 4 presents the results of a numer-
ical analysis investigating their impact. 17 and ~y
are core components of TPAW’s Dual Adaptive
Weighting mechanism, with their practical values
set to 6 and 0.5. i controls how strongly the weight
increases when the target response reward is low.
The results show that relatively higher values of
1) encourage greater alignment with the target re-
sponse, resulting in improved performance. - ad-
justs the sensitivity of the main players’ weight
distribution to their judgment ability. A larger
amplifies the impact of weaker performance, as-
signing more weight to poorly performing plyers
during optimization. In contrast, when =y is close
to zero, weights become nearly uniform, ignoring
differences among players. The results show that
a moderate value of 0.5 yields the most balanced
weight distribution. See more experiments and de-
tailed result in Appendix C.4.

5 Conclusion

In this work, we introduced TPAW, a novel self-
training algorithm that enhances LLM alignment
through a team-based self-play framework aug-
mented with dual adaptive weighting mechanisms.
TPAW leverages past policy checkpoints both as
opponents and main players, enabling more ro-
bust and stable policy optimization. By adaptively
adjusting the influence of individual team mem-
bers and reweighting target responses, TPAW ef-
fectively mitigates issues related to noisy synthetic
data and output offset from target response distribu-
tion. Extensive empirical results demonstrate that
TPAW significantly improves model alignment and
generalization across various benchmarks, validat-
ing its ability to better exploit SFT datasets and
align with the target response distribution. We be-
lieve our team-based, adaptively weighted self-play
paradigm paves the way for scalable and effective
LLM alignment with minimal human supervision.



Limitations

While our work demonstrates the effectiveness of
TPAW in aligning model outputs to target distribu-
tions, its performance is inherently bounded by the
quality of the SFT datasets. This highlights both a
limitation and a potential opportunity for future re-
search in model distillation task. Additionally, our
experiments on GSM8K suggest that TPAW holds
promise for domain-specific fine-tuning, highlight-
ing the need for further fine-tuning and evaluation
across a broader range of specialized tasks. Overall,
addressing these limitations will be crucial for real-
izing the full potential of our approach in broader
and more challenging settings.
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A Further Details about Experiment
Set-Up

A.1 Hyperparameters and Implementation
Details

We employ DeepSpeed ZeRO-3 (Rajbhandari et al.,
2020) and FlashAttention-2 (Dao, 2023) across
all training stages to improve efficiency and re-
duce computational cost. Qwen2.5-1.5B-SFT
and Llama3.1-8B-SFT were trained on the Ultra-
Chat200k dataset via LLaMA-Factory, with the
following shared settings: batch size of 64, max-
imum sequence length of 2048, a cosine learning
rate schedule (10% warmup over 1 epoch), and the
Adam optimizer (Kingma, 2014). Their distinct
learning rates are 5e-5 (for Qwen) and le-5 (for
Llama). These SFT models serve as the starting
point for all subsequent baseline training, including
DPO, SPIN, and TPAW.

For DPO training, we conducted additional ex-
periments on the UltraFeedback dataset as a supple-
mentary baseline. Specifically, we used LLaMA-
Factory with a learning rate of 1e-6 for 2 epochs.

For TPAW, we use a 50k subset of Ultra-
Chat200k and adopt the same batch size and se-
quence length. The model is trained for 2 epochs
using RMSProp (Hinton et al., 2012) optimizer, a
cosine learning rate schedule with 10% warmup,
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Method ‘ Iter-1 TIter-2 Tter-3 TIter-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 A = 0.1. As Ultra-
Chat200k contains multi-round conversations, we
only retain the first round as prompt-completion
pairs. For the newly introduced hyperparameters
in this method, we set v = 0.5, n = 6.

During the four-stage training of TPAW for
Qwen, the learning rate was set to le-6 for iter-
ations 1-2, then decayed to le-7 for iterations 3—4
as the model converged. For Llama, the learning
rate was also le-6 in iterations 1-2, but decayed to
Se-7 in iterations 3—4 during convergence. In iter-
ation 4, we further reduce the training to 1 epoch
and increase A to 5.0. For TPAW on GSM&k, we
follow the same setup, except that iteration 3 is
trained for only 1 epoch.

A.2 Computational cost analysis

We analyze the computational and memory over-
head of TPAW and clarify its efficiency relative to
existing self-play methods.

Importantly, only the current policy model is
updated via backpropagation during training. All
historical checkpoints involved in the main-player
team are used exclusively for forward inference,
incurring no additional gradient-related memory
cost compared to standard fine-tuning.

To further reduce runtime and memory usage,
TPAW adopts a log-probability precomputation
strategy: log-probabilities of all reference models
are computed once on the training set prior to train-
ing, after which the reference models are fully of-
floaded from GPU memory. During training, each
step computes log-probabilities only for the current
policy model. On 4xL40S GPUs, precomputing
50k samples per reference model requires approxi-
mately 30 minutes, which is negligible relative to
total training time.

In practice, this design leads to higher train-
ing throughput. We observe an increase in
train_steps_per_second from 0.021 (SPIN) to 0.044
(TPAW), corresponding to a 110% speedup per
step. Moreover, even after accounting for precom-
putation, TPAW consistently achieves shorter wall-
clock training time across all iterations. Table 3



reports total training time per iteration on 8xA100
80GB GPUs with Llama-3.1-8B.

Overall, TPAW ’s forward-only use of histori-
cal checkpoints combined with log-probability pre-
computation ensures a lower effective memory foot-
print and improved training efficiency, demonstrat-
ing superior computational performance compared
to prior self-play approaches.

A.3 Evaluation Datasets
A.3.1 Open LLM Leaderboard V1.

Leaderboard v1 evaluates models on 6 key bench-
marks using the Eleuther Al Language Model Eval-
uation Harness, a unified framework designed to
test generative language models on a wide range of
different evaluation tasks.

¢ AI2 Reasoning Challenge (25-shot): A set of
grade-school science questions. Abbreviated
as Arc in Table 1.

HellaSwag (10-shot): A commonsense rea-
soning test, which is easy for humans ( 95%
accuracy) but challenging for state-of-the-art
models. Abbreviated as HS in Table 1.

MMLU (5-shot): A test to measure a text
model’s multitask accuracy. The test covers
57 tasks, including elementary mathematics,
U.S. history, computer science, law, and more.

TruthfulQA (0-shot): A test to measure a
model’s propensity to reproduce falsehoods
commonly found online. Note: TruthfulQA
is technically a 6-shot task in the Harness be-
cause each example is prepended with 6 Q/A
pairs, even in the 0-shot setting. Abbreviated
as TQA in Table 1.

* Winogrande (5-shot): An adversarial and dif-
ficult Winograd benchmark at scale, for com-
monsense reasoning. Abbreviated as Wino in
Table 1.

GSMS8Kk (5-shot): Diverse grade school math
word problems to measure a model’s ability
to solve multi-step mathematical reasoning
problems.

A.3.2 Open LLM Leaderboard V2.

Leaderboard v2 seeks new benchmarks using high-
quality, uncontaminated datasets and evaluates
models on key tasks. They chose the following
tasks: knowledge testing, reasoning abilities, com-
plex mathematical abilities, and tasks related to
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human preferences, such as instruction following.
They cover these tasks with six benchmarks:

* MMLU-Pro: A refined version of the MMLU
dataset with higher difficulty, with expert-
reviewed questions to reduce noise. Abbrevi-
ated as MMLU-p in Table 1.

GPQA: An extremely challenging knowledge
dataset, designed by domain experts to ensure
difficulty and factual accuracy.

MuSR: A dataset with complex reasoning
problems, such as murder mysteries and team
allocation issues, requiring long-range reason-
ing.

MATH: A compilation of high school-level
competition problems, requiring precise out-
put formatting, focusing on the hardest ques-
tions.

IFEval: A test of a model’s ability to strictly
follow instructions, focusing on format execu-
tion.

BBH: A subset of 23 challenging tasks from
the BigBench dataset, involving multi-step
reasoning and commonsense knowledge, with
performance highly correlated with human
preferences.

A.4 Baselines

A4.1 SFT

Supervised Fine-Tuning (SFT) is a widely used
technique to adapt pre-trained language models
(LMs) to specific downstream tasks by fine-tuning
on labeled datasets. The goal of SFT is to reduce
task-related errors and align the model’s predic-
tions with human-labeled ground truth.

Given a pre-trained model fy, the SFT process
involves the following:

Pre-trained Model. The model fy(x) is initially
pre-trained on a large corpus using language mod-
eling objectives, allowing the model to learn useful
language representations.

Fine-Tuning on Task-Specific Data. The pre-
trained model is fine-tuned on a supervised dataset
D = {(x;, y,)}fil where x; is the input and y; is
the corresponding label. The objective is to mini-
mize the loss function:

N

> L(fo(i),vi)

=1

1
Lspr(0) = N



where £ measures the discrepancy between the
model’s output and the true label.

Gradient Descent Optimization. The model’s
parameters # are updated using gradient-based
methods like Stochastic Gradient Descent (SGD)
or Adam:

Or+1 = 60 — Vo Lsrr(6:)

SFT is effective for adapting pre-trained models
to specific tasks, though it relies on large labeled
datasets for fine-tuning.

A4.2 SPIN.

SPIN centers on a self-play mechanism where the
LLM simultaneously acts as both the main player
and the opponent. During fine-tuning, the main
player (the current LLM) is trained to differentiate
between data distributions produced by the oppo-
nent (the LLM from the prior iteration) and human-
annotated target responses, iteratively aligning the
LLM with the target data distribution.

B Clear View of Model Sequence.

We define the models and their training schemes as
follows:

My: Initial supervised fine-tuning (SFT) model.
M5 : Initialized from M, then fine-tuned on Dy
with:

Opponents: o(-|x)
o (%)
oo (%)

Ms: Initialized from M7, then fine-tuned on
D1, Dy with:

Main players: A - log

Opponents: 71 (+|x), 7o (+|x)
mo(-[x)
7o, (%)’
o ToC1X)
N ()

Main players: A - log

M3: Initialized from My, then fine-tuned on
Do, Dy, Dy with:

Opponents: 7o (+|x), 71 (+|x), 70 (%)
mo(+[x)
o, (+%)
7o (+|x)
7r91(~\x)’
mo(-|x)

7o, (-[%)

Main players: \ - log

Y

A-log

A-log

My: Initialized from Msz, then fine-tuned on
D3, Dy, Dy with:

Opponents: 73(+|x), m2(-|x), m1(:|x)
mo(-|x)
T, (+[x)
mo(-|x)
7o, (+[x)
mo(+[x)

ﬂel("x)

Main players: A - log

)

A-log

Y

A-log

C Additional Experiment Results
C.1 Further Ablation Study

We further conduct additional ablation experiment
on GSMSK by ablating dual adaptive weighting:

» Without adaptive Target Response Weighting
and adaptive Main Player Weighting (w/o
TRW+MPW): both the target response weight
and main players weight are fixed.

See Table 4 for detailed evaluation data of ab-
lation study. The experimental results on w/o
TRW+MPW are basically consistent with the con-
clusions of the main text, demonstrate that the dual
adaptive weighting mechanism in TPAW are criti-
cal to achieving optimal performance.

C.2 Further Experiment Result for More
Epochs of SFT

As we showed in the main text training for more
epochs on the dataset using SFT does not lead to
further performance improvements, and may even
lead to a decrease in performance. See Table 5 for
detailed evaluation data.

C.3 Error Bars of Experiment Result

Here we present a subset of the Standard Error
data obtained from our harness-based evaluations
in Table 6. The relatively low Standard Error val-
ues indicate that the evaluation process is stable.
Moreover, the Standard Error does not increase
noticeably after training, suggesting that the perfor-
mance improvements are not due to chance but are
statistically significant and consistently stable.

C.4 Further Experiment Result for Impact of
Hyperparameters

We further investigate the impact of the team size
hyperparameter Ny .y, Which denotes the final
number of team members and corresponds to the
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Iteration | Model | Acc (%)

- | Qwen2.5-1.5B-SFT |  51.10

SPIN 53.75 (42.65)

TPAW 54.13 43.11)

Tter 1 w/o TRW 54.13 (43.11)
w/o MPW 54.13 +3.11)

w/o TRW+MPW 54.36 (43.24)

w/o Team 53.30 (42.20)

SPIN 54.36 ;0.61)

TPAW 55.19 (+1.06)

Iter 2 w/o TRW 56.18 (42.05)
w/o MPW 55.65 (+1.52)

w/o TRW+MPW 55.95 (4+1.59)

w/o Team 55.12 (41.82)

SPIN 53.75 (o.61)

TPAW 56.56 (+1.37)

Iter 3 w/o TRW 55.42 (-0.76)
w/o MPW 56.40 (40.75)

w/o TRW+MPW 55.42 (-0.53)

w/o Team 55.19 (0.62)

SPIN 54.59 (+0.84)

TPAW 56.94 (40 .38)

Tter 4 w/o TRW 55.42 (+0.00)
w/o MPW 55.95 (L0.45)

w/o TRW+MPW 55.65 (10.23)

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 GSM8Kk 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 . Avg.
Arc  TruthfulQA Winogrande GSMS8k HellaSwag MMLU

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 4791 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

Model Open LLM Leaderboard V2 A
ode IFEval  BBH Math GPQA  MUSR  MMLU-pro Ve
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 4.14 543 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
Arc TruthfulQA  Winogrande GSMB8k HellaSwag MMLU

Qwen2.5—1.SB—SFT‘50.9411.46 46.83+x1.52 64.80+1.34 51.25%1.38 64.91+£0.48 58.93t0.40‘ 56.28
TPAW Iter-4 (Ours) ‘ 52.56+1.46 47.90£1.52 65.11x1.34 55.04+1.37 66.30+0.47 59.6410.40‘ 57.76

Model Avg.

Model Open LLM Leaderboard V2
ode IFEval BBH Math GPQA MUSR  MMLU-pro

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  4.36x1.30 4.73x1.66  17.82+0.40 ‘ 14.64

Avg.

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

~ | 000 0.25 0.50 0.75 1.00

Iter-1 | 54.13 5557 54.13 5428 5557
Iter-2 | 55.65 55.19 55.19 55.12 5595
Iter-3 | 56.40 55.19 56.56 5534 56.03
Iter-4 | 5595 5527 56.94 5595 5557

Table 7: Effect of v on GSM8K performance.

n | 1 2 4 6 8§ 10

Iter-1 | 54.13 54.06 54.21 54.13 5421 54.13
Iter-2 | 56.18 54.82 5595 55.19 56.53 56.33
Iter-3 | 55.42 5428 5527 56.56 5641 56.79
Iter-4 | 5542 54.59 5527 56.94 56.71 56.63

Table 8: Effect of 17 on GSM8K performance.

Niaz | 2 3 4

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

Table 9: Effect of IV, on GSM8K performance.

size of the historical checkpoint window considered Additionally, we report comprehensive experi-
throughout the game. The experimental results are ~ mental results for the hyperparameter study in Ta-
presented in Figure 5. Notably, when Ny« issetto  ble 7, Table 8, and Table 9. These results further
2 or 4, the observed suboptimal performance may  demonstrate the soundness of our hyperparameter
indicate the effects of underfitting and overfitting,  choices and the robustness of the proposed method.

respectively.
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