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Abstract

Through encouraging self-exploration, rein-
forcement learning from verifiable rewards
(RLVR) has significantly advanced the math-
ematical reasoning capabilities of large lan-
guage models. As the starting point for RLVR,
the capacity of supervised fine-tuning (SFT)
to memorize new chain-of-thought trajecto-
ries provides a crucial initialization that shapes
the subsequent exploration landscape. How-
ever, existing research primarily focuses on
facilitating exploration during RLVR train-
ing, leaving exploration-aware SFT under-
explored. To bridge this gap, we propose
Offline eXploration-Aware (OXA) fine-tuning.
Specifically, OXA optimizes two objectives:
promoting low-confidence verified teacher-
distillation data to internalize previously un-
captured reasoning patterns, and suppressing
high-confidence incorrect self-distillation data
to redistribute probability mass of incorrect pat-
terns toward potentially correct candidates. Ex-
perimental results across 6 benchmarks show
that OXA consistently improves mathematical
reasoning performance, especially achieving an
average gain of +6 Pass@1 and +5 Pass@k
points compared to conventional SFT on the
Qwen2.5-1.5B-Math. Crucially, OXA elevates
initial policy entropy, and performance gains
persist throughout extensive RLVR training,
demonstrating the long-term value of OXA.

1 Introduction

The mathematical reasoning capabilities of large
language models (LLMs) have witnessed a break-
through by scaling up inference computation for
long-chain reasoning. Building upon pre-trained
LLMs, a common strategy to achieve state-of-
the-art performance involves a two-stage training
pipeline (DeepSeek-Al, 2025; Yang et al., 2025a):
(1) Supervised fine-tuning (SFT), which distills
knowledge from teacher models to activate initial
reasoning capabilities and learn long-chain output

formats; and (2) Reinforcement learning from veri-
fiable rewards (RLVR), which further boosts perfor-
mance by encouraging self-exploration and learn-
ing from model-generated samples.

In reinforcement learning, maintaining suffi-
cient policy entropy to prevent premature conver-
gence and encourage exploration is fundamental
(Williams and Peng, 1991; Williams, 1992; Eysen-
bach and Levine, 2021). In the context of RLVR,
thorough exploration is particularly critical, as it
allows the model to discover diverse reasoning
paths and unlock greater potential. To this end,
existing research has attempted to manipulate pol-
icy entropy through objective-level regularizations
(Zhang et al., 2025b; Cheng et al., 2025; Jiang et al.,
2025), fine-grained update and sampling controls
(Liao et al., 2025; Cui et al., 2025), and semantic-
level abstractions (Cao et al., 2025). However,
these efforts primarily focus on facilitating explo-
ration during the RLVR process, overlooking the
role of the SFT stage. As the starting point for
RLVR, SFT provides a crucial initialization that
shapes the subsequent exploration landscape.

Moreover, recent studies reveal that while RLVR
excels at optimizing known paths, it struggles to ex-
pand the model’s fundamental reasoning space. In
contrast, SFT is highly effective at enabling models
to internalize new reasoning pathways (Yue et al.,
2025; Kim et al., 2025; Chu et al., 2025). This
suggests that by enriching the model’s exploration
space with diverse reasoning pathways, intuitively,
SFT can facilitate exploration in the RLVR process.
Despite this potential, current long-chain reason-
ing SFT research focuses exclusively on activating
reasoning capabilities (Liu et al., 2025; Guha et al.,
2025) or data pruning for efficiency (Muennighoff
et al., 2025; Yang et al., 2025b). This work ad-
dresses the question: How can we train exploration-
engaged models for RLVR via fine-tuning?

We envision that an ideal initialization for RLVR
should exhibit two key characteristics: superior



initial reasoning accuracy and high initial pol-
icy entropy. To achieve this, we propose Offline
eXploration-Aware (OXA) fine-tuning, an algo-
rithm designed to train on strategically selected
offline reasoning trajectories. To counteract the
entropy collapse illustrated in Figure 1, OXA rein-
forces low-probability trajectories while weakening
high-probability ones to preserve the smoothness
of the predictive distribution. Specifically, OXA op-
timizes two objectives: promoting low-confidence
verified teacher-distillation data and suppress-
ing high-confidence incorrect self-distillation data.
The former internalizes previously uncaptured rea-
soning trajectories, while the latter redistributes
probability mass of incorrect paths toward poten-
tially correct candidates. Since these objectives are
decoupled, we introduce two variants: a base ver-
sion of OXA utilizing only the first objective and
the full OXA framework. While the base version
accounts for the primary performance gains, the
full framework synergizes superior performance
with robust exploration potential.

We evaluate OXA by applying the SFT-then-
RLVR paradigm to 4 LLMs ranging from 1.5B
to 7B parameters. Experimental results across 6
typical mathematical benchmarks show that OXA
consistently enhances reasoning capabilities. No-
tably, it achieves an average improvement of 46
Pass@1 and +5 Pass@Fk points compared to con-
ventional SFT on the 1.5B LLM. Comprehensive
analysis further demonstrates that OXA not only
improves performance on challenging problems
but also significantly expands the reasoning out-
put space, achieving high initial policy entropy.
Crucially, these gains persist throughout exten-
sive RLVR training and are orthogonal to existing
RLVR-enhancement methods, yielding consistent
additive improvements.

2 Related Work

Training long-chain reasoning LLMs. There
are primarily three trajectories for training long-
chain reasoning LLMs. Initial efforts face the
scarcity of supervised data with annotated reason-
ing steps. They leverage RLVR to directly train
pre-trained LLMs to explore self-discovered rea-
soning paths toward correct answers (DeepSeek-Al,
2025; Team et al., 2025). This base-model training
process is termed Zero-RL. However, these models
often suffer from poor readability and lower per-
formance ceilings (DeepSeek-Al, 2025). A second

paradigm involves two stages: first distilling knowl-
edge from teacher models (e.g., Zero-RL models)
into pre-trained LLMs via SFT for a cold start,
then followed by RLVR. Other works extend this
by integrating supervised signals from teachers into
RLVR to learn superior reasoning trajectories (Yan
et al., 2025; Xu et al., 2025; Lv et al., 2025; Zhang
et al., 2025a). In this work, we follow the SFT-
then-RLVR paradigm, widely validated by vari-
ous open-source LLMs (DeepSeek-Al, 2025; Yang
et al., 2025a; Xia et al., 2025).

Analysis of SFT and RLVR. Although both SFT
and RLVR can train long-chain reasoning models,
recent works reveal that their learning mechanisms
differ. RLVR exhibits a generalization pattern: con-
strained by self-generated training samples, it im-
proves accuracy by increasing the probability of
correct answers, but fails to expand capability by
sampling correct answers outside the model’s out-
put space (Yue et al., 2025; Mu et al., 2025). In con-
trast, SFT tends to memorize training data. By in-
troducing new knowledge during distillation, SFT
can enhance the model’s capabilities on difficult
problems (Kim et al., 2025; Chu et al., 2025).

Policy entropy in RLVR. Rooted in informa-
tion theory, entropy provides a principled mecha-
nism to manage the exploitation-exploration trade-
off. Higher policy entropy indicates that the model
is more likely to explore diverse reasoning paths,
thereby enhancing performance. To maintain high
entropy during early training, various efforts have
been made, including restricting the update of high-
covariance tokens (Cui et al., 2025), adjusting
entropy regularization coefficients (Zhang et al.,
2025b), tuning rollout temperature (Liao et al.,
2025), adding extra entropy terms to advantage
calculations (Cheng et al., 2025), leveraging cumu-
lative entropy regulation (Jiang et al., 2025), and
elevating entropy control from the token to the se-
mantic level (Cao et al., 2025). However, previous
works predominantly manipulate RLVR training
dynamics but overlook SFT, leaving an open ques-
tion: How can we encourage models to explore
more reasoning trajectories via SFT?

Long-chain reasoning SFT. Recent SFT re-
search targeting long-chain reasoning generally fol-
lows two directions. The first focuses on eliciting
reasoning capabilities in pretrained LLMs. Some
studies expand reasoning paths by multi-sample
distillation from teacher models (Liu et al., 2025;
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Figure 1: Conceptual illustration of entropy collapse versus counteracting entropy collapse.

Guha et al., 2025), while others employ curriculum
learning or decompose complex structures (Wen
et al., 2025; An et al., 2025; Luo et al., 2025). The
second direction focuses on data pruning to en-
hance training efficiency (Muennighoff et al., 2025;
Yang et al., 2025b). While our method also involves
data selection, it is distinct in its objective: rather
than optimizing for training efficiency, OXA aims
to cultivate exploration-engaged models that pro-
vide a superior initialization for subsequent RLVR.

3 Methodology

In the SFT-then-RLVR training paradigm, SFT
models serve as the critical foundation for subse-
quent reinforcement learning. We hypothesize that
an ideal SFT model should exhibit superior initial
reasoning capabilities while simultaneously foster-
ing exploration-engaged behavior to unlock greater
RL potential. Specifically, we aim to achieve two
objectives:

* Achieving higher initial performance: Pro-
viding a robust backbone that maintains or am-
plifies the performance superiority established
during SFT throughout the RLVR process.

* Maintaining higher policy entropy: Broad-
ening the reasoning output space and facilitat-
ing sampling diverse reasoning trajectories.

To this end, we propose Offline eXploration-Aware
(OXA) fine-tuning, an algorithm designed to train
on strategically selected offline reasoning trajec-
tories. Specifically, inspired by counteracting en-
tropy collapse, OXA optimizes the model by pro-
moting low-confidence correct answers and sup-
pressing high-confidence errors. The former in-

creases the likelihood of generating previously un-
captured reasoning trajectories, particularly those
near the distribution boundaries, while the latter re-
distributes probability mass of incorrect reasoning
paths toward other potentially correct candidates.
Ultimately, OXA yields a model that combines
enhanced performance with high initial policy en-
tropy.

As a purely SFT-based approach, OXA offers
two distinct advantages: First, it enhances the ex-
ploration capability without changing the RLVR
framework, thereby preserving training stability
while delivering consistent performance gains. Sec-
ond, empirical results demonstrate that OXA is
orthogonal to RLVR-enhancement methods, pro-
viding additive improvements.

3.1 Dissecting Entropy Dynamics

Policy entropy, quantifying the smoothness of the
predictive distribution of model 7y, is defined as:

VI
H(mg) = —Zpilogpz', (D

i=1
where p; represents the probability of the ¢-th token
in the vocabulary V of size |V|. In the context of
training long-chain mathematical reasoning LL.Ms,
entropy serves as a direct proxy for the diversity of
reasoning paths the model can sample. A higher
policy entropy indicates a more uniform distribu-
tion of probability mass, enabling the model to ex-
plore more candidate outputs. Conversely, a lower
entropy characterizes a sharp distribution where the
model’s confidence is excessively concentrated on
a limited set of tokens, thereby restricting its explo-
ration space and limiting the variety of generated
reasoning trajectories.



Entropy collapse. When a model is trained to
convergence, the entropy generally decreases. As
illustrated in the upper one of Figure 1, this
phenomenon stems from the model being highly
aligned with the empirical distribution of the train-
ing data, including reinforcing the distribution
peaks while suppressing the troughs.

Counteracting entropy collapse. To mitigate en-
tropy collapse, a straightforward strategy is to in-
versely influence the distribution dynamics: pro-
moting the probability mass at the distribution
troughs while suppressing over-confident peaks,
which is depicted in the lower one of Figure 1.

3.2 Offline Exploration-Aware Fine-tuning

A higher policy entropy is preferred for exploration-
engaged models. However, directly reinforcing the
probability at the trough and weakening that at
the peak can severely destabilize the model. OXA
provides a solution that selectively promotes low-
confidence truths and suppresses high-confidence
errors. All reasoning instruction data for this pro-
cess is curated offline.

3.2.1 Promote Low-Confidence Truths

This objective aims to reinforce the model’s proba-
bility mass in low-confidence regions by training
on verified teacher-distilled data via the maximum
likelihood estimation (MLE) criterion. Through
this process, the model internalizes previously un-
captured reasoning trajectories, thereby effectively
expanding its reasoning space.

Data. Based on the teacher-distilled dataset, we
first employ the rule-based verifier used during
RLVR training to filter the data, retaining only
correct reasoning paths. We then use perplexity
(PPL) to quantify the model’s confidence in a spe-
cific reasoning route. For a reasoning trajectory
S ={s1,$2,...,5K}, the PPL is defined as:

| K
PPL(S) = exp <_K Zlogp(st | 5<t)> » ()
=1

where K denotes the sequence length and p(s; |
S<t) is the conditional probability assigned by the
model my. A higher PPL indicates that the model is
less confident in the trajectory, signifying a hard-to-
sample reasoning path, while a lower PPL suggests
the opposite.

To prevent the training set from being dominated
by excessively difficult learning samples, we design

Algorithm 1 Gaussian-Guided PPL Sampling

Input: Dataset D = {(q, r, p,!)} containing query, response,
PPL, and length; Hyperparameters p, o, total size N, maxi-
mum responses per query d, PPL range [pmin, Pmax] and bin
width w.
Output: Selected subset R.

: Step 1: Binning
: Define M = [(Pmax — Pmin)/w] bins.
: Partition D into bins By, ..., By based on PPL p.
Discard samples where p ¢ [Pmin, Pmax]-
Step 2: Target Distribution Setup
: foreachbini € {1,..., M} do
Let x; be the center PPL of bin 4.
e

o2 €

A A bl Sl on

Compute density d; =
9: end for

10: Normalize counts: T5 «— [N - (di/ >, d;)].
11: Step 3: Length-Prioritized Sampling

12: for each bini € {1,...,M} do

13: Sort B; by length [ in descending order.

14: Initialize bin counter ¢; < 0.

15: for each candidate (g, r,p,1) € B; do

16: if ¢; < T; and Count(q) < d then

17: S+ Su{(g,m)}.

18: Count(q) < Count(q) + 1, ¢; < ¢; + 1.
19: end if

20: end for

21: end for

22: return R

a Gaussian-guided PPL sampling algorithm (Algo-
rithm 1). This algorithm samples data according
to a predefined Gaussian PPL distribution consist-
ing of three key stages: binning, target distribution
setup, and length-prioritized sampling. It allows us
to explicitly control the PPL distribution centered
at p with a dispersion o, while enforcing maximum
responses per query d. Specifically, an increase in
w shifts the selection toward higher-PPL reasoning
paths, while 0 modulates the sampling density for
data points deviating from the central perplexity.
Furthermore, within the same PPL bin, we priori-
tize longer responses to enhance the model’s capa-
bility in generating complex, multi-step reasoning
chains. Hyperparameter details for this sampling
process are provided in Appendix A.2.

Training. Given a batch of M reasoning trajec-
tories Burg = {51, 52, ..., 5m} (each with Kg
tokens) selected for promotion, we adopt the MLE
objective by minimizing the cross-entropy loss:

Ks
1
U e > D logp(st | s<i)- (3)

o SeBwik t=1

Lcg = —

3.2.2 Suppress High-Confidence Errors

The second objective of OXA focuses on weaken-
ing the probability mass at erroneous peaks by sup-
pressing high-confidence but incorrect reasoning



trajectories via the unlikelihood loss. This process
redistributes the probability mass from incorrect
paths toward potentially correct alternatives.

Data. Since the rollouts from a pre-trained LLM
often suffer from low quality, we first train an
instruction-following model using a small set of
teacher-distillation data, then use it to sample rea-
soning trajectories. After verifying trajectories, we
calculate the PPL of incorrect ones using the pre-
trained LLLM to assess confidence. Subsequently,
we select the samples with the lowest PPL that fail
the verification for suppression.

Training. Given a batch of IV reasoning trajec-
tories Byr, = {51, Se, ..., Sy} identified as high-
confidence errors, we apply the token-level unlike-
lihood loss (Welleck et al., 2020):

1 Ks
N -Kg Z ZIOg(l—p(st | 5<t)) -

SeByL t=1
4)

Lyl = —

3.2.3 Global Training Objective

Combining these components, the final OXA ob-
jective integrates both losses. We introduce a hy-
perparameter « to weight the unlikelihood loss:

L=Lcg+ - Ly ®))

In practice, « is kept small to prevent excessive
gradient magnitudes that could destabilize train-
ing. A theoretical analysis demonstrating how a
large « leads to vanishing or exploding gradients
is provided in Appendix A.1.

We evaluate two variants of our framework:
a baseline version using only the first objective
(OXAnmLg) and the complete framework (OXAgyy).

4 Experiments

In this section, we demonstrate that OXA is capa-
ble of evolving pre-trained LLMs into exploration-
engaged RLVR starting points, possessing superior
mathematical reasoning capabilities to unlock fur-
ther RL potential.

* In Section 4.2, our main experiment shows
that OXA fulfills two objectives: improving
initial performance and maintaining higher
policy entropy.

* In Section 4.3, we validate the effectiveness
of OXA when generalizing to two additional
LLMs and scaling the training data.

* In Section 4.4, we present extensive ablation
studies, including validating each component
and hyperparameter, analyzing the impact of
long data, assessing generalization to out-of-
distribution reasoning tasks, and demonstrat-
ing orthogonality to other methods.

4.1 Experiment Setups

Model. We select several pre-trained LLMs
as the training start points. Our main ex-
periment is based on Qwen2.5-1.5B-Math and
Qwen2.5-7B-Math, hereafter referred to as the
1.5B and 7B models, respectively. Our main exper-
iment follows the full SFT-then-RLVR paradigm
by applying different SFT methods while main-
taining the unified RLVR settings. In our model
generalization experiment, we also validate OXA
on LLaMA3.2-3B-Base and Qwen3-1.7B-Base.

Baselines. We choose two baselines. The first
is conventional SFT, which uses teacher distilla-
tion data as supervised signals to fine-tune pre-
trained LLMs. The second is low-PPL preferred
SFT (SFTyp), which fine-tunes models using dis-
tillation data with the lowest PPL, serving as a
contrast to our approach. To ensure fairness, as
OXA utilizes 50, 000 teacher distillation samples,
we select an equal amount of data randomly for
conventional SFT and based on low-PPL prefer-
ence for SFTyp. Furthermore, in Section 4.4, we
compare OXA with conventional SFT using the
full dataset with 2.6 million samples.

SFT Details. We use AceReason-1.1-SFT!, a
pollution-free dataset containing 2.6 million un-
verified DeepSeek-R1 distilled mathematical sam-
ples. After tracing back original answers, we
use math-verify? to filter out incorrect reason-
ing paths, leaving nearly 2 million samples. We
then apply our sampling algorithm to select 50, 000
high-PPL correct samples and 50, 000 low-PPL in-
correct ones. We separately evaluate OXAp g and
OXAFgqu. All of the instruction datasets maintain
a one-query-to-one-response ratio. Figure 2 (a) il-
lustrates the distribution of sequence lengths and
PPL for the 7B model’s training data. During fine-
tuning, we use a batch size of 128 and a UL loss
weight of 10~ for 6 epochs, with learning rates of
2.5%x 1074 (1.5B) and 5x 10~° (7B). See Appendix
A.3 for more details.

"https://huggingface.co/datasets/nvidia/
AceReason-1.1-SFT

2https://github.com/huggingface/Math-Verify
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Vod | AIME2e [ AIMEZS | BRUMO2S | CMIMC2S | HMMTZ5 | Minerva | Avg Perl
ode |Pass@1 Pass@128 |Pass@] Pass@128 |Pass@] Pass@128 | Pass@1 Pass@128 | Pass@1 Pass@128 | Pass@1 Pass@64 | Pass@1 Pass@k
Qwen2.5-1.5B-Math
Base 94 533 4.5 36.7 11.5 40.0 24 35.0 0.5 26.7 11.9 62.9 6.7 424
SFT.p 20.5 76.7 20.5 533 29.8 73.3 9.8 50.0 7.1 40.0 20.7 61.4 18.1 59.1
SFT 23.2 80.0 23.8 60.0 29.0 80.0 11.0 52.5 11.6 50.0 22.3 61.4 20.2 64.0
OXAmLE 35.0 83.3 27.1 66.7 36.1 83.3 14.9 57.5 18.5 60.0 25.7 63.2 26.2 69.0
OXAgu 354 80.0 26.7 66.7 34.7 83.3 159 62.5 18.2 60.0 22.8 64.0 25.6 69.4
SFTypT 223 70.0 22.6 60.0 29.4 76.7 10.7 45.0 9.5 46.7 22.0 58.5 19.4 59.5
SFT+ 27.2 76.7 25.4 60.0 34.6 76.7 11.9 45.0 13.8 56.7 23.3 62.5 22.7 62.9
OXAmiet  40.1 83.3 27.9 63.3 39.1 83.3 16.4 60.0 19.7 53.3 27.1 65.8 28.4 68.2
OXAgunt 39.0 83.3 29.3 63.3 41.8 76.7 17.4 57.5 19.1 66.7 27.6 65.1 29.0 68.8
Qwen2.5-7B-Math

Base | 160 633 | 73 433 | 98 533 | 24 350 | 06 167 | 132 640 | 82 459
SFT.p 38.4 833 29.0 63.3 41.2 86.7 20.5 60.0 19.3 63.3 342 62.1 30.4 69.8
SFT 475 86.7 342 80.0 48.0 83.3 26.8 77.5 24.4 66.7 333 65.4 35.7 76.6
OXAmLE 54.5 90.0 39.3 83.3 50.9 90.0 26.6 75.0 24.5 80.0 37.3 65.4 38.8 80.6
OXAgy 50.2 86.7 36.7 83.3 50.9 90.0 24.8 80.0 23.1 70.0 36.3 64.7 37.0 79.1
SFTipt | 420 767 | 316 667 | 461 800 | 233 550 | 213 567 | 367 632 | 335 664
SFT+¥ 50.9 90.0 35.1 80.0 51.6 83.3 30.3 67.5 23.6 70.0 35.1 64.0 37.8 75.8
OXAmef 579 83.3 42.0 93.3 54.3 90.0 28.3 65.0 26.5 63.3 38.7 64.3 41.3 76.6
OXAgpunt 58.9 833 40.8 80.0 54.4 90.0 28.4 60.0 26.6 66.7 38.9 66.9 413 74.5

Table 1: Performance comparison of fine-tuning methods and their corresponding RLVR stages. “Base” denotes
the pre-trained LLMs, and findicates models after RLVR training. Pass@1 scores are averaged over 128 samples,
except for Minerva which is averaged over 64 samples. Best results within each SFT/RLVR group are bolded.

RLVR Details. Our training dataset is a subset
of DeepScaleR-40K?. For RL training, we use a
maximum output length of 16, 384, 8 rollouts per
prompt, a batch size of 64, and a decoding temper-
ature of 0.85. The learning rate is set to 2 x 1075,
We train the 1.5B and 7B models for 1,600 and
1, 200 update steps, respectively. For each RL ex-
periment, we report results from the checkpoint
achieving the peak score on the AIME24 bench-
mark. See Appendix A.3 for other details.

Evaluation. We comprehensively evaluate on six
mathematical benchmarks: AIME24, AIME?2S5,
BRUMO25 (Balunovic et al., 2025), CMIMC25
(Balunovic et al., 2025), HMMT?25 (Balunovic
etal.,2025), and Minerva (Lewkowycz et al., 2022).
We report Pass@1 and Pass@Fk scores to assess rea-
soning capabilities, where the latter represents the
model’s potential to solve problems. To ensure
stability, Pass@1 is averaged over k samples. We
set k = 64 for Minerva and k£ = 128 for all other
datasets. By default, we generate from the models
using a temperature of 0.6, a Top-p value of 0.95,
and a maximum output length of 32, 768 tokens.

4.2 Main Results

Results of fine-tuning. We evaluate 1.5B and 7B
LLMs across four configurations: standard SFT,
low-PPL SFT (the converse of OXA), and OXA
in its MLE-only variant and its complete form
(MLE + UL Objective), denoted as SFT, SFTyp,

3https://huggingface.co/datasets/agentica—org/
DeepScaleR-Preview-Dataset

Model‘SFTLp SFT OXAMLE OXAFu“

1.5B 15205 15054 15809 15700
7B 13477 12388 12677 13002

Table 2: Average output lengths of fine-tuned Qwen?2.5-
1.5B/7B on the AIME24 benchmark.

OXAmMLE, and OXAgy, respectively. As summa-
rized in Tables 1 and 2, several key observations
emerge: (1) Both OXA variants significantly out-
perform the baselines; notably, the OXA fine-tuned
1.5B model achieves average improvements of +6
Pass@1 points and +5 Pass@Fk points over con-
ventional SFT. These gains suggest that OXA not
only enhances base reasoning performance but also
augments the model’s capability to solve challeng-
ing problems. (2) SFTLp consistently underper-
forms relative to SFT and lags significantly behind
OXAMLE, highlighting the effectiveness of internal-
ization low-confidence samples. (3) While OXApyy
yields a slightly lower Pass@]1 score than OXApmyE,
its Pass@Fk performance remains competitive, in-
dicating robust solution diversity. (4) Despite a
selection bias toward longer reasoning trajectories,
OXA does not substantially alter the average re-
sponse length of the model.

Results of reinforcement learning. Subse-
quently, we perform extensive RLVR training on
the fine-tuned LLMs, spanning 1, 600 update steps
for the 1.5B models and 1, 200 steps for the 7B
models. Based on the results marked with fin Ta-
ble 1, we observe that: (1) The performance gains
achieved by OXA persist throughout the RLVR pro-
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Figure 3: Pass@Fk curves of 1.5B and 7B models across different fine-tuning methods on CMIMC25 and HMMT25.

cess, yielding more robust reasoning models upon
completion of the full SFT-then-RLVR pipeline. (2)
Compared to OXAmrg, OXAFgy) achieves superior
or competitive performance after RLVR training.
Specifically, Figure 2 (b) illustrates that OX Ay
exhibits a more rapid performance ascent during
the RL process, ultimately leading to higher scores.

Dynamics of policy entropy. Figure 2 (c)
records the policy entropy dynamics for the 7B
model during RLVR training. The results indi-
cate that, compared to SFTrp and conventional
SFT, OXA models—particularly OX Ag,;—sustain
higher entropy levels during the initial training
phase. This validates the effectiveness of our ap-
proach in facilitating the sampling of diverse rea-
soning trajectories.

Frontiers of reasoning potential. To understand
the distinct impact of OXA compared to other SFT
methods, we categorize Minerva’s problems by dif-
ficulty based on the pre-trained LLM’s pass counts
across 128 rollouts. Figure 2 (d) shows that OXA
outperforms SFT across all difficulty levels, par-
ticularly in the range of 5 to 16, where more chal-
lenging problems reside, yielding significant gains.
Moreover, Pass@k results in Figure 3 validate
that OXA expands the model’s reasoning poten-
tial. These results consistently demonstrate that
OXA increases the likelihood of generating previ-
ously uncaptured low-probability reasoning paths,
thus enabling the model to solve harder problems.

4.3 Scaling Analysis

Model Generalization. Beyond the Qwen?2.5 se-
ries, we further evaluate the efficacy of OXA on
LLaMA3.2-3B and Qwen3-1.7B models. Notably,
LLaMA3.2 serves as a representative of models
that have not undergone extensive pre-training on
mathematics corpora. Figure 4 (a) and (b) illustrate
the average performance across the 6 mathematical
benchmarks. Our results demonstrate that OXA
consistently achieves the best results with substan-
tial performance margins. This is particularly ev-
ident in the LLaMA3.2 model, where OXA out-
performs vanilla SFT by nearly +6 Pass@]1 points
and 410 Pass@¥k points. These findings suggest
that OXA yields more pronounced improvements
for models lacking mathematics pre-training.

Data Scaling. We further investigate the scal-
ability of OXA by increasing the training data
size from 50,000 to 150,000 samples. We
report the performance of SFT, OXAmig, and
ARN-1.1-SFT—a strong baseline fine-tuned on the
full AceReason-1.1-SFT dataset. ARN-1.1-SFT is
trained by fine-tuning Qwen2.5-7B-Math with 2.6
million mathematical and 1.3 million code reason-
ing trajectories (Liu et al., 2025). As illustrated
in Figure 4 (c), scaling the training data signifi-
cantly enhances the performance of OXA, which
consistently maintains a substantial lead over the
SFT baseline. Notably, with only 150,000 sam-
ples, OXA achieves performance nearly on par with
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Configuration \ AIME24 AIME2S
3.0e-4 23.8 23.1
Learning rate (1.5B)  2.5e-4 232 23.8
1.0e-4 22.8 23.1
1.0e-4 459 354
Learning rate (7B) 5.0e-5 47.5 34.2
2.0e-5 45.5 327
5.0e-4 30.2 24.8
UL loss weight o 3.0e-4 26.7 15.0
1.0e-4 354 26.7
2.0-25] 251 22.6
PPL sampling interval 2.5-3.0 | 27.4 23.6
2.5-3.5| 249 23.5
. . 0.5 335 24.5
I‘Z;Lf gamusjﬁ“'g“‘ded 0.25 35.0 26.5
ping 0.1 31.8 26.4

Table 3: Pass@]1 scores of different configurations on
AIME24 and AIME25 benchmarks.

the ARN-1.1-SFT model, despite the latter being
trained on millions of trajectories.

4.4 Ablation Study

()1: Whether each setup of OXA has been em-
pirically verified? A;: Yes. Table 3 presents
the results of ablating the hyperparameters used in
OXA. By default, the experiments are conducted on
the 1.5B model. The final configurations we use in
the main experiment are bolded. Gaussian-guided
PPL sampling outperforms the interval sampling,
validating the benefit of mixing a small proportion
of low-PPL data for better optimization.

@)2: Can OXA models generalize to out-of-
distribution reasoning tasks? A,: Yes. We fur-
ther evaluate OXA models on the PhD-level prob-
lems via GPQA diamond (Rein et al., 2023) and
MMLU-STEM (Hendrycks et al., 2021). As illus-
trated in Figure 4 (d), OXA models consistently
outperform SFT baselines, demonstrating that our
method effectively enhances the model’s funda-
mental complex reasoning capabilities.

w
8

208 411

N
o

23.8

20.5
) .
15

Low PPL “andommw PPHL\E"-\T;% P\,L+Lonq

AIME25 Pass@1
8
AIME25 Pass@1
N
N
w

w
&

N
5

Qwen2.5-1.5B-Math Qwen2.5-7B-Math

(a) (b)

Figure 5: (a) Results of OXAg, with Clip-Cov
(OXAp+CC) on AIME25. (b) Comparison across
different reasoning data selection strategies on AIME25.
“Low PPL”, “Random”, and “High PPL + Long” corre-
spond to SFTp, SFT, and OXAypg, respectively.

Q3: Is OXA orthogonal to other methods? As:
Yes. We combine OXA with Clip-Cov (Cui et al.,
2025), which is an RLVR-enhanced method that
controls entropy by restricting the update of high-
covariance tokens to encourage exploration. Fig-
ure 5 (a) shows that OXA equipped with Clip-Cov
achieves superior performance.

(24: Does OXA only benefit from selecting long
data? A,: No. Figure 5 (b) presents a compar-
ison where the pre-trained LLM is fine-tuned on
long data with low PPL. While this configuration
yields marginal improvements over SFTYp, it still
lags significantly behind OX Ay g, validating that
the effectiveness of OXA stems from the integra-
tion of both low-confidence and long data.

5 Conclusion

We propose OXA to establish exploration-engaged
initializations for the RLVR of mathematical LLMs.
By leveraging MLE on low-confidence teacher data
and unlikelihood training on high-confidence in-
correct self-generated samples, OXA effectively
boosts reasoning performance, expands the ex-
ploration space, and maintains high policy en-
tropy. While validated on mathematics, OXA holds
promise for other complex domains like code gen-
eration, which we defer to future work.



Limitations

Despite the performance gains, our work has two
primary limitations. First, compared to vanilla SFT,
OXApy incurs additional computational overhead
due to the requirement of self-distillation reason-
ing trajectories. This sampling process is more
resource-intensive than standard SFT. We further
analyze the computation overhead of OXA in Ap-
pendix A.4. Second, due to limited computational
resources, our empirical validation was restricted to
models ranging from 1.5B to 7B parameters. How-
ever, we hypothesize that the benefits of OXA will
be even more pronounced in larger-scale models.
This is because larger models typically possess a
greater capacity to internalize the reasoning paths
with high PPL that smaller models might struggle
to capture. We leave the exploration of OXA on
larger model scales for future research.
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A Appendix

A.1 Theoretical Analysis of Unlikelihood Loss

In this section, we analyze the gradient dynamics
of the Unlikelihood Loss (Lyr) compared to the
standard Cross-Entropy Loss (Lcg) to justify the
necessity of a small scaling factor c.

Let = € RY denote the logit vector output by
the model at a specific time step ¢, where V is the
vocabulary size. Let py, = softmax(z)j, represent
the predicted probability for token k. For a given
input context s, let x; be the specific token index
targeted by the loss function (the ground truth token
for Lcg or the negative token to be penalized for
Lyp).

A.1.1 Gradient of Cross-Entropy Loss

The gradient of Lcg with respect to any logit z; is
bounded. Specifically:

OLcE

> (©6)

pj — 1(j = =),

where 1(-) is the indicator function. Since p; €
(0,1), the gradient magnitude is strictly bounded

OLc
such that 9z,

regardless of the model’s current confidence.

< 1. This ensures stable updates

A.1.2 Gradient of Unlikelihood Loss

The unlikelihood objective aims to minimize the
probability of a negative token x;. The loss is de-
fined as Ly = —log(1 — p,,). Using the chain
rule, we derive the gradient with respect to the log-
its.
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For the target negative token logit (2, ):

0Ly _ OLyL  Ope,
0zg, Opz, Oza,
1

1- Dz,
This term is bounded within [0, 1]. However, the
instability arises from the gradients with respect
to other tokens z; (where j # x;). The derivative

of the softmax function for off-target indices is
Opzy

oz, —Pz,pj. Thus:
OLu _ OLuL Opa,
0z Ope, 0z
1
- 1 _pmt : (_pl’tp])

) . ®)

i <p
J
1- Daxy
—_——
Odds Ratio Term

A.1.3 Instability and Weight Scaling

Equation 8 reveals a critical instability mechanism.
The gradient for all non-target logits is scaled by

the odds ratio of the negative token, %.
Tt

High-Confidence Errors. Consider a scenario
where the model assigns a high probability to a hal-
lucinated or incorrect token z; (e.g., pz, = 0.99).
In this case, the gradient scaling factor becomes:

0.99

1-099

©)
Consequently, the gradient applied to all other log-
its z; is amplified by a factor of roughly 100 com-
pared to standard training dynamics. As p,, — 1,
this term approaches infinity.

If the scaling factor « in the final objective
L = Lcg 4+ a- Ly is set to 1.0, these exploded
gradients from high-confidence errors effectively
overwrite the semantic knowledge learned via Lcg,
leading to catastrophic forgetting or model diver-
gence. By setting o to a small value (e.g., 107%),
we counteract the explosion of the odds ratio term,
ensuring that the unlikelihood updates remain com-
parable in magnitude to the maximum likelihood
updates, thus stabilizing the training process.

A.2 Preliminary Experiments

As illustrated in Figure 6, the performance of mod-
els fine-tuned on data subsets from different PPL
ranges exhibits significant variance. Specifically,
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Figure 6: Impact of data perplexity ranges on reasoning performance. (a)-(b) Performance on AIME24 of 1.5B
models fine-tuned on various PPL intervals. (c)-(d) Corresponding results for 7B models across different PPL

ranges.

training on data with excessively low PPL (e.g.,
1.0-2.0) yields suboptimal reasoning capabilities,
as these samples likely represent patterns the model
has already mastered, offering limited signal for
further improvement. In contrast, data with slightly
higher PPL (e.g., 2.0-3.0) achieves the best perfor-
mance, as it trains the model to internalize previ-
ously uncaptured reasoning trajectories.

However, we also observe that if the PPL is too
high, the complexity of the reasoning paths may
exceed the model’s current capacity, leading to op-
timization difficulties. To strike an optimal bal-
ance between learning and exploration potential,
we propose Gaussian-guided PPL sampling. This
approach allows us to concentrate training on the
most effective PPL regions while maintaining a
smooth distribution. Based on these preliminary
findings, we set the Gaussian mean p to 2.5 for
1.5B models and 3.0 for 7B models in our main
experiments.

A.3 Detailed Experimental Setup

Model configurations. To enable long-sequence
modeling for mathematical reasoning, we adjust
the rotary positional embedding (RoPE) param-
eters for the Qwen2.5-1.5B-Math and Qwen2.5-
7B-Math models. Specifically, we increase rope
theta from 10, 000 to 1,000,000 and extend max
position embeddings from 4,096 to 40, 000. For
LLaMA3.2-3B and Qwen3-1.7B, no modifications
are required as their native context window of
32,768 is sufficient for our experiments. Addi-
tionally, we remove the system prompt component
from the tokenizer templates across all models to
ensure a consistent and simplified input format.

Data preparation. The first objective of OXA
involves sampling from teacher-distilled SFT data.
For Qwen2.5-1.5B-Math, the sampling hyperpa-
rameters are set as follows: MIN PPL = 1.0, MAX
PPL = 5.0, BIN WIDTH = 0.05, TARGET STD =
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0.25, and TOTAL SAMPLES = 50,000. We main-
tain these settings for other models while ad-
justing the TARGET CENTER: it is set to 2.5 for
Qwen2.5-1.5B-Math and LLaMA3.2-3B, and 3.0
for Qwen2.5-7B-Math and Qwen3-1.7B. To elicit
structured chain-of-thought reasoning, we append
the following instruction to each SFT problem:
“AnLet’s reason step by step. Enclose the rea-
soning process within <think>...</think>, then
summarize it and present the final answer within
\boxed — for example: <think>reasoning process
here</think> \boxedanswer here.” For RLVR train-
ing, we use DeepSeek-Distill-Qwen2.5-7B to
perform 8-sample generation per query. We se-
lect 10,000 trajectories with pass rates between
0.2 and 0.8, effectively filtering out tasks that are
either trivial or excessively difficult.

Training details. For SFT, the Qwen2.5-1.5B-
Math model is trained with a cutoff len of 32, 768,
a learning rate of 2.5 x 1074, and 6.0 epochs. We
use a warmup ratio of 0.03, weight decay of 0.1,
and Adam optimizer with 81 = 0.9, 82 = 0.95,
using a global batch size of 128. For other mod-
els, we adjust only the learning rates: 5.0 x
107° for Qwen2.5-7B-Math, and 2.0 x 10~* for
both LLaMA3.2-3B and Qwen3-1.7B. Reinforce-
ment learning parameters are kept uniform: train
batch size is 64, max response length is 16, 384,
actor learning rate is 2.0 x 1076, KL coefficient
is 0.001, with 8 rollouts per query at a tempera-
ture of 0.85. In our data scaling experiments with
Qwen2.5-7B-Math, we increase the global batch
size to 384 and the learning rate to 1.5 x 10~ to
ensure the total number of optimization updates
remains consistent with our baseline experiments.
We use LLaMA-Factory (Zheng et al., 2024b) and
Verl (Sheng et al., 2025) for fine-tuning and rein-
forcement learning, respectively.



A4 Compute Overhead Discussion

Compared to conventional SFT, the additional com-
putational overhead of OXA primarily stems from
two components: PPL estimation for data selection
and model decoding during self-distillation.

Efficiency of PPL estimation. While OXA intro-
duces a PPL calculation step, this process is highly
efficient in practice. Since PPL estimation is per-
formed through a single forward pass, the negative
log-likelihoods of all tokens in a sequence are com-
puted simultaneously in parallel. This allows the
selection process to scale efficiently with sequence
length, avoiding the sequential bottlenecks typical
of autoregressive generation.

Self-distillation and mitigation. The primary
source of extra compute relative to vanilla SFT
is the generation of high-confidence error trajec-
tories via self-distillation. However, the cost of
this phase is significantly mitigated by modern
inference-time optimizations. In our pipeline, we
leverage high-throughput inference frameworks
such as vLLM (Kwon et al., 2023) and SGLang
(Zheng et al., 2024a), coupled with model quanti-
zation techniques. These advancements ensure that
the generation of self-distilled data is both rapid
and cost-effective, making OXA a practical choice
for large-scale training.

A.5 Comparison OXA Fine-Tuning with
Direct Preference Optimization

While both OXA and direct preference optimiza-
tion (DPO) (Rafailov et al., 2023) promote desir-
able samples and suppress undesirable ones, they
differ fundamentally in two key aspects:

Data structure and coupling. DPO is inherently
a pairwise framework, requiring each training in-
stance to consist of a triplet: a single query as-
sociated with both a “chosen” (desirable) and a
“rejected” (undesirable) response. This constraint
limits the utilization of unpaired data. In contrast,
the data requirements for OXA are entirely decou-
pled. OXA permits queries to be associated with
only a desirable or only an undesirable response,
significantly lowering the barrier for data collec-
tion. Furthermore, this decoupling allows for flexi-
ble control over the mixing ratio of desirable and
undesirable samples within each training batch, a
hyperparameter that can be tuned to balance explo-
ration and exploitation.
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Optimization mechanism. The training dynam-
ics of the two methods are distinct. DPO employs a
contrastive loss, which primarily focuses on maxi-
mizing the relative log-probability gap between the
chosen and rejected responses. Conversely, OXA
treats promotion and suppression as two indepen-
dent objectives: the NLL loss focuses on internal-
izing correct reasoning patterns, while the unlike-
lihood loss directly minimizes the probability of
incorrect paths. There is no intrinsic mathematical
linkage between these two objectives in OXA, al-
lowing the model to learn from each type of signal
independently without the need for a direct com-
parison between two specific trajectories for every

query.
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