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Abstract

Large reasoning models (LRMs) are typically
trained using reinforcement learning with ver-
ifiable reward (RLVR) to enhance their rea-
soning abilities. In this paradigm, policies
are updated using both positive and negative
self-generated rollouts, which correspond to
distinct sample polarities. In this paper, we
provide a systematic investigation into how
these sample polarities affect RLVR training
dynamics and behaviors. We find that posi-
tive samples sharpen existing correct reason-
ing patterns, while negative samples encourage
exploration of new reasoning paths. We fur-
ther explore how adjusting the advantage val-
ues of positive and negative samples at both
the polarity level and the token level affects
RLVR training. Based on these insights, we
propose an Adaptive and Asymmetric token-
level Advantage shaping method for Policy
Optimization, namely A3PO, that more pre-
cisely allocates advantage signals to key to-
kens across different polarities. Experiments
across five reasoning benchmarks demonstrate
the effectiveness of our approach. The code is
available at https://github.com/RUCAIBox/
Sample-Polarity-of-RLVR.

1 Introduction

Large reasoning models (DeepSeek-Al et al., 2025;
Zhao et al., 2023a) have recently gained signifi-
cant attention due to their impressive performance
in mathematical, coding, and scientific reason-
ing tasks. These models typically adopt the rein-
forcement learning with verifiable reward (RLVR)
paradigm (Yu et al., 2025; Chen et al., 2025a; Tang
et al., 2026), where they generate multiple long
chain-of-thought reasoning trajectories and use ver-
ifiable binary rewards to assess the correctness of
the final answers. The reward signals are then used
to update the model’s policy. Unlike supervised

* Equal contribution.
¥ Corresponding author.

fine-tuning (Zhang et al., 2023; Zhan et al., 2024;
Li et al., 2026), which imitates external teachers
by memorizing correct examples, RLVR enables
models to learn from their own generated rollouts,
including both positive and negative samples. This
approach iteratively enhances the model’s reason-
ing ability by leveraging the group advantage from
these samples. However, within this framework,
the distinct roles of positive and negative samples,
which are referred to as sample polarity, remain
underexplored.

To explore this question, prior studies have at-
tempted to analyze the respective contributions
of positive and negative samples in RLVR. For
instance, Zhu et al. (2025) decomposes RLVR
into two learning paradigms: positive sample rein-
forcement (PSR) and negative sample reinforce-
ment (NSR). Their findings show that training
solely with negative samples yields surprising re-
sults. However, their experiments were constrained
to a simple math training dataset and a small set
of models, which limits the generalizability of
their conclusions. Subsequent studies observe an
asymmetry between positive and negative samples
and propose methods to improve importance sam-
pling (Wang et al., 2025a), advantage shaping (Zhu
et al., 2025), and clipping mechanisms (Hao et al.,
2025; Xi et al., 2025). Nevertheless, a thorough
analysis of how positive and negative samples influ-
ence RLVR training dynamics remains incomplete.

In this paper, we systematically analyze the roles
of positive and negative samples in RLVR by ap-
plying PSR and NSR to three different base LLMs.
We find that positive samples sharpen the model’s
existing correct reasoning paths, reduce entropy,
and result in shorter outputs. In contrast, negative
samples promote the discovery of new reasoning
patterns, increase entropy, and encourage longer
responses. However, using only one sample polar-
ity impairs reasoning performance and boundary,
demonstrating that both types are important for
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RLVR. Given these distinct roles, a crucial ques-
tion arises: how can we modulate their influence to
steer the training process?!

To answer this, we further investigate how adjust-
ing the influence of positive and negative samples
at different granularities affects RLVR training. At
the polarity level, assigning higher weights to posi-
tive samples accelerates reward improvement but
narrows exploration diversity, whereas emphasiz-
ing negative samples encourages broader explo-
ration at the expense of slower reward progress.
To examine the training process in finer gran-
ularity, we perform token-level advantage shap-
ing to determine which specific tokens in positive
and negative samples contribute more to the train-
ing dynamics. Our results indicate that weight-
ing tokens based on their entropy and probabil-
ity has distinct effects for each polarity. Build-
ing on these findings, we propose an Adaptive
and Asymmetric token-level Advantage shaping
method for Policy Optimization, namely A3PO.
This approach dynamically adjusts the advantages
of high-probability tokens in negative samples and
low-probability tokens in positive samples, en-
abling finer-grained advantage allocation. Experi-
ments across three LLMs and five reasoning bench-
marks validate the effectiveness of A3PO.

Our contributions are summarized as follows:

e Through a comprehensive analysis of sample
polarity in RLVR, we identify distinct training dy-
namics between them and observe that both sample
types synergistically promote RLVR training.

o We investigate how varying the influence of
positive and negative samples at different granular-
ities affects RLVR training through polarity-level
and token-level advantage shaping.

e We propose an adaptive and asymmetric token-
level advantage shaping method, which enables
finer-grained advantage allocation and leads to
more effective and stable RLVR training.

2 Related Work

2.1 Reinforcement Learning with Verifiable
Rewards

Reinforcement learning with verifiable rewards
(RLVR) effectively improves the reasoning abil-
ity of large language models (Zhan et al., 2026;
Wang et al., 2025c¢; Tang et al., 2025). Under this
paradigm, an LLM acts as a policy model that gen-
erates multiple long chain-of-thought reasoning
paths (Li et al., 2025a; Liu et al., 2026). The model

is optimized using binary outcome-based rewards,
which removes the need for a learned reward model.
As a representative algorithm, group relative policy
optimization (GRPO) (DeepSeek-Al et al., 2025)
computes advantages directly from groups of roll-
outs, avoiding reliance on a learned value network
and enabling scalable reasoning through zero-RL.
Following GRPO, subsequent studies have refined
the algorithm by introducing enhanced techniques
for advantage estimation (Chen et al., 2025b; Yan
et al., 2026), loss aggregation (Zhao et al., 2025;
Zheng et al., 2025), importance sampling (Chen
et al., 2025a), and sampling strategies (Li et al.,
2025c¢; Chen et al., 2026).

2.2 Sample Polarity in RLVR

In RLVR, both positive and negative samples are
important for policy optimization. Positive samples
reinforce correct reasoning paths, while negative
samples allow models to learn from their mistakes.
Prior work has examined the distinct effects of
these two sample types (Zhu et al., 2025) and pro-
posed methods that treat them differently (Wang
et al., 2025a; Hao et al., 2025; Xi et al., 2025).
However, a systematic analysis of how positive and
negative samples fundamentally shape training dy-
namics and how to best modulate their influence
remains lacking. To address this, we provide a
more thorough investigation of how different sam-
ple polarities affect training dynamics and analyze
their respective contributions to RLVR. In addition,
we conduct a finer-grained analysis of different
sample polarities via polarity-level and token-level
advantage shaping. A detailed comparison with
previous work is provided in Appendix E.

3 Rethinking the Role of Positive and
Negative Samples in RLVR

In this section, we analyze how positive and nega-
tive samples affect RLVR training across different
base LLMs. Specifically, we study reinforcement
using only positive and negative samples and com-
pare their training dynamics and model behaviors.

3.1 Experimental Setup

We conduct experiments with three different types
of LLMs: a math-enhanced LLM Qwen2.5-7B-
Math (Yang et al., 2024), a general pretrained LLM
Qwen3-8B-Base (Yang et al., 2025), and a distilled
LLM after supervised fine-tuning DeepSeek-R1-
Distill-Qwen-7B (DeepSeek-Al et al., 2025). Fol-
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Figure 1: RLVR training dynamics under three training paradigms on Deepseek-R1-Distilled-Qwen-7B.

lowing Zhu et al. (2025), we perform reinforce-
ment separately using only positive and negative
samples for each LLM, and include DAPO, which
utilizes both types of samples, for comparison.
More details on positive and negative sample re-
inforcement are included in Appendix B.1, and
experimental setups are provided in Appendix A.

3.2 Different Training Dynamics of Positive
and Negative Sample Reinforcement

Positive samples reduce entropy, negative sam-
ples maintain it. As shown in Figure 1a and 1d,
reinforcement with only positive samples leads to
a rapid decline in model entropy, while reinforce-
ment with only negative samples helps maintain
higher entropy levels on both training and valida-
tion data. This occurs because positive reinforce-
ment amplifies the logits of tokens that appear in
correct solutions, making the model more confident
in a narrow set of high-probability predictions. In
contrast, negative reinforcement reduces the logits
of tokens present in incorrect solutions and indi-
rectly boosts alternatives, thus preserving greater
exploration diversity and higher entropy.

Positive samples produce shorter responses, neg-
ative samples yield longer ones. Figure 1b shows
that models trained with positive samples alone
generate increasingly shorter responses, whereas
those trained with negative samples produce longer
outputs. This is because positive reinforcement re-
wards the most efficient path to correct answers,
implicitly penalizing extra reasoning steps. On

the other hand, negative reinforcement suppresses
incorrect tokens without encouraging brevity, al-
lowing models to explore longer reasoning chains.

Using only one sample polarity harms reasoning
abilities and boundaries. As shown by the train-
ing reward in Figure 1c and validation performance
in Figure le and 1f, training with only positive or
negative samples damages the model’s reasoning
ability and boundary, with further degradation over
training. It is worth noting that although Zhu et al.
(2025) suggests that negative-only reinforcement
can improve reasoning boundaries, we find that it
only maintains Pass@32 performance comparable
to DAPO on Qwen2.5-7B-MATH, indicating that
such a conclusion is limited to certain models. This
further confirms that both positive and negative
samples are essential in RLVR.

Negative samples are key to preserving general-
ization. As illustrated in Figure 1c and Figure le,
reward on the training set declines faster or grows
slower with negative sample reinforcement com-
pared to positive sample reinforcement. However,
models trained with negative samples achieve bet-
ter performance on the validation set. This suggests
that negative samples are crucial for maintaining
the model’s generalization ability in RLVR.

3.3 Different Training Dynamics across Base
LLMs

Figure 2 illustrates how reward changes during
RLVR training across various base LLMs. For
Qwen2.5-7B-Math, using only positive or negative
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Figure 3: Training behaviors of different paradigms.

samples can improve reward, but is less effective
than using both together. Here, both types of sam-
ples jointly accelerate RL training and lead to better
final performance. In contrast, for Deepseek-R1-
Distilled-Qwen-7B, training with only one polar-
ity damages reasoning ability. Only when both
positive and negative samples are combined does
reward improve consistently.

When training Qwen3-8B-Base with only posi-
tive samples, the reward initially drops sharply and
then recovers in later stages. We observe that the
model exhibits reward hacking, where it learns to
guess answers directly rather than perform step-
by-step reasoning. On the other hand, using only
negative samples results in reward fluctuation with-
out steady progress. This occurs because negative
sample reinforcement continuously shifts probabil-
ity away from high-probability tokens to others,
which increases the likelihood of generating irrele-
vant tokens and ultimately leads to mojibake output.
Detailed analyses of accuracy changes on valida-
tion samples are presented in Appendix F.

3.4 Positive Samples Encourage Shapren,
Negative Samples Help Discovery

There are two prevailing views on RLVR: sharp-
ening and discovery, which appear to be in direct
opposition (Zhang et al., 2025). The sharpening
view (Yue et al., 2025a) posits that RLVR does
not create genuinely new patterns, but instead re-
fines and reweights correct responses already avail-
able in the base model. In contrast, the discovery

Method \ Step 25 Step 50 Step 75 Step 100

PSR 183% 133% 133%  10.0%
NSR 25.0% 283% 30.0%  38.3%
DAPO 233% 26.7% 26.7%  20.0%

Table 1: Percentage of new reasoning paths for PSR,
NSR, and DAPO across training steps on AIME prob-
lems.

view (Liu et al., 2025) suggests that RLVR can un-
cover new reasoning patterns not acquired during
pre-training and not generated through repeated
sampling. To investigate how sample polarities
contribute to each perspective, we examine the
model’s generated rollouts from an n-gram per-
spective. Here, we define two metrics (as detailed
in Appendix C):

e Sharpening: The proportion of n-grams in
the current rollout that have appeared in previously
correct rollouts, which measures how much the
model reinforces existing correct patterns.

e Discovery: The proportion of n-grams in the
current rollout that have never appeared before,
reflecting the model’s exploration of new paths.

The results are shown in Figure 3. We observe
that as training proceeds, the model increasingly
reinforces previously correct reasoning processes
while reducing the frequency of exploration. For
sharpening, the ranking is PSR > DAPO > NSR.
For discovery, the ranking is NSR > DAPO > PSR.
These findings indicate that positive samples help
models exploit and strengthen previously correct
trajectories, while negative samples facilitate ex-
ploration of unseen reasoning paths.

To further capture finer-grained information
from rollouts, we conduct a semantic-level analysis
using LLM-as-a-judge (i.e., GPT-5.1). We evalu-
ate PSR, NSR, and DAPO on 60 problems from
AIME24 and AIME25 (8 rollouts each), measuring
the emergence of new reasoning paths at training
steps 25, 50, 75, and 100 compared to initial roll-

2931



Q: The altitudes of a triangle are 12, 15, and 20. What is the area of this
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Figure 4: Case study of positive and negative sample
reinforcement on Qwen3-8B-Base.

outs using DeepSeek-R1-Distilled-Qwen-7B. As
illustrated in Table 1, the results further confirm
that negative samples are more likely to produce
new reasoning paths, and this gap widens as train-
ing progresses.

3.5 Case Study

In this part, we present a case study examining the
distinct behaviors of positive sample reinforcement
and negative sample reinforcement on Qwen3-8B-
Base. The results are shown in Figure 4. We ob-
serve that continuous positive sample reinforce-
ment leads the model to strengthen its existing
correct reasoning paths. Over time, this causes
the model to progressively shorten its responses.
Eventually, this results in reward hacking, where
the model outputs only the final answer without
step-by-step reasoning. In contrast, continuous
negative sample reinforcement encourages the
model to repeatedly learn from its own mistakes,
which drives it to explore alternative reasoning
paths more broadly. As a result, the model ventures
into low-probability regions of the output space,
which sometimes leads to garbled or nonsensical
outputs.

4 TImpacts of Advantage Shaping with
Different Sample Polarities at Varying
Granularities on RLVR Training

Our previous analyses show that training with only
one sample polarity impairs performance, confirm-
ing the importance of both positive and negative
samples in RLVR. In this section, we further inves-
tigate how adjusting the influence of each polarity
at different granularities affects RLVR training.

4.1 Polarity-level Advantage Shaping

In this part, we conduct polarity-level advantage
shaping using Qwen2.5-7B-Math. Specifically, we
scale the advantage values of one sample type by

factors of 0.2, 0.5, 2, and 5, while keeping the other
type fixed. More details on polarity-level advantage
shaping are provided in Appendix B.2. Standard
RLVR training (1 x for both) is included for com-
parison. The results are presented in Figure 5.

Higher positive advantage speeds up reward im-
provement but limits exploration diversity. In-
creasing the advantage values of positive samples
accelerates reward growth on the training set, as the
model learns more quickly from correct examples.
However, this also makes the model more confi-
dent and focused on reinforcing existing success-
ful patterns, thereby limiting exploration diversity.
Consequently, the model produces responses with
lower entropy and shorter lengths.

Higher negative advantage encourages explo-
ration but slows reward improvement. Con-
versely, assigning higher advantages to negative
samples encourages the model to avoid mistakes
and explore alternatives. This leads to higher en-
tropy and longer responses, as the model tests vari-
ous reasoning paths. While this maintains diversity,
it slows reward improvement on the training set be-
cause the model spends more time exploring rather
than directly learning from previous successes.

The relative ratio between positive and negative
advantage values determines training dynamics.
Our results show that training dynamics depend
primarily on the relative ratio between positive and
negative advantage values, not their absolute val-
ues. For example, settings P2N1 and P1NO.5 have
the same relative ratio and exhibit similar training
trends. Besides, we also find that excessively high
positive advantage causes overfitting to familiar
patterns and limits exploration, while overly high
negative advantage makes the model overly cau-
tious and slows learning. Among all settings, a
positive-to-negative advantage ratio of 0.5 achieves
the best performance on the validation set. This
balanced ratio enables effective learning from both
positive and negative samples, which maintains ex-
ploration and ensures steady reward improvement.

4.2 Token-level advantage shaping

To better understand which specific tokens in posi-
tive and negative samples contribute more to RLVR
training dynamics, we perform token-level advan-
tage shaping. Specifically, we adjust the advan-
tages assigned to tokens with different entropy and
probability distributions, and observe the changes
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Figure 5: Polarity-level advantage shaping results on Qwen2.5-7B-Math. Each label is formatted as “PXNY”,
where “X” and “Y” represent the advantage scaling factors for positive and negative samples. For example, “P1N5”
denotes positive sample weight x 1 and negative sample weight x5.

in RLVR training dynamics. Following prior
work (Wang et al., 2025b), we amplify the advan-
tages of tokens in the top and bottom 20% based
on either entropy or probability using scaling fac-
tors of 0.2 and 5, respectively. More details on
token-level advantage shaping are provided in Ap-
pendix B.3. This scaling value amplifies the train-
ing dynamics, as larger scaling factors produce
more pronounced effects. Additionally, we also ex-
plore different token ratio settings in Appendix G
and find that varying the proportion of weighted
tokens does not change the overall training trends.

Entropy-based token-level advantage shaping.
The experimental results of entropy-based token-
level advantage shaping are presented in Figure 6.

e Reinforcing positive samples with high-
entropy tokens accelerates entropy reduction, as
these tokens often represent critical decision points
where the model explores multiple reasoning paths.

e Reinforcing positive samples with low-
entropy tokens has little effect on training dynam-
ics, since these tokens typically reflect familiar rea-
soning patterns where the model is already highly
confident.

e Reinforcing negative samples with high-
probability tokens slows the decrease in entropy,
as the model remains uncertain about alternatives
even when the current path is incorrect, which helps
preserve exploration capacity.

e Reinforcing negative samples with low-
entropy tokens speeds up entropy reduction, en-
abling the model to quickly identify and suppress
confident but incorrect reasoning patterns, thereby

increasing the confidence of models.

Probability-based token-level advantage shap-
ing. The results of Probability-based token-level
advantage shaping are illustrated in Figure 7.

¢ Reinforcing high-probability positive tokens
accelerates entropy reduction, as these tokens repre-
sent correct reasoning paths the model has already
mastered, which sharpens the policy distribution
around these established patterns.

e Reinforcing low-probability positive tokens
leads to entropy increase, because encouraging
these low-confidence correct alternatives widens
the policy distribution and promotes exploration.

¢ Reinforcing high-probability negative tokens
raises entropy. This is because penalizing confi-
dently wrong predictions reduces the model’s cer-
tainty in high-probability outcomes, encouraging it
to reconsider and diversify its predictions.

e Reinforcing low-probability negative tokens
reduces entropy, as further suppressing already un-
likely incorrect paths reinforces avoidance of these
tokens and narrows the policy distribution.

S Adaptive and Asymmetric Advantage
Shaping for Policy Optimization

After analyzing how sample polarity influences
RLVR training dynamics, we further explore how
to leverage this property to enhance the reasoning
capabilities of LLMs. To this end, we propose
an adaptive and asymmetric token-level advantage
shaping method to achieve stable and effective
RLVR optimization. In this section, we first in-
troduce the method, then describe the experiment
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Figure 6: Token-level entropy-based advantage shaping. The x-axis indicates the entropy of shaped tokens (right:
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setup, and finally present the results.
5.1 Method

In our previous analysis, we identified two token
types that play important roles in the early stages of
RLVR training: low-probability tokens from posi-
tive samples and high-probability tokens from neg-
ative samples. These tokens help maintain higher
entropy, which encourages continued exploration
and prevents premature convergence. Based on
this finding, we propose an adaptive and asymmet-
ric token-level advantage shaping method that dy-
namically adjusts the weighting of different token
categories during training. Our approach assigns
larger advantage values to the above token types
early in training to actively encourage exploration.
However, keeping such asymmetric weighting for
too long can cause training-inference engine mis-
match and performance collapse (See Appendix H).
Therefore, we gradually reduce these weights in a
controlled manner as training progresses, allowing
the optimization to smoothly transition to a stan-
dard training regime. Our method builds on the
DAPO (Yu et al., 2025) framework with a modified
objective function:

lof

TIa3po(0) = Egp omry , (1g) {me [TtAt,

t=1
clip(rs, 1 — elow, 1 + Ehigh)At]
(1

_70(0tl9:0<t)  Janotes the ratio between
Tog1q (0t]2,0<1)

the current and old policies, A; is our shaped ad-
vantage, and €1oy and epigy are clipping bounds
that constrain policy updates. The asymmetric and
adaptive advantage shaping is defined as:

where r; =

Ay -max(pt —ats, 1) A >0,p < 7F
A=< A max(p” —a~s,1) Ay <0,p > 7,
A else.
2
Here, A; is the normalized accuracy across groups,
7.5 is the threshold for the lowest-probability token
in a positive rollout, and 7, is the threshold for the
highest-probability token in a negative rollout. p*
and p~ denote the initial advantage scaling factors,
* and o~ control their decay coefficients for pos-
itive and negative samples, respectively. s denotes
the current training step.

5.2 Experimental Setup

We run our experiments on three LLMs (i.e,
Qwen2.5-7B-Math (Yang et al., 2024)), Qwen3-8B-
Base (Yang et al., 2025), and Deepseek-R1-Distill-
Qwen-7B (DeepSeek-Al et al., 2025)). For compar-
ison, we include GRPO (DeepSeek-Al et al., 2025),
DAPO (Yu et al., 2025), polarity-level advantage
shaping method (i.e., W-REINFORCE (Zhu et al.,
2025)), and token-level advantage shaping meth-
ods (i.e., w/ Fork Tokens (Wang et al., 2025b) and
Lp-Reg(Huang et al., 2025)) as baselines. Detailed
descriptions of the baselines are provided in Ap-
pendix D. To evaluate the reasoning ability of the
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bottom: negative “N”’). Each label follows the format [Polarity][Probability][Scaling Factor], where the first letter
denotes shaped token polarity, the second indicates their probability level, and the number is the scaling factor
applied to the advantage for these tokens. In the figure, lines with darker colors correspond to amplifying the
advantage values of these tokens, while lighter colors indicate reducing their advantage values.

methods, we test them on three mathematical (i.e.,
AIME24, AIME25, and MATHS500 (Hendrycks
et al., 2021)) and two other reasoning bench-
marks (i.e., GPQA (Rein et al., 2023) and Live-
CodeBench (Jain et al., 2025)). Detailed experi-
mental setups are presented in Appendix A.

5.3 Main Results

Figure 2 compares the training dynamics of DAPO
and A3PO. We observe that A3PO maintains
higher entropy and longer responses throughout
training, suggesting that the model preserves a
richer probability distribution and avoids prema-
ture convergence to a narrow output mode. Al-
though A3PO shows a slightly slower growth in
training reward compared to DAPO, it achieves
higher validation accuracy, with the performance
gap widening as training progresses. These results
suggest that the policy learned by A3PO gener-
alizes better, allowing the model to acquire more
general reasoning capabilities rather than merely
memorizing patterns in the training data.

The main results are presented in Table 2. We
observe that DAPO further improves performance
over GRPO, which can be attributed to its clip
higher mechanism, as it retains low-probability pos-
itive tokens and helps the model learn novel rea-
soning paths. The polarity-level advantage shaping
method further boosts performance by assigning
higher advantage values to negative samples. Addi-
tionally, DAPO w/Fork Tokens and Lp-Reg yield

gains by assigning higher weights to high-entropy
tokens and regularizing low-probability tokens, re-
spectively. However, these methods do not account
for the opposing effects that high-entropy and low-
probability tokens can have in positive versus nega-
tive samples on RLVR training dynamics. Treating
all tokens uniformly may partially counteract their
respective contributions. To address this question,
we propose an adaptive and asymmetric token-level
advantage shaping method, which dynamically ad-
justs the advantage values of high-probability to-
kens in negative samples and low-probability to-
kens in positive samples. This finer-grained alloca-
tion of advantages enables more stable and effec-
tive RLVR training, ultimately achieving the best
performance. More detailed analyses of A3PO are
presented in Appendix 1.

5.4 Ablation Study

To evaluate the effectiveness of each component
in our method, we conduct ablation studies on
three math benchmarks using Qwen3-8B-Base. As
shown in Table 3, removing any component leads
to performance degradation, confirming that all
components are essential. We observe that shap-
ing advantages for both positive low-probability
tokens and negative high-probability tokens im-
prove performance, as both help maintain entropy
and encourage exploration. In addition, the adap-
tive strategy ensures stable RLVR training. For
instance, without this strategy, training instability
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Model | Method | AIME24 AIME25 MATH500 GPQA LiveCodeBench | Average
GRPO 26.4+10 19.3+05 83.8+0.7 33.7+07 11.6+1.1 35.0+0.8

DAPO 27.6+£1.0 21.4+12 85.4+0.6 34.6+0.8 12.4+0.5 36.3+0.8

Qwen2.5- DAPO w/ Fork Tokens | 28.6+0.7 22.5+0.9 86.8+0.5 36.5+0.7 14.3+1.0 37.7+0.8
7B-Math W-REINFORCE 28.3+09 21.4+07 87.3+1.0 36.2+1.1 13.8+0.5 37.4+0.8
Lp-Reg 29.2+11  22.2+1.1 87.1+08  36.9+06 13.8+1.3 37.8£1.0

A3PO 31.5%+0.8 24.8%+06 90.4%+0.6 39.1%+1.2 16.4*%+1.0 40.4*+0.8

GRPO 32.4+09 23.1+05 82.340.7 45.3+0.6 29.4+0.9 42.5+0.7

DAPO 34.2409 26.1£1.0 84.5+0.6 45.8+0.8 29.7+0.5 44.1+038

Qwen3- DAPO w/ Fork Tokens | 35.4+06 25.7+0.8 86.2+05  47.2406 31.2+0.9 45.1+0.7
8B-Base W-REINFORCE 35.3+08 26.3+06 86.9+0.9 47.4+1.0 30.4+0.5 45.3+0.8
Lp-Reg 359+10 25.8x09  87.4x07  47.8+06 30.9+1.1 45.6+0.9

A3PO 37.8%+0.7 30.4*+06 91.3%+t0.6 50.2*%+1.0 33.8%+0.9 48.7*+0.8

GRPO 59.4+05 49.2+05 95.2+0.5 48.4+0.3 42.5+0.7 58.9+0.5

DAPO 60.8+0.7  50.8+0.6 95.5+0.3 50.2+0.5 43.240.4 60.1+0.5

Deepseek-R1- | DAPO w/ Fork Tokens | 61.2+03 51.6+08  95.8+08  50.4+02 44.1+0.7 60.6+0.6
Distill-Qwen-7B | W-REINFORCE 61.6+06 51.3+04  95.7+04  51.4+06 44.6+0.5 60.9+0.5
Lp-Reg 61.9+06 52.0+06  96.2+03  51.2+07 44.7+0.8 61.2+06

A3PO 65.2%+08 54.1*+06 96.9%+0.2 53.8%+0.2 47.2*%+0.3 63.4%+0.4

Table 2: Performance comparison of different methods on various reasoning benchmarks. We highlight the best
performance across different RLVR methods. Numbers marked with * indicate that the improvement is statistically
significant compared with baselines (t-test with p-value < 0.05).
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Figure 8: RLVR training dynamics of DAPO and A3PO on Qwen3-8B-Base.

Dataset | AIME 24 AIME 25 MATHS500 | Average
A3PO ‘ 37.8 304 91.3 ‘ 53.2
w/o PL adv 36.5 27.8 88.1 50.8
w/o NH adv 35.8 29.1 87.4 50.8
w/o both 34.2 26.1 84.5 48.3
w/o adaptive | 37.5 27.1 909 | 51.8

Table 3: Ablation study on three math benchmarks.

due to training—inference mismatch limits further
improvements on AIME25.

6 Conclusion

In this paper, we systematically analyzed the roles
of positive and negative samples in RLVR, demon-
strating their distinct contributions to training dy-
namics. Our findings showed that positive sam-
ples sharpen correct patterns, while negative sam-
ples promote exploration, and both are essential
for training. Based on these findings, we proposed
an adaptive and asymmetric token-level advantage

shaping method that allowed more precise alloca-
tion of advantages and led to stable and improved
RLVR training. Experiments across multiple mod-
els validate the effectiveness of our approach.

7 Limitations

In this paper, we provide a comprehensive analy-
sis of Reinforcement Learning with Verifiable Re-
wards (RLVR) from the perspectives of sample
polarity, revealing the different roles of positive
and negative samples during RLVR training. One
limitation of this work is that our experiments are
conducted only on the text-based reasoning tasks.
In future work, we plan to extend our analysis
and methods to other model families, including
vision-language or omni-modal models. Addition-
ally, due to constraints in computational resources
and budget, we have not evaluated our analysis and
approach in agent-based scenarios, such as deep
research or software engineering agents.
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A Detailed Experimental Setup

Models. We conduct experiments on three mod-
els: Qwen2.5-Math-7B (Yang et al., 2024), Qwen3-
8B-Base (Yang et al., 2025), and DeepSeek-R1-
Distill-Qwen-7B (DeepSeek-Al et al., 2025). For
DeepSeek-R1-Distill-Qwen-7B and Qwen3-8B-
Base, we set a context length of 16384 tokens. For
Qwen2.5-Math-7B, we use its maximum supported
length of 4,096 tokens.

Training. Our implementation is based on the
Verl (Sheng et al., 2025) pipeline, with rollouts per-
formed using vLLM (Kwon et al., 2023). Models
are trained on 16xH200 GPUs. We use the DAPO-
Math dataset (Yu et al., 2025) for training. During
rollouts, we set the temperature to 1 and sample
8 responses per prompt. Training follows an off-
policy RL setup with a batch size of 512 and a mini-
batch size of 32. Similar to prior work Yue et al.
(2025b), we remove both the KL divergence loss
and the entropy loss. All models are trained for 300
steps, optimized with the AdamW (Loshchilov and
Hutter, 2019) optimizer using a constant learning
rate of 1e-6. The actor module is trained efficiently
with Fully Sharded Data Parallel (FSDP) (Zhao
et al., 2023b). The chat template used is: “User:
\n [question] \n Please reason step by step, and
put your final answer within \\boxed{}. \n \n As-
sistant:”. For hyperparameter settings, we apply
adaptive advantage shaping to the lowest 20% prob-
ability tokens in positive samples and the highest
20% probability tokens in negative samples. The
initial advantage scaling factors p* and p~ are set
to 2, and the decay coefficients o™ and o~ are set
to 0.005.

Evaluation. We evaluate model performance on
three mathematical reasoning benchmarks (i.e.,
AIME24, AIME2S5, and Math500 (Hendrycks
et al., 2021)) and two additional reasoning bench-
marks (i.e., GPQA (Rein et al., 2023) and Live-
CodeBench (Jain et al., 2025)). Models are evalu-
ated every 5 training steps, and we report results
from the checkpoint that achieves the highest av-
erage performance across five benchmarks. All
evaluations are performed in a zero-shot setting (Li
et al., 2025b; Wang et al., 2026, 2025d). Following
DeepSeek-Al et al. (2025), we set the temperature
to 0.6 and top-k to 0.95 during inference. To ensure
stable measurements, each test set is evaluated 32
times, and we report the average accuracy.

B Detailed Descriptions of Methods

In this section, we provide detailed descriptions
of several methods used in the main text, includ-
ing positive and negative sample reinforcement in
Section 3 and the polarity-level and token-level
advantage shaping method in Section 4.

B.1 Positive and Negative Sample
Reinforcement

In Section 3, we follow previous work (Zhu et al.,
2025) to decompose the RLVR objective into two
different learning paradigms: learning from correct
rollouts and learning from incorrect rollouts. This
decomposition allows us to examine how positive
and negative responses affect training dynamics.
The RLVR objective can be expressed as the sum
of two sub-objectives:

Lrivr(0) = Lpsr(0) + Lnsr(0), (3)

where the two sub-objectives correspond to each
learning paradigm:

Losg(0) = —Eonp | Y mlyle)|, @)

Ly (z,y)=1

Lnsr(0) = —Egnp Z

_y:r(a:,y) =0

—ma(ylz)| . (5)

We refer to these two learning paradigms as pos-
itive sample reinforcement and negative sample
reinforcement. Positive sample reinforcement re-
sembles supervised fine-tuning, increasing the like-
lihood of correct responses. In contrast, negative
sample reinforcement acts like likelihood mini-
mization, reducing the probability of incorrect re-
sponses.

B.2 Polarity-level Advantage Shaping

To explore how adjusting the influence of positive
and negative samples affects RLVR training, we in-
troduce a polarity-level advantage shaping method
in Section 4.1. This approach assigns different
weights to the advantage values derived from pos-
itive and negative samples, allowing us to control
their relative contributions during policy optimiza-
tion. Formally, the objective is defined as:

Lpolarity-as(0) = Bp - Lpsr(0) + On - Lnsr(9)
(6)
Here, Bp and [y are scaling factors that control the
advantage values for positive and negative samples,
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respectively. By adjusting these scaling factors,
we can study how emphasizing or de-emphasizing
each sample polarity impacts RLVR training dy-
namics.

B.3 Token-level Advantage Shaping

To further examine the contribution of specific to-
kens to RLVR training, we introduce a token-level
advantage shaping approach in Section 4.2. This
method allows us to reweight the advantage as-
signed to selected tokens and observe how such
adjustments affect overall training dynamics. The
modified policy optimization objective can be ex-
pressed as follows:

lo

jToken-AS(e) = IEq~17,0fv7r901d(~\q) { Z min |:7"t121t7
t=1

Clip(rta 1- Elows 1 + ghigh)At:| }7

)

mo(0tlg.0<t) - qenoyes the probability
ﬂ—gold (Oi |Q7O<t)

ratio between the current and old policies, €jow
and epigh are clipping thresholds that constrain pol-

where r; =

icy updates, and A; represents the shaped advan-
tage. The shaped advantage A; is defined based on
whether a token is selected for reweighting:

. A - if selected
A - { ¢+ PBr if selecte )
A else.

where A; is the original advantage computed from
group rollouts, and fJr is a token-level scaling fac-
tor applied to the selected token. Tokens are se-
lected based on specific criteria, such as entropy
and probability, enabling us to study how reweight-
ing distinct token categories influences training dy-
namics.

C Detailed Metrics of Sharpening and
Discovery

In this part, we provide the formal definitions of
the sharpening and discovery metrics introduced in
Section 3.4. During the training process, we col-
lect all self-generated trajectories produced by the
model, including both correct and incorrect ones.
We denote this full set of historical trajectories up
to step ¢ as H;. For a trajectory ¢; generated
at step ¢, we first split it into a set of consecutive
n-grams, which we denote as G(¢;).

Sharpening. The sharpening metric measures how
much the current trajectory ¢, reuses reasoning

patterns that have already been seen in previous
correct trajectories. To compute this, we maintain
a separate set C«; C H;, which contains only
the correct trajectories collected before step ¢. For-
mally, it is defined as the fraction of n-grams in
¢, that also appear in any earlier correct trajectory
from Cy:

_ |{g € G(¢t) | e € Cey sit. g € G(¢c)}’ .

S(0) G|

®

Here, | - | denotes the size of a set. The value of
sharpening metric ranges from O to 1. A higher
sharpening score indicates that the model is primar-
ily repeating reasoning steps that have previously
led to correct answers, showing a reinforcement of
known successful patterns.

Discovery. Conversely, the discovery metric mea-
sures how much the current trajectory ¢; contains
new reasoning patterns not seen in any previous tra-
jectory. It is defined as the proportion of n-grams
in ¢, that are absent from the entire set of historical
trajectories H«¢:

Dy M9 € G0 [Von € Har, g ¢ Glow)|

|G (¢1)]
(10)

The discovery metric also lies between 0 and 1.
A higher discovery score means the trajectory in-
cludes more novel reasoning steps that have never
appeared before, reflecting the model’s capacity to
explore genuinely new solution paths.

D Detailed Description of Baselines

In this part, we provide detailed descriptions of
the baseline methods used for comparison in our
experiments. Specifically, we compare our method
with GRPO (DeepSeek-Al et al., 2025), DAPO (Yu
et al., 2025), the polarity-level advantage shaping
method (i.e., W-REINFORCE (Zhu et al., 2025)),
and the token-level advantage shaping method
(i.e., w/ Fork Tokens (Wang et al., 2025b) and Lp-
Reg(Huang et al., 2025)).

e GRPO (DeepSeek-Al et al., 2025) is a rein-
forcement learning algorithm that improves LLM
reasoning without training a separate value model.
For each question, it samples multiple outputs from
the current policy and optimizes the policy using
a group-relative advantage, making it scalable for
long chain-of-thought reasoning tasks.
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e DAPO (Yu et al., 2025) is an enhanced RL
method that introduces several improvements for
LLM training. It prevents entropy collapse by us-
ing a higher clipping threshold to encourage explo-
ration, applies dynamic sampling to filter prompts
with zero variance, adopts token-level policy gra-
dient loss to handle varying response lengths, and
removes the KL divergence term for RL training.

o W-REINFORCE (Zhu et al., 2025) is a
polarity-level advantage shaping method, which
assigns higher weights to self-generated negative
rollouts, enabling effective RLVR training.

e DAPO w/Fork Tokens (Wang et al., 2025b)
is a token-level advantage shaping method that
focuses policy gradient updates on high-entropy
“forking tokens”. By masking gradients for the
80% lowest-entropy tokens and updating only the
top 20% high-entropy tokens, it improves the rea-
soning performance of LLMs.

e Lp-Reg (Huang et al., 2025) is a token-level
method designed to mitigate exploration collapse.
It maintains useful low-probability tokens through
regularization while filtering out noisy tokens,
thereby sustaining exploration throughout RLVR
training.

E Detailed Comparison of Related Work

In this section, we provide a detailed comparison
with previous related work, highlighting the dis-
tinctions and contributions of our study from two
perspectives: empirical analysis and methodology.

Different empirical analysis methods and find-
ings. One related work (Mu et al., 2025) primarily
studies distilled LLMs, and finds that combining
positive and negative samples achieves the best
results, and positive samples improve training fit
while negative samples enhance generalization. An-
other closely related work (Zhu et al., 2025) simi-
larly examines the distinct roles of positive and neg-
ative samples in reinforcement learning with verifi-
able reward. They formally decompose the RLVR
objective into two separate components: positive
sample reinforcement and negative sample rein-
forcement. Through separate training on one type
of sample, they observe opposing effects between
two sample types and report a surprising effective-
ness of training solely with negative samples. Our
work extends beyond this polarity-level analysis,
as presented in Section 3. We analyze three cate-
gories of models: math-enhanced pretrained LLMs
(i.e., Qwen2.5-7B-Math), general pretrained LLMs

Method \Adaptive Asymmetric Advantage Shaping

GRPO X X X
DAPO X v X
DAPO w/Fork Token X v Token-level
W-REINFORCE X v Polarity-level
Lp-Reg X v Token-level
ASPO X v Polarity-level
A3PO (Ours) \ v v Token-level

Table 4: Comparison of our proposed method and other
representative RLVR methods.

(i.e., Qwen3-8B-Base), and distilled LLMs (i.e.,
DeepSeek-R1-Distill-Qwen-7B). Through an ex-
amination of training dynamics and n-gram dis-
tributions in model rollouts, we demonstrate that
positive samples encourage the sharpening of rea-
soning paths, while negative samples facilitate dis-
covery and generalization. These findings further
support and extend previous conclusions from mul-
tiple perspectives. In addition, our analysis reveals
limitations in prior conclusions: we find that train-
ing with only one polarity impairs both reasoning
capability and decision boundaries, which chal-
lenges the earlier claim that negative-only training
improves reasoning performance. Furthermore, we
are the first to conduct advantage shaping at both
polarity and token levels to investigate how adjust-
ing influence at finer granularities affects RLVR
training, as described in Section 4.

Different methods. Regarding the methodology,
we compare our approach with several common
baselines, as summarized in Table 4. We propose
an adaptive and asymmetric token-level advantage
shaping method for policy optimization. This ap-
proach dynamically adjusts the advantages of high-
probability tokens in negative samples and low-
probability tokens in positive samples, enabling
finer-grained advantage allocation and more effec-
tive and stable RLVR training.

F Different Training Dynamics of Base
LLMs

In this part, we analyze the training dynamics
of three RLVR training paradigms (i.e., posi-
tive sample reinforcement (PSR), negative sam-
ple reinforcement (NSR), and DAPO) across
three base LLMSs (i.e., Qwen2.5-7B-Math, Qwen3-
8B-Base, and Deepseek-R1-Distilled-Qwen-7B).
Specifically, we monitor accuracy changes on all
validation samples from AIME24 and AIME2S5 dur-
ing training and categorize them into five patterns:

e Sharpen: Accuracy improves by more than
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k%, indicating that training strengthens the model’s
ability to solve the problem.

e Degradation: Accuracy drops by more than
k%, meaning training reduces reasoning ability

e Fluctuation: Accuracy fluctuates within £%
of the original value, showing training has little
effect.

e Mastery: Accuracy remains above 1 — k%,
meaning the model consistently solves the problem
correctly.

e Struggle: Accuracy stays below k%, meaning
the problem remains too difficult for the model.

We set £ to 10 in our analyses. The re-
sults for Qwen2.5-7B-Math, Qwen3-8B-Base, and
DeepSeek-R1-Distilled-Qwen-7B are shown in Fig-
ures 9, 10, and 11, respectively.

These results reveal distinct patterns of valida-
tion accuracy changes across different base LLMs
during training. For Qwen2.5-7B-Math, which has
been extensively exposed to reasoning data dur-
ing pretraining, both PSR and NSR produce more
sharpened samples than degraded ones. This shows
that either polarity alone can improve performance,
and combining them yields a further complemen-
tary boost. In contrast, Qwen3-8B-Base exhibits
reward hacking when using only positive samples,
causing degradation in most samples. Negative
sample reinforcement leads to garbled outputs,
leaving the majority of samples in the struggle
phase. Only when both polarities are combined
does RLVR training become effective and improve
accuracy. For the distilled model DeepSeek-R1-
Distilled-Qwen-7B, relying on a single sample po-
larity leads to significant degradation, and both
polarities are needed together to achieve further
performance improvement.

G Different Weighted Ratios of
Token-level Advantage Shaping

In this part, we investigate how the proportion of
tokens selected for token-level advantage shaping
affects RLVR training dynamics. Following prior
work (Wang et al., 2025b), our main experiments
adopt a shaping ratio of 20%, meaning that ad-
vantages are reweighted for 20% of the tokens in
each response. To assess the sensitivity of this
choice, we conduct additional experiments with
ratios of 5%, 10%, and 50%, while keeping the
scaling factor for low-probability positive tokens
fixed at 0.2x.

Figure 12 presents the results on Qwen2.5-7B-

Math. We observe that the shaping ratio mainly
affects the magnitude and speed of training dynam-
ics but does not change the overall learning trend.
Specifically, in this setting, smaller ratios lead to
faster entropy reduction and a smoother transition
in response length (from an initial decrease to a
later increase). Similarly, reward improvements
occur more quickly in early training but slow down
later when using smaller ratios. These results show
that adjusting the proportion of advantage shaping
tokens does not alter the fundamental training dy-
namics. Instead, it acts as a factor that modulates
the rate of policy updates.

H Negative Samples Amplify the
Training-Inference Mismatch

Training-inference mismatch is a critical issue in
RLVR training, where token probabilities in train-
ing and inference engines exhibit significant dis-
crepancies, potentially leading to training collapse.
In this section, we investigate which sample types
contribute to this mismatch.

Figure 13a shows the difference in token prob-
abilities between training and inference engines
for three training paradigms (i.e., PSR, NSR, and
DAPO). Our results reveal that utilizing negative
samples widens the probability gap between train-
ing and inference engines. Furthermore, we study
the effect of polarity-level advantage shaping on
negative samples. As shown in Figure 13b, assign-
ing higher advantages to negative samples further
increases the training—inference probability differ-
ence. This phenomenon suggests that although
weighting negative samples can raise model en-
tropy and encourage exploration, consistently giv-
ing them higher weights enlarges the mismatch and
may lead to instability.

Building on this observation, we adopt an adap-
tive advantage shaping strategy: we increase the
weight of high-probability negative samples in
early training to promote exploration, then grad-
ually reduce it until it aligns with the weight of
positive samples, thereby ensuring stable training.

I Detailed Analysis of A3PO

In this section, we present a detailed analysis of
our proposed method, A3PO.
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Figure 9: Training dynamics of sample accuracy changes in the validation set on Qwen2.5-7B-Math.
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Figure 10: Training dynamics of sample accuracy changes in the validation set on Qwen3-8B-Base.
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Figure 11: Training dynamics of sample accuracy changes in the validation set on DeepSeek-R1-Distilled-Qwen-7B.
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I.1 Different Scales of LLMs and Training
Datasets

To assess the robustness and effectiveness of our
proposed method, we conduct experiments using
different scales of LLMs and datasets on Deepseek-
R1-Distilled-Qwen-7B. The results are shown in
Figure 14. We find that our proposed method con-
sistently achieves the best performance across both
varying model scales and different training datasets,
demonstrating its effectiveness and generalizabil-

ity.
LI.2 Hyperparameter Analysis

In this part, we analyze three key hyperparameters
of A3PO: the token-shaped ratios, the initial scal-
ing factors p, and the decay coefficients . The
results are shown in Figure 15. Our experimental
results indicate that the model achieves optimal
performance with the token-shaped ratios of 20%.
If the ratio is too low, the model does not explore

the token space sufficiently. If it is too high, per-
formance drops because many less relevant tokens
receive advantage shaping. Next, we examine the
initial scaling factors p. Setting appropriate values
is important for stable training. If the hyperparam-
eter is too high, the training—inference mismatch
increases. If it is too low, the model does not ex-
plore the solution space effectively. Therefore, we
set p to 2 in our main experiments. Finally, we find
that the decay coefficients « of 0.005 yield the best
performance. If « is too small, the gap between
training and inference grows. If « is too large, ex-
ploration becomes insufficient and the model may
converge to suboptimal solutions.

J Detailed Results

In this part, we provide detailed training dynamics
in our experiments. Figure 16, 17, 18 present
training dynamics of positive sample reinforce-
ment, negative sample reinforcement, and DAPO
across three different LLMs. Figure 19 and Fig-
ure 20 present training behaviors (i.e., sharpen and
discovery) on Qwen2.5-7B-Math and Deepseek-
R1-Distilled-Qwen-7B. Figure 21 and Figure 22
show the results of polarity-level advantage shap-
ing. Figure 23, Figure 24, Figure 25 and Figure 26
illustrate the entropy-based token-level advantage
shaping. Figure 27, Figure 28, Figure 29 and Fig-
ure 30 illustrate the probability-based token-level
advantage shaping. Figure 31 shows the results of
different shaped token ratios in token-level advan-
tage shaping.
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Figure 16: RLVR training dynamics on Qwen2.5-7B-Math.
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Figure 17: RLVR training dynamics on Qwen3-8B-Base.
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Figure 18: RLVR training dynamics on DeepSeek-R1-Distill-Qwen-7B.
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Figure 19: Training behaviors of different RLVR training when n_gram is 3.
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Figure 20:

Training behaviors of different RLVR training when n_gram is 4.
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Figure 21: Different training dynamics of polarity-level positive sample advantage shaping on Qwen2.5-7B-Math.
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Figure 22: Different training dynamics of polarity-level negative sample advantage shaping on Qwen2.5-7B-Math.
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Figure 23: RLVR training dynamics on positive high entropy token advantage shaping.
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Figure 24: RLVR training dynamics on positive low entropy token advantage shaping.
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Figure 25: RLVR training dynamics on negative high entropy token advantage shaping.
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Figure 26: RLVR training dynamics on negative low entropy token advantage shaping.
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Figure 27: RLVR training dynamics on positive high probability token advantage shaping.
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Figure 28: RLVR training dynamics on positive low probability token advantage shaping.
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Figure 29: RLVR training dynamics on negative high probability token advantage shaping.
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Figure 30: RLVR training dynamics on negative low probability token advantage shaping.
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Figure 31: RLVR training dynamics under different token-shaped ratios for low-probability positive tokens (scaled

by 0.2).
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