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Abstract

Reinforcement learning with verifiable rewards (RLVR) is a promising approach
for training language models (LMs) on reasoning tasks that elicit emergent long
chains of thought (CoTs). Unlike supervised learning, it updates the model us-
ing both correct and incorrect samples via policy gradients. To better under-
stand its mechanism, we decompose the learning signal into reinforcing correct
responses and penalizing incorrect ones, referred to as Positive and Negative
Sample Reinforcement (PSR and NSR), respectively. We train Qwen2.5-Math-7B,
Qwen3-4B and Llama-3.1-8B-Instruct on a mathematical reasoning dataset
and uncover a surprising result: training with only negative samples—without
reinforcing correct responses—can be highly effective: it consistently improves
performance over the base model across the entire Pass@k spectrum (k up to 256),
often matching or surpassing PPO and GRPO. In contrast, reinforcing only correct
responses improves Pass@ 1 but degrades performance at higher %, due to reduced
diversity. These inference-scaling trends highlight that solely penalizing incor-
rect responses may contribute more to performance than previously recognized.
Through gradient analysis, we show that NSR works by suppressing incorrect
generations and redistributing probability mass toward other plausible candidates,
guided by the model’s prior beliefs. It refines the model’s existing knowledge rather
than introducing entirely new behaviors. Building on this insight, we propose a sim-
ple variant of the RL objective that upweights NSR, and show that it consistently
improves overall Pass@k performance on MATH, AIME 2025, and AMC23. Our
code is available at https://github.com/TianHongZXY/RLVR-Decomposed.

1 Introduction

Language models (LMs) have recently demonstrated remarkable capabilities in various complex
reasoning tasks, including mathematics [7, 17], coding [21, 66], and scientific reasoning [37, 40]. A
key technique in achieving such success is reinforcement learning with verifiable rewards (RLVR) [15,
20, 23, 47], which is particularly effective in domains where the correctness of an outcome can be
automatically verified via tools or functions. RLVR typically employs a binary reward (4+1 or —1)
based on the objective correctness of model responses. This simple yet effective mechanism not only
mitigates reward hacking [33, 45] but also eliminates the need for extensive human annotations and
complex reward model training [27, 77].

RLVR’s appeal is multifaceted: it offers a conceptually simple formulation [23], exhibits notable
sample efficiency [12, 28, 52], and enables inference-time scaling behaviors [13, 35, 60, 68, 74].
However, the precise mechanisms driving its effectiveness remain underexplored, particularly how
it utilizes correct and incorrect samples. To address this, we decompose RLVR into two learning
paradigms: Positive Sample Reinforcement (PSR) and Negative Sample Reinforcement (NSR), as
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Figure 1: Decomposing learning signals in RLVR into positive and negative reward components.
Positive Sample Reinforcement (PSR) increases the likelihood of correct responses and improves
Pass@1, but reduces output diversity and hurts Pass@# for large k. Negative Sample Reinforcement
(NSR) discourages and redistributes probability mass according to the model’s prior
knowledge, improving the full Pass@#k spectrum.

illustrated in Figure 1. This decomposition prompts a natural question: What roles do PSR and NSR
play in shaping model behavior and generalization?

To empirically isolate the effects of PSR and NSR, we train two LMs, Qwen2.5-Math-7B and
Qwen3-4B, either PSR or NSR exclusively, and evaluate their inference-time performance across a
range of Pass@k metrics. We find that PSR-only training improves Pass @1 but hurts Pass @k at larger
k values, indicating a loss of output diversity and exploration capacity. More strikingly, NSR-only
training consistently improves performance over the base LM across the entire Pass@k spectrum and,
in many cases, matches or even surpasses the performance of PPO [41] and GRPO [15, 43].

To understand why NSR alone is so effective, we conduct a token-level gradient analysis and
demonstrate that NSR works by suppressing incorrect reasoning steps and redistributing probability
mass towards other plausible candidates already favored by the model’s prior. This effectively refines
its existing knowledge without aggressively teaching new behaviors. PSR, in contrast, sharpens
the output distribution around sampled correct paths [1, 16, 61], often at the cost of suppressing
alternative valid solutions. This suggests that NSR plays a pivotal role in preserving diversity and
promoting generalization, especially when the base model already encodes strong reasoning priors.

Motivated by this insight, we propose Weighted-REINFORCE, a simple yet effective variant of
the REINFORCE [58] objective that upweights its NSR contribution. We demonstrate that this
adjustment consistently improves the Pass @k performance on MATH, AIME 2025, and AMC23,
yielding an overall better result than strong baselines including PPO [41] and GRPO [15, 43].

Our contributions in this work are as follows:

* We decompose RLVR into two components, PSR and NSR, and investigate their distinct impacts
on model behavior and generalization measured by a range of Pass @k metrics.

* We empirically demonstrate the surprising effectiveness of NSR-only training and use gradient
analysis to show that NSR refines the model’s prior by suppressing incorrect reasoning steps and
preserving plausible alternatives.

* We propose Weighted-REINFORCE, a simple modification to the RL objective that upweights
NSR, yielding consistent gains across complex reasoning benchmarks including MATH, AIME
2025, and AMC23.

2 RLVR Objective and Decomposition

2.1 Reinforcement Learning with Verifiable Rewards

Reinforcement learning with verifiable rewards (RLVR) has recently emerged as a powerful paradigm
for enabling LMs to self-improve on tasks with objectively verifiable outcomes. The reward is given
by a deterministic verification function r which assesses whether the model’s response y to the
prompt  is correct or not. All tokens {y1,ya, ..., yr} in a response y receive the same reward (e.g.,
+1 for correct responses and —1 for incorrect ones).



Formally, given an LM with parameters 6, a set of prompts D from which « is sampled, and a
verifiable reward function r, RLVR learns a policy 7y to minimize the following objective:'

ﬁRLVR(e) = _EIN'D,yN‘ITe("Z:) [T(may)}v r(m,y) € {_L +1} (1)

In common RL algorithms (e.g., PPO [41], GRPO [15, 43]), rewards are further normalized to
stabilize training, enforcing a zero mean per batch B (i.e., Ex g yr,(|2) [7(Z, ¥)] = 0).

2.2 Decomposing RLVR into Positive and Negative Sample Reinforcement

While RLVR has demonstrated promising empirical results, its underlying learning dynamics remain
underexplored. In particular, it is unclear how the model updates its behavior under this binary
outcome reward setting. What the model learns when receiving both positive and negative rewards
can be entangled and hard to interpret. To better understand these dynamics, we begin by decomposing
the RLVR objective into two distinct learning paradigms: learning from correct responses and learning
from incorrect responses. This decomposition allows us to investigate how positive and negative
reward signals shape model behavior, which we will show in the next section.

The RLVR objective optimizes the expected reward-weighted likelihood:

Lrivr(0) = —Egpp lz r(x,y) - ﬂg(yw)l , r(xz,y) € {-1,+1}

y
@)
= —Egup | Y, mo(ylz)| —Eoup Y. —mylo)|,
yir(z,y)=1 yir(z,y)=—1
Lpsr (6) Lxsr (0)
where we define two sub-objectives representing each learning paradigm:
Lpsp(0) = —Eanp | Y mo(ylz)|, 3)
Ly (z,y)=1
Lysr(0) = —Ezop > —myle)| - @
|y (z,y)=—1

We refer to these two learning paradigms as positive sample reinforcement (PSR) and negative sample
reinforcement (NSR). The positive reward case resembles supervised fine-tuning (SFT), where the
model is updated to increase the likelihood of correct responses. In contrast, the negative reward case
mirrors likelihood minimization that reduces the probability assigned to incorrect responses. Notably,
PSR and NSR are on-policy—the responses are sampled from the model itself during training.

Thus, the full RLVR objective decomposes into two sub-objectives Lrivr () = Lpsr(0) + Lnsr(0).
This decomposition reveals that RLVR jointly performs PSR on positively rewarded samples and
NSR on negatively rewarded ones. To better understand the individual effects of these two learning
paradigms on model behavior, we conduct experiments to train LLMs with each sub-objective
independently, as well as the full RLVR objective for comparison.

3 Positive and Negative Sample Reinforcement for LLM Reasoning

3.1 Experimental Setup

Models. To understand how different training objectives affect the model’s behavior, we train
the model with PSR and NSR and evaluate their inference scaling performance on reasoning tasks.
Specifically, we use Qwen2.5-Math-7B [65], Qwen3-4B [64] and L1ama-3.1-8B-Instruct [11]

'While regularization mechanisms such as KL penalties and clipping are commonly used in practice to
stabilize training, the fundamental learning signal still stems from the verifiable reward. Therefore, to clearly
understand how the model learns from success and failure, we base our analysis primarily on the reward learning
loss. We discuss in Section 4.3 how our analysis applies to PPO and GRPO.
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Figure 2: Pass@Fk curves of Qwen2.5-Math-7B trained with PPO, GRPO, PSR, and NSR. NSR is
comparable to other methods across different k£ values and outperforms them at & = 256.

as the base models. Qwen3-4B has two modes (thinking and non-thinking), and we use the non-
thinking mode for training and inference.

Compared algorithms. We compare the performance of PSR and NSR with commonly used RL
algorithms, including PPO [41] and GRPO [15, 43]. PSR and NSR are implemented by selectively
updating the policy model using only correct or incorrect responses, respectively. As a result, PSR
and NSR are trained on fewer samples per batch than standard RL algorithms (e.g., PPO and GRPO)
that use both correct and incorrect responses. The training objectives of these algorithms can be
found in Appendix D.1. We also report the performance of the base models for reference.

Training setup. For the training set, we use MATH [17], which contains 7,500 problems. We train
the models using the verl framework [44]. The prompt batch size is 1,024, with 8 rollouts generated
per prompt. The sampling temperature during training is set to 1.0, and the maximum context length
is set to 4,096, 4,096 and 32,768 tokens for Qwen2.5-Math-7B, Llama-3.1-8B-Instruct and
Qwen3-4B, respectively. We update the model with a mini-batch size of 256 and a learning rate of
le-6. More hyperparameter settings can be found in Appendix D.1.

Evaluation setup. We evaluate on three widely used math reasoning benchmarks, including the
test sets of MATH, AIME 2025 and AMC23. During evaluation, we sample 256 responses per
prompt for Qwen2.5-Math-7B and Llama-3.1-8B-Instruct with a temperature of 0.6 and a top-
p of 0.95, and 64 responses for Qwen3-4B with a temperature of 0.7, a top-p of 0.8 and a top-k
of 20, prompt templates can be found in Appendix D.2. For evaluation metric, recent work [18]
highlights that accuracy based on greedy decoding can be unreliable. For this reason, we adopt a full
spectrum of Pass @k as our main evaluation metric, using k € {1,2,4, 8,16, 32, 64,128,256} for
Qwen2.5-Math-7B and k € {1,2,4, 8,16, 32,64} for Quen3-4B. Pass@¥ is defined as the fraction
of problems for which at least one correct response is produced in k independent trials. However,
directly computing Pass @k using only & samples per example often suffers from high variance. We
follow the unbiased estimator proposed by [5], which generates n samples per problem (n > k),
counts the number of correct responses ¢, and computes an unbiased estimate of Pass@F£ as:

n—c
1- ( k ) ] : )
()

Notably, varying k provides insights into different aspects of model behaviors. Pass@1 approximates
greedy decoding accuracy, reflecting how confidently the model can produce a correct response
in a single attempt, essentially reflecting exploitation. In contrast, Pass@k with large k evaluates
the model’s ability to generate diverse correct responses across multiple attempts, capturing its
exploration ability and reasoning boundary.

Pass@k = E,..p

3.2 Inference Scaling Trends Under Different Training Objectives

NSR alone is surprisingly effective. As shown in Figures 2 and 3, NSR exhibits unexpectedly
strong performance across the full range of k values. Despite being trained solely on negative samples,
it consistently improves Pass @k compared to the base model. While PPO, GRPO, and PSR explicitly
reinforce correct responses and naturally outperform the base model at Pass@1, it is surprising that
NSR achieves a comparable Pass@1 without training on any correct responses. This suggests that
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Figure 3: Pass@¥k curves of Qwen3-4B (non-thinking mode) trained with PPO, GRPO, PSR, and
NSR. NSR consistently performs competitively across varying k values, while PSR does not improve
the base model.
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Figure 4: Pass@Fk curves of L1ama-3.1-8B-Instruct trained with PPO, GRPO, PSR, and NSR.
All the methods underperforms the base model, while NSR retains the most performances.

NSR is able to reinforce correct responses indirectly by suppressing incorrect ones and redistributing
probability mass toward plausible alternatives.

NSR outperforms or stays comparable to the base model at a large k value. At larger decoding
budgets (e.g., Pass@256), recent work [72] shows that RL-trained models often lose their advantage,
and in some cases underperform the base model. This trend is generally observed in our experiments
with PPO, GRPO, and PSR, especially in Figure 2. NSR, on the other hand, maintains a comparable or
even better Pass @256 performance than the base model, generally outperforming the other algorithms.
These results suggest that NSR promotes exploration and preserves the output diversity.

PSR improves accuracy at the cost of diversity. In contrast, PSR, which only reinforces correct
samples, displays a more polarized behavior. It improves Pass@1, particularly on AIME 2025 and
AMC?23 in Figure 2. However, this precision comes at a cost: as k increases, Pass@Fk improves
more slowly than other methods and eventually falls below the base model for £ > 8. As shown in
Figure 5a, PSR improves greedy decoding accuracy rapidly during early training but plateaus quickly
and is overtaken by other methods. This behavior indicates that PSR overly concentrates probability
mass on early correct responses, leading to overconfidence and a collapsed output distribution and
ultimately limiting the model’s ability to generate diverse correct responses when allowing for more
test-time compute.

PSR fails to unlock the model’s latent reasoning capabilities. Figure 3 demonstrates the per-
formance of training Qwen3-4B under non-thinking mode to simulate a scenario where the model’s
underlying knowledge is known to be strong (i.e., its learned thinking mode triggered by the ‘<think>’
tag). While one may intuitively expect all algorithms to easily transfer the model’s reasoning ability
across different prompt formats (i.e., from thinking to non-thinking mode), our results demonstrate
significant performance differences across different algorithms. PSR fails to activate these latent
capabilities and does not improve the performance, even degrading Pass @k on MATH and AMC23
significantly. This highlights a fundamental limitation of PSR: it reinforces the currently dominant be-
havior in the output distribution, suppressing potentially stronger underlying capabilities. In contrast,
NSR and GRPO significantly improve the performance of the base model across all Pass@k metrics,
achieving thinking mode capabilities. Specifically, Qwen3-4B in thinking mode achieves a Pass@1
of 94.5 and a Pass@64 of 97.8 on MATH test set. NSR and GRPO closely match this performance,
with NSR reaching 94.0 (Pass@1) and 98.0 (Pass@64), and GRPO achieving 93.9 (Pass@1) and
98.2 (Pass@64).
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Figure 5: Training dynamics of Qwen2.5-Math-7B on MATH under PPO, GRPO, PSR and NSR
across training steps, including (a) greedy decoding accuracy on the test set, (b) the model’s entropy
on the test set, (c) the ratio of correct responses per batch on the training set, and (d) the proportion
of fully-solved prompts per batch (i.e., all rollouts are correct) on the training set. NSR achieves
competitive performance in greedy decoding accuracy while maintaining substantially higher entropy
throughout training, suggesting greater exploration. NSR improves both the correct sample ratio and
the fully-solved sample ratio, though less aggressively compared to other algorithms.

RL training hurts Llama models’ inference scaling performance. As shown in Figure 4, ap-
plying different RL algorithms to L1ama-3.1-8B-Instruct leads to degraded inference-scaling
performance compared to the base model. Although Pass@1 improves on MATH and AMC23,
Pass@256 drops substantially after RL training. This contrast between Qwen and Llama models
highlights that backbone model itself often determines whether RL can bring benefits, consistent
with recent works [72, 53, 68]. Among all methods, however, NSR causes the least degradation to
the base model’s scaling behavior.

4 Understanding the Effectiveness of Negative Sample Reinforcement

To better understand the learning mechanisms of PSR and NSR, and to explain why NSR consistently
demonstrates strong inference scaling performance, we analyze their training dynamics through both
empirical observations and gradient analysis.

4.1 Entropy as a Lens on Inference Scaling Performance

Since diversity is crucial for strong Pass@Fk performance—especially at a large k—we quantify
model diversity by tracking its entropy on a held-out test set throughout training, aiming to understand
how entropy evolves under different training algorithms. In addition, we monitor two complementary
metrics on the training set: the correct sample ratio, which measures the proportion of correct
responses per batch, and the fully solved ratio, which measures the fraction of problems per batch
where all rollouts are correct.

Figure 5b shows that NSR maintains a high level of entropy on the held out test set throughout
training, closely matching that of the base model, while PSR leads to a rapid and substantial drop in
entropy. PPO and GRPO offer a middle ground: they gradually reduce entropy during training, with
levels that fall between those of PSR and NSR. Nevertheless, their entropy still declines considerably,
which likely limits output diversity and helps explain why their Pass @256 performance remains
below that of the base model. Interestingly, PPO exhibits a slight rebound in entropy during the later
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Figure 6: Gradient dynamics of PSR and NSR under a math word problem example. Bars indicate
token logits before the update, and arrows indicate gradient direction and magnitude. Left (PSR):
The model generates the correct response (“7”") and receives a +1 reward. Gradients increase the
logit of the sampled token while suppressing all others, including potentially correct alternatives
like “2”, resulting in a sharpened, overconfident distribution. Right (NSR): The model generates an
incorrect response (“6”) and receives a —1 reward. Gradients demote the sampled incorrect token and
proportionally reallocate logits to other tokens (e.g., “7”, “2”) based on their current probabilities,
thereby promoting exploration on alternative correct paths and preserving diversity.

stages of training—a trend not seen in GRPO. This divergence may stem from PPO’s use of a critic
model, which can provide potentially more fine-grained and exploratory advantage estimates.

As shown in Figures 5c and 5d, NSR consistently improves the correct sample ratio but maintains a
lower proportion of correct samples and fully solved problems throughout training. This indicates
that the model avoids becoming overconfident in the observed correct responses. By preserving
uncertainty, NSR enables stronger scaling performance in Pass@Fk, as demonstrated in Figure 2. In
contrast, PSR rapidly increases the number of correct samples in each batch and achieves a higher
fully solved ratio compared to other methods, suggesting a tendency to overfit to the observed correct
responses. While this leads to better Pass@1 performance, it significantly reduces output diversity
and results in weaker Pass @k performance as k increases.

These trends underscore the importance of preserving output entropy during RL and highlight a key
insight: reinforcing negative samples alone can improve accuracy without compromising the base
model’s generation diversity.

4.2 Token-Level Gradient Dynamics of PSR and NSR

To gain a deeper understanding of the training dynamics of PSR and NSR, we conduct a token-level
gradient analysis. The loss for both PSR and NSR on a training instance (x, y) takes the form:

T T
1 1 exp(zy,)
L) =—-R- = To(Ye|T, Yoy) = —R - = - (0)
( ) T tzzl 9( t| <t) T tzzl Eylev eXp(zv/)

where R = r(x,y) € {—1,+1} denotes the reward assigned to the sampled trajectory, and z,
denotes the logit corresponding to token v in the vocabulary V.

To analyze the effect of these objectives on the model’s token distribution, we compute the gradient of
the loss with respect to token-level logits at each step. Let m, = mg(v|x, y,) denote the probability
of token v at time step ¢, the gradient descent directions of PSR and NSR are shown in Equations (7)
and (8) (the full derivation is provided in Appendix A), which are illustrated in Figure 6.

B OLpsr o Jme (1—m,) ifv=1y; (sampled token)
0z — Ty, * Ty if v # y; (unsampled token)

This formulation clearly shows how PSR increases the logits of tokens appearing in correct responses
while decreasing the logits of all other tokens. As training progresses, it repeatedly amplifies the
probability of observed correct sequences—pushing their likelihoods toward 1, while suppressing
alternative generations. This continual sharpening of the output distribution can lead to reduced
entropy and overfitting as shown in Figure 5b, especially in on-policy settings where the same

N



examples may be encountered frequently. Over time, the model’s behavior may collapse onto a
narrow set of responses, limiting its ability to explore or generalize beyond what has been reinforced.

®)

_8£NSR ~ {—m - (1—=m,) ifv=y (sampled token)
07y

C Ty if v # y; (unsampled token)
In contrast, NSR works by penalizing the logits of tokens in incorrect responses and softly redistribut-

ing probability mass to other candidate tokens. Importantly, NSR increases other tokens’ logits in
proportion to their current likelihoods. This objective has several desirable properties:

Key Insights into NSR via Gradient Analysis

1. Preserving high-confidence priors: When the model assigns high probability to certain
tokens (i.e., my, — 1) that appear in incorrect outputs (e.g., common grammatical or
linguistic constructions), the negative gradient from NSR is scaled by (1 — , ), resulting
in small updates. This allows NSR to penalize mistakes without erasing fundamental
knowledge learned during pretraining.

2. Prior-guided probability redistribution: NSR performs a soft reranking of the output
distribution by boosting unsampled tokens’ logits z, in proportion to their current proba-
bilities 7,. This allows the model to effectively explore and search for better candidates
according to their prior beliefs.

3. Implicit regularization against overfitting: NSR updates only when the model generates
incorrect responses. Once the model consistently avoids these mistakes, NSR naturally
halts further updates on those samples. This stopping criterion prevents the model from
overfitting or collapsing diversity in examples it has already mastered.

These analyses highlight an important strength of NSR: it preserves the model’s prior knowledge
over plausible tokens and stops updating once errors are corrected, effectively locking in successful
experiences. This is a unique advantage of NSR, as we demonstrate in Appendix B via gradient
analysis that simply applying an entropy bonus in the policy loss, despite promoting diversity, cannot
preserve model’s prior. We also include a comparison with the widely used unlikelihood training
objective, a previous approach designed to suppress undesirable or incorrect generations [57, 26].

4.3 Extending Gradient Analysis to PPO and GRPO

Our earlier analysis was based on a simple REINFORCE-like objective [58]. We now analyze how it
extends to PPO and GRPO. The losses for GRPO and PPO are as follows:

Lovol(6 __fz: (Bﬂfﬂ&i&m®<ﬁﬂfﬂgiﬂ_abm>&)

Trold yt|m y<t) 7Z—Old(yt‘way<z)

T
1 1 Y :131 . To(Yi,t| T, Y,
Conrol6 ZTZGM(QMyd&MW(MWZR%LﬁHQMJ

= = Told yz t‘m Y; <t) Wold(yzyt‘m7 yi,<t)
- ﬁKL(W0|7Trer)>7

where A denotes the advantage. Comparing the PPO and GRPO objectives to Equation (6), there
are three key differences: (1) policy loss clipping, (2) KL regularization (reward penalty in PPO,
loss in GRPO), and (3) advantages instead of raw rewards. We analyze their impact on the gradient
dynamics below:

1. Clipping constrains update magnitude when the new policy diverges significantly from the old
one, but preserves the gradient update direction, thus leaving our analysis qualitatively unchanged.

2. KL regularization discourages deviation from the reference policy. While it may dampen positive
and negative updates, its practical impact is often negligible: for reasoning tasks, the KL coeffi-
cient is either very small or completely removed, leading to better performance, as demonstrated
in recent works [6, 62, 69].

3. The advantage of GRPO A; = %?:;(T) acts as a rescaling of the gradient and retains the

raw reward’s sign. In PPO, the advantage is computed relative to a value function: tokens that



Table 1: Pass@k results on MATH, AIME 2025 and AMC23 with Qwen2.5-Math-7B. Bold and
underlined numbers denote the best and second-best results for each k.

Method Pass@k
k 1 2 4 8 16 32 64 128 256
MATH
Base Model 63.2 76.0 83.7 88.4 91.6 93.7 95.2 96.2 96.9
PPO 76.6 82.6 86.7 89.6 91.7 934 94.7 95.6 96.3
GRPO 76.3 81.7 85.6 88.4 90.6 92.3 93.6 94.7 95.5
REINFORCE 74.8 79.1 82.4 84.9 86.9 88.5 89.9 91.1 92.0
PSR 74.1 78.3 81.6 84.1 86.2 87.9 89.3 90.4 91.2
NSR 75.7 82.4 86.9  90.1 92.4 94.1 95.3 96.2 96.9
W-REINFORCE 76.6 82.8 87.1 90.2 92.4 94.1 95.3 96.1 96.7
AIME 2025
Base Model 6.1 9.7 13.8 17.9 222 26.5 30.8 36.6 46.7
PPO 8.5 13.2 18.0 22.5 26.6 30.3 33.8 37.9 433
GRPO 10.3 14.7 19.4 24.0 28.4 32.8 37.3 42.5 50.0
REINFORCE 9.2 12.5 16.3 21.0 26.4 32.3 38.6 447 50.0
PSR 11.6 14.1 16.2 18.6 21.7 25.7 30.9 36.9 43.3
NSR 10.0 14.6 19.2 241 293 34.6 402  46.0 533
W-REINFORCE 10.6 15.3 20.0 24.7 29.7 34.6 40.5 47.8 56.7
AMC23
Base Model 41.0 56.2 69.2 78.9 85.1 89.1 92.9 97.2 100.0
PPO 62.0 70.0 76.1 80.9 85.3 89.5 93.1 96.0 97.5
GRPO 61.7 68.7 74.6 80.0 85.1 89.7 93.4 95.9 97.5
REINFORCE 61.8 68.5 734 77.0 80.8 85.1 89.3 91.9 92.5
PSR 62.6 69.9 74.5 717.5 80.3 83.5 87.2 90.6 92.5
NSR 60.9 70.0 77.4 83.2 87.6 91.1 94.5 97.9 100.0
W-REINFORCE 62.0 70.0 77.0  83.1 87.8 91.8 95.2 97.1 97.5

outperform the baseline are reinforced, while other tokens are penalized. This yields finer-grained
credit assignment but does not alter the overall gradient dynamics—positive reinforcement still
reduces diversity, and negative reinforcement promotes alternatives under the model prior.

Therefore, while PPO and GRPO introduce modifications that stabilize learning, the core gradient
behaviors identified in our previous analysis still hold. We further discuss the differences between
RLVR and RL with reward models in Appendix C.

5 Balancing Positive and Negative Reinforcement

Our previous analyses reveal a trade-off in reinforcement learning objectives: PSR improves Pass@1
quickly but sacrifices performance on Pass@Fk for larger k, whereas NSR preserves Pass@Fk, but
may underperform when £ is small. To strike a better balance between accuracy and diversity, we
propose a simple weighted combination of PSR and NSR: we scale down the reward magnitude for
PSR by a factor of A\ and combine it with NSR, allowing the model to learn from both correct and
incorrect samples. When A = 1, it is exactly the same as REINFORCE. We refer to this method as
Weighted-REINFORCE (W-REINFORCE):

Lwrenrorce(0) = —Eap | D> Aemp(yl) | —Eonp > —m(ylw)

yir(z,y)=1 yir(z,y)=—1

X-Lpsr(6) Lnsr (0)

&)

We apply A = 0.1 in our experiments. As shown in Table 1, W-REINFORCE consistently delivers
a favorable trade-off across a range of k values on MATH, AIME 2025 and AMC23. On MATH,
W-REINFORCE matches the best Pass@1 score 76.6 with PPO and has the highest performance
for all £ < 64, while still preserves competitive performance at £k = 256. On AIME 2025, W-
REINFORCE performs even more strongly—achieving the best result across all k values except
k = 1. These results confirm that W-REINFORCE, a simple weighted extension of the classic
REINFORCE algorithm, strikes an effective balance between the strengths of PSR and NSR. By



merely scaling down the weight of positive rewards, it achieves strong performance while preserving
diversity. Despite its simplicity, W-REINFORCE consistently outperforms strong RL algorithms
such as PPO and GRPO across most Pass@k, while the vanilla REINFORCE underperforms. These
findings suggest that this simple variant of REINFORCE can serve as a competitive alternative to
more complex RL algorithms when the model prior is strong (e.g., Qwen models). We provide an
ablation study on the choice of A in Appendix E.

6 Related Work

Reinforcement learning with verifiable rewards. Reinforcement learning has shown great
promise in improving large language models, as demonstrated by the success of reinforcement
learning from human feedback (RLHF) and from Al feedback (RLAIF), which align model responses
with human preferences [25, 32, 36, 39]. More recently, reinforcement learning with verifiable
rewards [8, 14, 16, 23, 31, 43, 48, 52, 63, 69, 70, 71, 76, 54] has attracted growing attention for its ef-
fectiveness in incentivizing reasoning in LLMs with rule-based rewards [12, 15,22, 47,74, 10, 24, 34].
Notably, DeepSeek-R1 [15] and Kimi K1.5 [47] demonstrate that RLVR can elicit emergent rea-
soning behaviors such as long chain of thought and self-reflection, and achieve strong performance
across diverse reasoning tasks such as math and coding problems. Yeo et al. [68] further explore the
emergence of long CoT across different RLVR setups.

Despite these advances, many prior works mainly focus on evaluating the model’s Pass@1 or greedy
decoding performance, which might overlook the underlying change in model behavior (e.g., inference
scaling performance). More importantly, the mechanisms behind RLVR for driving reasoning and
generalization remain underexplored. In this work, we take a step further by decomposing the RLVR
objective into two distinct learning paradigms—Iearning from correct responses and learning from
incorrect responses. We analyze the learning signal at the token level through gradient analysis and
evaluate the models extensively using Pass@Fk with a wide spectrum of k. Our findings highlight the
critical yet previously underappreciated role of negative rewards in RLVR.

Inference-time scaling behaviors. Inference-time scaling has emerged as a promising direction
for enhancing model performance [2, 3, 4, 29, 35, 38, 42, 46, 49, 50, 51, 56, 59, 80, 67, 73, 78, 55]—
particularly in reasoning tasks where generating multiple candidate solutions [7, 80] or longer
reasoning traces [35, 68, 75] can help hit the correct answer. Through the lens of inference-time
scaling, recent studies have raised questions about whether RL-trained models are better than the
base models [72, 18]. A recent work by [72] suggests that RLVR primarily adjusts the model’s output
distribution toward high-reward responses,rather than eliciting new reasoning abilities beyond the base
model. By adopting Pass@Fk as metric, they find that RL-trained models have inferior inference-time
scaling performance than the base models. These findings align with our findings that reinforcing
correct samples hurts Pass@Fk at larger k. Another concurrent work by [9] studies supervised
fine-tuning (SFT), and finds that diversity collapse during SFT adversely affects inference-time
scaling performance. They show that SFT reduces generation diversity, leading to degraded Pass @k
performance, and that interpolating weights from early, potentially less overconfident checkpoints
and later ones can effectively restore diversity and improve both Pass@1 and Pass@Fk.

In this work, we highlight the underestimated role of negative reinforcement in preserving and
improving inference-time scaling performance, and that the accuracy and diversity trade-off in RLVR
can be effectively balanced by adjusting positive and negative reward weights.

7 Conclusion

In this work, we investigate the mechanism underlying RLVR for LM reasoning. By decomposing
RLVR into positive and negative sample reinforcement, we reveal a surprising finding: solely
penalizing incorrect samples can effectively enhance LM reasoning capabilities while preserving
generation diversity. Experimental results show that NSR consistently improves performance across a
wide Pass@F spectrum and in many cases matches or outperforms strong RL algorithms such as PPO
and GRPO. Our gradient analysis demonstrates that NSR works by suppressing incorrect responses
and redistributing probability mass toward plausible alternatives based on the model prior. Building
on these findings, we proposed a simple variant of REINFORCE, Weighted-REINFORCE, that
upweights the negative sample reinforcement. Empirical results show that it achieves a good balance
between PSR and NSR, and yields consistent Pass@k improvements across multiple reasoning
benchmarks. We discuss limitations and future work directions in Appendix F.
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NeurlIPS Paper Checklist

The checklist is designed to encourage best practices for responsible machine learning research,
addressing issues of reproducibility, transparency, research ethics, and societal impact. Do not remove
the checklist: The papers not including the checklist will be desk rejected. The checklist should
follow the references and follow the (optional) supplemental material. The checklist does NOT count
towards the page limit.

Please read the checklist guidelines carefully for information on how to answer these questions. For
each question in the checklist:

¢ You should answer [ Yes] , ,or [NA].

* [NA] means either that the question is Not Applicable for that particular paper or the
relevant information is Not Available.

* Please provide a short (1-2 sentence) justification right after your answer (even for NA).

The checklist answers are an integral part of your paper submission. They are visible to the
reviewers, area chairs, senior area chairs, and ethics reviewers. You will be asked to also include it
(after eventual revisions) with the final version of your paper, and its final version will be published
with the paper.

The reviewers of your paper will be asked to use the checklist as one of the factors in their evaluation.
While "[Yes] " is generally preferable to " ", it is perfectly acceptable to answer " " provided a
proper justification is given (e.g., "error bars are not reported because it would be too computationally
expensive" or "we were unable to find the license for the dataset we used"). In general, answering
" "or "[NA] " is not grounds for rejection. While the questions are phrased in a binary way, we
acknowledge that the true answer is often more nuanced, so please just use your best judgment and
write a justification to elaborate. All supporting evidence can appear either in the main paper or the
supplemental material, provided in appendix. If you answer [Yes] to a question, in the justification
please point to the section(s) where related material for the question can be found.

IMPORTANT, please:

* Delete this instruction block, but keep the section heading ‘“NeurIPS Paper Checklist",
* Keep the checklist subsection headings, questions/answers and guidelines below.
* Do not modify the questions and only use the provided macros for your answers.

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The claims have been validated with extensive empirical results and theoretical
analyses.

Guidelines:

e The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: We discuss the limitations in Appendix F.

Guidelines:
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* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

 The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]
Justification: We provide theoretical results in Section 4.2 and Appendix A.
Guidelines:

» The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes],
Justification: We provide detailed experimental settings in Section 3.1 and Appendix D.1
Guidelines:

* The answer NA means that the paper does not include experiments.

* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

* If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
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* Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: All the datasets used in our paper are open-access, and we also provide our
codes in the supplemental materials.

Guidelines:

* The answer NA means that paper does not include experiments requiring code.

¢ Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

 The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized

versions (if applicable).

Providing as much information as possible in supplemental material (appended to the

paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]
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Justification: We provide training and test settings in Section 3.1.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: Our results are based on 256 random samplings and calculated with an unbiased
estimator.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

¢ It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

» For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

o If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
8. Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: We provide computer resources used in this work in Appendix D.1.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]
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10.

11.

Justification: Our research was conducted in accordance with the NeurIPS Code of Ethics.
Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [NA]

Justification: Our work is a methodological and theoretical paper on understanding the
reinforcement learning for improving large language model reasoning and does not have
direct societal impacts.

Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]

Justification: Our work does not involve releasing data or models, so there is not a high risk
for misuse.

Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

* Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

21



12.

13.

14.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: We properly credited the creators of the assets used in the paper, and provide
URLSs to all assets.

Guidelines:

» The answer NA means that the paper does not use existing assets.
* The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: We release our code, used datasets and provided detailed documentation in the
supplementary materials.

Guidelines:

* The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.
Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: Our work does not involve crowdsourcing nor research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with

human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.
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15.

16.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: Our work does not involve crowd-sourcing nor research with human subjects.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

Declaration of LLLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used

only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]

Justification: Our work only uses LLMs for writing, editing, and formatting purposes that
do not impact the core methodology, scientific rigor, and originality of the research.
Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

¢ Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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A Gradient Derivation

Gradient of Equation (6). For simplicity of notation, let 7, := mg(v|®,y<+), and we omit the
constant % in the equation which effectively scales the gradient magnitude.

0L _ o Lv=uy)exp(zy) D ey explen) — exp(zy,) exp(z)

== 2
82’1; (Ev,ev exp(zvl))
For the sampled token v = y;, the gradient simplifies to
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For the unsampled token v # y;, the gradient simplifies to
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In summary, the gradient of Equation (6) can be expressed as

oc {—R my - (1 —m,) ifv=uy; (sampled token)

0z, |\ R-my, -y if v #y; (unsampled token)

B NSR differs from Entropy and Unlikelihood Training in Gradients

Gradient of entropy regularization. Entropy regularization is also one way to induce a diverse
output probability distribution. We compute and analyze its gradient dynamics to reveal its difference
from the NSR objective as follows. The entropy loss is

,H('/TG) = Z Ty log 1,

v’ ey
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and the gradient ascent direction to maximize entropy is
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It can be seen that the gradient sign and magnitude depend on how the log-probability of token v,
log 7, compares to the expected log probability £ over the vocabulary: when token v is significantly
more probable than expected, it receives a larger negative gradient, pushing its logit down more
strongly. In contrast, when token v is less probable than average, it receives a positive gradient that
boosts its logit.

As aresult, entropy maximization systematically flattens the output distribution by suppressing high-
confidence tokens and boosting low-confidence ones. This behavior can conflict with the model’s
prior knowledge: confidently correct tokens—such as syntactically or semantically appropriate
completions—are penalized more for being too probable, while completely implausible tokens may
be promoted simply because they are unlikely under the current policy.

Gradient of unlikelihood training objective. While NSR shares the goal of penalizing undesirable
outputs with unlikelihood training [57, 26], their formulation and resulting dynamics are fundamen-
tally different: NSR penalizes incorrect outputs using their raw probabilities, rather than minimizing
—log(1 — mg(y|x)) as in unlikelihood training. This distinction results in different gradient behavior
and training dynamics as shown below:

T
1
Lunlikelihood (8) = 7 ; log (1 —mo(ye | @, yy))- (10)
Taking the derivative w.r.t. token logits z, yields:
—Ty if v =y; (sampled token)
O Luniikelihood
- . (1

0z,

-m, ifv #y; (unsampled token)

1—-m,

Comparing Equation (11) against Equation (8), it can be seen that Equation (11) induces a markedly
different update: it pushes down the sampled token y,’s logit and redistributes probability mass to
other tokens in proportion to their current probabilities 7,,. Consequently, confident predictions are
penalized more aggressively, which may erode prior knowledge. In contrast, the gradient of NSR
(Equation (8)) is dampened by a (1 — =, ) factor. This has the opposite effect: as confidence in a
sampled token grows, the gradient update shrinks when that token appears in an incorrect answer.
By reducing the penalty on high-confidence tokens, NSR avoids destructive updates and effectively
preserves pretrained knowledge.

C RLVR vs. RL with Reward Models

Different from RLVR, many RL setups require training reward models to assign scalar values that
indicate the quality of generation (e.g., in RLHF [36]). During policy optimization, these rewards are
often normalized within a batch by subtracting the mean, so that a sample’s final reward depends on
its relative ranking compared to others in the same batch. As a result, a sample’s reward can change
sign (from positive to negative or vice versa) depending on the overall quality of the batch, making it
difficult to interpret rewards as absolute indicators of positive or negative samples. In contrast, RLVR
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applies a binary reward (4-1/—1). The signs of the rewards are inherently tied to the correctness of
individual sequences, as each token in a sequence receives the same reward and the batch average
reward always remains within [—1, 1], thus reward normalization will preserve the original sign. This
inherent sign preservation in RLVR is critical for our analysis, as it enables a clean and unambiguous
separation into positive and negative learning paradigms based on the reward signs.

D Implementation Details

D.1 Objectives and Training Hyperparameters
The objectives of PPO, GRPO, PSR and NSR are as follows:
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where € is the clip ratio, and [ is the KL penalty coefficient. For PPO, the KL penalty is applied to
the advantage. For GRPO, the KL penalty is added to the final loss. Both PPO and GRPO use a KL
penalty coefficient of 1e-3. For PSR and NSR, we do not apply KL penalty, which we find to result
in better performance. The learning rate of the critic model in PPO is le-5. The clip ratio is set to 0.2.
We also apply entropy bonus to all the above objectives, with a coefficient of le-4. Our experiments
are conducted over a single node with § NVIDIA H200 GPUs.

D.2 Prompt Templates

We adopt the prompt templates for Qwen models following [74], as shown in Tables 2 and 3.

Table 2: Prompt template for Qwen2.5-Math-7B.

<lim_start/>system

You are a helpful assistant.<lim_end|>

<lim_start/>user

{input}

Please reason step by step, and put your final answer within \boxed{ }.<lim_endI>
<lim_startl/>assistant

D.3 Advantage Normalization

The implementation of computing advantage in verl includes an advantage normalization. However,
for PSR and NSR, since we exclude the KL penalty, the advantage is equal to the raw reward (i.e.,
+1 for PSR and —1 for NSR). In this case, applying normalization would cause the advantage to
be zero, thus eliminating the learning signal. As a result, we disable this normalization in PSR and
NSR’s implementation. A recent work [61] also suggests that the reward normalization may not be
necessary for certain settings.
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Table 3: Prompt template for Qwen3-4B non-thinking mode.

<lim_startl>system

You are a helpful assistant.<lim_endI>

<lim_start/>user

{input}

Please reason step by step, and put your final answer within \boxed{ } .<lim_end|>
<lim_start/>assistant

<think>

</think>

Table 4: Pass@k results on MATH, AIME 2025 and AMC23 with different A using
Qwen2.5-Math-7B. Bold and underlined numbers denote the best and second-best results for each
k.

Pass@k
1 2 4 8 16 32 64 128 256

A MATH
0 75.7 824 869 90.1 924 94.1 95.3 96.2 96.9

0.05 75.6 822 86.7 89.9 92.2 94.0 95.3 96.3 97.1
0.1 76.6 828 871 90.2 924 9.1 95.3  96.1 96.7
0.2 75.8 81.2 85.2 88.3 90.7 92.6 94.0 95.1 95.9

1 74.8  79.1 824 849 869 885 89.9 911 92.0
A AIME 2025
0 10.0 14.6 192 241 293 346 402 460 533

0.05 9.0 13.6 183 229 278 333 394 462 533
0.1 106 153 200 247 297 346 405 478 56.7
0.2 9.4 13.2 173  21.8 265 311 357  39.6 433

1 92 125 163 210 264 323 386 447 500
A\ AMC23
0 609 700 774 832 876 911 945 979  100.0

005 616 709 778 829 871 912 951 981  100.0
01 620 700 770 831 878 918 952 971 975
02 604 680 739 793 845 895 936 964 975
1 61.8 685 734 770 808 8.1 893 919 925

E Impact of Reward Weighting Coefficient \

To examine how sensitive W-REINFORCE is to the choice of A, we conduct an ablation study
with A € 0,0.05,0.1,0.2,1 on the MATH dataset, with A\ = 0 corresponding to NSR and A =1
corresponding to vanilla REINFORCE. As shown in Table 4, performance is relatively stable when
A < 0.2, while larger values gradually degrade Pass@Fk across all k. This confirms that the key
to W-REINFORCE ’s effectiveness lies in moderately down-weighting the positive reward, which
prevents the model from collapsing its distribution toward the highest-probability answers. When
A = 1, Pass@256 drops substantially, underscoring that excessive emphasis on positive rewards
harms exploration and diversity. Overall, these results suggest that W-REINFORCE is robust to the
choice of A, and a small A\ can offer a better trade-off between Pass@1 and Pass@256.

F Limitations

We discuss the limitations of our work and future work directions as follows.

1. Performance degradation with extended NSR training. We observe that extensive training
with NSR (e.g., over hundreds of gradient steps) leads to a noticeable decline in performance,
whereas W-REINFORCE does not exhibit this issue. However, such instability is not unique
to NSR—standard RL algorithms like GRPO also experience similar degradation or training
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collapse under extended updates, as studied in recent works [30, 19, 79]. This suggests that
NSR’s implicit mechanism for preserving prior knowledge may be insufficient to ensure stable
training over the long term, and incorporating some degree of PSR may be necessary. Future
work could explore more sophisticated methods for integrating NSR and PSR to design more
robust RL algorithms, and investigate NSR as a potential warm-up phase before standard RL
training given that it improves the full Pass@¥k spectrum.

. Beyond sparse and binary rewards. In this work, we focus on the RLVR setup with sparse and
binary outcome rewards. However, many real-world tasks require dense reward signals that offer
more fine-grained feedback (e.g., evaluating intermediate reasoning steps or subjective tasks). It
remains an open question how PSR, NSR, or W-REINFORCE would perform in such settings,
where the learning signals are continuous rather than discrete and potentially more difficult to
interpret.
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