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Abstract

Reinforcement Learning with Verifiable Rewards (RLVR) has emerged as a
vital paradigm for improving the reasoning capabilities of Large Language
Models (LLMs). However, methods such as Group Relative Policy Opti-
mization (GRPO) provide no effective learning signal when all responses
sampled for a prompt receive the same reward. This zero-variance set-
ting causes the group advantage to vanish and discards potentially useful
training signals, thereby limiting both exploration and reasoning perfor-
mance. To address this issue, we propose LZPO, an algorithm that recovers
learning signals from zero-variance prompts. For all correct groups, LZPO
assigns semantic-entropy-guided advantages to encourage exploration
among successful reasoning paths. For all wrong groups, it generates a
reflection response and ranks the original erroneous responses according to
their semantic alignment with this response. The reflection response is used
only for relative ranking; it is neither treated as verified ground truth nor
assigned directly as a positive training target. Together, these mechanisms
recover learning signals that GRPO otherwise discards. Experiments on six
mathematical reasoning benchmarks show that LZPO achieves gains of up
to 3.3 points over GRPO and outperforms other baselines, with particularly
pronounced improvements on challenging reasoning tasks.

1 Introduction

Reinforcement Learning (RL) (Schulman et al., 2017; Shao et al., 2024; Yue et al., 2025)
serves as a critical framework for post-training Large Language Models (LLMs). Among its
paradigms, Reinforcement Learning with Verifiable Rewards (RLVR) (DeepSeek-AI et al.,
2025; Su et al., 2025) leverages rule-based evaluation to enhance reasoning without learned
reward models, while Group Relative Policy Optimization (GRPO) (Shao et al., 2024) further
improves efficiency by eliminating the value network and achieves better performance on
complex reasoning tasks.
However, GRPO-based methods face a significant bottleneck with zero-variance prompts,
where all sampled responses yield identical rewards. As shown in Figure 1 Right, these
prompts comprise 40%–60% of training data. In such scenarios, the group advantage be-
comes zero, causing gradients to vanish and severely degrading sample efficiency. Existing
solutions such as DAPO (Yu et al., 2025; Zheng et al., 2025; Liao et al., 2025) attempt to filter
these prompts but incur substantial computational overhead, with rollouts taking up nearly
50% of the training time (Le et al., 2025). Moreover, discarding this data exacerbates signal
sparsity in later training stages. This limits exploration (Wang et al., 2025; Xie et al., 2025;
Deng et al., 2025) and increases the risk of entropy collapse (Cui et al., 2025), ultimately
constraining model performance.
Contrary to prior assumptions (Yu et al., 2025; Zheng et al., 2025; Liao et al., 2025), we argue
that zero-variance prompts contain valuable latent training signals, as shown in Figure 1
Left. Effectively exploiting these signals is crucial for preserving learned capabilities and
guiding exploration toward diverse reasoning paths, even in the absence of explicit reward
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Figure 1: Semantic diversity in zero-variance prompts. Left: all wrong responses exhibit
varying semantic entropy, and reflection provides useful guidance for difficult problems.
Right: evolution of zero-variance prompt composition (all correct vs. all wrong) during
training.

differences. Recent work (Le et al., 2025) extracts learning signals from zero-variance
prompts with token-level entropy. However, we find that semantic entropy is less noisy
than token-level entropy because it captures diversity in underlying reasoning meanings
rather than local token fluctuations (Huang et al., 2025; Chen et al., 2025a).
To this end, we propose LZPO (Learn from Zero Policy Optimization), a novel algorithm
that reactivates training signals through two complementary mechanisms: (1) a semantic-
entropy-based advantage that encourages exploration by assigning higher relative advan-
tages to all correct responses with greater intra-group semantic diversity; (2) a reflection-
guided mechanism that, for all wrong responses, summarizes errors, generates a reflection
response, and uses it as a weak directional signal to distinguish informative mistakes from
uninformative failures.
Our main contributions are as follows. We observe that zero-variance prompts contain useful
latent training signals and propose to exploit them through semantic entropy and reflection-
guided mechanisms to mitigate vanishing gradients and improve sample efficiency in RL
training. We propose LZPO, a policy optimization algorithm that reactivates these signals
through two complementary mechanisms. Experiments on six mathematical reasoning
benchmarks across multiple model scales show that LZPO consistently outperforms GRPO
baselines while incurring conditional computation from reflection generation on all wrong
prompt groups.

2 Related work

2.1 Reinforcement learning for LLMs

In recent years, reinforcement learning has become a core paradigm for enhancing the
reasoning capabilities of large language models. DeepSeek-AI (DeepSeek-AI et al., 2025)
and OpenAI (OpenAI et al., 2024) show that reward-based optimization on verifiable
tasks can substantially improve the stability and generalization of model reasoning. By
constructing group-relative advantages, GRPO (Shao et al., 2024) removes the reliance on
complex critic models and achieves better performance gains on reasoning tasks. To address
the limitations of GRPO, several follow-up methods have been proposed. Approaches (Yu
et al., 2025; Wang et al., 2025; Su et al., 2025; Cui et al., 2025) refine the clipping strategy
to better optimize high-entropy tokens, mitigating entropy collapse during training. In
parallel, other approaches (Chen et al., 2025b; Wu et al., 2025a; Zhang et al., 2025) redesign
the advantage function to explicitly encourage exploration, further improving reasoning
performance. However, existing methods primarily focus on non-zero-variance samples
and largely overlook the informative signals embedded in zero-variance data. In contrast,
our approach reactivates latent learning signals from zero-variance prompts, enabling more
efficient utilization of both training data and computational resources.
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2.2 Data sampling and advantage shaping strategies
Addressing the challenge of zero-variance prompts in RL, Data sampling strategies pri-
marily improve training efficiency by filtering or downsampling such samples. DAPO (Yu
et al., 2025) introduces a dynamic sampler to ensure that each batch contains only non-
zero-variance samples, while other methods (Xiong et al., 2025; Liao et al., 2025; Cao et al.,
2025; Zheng et al., 2025) reduce the sampling frequency of zero-variance prompts and adopt
curriculum learning to filter data during training. Advantage shaping strategies instead re-
cover learning signals from zero-variance samples. ZVP (Le et al., 2025) assigns token-level
advantages using token-level characteristics, GCPO (Wu & Liu, 2025) activates advantages
through teacher-trajectory distillation and intra-group replacement, and SEED-GRPO (Chen
et al., 2025a) uses prompt-level semantic entropy to scale updates conservatively for un-
certain prompts. In contrast, LZPO constructs response-level advantages from semantic
clusters: cluster-level entropy guides all correct groups, whereas reflection-guided align-
ment ranks erroneous responses in all wrong groups, directly targeting vanishing group
advantages.

3 Preliminary
3.1 Group relative policy optimization
Group Relative Policy Optimization (GRPO) (Shao et al., 2024) is an extension of PPO (Schul-
man et al., 2017) that stabilizes policy updates via group-wise normalization of advantage
estimates, without requiring an explicit value function. Given a question–answer pair
(q, a) ∼ D sampled from the training dataset, the old policy πold generates G independent
responses {oi}G

i=1 for the same query q. The GRPO objective is defined as

JGRPO

(︂
θ | q, a, {oi}G

i=1

)︂
=

1
G

G

∑
i=1

1
|oi|

|oi |

∑
t=1

min
(︁
ri,t(θ) Âi,t, clip

(︁
ri,t(θ), 1 − ϵ, 1 + ϵ

)︁
Âi,t

)︁
(1)

where ri,t(θ) denotes the importance sampling ratio:

ri,t(θ) =
πθ(oi,t | q, oi,<t)

πold(oi,t | q, oi,<t)
. (2)

The token-level advantage Âi,t is computed using group-normalized rewards:

Âi,t =
ri − mean

(︁
{rj}G

j=1
)︁

std
(︁
{rj}G

j=1

)︁ . (3)

Here, ri denotes the scalar reward associated with the complete response oi. By normalizing
rewards across responses to the same prompt, GRPO captures relative performance within
each group, guiding the policy toward comparatively better solutions.

3.2 Semantic entropy
Semantic entropy (Kuhn et al., 2023; Farquhar et al., 2024) measures uncertainty at the
semantic level by quantifying diversity in meaning rather than surface-level token variation.
Given a query q, we sample a group of G responses from the previous policy:

{o1, o2, . . . , oG} ∼ πθold
(· | q). (4)

Following prior work, we estimate semantic entropy from sampled responses using a Monte
Carlo approximation (Kossen et al., 2024). Specifically, each response oj is represented by a
sequence-level embedding obtained by mean pooling the last-layer hidden states:

hoj =
1
|oj|

|oj |

∑
t=1

hj,t. (5)

In our implementation, these rollout embeddings are derived from vLLM hidden states and
clustered with K-means using a fixed K = 2; sensitivity to K is studied in Section 5.4.
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Figure 2: Overview of LZPO advantage calculation with semantic entropy and reflection.

We then apply K-means to {hoj}G
j=1, yielding K semantic clusters C = {C1, . . . , CK}, where

each cluster contains semantically similar responses. We estimate the probability mass of
cluster Ci from the sampled group as

P(Ci | q) =
1
G

G

∑
j=1

1(oj ∈ Ci), i = 1, . . . , K. (6)

The entropy contribution of cluster Ci is then HSE(Ci) = −P(Ci | q) log P(Ci | q), and the
overall semantic entropy is HSE(q) = ∑K

i=1 HSE(Ci) = −∑K
i=1 P(Ci | q) log P(Ci | q). In

Section 4.2, we further use this cluster-level entropy contribution to guide response-level
advantage assignment.

4 Method

4.1 Semantic entropy guided advantage design for all correct prompt
When all responses in a group are either correct or wrong, GRPO yields zero advantages
and thus vanishing policy gradients in Eq. 7, making the prompt ineffective for policy
optimization.

∇θJGRPO ∝ E
[︁
Âi,t ∇θ log πθ(oi,t | q, oi,<t)

]︁
. (7)

We denote prompts whose group responses are all correct or all wrong at each training step
as all correct and all wrong. Empirically, these zero-variance prompts account for nearly
45% of training, as shown in Figure 1 Right, indicating that existing training paradigms
waste a substantial amount of data. Our key insight is that zero-variance prompts are
not uninformative, but require finer-grained signals to be exploited effectively. Semantic
entropy reveals latent structural differences and the exploration space beneath superficially
uniform group responses, providing useful learning signals for policy optimization in
zero-variance settings. Higher semantic entropy is associated with more diverse solution
distributions (Chen et al., 2025a), indicating multiple plausible reasoning paths, whereas
lower entropy reflects more consistent outputs and stronger model confidence. In our
implementation, we cluster rollout embeddings derived from vLLM hidden states with
K-means using a fixed K = 2; we study the sensitivity to K in Section 5.4.
Based on semantic entropy, LZPO assigns response-level advantages to zero-variance
prompts. For all correct prompts, it assigns a weak positive advantage proportional to
semantic entropy, which preserves performance on easier problems while giving responses
with higher semantic entropy greater relative advantage within the group and encouraging
exploration of diverse solution paths. The treatment of all wrong prompts is detailed in
Section 4.2.

4.2 Reflection-guided advantage design for all wrong prompts
Although semantic entropy provides a principled measure for reactivating zero-variance
prompts, it alone is insufficient. In particular, it cannot distinguish erroneous responses
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Question: Prompt
Incorrect solutions with wrong answers
You attempted to solve the problem but all sampled responses 
were incorrect. Carefully reflect on the failure patterns in the 
previous solutions and answer the problem again
Response Again (ground-truth answer is masked):
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Figure 3: Reflection prompt template and response association via reflection on all-wrong
prompts.

with constructive exploratory value from purely noisy failures, nor can it reliably identify
which incorrect responses contain latent reasoning paths toward the correct solution.
Inspired by prior work (Sun et al., 2025; Li et al., 2025), we introduce an error reflection mech-
anism to refine advantage assignment and provide more targeted guidance for exploration
on hard problems. The core idea is to let the model summarize and reflect on erroneous
responses, generate a revised response that approximates the correct reasoning direction
under the current policy, and then evaluate the alignment between each erroneous response
and this direction.

Reflection-based guidance for all wrong prompts. For an all wrong prompt, we adopt
the reflection procedure illustrated in Figure 3. When all rollouts of a prompt are incorrect,
we reconstruct the erroneous responses using the input prompt template adopted during
training, with the ground-truth answer explicitly masked. This encourages the model
to summarize the observed mistakes and re-attempt the problem using only its internal
reasoning. The process yields a reflection response õre, which provides a weak directional
signal under the current policy. We use the reflection response only to rank the relative
quality of the original erroneous responses. It is neither treated as verified ground truth nor
assigned directly as a positive training target.

Token-level association for reflection alignment. For an all wrong prompt, we measure
how each erroneous response aligns with the reflection response õre, which serves as a weak
proxy for a more promising reasoning direction under the current policy. Concretely, for
each token oi,j in the erroneous rollouts, we compute a token-level association score based
on its co-occurrence with õre, using a combination of Fisher’s exact test and information
gain:

S(oi,j) = 0.5 F(oi,j) + 0.5 IG(oi,j). (8)

Detailed definitions are provided in Appendix A.
We then aggregate token-level scores into a sequence-level alignment score S̄(oi) =

1
|oi | ∑j S(oi,j), and further average them within each semantic cluster to obtain S̄(Ci), which
guides sequence-level advantage construction. We use token-level statistics rather than
direct sequence-level similarity because reflection provides only weak directional supervi-
sion, while erroneous rollouts often contain partially correct reasoning steps that are better
captured locally.

Final advantage design. When the group-level reward variance collapses to zero, LZPO
activates the semantic entropy and reflection-guided advantage mechanism; otherwise, it
reduces to standard GRPO. Let Hmax

SE := maxC∈C HSE(C) denote the maximum cluster-level
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semantic entropy in the group, and let Cworst := arg minC∈C S̄(C) denote the semantic
cluster with the lowest alignment score relative to the reflection response. The advantage is
defined as

ÂLZPO
i =

⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩

α HSE(Ci), all correct,

−α
(︁

Hmax
SE − HSE(Ci)

)︁
, all wrong ∧ Ci ̸= Cworst,

−α Hmax
SE , all wrong ∧ Ci = Cworst,

ÂGRPO
i,t , otherwise.

(9)

where α denotes the scaling-factor hyperparameter. For all wrong prompts, semantic clusters
are ranked by their aggregated alignment scores S̄(Ci) with the reflection response. The
alignment score is used only for relative ranking among erroneous clusters and never
assigns a positive advantage to an incorrect response. The cluster Cworst receives the
stronger negative advantage −αHmax

SE , while all remaining clusters receive the softened
penalty −α

(︁
Hmax

SE − HSE(Ci)
)︁

so that potentially informative exploration is penalized less
severely.

5 Experiment

5.1 Experimental settings
Benchmarks and parameter details. We conduct experiments across two model scales,
DeepSeek-R1-Distill-Qwen-1.5B and DeepSeek-R1-Distill-Qwen-7B (DeepSeek-AI et al.,
2025), to evaluate the effectiveness and scalability of the proposed method. All models are
trained on the DAPO-Math-17K dataset (Yu et al., 2025). During training, we use a rollout
size of N = 8, a sampling temperature of 1.0, a maximum response length of 8192 tokens,
and a fixed learning rate of η = 1 × 10−6. For fair comparison, all baselines are reproduced
under identical hyperparameter settings on the VeRL platform (Sheng et al., 2025), with
GRPO as the base post-training algorithm. We evaluate performance on six mathematical
reasoning benchmarks: AIME 2024/2025 (Codeforces, 2024), AMC 2023 (Mathematical
Association of America, 2023), Minerva (Lewkowycz et al., 2022), MATH500 (Hendrycks
et al., 2021), and OlympiadBench (He et al., 2024). We report Avg@32 for all benchmarks
except MATH-500 and OlympiadBench, for which Avg@4 is used. To assess generalization
beyond mathematical reasoning, we additionally evaluate LiveCodeBench (Jain et al., 2024)
and IFBench-P (Pyatkin et al., 2025), using Avg@4 and a maximum response length of 25,000
tokens for both benchmarks. We also evaluate Qwen3-8B-Base (Yang et al., 2025) to examine
whether the gains extend beyond the DeepSeek-R1-Distill-Qwen model family. Additional
experimental details are provided in Appendix E.

Baselines. We compare our method with several representative baselines, including GRPO,
GRPO with dynamic sampling that filters zero-variance prompts during training (Yu et al.,
2025), GRESO (Zheng et al., 2025), ZVP (Le et al., 2025), and SEED-GRPO (Chen et al., 2025a).
We also compare with reflection-based methods that directly update policy gradients using
reflected prompts (Li et al., 2025). These baselines cover data filtering, token-level advantage
shaping, semantic-entropy-based update scaling, and reflection-guided optimization.

5.2 Main results
As shown in Table 1, LZPO consistently outperforms GRPO on all six mathematical bench-
marks, with gains of up to 3.3 points, particularly on challenging and contamination-free
benchmarks such as AIME24 and AIME25 (Wu et al., 2025b). The average gains over GRPO
are 1.2 points for the 1.5B model and 2.0 points for the 7B model. LZPO also outperforms
SEED-GRPO on five of the six benchmarks and improves the average score from 62.5 to 63.5
on the 7B model.
Beyond mathematical reasoning, LZPO improves over GRPO from 23.5 to 26.7 on Live-
CodeBench and from 11.7 to 12.9 on IFBench-P for the 1.5B model. The corresponding scores
improve from 49.1 to 52.4 and from 18.9 to 19.5 for the 7B model. On Qwen3-8B-Base, LZPO
improves the average score from 47.3 for GRPO and 52.5 for ZVP to 55.4. Full cross-task
and cross-model results are reported in Appendix C.

6



Published as a conference paper at COLM 2026

Method AIME24 AMC23 Olympiad AIME25 MATH-500 Minerva Average
Avg@32 Avg@32 Avg@4 Avg@32 Avg@4 Avg@32

DeepSeek-R1-Distill-Qwen-1.5B
Vanilla 29.9 63.8 45.9 22.4 84.9 18.4 44.2
GRPO 31.9 76.9 56.0 23.9 86.6 21.5 49.5
GRPO+DS 34.4 77.4 56.3 25.8 87.2 22.1 50.5
GRESO 35.0 78.2 56.3 25.7 87.2 21.5 50.7
ScRPO 34.2 68.5 52.0 26.3 84.1 22.0 47.9
ZVP 32.9 77.1 54.5 24.3 84.1 19.9 48.8
+LZPO (Ours) 34.0 78.4 56.4 25.9 86.7 22.5 50.7
∆ (vs. GRPO) +2.1 +1.5 +0.4 +2.0 +0.1 +1.0 +1.2

DeepSeek-R1-Distill-Qwen-7B
Vanilla 52.3 82.3 64.0 39.1 90.7 26.7 59.2
GRPO 54.6 87.8 64.7 40.9 93.0 28.1 61.5
GRPO+DS 52.7 88.7 66.6 34.1 93.4 28.4 60.6
GRESO 52.7 89.5 65.3 35.2 92.7 28.8 60.7
ScRPO 57.5 83.5 65.1 42.2 91.6 29.1 61.5
ZVP 53.1 84.0 62.4 38.2 90.8 27.1 59.3
SEED-GRPO 56.5 89.2 66.4 40.9 92.3 29.7 62.5
+LZPO (Ours) 57.9 90.6 68.6 41.7 93.3 29.0 63.5
∆ (vs. GRPO) +3.3 +2.8 +3.9 +0.8 +0.3 +0.9 +2.0

Table 1: Experimental results on six mathematical reasoning benchmarks comparing LZPO
with multiple baselines, including ZVP and SEED-GRPO. The best and second-best results
under each setting are highlighted in bold and underline, respectively.

LZPO incurs conditional overhead because reflection requires an additional generation
stage for all wrong prompt groups. Relative to GRPO, the end-to-end training time increases
by 33% for the 1.5B model and by 24% for the 7B model. On the 7B model, the relative
wall-clock costs of GRPO, ZVP, LZPO, and GRPO+DS are 100%, 100%, 124%, and 150%,
respectively. This comparison includes the full cost of reflection generation.

5.3 Training dynamics and exploratory behavior
As shown in Figure 4, LZPO exhibits faster entropy decay than GRPO during the first 300
training steps for the 7B model, indicating earlier convergence and more effective use of
informative learning signals. This trend is consistent with the findings of ZVP (Le et al.,
2025), suggesting that zero-variance prompts provide additional learning signals. In
contrast, for the 1.5B model, entropy decreases rapidly at the early stage and then stabilizes
because of the model’s limited initial capacity. As training proceeds, LZPO steadily reduces
entropy and maintains stable training dynamics, whereas GRPO repeatedly suffers from
entropy collapse in the later stage of 1.5B training, accompanied by chaotic generations and
error loops (see Appendix F). Consistent with these dynamics, LZPO outperforms GRPO at
the final stage of training, and the performance gap is larger at the 7B scale.

Figure 4: Training dynamics comparison between LZPO and GRPO on 7B and 1.5B models.
Left: AIME24 Accuracy; Middle: Reward Score; Right: Generation Entropy.

We attribute this behavior to the evolving composition of effective training signals. Early in
training, informative samples are abundant, and both methods benefit from them. For the
1.5B model, limited initial reasoning ability causes all wrong samples to dominate, reaching
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Figure 5: Left: evolution of the all wrong prompt ratio during training on the 7B model,
comparing GRPO, LZPO, and the reflection-based method. Right: semantic entropy distri-
bution of model rollouts at the final training stage.

nearly 60% in Figure 1 Right. Under this condition, LZPO can already extract useful signals
from zero-variance prompts and thus gains an early advantage. At later training stages,
although the proportion of effective samples drops to around 60%, the fraction of all wrong
samples remains largely unchanged, whereas the fraction of all correct samples continues to
increase, indicating performance saturation. Under this regime, GRPO is more vulnerable
to degenerate behaviors such as repetitive reasoning and semantic drift, especially for
smaller models. In contrast, LZPO maintains stable training dynamics and stronger logical
reasoning. For the 7B model, as the number of non-zero-variance samples rapidly decreases,
LZPO continues to provide more informative learning signals than GRPO, leading to a larger
accuracy gap at the later stage of training. We further verify the exploratory effect at the
semantic level through the semantic-entropy distribution in Figure 5 Right, computed from
training data sampled over 100 consecutive steps at the final stage and comparing Vanilla-
7B, GRPO-7B, and LZPO-7B. In particular, LZPO maintains higher density than GRPO in
the high normalized semantic-entropy range of [0.8, 1.0], showing that it better preserves
semantic diversity within rollout groups and thus encourages exploration. Qualitative
analysis in Appendix F further shows that LZPO-trained models better reconstruct core
constraints, organize counting logic, and explore more diverse solution paths during rollout,
whereas GRPO often degenerates into shallow trial-and-error with repetitive reasoning and
semantic drift.

High-difficulty reasoning. LZPO shows stronger advantages and greater exploratory
capability on difficult mathematical reasoning tasks. Compared with GRPO, LZPO and hard-
prompt reflection methods that exploit all wrong prompts continue to improve performance
at the final stage of training. Under a batch size of 256, the proportion of all wrong prompts
decreases by up to 3%, as shown in Figure 5 Left, indicating that the model continues to
push the upper bound of reasoning capability. Compared with data-filtering methods such
as GRPO+DS and GRESO, LZPO achieves substantially larger gains on more challenging
benchmarks. Despite the conditional overhead introduced by reflection generation, the 7B
model achieves average gains of 5.2 and 6.5 points on AIME24 and AIME25, respectively.
Overall, these results demonstrate that LZPO yields superior performance and training
stability across model scales by making more effective use of zero-variance signals.

5.4 Ablation study

To disentangle the contributions of the proposed designs, we conduct systematic ablations
on the 7B model and organize the analysis into five parts, as summarized in Table 2.
Reactivating zero gradients and the necessity of both mechanisms. We first examine
whether the gains arise merely from reintroducing non-zero gradients on zero-variance
prompts. The simple non-zero-advantage baseline assigns fixed advantages of +0.3 and
−0.3 to all correct and all wrong prompts, respectively. The reflection-only and semantic-
entropy-only variants outperform this baseline by 1.1 and 0.5 points on average, showing
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Method AIME24 AMC Olymp. AIME25 MATH500 Minerva Avg
@32 @32 @4 @32 @4 @32

Ablation Study on DeepSeek-R1-Distill-Qwen-7B

(I) Reactivating zero gradients and the necessity of both mechanisms
Reflection only 58.3 90.2 67.7 42.2 93.0 29.3 63.5
Semantic entropy only 57.1 91.0 67.1 39.4 93.7 28.2 62.8
Simple non-zero advantage 56.7 90.9 66.4 39.2 93.1 27.4 62.3

(II) Effect of entropy-based advantage scaling α
α = 0.1 56.3 90.2 67.1 40.3 93.6 29.1 62.8
α = 0.2 57.4 90.9 67.7 41.0 93.2 27.8 63.0
α = 0.4 57.4 91.1 67.9 39.1 93.9 29.3 63.1

(III) Robustness of semantic clustering and compatibility with advanced components
K = 3 57.4 91.2 67.8 40.5 93.3 28.3 63.1
K = 4 56.5 90.0 66.1 38.9 91.8 26.6 61.7
LZPO (K = 2, α = 0.3) 57.9 90.6 68.6 41.7 93.3 29.0 63.5
LZPO + Clip-Higher 58.7 91.2 68.0 43.3 94.1 27.9 64.0

(IV) Equal-budget control for reflection
Extra sampling (N = 12) 54.7 88.3 65.4 41.1 93.7 27.6 61.8

(V) Larger rollout groups
N = 32, K = 3 58.5 91.4 68.4 41.7 94.1 29.5 63.9
N = 32, K = 4 59.3 92.2 68.8 42.4 93.5 28.9 64.2

Table 2: Ablation study on DeepSeek-R1-Distill-Qwen-7B. Group (I) compares the two
proposed components with simple non-zero advantage assignment. Group (II) studies
the scaling factor α. Group (III) studies clustering granularity with the default N = 8
configuration and compatibility with Clip-Higher. Group (IV) replaces reflection with four
additional standard rollouts under a comparable generation budget. Group (V) evaluates
finer-grained clustering with larger rollout groups. All metrics are reported as Avg@k.

that the gains arise from structured advantage construction rather than gradient reactivation
alone. The two mechanisms are also complementary across benchmarks. Reflection provides
larger gains on AIME24, AIME25, and Minerva, where correcting unsuccessful reasoning
directions is particularly important. Semantic entropy provides larger gains on AMC23 and
MATH-500, where the baseline performance is higher and additional successful reasoning
paths can be exploited. Their improvements are comparable on OlympiadBench.
We further evaluate error reflection and token-level associations for semantic relevance.
After error reflection, nearly 35% of revised responses are corrected, and many responses
previously trapped in error loops are repaired. Using an auxiliary GPT-5.5 judge, we find
that erroneous responses with higher token-level relevance to the reflected rollout tend to
receive higher scores. This suggests that responses more aligned with the reflected rollout
are more likely to contain useful reasoning signals and thus deserve milder penalties. More
details are provided in Appendix B.

Equal-budget reflection control and larger rollout groups. The reflection-only variant
obtains an average score of 63.5, compared with 61.8 for the equal-budget extra-sampling
control, and performs better on five of the six benchmarks. This result indicates that targeted
revision provides a more informative signal than additional independent sampling. Under
the default N = 8 setting, K = 4 leaves approximately two responses per cluster and
reduces the average score to 61.7. With N = 32, the K = 3 and K = 4 configurations achieve
63.9 and 64.2, respectively, suggesting that finer-grained semantic partitions become more
reliable when more responses are available. These larger-group results are not directly
comparable with the default configuration because increasing N also changes rollout cost,
response diversity, and the frequency of zero-variance groups.
Effect of entropy-based advantage scaling. We next study the effect of the scaling factor
α. Because semantic entropy is bounded, inappropriate scaling can produce either weak
learning signals or unstable optimization. Empirically, α = 0.3 provides the best trade-off
between performance and stability on the 7B model. Smaller values lead to insufficient
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learning signals, whereas larger values produce overly aggressive updates and can suppress
the contribution of non-zero-variance samples. These results indicate that the effect of
advantage shaping depends not only on the presence of non-zero signals but also on their
calibration.
Robustness of semantic clustering and compatibility with advanced components. We fi-
nally analyze the role of clustering and the compatibility of LZPO with existing optimization
strategies. In our implementation, each prompt has N = 8 rollouts, and semantic entropy is
computed by applying K-means to rollout embeddings with a fixed small K, using K = 2 by
default. This choice improves stability and interpretability under small-sample clustering,
whereas larger K values are more prone to K-means noise and unstable partitions. As
shown in Table 2, the performance difference between K = 2 and K = 3 is small, indicating
limited sensitivity to moderate changes in K once variance effects are controlled. We further
find that LZPO is compatible with existing methods because it operates at the level of
advantage shaping. For example, combining LZPO with Clip-Higher yields additional
gains. This result suggests that the semantic-entropy and reflection mechanisms in LZPO
are complementary not only to standard clipping-based optimization, but also to more
advanced post-training algorithms.

6 Conclusion

We introduce LZPO to recover learning signals from zero-variance prompt groups that
provide no effective advantage under GRPO. LZPO applies semantic-entropy-guided ad-
vantages to all correct groups and reflection-guided relative penalties to all wrong groups.
Experiments across mathematical reasoning, code generation, and verifiable instruction
following demonstrate consistent improvements over GRPO and related baselines, while the
results on Qwen3-8B-Base show that the gains extend beyond a single model family. Com-
ponent ablations further show that semantic entropy and reflection provide complementary
benefits, and the equal-budget control confirms that the gain from reflection cannot be
explained by additional sampling alone. These improvements require conditional reflection
generation, whose end-to-end cost is included in our analysis.

Limitations

Although our evaluation covers mathematical reasoning, code generation, and verifiable
instruction following, the policies are primarily trained on mathematical data. The cross-
task results therefore measure transfer rather than domain-specific RL training. The model
coverage remains limited to two model families and three model configurations. Under the
default G = 8 and K = 2 setting, semantic entropy provides only a coarse-grained estimate
of semantic-mode imbalance. Reflection can remain incorrect and may introduce length
and style biases; in our sampled analysis, reflection responses contain 577 more tokens
than ordinary rollouts on average. Reflection generation also increases end-to-end training
time by 33% for the 1.5B model and by 24% for the 7B model. Finally, LZPO relies on fixed
clustering and advantage-scaling hyperparameters, motivating future work on adaptive
clustering and advantage calibration.
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A Token association

For an all wrong prompt, we consider a set of erroneous rollouts xF = {o1, . . . , oG} together
with a reflection response õre, which serves as a proxy for the approximate correct reasoning
direction under the current policy. We define the proxy-correct set as xT = {õre} and let
N = |xT |+ |xF| = G + 1.
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Hyperparameters DeepSeek-R1-Distill-
Qwen-1.5B

DeepSeek-R1-Distill-
Qwen-7B

Epochs 6 6
rollout size 8 8
temperature 1.0 1.0
top-p 1.0 1.0
top-k -1 -1
learning rate 1 × 10−6 1 × 10−6

max response length 8192 8192
global batch size 256 256
PPO mini-batch size 128 128
clip ratio (0.2, 0.2) (0.2, 0.2)
temperature(Eval) 0.6 0.6
top-p(Eval) 1.0 1.0
max response length(Eval) 8192 8192

Table 3: Training hyperparameters used in our experiments.

For each token oi,j appearing in the erroneous responses xF, we summarize its co-occurrence
statistics with the reflected reasoning direction using a 2 × 2 contingency table (Sun et al.,
2025), which records whether the token appears at least once in proxy-correct versus
erroneous rollouts. Concretely, we define four occurrence counts as follows: a(oi,j) =

∑x∈xT
1(oi,j ∈ x) counts the number of proxy-correct rollouts containing oi,j, c(oi,j) =

|xT | − a(oi,j) counts those that do not; analogously, b(oi,j) = ∑x∈xF
1(oi,j ∈ x) counts the

number of erroneous rollouts containing oi,j, and d(oi,j) = |xF| − b(oi,j) counts those that
do not. By construction, these counts satisfy a(oi,j) + b(oi,j) + c(oi,j) + d(oi,j) = N. This
contingency table characterizes the statistical alignment between token usage and the
reflection-indicated reasoning direction.

Association strength. Based on the contingency table, we quantify the association between
token oi,j and the reflected reasoning direction by combining a statistical significance mea-
sure with an information-theoretic measure. We apply Fisher’s exact test (Agresti, 1992; Sun
et al., 2025) under the null hypothesis that the occurrence of token oi,j is independent of roll-
out correctness. The resulting p-value measures the likelihood of observing the contingency
table (or a more extreme one) under independence.

Information gain. To complement statistical significance with an information-theoretic
perspective, we compute the information gain (IG) between token occurrence and rollout
correctness (Sun et al., 2025). Let Y denote a binary variable indicating whether a rollout
aligns with the reflected reasoning direction, and let Xoi,j indicate whether token oi,j appears.
The information gain is defined as

IG(oi,j) = H(Y)− H
(︂

Y | Xoi,j

)︂
. (10)

which measures how much knowing the presence of oi,j reduces uncertainty about rollout
alignment.

Combined association score. We combine the two complementary signals into a single
token-level association score (Sun et al., 2025),

S(oi,j) = 0.5 F(oi,j) + 0.5 IG(oi,j). (11)

where F(oi,j) denotes the transformed Fisher significance score. As discussed in the main
text, this token-level association score is not used for direct token-level policy updates.
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Figure 6: Qualitative comparison of GRPO and LZPO responses on AIME25. Top: 1.5B scale.
Bottom: 7B scale.

Instead, it is aggregated at the response level to assess alignment with the reflection-
indicated reasoning direction, and is used solely to modulate response-level advantages in
the all wrong setting.

B Reflection statistics

We distinguish offline reflection accuracy from accuracy during online RL training. Among
1,000 offline failures sampled from six mathematical benchmarks, reflection corrects approx-
imately 35% of the responses. During online training of DeepSeek-R1-Distill-Qwen-7B with
a batch size of 256, approximately 11% of prompt groups trigger reflection, and 32% of the
reflection responses generated between Steps 100 and 500 are verified as correct. The online
correction rate remains broadly stable but shows a modest upward trend, reaching a level
4–6 percentage points higher in the later stage than in the earlier stage.
Among 100 successful reflections, the model often identifies local but critical errors, includ-
ing omitted constraints, incomplete case analysis, and incorrect intermediate calculations.
Among 100 unsuccessful reflections, the revised reasoning is usually more complete but
can preserve central misunderstandings, particularly in geometric reconstruction, piecewise
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reasoning, and global constraint checking. These observations support the use of reflection
as weak directional supervision rather than verified ground truth.
We further use a GPT-5.5 judge to assess reasoning consistency and answer quality. Re-
sponses that deviate from a successful reflection direction generally receive lower judge
scores and stronger negative advantages. When reflection remains incorrect, higher-scoring
responses tend to satisfy more problem constraints and remain closer to a valid solution
path. This judge-based analysis supports relative ranking but does not justify assigning
positive rewards to reflection responses.
Reflection can also introduce length and style biases. Across 200 sampled prompts, reflection
responses contain 577 more tokens on average than ordinary rollouts and use self-checking
expressions more frequently. Semantic alignment may therefore favor longer responses or
responses written in a reflective style.

C Additional evaluation

ZVP reproduction. Because the official implementation of ZVP is not publicly available,
we independently reproduce its token-entropy-based advantage mechanism under our
training configuration. On the 1.5B model, ZVP reduces generation entropy more rapidly
and converges approximately 200 steps earlier than GRPO and LZPO, but it also exhibits
unstable generations and partial entropy collapse. This behavior is consistent with the
sensitivity of direct token-entropy weighting when incorrect samples account for a large
fraction of the training data. In contrast, LZPO constructs response-level signals and
uses reflection-guided relative penalties for all wrong groups, resulting in more stable
optimization under this setting.

Cross-task evaluation. Table 4 reports results on LiveCodeBench and IFBench-P. All
methods are evaluated using Avg@4 with a maximum response length of 25,000 tokens.

Model Method LiveCodeBench IFBench-P
Avg@4 Avg@4

1.5B

GRPO 23.5 11.7
GRPO+DS 26.0 12.6
ZVP 23.8 12.0
LZPO 26.7 12.9

7B

GRPO 49.1 18.9
GRPO+DS 51.3 19.4
ZVP 50.3 19.0
LZPO 52.4 19.5

Table 4: Cross-task evaluation of the DeepSeek-R1-Distill-Qwen models on code generation
and verifiable instruction following. The best and second-best results for each model scale
are highlighted in bold and underline, respectively.

Cross-model evaluation. Table 5 reports results on Qwen3-8B-Base. For ZVP, we use the
result reported under the corresponding Qwen3-8B setting because its official implementa-
tion is unavailable. LZPO improves the average score by 8.1 points over GRPO and by 2.9
points over ZVP.

Qwen3-8B-Base

Method AIME24 AMC23 Olympiad AIME25 MATH-500 LiveCodeBench Average

GRPO 28.3 73.8 49.6 20.0 83.0 29.2 47.3
ZVP 33.3 78.8 58.2 24.6 89.7 30.1 52.5
LZPO 34.0 90.4 60.0 26.2 90.4 31.1 55.4

Table 5: Cross-model evaluation on Qwen3-8B-Base. The best and second-best results are
highlighted in bold and underline, respectively.
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D Efficiency analysis

Reflection generation dominates the additional rollout-stage cost of LZPO, while semantic
representation, entropy computation, and clustering contribute only a small fraction.

Model Reflection Representation
and entropy K-means

1.5B 98% ≈ 0% 2%
7B 95% ≈ 0% 5%

Table 6: Composition of the additional rollout-stage cost of LZPO for the DeepSeek-R1-
Distill-Qwen models. Percentages describe the distribution within the additional cost rather
than fractions of total training time.

E Details on experimental design

Experimental parameter settings. To ensure reproducibility and clarity of the experi-
mental setup, we report all hyperparameters used in our experiments in Table 3. Any
hyperparameters not explicitly listed follow the default configuration of the VeRL (Sheng
et al., 2025) framework. All methods are trained for 1000 steps using the same hardware,
base rollout configuration, and optimization hyperparameters. LZPO additionally performs
conditional reflection generation for all wrong prompt groups, and this computation is fully
included in the reported end-to-end training time. All experiments are conducted on 8
NVIDIA A100 GPUs, and to ensure the reliability of the results given the stochastic nature
of reinforcement learning, each experiment is repeated three times.

F Case study

Figure 6 compares AIME25 responses from the 1.5B and 7B configurations of DeepSeek-R1-
Distill-Qwen trained with GRPO and LZPO. GRPO often commits prematurely to fragile
heuristics and overlooks key constraints, causing systematic counting errors. In contrast,
LZPO more clearly reconstructs the constraints, organizes the counting logic, and handles
overlaps and exclusions.
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Figure 7: A failure case of GRPO on DeepSeek-R1-Distill-Qwen-1.5B during late-stage
training.

Figure 7 shows a late-stage GRPO failure in which the model cycles among incompati-
ble strategies. LZPO instead uses semantic entropy and reflection to maintain coherent
reasoning.
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