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Abstract

The success of Large Language Models in
mathematical reasoning relies heavily on the
generation of diverse and valid solution paths
during the rollout phase. However, current
rollout techniques face a fundamental trade-
off: token-level sampling often yields redun-
dant trajectories that differ only in rephrasing,
while embedding-level methods utilizing ran-
dom noise frequently disrupt semantic consis-
tency. To resolve this, we introduce N-GRPO,
a novel exploration strategy integrated into the
Group Relative Policy Optimization (GRPO)
framework. Rather than relying on token-level
sampling or native embedding-level noise, our
approach leverages Semantic Neighbor Mix-
ing. This mechanism dynamically constructs
input representations by mixing the embed-
dings of an anchor token and its nearest seman-
tic neighbors, thereby injecting diversity while
strictly adhering to the local semantic manifold.
Experimental evaluations on the DeepSeek-
R1-Distill-Qwen models across different sizes
show that N-GRPO not only achieves consis-
tent improvements over strong baselines on
math reasoning benchmarks but also exhibits
robust generalization capabilities on out-of-
distribution tasks.

1 Introduction

Large Language Models (LLMs) have recently
achieved remarkable progress on challenging rea-
soning tasks, especially in mathematical problem
solving (Guo et al., 2025; Jaech et al., 2024; Yang
et al., 2025). Reinforcement learning methods have
emerged as an effective paradigm for enhancing
LLM reasoning via improved trajectory exploration
and policy optimization during training (Ouyang
et al., 2022; Zheng et al., 2025). Among them,
GRPO (Shao et al., 2024) is a representative ap-
proach that has demonstrated notable gains on mul-
tiple reasoning tasks.

*Corresponding author.

High-quality exploration during the rollout
phase is critical for the success of GRPO (Wang
et al., 2025b), yet token-level sampling meth-
ods (Nguyen et al., 2024; Bai et al., 2025) of-
ten restrict exploration to simple paraphrasing and
commutative re-orderings (e.g., “14+2” vs. “2+17).
Since the underlying reasoning logic remains un-
changed, these approaches result in the generation
of redundant trajectories.

To address this limitation, recent works inspired
by Soft Thinking (Zhang et al., 2025b) attempt
to enhance GRPO by conducting rollouts within
the continuous embedding space. Since continu-
ous representations lack inherent randomness, ex-
isting methods primarily follow two directions.
HRPO (Yue et al., 2025) extends Soft Think-
ing (Zhang et al., 2025b) into GRPO by feeding
mixed continuous representations during rollout,
but its randomness still ultimately stems from sam-
pling discrete tokens, so its exploration is essen-
tially discrete in nature and continues to yield re-
dundant trajectories. Alternatively, Butt et al.
(2025) applies direct Gaussian noise injection to
the embeddings or logits. However, such noise
injection frequently disrupts semantic consistency.
To demonstrate this, we conducted a preliminary
experiment by injecting isotropic Gaussian noise
into the embeddings of 10 randomly sampled to-
kens, consisting primarily of mathematical sym-
bols and common function words, and decoding
the resulting vectors to their nearest neighbors in
the vocabulary. The resulting spatial displacement
is visualized using Principal Component Analysis
(PCA) in Figure 1. The projection demonstrates
that this naive perturbation frequently pushes repre-
sentations off the semantic manifold. Specifically,
random noise frequently transforms the original
tokens into unrelated tokens, leading to derailing
the rollout trajectories.

We attribute this failure to the structure of the
embedding space. Recent studies have demon-
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Figure 1: Visualization of Semantic Drift caused by
Unconstrained Noise. We selected 10 random tokens
(mathematical symbols and common words), added
Gaussian noise to their embeddings, and projected them
back to the nearest vocabulary token. The

represent the original tokens, and the repre-
sent the noise tokens. Lines connect the original token
to its noisy projection. Observe that unconstrained noise
causes significant semantic shifts, justifying the need
for a semantically grounded exploration strategy.

strated that the embedding space of Transformer
models typically exhibits strong anisotropy (Gao
et al., 2019). Embedding-level exploration dur-
ing rollout must be adaptive to the local semantic
context. To address this, we propose construct-
ing an embedding-level perturbation by mixing the
embedding of the sampled token with those of its
nearest neighbor tokens. Since these neighbors
are retrieved based on embedding similarity, they
inherently cluster along the same semantic direc-
tion as the anchor token. Consequently, the mixed
embedding remains confined within a valid seman-
tic region, while providing the necessary random-
ness for effective rollout. This mechanism effec-
tively bridges the gap between discrete token-level
reasoning and continuous embedding-level explo-
ration, enabling the model to explore a richer space
that is inaccessible to standard token-level sam-
pling. As illustrated in Figure 2, we integrate this
rollout paradigm into the state-of-the-art GRPO
framework to propose N-GRPO.

To wvalidate the efficacy of our proposed
framework, we conducted extensive evaluations
across multiple challenging mathematical reason-

ing benchmarks. Experimental results demonstrate
that our method consistently outperforms strong
baselines in both Pass@ 16 and Pass @32 metrics
across 1.5B and 7B model scales.

Our contributions are summarized as follows:

* We propose a controllable embedding-level
exploration method that injects semantically
guided perturbations during generation.

* We integrate this mechanism into the GRPO
framework to propose N-GRPO, utilizing our
Semantic Neighbor Mixing strategy.

* We validate the efficacy of our approach
through extensive evaluations on challenging
mathematical reasoning benchmarks, demon-
strating that N-GRPO consistently outper-
forms baselines across different model scales.

2 Related Work

2.1 Reinforcement Learning for LLMs

Reinforcement learning methods have become a
cornerstone methodology for aligning Large Lan-
guage Models (LLMs) and enhancing their com-
plex reasoning capabilities (Jaech et al., 2024; Shao
et al., 2024; Yu et al., 2025; Zheng et al., 2025;
Shrivastava et al., 2025). Regardless of the specific
optimization objective, a critical component shared
across these paradigms is the rollout phase, where
the policy must generate a diverse set of trajectories
for accurate gradient estimation and advantage cal-
culation. To facilitate this exploration and broaden
the generation distribution, recent studies have in-
troduced intrinsic exploration bonuses. COPO (Bai
et al., 2025) modifies the objective function to in-
centivize the policy to visit under-explored or high-
uncertainty states. Other approaches like min-p
sampling (Nguyen et al., 2024) intervene at de-
coding time by using a confidence-scaled cutoff.
However, these strategies primarily rely on shallow
token-level stochasticity. Consequently, they often
struggle to induce semantic-level diversity without
sacrificing coherence, limiting the model’s ability
to discover novel and high-reward reasoning paths.

A parallel line of work attempts to move ex-
ploration into the continuous latent space during
RL rollouts. HRPO (Yue et al., 2025) brings Soft
Thinking (Zhang et al., 2025b) into GRPO by in-
jecting mixed continuous representations into the
context, but its randomness still fundamentally
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Figure 2: Illustration of the N-GRPO framework. Left: Semantic Neighbor Mixing. The generation process
is controlled by a mixing mask. When activated, the model bypasses discrete sampling and instead constructs a
continuous embedding by aggregating a semantic neighbor set around an anchor token, using re-normalized weights.
Right: Adaptation to GRPO. The proposed module is integrated into the rollout phase, where the policy model
generates mixed trajectories containing both discrete tokens and neighbor-mixed embeddings.

originates from discrete token sampling. SofT-
GRPO (Zheng and Lee, 2025) relies on Gumbel-
reparameterized logits to enable soft-thinking-
style policy optimization, where randomness again
stems from token-level noise projected through a
mixed embedding. More directly, Butt et al. (2025)
injects Gaussian noise on token embeddings or log-
its during rollout. As illustrated in Figure 1, such
unconstrained noise can push representations off
the semantic manifold and disrupt the rollout. In
contrast, our N-GRPO introduces embedding-level
perturbations through a semantic neighbor set, re-
ducing reliance on purely discrete token-level ran-
domness while avoiding the semantic drift caused
by unconstrained noise.

2.2 Latent Reasoning

Recently, due to the inefficiencies and limitations
of discrete natural language reasoning, studies have
begun to move beyond explicit Chain of Thought
(CoT) to Latent Reasoning. In this paradigm, the
intermediate reasoning process is carried by con-
tinuous hidden vectors instead of explicit text, thus
decoupling thinking from language until the fi-
nal answer is produced. Existing methods can be
broadly categorized into two classes. The token-
based class of approaches replaces or compresses
CoT steps into latent states by training the model,
e.g., the continuous thought feedback mechanism
and curricular substitution of Coconut (Hao et al.,

2024), and the gist tokens with sparse attentional
masks of LightThinker (Zhang et al., 2025a) to re-
duce the long context cost and the use of key-value
caches. However, mere latent adaptation is often
subject to potential instabilities, such as semantic
drift, and thus requires stabilization strategies such
as SIM-COT (Wei et al., 2025) with step-level su-
pervision at training via an assistant decoder, and
CODI (Shen et al., 2025) with self-distillation align-
ment between explicit CoT and implicit CoT, in or-
der to mitigate forgetting and improve robustness.
Other approaches work on exploring compression
and hybrid routing, where CoLaR (Tan et al., 2025)
introduces controllable compression and reinforce-
ment learning-based exploration for different latent
trajectories, while SynAdapt (Wang et al., 2025a)
utilizes synthesized continuous thought data and
difficulty-aware routing.

3 Method

3.1 Review of Standard Autoregressive
Sampling

To facilitate subsequent derivations and descrip-
tions, we first review the standard autoregressive
generation process of language models.

Given an input prompt ¢, the policy model
T generates an output token sequence o =
(01,...,0r) in an autoregressive manner, where
o € V. At step t, conditioning on the prompt
and the history of generated tokens o«; =
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(01,...,0¢—1), the policy model computes the log-
its vector:

2z = 79(q,0<1) € RV, (1)

where z;(v) represents the logit of token v.
Temperature sampling first applies temperature
scaling (with 7 > 0) to the logits vector:

Zt = ) (2)

and obtains the token distribution at this step via
the softmax function:

pr = softmax(Z;). 3)

Standard sampling generates the output token
randomly based on this distribution, which can be
written as:

Pr(oy =v | q,0<) = pe(v), YoeV. 4)

Subsequently, the embedding of the generated
token o, is retrieved to serve as the input represen-

tation for the next time step ¢ + 1. Letting €441
denote the input embedding at step ¢ + 1, we have:

err1 = Elog), )

where E € RIVI*? denotes the token embedding
matrix with vocabulary size |V| and dimension d,
and E[v] represents the continuous vector retrieved
for a specific token v € V via the lookup operation.
The process described above characterizes the
fundamental mechanism of standard temperature
sampling: at each time step, the model provides a
vocabulary distribution based on the current con-
text, samples a token from it, and feeds its cor-
responding embedding back as the input for the
subsequent step to advance sequence generation.

3.2 Semantic Neighbor Mixing

Aiming to introduce perturbations directly at the
embedding level during generation to expand the
exploration scope of rollout trajectories, we con-
struct an embedding-level sampling mechanism at
each generation step: we identify the token most
preferred by the current model as a semantic an-
chor token, retrieve its semantic neighbors in the
embedding space, and allocate weights within this
set of neighbor tokens, using the current step’s log-
its to obtain a continuous mixed embedding as the
input for the next step.

Specifically, given the temperature-scaled logits
Z; obtained from Equation 2, we first determine the
semantic anchor token:

vy = arg max Zt(v). (6)
By using the argmax, we ensure that the exploration
center aligns perfectly with the model’s optimal
reasoning path, avoiding the instability caused by
sampling low-probability tokens as anchors.
Subsequently, we retrieve a neighbor set C; of
size k surrounding the anchor in the embedding
matrix F, which includes the anchor itself:

Ct = {vt(l), . ,U,gk)}, vﬁl) =v;. (7)

Specifically, we employ cosine similarity in the
embedding space to measure the semantic rele-
vance between tokens:

NEO DO

s(u,v)

and accordingly select the k£ — 1 tokens with the
highest similarity to the anchor from V \ {v;} to
form C; together with the anchor token.

After obtaining the candidate set C;, we normal-
ize the temperature-scaled logits solely over this
set to obtain mixing weights. For any candidate
token ¢ € Cy, let:

exp(z(c
Oét(C) _ p( t(N )) ) 9)
> exp(Z(u))
(naen
Finally, we construct the mixed embedding:
1= > _ au(c)Eld], (10)

ceCy

and use €, as the input representation for the next
generation step. This process introduces continu-
ous perturbations within the local semantic neigh-
borhood of the anchor token. The direction and
intensity of these perturbations are adaptively mod-
ulated by the logits of the current step, thereby
expanding the exploration range while maintain-
ing consistency with the model’s current semantic
preferences as much as possible.

3.3 Adaptation to the GRPO

We present N-GRPO by applying the aforemen-
tioned embedding-level sampling to the rollout
phase of GRPO (Group Relative Policy Optimiza-
tion) (Shao et al., 2024) while preserving GRPO’s

28896



advantage estimation and optimization objectives.
In each update, for every input ¢, GRPO samples
a group of outputs {o;}& | of size G from the old
policy g, and performs updates based on group-
relative advantages.

To enhance the diversity and exploration effi-
ciency of the generated trajectories, we introduce a
gating mechanism during the rollout process: with
a fixed probability p as mixing rate, we replace the
standard token-level sampling with the embedding-
level mixing described in Section 3.2, while con-
tinuing to use standard temperature sampling for
the remaining time steps. This stochastic gating
mechanism effectively preserves the semantic sta-
bility of the generation by keeping the majority
of steps to the discrete tokens. Simultaneously, it
introduces necessary intermittency in exploration,
which prevents the policy from becoming overly
reliant on continuous perturbations, thereby mit-
igating potential risks of training instability and
semantic drift.

Specifically, for the ¢-th step of the ¢-th sequence,
let m;; ~ Bernoulli(p) serve as a mixing mask.
This mask dictates whether the model follows the
standard trajectory or activates the Semantic Neigh-
bor Mixing mechanism. The input representation
e;.t++1 for the subsequent step is then determined as
follows:

Z a;i(c)Elc], ifm;; =1,

6i,t+1 = ceC; ¢ (11)
Elo; 4], else,
where in the case of m;; = 1, the model acti-

vates Semantic Neighbor Mixing introduced in Sec-
tion 3.2. Otherwise (i.e., m;; = 0), the model
follows standard sampling, where the token o; ; is
sampled as described in Section 3.1 and the input
is given by its embedding E/[o; ;].

In terms of implementation, to ensure the roll-
out trajectory is reproducible during the training
phase, we record the candidate set and the asso-
ciated weights {(C;¢, «; )} in the rollout buffer.
During the training phase, the input representation
e;,¢ is reconstructed via table lookup based on these
records, ensuring that the calculation of probabili-
ties and losses remains consistent with the rollout
generation.

Since the final answer verification and the reward
calculation typically require discrete text input, we
use the anchor token v} as the textual realization
for steps where latent mixing occurred. Let 0;

denote the discrete token sequence where mixed
steps are replaced by their anchors. The advantages
are computed based on the reward of this discrete
sequence:

~  7(0;) — mean(r)

Ai= std(r) ’ (12)

This design allows us to leverage standard reward
while performing exploration in the continuous em-
bedding space.

The optimization follows the standard GRPO
objective, which incorporates a PPO-style clipped
surrogate and a KL regularization term:

1 &
a§m§}<

min (mt(G)Ai, clip (ri,t(H),l —e 1+ e) /L)

Jerro(0) =E

—BDxr (mo(+|hi) || 7Tref('|hi,t))>] )
(13)

76 (04t |hit)
79014 (0i,t[Rit)
tance ratio conditioned on the reconstructed history

hit, and (3 is the KL penalty coefficient.

where 7;+(0) = denotes the impor-

4 Experiments

We evaluate N-GRPO on both reasoning-distilled
and non-distilled backbones. DeepSeek-R1-Distill-
Qwen-1.5B and 7B serve as the primary reasoning-
distilled models, allowing us to assess performance
on strong math-oriented policies at different scales.
Llama-3.2-1B and Qwen3-1.7B-Base are included
as non-distilled base models to test whether the
gains depend on reasoning distillation or a particu-
lar backbone family.

4.1 Implementation Details

Baselines. We benchmark N-GRPO against sev-
eral representative baselines. The untrained Base
Model and standard GRPO (Shao et al., 2024)
serve as foundational performance references. Soft
Thinking (Zhang et al., 2025b) is a training-free
inference-time strategy that replaces the sampled
discrete token with a probability-weighted sum
over the entire vocabulary embedding at each
decoding step, without any parameter optimiza-
tion. We additionally combine it with GRPO-
trained policies (GRPO+Soft Thinking) to exam-
ine whether its gains stack with RL. We also in-
clude Soft Tokens, Hard Truths (STHT) (Butt
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AIME25 AMC23 MATHS00 Average
@1 @16 @32 @1 @16 @32 @1 @16 @32 @1 @16 @32
DeepSeek-R1-Distill-Qwen-1.5B
Base Model 20.83 38.05 41.19 | 64.14 91.73 92.37 | 74.88 89.38 90.29 | 53.28 73.05 74.62
+Soft Thinking 20.73 39.90 44.56 | 64.77 94.03 96.09 | 75.12 89.77 90.90 | 53.54 74.56 77.18
+GRPO 21.35 43.61 47.31 (6391 9342 94.60 | 75.61 89.43 90.32 | 53.62 7549 77.41
+GRPO+Soft Thinking | 22.50 43.94 45.94 | 63.75 9391 9596 | 75.53 89.60 90.70 | 53.93 75.82 77.53
+STHT 2042 42.66 46.73 | 62.03 93.75 96.88 | 74.81 89.43 90.55 | 52.42 75.28 78.05
+N-GRPO 23.33 46.48 50.28 | 64.14 94.07 96.18 | 74.87 89.92 91.05 | 54.11 76.82 79.17
DeepSeek-R1-Distill-Qwen-7B
Base Model 3323 5473 57.38 | 79.92 9350 94.16 | 84.24 91.66 92.14 | 6580 79.96 81.23
+Soft Thinking 32.60 54.17 57.12 | 80.08 9396 94.70 | 84.01 92.08 92.59 | 65.56 80.07 81.47
+GRPO 3427 56.13 58.32 | 81.88 94.28 94.87 | 8540 92.21 92.63 | 67.18 80.87 81.94
+GRPO+Soft Thinking | 34.58 56.18 58.91 | 82.81 94.16 94.70 | 85.39 92.44 93.03 | 67.59 80.93 82.21
+STHT 3375 5576 58.40 | 80.23 9543 96.49 | 83.95 92.08 92.71 | 6598 81.09 82.53
+N-GRPO 3427 58.00 61.18 | 80.70 96.92 98.13 | 84.94 92.77 93.28 | 66.64 82.56 84.20
Llama-3.2-1B
Base Model 0.10 1.31 2.15 | 11.33 50.28 62.44 | 15.64 5284 6023 | 9.03 3481 41.61
+GRPO 0.21 272 439 | 1516 54.29 63.86 | 31.97 6193 66.07 | 1578 39.65 44.77
+STHT 21 264 418 | 11.25 49.62 61.19 | 27.03 62.04 67.15 | 12.83 38.10 44.17
+N-GRPO 31 349 5.09 | 11.95 54.09 65.88 | 27.54 62.44 68.04 | 13.27 40.01 46.34
QOwen3-1.7B-Base

Base Model 2.81 19.15 23.18 | 30.78 69.90 76.40 | 50.37 80.84 83.71 | 27.99 56.63 61.09
+GRPO 552  20.03 2347 | 43.28 74.48 79.35 | 64.76 84.73 86.22 | 37.85 59.75 63.01
+STHT 240 19.52 2578 | 30.00 70.57 76.53 | 5129 80.71 83.51 | 27.89 56.93 61.94
+N-GRPO 3.23 22.87 2847|3086 7149 78.25|52.86 80.70 83.66 | 28.98 58.36 63.46

Table 1: Experimental results of baselines and our method on mathematical reasoning benchmarks. We
evaluate DeepSeek-R1-Distill-Qwen, Llama-3.2-1B, and Qwen3-1.7B-Base backbones. STHT denotes the Soft
Tokens, Hard Truths baseline (Butt et al., 2025). The columns @1, @16, and @32 denote the Mean@32 (average
accuracy), Pass@16, and Pass@32 scores, respectively. All values are reported in percentages. Bold values
indicate the best performance, while underlined values indicate the second-best performance in each column for the

respective model size.

et al., 2025), which adds Gaussian perturbations
to token embeddings during rollout and provides a
direct embedding-space perturbation baseline.

Training Settings. We implement our training
pipeline using the verl framework, extending the
codebase with custom modules to support our pro-
posed method. For all variants, we use the training
dataset released by DeepScaleR (Luo et al., 2025).
To ensure training efficiency and stability, we filter
out samples with input prompts exceeding 4,096
tokens. This threshold is selected to balance the
inclusion of complex problem statements with the
memory constraints of the attention mechanism.
Furthermore, the maximum generation length is set
to 8,192 tokens. This context window is critical for
accommodating the lengthy chain-of-thought ratio-
nales required for advanced mathematical deriva-
tions, ensuring that the model’s reasoning process
is not prematurely truncated before reaching the fi-
nal answer. All runs are trained with a learning rate
of 1e-6 and a global batch size of 64, distributed

across 8 NVIDIA H20-3e GPUs. Unless otherwise
specified, we set the mixing rate p to 0.1 and k
to 3 in our proposed method. Each experiment is
trained for one epoch. We monitor validation per-
formance on AIME24 during training and select the
best checkpoint as the final model for subsequent
evaluation. For a complete list of hyperparameter
settings and prompts, please refer to Appendix A
and B.

Evaluation Settings. We report in-domain math
reasoning performance on AMC23, AIME25, and
MATHS00 (Hendrycks et al., 2021). To assess
out-of-distribution generalization, we further eval-
uate on GPQA-Diamond, a subset of GPQA (Rein
et al., 2024). Following the recommended settings
in DeepSeek-R1 (Guo et al., 2025), we set the sam-
pling temperature to 0.6 and top-p to 0.95. We
evaluate performance using Mean@32, Pass @16,
and Pass@32.
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4.2 Evaluation on Math Benchmarks

As shown in Table 1, across the two DeepSeek-R1-
Distill-Qwen model sizes, N-GRPO achieves the
best average Pass@ 16 and Pass@32 and improves
most per-benchmark Pass @k metrics. For the 1.5B
model, average Pass@32 increases from 74.62
for the base model and 77.41 for GRPO to 79.17
with N-GRPO. On the challenging AIME25 bench-
mark, Pass@32 rises from 41.19 for the base model
and 47.31 for GRPO to 50.28 with N-GRPO. Soft
Thinking alone does not consistently improve over
GRPO-trained policies, while our mean @32 results
remain comparable to other methods. Compared
with STHT, which injects unconstrained Gaussian
noise, N-GRPO improves average Pass@32 from
78.05 to 79.17 at 1.5B and from 82.53 to 84.20
at 7B, although STHT remains competitive on
AMC23. This trend supports our motivation that
embedding-level exploration benefits from seman-
tically grounded perturbations rather than unstruc-
tured noise.

For the additional non-distilled backbones, the
gains are most visible in aggregate Pass@k and
on the harder AIME25 benchmark. On Llama-3.2-
1B, N-GRPO attains the highest average Pass@16
and Pass@32, and also gives the best Pass@32
on all three math benchmarks. On the stronger
Qwen3-1.7B-Base, GRPO remains stronger on
AMC23 and MATHS500, but N-GRPO improves
AIME2S5 Pass@32 over GRPO by 5.00 points
and achieves the highest overall average Pass@32.
Since AMC23 and MATHS500 already have higher
baseline pass rates, this pattern suggests that seman-
tic neighbor mixing is most helpful when the bench-
mark leaves more room for exploration. The con-
sistent improvements on both Llama and Qwen3
demonstrate that the gain is not specific to a single
tokenizer or model family. These results indicate
that the benefit of embedding-level neighbor mix-
ing is not tied to reasoning-distilled policies.

4.3 Evaluation on Out-of-Distribution (OOD)
Benchmarks

To verify that N-GRPO improves mathematical rea-
soning without overfitting to the training distribu-
tion, we evaluate its out-of-distribution (OOD) per-
formance on the GPQA-Diamond benchmark. As
shown in Table 2, the results demonstrate that our
approach not only excels in mathematical domains
but also generalizes effectively to complex scien-
tific reasoning tasks, achieving consistent gains in

Mean@32 Pass@16 Pass@32
DeepSeek-R1-Distill-Qwen-1.5B

Base Model 32.23 85.51 90.79
+Soft Thinking 32.86 86.31 91.73
+GRPO 32.24 86.25 91.95
+GRPO+Soft Thinking |  33.19 86.89 91.92
+N-GRPO 33.68 87.58 92.87
DeepSeek-R1-Distill-Qwen-7B
Base Model 46.59 86.55 90.73
+Soft Thinking 45.99 86.96 91.28
+GRPO 47.00 87.15 91.42
+GRPO+Soft Thinking 46.78 87.57 92.29
+N-GRPO 47.16 88.77 92.80

Table 2: Performance comparison on the GPQA-
Diamond benchmark for out-of-distribution (OOD)
evaluation. We report results for DeepSeek-R1-Distill-
Qwen models (1.5B and 7B). Bold values indicate the
best performance in each column.

both stability (mean@32) and peak performance
(pass@32). For the 1.5B model, our method consis-
tently outperforms the base model and other base-
lines. Specifically, we achieve a pass@32 score of
92.87, representing a clear improvement over the
base model (90.79) and surpassing the combination
of GRPO and Soft Thinking (91.92). Similar trends
are observed with the 7B model, where our method
attains the highest performance across all metrics.
These results confirm that our approach not only
strengthens specific mathematical reasoning skills
but also preserves and enhances the model’s gen-
eral scientific reasoning capabilities.

4.4 Transfer to GSPO

To examine whether Semantic Neighbor Mixing
can transfer beyond the GRPO training recipe,
we further apply the same module to GSPO, de-
noted N-GSPO, on DeepSeek-R1-Distill-Qwen-
1.5B. The results show that N-GSPO improves av-
erage Pass@32 from 77.34 to 79.04 over GSPO,
with a 4-7.66 gain on AIME25. This suggests that
the proposed perturbation mechanism is not tightly
coupled to the specific advantage normalization
used by GRPO. Full per-benchmark numbers are
reported in Appendix D.

4.5 Analysis of N-GRPO

To provide a deeper understanding of the mecha-
nisms driving the performance improvements, we
conduct a series of ablation studies and sensitiv-
ity analyses. In this section, we systematically
isolate key components to verify the stability and
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Figure 3: Performance evaluation of DeepSeek-R1-Distill-Qwen models across math benchmarks with varying
mixing rates. The charts illustrate the Mean @32, Pass@ 16, and Pass @32 metrics, with the last column showing

the average performance across all datasets.

effectiveness of N-GRPO under varying conditions.
Specifically, we examine the sensitivity to mixing
rates, the impact of different mixing strategies, and
the choice of distance measurements.

4.5.1 Impact of Mixing Rates

To investigate the robustness of our method against
hyperparameter variations, we conducted an ab-
lation study on different mixing rates. As illus-
trated in Figure 3, the overall performance remains
relatively stable across varying mixing rates for
both the 1.5B and 7B models. The average results
show only marginal fluctuations, indicating that our
approach is generally insensitive to minor adjust-
ments in mixing rate. Complete tabulated results
can be found in Appendix F.

However, a notable exception is observed in
the AIME25 benchmark with the smaller 1.5B
model. When the mixing rate is increased to 0.2,
the Pass@32 metric drops significantly. We at-
tribute this phenomenon to the trade-off between
diversity and stability in the reasoning process.
While an appropriate level of embedding-level ex-
ploration encourages diverse reasoning paths, ex-
cessive embedding-level exploration can disrupt
the semantic stability of the generated rollouts.

4.5.2 Impact of Mixing Mechanisms

To investigate the effectiveness of our proposed
mixing mechanism and the necessity of the mixing
rate, we conduct an ablation study using the 1.5B
model. Table 3 summarizes the average results
across the mathematical benchmarks utilized in our

| Mean@32 Pass@16 Pass@32

DS-R1-Distill-Qwen-1.5B |  53.28 73.05 74.62
+Gumbel Soft-Thinking 53.87 74.58 76.89
+N-GRPO w/o rate 53.56 75.16 77.32
+N-GRPO 54.11 76.82 79.17

Table 3: Ablation study on mixing strategies. We
report the average performance across the mathemat-
ical benchmarks mentioned in Section 4.1 using the
DeepSeek-R1-Distill-Qwen-1.5B model. "+Gumbel
Soft-Thinking" replaces our mixing mechanism with
Gumbel noise-based top-k selection. "+N-GRPO w/o
rate" applies the method to all tokens, removing the
mixing rate constraint.

main experiments. Detailed performance break-
downs for each individual benchmark are provided
in Appendix F.

We compare our approach with Gumbel Soft-
Thinking proposed in Zheng and Lee (2025), which
injects Gumbel noise into logits for weighted mix-
ing. This method serves as a representative of di-
rect noise injection into logits or embeddings, a
category of strategies we have discussed in Sec-
tion 1. While this baseline improves over the
vanilla model, our method achieves superior av-
erage performance, suggesting that our strategy
provides more effective exploration guidance than
native noise in embeddings.

Additionally, we evaluate N-GRPO w/o rate,
where the mixing operation is applied to every to-
ken. The observed drop in performance indicates
that applying our mixing mechanism to all tokens
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| Mean@32 Pass@16 Pass @32
Cosine 54.11 76.82 79.17
L2 53.77 75.26 77.68
L1 53.07 72.98 75.16

Table 4: Performance comparison of different dis-
tance metrics for neighbor selection. We evaluate
Cosine distance, L2 distance, and L1 distance on the
DeepSeek-R1-Distill-Qwen-1.5B model.

introduces excessive noise, identifying the mixing
rate as a critical filter for maintaining rollout stabil-

ity.
4.5.3 Impact of Distance Measurements

The choice of distance measurement is crucial for
quantifying the relations between representations in
our mixing mechanism. We compare three widely
used metrics: Cosine distance, L2 (Euclidean) dis-
tance, and L1 (Manhattan) distance.

As shown in Table 4, which reports the average
performance of the 1.5B model across the afore-
mentioned mathematical benchmarks, Cosine dis-
tance significantly outperforms both L1 and L2
metrics, achieving the highest scores across all sta-
bility and performance benchmarks. A complete
listing of performance metrics for each distance
variant can be found in Appendix F.

This performance gap can be attributed to the ge-
ometric properties of the high-dimensional embed-
ding space used by LLMs. Semantic information
in these representations is primarily encoded in the
direction of the embedding vectors rather than their
magnitude (Schakel and Wilson, 2015; Kozlowski
et al., 2025). Cosine distance effectively captures
this directional alignment, whereas L2 distance is
sensitive to vector norms, which may introduce
irrelevant variance and degrade the quality of the
embedding-level exploration.

4.6 Impact of Semantic Neighbor Mixing
During Inference

While N-GRPO utilizes Semantic Neighbor Mix-
ing during the rollout phase of training to enhance
exploration, we observe that applying this same
mixing strategy during the inference phase leads
to a degradation in performance. As shown in Ta-
ble 5, which reports the average performance across
all evaluated mathematical benchmarks, enabling
Semantic Neighbor Mixing at test time results in
lower accuracy compared to standard temperature
sampling. Comprehensive results for each specific

Inference Strategy | Mean@32 Pass@16 Pass@32
N-GRPO trained DeepSeek-R1-Distill-Qwen-1.5B

Standard 54.11 76.82 79.17
Semantic Neighbor Mixing | 53.19 74.67 77.05

N-GRPO trained DeepSeek-R1-Distill-Qwen-7B

Standard 66.64 82.56 84.20
Semantic Neighbor Mixing | 65.69 80.00 81.45

Table 5: Performance comparison of different infer-
ence strategies. We evaluate the impact of applying
Semantic Neighbor Mixing at the inference phase, com-
pared to standard temperature sampling.

dataset are detailed in Appendix F.

We attribute this phenomenon to the distinct ob-
jectives of the rollout and inference phases. During
rollout, the mixing strategy acts as an exploration
mechanism. When it introduces noise to explore
more trajectories, the GRPO framework effectively
filters new low-value trajectories. However, during
inference, the goal shifts to maximizing response
accuracy, where such a filtering mechanism is ab-
sent. Deviations caused by mixing may undermine
logical coherence, consequently degrading the qual-
ity of the final solution. Therefore, we disable
mixing to avoid introducing unnecessary noise that
could disrupt the rigorous mathematical reasoning.

5 Conclusion

We have presented a novel embedding-level ex-
ploration strategy that enhances the efficiency of
reinforcement learning for LLMs. By shifting the
paradigm from discrete token-level randomness
to continuous embedding-level perturbations, our
method introduces semantically grounded noise
that encourages the model to traverse diverse rea-
soning paths without sacrificing semantic stabil-
ity. We implemented this mechanism via Seman-
tic Neighbor Mixing and integrated it seamlessly
into the GRPO framework, resulting in our pro-
posed approach, N-GRPO. Extensive experiments
across multiple model scales demonstrate that our
approach consistently outperforms baselines on
challenging mathematical reasoning benchmarks,
while also exhibiting superior generalization on
out-of-distribution scientific tasks. These findings
suggest that exploring reasoning dynamics in the
embedding space offers a promising avenue for
advancing LLM reasoning capabilities.
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Limitations

The proposed Semantic Neighbor Mixing mech-
anism inevitably introduces additional computa-
tional overhead during the rollout phase. Unlike
standard sampling which operates directly on com-
puted logits, our approach requires retrieving near-
est neighbors and calculating weighted embeddings
at generation steps, which may increase inference
latency. Furthermore, our experimental validation
has been primarily concentrated on mathematical
and scientific reasoning benchmarks. While the
results indicate strong performance in these areas,
we have not yet verified the effectiveness of this
embedding-level exploration strategy on code gen-
eration tasks. Given that coding problems often
require distinct structural logic and strict syntax
constraints compared to natural language reason-
ing, extending our method to the programming
domain remains an important subject for future
investigation.
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A Task Prompt

<|User|>

Let’s think step by step and output the final
answer within \boxed.
<|Assistant|><think>

<|User|>

Let’s think step by step and output the final
answer in the last line as:

Answer: <A/B/C/D>

<|Assistant |><think>

This section presents the specific prompt tem-

plates used during both the training and evaluation
phases. To elicit the model’s reasoning capabilities
and standardize the output format, we employ an
explicit Chain-of-Thought (CoT) instruction for-
mat. All input sequences consist of the user query
followed by specific formatting constraints.

As 1illustrated above, for mathematical rea-
soning tasks (AMC23, AIME24, AIME25, and
MATHS500), the model is instructed to enclose the
final result within \boxed. For multiple-choice
tasks such as GPQA, a specific answer format is
enforced. Consistent with the model’s default set-
tings, we directly append the <think> token to the
prompt. This forces the model to initiate the rea-
soning process.

B Implementation Details

B.1 Codebase and Framework

Our implementation is developed based on the
verl! framework (version 0.5.0). We modify the
framework to support the training and evaluation
pipelines proposed in this paper. For the training
process, we utilize the sglan g2 framework as the
rollout backend. Specifically, we modify the source
code of sglang (version 0.4.6.post5) to implement
the Semantic Neighbor Mixing logic described in
the main text. Corresponding adaptations are made
to the verl interface to ensure compatibility and
seamless integration during the rollout phase.

B.2 Hyperparameters for Training

Hyperparameter Value
Number of Neighbors (k) 3
Temperature (7) 0.7
Global Batch Size 64
Gradient Accumulation Step 4
Max Prompt Length 4096
Max Response Length 8192
Learning Rate le-6
KL Loss Coefficient () 0.001
Group Size 4
Epochs 1

Table 6: Hyperparameter settings used in the experi-
ments.

We perform full-parameter fine-tuning on both
DeepSeek-R1-Distill-Qwen-1.5B and DeepSeek-

"https://github.com/volcengine/verl
Zhttps://github.com/sgl-project/sglang
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R1-Distill-Qwen-7B models for our main experi-
ments. The detailed hyperparameters used during
the training process are listed in Table 6.

B.3 Hyperparameters for Inference

For inference, we also employ the sglang engine.
We adhere to the recommended settings for the
base model, setting the sampling temperature to
0.6 and nucleus sampling (top-p) to 0.95. To main-
tain consistency with the training configuration, the
maximum generation length is set to 8192.

C Evaluation

C.1 Datasets

We evaluate the reasoning capabilities of our mod-
els across four widely recognized benchmarks, cat-
egorized into in-domain mathematical reasoning
and out-of-distribution scientific reasoning. The
statistics of these datasets are summarized in Ta-
ble 7.

Mathematical Reasoning. We utilize the
AMC23, AIME24 and AIME25 to assess the
model’s proficiency in competition-level mathe-
matics, with AIME serving as a more challenging
holdout set requiring complex multi-step reasoning.
Additionally, we use MATHS500, a widely adopted
subset of the MATH dataset (Hendrycks et al.,
2021), covering diverse subjects such as algebra,
geometry, number theory, and probability.

Scientific Reasoning. To evaluate generalization
beyond pure mathematics, we use GPQA-Diamond,
a subset of the GPQA benchmark (Rein et al., 2024)
containing high-difficulty expert-level questions in
biology, physics, and chemistry.

Dataset Domain Size
AMC 23 Math (Competition) 40
AIME 24 Math (Competition) 30
AIME 25 Math (Competition) 30
MATHS500 Math (General) 500
GPQA-Diamond Science 198

Table 7: Statistics of the evaluation benchmarks used
in our experiments.

C.2 Metrics

Following standard practices in reasoning evalua-
tion, we report Mean @32 (average accuracy) and
Pass@k metrics. For each problem, we generate
n = 32 candidate solutions.

Mean@n. This metric represents the expected
accuracy of a single generation sampled from the
model. For a set of n generated samples, it is cal-
culated as:

1 n
Mean@n = — I(o; is correct),
n n; (0; i )

(14)

where o; denotes the i-th generated solution, and
I(-) is the indicator function. In our experiments,
we compute this over n = 32 samples. In Table 1,
this metric is reported in the “@1” column, reflect-
ing the expected performance of a single inference
pass (an unbiased estimator of Pass@1).

Pass@k. We report Pass@16 and Pass@32 to
evaluate the exploration potential of the model.
Pass @k estimates the probability that at least one
correct solution exists within k£ generated samples.
Since we generate n = 32 samples total, for k& < n,
we calculate the unbiased estimator:

(%)
where c is the number of correct samples among
the n generations. If n — ¢ < k, the probability is

1. For Pass@32 (where k& = n), this simplifies to
checking if ¢ > 0.

Pass@k:zl—E[(’;)], (15)

C.3 Answer Extraction and Grading

To ensure fair evaluation, we employ a strict rule-
based extraction and grading pipeline.

Mathematical Tasks. For datasets requiring a
numerical or symbolic answer (AMC, AIME,
MATHS500), the model is instructed to place the
final answer within a \boxed{} command. We
extract the content inside the last boxed environ-
ment. The extracted answer is compared against
the ground truth using the symbolic verification util-
ities provided by Math-Verify?. This allows for
robust equivalence checks (e.g., matching fractions,
decimals, and simplified expressions) to account
for formatting variations.

Multiple Choice Tasks. For GPQA-Diamond,
we parse the model output for the specific pattern
"Answer: <Option>". The extracted option (A, B,
C, or D) is directly compared to the reference label.
If the model fails to follow the format or produces
an ambiguous answer, it is marked as incorrect.

*https://github.com/huggingface/Math-Verify
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D Transfer to GSPO (N-GSPO)

To test whether the benefit of Semantic Neigh-
bor Mixing is specific to the GRPO advantage-
estimation recipe, we plug the same mixing mod-
ule into GSPO, denoted N-GSPO, and evaluate on
DeepSeek-R1-Distill-Qwen-1.5B. All other train-
ing and evaluation settings follow Section 4.1. As
reported in Table 8, N-GSPO improves the aver-
age Pass@32 over GSPO, with a particularly large
+7.66 gain on AIME25. This demonstrates that se-
mantically grounded embedding-level exploration
during rollout transfers to other rollout-based opti-
mization pipelines, and is not an artifact of GRPO-
specific advantage estimation.

‘AIMEZS AMC23 MATHS500 Avg

43.42 97.00 91.59 77.34
51.08 94.87 91.17 79.04

GSPO
N-GSPO

Table 8: Transfer to GSPO. Applying Semantic Neigh-
bor Mixing to GSPO (N-GSPO) improves average
Pass @32 on DeepSeek-R1-Distill-Qwen-1.5B.

E Semantic Coherence and Trajectory
Diversity of Mixed Embeddings

A central design question for N-GRPO is whether
the mixed embedding is close enough to the an-
chor to preserve semantic coherence, yet different
enough to actually steer the rollout into new rea-
soning branches. We examine both ends of this
trade-off.

Proximity to the anchor semantics. We mea-
sure the cosine similarity between the mixed em-
bedding é;+1 and the anchor token embedding
E[vf] over all mixed steps during rollout on
DeepSeek-R1-Distill-Qwen-1.5B. We obtain an av-
erage cosine similarity of 0.9985 with a minimum
of 0.8813, and only 1.2% of mixed steps fall below
0.95. This confirms that Semantic Neighbor Mix-
ing, by construction, keeps the input representation
tightly within the local semantic neighborhood of
the anchor.

Meaningful trajectory variation. To demon-
strate that such tightly-constrained mixing still in-
duces non-trivial trajectory changes, we conduct
a paired inference-time experiment on AIME24
with DeepSeek-R1-Distill-Qwen-1.5B. Keeping all
hyperparameters identical to our main study, we
generate 32 samples per problem under two decod-
ing strategies — Standard temperature sampling

and Mixing (enabling Semantic Neighbor Mixing
at inference) — and compare their per-problem
Pass @32 outcomes in Table 9.

‘ Mixing Correct Mixing Wrong
Standard Correct 63.3% 0.0%
Standard Wrong 10.0% 26.7%

Table 9: Paired Pass@32 outcomes on AIME24 be-
tween standard sampling and Semantic Neighbor Mix-
ing. Mixing uniquely solves 10.0% of the problems
that standard sampling fails, with no problem solved by
standard-only.

Strikingly, Mixing uniquely resolves 10.0% of
the problems that are unsolved by standard sam-
pling, and does not lose any problem that was solv-
able under standard sampling. This confirms that
the modest but non-zero perturbation introduced by
Semantic Neighbor Mixing is sufficient to steer the
autoregressive process into genuinely new reason-
ing branches, which is exactly the behavior desired
during RL rollout exploration.

F Full Ablation Results

In this section, we provide the comprehensive nu-
merical results for the ablation studies discussed in
the main text. These tables offer a detailed break-
down of performance across all evaluated metrics
for the individual benchmarks (AIME25, AMC23,
and MATHS500). Note that in the table headers, the
column labeled @1 denotes the Mean@32 (aver-
age accuracy), while @16 and @32 correspond to
Pass@16 and Pass@32, respectively.

Table 10 presents the sensitivity analysis for the
mixing rate parameter p across both the 1.5B and
7B model scales.

Table 11 details the impact of different mixing
strategies on the 1.5B model.

Table 12 compares the efficacy of different dis-
tance metrics for neighbor selection using the
DeepSeek-R1-Distill-Qwen-1.5B model.

Lastly, Table 13 presents a granular analysis of
the inference strategies discussed in Section 4.5.
We compare the performance of models trained
with N-GRPO when evaluated using standard tem-
perature sampling versus identifying and mixing
semantic neighbors at test time.

G Rollout Throughput Overhead

To quantify the practical cost of introducing Seman-
tic Neighbor Mixing into the rollout loop, we mea-
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Mixine Rat AIME25 AMC23 MATHS500 Average
mgRate 1 @1 @6 @32 | @1 @l6 @32 | @ @l @32 | @ @6 @32
DeepSeek-R1-Distill-Qwen-1.5B
0.1 2333 4648 5028 | 64.14 9407 96.18 | 7487 89.92 91.05 | 54.11 76.82 79.17
0.15 2396 4512 48.15 | 6438 9351 9560 | 7523 89.67 90.62 | 54.52 76.10 78.12
0.2 2135 4137 4569 | 64.84 9493 9649 | 7524 8954 90.78 | 53.81 7528 77.65
DeepSeek-R1-Distill-Qwen-7B
0.1 3427 5800 61.18 | 80.70 96.92 98.13 | 84.94 9277 9328 | 66.64 82.56 84.20
0.15 3344 5656 59.02 | 81.72 9455 9576 | 8474 9234 9290 | 66.63 81.15 82.56
0.2 3396 58.81 61.58 | 79.77 9589 97.83 | 84.57 9248 93.17 | 66.10 82.39 84.19

Table 10: Detailed ablation study on the mixing rate parameter (p) for DeepSeek-R1-Distill-Qwen-1.5B and
7B models. We evaluate performance using Mean@32 (@1), Pass@16 (@16), and Pass@32 (@32) across AIME25,

AMC23, and MATHS500.

AIME25 AMC23 MATHS00 Average
@l @6 @32| @1 @6 @32| @1 @6 @32| @1 @6 @32
DeepSeek-R1-Distill-Qwen-1.5B | 20.83 38.05 41.19 | 64.14 91.73 9237 | 74.88 89.38 90.29 | 53.28 73.05 74.62
+Gumbel Soft-Thinking 2240 4233 46.49 | 6398 91.88 93.61 |75.24 89.52 90.58 | 53.87 74.58 76.89
+N-GRPO w/o rate 2271 42.10 45.21 | 62.81 93.62 9591 |75.16 89.76 90.83 | 53.56 75.16 77.32
+N-GRPO 23.33 46.48 50.28 | 64.14 94.07 96.18 | 74.87 89.92 91.05|54.11 76.82 79.17

Table 11: Comprehensive performance comparison of mixing strategies on the DeepSeek-R1-Distill-Qwen-
1.5B model. We compare N-GRPO against the Gumbel Soft-Thinking baseline and an unconstrained variant (w/o

rate) where the mixing mechanism is applied to all tokens.

sure the average rollout throughput (in tokens/s) on
identical hardware with the same rollout backend.
Standard Sampling corresponds to GRPO rollouts
(no mixing) and Semantic Neighbor Mixing corre-
sponds to N-GRPO rollouts (mixing enabled). We
report the relative slowdown:

) % 100.

As shown in Table 14, the overhead is modest
(below 10%) at both 1.5B and 7B scales. This is
expected because (i) Semantic Neighbor Mixing
activates on only a small fraction of tokens (con-
trolled by the mixing rate p), (ii) the top-k nearest-
neighbor sets can be precomputed once the policy
is frozen during the rollout of one iteration, and
(iii) the weighted aggregation is a small weighted
sum over k neighbor embeddings. In exchange for
this minor overhead, N-GRPO delivers consistent
accuracy gains on math reasoning, improving the
quality—efficiency trade-off.

Throughput

mix

Slowd =|1-
OW OWD(%) < Throughputg g
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AIME25 AMC23 MATHS00 Average

Distance Measurement | - g1 @16 @32‘ @l @16 @32‘ @l @l6 @32‘ @l @16 @32

Cosine 23.33 46.48 50.28 | 64.14 94.07 96.18 | 74.87 89.92 91.05 | 54.11 76.82 79.17
L2 2229 4349 47.13 | 63.83 9271 9524 | 75.18 89.57 90.67 | 53.77 7526 77.68
L1 20.83 38.48 4193 | 63.36 90.78 92.83 | 75.02 89.66 90.73 | 53.07 7298 75.16

Table 12: Impact of different distance metrics on latent space neighbor selection for the DeepSeek-R1-Distill-
Qwen-1.5B model. We report results using Cosine distance, L2 (Euclidean) distance, and .1 (Manhattan) distance.

Inference Strate AIME25 AMC23 MATHS00 Average
24 @l @16 @32 | @1 @16 @32| @1 @16 @32| @1 @16 @32

N-GRPO trained DeepSeek-R1-Distill-Qwen-1.5B

Standard 23.33 4648 50.28 | 64.14 94.07 96.18 | 74.87 89.92 91.05 | 54.11 76.82 79.17
Semantic Neighbor Mixing | 21.98 41.13 44.88 | 62.58 93.13 95.52| 75.01 89.76 90.76 | 53.19 74.67 77.05

N-GRPO trained DeepSeek-R1-Distill-Qwen-7B

Standard 34.27 58.00 61.18 | 80.70 96.92 98.13 | 84.94 92.77 93.28 | 66.64 82.56 84.20
Semantic Neighbor Mixing | 31.88 51.56 54.52 | 80.16 95.69 96.61 | 85.04 92.75 93.22 | 65.69 80.00 81.45

Table 13: Detailed performance comparison of inference strategies. We evaluate the impact of enabling Semantic
Neighbor Mixing during the inference phase versus using standard temperature sampling on models trained with
N-GRPO. The results cover both 1.5B and 7B model scales across all three mathematical reasoning benchmarks.

Std. (tok/s)  Mixing (tok/s)  slowdown%

DS-R1-Distill-Qwen-1.5B 1362.88 1232.00 9.60
DS-R1-Distill-Qwen-7B 663.62 604.54 8.90

Table 14: Rollout throughput comparison between standard sampling (GRPO) and Semantic Neighbor Mixing
(N-GRPO).

28908



