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Abstract

Reinforcement learning with verifiable rewards
(RLVR) has proven effective in enhancing the
reasoning of large language models (LLMs).
Monte Carlo Tree Search (MCTS)-based exten-
sions improve upon vanilla RLVR (e.g., GRPO)
by providing tree-based reasoning rollouts that
enable fine-grained and segment-level credit
assignment. However, existing methods still
suffer from limited exploration diversity and
inefficient reasoning. To address the above
challenges, we propose reinforced efficient
reasoning via semantically diverse explorations,
i.e., ROSE, for LLMs. To encourage more
diverse reasoning exploration, our method in-
corporates a semantic-entropy-based branching
strategy and an e-exploration mechanism. The
former operates on already sampled reasoning
rollouts to capture semantic uncertainty and
select branching points with high semantic di-
vergence to generate new successive reasoning
paths, whereas the latter stochastically initi-
ates reasoning rollouts from the root, prevent-
ing the search process from becoming overly
local. To improve efficiency, we design a
length-aware segment-level advantage estima-
tor that rewards concise and correct reasoning
while penalizing unnecessarily long reasoning
chains. Extensive experiments on various math-
ematical reasoning benchmarks with Qwen and
Llama models validate the effectiveness and
efficiency of ROSE. Codes are available at
https://github.com/ZiqiZhao1/ROSE-rl.

1 Introduction

Reinforcement learning with verifiable rewards
(RLVR) has recently been proposed to enhance
the reasoning of large language models (LLMs) in
verifiable settings, including mathematical reason-
ing and code generation (Guo et al., 2025; Shao
et al., 2024; Liu et al., 2025; Yu et al., 2025). Typi-
cal RLVR algorithms, such as GRPO (Guo et al.,
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2025; Shao et al., 2024) and its variants (Yu et al.,
2025; Liu et al., 2025), estimate the advantage of
an entire rollout response based on the verified re-
ward and uniformly propagate this advantage to all
tokens within the response.

While the uniform credit assignment is simple
yet effective, it constrains the learning potential
of the model and conflicts with human intuition.
For example, a reasoning chain that produces an
incorrect response may still contain certain correct
steps. Moreover, recent studies have indicated that
this training paradigm may lead to “overthinking”,
in which models are engaged in redundant reason-
ing (Chen et al., 2024; Dai et al., 2025; Nie et al.,
2026). To further improve model performance, a
more effective credit assignment approach is to em-
ploy Monte Carlo Tree Search (MCTS) (Kocsis and
Szepesvari, 2006) during response rollout sampling.
Unlike vanilla GRPO, which generates a group of
independent responses for a given problem, MCTS
enables the model to produce responses in a tree-
based structure, as illustrated in Figure 1a, allow-
ing segment-level credit assignment by computing
value differences between parent and child nodes.

Despite the progress achieved by MCTS-based
RLVR algorithms (Li et al., 2025; Yang et al.,
2025b; Zheng et al., 2025b; Dong et al., 2025),
limited exploration diversity and inefficient rea-
soning still exist. Specifically, most existing work
uses generation entropy as the criterion for MCTS
branching (Zheng et al., 2025b; Dong et al., 2025).
These methods first identify the position with the
highest generation entropy. Then, tokens preceding
this position are kept fixed, and successive tokens
are regenerated. Although generation entropy mea-
sures a policy’s uncertainty over token selection
in the current action space, this metric does not
generalize well to the semantic space. Figure 1b
shows a case study of generation entropy-based
branching. The tokens can in response 1 and need
in response 2 correspond to the positions of high-
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Figure 1: (a) Comparison between independent rollout (vanilla GRPO) and MCTS-based rollout. (b) Case study of
generation-entropy-based branching. The tokens highlighted in yellow indicate the different tokens generated at the
positions of highest entropy. Identical text across different responses is marked with the same colour (green or blue).

est entropy in two separate generations, yet their
semantic meanings are largely the same, and the
subsequent reasoning in both responses is identical
(highlighted in blue). Furthermore, although re-
sponse 2 and response 3 follow different reasoning
paths after branching, they are semantically similar,
and their subsequent reasoning remains consistent
with other responses (highlighted in green). This
indicates that current methods fail to generate se-
mantically diverse rollouts. Additionally, existing
MCTS-based methods do not address the overthink-
ing problem effectively, and current approaches for
efficient reasoning either incur performance degra-
dation or offer trivial performance gains (Dai et al.,
2025; Arora and Zanette, 2025). How to achieve
both improved performance and efficient reasoning
based on MCTS remains an open question.

To address the aforementioned challenges,
we propose reinforced efficient reasoning via
semantically diverse explorations, i.e., ROSE, for
LLMs. To address the first challenge, we intro-
duce a semantic-entropy-based branching strategy
together with an e-exploration mechanism. The
semantic entropy metric, defined over differences
in token semantics, identifies positions along a rea-
soning path where the model exhibits high uncer-
tainty in the semantic space, thereby guiding the
exploration toward more diverse reasoning paths.
In addition, to prevent the search process from
becoming overly local, the e-exploration mecha-
nism stochastically regenerates the reasoning roll-
out from scratch. Together, these methods promote
more diverse and effective exploration. To address
the second challenge, we integrate credit assign-
ment with the length of the reasoning chain. Lever-

aging the tree structure, we estimate values for each
node and assign credit at the segment level. For
different correct reasoning chains originating from
the same node, longer chains with deeper depth
are penalized to encourage more efficient reason-
ing. These components make fuller use of MCTS
samples, aiming to enhance the model’s reasoning
ability through more diverse and efficient explo-
ration. In summary, our contributions are:

* We introduce a semantic-entropy guided
MCTS-based rollout strategy together with
an e-exploration mechanism, which enables
more diverse exploration compared with ex-
isting approaches.

* We propose a segment-level advantage esti-
mation method that incorporates reasoning
length, enabling stronger performance while
producing more efficient reasoning.

* Extensive experiments on a wide range of
mathematical reasoning tasks (AIME2025,
AIME2024, AMC2023, MATHS500), using
both Qwen and Llama models, validate the
effectiveness and efficiency of our approach.

2 Related Work

2.1 Reinforcement Learning for LLMs

Reinforcement learning has been widely adopted
to align LLMs with human preferences through
reinforcement learning from human feedback
(RLHF) (Lee et al., 2024; Ouyang et al., 2022).
More recently, reinforcement learning with verifi-
able rewards (RLVR) has emerged as an effective
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approach for enhancing the reasoning ability of
LLMs (Guo et al., 2025; Shao et al., 2024; Dai
et al., 2025; Hao et al., 2025; Meng et al., 2025;
Zhou et al., 2026; Wu et al., 2026; Xie et al., 2025;
Wu et al., 2025b). By using rule-based binary (0/1)
rewards to simplify reward design, GRPO (Guo
et al., 2025; Shao et al., 2024) removes the need
for training an extra critic model compared with
vanilla PPO (Schulman et al., 2017), leading to a
substantial reduction in RL training overhead. Re-
cent studies, including DAPO (Yu et al., 2025),
Dr.GRPO (Liu et al., 2025), VAPO (Yue et al.,
2025), GSPO (Zheng et al., 2025a), and CPG (Chu
et al., 2025), have explored improving the GRPO
loss function to further enhance its reasoning ca-
pability. In contrast to these approaches, our work
focuses on improving the rollout process to enable
more diverse exploration and credit assignment,
without modifying the loss function. As a result,
the proposed method is in principle compatible
with a wide range of GRPO-based algorithms.

2.2 MCTS for LLM Reasoning

Monte Carlo Tree Search (MCTS) (Kocsis and
Szepesvari, 2006; Swiechowski et al., 2023) offers
a principled framework for exploring structured
decision spaces, making it a natural candidate for
performing credit assignment based on the interme-
diate reasoning steps. Recent studies have explored
MCTS-based sampling in RL training, showing
progress on mathematical reasoning tasks (Li et al.,
2025; Yang et al., 2025b; Zheng et al., 2025b) as
well as other complex problems (Ji et al., 2025;
Dong et al., 2025).

A key challenge in applying MCTS lies in de-
ciding where to branch, as this choice fundamen-
tally determines the exploration trajectory and the
quality of the reasoning. Prior approaches rely
on random branching (Ji et al., 2025), generation-
entropy-based branching (Dong et al., 2025; Zheng
et al., 2025b), branching based on fixed-length
segments (Li et al., 2025), or performing branch-
ing during decoding via beam search (Yang et al.,
2025b). However, all these strategies fall short in
promoting sufficient diverse exploration. Mean-
while, existing methods do not explicitly account
for the impact of reasoning length during advan-
tage estimation, which can lead to overthinking
during model inference. In contrast, our approach
enhances exploration diversity and enables more ef-
ficient reasoning, leading to improved performance
on complex reasoning tasks.
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Figure 2: The overview of the ROSE framework. The
figure on the left illustrates the structure of the tree-
based rollout. Pivot nodes refer to nodes with the high-
est semantic uncertainty, which are selected according
to the semantic entropy. The rollout procedure is de-
tailed in Section 3.1. The figure on the right depicts the
advantage estimation pipeline, comprising three stages:
(1) node value assignment, (2) segment advantage esti-
mation and (3) length-aware calibration. These stages
are described in detail in Section 3.2.

3 Method

This section details ROSE. We first introduce how
to achieve effective and diverse exploration in Sec-
tion 3.1. Section 3.2 then describes how tree-based
exploration is leveraged to perform advantage esti-
mation and encourage efficient reasoning. Finally,
Section 3.3 presents the overall learning objective.
Figure 2 illustrates an overview of ROSE.

3.1 Semantic-Entropy Guided Exploration

Given a question ¢, vanilla GRPO performs roll-
outs by sampling a group of independent responses
{0;}%.,. In contrast, MCTS-based methods in-
troduce tree-structured rollouts, allowing different
responses to share common prefix tokens. The
key to tree-based rollout is identifying appropriate
branching positions, which encourages the model
to perform more effective exploration. A common
practice is to use generation entropy to determine
branching positions (Dong et al., 2025; Zheng et al.,
2025b). Generation entropy provides a principled
measure of the uncertainty of a policy 7y, i.e., the
LLM, over its action space, i.e., the vocabulary V.
Given a question ¢ and a generated response o;,
the generation entropy of the policy at position k is
defined as:

Hk = ZPG(UM, Oi,<k) 10gpe(v|q, Oi,<k)

veY
(D
where py(v|q, 0; <)) represents the probability dis-
tribution over the vocabulary ) at position k.

Such entropy has been widely used in traditional
RL (Haarnoja et al., 2018; Wang et al., 2022),
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where different actions often exhibit significant dif-
ferences, such as movement directions in a game
environment (Bellemare et al., 2013). However,
this assumption does not always hold in language
generation. Consider the two words can and need
in Figure 1b. When the LLM is uncertain about
which one to select, the generation entropy may be
high. From a semantic perspective, however, this
choice is actually well-determined, as both words
serve the same functional role of indicating modal
intent. As a result, the responses branched from
this position may exhibit extremely high similarity,
and in some cases even follow identical subsequent
trajectories, thereby limiting the potential for more
diverse exploration.

Based on this observation, we design an addi-
tional metric to evaluate the semantic divergence
among the current candidate tokens. Specifically,
given a question ¢ and a generated response o;, at
position k, we first select the top-20 tokens from
V with the highest probabilities to form the set Vi
for efficiency. Then, for each token v; € Vg, its
corresponding embedding e, is obtained from the
LLM. We then compute semantic divergence as the
sum of pairwise similarities between all tokens in
Vi, weighted by their probabilities:

SDip =~ Y polvilg, 01 <k)pa(vilg, 05 <k) - cos(e,, eq,)

v;,0;EVy
2

where cos(e,,, €,,) represents the cosine similar-
ity between the embeddings of tokens v; and v;.
The key idea of semantic divergence is that when
the high-probability tokens exhibit large semantic
differences, the current position becomes an ideal
branching point, leading to more distinct subse-
quent reasoning paths.

Finally, we define semantic entropy as the prod-
uct of generation entropy and semantic divergence,
and use it as the branching indicator:

SE, = SDy, - Hi, 3)

This combined measure captures both probabilis-
tic uncertainty and semantic dispersion, allowing
ROSE to more accurately identify positions where
alternative continuations are more likely to lead to
genuinely diverse reasoning paths.

The rollout process based on branching metrics
is summarized as follows. Given a question ¢, a
complete response is first generated. For each posi-
tion in the generated response, the proposed branch-
ing metric is computed, and the position with the

highest value is selected. Then a new response is
regenerated at this position, keeping the preceding
part of the response unchanged. The corresponding
metric of the newly generated sequence is com-
puted, and the selection is then performed on all
existing rollout responses. The whole process is
repeated until the number of generated responses
reaches the predefined parameter G.

In addition, inspired by the e-greedy (Sutton
et al., 1998) strategy in reinforcement learning,
we propose an e-exploration mechanism. Specifi-
cally, before generating each response, there is an €
probability of generating the response from scratch,
i.e., rolling out an independent response; otherwise,
the rollout follows the proposed semantic-entropy-
based branching strategy. This mechanism prevents
the search from becoming overly focused on local
regions and further balances the depth and breadth
of exploration. After completing the rollout process
for a given query, we can obtain a tree structure,
an example of which is shown on the left side of
Figure 2. During rollout, we apply dynamic sam-
pling (Yu et al., 2025) to remove groups whose
responses receive identical rewards, improving ef-
ficiency. The proposed methods offer an effective
exploration-exploitation tradeoff to better search
the reasoning paths for LLMs.

3.2 Advantage Estimation

Based on the tree-structured exploration, we per-
form segment-level credit assignment through (1)
node value assignment, (2) segment advantage esti-
mation and (3) length-aware calibration.

Node value assignment. After completing tree-
structured sampling, a single response may con-
tain multiple branching nodes. Including the start
and the terminal positions, these nodes partition a
response into several consecutive segments. For-
mally, for a response o; to a given question g, let
bg, b1, - . ., by, denote the node positions, where by
is the start position, by, . .., by_1 correspond to the
pivot positions immediately before each branching
point, and by, is the leaf (terminal) position. The
response can then be decomposed as

k
0; = U 0i7bj_1<t§bj7With bO = 07 bk = |Ol‘ (4)
Jj=1

Under this partition, each segment is initiated at
either the start position or a branching position
selected based on maximal semantic entropy ob-
served during the rollout stage. For a pivot node b;
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with 0 < j < k, we define the set of responses that
contain this node as:

Oy, = {0m|oy, traverses the pivot node b;} (5)

For the start node by, we define {23, as the set of all
responses, i.e., 2, = {0, }& _,. For the leaf node,
we define (2, as the set of 0;, i.e., ), = {0;}.
Next, we define the value of node b; with 0 <
J < k as the average reward of responses in {2, .

Z r(0om) (6)

om €Dy,

- 1
Vibi) = €2, |
J

where 7() denotes a rule-based reward function
that evaluates the correctness of each response and
assigns a binary reward (1 for correct and O for
incorrect).

Segment advantage estimation. Next, we can
compute the segment-level advantage between two
nodes based on the values assigned to the nodes.
According to the definition of node value, the value
of a node can be interpreted as the probability of
deriving a correct reasoning chain starting from
that node. Therefore, the reasoning contribution of
the segment is quantified by the difference between
the two node values. Specifically, for any token
0;+ € 0o; with b;_1 <t < bj, the advantage of o0; ;
is defined as:

Ay =V (b;) = V(bj1) (7

Length-aware calibration. Furthermore, although
multiple reasoning paths may lead to correct out-
comes, we aim to encourage the model to adopt
more efficient reasoning and avoid overthinking.
To this end, we apply a length-aware calibration
to the advantages of responses that are correct but
require an excessive number of tokens. Specifi-
cally, we first identify the shortest correct response
0;. Then, for every other correct response o., we
locate the pivot node b, at which o, and o, diverge.
That is, prior to b, the two responses share an
identical subsequence 05 <p, = O <p,, Whereas af-
ter b, they follow distinct continuations 0, ., and
Oc,>p,, respectively. A length-proportional calibra-
tion is then applied to the longer response, thereby
encouraging the model to produce more efficient
reasoning. Specifically, for each token o.; € o,
with ¢t > b,, its advantage is updated according to
the following rule:

Ai,t — Ai,t - ’Azt| (1- (\oy%b)a) (8)

where « is a hyperparameter controlling the ex-
tent of the adjustment. The ratio Izj:lgi measures
the relative lengths of the two reasoning branches
after their divergence at b.. Since the two re-
sponses share an identical reasoning prefix before
b., their post-divergence segments can be directly
compared: the more efficient branch receives a
higher advantage, while the longer branch incurs a

length-proportional adjustment.

3.3 Model Training

We adopt the improved modifications of vanilla
GRPO’s optimizing objective proposed in
Dr.GRPO (Liu et al.,, 2025) as the training
objective, together with a KL penalty term:

G loi|
Lrose(f) = —

Z <min (75,,5(9)&@ [7‘i,t(9)ﬁi—2/,/ii,t)

Ql~

7

- /3DKL(7F97Trcf)>7

1t=1

®

where

79(0it | 4,06 <t)
Thota (OM ‘ q, 0i,<t)’

’l‘i,t(g) = (10)

Told denotes sampling model, s denotes refer-
/

ence model and operator [r; +(6)]1 T clips the ratio

to[l—¢€,14¢€].

4 Experimental Setup

4.1 Datasets and Metrics

For the training dataset, following prior stud-
ies (Zhu et al., 2025; Liu et al., 2025), we use
MATH (Hendrycks et al., 2021), which contains
7,500 problems. For evaluation, four publicly avail-
able standard mathematical reasoning benchmarks
are considered, including AIME2024, AIME2025,
AMC23, and MATH500. MATHS500 is a subset
of the test split of the MATH dataset, consisting
of 500 problems. During validation, we sample 8
responses for each question and adopt pass@8 as
the primary metric for assessing the performance
of model reasoning. pass@Fk measures whether
at least one of the k£ sampled responses correctly
solves a given problem. Unlike prior work that
relies on the mean @k metric (Li et al., 2025; Yang
et al., 2025b), which reflects the average accuracy
across all samples, pass@ k more effectively cap-
tures the model’s ability to solve previously chal-
lenging problems that it might fail to answer.
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GRPO Variants MCTS-Based

Model Dataset Base Model ROSE
GRPO DAPO Dr.GRPO TreePO FR3E
AIME2024 13.33 16.67 16.67 16.67 16.67 16.67 23.33+6.67
AIME2025 16.67 20.00 16.67 23.33 13.33  20.00 23.33+3.33
Qwen3-4B-Base MATHS500 74.00 79.8  79.00 78.60 82.00 80.00 80.80-1.20
AMC23 45.00 77.50 75.00 70.00 72.50 75.00 77.50+0.00
Average 37.25 48.49 46.83 47.14  46.12 4792 51.24+2.75
AIME2024 13.33 23.33 26.67 26.67 23.33  23.33  33.33+6.67
AIME2025 10.00 23.33 2333 23.33 23.33  23.33  30.00+6.67
Qwen3-8B-Base MATHS500 68.20 7940 79.40  81.60 84.20 80.80 83.00-1.20
AMC23 47.50 72.50 75.00 72.50 70.00 75.00 80.00+5.00
Average 34.76 49.64 51.10 51.02 50.21 50.62 55.75+4.65
AIME2024 10.00 16.67 16.67 13.33 16.67 16.67 20.00+3.33
AIME2025 0.00 333  3.33 6.67 3.33 6.67  6.67+0.00
Llama-3.2-3B-Ins. MATHS500 46.00 53.40 54.60 54.40 52.60 54.40 55.00+0.40
AMC23 35.00 40.00 37.50  40.00 35.00 37.50 45.00+5.00
Average 22.75 28.35 28.02 28.60 2690 28.81 31.67+2.86

Table 1: Experimental results with pass@8 metric (%). For each test dataset, we report the best scores achieved
during training. Boldface denotes the best results under each dataset. The absolute improvement or degradation

compared to the second-best score is also indicated.

4.2 Model and Baselines

To provide a more comprehensive comparison of
the proposed method, we evaluate it using back-
bone models from two model families, Qwen and
Llama, with different parameter scales, including
Llama-3.2-3B-Instruct (Grattafiori et al., 2024),
Qwen3-4B-Base, and Qwen3-8B-Base (Yang et al.,
2025a). The Qwen3 models have two modes (think-
ing and non-thinking), and the non-thinking mode
is adopted for both training and inference.

Comparisons are performed between ROSE
and existing approaches, which mainly fall into
two categories: GRPO-based variants and MCTS-
based methods. The GRPO-based variants include
vanilla GRPO (Guo et al., 2025; Shao et al., 2024),
Dr.GRPO (Liu et al., 2025), and DAPO (Yu et al.,
2025). Dr.GRPO computes advantages as devia-
tions from the group mean, without variance nor-
malization, and removes the length normalization
term from the loss function. DAPO improves
GRPO by incorporating techniques such as clip-
higher and rejection sampling.

The  MCTS-based  baselines  include
FR3E (Zheng et al., 2025b) and TreePO (Li
et al., 2025). FR3E is a representative MCTS-
based method that determines branching positions
based on generation entropy and adopts a two-step
framework for segment-level advantage computa-
tion. Besides, TreePO structures the rollout process
as a tree by branching at fixed-length segments and

computes advantages over the resulting sub-trees.

4.3 Implementation Details

All experiments are conducted using the VeRL
framework (Sheng et al., 2025) in this paper. For
RL training, we set the batch size to 512, the num-
ber of rollouts per prompt as G = 8, the learning
rate to 1 x 1079, the clipping ratio as ¢ = 0.2,
the KL divergence coefficient as 8 = 0.001, and
the maximum number of training epochs to 8. For
evaluation, the temperature is set to 0.6, top-p sam-
pling is applied with p = 0.95, and 8 candidate
responses are sampled per prompt. Prompts whose
lengths exceed 2048 tokens are filtered out, and
the maximum generation length is set to 4096 to-
kens. The probability of generating the response
from scratch ¢ is set to 0.5 by default, and the co-
efficient for length-aware calibration « is searched
from {0.5, 1,2, 3}. Our experiments are conducted
on 8 x NVIDIA A800 (80G) GPUs.

5 Experimental Results

5.1 Opverall Performance

Accuracy evaluation. Table 1 presents the exper-
imental results of all methods. It can be observed
that ROSE achieves substantial improvements over
the strongest baseline in most settings. DAPO and
Dr.GRPO are variants that modify the GRPO loss
function. However, they do not yield consistent or
substantial improvements, with performance gains
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Figure 3: Learning curves. Average performance across four datasets as training progresses.

Metric ‘AIME2024 AIME2025 MATHS00 AMC23 Average

Llama-3.2-3B-Instruct

Generation Entropy 16.67 6.67 55.2 425 30.26
Semantic Divergence| 20.00 6.67 54.6 425  30.94
Semantic Entropy 20.00 6.67 55.0 45.00 31.67
Qwen3-4B-Base

Generation Entropy 20.00 23.33 79.80 725 48091
Semantic Divergence| 20.00 26.67 80.80 75.00 50.62
Semantic Entropy 23.33 23.33 80.80 77.50 51.24
Qwen3-8B-Base

Generation Entropy 20.00 23.33 81.20 725 49.26
Semantic Divergence| 30.00 26.67 83.00 75.00 53.67
Semantic Entropy 33.33 30.00 83.00 80.00 55.75

Table 2: Experimental results with pass@8 metric (%)
for different branching metrics.

observed only in certain scenarios, such as mod-
els with larger parameter scales. Among MCTS-
based approaches, TreePO and FR3E achieve per-
formance comparable to GRPO and its variants.
In particular, TreePO yields pronounced improve-
ments on the in-domain dataset MATHS00 but per-
forms worse on other benchmarks. This suggests
that its fixed-length branching strategy fails to in-
duce more diverse reasoning trajectories during
exploration, limiting out-of-domain generalization.

For ROSE, significant performance gains are
first observed on more challenging tasks, indicating
that the method facilitates more divergent explo-
ration during the rollout phase, which is beneficial
for solving difficult problems. In addition, ROSE
consistently yields notable improvements across
different model scales. Larger models typically
encapsulate richer knowledge, and the proposed
approach appears to leverage this capacity more
effectively, resulting in greater performance gains.
Finally, recent studies have suggested that models
in the Qwen family may suffer from potential data
leakage (Wu et al., 2025a). Nevertheless, compara-
ble performance gains are also observed on Llama
models of similar parameter scales, indicating that
the improvements are not confined to a specific
model family.

KDE of Pairwise Response Similarities

g — Semantic Entropy (u=0.864, 0=0.189)
Semantic Divergence (1=0.877, 0=0.183)
Generation Entropy (u=0.913, 0=0.136)

1 /\\.-/%

0.4 0.6 0.8
Cosine Similarity

Figure 4: Kernel density estimation (KDE) of pairwise
sentence similarities. The dashed line indicates the av-
erage cosine similarity.

Learning dynamics. Figure 3 presents the learn-
ing curves of GRPO and ROSE. Across different
model scales, ROSE exhibits a clear performance
improvement over the vanilla GRPO. Moreover, as
the model scale increases, the learning curves of
ROSE become noticeably more stable. After con-
vergence, ROSE maintains stable and competitive
performance, whereas the vanilla GRPO shows no-
ticeable fluctuations and fails to achieve significant
improvements in small-scale (3B and 4B) models.

5.2 Branching Metric Analysis

Performance comparison. Table 2 presents the
experimental results for three different branching
metrics (entropy, semantic divergence, and seman-
tic entropy). For all branching metrics, the proba-
bility ¢ is fixed to 0.5. The results show that entropy
achieves performance comparable to vanilla GRPO,
indicating that it fails to effectively distinguish un-
certain regions in the model’s reasoning trajecto-
ries. In contrast, both semantic divergence and se-
mantic entropy yield consistent improvements over
entropy, with semantic entropy exhibiting greater
robustness across different datasets.

Analysis of reasoning diversity. To further an-
alyze the differences among branching metrics,
we conduct a quantitative analysis of the diversity
of responses generated during the rollout phase
under different branching metrics. Specifically,
for a fixed batch of questions, rollouts are per-

48000



Llama-3.2-3B-Instruct Qwen3-8B-Base
Method
Pass@8 Length Pass@8  Length
Base Model |22.75 +0.0  788.6 +0.0% | 34.76 +0.0 932.7 +0.0%
GRPO 28.35+5.6 804.8 +2.1% [49.64 +14.9 907.3 -2.7%
Dr.GRPO |28.60 +5.9 794.5 +0.7% [51.02 +16.3 930.6 -0.2%
ROSE
Fa=0 13098482 733.1-7.0% |55.17 +20.4 907.2 -2.7%
Fa=1 1[31.67+89 702.0-11.0% |55.75 +21.0 904.4 -3.0%
Fa=2 (3129485 7154-93% [54.87 +20.1 897.2 -3.8%
Fa=3 1[30.7848.0 692.6-122% |55.12 +20.4 885.8 -5.0%
Fa=10 [29.06 +6.3 634.3-19.6% |54.29 +19.5 860.4 -7.8%

Table 3: Experimental results with pass@8 (%) and
length (token counts) metrics.

formed using different metrics, and the pairwise
cosine similarity between embeddings of multiple
responses corresponding to the same question is
computed. The embeddings are obtained using the
Qwen-text-embedding-v4 model. The resulting
similarity distributions are visualized using kernel
density estimation (KDE), as shown in Figure 4.

As illustrated in the figure, the distributions in-
duced by our methods exhibit lower peaks and
heavier tails. The mean similarities of semantic
entropy and semantic divergence are comparable
and both are lower than those of entropy, indicat-
ing a higher degree of dispersion among generated
responses. Such increased reasoning diversity en-
courages broader exploration of the solution space,
which aligns with the observed performance gains
on more challenging benchmarks.

5.3 Reasoning Efficiency Analysis

To investigate whether ROSE can achieve more ef-
ficient reasoning, we evaluate different values of
the hyperparameter o and report the corresponding
pass@8 scores and reasoning lengths. The aver-
aged results across the four datasets are presented
in Table 3.

The results show a clear trend that increasing
a reduces the reasoning length while maintaining
strong pass@8 performance. In particular, mod-
erate values of a (e.g., « = 1 or a = 2) yield
the best trade-off between accuracy and efficiency,
achieving higher pass@8 scores together with sub-
stantial reductions in reasoning length. Even with
a relatively large value of « (i.e., a = 10), our
method still consistently outperforms GRPO vari-
ants in terms of pass@8. Overall, these results
demonstrate that ROSE enables more efficient rea-
soning without sacrificing task performance. The
evolution of response length across training steps
is presented in Appendix 5.6.

Method ‘L—SB—Ins, Q-4B-Base Q-8B-Base

ROSE | 3167 5124 5575
- w/o e-exploration 26.44 48.81 49.27
 w/ random branching 29.94 48.05 49.02
- w/o advantage estimation|  30.43 49.21 52.32

Table 4: Experimental results with pass@8 metric (%).
L denotes L1ama-3.2 and Q denotes Qwen3.

5.4 Ablation Study

An ablation study is conducted to analyze the con-
tribution of each component, with the results pre-
sented in Table 4. (1) w/o e-exploration removes
the e-possibility branching mechanism (i.e., € =
0), which results in consistent performance drops
across all backbone models, indicating that the
model tends to fall into overly local exploration
and loses exploration diversity. Additional results
examining different values of € are provided in Ap-
pendix 5.7. (2) w/ random branching randomly
determines the branching positions during rollout,
which leads to performance degradation, indicat-
ing that the semantic entropy metric can effectively
identify uncertain points along the reasoning tra-
jectories. (3) w/o advantage estimation removes
the segment-level advantage estimation and instead
directly uses the GRPO advantage formulation and
loss function. This modification leads to degraded
performance, which suggests that segment-level
advantage estimation plays an important role in
shaping learning signals during reasoning.

5.5 Case Study

We also conduct case studies and observe that our
semantic-entropy-based approach can identify se-
mantical uncertain positions along the reasoning
paths, encouraging more diverse reasoning. De-
tailed examples are provided in the Appendix A.

5.6 Response Length Dynamics

To further investigate the effect of the hyperparame-
ter o, we examine how the average response length
per prompt during the rollout stage and the evalua-
tion stage evolves over training steps, with the re-
sults presented in Figure 5. We observe that as « in-
creases, the generated response lengths in both the
rollout and evaluation stages decrease substantially,
and are consistently shorter than those of Dr.GRPO
and GRPO. This indicates that our method can
effectively regulate the generation length by adjust-
ing «, thereby enabling more efficient reasoning.
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Figure 5: The average response length per prompt during the rollout stage (left) and the evaluation stage (right)

Metric ‘AIME2024 AIME2025 MATH500 AMC Average

Llama-3.2-3B-Instruct

e=0 13.33 3.33 51.60 37.50 26.44
e=0.3 20.00 3.33 54.60 37.50 28.86
e=0.5 16.67 6.67 55.60 45.00 30.98
e=0.7 16.67 3.33 5420 45.00 29.80
e=1 (Dr.GRPO)| 13.33 6.67 54.40 40.00 28.60
Qwen3-4B-Base

e=0 20.00 23.33 79.40 72.50 48.81
e=0.3 20.00 20.00 79.60 75.00 48.65
e=0.5 23.33 23.33 80.80 80.00 51.87
e=0.7 20.00 23.33 79.20 75.00 49.38
e=1 (Dr.GRPO)| 16.67 23.33 78.60 70.00 47.15
Qwen3-8B-Base

e=0 26.67 20.00 80.40 70.00 49.27
e=0.3 33.33 26.67 83.20 75.00 54.55
e=0.5 33.33 26.67 83.20 77.50 55.17
e=0.7 30.00 26.67 83.00 75.00 53.67
e=1 (Dr.GRPO)| 26.67 23.33 81.60 72.50 51.02

Table 5: Experimental results with pass@8 metric (%)
under different e-exploration possibilities.

5.7 Impact of c-exploration

We investigate the impact of different values of €
in e-exploration on model performance, with the
results reported in Table 5. When € = 1, i.e., each
rollout is sampled independently, our method de-
generates into the Dr.GRPO algorithm. We observe
that, across all backbone models, performance first
improves and then degrades as ¢ increases. When
e = 0, exploration becomes overly local, which
hinders diversity in the model’s exploration. Con-
versely, when € = 1, the tree-structured exploration
is lost, preventing effective segment-level advan-
tage estimation.

6 Conclusion

In this work, we presented ROSE, a novel reinforce-
ment learning framework designed to enhance both

the reasoning accuracy and efficiency of LLMs.
Specifically, to encourage more diverse reasoning
exploration, our method incorporates a semantic-
entropy-based branching strategy alongside an e-
exploration mechanism. Simultaneously, to im-
prove efficiency, we design a length-aware segment-
level advantage estimator that promotes concise
reasoning paths. Extensive experiments across var-
ious mathematical benchmarks validate that ROSE
significantly outperforms state-of-the-art baselines
in both effectiveness and efficiency.

Limitations

Our work mainly has two limitations. First, our
experiments were conducted on models with up
to 8B parameters, and we plan to investigate the
scalability on larger architectures (e.g., 14B) in
future work. Second, we primarily focused on
mathematical reasoning tasks. In the future, we
plan to extend our approach to other domains, such
as code generation and question answering.

Ethical Considerations

This work aims to enhance the reasoning capabil-
ities of LLMs. We acknowledge that advanced
reasoning abilities could potentially be misused for
malicious purposes, and we advocate for the de-
ployment of these models alongside robust safety
alignment protocols to mitigate such risks. Regard-
ing the experimental setup, all datasets utilized in
this work are open-source and publicly available.
We have strictly adhered to their respective licenses
and ensured that our usage is consistent with their
intended purposes.
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A Case Study

To more comprehensively investigate the dif-
ferences between entropy-based branching and
semantic-entropy—based branching, we present
a case study, with the results of the two meth-
ods shown in Figure 6 and Figure 7, respec-
tively. Specifically, given a question, we use
Llama-3.2-3B-Instruct as the backbone model
to generate a complete response. We then apply
two different methods to determine the branching
positions based on this response and regenerate ac-
cordingly, ultimately forming a group of responses.

From Figure 6, we observe that all responses
generated by the entropy-based branching method
produce incorrect answers. Notably, the shared
prefix among these responses already contains an
erroneous calculation (highlighted in blue). How-
ever, the branching position identified by entropy-
based branching occurs after this point, which con-
sequently propagates the incorrect reasoning into
the subsequent generations.

In contrast, our proposed semantic-
entropy—based branching method performs
branching before the erroneous calculation
(highlighted in blue), enabling more fine-grained
reasoning that avoids this error.  Although
subsequent reasoning errors may still occur
(e.g., response 2 in Figure 7), branching is again
triggered prior to the error, ultimately yielding
a correct response (e.g., response 3 in Figure 7).
This case study demonstrates that our method
can more accurately identify regions of higher
uncertainty in the model’s reasoning trajectory,
thereby encouraging more diverse and effective
reasoning paths.
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Find the sum of the first six terms in the geometric sequence $\fracl2,\fracl4,\fracl8,\dots$. Express your
answer as a common fraction.

Question

7

!

( N

Step 1: The problem requires us to find the sum of the first six terms in the given geometric sequence.

Step 2: To solve this, we need to identify the first term (a) and the common ratio (r) in the sequence.

Step 3: In the given sequence, the first term is $\fracl2$ and the common ratio between consecutive terms is
$\fracl4 \div \fracl2 = \fracl4s.

Step 4: Now that we know the values of a and r, we can use the formula for the sum of the first n terms in a
geometric sequence: $S_n = \frac{a(1-r*n)}{1-r}$, where $n$ is the number of terms.

Step 5: Plugging in the values of a, r, and n into the formula, we get $S_6 = \frac{\fracl2\left(1-
\left(\fracl4\right)~6\right)}{1-\fracl4}$.

Step 6: Simplifying the equation, we get $S_6 = \frac{\fracl2\left(1-\frac{1}{4096}\right)3}{\frac34}s.

Step 7: Further simplifying, we get $S_6 = \frac{\frac12 \cdot \frac{4095}{4096}}{\frac34}s.

Step 8: Continuing to simplify, we get $S_6 = \frac{\frac{4095}{8192}}{\frac34}s.

Step 9:

. f Prefix I

-
Inverting and multiplying, we get $S_6 = \frac{4095}{8192} \cdot \frac34$.
Step 10: Calculating the final value, we get $S_6 = \frac{4095}{12288}$.
Step 11: Simplifying the fraction, we get $S_6 = \frac{3645}{10224}$.
Step 12: Finally, simplifying the fraction further, we get $S_6 = \frac{1365}{4096}$.

The final answer is: $\boxed{\frac{1365}{4096}}$ ><

i

Responsel
Multiplying the numerator by the reciprocal of the denominator, we get $S_6 = \frac{4095}{8192} A
\cdot \frac34 = \frac{4095}{12288}5$.
Step 10: Finally, we can simplify this fraction by dividing both the numerator and denominator by
their greatest common divisor (GCD), which is 3.
Step 11: Simplifying the fraction gives us $S_6 = \frac{4095 \div 3}{12288 \div 3} =
\frac{1365}{4096}$.
Therefore, the sum of the first six terms in the given geometric sequence is
$\boxed{\frac{1365}{4096}}$.
The final answer is $\boxed{\frac{1365}{4096}}$ ><
- Response2

-
Finally, simplifying the fraction, we get $5_6 = \boxed{\frac{2045}{2562}}$.

\jhe final answer is: $\boxed{\frac{2045}{2562}}$ ><

Il

Response3

Figure 6: Case study. An example where entropy is used as the branching metric in the rollout phase.
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Find the sum of the first six terms in the geometric sequence $\fracl2,\fracl4,\fracl8,\dots$. Express your
answer as a common fraction.

| Question
N
Step 1: The problem requires us to find the sum of the first six terms in the given geometric sequence.
Step 2: To solve this, we need to identify the first term (a) and the common ratio (r) in the sequence.
Step 3: In the given sequence, the first term is $\fracl2$
( Prefix
4 N

and the common ratio between consecutive terms is $\fracl4 \div \fracl2 = \fracl4s.

Step 4: Now that we know the values of a and r, we can use the formula for the sum of the first n
terms in a geometric sequence: $S_n = \frac{a(1-r"n)}{1-r}$, where $n$ is the number of terms.
Step 5: Plugging in the values of a, r, and n into the formula, we get $S_6 = \frac{\fracl2\left(1-
\left(\fracld\right)~6\right)}{1-\fracl4}$.

Step 6: Simplifying the equation, we get $S_6 = \frac{\fracl2\left(1-
\frac{1}{4096}\right)}{\frac34}s.

Step 7: Further simplifying, we get $S_6 = \frac{\fracl2 \cdot \frac{4095}{4096}}{\frac34}s.

Step 8: Continuing to simplify, we get $S_6 = \frac{\frac{4095}{8192}}{\frac34}$.

Step 9: Inverting and multiplying, we get $S_6 = \frac{4095}{8192} \cdot \frac34s.

Step 10: Calculating the final value, we get $S_6 = \frac{4095}{12288}$%.

Step 11: Simplifying the fraction, we get $S_6 = \frac{3645}{10224}$.

Step 12: Finally, simplifying the fraction further, we get $S_6 = \frac{1365}{4096}$.

The final answer is: $\boxed{\frac{1365}{4096}}$ ><

. f Responsel I

4 N\

Step 4: The common ratio (r) can be found by dividing any term by the preceding term.

Step 5: By looking at the sequence, we can see that each term is obtained by multiplying the
previous term by $\frac{1}{2}$. So, $r = \frac{1}{2}s$.

Step 6: The formula for the sum of the first n terms of a geometric sequence is given by:

$S_n = \frac{a(1 - r*n)}{1 - r}$, where a is the first term, r is the common ratio, and n is the
number of terms.

Step 7: Plugging in the values we found in steps 3-5, we get $S_6 = \frac{\frac{1}{2}(1 -
(\frac{1}{2})76) }{1 - \frac{1}{2}}$

Step 8: We can simplify this expression by evaluating the numerator and denominator separately.

- [ prefix I

s A
We get $S_6 = \frac{\frac{1}{2}(1 - \frac{1}{64})}{\frac{1}{2}}$
Step 9: Simplifying further, we get $S_6 = \frac{\frac{1}{2} \cdot
\frac{63}{64}}{\frac{1}{2}}$ = $\frac{\frac{63}{64}}{\frac{1}{2}}$
Step 10: Multiplying $\frac{63}{64}$ by the reciprocal of $\frac{1}{2}$ gives us
$\frac{63}{64} \cdot \frac{2}{1}$ = $\frac{63}{32}$
Final Answer: $\boxed{\frac{63}{32}} (r——
\ i i X Response2
Step 9: Evaluating the numerator: $1 - (\frac{1}{2})76 = 1 - \frac{1}{64} = )
\frac{63}{64}$
Step 10: Evaluating the denominator: $1 - \frac{1}{2} = \frac{1}{2}$
Step 11: Now we can rewrite the sum formula as $S_6 = \frac{\frac{1}{2} *
\frac{63}{64}}{\frac{1}{2}}$.
Step 12: Simplifying the expression gives $S_6 = \frac{\frac{63}{128}}{\frac{1}{2}}$
Step 13: Dividing by a fraction is the same as multiplying by its reciprocal, so $S_6
= \frac{63}{128} % 2 = \frac{63}{64}$
Step 14: Therefore, the sum of the first six terms in the given geometric sequence is
$\frac{63}{64}$.
\boxed{\frac{63}{64}} (T
g \/ Response3

Figure 7: Case study. An example where semantic entropy is used as the branching metric in the rollout phase.
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