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Abstract

Reinforcement learning (RL) has become
one of the primary paradigms for reason-
ing enhancement of large language models
(LLMs). In particular, Group Relative Policy
Optimization (GRPO) and related algorithms
have demonstrated strong performance with
outcome-level rewards. However, these meth-
ods depend solely on the final answer, without
feedback regarding which intermediate steps
contribute to success or failure. As task com-
plexity and reasoning trajectory length increase,
such sparse final-answer rewards become in-
creasingly insufficient. To address this lim-
itation, we introduce CONSENSUSBENCH, a
novel dataset designed to provide rule-based
process-level signals. We posit that a correct fi-
nal answer relies on a small set of intermediate
conclusions throughout the reasoning process,
which can be seen as a verifiable sub-outcome.
We identify these sub-outcomes by filtering cor-
rect trajectories from N rollouts and cluster-
ing semantically equivalent intermediate state-
ments. We call these clustered statements as
Consensus Nodes. By integrating a rule-based
process reward derived from these nodes into
GRPO-style algorithms, we develop a new re-
inforcement learning signal named Consen-
susPR. It directly reduces the reward sparsity
of outcome reward across long reasoning tra-
jectories. To facilitate systematic process-level
evaluation, we introduce three metrics to our
benchmark: Final Answer Accuracy (Acc),
Node Coverage Rate (NCR), and Tokens per
Node (TPN). Experiments across AIME 2024,
AIME 2025, GSM8K, MATH-500, and our
CONSENSUSBENCH demonstrate that the pro-
posed method consistently surpasses GRPO-
style approaches, highlighting the practical
value of consensus nodes in guiding reasoning.

1 Introduction

Recent advances in reinforcement learning (RL)
have demonstrated significant capabilities for en-
hancing the reasoning of LLMs (Wei et al., 2022;

Ouyang et al., 2022). Recent methods, including
Group Relative Policy Optimization (GRPO) (Shao
et al., 2024) and other Reinforcement Learning
with Verifiable Rewards (RLVR) (Lambert et al.,
2024), have reached a consensus that the outcome
reward signal from the binary correctness of the
final answer can be effectively used to drive policy
optimization. Outcome rewards are readily verifi-
able without external human feedback, exhibiting
low noise, high scalability, and strong resistance
to reward hacking (Qu et al., 2025). These proper-
ties have established the dominant role of outcome
rewards in recent RL research (Leike et al., 2018).

However, as reasoning chains expand to thou-
sands of tokens for increasingly complex tasks,
outcome-only supervision exhibits clear limita-
tions (Wang et al., 2026). A single scalar reward
assigned to the entire trajectory provides virtually
no information regarding intermediate progress,
since uniform credit is distributed across all tokens.
This formulation gives rise to two systematic chal-
lenges of reward mismatch. We conduct a case
study and define four main types of reward mis-
match as shown in Figure 1: (1) Almost Correct:
trajectories that reason correctly throughout almost
the entire path but err only at the final step; (2)
Format Error: trajectories that reason correctly but
do not follow the output format of the answer in
the instruction, which is not recognized by the an-
swer matching rule; (3) Direct Answer: trajecto-
ries directly answer the question without reasoning,
which is not valuable for the model training; (4)
Redundant Thinking: trajectories that arrive at cor-
rect answers with tremendous redundant reasoning,
which receive full credit like the correct reasoning.

Prior research has introduced the Process Re-
ward Model (PRM) (Lightman et al., 2024; Wang
et al.,, 2024), which scores each intermediate
reasoning step according to learned or human-
annotated notions of quality. Although PRMs par-
tially mitigate the credit assignment problem, they
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Questions Responses
Mismatch Type
Y e N - The tattered jeans cost -, so they cost $28 - $6 = $22 on sale.
Almost Cole wanted to buy jeans -, Total savings is $6. He saved 1/3 of --:: 1/3 = 6 = 2. So jogger =
c ——{ how much more do jogger —| $2, and tattered - = $6 - $2 = $4. Original prices: Jogger jeans:
orrect Jeans cost than the tattered $22 + $2 = $24; Tattered jeans: $28 + $4 = $32 . 24 - 32 = -8,
Jeans: So jogger jeans cost $8 less than the tattered jeans.
Incorrect Answer: -8
Outcome
( h Kyle bought book for $19.50. Here is the step-by-step solution to the problem: Step 1:
Format _1 | This is a 25% discount from U.nderstand the relationship between the original price, the
Error the original price. What was — discount, _.elr?d the _sale price.... Step 5: Calculate th_e_res_ult. P = 26.
the original price of the book? So, the original price of the book was $26.00. Verification: To
check the answer, ...
Thus, the original price of the book was $26.00.
) Each class in a school has 20 > (x Cannot recognized by rule-based reward.)
Direct ;t;denr:s. ':'her;:ref_S I :
——| The school ---. The first class . [—] Apswer: 17
/ Answer The second class . How many
\ / H 1 . P
Correct boys are in the third class? T~ (% Not valuable for reasoning training.)
Outcome I\ . Let (n) be a two-digit integer, so write...
Let x, y be two positive ### Case 1: (a2 — b2 = 11). Then (a — b)(a + b) = 11. The only
Redundant lznteQeriv Wltth >y, SU‘;?\;VEt_ positive factorization is ... So (x,y) = (98,32) and x — y = 66.
: —>{2n =X +y,wheren - It yxyis| | 44 Case 2: (a? — b? = 44). Then (a — b)(a + b) = 44.Try positive
Reasoning an integer with the digits of n factor pairs ..., impossible.
./ but in reverse order, the value So only Case 1 works. Therefore, x — y = 66.
K / of x -y. Answer: 66

Figure 1: A case study of four main types of mismatch in outcome-only reward. The

spans in the responses

indicate the correct reasoning content, while the red ones in the responses indicate the incorrect content.

suffer from three severe challenges. First, the con-
siderable cost of collecting and annotating solu-
tions presents a critical obstacle to scaling. Second,
training a dedicated process reward model intro-
duces considerable computational overhead and
impacts overall training efficiency. Third, PRM
methods require detailed solutions paired with cor-
responding quality annotations, leading to a se-
mantically distinct reward signal in the training
pipeline. The outcome reward concerns whether a
trajectory reaches the correct destination, which is
a binary and verifiable question, whereas the PRM
focuses on the plausibility of every token, which
is a subjective problem whose answer must be sup-
plied by humans or by a learned policy, generalizes
poorly out of distribution, and remains vulnerable
to reward hacking when used to drive policy gradi-
ents (Zelikman et al., 2022).

In this paper, we propose CONSENSUSBENCH,
a rule-based process reward dataset that densifies
the outcome reward along the reasoning path, to-
gether with ConsensusPR, a corresponding rein-
forcement learning reward. We argue that correct
final answers are generally composed of a sequence
of intermediate outcomes through which the rea-
soning path frequently pass, such as subproblems
resolved, constraints verified, cases partitioned, or
lemmas applied. Therefore, they are named as
consensus nodes in this paper, which constitute
verifiable binary signals for an auxiliary reward
that remains verifiable, low-noise, and objective-
focused. Correct rollouts, however verbally di-

verse, typically agree on the consistent interme-
diate checkpoints, thereby exhibiting process-level
self-consistency (Wang et al., 2023). These consen-
sus nodes are extracted automatically: IV rollouts
per prompt are sampled, retaining the correct ones,
and clustering the semantically equivalent inter-
mediate conclusions. We present the benchmark
with three metrics, namely Final Answer Accuracy
(Acc), Node Coverage Rate (NCR), and Tokens per
Node (TPN), which together support a hierarchi-
cal view of how a trajectory behaves. On the one
hand, consensus nodes address the failure modes of
binary outcome rewards, since all incorrect trajecto-
ries can be assigned a more appropriate score rather
than a uniform zero. On the other hand, the pro-
posed reward integrates seamlessly with existing
RLVR, while preserving their training stability.

Ultimately, our contributions are threefold. First,
we provide a novel benchmark CONSENSUS-
BENCH as well as its process reward annotation
based on consensus nodes. This balances the ad-
vantages of outcome-only and process-based re-
ward: fine-grained, step-level signals can be ob-
tained while preserving efficiency and generaliza-
tion. Second, the reward derived from consensus
nodes integrates seamlessly into existing GRPO
and RLVR pipelines through ConsensusPR, offer-
ing a more accurate and stable estimation. Third,
Experiments on GRPO and DAPO demonstrate
the performance and significance of our consensus
nodes and CONSENSUSBENCH.
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2 Related Work

QOutcome-based reinforcement learning for
LLM reasoning. Trajectory-level outcome-
based RL methods have become the dominant
paradigm in LLM reasoning training. Specifically,
GRPO (Shao et al., 2024), DAPO (Yu et al., 2025),
and GSPO (Zheng et al., 2025a) have produced
strong gains on mathematics and code with a single
binary signal of final-answer correctness, offering
a lightweight and efficient algorithm compared
with the critic-based ones like PPO (Schulman
etal., 2017). While they share a common structural
limitation we target: every token in a large-scale
reasoning trajectory receives the same scalar
reward, leaving credit assignment essentially
unsolved as chains grow longer. We preserve the
outcome-reward objectives of this line and densify
it along the reasoning in this paper.

Process reward models and benchmarks. A
separate research line introduces critic-based mod-
els (Yue et al., 2025; Kazemnejad et al., 2025) or
process reward models (PRMs) (Lightman et al.,
2024; Wang et al., 2024) scoring individual inter-
mediate steps. The PRM80OK (Lightman et al.,
2024) dataset provides human-annotated labels for
mathematical reasoning, training a learned scorer
for verifier-guided decoding or as a step-level sig-
nal during policy optimization. Subsequent work
reduces annotation cost by replacing human labels
with rollout- or search-based strategies, while a
parallel series derives step rewards implicitly from
outcome data (Zelikman et al., 2022). These ap-
proaches introduce a different reward-signal objec-
tive for training that judges reasoning quality rather
than target achievement. Tokens receive a high re-
ward when they align with the annotated solution,
regardless of their direct contribution to the final
answer. It leads to fragility: PRMs are expensive
to train, often generalize poorly outside their step-
label distribution, and are themselves susceptible
to reward hacking when used as a policy-gradient
signal. Considering the diverse styles of validated
solutions to a question, it is crucial for PRM to over-
come the out-of-distribution challenge by training
on a specific and well-annotated solution. More
details of the existing studies about PRMs are avail-
able in Appendix B In contrast, rather than scoring
step quality, we decompose the existing outcome
reward into a sequence of intermediate, equally ver-
ifiable sub-outcomes, leaving every reward term’s
objective unchanged.

3 CONSENSUSBENCH

In this paper, we propose CONSENSUSBENCH, a
benchmark that contains sub-outcomes for pro-
cess reward. Every sub-outcome is a verifiable
target that correct solutions frequently reach, rather
than a stylistic preference inherited from a sin-
gle canonical path. Our approach integrates the
strengths of outcome and process rewards, main-
taining lightweight computation and dense supervi-
sion while circumventing the limitations inherent
to each paradigm. By leveraging verifiable sub-
outcomes, the method delivers fine-grained process
rewards that outcome rewards cannot provide. Fur-
thermore, because it eliminates the need for explicit
solution annotation, it surpasses conventional pro-
cess rewards in both generalization capability and
data efficiency. To the best of our knowledge, this
is the first work to propose and construct a dataset
with comparable objectives. This section outlines
CONSENSUSBENCH’s design, source data, data
construction pipeline, statistics, supported metrics,
and the evaluation results on some main LLMs.

3.1 Design Principle

CONSENSUSBENCH is built on the principle that
consensus nodes across correct rollouts serve as
high-consensus sub-outcomes, while all other con-
tent remains unannotated. Existing process re-
ward benchmarks generally provide step-level la-
bels along a single canonical solution path, implic-
itly enforcing a specific reasoning style. We oper-
ate under the premise that multiple valid reasoning
trajectories exist for a single problem. Annotating
only a single path conflates correctness with the
annotator’s preferred style. Consequently, any dif-
ferent yet valid trajectory can be incorrectly treated,
despite generating logically sound reasoning.

In contrast to prior benchmarks, we annotate
only a set of consensus nodes in the reasoning pro-
cess that are frequently reached by valid solutions.
This annotation strategy yields three direct bene-
fits. First, it enhances generalization by allowing
multiple valid solution paths to satisfy the same
set of checkpoints, which ensures that the model
avoids penalties for selecting one valid trajectory
over another. Second, consensus nodes mitigate the
potential mismatch inherent in rule-based outcome
rewards, as the count of covered nodes yields more
calibrated rewards for reasoning trajectories. Fi-
nally, it first establishes a novel optimization target
that encourages the model to maintain reasoning
validity while pursuing outcome correctness.
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3.2 Data Construction

CONSENSUSBENCH draws its problems from five
public reasoning datasets: MATH (a curated sub-
set) (Hendrycks et al., 2021), GSM8K (Cobbe
et al., 2021), AIME-2024 (MAA.), and AIME-
2025 (MAA.) for the test set, and DAPO-Math-
17K (Yu et al., 2025) for the training set. For each
problem ¢ in the source pool, we apply the three-
stage extraction pipeline, instantiated as follows.

Stage 1: Rollout sampling and correctness fil-
tering. We sample N = 5 correct rollouts from
open models at temperature 7' = 2.0 (we use GPT-
5.2 (OpenAl, 2025), GPT-5-mini (OpenAl, 2026),
Qwen3.5-32B (Team, 2025b), Minimax-M2 (Min-
iMax, 2025), and Gemini-2.5-pro (Team, 2025a)
as the rollout models for the different styles of
trajectories; results reported below use the union
over the these models). Rollouts are filtered for
final-answer correctness using the automatic veri-
fier of each source dataset. Considering that some
questions are too difficult to obtain enough N roll-
outs, problems with fewer than Ny;, = 3 correct
rollouts after sampling are excluded, this guaran-
tees that each retained problem has a statistically
meaningful consensus signal.

Stage 2: Node Extraction and Expression Ex-
pansion. In this stage, an open model (GPT-
5.2 (OpenAl, 2025) in this paper) is driven to ex-
tract consensus nodes among the filtered rollouts.
By prompting the model, the concepts that con-
sistently appear in the rollouts are extracted and
reformed into claim nodes. Since the math domain
is mainly focused on in this paper, these nodes are
often built based on a formula or proposition. Sub-
sequently, for a robust verification, the nodes are
rewritten with different forms of expressions.

Stage 3: Node refinement. To enhance the veri-
fiability and supervisory value of nodes, we further
refine them by removing trivial clusters that merely
restate the problem or review definitions, which
typically appear at the beginning and end of trajec-
tories. Conversely, we prioritize retaining nodes
with numbers and formulas, as they offer both high
verifiability and supervisory value.

The output of this pipeline is, for each problem g,
an ordered set Node(q) = {nodey, .. .,nodey} of
consensus nodes, each accompanied by its canon-
ical label and its type. Hyperparameters N, T,
| Node|min, and | Node|max are kept fixed across
all source datasets to ensure that the benchmark is
constructed under a single, transparent strategy.

Table 1: Composition and statistics of CONSENSUS-
BENCH.

Source #Problems Avg. N (k)
MATH-500 441 5.36
GSM8K 1212 4.53
AIME-2024 30 8.50
AIME-2025 24 7.88
DAPO-MATH-17K 3870 7.64
Total (Test) 1707 4.88
Total (Train) 3870 7.64

3.3 Dataset Statistics

CONSENSUSBENCH contains 5,577 problems
drawn from the five sources in total as described
above, with an average of 6.80 consensus nodes per
problem. Following established practices in prior
work, we designate the first four datasets as the
test split, which comprises 1,707 samples with an
average of 4.88 nodes. While the DAPO-MATH-
17K dataset serves as the training split and contains
3,870 samples averaging 7.64 nodes. We report the
complete statistics in Table 1.

3.4 Evaluation Metrics

CONSENSUSBENCH supports the standard final-
answer accuracy (Acc) used by its source datasets.
Still, we also present two more process-level met-
rics: node coverage rate (NCR) and tokens per node
(TPN), that diagnose how a model’s intermediate
reasoning behaves. Let 6 denote a model’s rollout
and let Node(q) = {ni,...,ni} be the annotated
consensus nodes of the problem g.

Node Coverage Rate (NCR). The fraction of
annotated nodes that the model’s rollout attains,
judged by matching the existence of the nodes in
the content of the rollout:

2 neNode(q) | [n is matched in 0]
| Node(q)|

NCR(6,q) = .
(D
NCR is the direct reference metric of final-answer
accuracy lifted to the sub-outcome level.

Tokens per Node (TPN). The average number
of tokens that a rollout requires to reach the next
consensus node, used to evaluate the reasoning
efficiency of a rollout:

9]

TPN(0,q) = .
6.9) ZnéNode(q) 1 [n is matched in 6}

2
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Very low TPN indicates that the rollout is efficient
without much redundant thinking; very high TPN
may indicate a high fraction of invalid reasoning or
unnecessary trials. TPN is therefore intended as an
auxiliary complement to NCR and Acc rather than
as a direct quality score.

3.5 Consensus Nodes Validation

To validate the generalizability and robustness of
our proposed consensus nodes, we examine their
effectiveness across diverse out-of-distribution
styles, their consistency with final answer re-
wards, and their agreement with human annota-
tions in Appendix D.2. We evaluate CONSENSUS-
BENCH with an independent model (DeepSeek-
V4-pro (DeepSeek-Al, 2026) in this paper), which
does not participate in data construction or anno-
tation, and compare its NCR scores against exist-
ing in-domain baselines. The results in Table 7
demonstrate that the NCR scores maintain a sta-
ble interval, revealing the generalizability of our
consensus nodes across different models with var-
ious response styles. Subsequently, the consis-
tency between model Acc and NCR scores is quan-
tified, as demonstrated in Table 2. Three main
metrics are involved, including the difference of
the average NCR scores between correct and in-
correct samples Dncr, AUROC (Bamber, 1975),
and AUCPR (Boyd et al., 2013). Results on inde-
pendent models exhibit no significant performance
degradation, and the consistency between NCR and
Acc remains robust. Detailed experiment settings
and results are available in Appendix D. Multi-
dimensional experiments in this section further
prove the effectiveness and generalizability of our
CONSENSUSBENCH.

4 ConsensusPR

Since CONSENSUSBENCH provides verifiable
consensus nodes that act as process-level sub-
outcomes, these nodes enable the deployment of
verifiable process rewards that supply consistent
intermediate feedback. In contrast to previous
process reward models, consensus nodes operate
as necessary checkpoints that a rollout frequently
passes to reach a correct final answer. Rewards as-
signed at these nodes thus constitute a temporally
densified decomposition of the outcome reward.
Notably, this design guarantees that the optimiza-
tion direction of our process rewards aligns closely
with that of the outcome reward, thereby avoid the
generalization limitations and out-of-distribution

Table 2: Consistency metrics between Acc and NCR
across models

Model Dner AUROC  AUCPR
Gemini-2.5-pro 30.5 76.9 96.61
MiniMax-M2 339 74.1 96.65
GPT-5.2 18.0 65.5 96.58
DeepSeek-V4-pro  16.7 63.0 96.38

vulnerabilities that typically stem from misaligned
objectives in PRMs. To further assess the advan-
tage of our process supervision over outcome-only
feedback, we design three different reinforcement
learning rewards. Subsequently, we conduct a sim-
ple but useful training by seamlessly integrating
these rewards into a GRPO-style framework and
developing a corresponding reinforcement learning
training paradigm.

4.1 Training Overall

We directly integrate our process reward into the
GRPO-style training process. To validate the ef-
fectiveness of consensus nodes as a process re-
ward signal and demonstrate their natural align-
ment with the outcome reward. We deliberately
avoid staged reward scheduling or complex train-
ing mechanisms, adopting instead a minimal cou-
pling strategy that preserves the original reward
structure. Specifically, we integrate node-level sig-
nals as an additive term directly into the standard
GRPO scalar reward. This design follows from our
conceptual premise that consensus nodes represent
a temporal extension of the final outcome reward
with identical semantics and verifiability. Introduc-
ing auxiliary components during training would
implicitly assign distinct optimization roles to the
two signals, contradicting our core hypothesis.

4.2 Node-Aware Reward Design

The core of our method lies in converting consen-
sus nodes into a training-time reward signal that re-
mains semantically identical to the outcome reward
while providing fine-grained temporal supervision.

4.2.1 Node Matching at Training Time

During RL training, for a newly sampled rollout
Ttrain = |Z1,.-.,27], we evaluate whether each
consensus node n;, € A has been achieved. In this
experiment, we introduce a rule-based soft match-
ing strategy to compute process rewards. Given
that the extracted nodes primarily consist of for-
mulas, equations, and propositions carrying unique
verifiable mathematical values, we formalize these
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nodes through rule-based text normalization and
match them against the formalized rollouts. This
alignment yields a fast and stable reward compu-
tation mechanism. The resulting matching metric,
defined as the Node Coverage Ratio (NCR), serves
directly as the process reward score.

4.2.2 Reward Formulation

Considering the diverse integration strategies for
outcome and process rewards, we design three dis-
tinct reward formulations to systematically eval-
uate the impact of injecting varying proportions
of process rewards into GRPO-style reinforcement
learning algorithms. We propose three forms of
reward integration strategies as follows.

Linear Integration. The most natural method is
to linearly combine process and outcome rewards.
We introduce a weighting hyperparameter o (0.5
by default in this work) to balance the final an-
swer accuracy (Acc) and the node coverage ra-
tio (NCR), producing a composite reward score.
Within this scheme, the final answer operates as a
special node with higher weight, demonstrating the
inherent compatibility between our process-level
node rewards and the outcome signal. The reward
can be formulated as:

Tlinear = ¢ - ACC + (1 — Oz) - NCR, 3)

where 7oycome € {0, 1} is the standard terminal
outcome reward (coarsest granularity), NCR (Node
Coverage Rate) € [0, 1] measures the proportion
of achieved consensus nodes, « is a scalar weight
balancing process and outcome reward.

Outcome-Priority Integration. We introduce an
outcome-priority reward mechanism. Nodes ap-
pearing later in a sequence are inherently more
difficult to match due to the temporal causality of
rollouts. The successful alignment of subsequent
nodes typically depends on the accuracy of preced-
ing reasoning steps, whereas earlier nodes remain
independent of later content. Consequently, treat-
ing the final answer merely as a larger node may en-
courage the model to procrastinate the final answer
and instead exploit the reward signal by generating
additional intermediate nodes. To mitigate this is-
sue, we prioritize the outcome reward. The model
receives the maximum score when it generates a
correct final answer, and the evaluation falls back
to nodes matching only when the final answer is
incorrect. The reward can be formulated as:

Tmax = max {Acc, NCR} . 4)

Curriculum Learning Finally, we also imple-
ment a curriculum learning strategy. As noted
above, aligning with consensus nodes presents a
simpler task for the model, whereas deriving the
correct final answer requires more complex reason-
ing. We therefore structure a two-stage curriculum.
During the first stage, the model receives exclu-
sively process rewards based on node matching,
focusing entirely on the quality and accuracy of
intermediate reasoning steps without any require-
ment to produce a final answer. We switch the
curriculum after the first epoch, where the mod-
els can focus on the process (high NCR) but do
not know how to answer the question (low Acc).
The second stage switches exclusively to outcome
rewards, directing the full optimization capacity
toward deriving the correct final answer.

S Experiments

We empirically validate our core hypothesis: den-
sifying outcome rewards via consensus nodes re-
solves credit assignment sparsity in long-chain rea-
soning without introducing heterogeneous rewards
or human step-level annotations. Our experiments
address three questions: (1) Does ConsensusPR
consistently outperform outcome-only baselines?
(2) How do the performance gains achieved by Con-
sensusPR correlate with the inherent difficulty of
the task and the length of the reasoning? (3) Do
gains persist as the model scale varies?

5.1 Experimental Setup

Models and Framework. We evaluate three
open-weight base models spanning different scales:
Qwen3-1.7B-Base, Qwen3-4B-Base, and Qwen3-
8B-Base (Team, 2025b). All experiments are con-
ducted within the GRPO and DAPO framework
using the verl libraries. The RL optimization
pipeline remains unmodified; only the reward com-
putation module is replaced with our node-aware
formulation (§4.2).

Training Details. Models are trained on a train-
ing set of CONSENSUSBENCH. For each prompt,
we sample N = 8 rollouts during the training
phase. We set the hyperparameter @ = 0.5
in ConsensusPRjinear, in case that models are re-
warded to focus on intermediate nodes and refuse to
give the final answer. Full hyperparameters, hard-
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Table 3: Main results across reasoning benchmarks (pass@ 1, pass@ 16, NCR, %). Bold denotes best, underline
denotes second best. All models initialized from the same base checkpoints.

AIME 24 AIME 25 GSMS8K MATH-500 CONSENSUSBENCH
Method Acc@16 Acc@16 Acc@l Acc@l1 Acc NCR
Owen3-4B-Base
Vanilla GRPO 23.3 16.7 92.1 54.4 83.0 75.5
+ ConsensusPRipear 33.3 20.0 92.8 59.0 84.7 76.8
+ ConsensusPR ax 36.7 23.3 92.6 59.2 84.5 77.4
+ ConsensusPR¢y, 33.3 26.7 83.0 624 78.2 76.5
Vanilla DAPO 26.7 26.7 92.3 58.4 84.1 77.4
+ ConsensusPRipear 33.3 36.7 92.8 60.6 84.9 78.4
+ ConsensusPR ax 40.0 30.0 929 59.6 84.9 77.6
+ ConsensusPR¢y, 40.0 26.7 93.3 66.6 87.2 76.7
Owen3-8B-Base
Vanilla GRPO 40.0 30.0 79.1 76.0 81.7 73.7
+ ConsensusPRinear 40.0 40.0 84.0 73.2 85.2 74.7
+ ConsensusPR ,ax 40.0 43.3 88.1 74.4 87.6 74.7
+ ConsensusPRy, 46.7 36.7 88.7 76.6 89.2 75.9
Vanilla DAPO 433 36.7 87.1 70.6 85.1 75.9
+ ConsensusPRijear 433 40.0 87.0 70.8 85.2 76.7
+ ConsensusPR ,ax 46.7 433 90.6 76.4 88.6 73.6
+ ConsensusPR¢r, 53.3 53.3 91.2 77.6 89.7 75.8

ware configurations, and reproducibility details are
provided in Appendix C.2.

Evaluation Benchmarks. We report perfor-
mance on four established reasoning suites: AIME
2024, AIME 2025, GSM8K, and MATH-500, indi-
vidually as well as the test set of our CONSENSUS-
BENCH (§3). Additionally, node-level metrics is
utilized during evaluation on CONSENSUSBENCH:
Node Coverage Rate (NCR), and Tokens per Node
(TPN). Pass@16 results are reported on AIME, and
@1 are reported on the other benchmarks for the
final answer accuracy (Acc).

5.2 Baselines

Since our original motivation is to evaluate the sig-
nificance and performance of the proposed consen-
sus nodes, we simply compare against the outcome-
only baselines without process supervision: (1)
Vanilla GRPO: a value-free RLVR that optimizes
language model policies by sampling multiple re-
sponses per prompt, computing advantages rela-
tive to the group’s average reward without a sep-
arate critic network. (2) Vanilla DAPO: DAPO
enhances GRPO by replacing its static advantage
with a dynamic, variance-adaptive advantage nor-

malization that stabilizes training and improves
sample efficiency while preserving GRPO’s value-
free architecture. All baselines are trained under
identical data budgets, compute constraints, and
optimization schedules to ensure fair comparison.

5.3 Main Results

We conduct further analysis and respond to the
three research questions above in this section:

RQ1: Does ConsensusPR consistently outper-
form outcome-only baselines? Table 3 summa-
rizes performance across all benchmarks. All three
forms of ConsensusPR achieves consistent gains
over vanilla GRPO and vanilla DAPO. Specifi-
cally, ConsensusPRcr drives consistent gains on
complex reasoning tasks. When integrated with
DAPO on the Qwen3-4B-Base checkpoint, it ele-
vates MATH-500 accuracy from 58.4% to 66.6%
and improves AIME 24 scores to 40.0%, respec-
tively. This trend persists on the larger Qwen3-
8B-Base model, where the same configuration
achieves peak results on GSM8K (91.2%), MATH-
500 (77.6%), and the CONSENSUSBENCH accu-
racy metric (89.7%). The superiority of the CL
approach suggests the significance of the consen-
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Table 4: Tokens per node (TPN) scores across models.

Table 5: Difficulty Analysis on Qwen3-4B-Base.

Qwen3-4B-Base  Qwen3-8B-Base

Methods TPN TPN

vanilla GRPO 433.95 1527.35
+ linear 744.13 1786.49
+ max 564.43 1792.43
+ CL 562.92 1529.14
vanilla DAPO 320.47 1349.12
+ linear 726.26 1048.65
+ max 446.90 1373.83
+CL 408.13 1342.03

sus nodes searching in the applications, effectively
stabilizing policy optimization on multi-step rea-
soning trajectories.

Additionally, different reward aggregation mech-
anisms exhibit different optimization biases. While
ConsensusPR¢r, maximizes absolute accuracy on
challenging benchmarks, the linear and max ones
frequently achieve higher nodes covering scores.
For instance, on Qwen3-4B-Base with DAPO,
ConsensusPRjine,r reached the highest NCR metric
(78.4%) despite trailing the CL approach by 2.3%
on the CONSENSUSBENCH accuracy. Similarly,
under the GRPO framework, ConsensusPR .« se-
cures the top NCR score (77.4%) while the CL
variant experiences a notable drop in GSMS8K per-
formance (83.0% versus 92.1% for vanilla GRPO).

RQ2: How do the performance gains correlate
with the inherent difficulty of the task? Our
experiments demonstrate that integrating process
reward signals derived from the nodes yields con-
sistent improvements across multiple benchmarks.
The performance gains from ConsensusPR also
scale with task difficulty. Improvements remain
marginal on the straightforward GSM8K dataset,
while the method delivers substantial gains on the
more challenging MATH dataset and the highly
complex AIME benchmark. One potential rea-
son that leads to this pattern is the similar diffi-
culty distribution between these benchmarks and
the training data. To quantify difficulty and provide
a more intuitive presentation, we divide the MATH-
500 dataset into easy, medium, and hard groups
according to its difficulty labels. The experimen-
tal results in Table 5 yield consistent conclusions.
Concurrently, increased task difficulty substantially
extends the reasoning trajectory, a behavior that
exposes the limitations of traditional outcome re-

Methods Easy Medium Hard
Acc

"DAPO 767 628 418
+linear  76.7(+0.0%) 64.4(+2.5%) 46.3(+10.8%)
+ max 79.1(+1.3%) 64.1(+2.1%) 42.5(+1.7%)
+CL 83.7(+9.1%) 71.5(+13.8%) 49.3(+17.9%)

Response Length

"DAPO 3573 12448 1760.8
+ linear 2219.0 3336.6 5755.2
+ max 736.4 1678.0 2427.8
+CL 501.5 1682.4 2659.0

wards on long reasoning chains and confirms the
effectiveness of our verifiable process reward mech-
anism.

RQ3: Do gains persist as the model scale varies?
We evaluate ConsensusPR on 1.7B, 4B, and 8B pa-
rameter models from the Qwen3 family. The results
of Qwen3-1.7B are available in Appendix D DAPO
demonstrates stronger compatibility with the pro-
posed modules than GRPO, particularly on the 4B
scale, when combining with ConsensusPR¢yr. Scal-
ing to the 8B further amplifies gains on structured
mathematical tasks, with rising accuracy by 11.0%
on MATH-500, and 2.5% on our CONSENSUS-
BENCH relative to the 4B equivalent under iden-
tical training configurations. While the lower per-
formance of 8B models on GSM8K than the 4B
ones is observed as well. We attribute this degrada-
tion to the constrained generalization capacity of
models at this scale. The model tends to prioritize
patterns that align with the difficulty distribution
of the training data (DAPO-Math-17k), which in-
evitably weakens its fitting capability on simpler
benchmarks such as GSM8K.

5.4 Efficiency Analysis

Tokens per Node (TPN). Table 4 demonstrates
the TPN scores across the different models. Vanilla
GRPO and DAPO generally produce the shortest
reasoning lengths, while the three reward methods,
increase the reasoning length to varying degrees.
The results is intuitive and reasonable. Although
our minimal coupling strategy directly integrates
process rewards into the outcome reward, which
limits the model capacity to assess reasoning com-
pleteness, this behavior nevertheless confirms that
the proposed reward mechanism effectively rein-
forces stepwise reasoning.
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Figure 2: Performance curves of Qwen3-4B-Base across metrics when trained with different values of the hyperpa-
rameter ov. More detailed data are provided in Appendix D.3.

5.5 Hyperparameter Sensitivity Studies

Since a hyperparameter « is introduced during the
linear integration method ConsensusPRjjpear, we
specifically study the model’s sensitivity to it. As
shown in Figure 2, the overall performance on Con-
sensusBench is relatively insensitive to the exact
value of a. As long as «. avoids the degener-
ate extremes (0.0 or 1.0), the model consistently
maintains high performance, demonstrating the ro-
bustness of our consensus framework. On the other
hand, We also observe an interesting divergence
based on task complexity. A smaller o (which
inherently assigns a higher weight to the process/n-
ode reward) yields superior performance on highly
reasoning tasks (AIME and NCR). Conversely, a
larger v around 0.6 (favoring the outcome) leads
to better performance on simpler, more straightfor-
ward tasks. More detailed resutls are available in
Appendix D.3

6 Conclusion

In this paper, we have argued that outcome-only
RLVR methods have challenges in long-chain LLM
reasoning, where a sparse binary signal is limited
for a fine-grained supervision. Therefore, we pro-
pose and confirm the consensus nodes in the LLM

reasoning, which rests on a concept: any correct
final answer to a complex question can be decom-
posed into a small set of intermediate conclusions
that the trajectory frequently reached. Based on
this principle, we collected consensus nodes by
clustering reasoning consensus among correct tra-
jectories in N rollouts, and create a benchmark
named CONSENSUSBENCH. CONSENSUSBENCH
provides the annotations of the verifiable consen-
sus nodes that every valid solution generally tra-
verse for process reward, and exposes three metrics
(Acc, NCR, TPN) that diagnose reasoning under
the same semantic discipline used during training.
Subsequent, ConsensusPR is proposed to integrate
the signal of verifiable process reward into previous
outcome-only RLVR reward to validate the effec-
tiveness of the consensus nodes. Three main inte-
gration strategies are proposed and the experiments
on various benchmarks consistently demonstrate
the performance of our proposal.

Limitations

In this work, we introduce a benchmark constructed
based on the consensus nodes. To facilitate a direct
comparison with outcome-reward methods such as
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GRPO and DAPO, we do not devise a standalone
process-reward algorithm. Instead, we integrate
process rewards directly into the outcome signal.
Although empirical results validate the effective-
ness of our CONSENSUSBENCH, the current frame-
work does not fully exploit the capabilities of con-
sensus nodes. Additionally, since several closed-
source models are utilized for data construction, the
risks of the potential bias in the node extraction pro-
cessing deserve focus as well. Subsequent research
will further focus on addressing this limitation by
developing dedicated process-reward formulations.
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by Al All assets involved in this work are open-
source and strictly comply with their respective
license requirements. We will release the assets
created in this paper, such as experimental data and
code, which will be distributed under the CC-BY
4.0 license.

B Related Work

Self-consistency and verifier-free methods. Pre-
vious studies observe the self-consistency where
correct answers cluster across independent sam-
ples (Giilgehre et al., 2023; Yuan et al., 2024).
These methods exploit consistency in the final-
answer space. Our work pushes this observa-
tion further: although correct rollouts diverge
widely in surface form, they tend to converge
on the same necessary intermediate conclusions,
and these process-level consistencies can be har-
vested as a training signal. Equivalently, we re-
place self-consistency’s answer-level voting with
intermediate-node voting, strictly preserving its bi-
nary, verifiable semantics.

Process-level reasoning benchmarks. Since
most widely used reasoning benchmarks evalu-
ate only the final answer (Cobbe et al., 2021;
Hendrycks et al., 2021; Suzgun et al., 2023; Jain
et al., 2025), a small body of process-aware bench-
marks (Lightman et al., 2024; Zheng et al., 2025b;
Zeng et al., 2024) provides fine-grained annota-
tions along a single canonical solution path, sup-
porting stepwise correctness and error localization
evaluation. These resources are valuable, but their
reliance on a single annotated path implicitly en-
codes a stylistic preference: a model solving the
problem along a different but equally valid path
is treated as out-of-distribution, even when its rea-
soning is sound. CONSENSUSBENCH takes the
opposite stance, annotating high-consensus sub-
outcomes that are frequently reached by diverse
correct rollouts. This preserves process-level evalu-
ation’s diagnostic value while accommodating the
multiplicity of valid solution paths inherent to non-
trivial reasoning. To our knowledge, this is the
first benchmark designed around high-consensus
sub-outcomes rather than annotated step quality.

C Experiments Details

C.1 Prompt

We follow the previous DAPO-MATH-17K and
utilize the same prompt in this paper for question
answering to confirm that the LLMs can think care-
fully and answer in a unified form. The feasibility
and effectiveness of such CoT prompts have been
extensively validated by prior research.

Prompt for Quesiton Answering

Solve the following math problem step by
step. The last line of your response should
be of the form Answer: $Answer (without
quotes) where $Answer is the answer to the
problem.

YOUR QUESTION HERE

Remember to put your answer on its own
line after "Answer:".

\. J

C.2 Training Details

We run our experiments on a machine with 4 x 80
GB GPUs. To ensure experimental consistency
and validity, we retain the default configurations
from the verl examples for the majority of
parameters. We adjust only parameters such as
response_length and batch_size to prevent
out-of-memory errors during training, and we
maintain these adjusted values across all models
and experiments with identical specifications.
The key parameter settings are provided below:
Qwen3-1.7B-Base & Qwen3-4B-Base GRPO:
adv_estimator=grpo

train_batch_size=256
max_prompt_length=2,048
max_response_length=4,096
kl_loss_coef=0.001
kl_loss_type=low_var_kl

Qwen3-1.7B-Base & Qwen3-4B-Base DAPO:
adv_estimator=grpo
train_batch_size=256
max_prompt_length=2,048
max_response_length=4,096
overlong_buffer.len=512
overlong_buffer.penalty_factor=1.0
loss_agg_mode=token-mean
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Table 6: Results across reasoning benchmarks (pass@1, pass@ 16, NCR, (%), TPN(Nkens)) on Qwen3-1.7B-Base.

AIME 24 AIME 25 GSM8K MATH-500 CONSENSUSBENCH

Method Acc@16 Acc@16 Acc@l1 Acc@1 Acc NCR TPN
Owen3-1.7B-Base

Vanilla GRPO 10.0 6.67 81.3 49.2 734 707 1,927
+ ConsensusPRjinear 16.7 16.7 71.4 57.8 70.3 713 1,340
+ ConsensusPR ax 13.3 10.0 78.1 59.0 747 71.1 1,265
+ ConsensusPRy, 6.7 6.7 75.2 594 73.2 69.9 677

Vanilla DAPO 13.3 10.0 82.3 53.6 754 69.2 1,381
+ ConsensusPRipear 16.7 13.3 82.3 54.8 76.1 703 1,412
+ ConsensusPR ax 26.7 13.3 82.6 55.2 76.7 70.2 1,239
+ ConsensusPRy, 23.3 13.3 83.2 57.0 73.0 69.5 1,824

Table 7: Consistency metrics between Acc and NCR
across models.

Table 8: Human annotation validation metrics including
annotation consistency and recall rate.

Model Acc NCR TPN Metrics Consistency Recall Rate
Gemini-2.5-pro 91.8 80.1 299.42 Human Validation 62.2 90.5
MiniMax-M2 933 679 60.61

GPT-5.2 95.1 86.3 172.81

DeepSeek-V4-pro  95.0 73.6 144.26 and efficiencies.

C.3 Text Normalization

We conducted a rule-based text normalization for
the rollouts. Specifically, we focus primarily on ex-
tracting mathematical expressions from both model
responses and consensus nodes. We apply regular
expression patterns to isolate critical numerical val-
ues and core equation relationships. The extraction
process normalizes notational variations, includ-
ing alternative multiplication symbols and fraction
formats, and standardizes variable naming conven-
tions to eliminate superficial discrepancies. This
systematic normalization enhances both the accu-
racy and reliability of node matching.

D Supplementary Results
D.1 Performance of Main LLMs

We evaluated the performance of some main LLMs
on our CONSENSUSBENCH. As shown in Table 7,
although existing models achieve high accuracy in
final answers (from 93.3% to 95.1%), their NCR
scores vary significantly, spanning from 67.9% to
86.3%. This discrepancy indicates substantial room
for improvement in the reasoning processes of cur-
rent state-of-the-art large language models. Addi-
tionally, TPN scores vary significantly across differ-
ent models, indicating various reasoning strategies

D.2 Human Annotation Validation

We conduct a human evaluation to validate the ef-
fectiveness of our method in identifying key nodes.
Our setting and metrics are tailored to this task
considering that the annotation data for consen-
sus nodes consist of open-ended, free-form reason-
ing steps, and generic agreement measures such
as Cohen’s kappa coefficient have limited appli-
cability to generative annotation. Extracting con-
sensus nodes from multiple lengthy mathematical
chains of thought also places substantial demands
on the mathematical reasoning and language un-
derstanding of annotators. To ensure annotation
quality and control experimental cost, we therefore
evaluate a randomly sampled representative subset
rather than the full dataset. Humans and LLMs
differ in their underlying mechanisms for defin-
ing intermediate steps. Human annotators tend
to retain only the most concise and critical con-
tent, whereas our LLM-based method aims to im-
prove consensus and reward density by capturing
finer-grained and more general steps. The aver-
age number of nodes extracted by humans is there-
fore necessarily smaller than that extracted by the
LLM. Given this asymmetry, we report not only the
exact agreement probability but also the recall of
human-annotated nodes, defined as the proportion
of human-identified key steps successfully captured
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Table 9: a-sensitivity study on Qwen3-4B-Base.

AIME 24 AIME 25 GSMS8K MATH-500 CONSENSUSBENCH
« Acc@16 Acc@16 Acc@1 Acc@1 Acc NCR
0.0 36.7 333 67.1 54.0 65.0 79.8
0.1 40.0 43.3 90.7 61.2 84.4 77.1
0.2 40.0 36.7 92.0 58.6 84.8 78.1
0.3 43.3 33.3 91.2 58.8 84.6 76.5
04 40.0 43.3 91.1 62.2 854 71.8
0.5 33.3 36.7 92.8 60.6 84.9 78.4
0.6 30.0 26.7 92.5 65.8 86.8 78.4
0.7 36.7 23.3 91.3 60.6 84.3 76.8
0.8 30.0 30.0 91.7 60.0 84.5 75.3
0.9 33.3 33.3 91.1 60.0 84.3 76.6
1.0 26.7 26.7 92.3 58.4 84.1 77.4

by the LLM. Experiments show that although our
automatic node extraction achieves 62.2% agree-
ment with human annotations, a recall of 90.5% in-
dicates that most discrepancies stem from humans
not providing finer-grained annotations rather than
from incorrect results. This further validates the
effectiveness of our data collection method.

D.3 Hyperparameter-sensitivity Study

To provide a comprehensive analysis of the model’s
sensitivity to o, we conducted a new ablation study
evaluating performance across « € [0.0,1.0]. The
complete results are demonstrated in Table 9.

D.4 Performance of Qwen3-1.7B-Base

We conduct our experiments on Qwen3-1.7B-Base
as well for a scaling study and Table 6 demonstrates
the results. Experimental results indicate that the
performance gains from our method are less pro-
nounced for the 1.7B model compared to the 4B
and 8B variants. We attribute this disparity to the
limited emergent capabilities of smaller models.
Integrating process rewards derived from formula
nodes requires the model to simultaneously attend
to both reasoning quality and result accuracy, a task
that proves overly challenging for the 1.7B model.
Consequently, it struggles to jointly improve both
the process reward score (NCR) and the result re-
ward score (Acc) during training.

D.5 Comparison between ConsensusPR and
PRM appraoches

Although our approach provides a process-oriented
reward, it differs significantly from traditional rein-
forcement learning algorithms built upon process

Table 10: Consistency metrics between Acc and NCR
across models

Model GSM8K MATH500
Math-Shepherd;;, .0 708 93.2 44.5
Math-Shepherdy;.ma-345 90.9 46.0
Math-Shepherdpeepseek-678 93.3 47.0
AlphaMathpeepseekmath-Base- 78 84-1 66.3
OmegaPRMg, 1 ma2-278 922 58.2

reward models. In fact, our method can be viewed
as a specialized form of outcome reward rather
than a conventional process reward. Nevertheless,
we present several existing PRM methods in Ta-
ble 10 for reference, including the scores of Math-
Shepherd (Wang et al., 2024), AlphaMath (Chen
et al., 2024), and OmegaPRM (Luo et al., 2024)
on GSM8K and MATHS500. We directly cite data
from prior studies, which reveal that these methods
typically employ backbone models substantially
larger than ours without achieving commensurate
performance gains. This further demonstrates the
superiority of our approach compared to standard
PRM methods.
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