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Abstract

Existing Reinforcement Learning with Veri-
fiable Rewards (RLVR) algorithms, such as
GRPO, rely on rigid, uniform, and symmet-
ric trust region mechanisms that are funda-
mentally misaligned with the complex opti-
mization dynamics of Large Language Mod-
els (LLMs). In this paper, we identify three
critical challenges in these methods: (1) in-
efficient gradient utilization caused by the bi-
nary cutoff of hard clipping, (2) insensitive
probability mass arising from uniform ratio
constraints that ignore the token distribution,
and (3) asymmetric signal reliability stemming
from the disparate credit assignment ambigu-
ity between positive and negative samples. To
bridge these gaps, we propose Mass-Adaptive
Soft Policy Optimization (MASPO), a unified
framework designed to harmonize these three
dimensions. MASPO integrates a differentiable
soft Gaussian gating to maximize gradient util-
ity, a mass-adaptive limiter to balance explo-
ration across the probability spectrum, and an
asymmetric risk controller to align update mag-
nitudes with signal confidence. Extensive eval-
uations demonstrate that MASPO serves as a
robust, all-in-one RLVR solution, significantly
outperforming baselines. Our code is available
at: https://github.com/FlyTune/MASPO-RL.

1 Introduction

Reinforcement Learning with Verifiable Rewards
(RLVR) has evolved into the cornerstone of rea-
soning optimization in Large Language Models
(LLMs) (Lightman et al., 2023b; Shao et al., 2024).
While algorithms like GRPO (Shao et al., 2024)
eliminate the need for specific critic models, they
rely on a “hard clipping” mechanism inherited from
PPO (Schulman et al., 2017). We rethink that it is a
fragmented solution, failing to address the complex
interplay between heavy-tailed vocabulary distribu-
tions and sparse reward signals.

* Equal contribution. † Corresponding author.

As illustrated in Figure 1, current paradigms
suffer from three distinct misalignments: (1) Ineffi-
cient Gradient Utilization. Hard clipping mech-
anism imposes a rigid binary cutoff that indis-
criminately discards valuable reinforcement sig-
nals from successful explorations exceeding the
predefined boundary, while simultaneously failing
to provide corrective gradients for severe errors
that are within the boundary, thus diminishing the
effective utilization of generated samples. (2) In-
sensitive Probability Mass. A uniform clipping
range (e.g., [1−ε, 1+ε]) neglects the token’s abso-
lute probability. It imposes overly loose constraints
on high-probability tokens (risking policy collapse)
while excessively restricting low-probability tokens
in the long tail (hindering exploration). (3) Asym-
metric Signal Reliability. Positive rewards verify
correct reasoning, whereas negative rewards suffer
from credit assignment ambiguity. Treating their
advantage estimates symmetrically overlooks their
disparate Signal-to-Noise Ratios (SNR).

Aiming to address these challenges holistically,
we propose MASPO, a Mass-Adaptive Soft Policy
Optimization framework, which designed to syn-
thesize trust region management into a single, cohe-
sive objective. By replacing the rigid box constraint
with a soft Gaussian gating mechanism, MASPO
resolves the gradient inefficiency. Crucially, it syn-
ergizes two adaptive components: a mass-adaptive
limiter that expands the exploration budget for low-
probability tokens to address mass insensitivity and
an asymmetric risk controller that modulates up-
date magnitudes based on signal confidence to re-
solve reliability asymmetry. Our contributions in
this paper are summarized as follows:

• Unified Perspective: We systematically iden-
tify inherent challenges in current trust region
paradigms and propose a holistic perspective
that aligns RLVR optimization by addressing
three fundamental misalignments.

41348

https://github.com/FlyTune/MASPO-RL


Positive	Action Negative	Action Positive	Sample

Negative	Sample

Correct	Reasoning	Part Incorrect	Reasoning	Part

Low	Probability:	
A	Tight	Constraint

High	Probability:	
A	Loose	Constraint

Probability	Mass	Insensitivity	Caused	by	Ratio-based	Constraints The	Inevitable	Asymmetric	Signal	Reliability

Leads	to	Overfitting

Stifles			Exploration
Forget Forget

-1

+1

Extreme	Negative	Sample -1

Leads	to	More	Serious	Catastrophic	ForgettingVocabulary	Distribution	of	Token	BVocabulary	Distribution	of	Token	A

Inefficient	Gradient	Utilization:	Discards	Valuable	Updates	at	Zero-Gradient	Regions	and	Performs	Incorrect	Updates	at	Full-Gradient	Regions

New	Probability

Old	Probability

Case1:	Discards	Updates	of	Valuable	Direction

Slightly	Exceed
the	Boundary

Case2:	Performs	Updates	of	Incorrect	Direction

Nearly	Reach
the	Boundary

(1)

(2) (3)

Clipping	Boundary

Figure 1: MASPO resolves three core limitations of GRPO: (1) inefficient gradient utilization caused by hard
boundaries that indiscriminately discard valid gradients; (2) insensitive probability mass, where uniform clipping
overlooks the head/tail mass disparity; and (3) asymmetric signal reliability, which neglects the inherent noise
differences between verified positive and ambiguous negative signals.

• All-in-One Framework: We propose a compre-
hensive solution, which unifies a soft Gaussian
gating, a mass-adaptive limiter, and an asym-
metric risk controller into a single framework.

• Superior Performance: Comprehensive evalu-
ations on diverse benchmarks demonstrate that
MASPO achieves superior sample efficiency
and reasoning performance. Further experi-
ments confirm its robustness and effectiveness
in stabilizing long-chain reasoning.

2 Related Works

2.1 RLVR in LLMs
RLVR enhances LLM reasoning using rule-based
signals, unlike preference-based RLHF (Ouyang
et al., 2022). While PPO (Schulman et al., 2017)
is a standard approach, its critic dependence limits
scalability. Recent work favors outcome-based su-
pervision (Uesato et al., 2022) via group-based opti-
mization. GRPO (Shao et al., 2024) eliminates the
critic by normalizing rewards within groups. How-
ever, it struggle with sparse rewards and high vari-
ance, necessitating stable variants (Bai et al., 2026).
Beyond optimization, recent work also seeks to en-
hance reasoning quality through improved model
architectures (Dong et al., 2026) and inference-time
strategies (Jiang et al., 2026).

2.2 Optimization Directions for GRPO
Recent studies have attempted to address the limi-
tations of the standard GRPO framework. We cate-

gorize these efforts according to the three critical
misalignments identified in this paper:

Addressing Inefficient Gradient Utilization.
Standard hard clipping discards valuable gradients
from exploratory tokens that exceed the trust re-
gion boundary. To mitigate this Inefficient Gradi-
ent Utilization, soft clipping strategies have been
proposed to retain partial gradients. Approaches
like CISPO (Chen et al., 2025a), GPPO (Su
et al., 2025a), CE-GPPO (Su et al., 2025b) and
ASPO (Wang et al., 2025) introduce smooth piece-
wise decay functions. SAPO (Gao et al., 2025)
goes a step further by removing boundaries entirely,
employing a global gating mechanism.

Addressing Insensitive Probability Mass. Uni-
form Importance Sampling (IS) (Precup et al.,
2000) constraints overly restrict exploration in low-
probability regions, reflecting the issue of insen-
sitive probability mass. While entropy regular-
ization (Williams and Peng, 1991; O’Donoghue
et al., 2016; Eysenbach and Levine, 2021) encour-
ages distribution uniformity, it indiscriminately en-
courages all (He et al., 2025; Huang et al., 2025).
Clip Higher (Yu et al., 2025) relaxes upper bounds
globally but ignores token-specific probabilities.
DAC (Yang et al., 2025a), a more aligned method,
adapts bounds based on policy probabilities.

Addressing Asymmetric Signal Reliability.
Positive samples are crucial for LLM reasoning
but are frequently outweighed by negative ones in
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GRPO (Xiong et al., 2025), highlighting the issue
of Asymmetric Signal Reliability. Methods like
Advantage Reweighting (Yang et al., 2025b) and
BAPO (Xi et al., 2025) boost positive sample im-
pact by modifying advantages or clipping bounds.
Other approaches achieve implicit rebalancing via
relaxed bounds (Yu et al., 2025), asymmetric soft
clipping (Su et al., 2025b), or adding entropy terms
to the advantage (Cheng et al., 2025).

3 Preliminary

Problem Formulation. We consider the task of
optimizing an LLM for reasoning tasks within
the framework of Reinforcement Learning with
Verifiable Rewards (RLVR). Let D = {q} rep-
resent a dataset of queries, where the policy πθ
generates a response o for a given input q. The
correctness of the generated response is evalu-
ated by a deterministic, rule-based reward function
r(q, o). Adopting the Group Relative Policy Op-
timization (GRPO) (Shao et al., 2024) paradigm,
for each query q, we sample a group of G outputs
{o1, o2, . . . , oG} from the current old policy πθold .
The advantage estimate Âi for the i-th output is de-
rived by standardizing the rewards within the group:
Âi = (ri − µr)/σr, where µr and σr denote the
mean and standard deviation of the rewards within
the sampled group, respectively.

Gradient Estimation and Utilization Efficiency.
To analyze the Inefficient Gradient Utilization
caused by rigid constraints, we formulate the policy
gradient (Williams, 1992) in a generalized form.
Let ρi,t(θ) =

πθ(oi,t|q,oi,<t)
πθold (oi,t|q,oi,<t)

be the importance
sampling ratio. The objective can be unified as:

∇θJ (θ) = Eq∼D,{oi}Gi=1∼πθold (·|q)
1

∑G
i=1 |oi|

G∑

i=1

|oi|∑

t=1

Fi,t(ρ)ρi,t(θ)Âi∇θ log πθ(oi,t|q, oi,<t), (1)

where Fi,t(ρ) is the gradient weighting function.
Standard methods like GRPO employ a binary
weighting (hard clipping) where F(ρ) = I(|ρ −
1| ≤ ε), which zeros out gradients outside the trust
region. Attempts to improve utilization, such as
SAPO (Gao et al., 2025), propose a continuous
decay function to smooth this boundary:

FSAPO
i,t (ρ) = 4pi,t(θ)(1− pi,t(θ))

pi,t(θ) = σ (τi,t(ρi,t(θ)− 1)) , (2)

where σ(x) = 1/(1+e−x) is the sigmoid function.

Probability Mass Sensitivity in Constraints. To
address insensitive probability mass, prior works
have attempted to adjust constraints based on dis-
tribution characteristics. Entropy regularization
(O’Donoghue et al., 2016) adds a generic penalty
βE∇θH(πθ). Clip Higher (Yu et al., 2025) pro-
poses decoupled boundaries: εlow and εhigh. DAC
(Yang et al., 2025a) provides a more rigorous for-
mulation by defining the boundaries as functions of
the old policy probability πθold , acknowledging that
low-probability tokens require wider trust regions:

0.5 +
1

2

√
max(1− 4εlow

πθold

, 0) ≤ ρi,t(θ)

≤ 0.5 +
1

2

√
1 +

4εhigh

πθold

. (3)

While theoretically grounded, this approach retains
the rigid “box constraint” structure rather than a
continuous adaptation.

Asymmetric Signal Handling. To address Asym-
metric Signal Reliability, several methods skew
contributions toward positive samples. Advan-
tage Reweighting (Yang et al., 2025b) statis-
tically increases positive contributions: Âi,t =
[αA · πθ (oi,t) + (1− αA)] · Âold

i,t . Entropy Advan-
tage (Cheng et al., 2025) adds entropy to the ad-
vantage term. BAPO (Xi et al., 2025) explicitly
dynamically adjusts the clipping bounds to ensure
positive sample contribution volume:
∣∣∣
∑

Â
πθ

[
min

(
ρtÂ, clip(ρt, clow, chigh)Â

)]∣∣∣
∣∣∣
∑

Â>0
πθ

[
min

(
ρtÂ, clip(ρt, 0, chigh)Â

)]∣∣∣
≥ ρ0,

(4)

where ρ0 is a threshold parameter, and ρt is IS ratio.

4 Methodology

In this section, we present Mass-Adaptive Soft
Policy Optimization (MASPO). As illustrated in
Figure 1, standard RLVR paradigms like GRPO
rely on fragmented constraints that create three fun-
damental misalignments in LLM optimization:

• Inefficient Gradient Utilization: Hard clip-
ping imposes a binary cutoff that discards valu-
able directional gradients from exploratory sam-
ples exceeding the boundary, thereby signifi-
cantly diminishing the effective utilization of
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Figure 2: Overview of the MASPO framework. The architecture integrates a Mass-Adaptive Limiter to scale
constraints inversely with token probability and an Asymmetric Risk Controller to modulate update magnitude
based on advantage signals, unified via a differentiable Soft Gaussian Gating mechanism.

informative gradient signals, consequently slow-
ing down the overall convergence speed.

• Insensitive Probability Mass: Uniform ratio
constraints ignore the vast disparity in token
probabilities, failing to account for the massive
mass displacement in head tokens versus the
negligible shift in tail tokens.

• Asymmetric Signal Reliability: Symmetric ad-
vantage handling ignores the disparate signal-to-
noise ratios between verified positive solutions
and ambiguous negative ones.

To address these challenges holistically, MASPO
proposes a unified framework (see Figure 2). We
replace the rigid hard clipping with a Soft Gaus-
sian Gating mechanism to ensure gradient conti-
nuity (§4.1). Crucially, we regulate this gate via a
Dual-Variable Adaptive Variance (§4.2), which
synergizes a Mass-Adaptive Limiter for distribu-
tion stability and an Asymmetric Risk Controller
for signal-aware optimization, ultimately enabling
more robust and efficient policy learning.

4.1 Soft Gaussian Gating
To resolve the gradient discontinuity caused by
hard clipping, we formulate the MASPO objec-
tive using a differentiable confidence score derived

from the Principle of Maximum Entropy. The ob-
jective is defined as:

JMASPO(θ) = Eq∼D,{oi}Gi=1∼πθold (·|q)
1

∑G
i=1 |oi|

G∑

i=1

|oi|∑

t=1

FMASPO
i,t · ρi,t(θ)Âi, (5)

Here, FMASPO
i,t is the Soft Gaussian Gating fac-

tor. Unlike hard clipping or SAPO’s dual-clip (Ye
et al., 2020), this unilateral design selectively at-
tenuates aggressive overshoots without hindering
conservative updates of lagging tokens:

FMASPO
i,t =





exp
(
− (sg[ρi,t(θ)]−1)2

2σ2
pos

)
if Âi,t > 0

∧ ρi,t(θ) > 1

exp
(
− (sg[ρi,t(θ)]−1)2

2σ2
neg

)
if Âi,t < 0

∧ ρi,t(θ) < 1

1, otherwise.
(6)

The stop-gradient operator sg[·] ensures that F
serves strictly as a confidence gate, effectively pre-
venting the optimization objective from drifting.
Mathematically, this transformation converts the
optimization landscape from a disjoint cliff (char-
acteristic of binary clipping) into a smooth and
continuous manifold. Consequently, samples that
marginally exceed the trust region contribute at-
tenuated but non-zero gradients, ensuring that the
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policy can still learn from “near-boundary” explo-
rations without destabilizing the update dynamics.

4.2 Dual-Variable Adaptive Variance
The core innovation of MASPO lies in how the
variance σ2 is dynamically determined. We decou-
ple σ into two components (Eq. (7) and (8)) to
address the remaining two challenges: insensitive
probability mass and asymmetric signal reliability.

σpos =
σbase

πα
θold︸ ︷︷ ︸

Mass-Adaptive

·
(
1 + βhighÂi,t

)

︸ ︷︷ ︸
Risk Controller

, (7)

σneg =
σbase

πα
θold︸ ︷︷ ︸

Mass-Adaptive

·
(
1− βlowÂi,t

)−1

︸ ︷︷ ︸
Risk Controller

. (8)

The Mass-Adaptive Limiter. The term σbase
πα
θold

serves as the Mass-Adaptive Limiter. It inversely
scales the trust region width with the token’s refer-
ence probability.

• In the Long Tail (π → 0): The variance σ
increases, widening the gate. This compensates
for the negligible mass displacement of rare
tokens, effectively expanding the exploration
budget where it is most needed.

• In the Head (π → 1): The variance shrinks,
enforcing strict constraints to prevent policy col-
lapse into a deterministic state due to exces-
sive mass shifts. This aligns with the intuition
that for high-confidence tokens, even small ratio
deviations imply large absolute mass displace-
ment, necessitating tighter variance to preserve
the stability of the generation distribution.

The Asymmetric Risk Controller. The second
component modulates the trust region based on
the feedback signal, functioning as an Asymmet-
ric Risk Controller. We derive this design from
the monotonicity properties of group-relative ad-
vantages (see Appendix B), which link advantage
magnitude to query difficulty.

• Positive Signal Expansion (σpos): For correct
reasoning paths (Â > 0), we aim to maxi-
mize the utilization of verified signals. Based
on the monotonicity property, difficult queries
(where correct responses are rare) yield signif-
icantly larger positive advantages. These are
high-value learning signals. Our expansion term
(1+βhighÂi,t) sharpens this effect, allowing the

model to take aggressively larger update steps
for these high-confidence successes, accelerat-
ing the acquisition of complex reasoning skills.

• Negative Signal Conservatism (σneg): For in-
correct paths (Â < 0), the handling is nu-
anced. According to GRPO monotonicity,
“easy” queries (where most responses are cor-
rect) result in negative advantages with very
large magnitudes (e.g., A− ≪ −1). In such
easy tasks, a negative response is often a
“near-miss” anomaly where the reasoning chain
largely overlaps with correct paths but fails due
to a minor error. Applying a massive penalty to
these chains risks destroying valid intermediate
reasoning patterns crucial for generalization.

MASPO strategically addresses this via the com-
pression term (1−βlowÂi,t)

−1. When Â is large
and negative, this term significantly shrinks σneg.
This tightly constrains the update for failures in
easy tasks, preventing “catastrophic unlearning”
due to credit assignment ambiguity. Conversely,
for hard tasks where failures are common (small
negative advantage), the constraint remains re-
laxed, allowing normal optimization to proceed
without excessive restriction.

5 Experiments

5.1 Experimental Setup

Implementation Details. We leverage the
DeepSeek-R1-Distill-Qwen series (specifically
1.5B, 7B, and 14B) as our backbone models to
assess MASPO. All models are fine-tuned on
the DAPO-Math-17K dataset (Yu et al., 2025).
For reward calculation, we adopt a dual-system
approach: math_verify (Kydlíček, 2024) is
employed for rule-based reward generation during
training, whereas prime_math (Lightman et al.,
2023a,b) serves as the evaluation metric.

Regarding the optimization dynamics, we config-
ure a global batch size of 512 with a mini-batch size
of 32. This setup facilitates 16 off-policy updates
per importance sampling step, effectively amplify-
ing the impact of off-policy updates. The clipping
thresholds εlow and εhigh are both set to 0.2. Addi-
tional details are provided in the Appendix C.3.

Evaluation Protocols. To rigorously evaluate the
generalization of the model’s reasoning capabili-
ties, we conduct evaluations across a diverse set
of benchmarks, including AIME24 (MAA, 2024),
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Table 1: Main results on mathematical reasoning benchmarks. We report Avg@32 (A@32) and Pass@32 (P@32).
Bold indicates the best performance, and underlined represents the second-best.

AIME24 AIME25 AMC23 MATH500 Minerva Olympiad Average

Method A@32 P@32 A@32 P@32 A@32 P@32 A@32 P@32 A@32 P@32 A@32 P@32 A@32 P@32

Backbone: DeepSeek-R1-Distill-Qwen-1.5B

GRPO 33.2 71.8 27.7 49.9 79.5 94.8 77.6 90.8 26.1 48.8 46.3 64.7 48.4 70.1

Clip Higher 36.6 70.1 30.1 55.8 82.8 94.9 71.7 88.6 24.8 49.3 42.0 61.6 48.0 70.1

DAC 40.0 73.6 28.7 51.2 80.2 95.0 78.1 92.5 27.4 54.0 46.3 64.5 50.1 71.8

Entropy Adv. 29.6 67.8 23.9 44.2 77.1 94.1 78.5 89.7 25.2 48.6 46.4 64.3 46.8 68.1

BAPO 38.3 72.3 28.0 55.7 80.1 94.9 74.9 91.0 25.1 44.7 44.0 61.3 48.4 70.0

SAPO 39.3 73.7 28.0 49.9 82.7 94.8 79.1 91.4 29.6 52.7 48.2 66.7 51.2 71.5

MASPO 41.0 74.8 28.4 58.0 82.2 95.0 78.0 89.7 30.7 54.1 47.8 65.7 51.4 72.9

Backbone: DeepSeek-R1-Distill-Qwen-7B

GRPO 48.2 82.5 37.4 60.5 88.1 96.6 84.8 92.4 37.4 57.2 57.2 73.9 58.9 77.2

Clip Higher 47.4 82.4 37.4 67.2 89.0 96.6 85.3 95.4 38.8 58.5 57.5 75.5 59.2 79.3

DAC 50.2 81.2 36.2 61.7 88.1 99.6 85.1 94.8 36.6 58.7 57.9 76.0 59.0 78.7

Entropy Adv. 49.1 81.5 34.4 58.1 87.7 96.6 84.8 92.5 36.5 54.0 56.4 73.7 58.2 76.1

BAPO 47.1 80.3 37.7 58.4 89.2 97.2 85.0 94.5 38.3 57.5 57.1 74.5 59.1 77.1

SAPO 47.5 79.2 35.3 58.0 88.7 95.0 85.5 92.9 39.4 58.1 56.6 74.6 58.8 76.3

MASPO 53.2 82.4 42.9 73.2 91.4 95.0 86.0 94.7 39.3 58.6 58.0 74.9 61.8 79.8

AIME25 (MAA, 2025), AMC23 (MAA, 2023),
Minerva (Lewkowycz et al., 2022), Olympiad-
Bench (He et al., 2024), and MATH500 (Hendrycks
et al., 2021). We report performance using
Avg@32 and Pass@32 metrics, which reflect the
model’s expected stability and its potential peak
performance, respectively.

Baseline Methods. We benchmark MASPO
against a comprehensive suite of strong methods,
categorized by their optimization focus: (1) the
original GRPO algorithm; (2) SAPO, which re-
moves clipping boundaries entirely and uses a soft
weighting function; (3) methods focusing on low-
probability compensation, including Entropy Reg-
ularization and DAC; (4) approaches emphasizing
positive sample rebalancing, such as Advantage
Reweighting, Entropy Advantage, and BAPO;
and (5) Clip Higher, which implicitly addresses
both optimization directions. The comparative re-
sults are summarized in Table 1. Note that Entropy
Regularization was only preliminarily tested on the
1.5B model, and Advantage Reweighting yielded
suboptimal performance; consequently, detailed re-
sults for these two methods are omitted from the
main table but are provided in Appendix D.1.

5.2 Main Results

Overall Performance Table 1 presents the com-
parative performance of MASPO against various
baselines. MASPO delivers superior performance,
achieving well-performing results on the aggre-
gated average across both 1.5B and 7B scales.
Specifically, on the 1.5B model, MASPO improves
Avg@32 by 3.0% over GRPO and edges out the
closest competitor (SAPO) by 0.2%. Crucially, this
lead expands at the 7B scale. While other base-
lines plateau near GRPO levels – with the second-
best Clip Higher leading GRPO by only 0.3% –
MASPO establishes a clear margin, outperforming
Clip Higher by 2.6% in Avg@32. Finally, Pass@K
analysis (Figure 3(a,e)) confirms our method’s ro-
bustness across difficulty levels: MASPO consis-
tently dominates, leading on AIME24 with the
1.5B model and extending this superiority to the
harder AIME25 benchmark at the 7B scale.

Training Dynamics. The training curves in Fig-
ure 3 reveal distinct optimization behaviors. GRPO
exhibits a rapid decay in policy entropy, indicating
an extreme exploitation mode that sacrifices explo-
ration, consequently limiting its performance ceil-
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Figure 3: Evolution of Training Dynamics and Performance across Model Scales. Top row: 1.5B model; Bottom
row: 7B model. MASPO demonstrates superior convergence, achieving higher performance ceilings.

ing. Entropy Advantage shows an even faster en-
tropy drop, resulting in inferior final performance.

Among other baselines, Clip Higher, DAC,
BAPO, and SAPO maintain higher entropy lev-
els than GRPO, yet this does not strictly translate
to better performance. Clip Higher and BAPO suf-
fer from slow policy improvement, only surpassing
GRPO on the 1.5B scale. SAPO experiences train-
ing collapse on both scales; it only exceeds GRPO’s
ceiling on the 1.5B model before diverging. We
hypothesize this instability stems from its bilateral
Gaussian gating design (see the unilateral ablation
in Appendix D.2). DAC significantly outperforms
GRPO on 1.5B but exhibits a “staircase” entropy
spike on 7B, leading to performance degradation,
though it still marginally beats GRPO before re-
gression. In contrast, MASPO maintains a healthy
entropy level higher than GRPO without instabil-
ity or stagnation, achieving a performance ceiling
significantly superior to all baselines.

5.3 Analysis of Hyperparameters
MASPO introduces four primary hyperparameters:
σbase, α, βlow, and βhigh. To simplify the analysis,
we fix σbase = 1 and apply symmetric risk control
(β = βlow = βhigh). Using α = 0.3, β = 0.03
as the baseline configuration, we vary parame-
ters to test the following set: (0.1, 0.03), (0.3, 0),
(0.3, 0.03), (0.3, 0.1), (0.5, 0.03), (0.8, 0.03). Ex-
periments were conducted on the 7B model, with
results shown in the top row of Figure 4 and Table
5. Our analysis yields the following conclusions
(comprehensive data in Appendix D.3):

Robustness. As evidenced by the curves in Fig-
ure 4 and Appendix D.3, MASPO demonstrates
exceptional robustness. Configurations with α ∈
{0.3, 0.5} yield the optimal performance ceilings.
While extreme values (α = 0.1 or 0.8) lead to
a slight drop, they still consistently outperform
GRPO. Furthermore, varying β across the tested
range maintains superiority over the baseline.

Impact of Mass-Adaptive Scaling (α). Setting
α = 0.1 imposes excessive constraints, resulting in
low entropy levels similar to GRPO and premature
loss of exploration capability. Conversely, setting
α = 0.8 overly relaxes constraints, leading to en-
tropy instability and degraded performance. Based
on supplementary experiments in Appendix D.3,
we recommend α ∈ [0.3, 0.5] as the optimal range
for balancing stability and exploration.

Impact of Asymmetric Risk Control (β). Using
the baseline α = 0.3, setting β = 0 (disabling
risk control) causes entropy to drop too rapidly in
the early stages, curtailing exploration and slightly
lowering the performance ceiling. Increasing β
to 0.1 yields a similar effect of premature entropy
decay. We recommend β = 0.03 as the optimal
setting when α = 0.3.

While the efficacy of risk control on negative
samples is theoretically justified by the misalign-
ment between advantage and signal-to-noise ratio
(see derivation in Appendix B), the benefit of sharp-
ening positive advantages requires empirical vali-
dation. Our decoupling experiment (Appendix D.4)
confirms that applying risk control to positive sam-
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Figure 4: Hyperparameter sensitivity and scalability analysis. Top: MASPO demonstrates robustness across a
range of α and β values, outperforming the GRPO baseline. Bottom: Training dynamics on the larger 14B model,
demonstrating MASPO’s scalability by maintaining higher entropy and superior performance compared to GRPO.

ples is crucial for sustaining long-term exploration
and preventing performance regression.

5.4 Scaling Analysis

To further investigate the scalability of our
approach, we applied MASPO to the larger
DeepSeek-R1-Distill-Qwen-14B model using α =
0.5 and β = 0.03. The bottom row of Figure 4
illustrates the training dynamics. MASPO main-
tains higher entropy and achieves a significant per-
formance margin over the GRPO baseline. The
relative improvements of MASPO across different
model scales are summarized in Table 2 (see Ap-
pendix D.5 for more details). It is worth noting
that the 1.5B and 7B versions are distilled from
Qwen-2.5-Math, providing a stronger initial math-
ematical capability compared to the 14B version,
which is based on Qwen-2.5-General. This distinc-
tion accounts for the baseline performance variance
observed in our scaling experiments.

6 Conclusion

In this work, we identify and address structural dis-
connects in current RLVR paradigms, specifically
the inefficiencies from rigid, uniform, and symmet-
ric trust region constraints. We argue prevailing
“hard clipping” mechanisms fail to accommodate
complex dynamics of LLM optimization, partic-
ularly regarding the heavy-tailed nature of token

Table 2: Scalability analysis of average Avg@32 (A)
and Pass@32 (P) across 1.5B, 7B, and 14B models.

Scale
GRPO MASPO Gain ↑

A P A P A P

1.5B 48.4 70.1 51.4 72.9 +3.0 +2.8

7B 58.9 77.2 61.8 79.8 +2.9 +2.6

14B 53.6 67.4 56.4 71.1 +2.8 +3.7

distributions and the disparate reliability of reward
signals. To bridge these gaps and establish a unified
theoretical framework, we propose Mass-Adaptive
Soft Policy Optimization (MASPO).

By unifying a differentiable Soft Gaussian Gat-
ing mechanism with a Mass-Adaptive Limiter and
an Asymmetric Risk Controller, MASPO creates a
continuous and responsive optimization landscape.
This framework ensures that exploration budgets
are dynamically allocated based on token proba-
bility mass and that update magnitudes are mod-
ulated by the signal-to-noise ratio of the verifica-
tion feedback. Extensive evaluations across the
DeepSeek-R1-Distill-Qwen series (1.5B, 7B, and
14B) confirm that MASPO significantly enhances
sample efficiency and reasoning accuracy. Our
findings suggest that moving beyond rigid box con-
straints toward adaptive, probability-aware, and
risk-sensitive optimization is a critical step for the
next generation of reasoning models.
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Limitations

We must acknowledge two primary limitations in
our current study. (1) Dependence on Verifiable
Rewards: Our Asymmetric Risk Controller re-
lies on the premise that positive rewards represent
verified truths while negative rewards contain am-
biguity (credit assignment noise). Consequently,
our experiments are concentrated on mathematical
reasoning tasks (e.g., AIME, MATH500) where
ground truth is deterministic. The applicability of
MASPO to domains with subjective or partial re-
wards (such as creative writing, general chat, or
multimodal retrieval) (Li et al., 2026; Chen et al.,
2025b, 2026) requires further adaptation of the risk
control mechanism. (2) Computational Scope:
While we demonstrate scalability from 1.5B to 14B
parameters, we have not yet verified MASPO on ex-
tremely large-scale foundation models (e.g., 70B+
or MoE architectures) due to computational re-
source constraints. Although the theoretical deriva-
tion of mass-adaptive scaling suggests robustness,
empirical validation on such scales remains an im-
portant avenue for our future research work.

Ethical Considerations

We have carefully considered potential societal and
the ethical implications of our research:

• Research Integrity: Throughout this study, we
have adhered to established ethical guidelines.
We ensure that our methodology is reported
transparently, with full disclosure of theoreti-
cal derivations and implementation details.

• Data Usage and Privacy: The datasets uti-
lized in our experiments (e.g., DAPO-Math-
17k, AIME) are derived from publicly avail-
able, peer-reviewed scientific sources. No pri-
vate, sensitive, or personally identifiable infor-
mation (PII) was processed or generated during
the course of this research. This commitment
to responsible data practices is consistent with
broader research efforts (Shao et al., 2025a,b).

• Reproducibility: To foster scientific progress
and transparency within the community, we pro-
vide comprehensive documentation of our hy-
perparameter configurations, including the spe-
cific tuning ranges for α and β.

• Open Access: In the interest of community
collaboration, we have made our code avail-
able anonymously for review and commit to

fully open-sourcing the complete implementa-
tion upon the final acceptance of this paper.
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A Theoretical Motivation and Derivation

In this appendix, we provide the rigorous theoreti-
cal justification for the Mass-Adaptive Soft Policy
Optimization (MASPO) objective. We deliberately
deviate from the standard KL-divergence-based
derivation used in TRPO and PPO, arguing that a
framework combining Probability Mass Displace-
ment with Probabilistic Relaxation offers a more
robust and mathematically consistent foundation
for fine-tuning Large Language Models.

A.1 Step 1: Metric Selection
Standard policy optimization methods constrain the
update using the Kullback-Leibler (KL) divergence,
DKL(πθold ||πθ). While theoretically sound for dis-
tribution matching, KL divergence measures the
relative information gain, which can be insensitive
to the absolute probability mass of tokens.

In the context of LLM fine-tuning, the stabil-
ity of the generation process is better preserved
by bounding the absolute shift in probability as-
signment. Ideally, this corresponds to the Total
Variation (TV) distance:

DTV (πθ, πθold) =
1

2

∑

x

|πθ(x)− πθold(x)|. (9)

However, optimizing the L1 norm directly is
computationally challenging due to its non-
differentiability at zero. Consequently, we adopt
the Squared Mass Displacement (an L2 proxy) as
our constraint metric. For a specific token transi-
tion, we require the policy shift to satisfy:

1

2
(πθ − πθold)

2 ≤ δ2, (10)

where δ is a localized trust region budget. By sub-
stituting the probability ratio ρ(θ) = πθ/πθold , we
can rewrite this constraint in terms of the ratio:

1

2
π2
θold

(ρ(θ)− 1)2 ≤ δ2

=⇒ (ρ(θ)− 1)2 ≤ 2δ2

π2
θold

. (11)

Theoretical Implication: This derivation reveals a
fundamental and critical insight: to maintain a con-
stant safety margin in terms of probability mass (δ),
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the permissible deviation of the ratio (ρ− 1) must
be inversely proportional to the reference proba-
bility πθold . This finding theoretically justifies the
base scaling term in MASPO:

σbase ∝
1

πα
θold

. (12)

While the strict derivation suggests α = 1, we intro-
duce α as a hyperparameter to empirically control
the sensitivity to the long-tail distribution, acknowl-
edging that the L2 proxy may over-encourage rare
tokens in high-dimensional vocabularies.

A.2 Step 2: MaxEnt-based Soft Relaxation

A core technical challenge in GRPO is the use
of “hard clipping”, which effectively imposes a
rigid box constraint on the ratio. This creates a
disjoint optimization landscape with zero gradients
vanishing outside the clip range. In MASPO, we
reformulate the constrained optimization problem
as a Confidence-Weighted Estimation problem.

Let the “cost” of a policy update for a specific
sample be defined by mass displacement violation:

C(ρ) = (ρ− 1)2

2σ2
, (13)

where σ is the adaptive variance previously derived
in Step 1. Instead of enforcing a rigid hard con-
straint C(ρ) ≤ C, we interpret this cost as a direct
measure of Gradient Untrustworthiness. We seek
a weighting function w(ρ) ∈ [0, 1] that modulates
the gradient contribution based on this cost.

According to the Principle of Maximum En-
tropy (Jaynes, 1957a,b; Zhai et al., 2026), if we
possess information about the expected cost (first
moment) but are otherwise ignorant about the distri-
bution, the entropy-maximizing distribution is the
exponential family. Specifically, we formulate the
problem as finding a weight distribution w(ρ) that
maximizes entropy H(w) subject to an expected
cost constraint:

max
w

H(w) = −
∫

w(ρ) logw(ρ)dρ

s.t. Ew[C(ρ)] = µ.

(14)

The solution to this Lagrangian optimization is the
Gaussian (or Radial Basis) kernel:

w∗(ρ) ∝ exp (−β · C(ρ)) = exp

(
−(ρ− 1)2

2σ2

)
.

(15)

Here, the Lagrange multiplier β is absorbed into σ.
From Distribution to Gradient Weighting: We

apply this optimal distribution w∗(ρ) as a soft gat-
ing mechanism for the policy gradient. Unlike
the standard objective which assumes uniform re-
liability across all samples, MASPO optimizes a
reliability-weighted lower bound:

∇JMASPO ≈ Eo∼π

[
exp

(
−(ρ− 1)2

2σ2

)

︸ ︷︷ ︸
Soft Trust Region

· ρ(θ)Â · ∇ log πθ

]
. (16)

This formulation smoothly down-weights samples
that exhibit excessive mass displacement (high vari-
ance/low confidence) rather than abruptly discard-
ing them, thereby providing a more differentiable
and continuous optimization manifold.

A.3 Step 3: Asymmetric Risk Modeling
The final component of the derivation addresses
the dynamic nature of the budget σ. While Step
1 established the dependency on probability mass
πθold , we must also account for the nature of the
reward signal in reasoning tasks.

Unlike the standard assumption in TRPO/PPO
where advantage estimates are treated symmetri-
cally, we proceed from the empirical observation
that the Signal-to-Noise Ratio (SNR) in mathemat-
ical reasoning and code generation is highly asym-
metric. A positive reward verifies a correct rea-
soning path, while a negative reward is ambiguous
(credit assignment problem). We model this asym-
metry by modulating the “trust budget” σ based on
the sign of the advantage Â.

Case 1: Positive Advantage (High SNR). When
Â > 0, the sample indicates a verifiable success.
Empirically, we want to exploit these high-quality
signals aggressively. We model this as a linear
expansion of the trust region:

σpos(Â) ∝ 1

πα
θold

· (1 + βhighÂ). (17)

This formulation allows the policy to take larger
steps when the signal is strong and positive, akin to
an “Optimism in the Face of Uncertainty” strategy.

Case 2: Negative Advantage (Low SNR).
When Â < 0, the signal is often noisy. An overly
aggressive penalty based on a potentially correct
intermediate step (labeled negative due to a later
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error) can lead to unrecoverable policy collapse.
Therefore, we treat the negative regime much more
conservatively. We use an inverse scaling to tighten
the boundary as the negative advantage grows:

σneg(Â) ∝ 1

πα
θold

· 1

1− βlowÂ
. (18)

This acts as a safeguard, restricting the magnitude
of policy shifts driven by noisy negative feedback.

Theoretical Alignment: While derived from
the specific characteristics of CoT data, this asym-
metric variance design aligns with Risk-Sensitive
Control theory. It effectively assigns a higher risk
cost to updates driven by negative samples (tight-
ening the constraint) while lowering the cost for
positive samples (relaxing the constraint), thereby
optimizing the exploration-exploitation trade-off in
sparse-reward environments.

In the implementation, we use clipping for nu-
merical stability:

σpos = min

(
σbase

πα
θold

, 10

)

· clip
(
1 + βhighÂi,t, 0.1, 10

)
, (19)

σneg = min

(
σbase

πα
θold

, 10

)

· clip

(
1

1− βlowÂi,t

, 0.1, 10

)
. (20)

B Monotonicity Analysis of Group
Relative Advantages

In this section, we analyze the relationship between
the advantage values and the difficulty of the task,
defined by the number of correct samples within
a group. This analysis theoretically supports the
asymmetric variance design in MASPO.

Consider a group of size n, with x correct sam-
ples (positive rewards r = 1) and n− x incorrect
samples (negative rewards r = −1).

First, we calculate the mean reward µ:

µ =
1

n
[x(1) + (n− x)(−1)] =

2x− n

n
. (21)

Next, we calculate the variance σ2. Note that
since r ∈ {−1, 1}, r2 is always 1. Thus, the second
moment E[r2] = 1. The variance is:

σ2 = E[r2]− (E[r])2 = 1−
(
2x− n

n

)2

= 1− (2p− 1)2 = 1− (4p2 − 4p+ 1)

= 4p(1− p). (22)

where p = x/n is the accuracy rate. The standard

deviation is σ = 2
√
p(1− p) =

2
√

x(n−x)

n .
The advantages for positive (A+) and negative

(A−) samples are standardized as follows.
For positive samples (r = 1):

A+(x) =
1− µ

σ
=

1− (2p− 1)

2
√
p(1− p)

=
2(1− p)

2
√
p(1− p)

=

√
1− p

p

=

√
n− x

x
. (23)

For negative samples (r = −1):

A−(x) =
−1− µ

σ
=

−1− (2p− 1)

2
√
p(1− p)

=
−2p

2
√
p(1− p)

= −
√

p

1− p

= −
√

x

n− x
. (24)

Despite the shift in reward scale from {0, 1} to
{−1, 1}, the final expressions for A+ and A− re-
main invariant. We now analyze their monotonicity
with respect to x (for x ∈ (0, n)):

Positive Advantage (A+).

dA+

dx
=

d

dx

(n
x
− 1
)1/2

= − n

2x2

√
x

n− x
< 0. (25)

A+(x) is strictly decreasing with respect to x. This
implies that for hard tasks (small x), the posi-
tive advantage is large. MASPO’s expansion term
(1 + βhighA

+) amplifies this, encouraging larger
updates for these rare and valuable successes.

Negative Advantage (A−).

dA−

dx
= − d

dx

(
x

n− x

)1/2

= − n

2(n− x)2

√
n− x

x
< 0. (26)

A−(x) is strictly decreasing (becoming more nega-
tive) as x increases. This implies that for easy tasks
(large x), the negative advantage has a large abso-
lute magnitude (e.g., x → n =⇒ A− → −∞).
These samples are likely “near-misses” in an oth-
erwise easy context. MASPO’s compression term
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(1 − βlowA
−)−1 becomes very small when A− is

large and negative, effectively suppressing the gra-
dient to prevent excessive penalization of these
noisy and low-credit negative samples.

C Implementation Details

C.1 Experimental Ecosystem

Training Infrastructure. All experiments were
orchestrated on a distributed high-performance
computing cluster. The hardware topology con-
sists of 30 compute nodes, each populated with
8 × NVIDIA A100 (80GB) GPUs. Inter-node
communication is facilitated by a high-bandwidth
InfiniBand fabric, while intra-node data transfer
utilizes NVLink to minimize gradient synchroniza-
tion latency. The cumulative compute budget for
this study exceeded 20,000 GPU-hours.

Software Pipeline. We implemented MASPO
within the VeRL framework (Sheng et al., 2025),
optimized for post-training large-scale reasoning.

• Distributed Strategy: We employed Fully
Sharded Data Parallel (FSDP) to shard param-
eters, gradients, and optimizer states across
ranks. This allows full-parameter fine-tuning of
the 14B model without necessitating parameter-
efficient approximations like LoRA.

• Inference Optimization: To handle exten-
sive rollout generation required by group-based
RL, we integrated vLLM with PagedAttention.
This setup efficiently manages the Key-Value
(KV) cache, enabling high-throughput genera-
tion of long chain-of-thought sequences (up to
8192 tokens) with minimal memory fragmenta-
tion (Dong et al., 2025).

C.2 Task Definition and Evaluation

Training Data and Tokenization. Our training
utilizes the DAPO-Math-17k dataset, which con-
sists entirely of publicly available mathematical
problems with verifiable ground-truth answers, en-
suring data integrity throughout the pipeline (Liu
et al., 2025). We strictly adhere to the Qwen2.5-
Math tokenizer to maintain alignment between su-
pervised fine-tuning (SFT) and the RLVR stage.
We enforce a maximum sequence length of 8192
tokens, a critical setting that permits the model to
explore complex, multi-step reasoning paths with-
out artificial truncation.

Reward Mechanism. We adopt a sparse,
outcome-based reward function. For each query q,
the generated response o is parsed to extract the fi-
nal answer. We utilize the math_verify library for
robust answer extraction and equivalence checking.

r(q, o) =

{
1, if answer matches ground truth
−1, otherwise.

(27)
This binary signal {−1, 1} presents a challenging
exploration landscape (Liu et al., 2023; Liu, 2024),
necessitating the mass-adaptive and risk-sensitive
mechanisms embedded within MASPO.

Benchmark Suite. To provide a holistic assess-
ment of mathematical reasoning, we evaluate on a
diverse set of benchmarks ranging from high school
competitions to collegiate-level problems. Detailed
characteristics are provided in Table 3.

C.3 Configuration and Reproducibility

Optimization Protocol. We utilize the AdamW
optimizer with β1 = 0.9 and β2 = 0.95. To iso-
late the algorithmic contribution of MASPO, we
employ a constant learning rate schedule across
all experiments, avoiding the confounding effects
of warm-up or decay schedules. The global batch
size is set to 512 for rollouts and 32 for updates.
We set the KL penalty coefficient βKL = 0, relying
implicitly on the trust region constraints.

Baseline Configurations. For all baseline algo-
rithms, we adopt the optimal hyperparameter set-
tings reported in their respective original papers
or derived from our best-effort grid search (as de-
tailed in Section D.1). Table 4 lists the specific
configurations used for the main results in Table 1.

D Supplementary Experimental Analysis

D.1 Additional Baseline Experiments

We provide further context for baseline compar-
isons. For Clip Higher, the default εhigh = 0.28 per-
formed poorly on both 1.5B and 7B scales (Figure
5). Following prior exploration strategies (He et al.,
2025), we adopted εhigh = 0.265, which yielded
the competitive results reported in the main Table 1.
For Advantage Reweighting, the default αA = 0.3
underperformed; adjusting to αA = 0.1 improved
results, though it still lagged behind GRPO. Exper-
iments with Entropy Regularization on the 1.5B
scale showed negligible difference compared to
standard GRPO.
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Table 3: Summary of the evaluation benchmarks used to assess model performance.

Benchmark Evaluation Focus & Characteristics

AIME 2024 Focuses on arithmetic precision and robustness against contamination. Requires integer outputs (000–999).

AIME 2025 A strictly held-out set representing the frontier of current reasoning capabilities. Tests generalization to
unseen, complex logical chains.

AMC 2023 Covers foundational algebra, geometry, and counting. Serves as a baseline for competitive mathematical
proficiency.

MATH-500 A representative subset of the MATH dataset, spanning 7 domains including Calculus. Heavily tests LaTeX
parsing and symbolic manipulation.

Minerva Derived from scientific literature, testing higher-order reasoning and domain-specific notation understanding.

OlympiadBench An aggregate of international competitions (IMO, CMO), representing the upper bound of cross-lingual
mathematical logic.

Table 4: Detailed hyperparameter configurations for MASPO and all baselines. The settings listed here correspond
to the results reported in the main experimental table.

Category Algorithm Learning Rate Key Hyperparameters

Common Settings: Global Batch Size = 512, Mini-batch Size = 32, Max Length = 8192, βKL = 0

DeepSeek-R1-Distill-Qwen-1.5B

GRPO

1.0× 10−6

ε = 0.2

Entropy Reg. βE = 0.01

Clip Higher εlow = 0.2, εhigh = 0.265

Adv. Reweighting αA = 0.1

Entropy Adv. αE = 0.4, κ = 2.0

DAC εlow = 0.2, εhigh = 0.2

BAPO
ρ0 = 0.4, a+ = 1.2, b+ = 3.0, a− = 0.6,

b− = 0.9, δ1 = 0.05, δ2 = 0.02

SAPO τneg = 1.05, τpos = 1.0

MASPO σbase = 1, α = 0.5, β = 0.03

DeepSeek-R1-Distill-Qwen-7B

GRPO

4.63× 10−7

ε = 0.2

Clip Higher εlow = 0.2, εhigh = 0.265

Adv. Reweighting αA = 0.1

Entropy Adv. αE = 0.4, κ = 2.0

DAC εlow = 0.2, εhigh = 0.2

BAPO
ρ0 = 0.4, a+ = 1.2, b+ = 3.0, a− = 0.6,

b− = 0.9, δ1 = 0.05, δ2 = 0.02

SAPO τneg = 1.05, τpos = 1.0

MASPO σbase = 1, α = 0.3, β = 0.03

DeepSeek-R1-Distill-Qwen-14B
GRPO

3.27× 10−7 ε = 0.2

MASPO σbase = 1, α = 0.5, βlow = 0.03

D.2 Ablation on SAPO Gating Mechanism

To investigate the instability of SAPO, we mod-
ified it to adopt a unilateral gating form identi-
cal to MASPO—applying the soft Gaussian gat-
ing only when the update is potentially destabi-
lizing, i.e., when (Âi,t > 0 ∧ ρi,t(θ) > 1) or
(Âi,t < 0 ∧ ρi,t(θ) < 1). Unlike SAPO’s bilateral

design, which indiscriminately attenuates all token
updates and suppresses even conservative gradi-
ents, the unilateral form preserves beneficial up-
dates. Experiments on DeepSeek-R1-Distill-Qwen-
1.5B show that this unilateral version avoids the
collapse observed in the original bilateral SAPO.
This variant effectively serves as an ablation of
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Figure 5: Supplementary training dynamics for additional baselines (Clip Higher, Advantage Reweighting, etc.).

MASPO without the Mass-Adaptive Variance and
Risk Controller, further validating the rationale be-
hind MASPO’s unilateral design.

D.3 Complete Hyperparameter Results
Figure 7 and Table 5 detail the full hyperparameter
sweep on DeepSeek-R1-Distill-Qwen-7B. The re-
sults confirm that alongside the primary α = 0.3,
the α = 0.5 also delivers robust and superiority.

D.4 Ablation on Positive Risk Control
We conducted a decoupling experiment on
DeepSeek-R1-Distill-Qwen-1.5B with α = 0.5
and βlow = 0.03, comparing βhigh = 0 against
βhigh = 0.03. The training dynamics in Figure
8 demonstrate that without risk control on posi-
tive samples (βhigh = 0), performance begins to
degrade prematurely. Conversely, enabling posi-

tive risk control prevents early degeneration and
promotes sustained exploration.

D.5 Scalability and Detailed Performance
To further investigate the scalability of our
approach, we applied MASPO to the larger
DeepSeek-R1-Distill-Qwen-14B model. As shown
in Table 6, MASPO demonstrates significant scala-
bility, consistently outperforming the GRPO base-
line across all benchmarks with a +2.8% gain in
average Avg@32. Furthermore, to provide a more
fine-grained understanding of the generation qual-
ity, we report the detailed Pass@k performance on
AIME 2024 and AIME 2025 in Table 7. These re-
sults confirm that MASPO not only achieves higher
accuracy (Pass@1) but also maintains a higher up-
per bound of correct solutions (Pass@32) com-
pared to other strong baselines.
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Figure 6: Ablation study of the SAPO gating mechanism on the 1.5B model. The unilateral design (similar to
MASPO) prevents the training collapse observed in the original bilateral SAPO.
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Table 5: Full hyperparameters comparison on DeepSeek-R1-Distill-Qwen-7B.

Hyperparameters
AIME24 AIME25 AMC23 MATH500 Minerva Olympiad Avg.

A@32 P@32 A@32 P@32 A@32 P@32 A@32 P@32 A@32 P@32 A@32 P@32 A@32 P@32

α = 0.1, β = 0.03 53.1 78.4 41.3 72.0 89.5 97.5 84.1 90.8 38.1 55.5 56.2 70.6 60.4 77.5

α = 0.3, β = 0 54.8 79.8 39.8 58.7 90.3 96.6 84.7 92.9 38.2 55.2 57.3 73.6 60.9 76.1

α = 0.3, β = 0.03 53.2 82.4 42.9 73.2 91.4 95.0 86.0 94.7 39.3 58.6 58.0 74.9 61.8 79.8
α = 0.3, β = 0.1 55.3 85.6 40.1 66.3 90.9 98.7 84.1 92.9 38.2 55.0 55.8 71.4 60.7 78.3

α = 0.5, β = 0 51.5 81.8 41.6 64.6 90.5 97.2 84.4 91.6 38.8 55.9 56.5 71.6 60.6 77.1

α = 0.5, β = 0.03 55.0 82.4 42.5 65.2 91.6 98.3 85.3 92.3 39.3 55.2 58.1 72.3 62.0 77.6

α = 0.5, β = 0.1 56.3 85.2 39.7 60.8 91.0 95.0 83.1 93.5 37.8 58.8 54.8 71.8 60.5 77.5

α = 0.8, β = 0.03 54.9 82.7 40.5 64.8 92.0 97.5 84.8 92.3 40.1 56.4 56.0 72.6 61.4 77.7
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Figure 7: Complete hyperparameter sweep results on the DeepSeek-R1-Distill-Qwen-7B, confirming the robustness
of MASPO across a wider range of hyperparameter settings.
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Figure 8: Ablation study on positive risk control (βhigh) using the 1.5B model.
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Table 6: Performance results on the DeepSeek-R1-Distill-Qwen-14B model. We report Avg@32 and Pass@32.

AIME24 AIME25 AMC23 MATH500 Minerva Olympiad Average

Method A@32 P@32 A@32 P@32 A@32 P@32 A@32 P@32 A@32 P@32 A@32 P@32 A@32 P@32

GRPO 56.6 82.9 40.5 67.8 92.2 97.4 66.5 70.4 22.6 35.3 43.2 50.7 53.6 67.4
MASPO 63.5 86.1 45.3 72.4 93.4 99.9 66.8 73.3 24.6 41.4 45.0 53.7 56.4 71.1

Table 7: Detailed Pass@k performance on AIME 2024 and AIME 2025 across all model scales.

Method Pass@1 Pass@2 Pass@4 Pass@8 Pass@16 Pass@32

Backbone: DeepSeek-R1-Distill-Qwen-1.5B (AIME 2024)

GRPO 33.2 43.2 53.2 61.6 67.9 71.8
Clip Higher 36.6 44.8 52.4 59.7 65.9 70.1
DAC 400 40.0 49.7 58.4 65.3 70.2 73.6
Entropy Adv 29.6 39.8 49.0 56.5 62.6 67.8
BAPO 38.3 47.6 55.3 62.1 67.9 72.3
SAPO 39.3 48.3 56.3 63.4 69.6 73.7
MASPO 41.0 51.4 60.3 67.5 72.2 74.8

Backbone: DeepSeek-R1-Distill-Qwen-1.5B (AIME 2025)

GRPO 27.7 33.0 38.1 42.6 46.5 49.9
Clip Higher 30.1 34.8 39.7 45.0 50.8 55.8
DAC 400 28.7 34.1 39.0 43.6 48.0 51.2
Entropy Adv 23.9 29.0 32.9 37.0 41.1 44.2
BAPO 28.0 33.0 37.5 42.8 49.3 55.7
SAPO 28.0 32.1 36.0 40.8 45.7 49.9
MASPO 28.4 33.9 39.3 45.1 51.6 58.0

Backbone: DeepSeek-R1-Distill-Qwen-7B (AIME 2024)

GRPO 48.2 58.0 66.6 73.4 78.6 82.5
Clip Higher 47.4 56.7 65.0 72.6 78.4 82.4
DAC 400 50.2 59.5 67.0 72.8 77.9 81.2
Entropy Adv 49.1 59.8 68.9 75.4 79.4 81.5
BAPO 47.1 56.5 64.9 71.7 76.8 80.3
SAPO 47.5 56.7 64.6 71.3 76.3 79.2
MASPO 53.2 66.2 70.0 75.6 79.9 82.4

Backbone: DeepSeek-R1-Distill-Qwen-7B (AIME 2025)

GRPO 37.4 44.4 50.8 55.2 58.1 60.5
Clip Higher 37.4 44.9 52.1 58.2 63.3 67.2
DAC 400 36.2 43.4 50.6 56.3 59.6 61.7
Entropy Adv 34.4 41.0 46.4 50.3 54.0 58.1
BAPO 37.7 44.5 50.3 54.2 56.7 58.4
SAPO 35.3 41.4 47.4 51.6 55.3 58.0
MASPO 42.9 50.7 57.3 63.4 68.9 73.2

Backbone: DeepSeek-R1-Distill-Qwen-14B

Dataset: AIME 2024
GRPO 60.0 69.3 76.0 79.8 81.9 82.9
MASPO 63.5 72.4 77.7 81.4 84.4 86.1

Dataset: AIME 2025
GRPO 42.0 48.4 54.2 60.1 64.7 67.8
MASPO 45.3 52.2 58.2 63.7 68.4 72.4
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