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Abstract

Reinforcement Learning with Verifiable Re-
wards (RLVR) offers a promising framework
for optimizing large language models in rea-
soning tasks. However, existing RLVR algo-
rithms focus on different granularities, and
each has complementary strengths and limi-
tations. Group Relative Policy Optimization
(GRPO) updates the policy with token-level im-
portance ratios, which preserves fine-grained
credit assignment but often suffers from high
variance and instability. In contrast, Group Se-
quence Policy Optimization (GSPO) applies
single sequence-level importance ratios across
all tokens in a response that better matches
sequence-level rewards, but sacrifices token-
wise credit assignment. In this paper, we pro-
pose Dynamic Hybrid Policy Optimization
(DHPO) to bridge GRPO and GSPO within
a single clipped surrogate objective. DHPO
combines token-level and sequence-level im-
portance ratios using weighting mechanisms.
We explore two variants of the mixing mech-
anism, including an averaged mixing and an
entropy-guided mixing. To further stabilize
training, we employ a branch-specific clip-
ping strategy that constrains token-level and
sequence-level ratios within separate trust re-
gions before mixing, preventing outliers in
either branch from dominating the update.
Across seven challenging mathematical reason-
ing benchmarks, experiments on both dense
and MoE models from the Qwen3 series show
that DHPO consistently outperforms GRPO
and GSPO. Our code is publicly available at
https://github.com/XMUDeepLIT/DHPO.

1 Introduction

Reinforcement Learning with Verifiable Rewards
(RLVR) has emerged as a central paradigm for opti-
mizing large language models (LLMs), particularly
in verifiable reasoning tasks such as mathematics
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and programming, where solutions can be auto-
matically checked by rule-based verifiers. Despite
its promise, achieving stable policy optimization
in RLVR remains a significant challenge. Recent
methods like Group Relative Policy Optimization
(GRPO) (Shao et al., 2024) and Group Sequence
Policy Optimization (GSPO) (Zheng et al., 2025)
have demonstrated scalability, yet exhibit inherent
limitations that affect robustness and generaliza-
tion.

GRPO applies token-level importance ratios,
which can be misaligned with RLVR rewards that
are typically defined at the sequence level (Zheng
et al., 2025; Tan and Pan, 2025). As training pro-
gresses, token-level importance ratios tend to ex-
hibit high variance, making updates unstable and
sensitive to outliers (Zhao et al., 2025). Although
GRPO employs clipping to control this variance,
overly tight clipping can suppress necessary explo-
ration and cause the policy to collapse into repet-
itive low-diversity outputs too early. GSPO ad-
dresses this mismatch by defining importance ratios
at the sequence level, using a geometric mean over
token likelihoods to stabilize optimization (Zheng
et al., 2025). However, this uniform assignment
means all tokens within a sequence share the same
importance ratio and advantage, which obscures
fine-grained, token-level credit assignment. Over-
all, GRPO provides fine-grained token-level up-
dates but often suffers from high variance, whereas
GSPO offers more stable sequence-level updates
but can be overly coarse. This analysis indicates
that, within the RLVR framework, purely token-
level or purely sequence-level optimization alone
is inadequate for complex reasoning tasks.

To address this issue, we propose Dynamic
Hybrid Policy Optimization (DHPO), a unified
approach that integrates both perspectives within
a single clipped surrogate objective. The core idea
is to replace a single-level importance ratio with
a hybrid mixing of token-level and sequence-level
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ratios. We explore two variants of the mixing
mechanism, including an averaged mixing and an
entropy-guided mixing. The token entropy under
the current policy provides a lightweight uncer-
tainty signal. When uncertainty is high, DHPO
assigns greater weight to token-level ratios to pre-
serve fine-grained local information; as confidence
grows, it shifts emphasis toward sequence-level ra-
tios to promote globally consistent updates. To fur-
ther stabilize optimization, we introduce a branch-
specific clipping strategy, which constrains the
token-level and sequence-level ratios within sepa-
rate trust regions before combining them. This
prevents outlier behavior in either branch from
dominating the combined update. Together, hy-
brid weighting and branch-specific clipping yield
trajectory-aware updates that retain the expressive-
ness of token-level learning while benefiting from
the stability of sequence-level correction.

We evaluate DHPO within the SimpleRL frame-
work (Zeng et al., 2025) on a suite of mathematical
reasoning benchmarks on dense and MoE models
from the Qwen3 series (Yang et al., 2025a) with dif-
ferent scale. Our method consistently outperforms
both GRPO and GSPO in all settings. Particularly,
on the Qwen3-30B-A3B-Base, DHPO improves ac-
curacy on AIME24 from 22.5% (GRPO) to 34.4%,
AIME2S5 from 14.6% to 26.5%. On average, it ex-
ceeds GRPO by about 4.9% and GSPO by 4.3%.
These results highlight the value of adaptively bal-
ancing token-level and sequence-level optimization,
rather than committing to either granularity.

2 Preliminaries

In this section, we introduce GRPO and GSPO,
both of which are the basis of our work.

2.1 GRPO

Group Relative Policy Optimization (GRPO) (Shao
et al., 2024) is a reinforcement learning method by
using group-based advantages with token-level im-
portance ratios. Given a query ¢, GRPO samples
a group of GG responses {oi}icil from a behavior
policy g, . Each response o; receives a scalar
reward u;. For each query, GRPO constructs a
group-relative advantage for each response as fol-
lows

,UG)
,UG)

u; — mean(uy, ug, . . .

A= SN

std(ug,ug, . ..

where u; denotes the sequence-level reward of re-
sponse 0;. The same advantage A; is then uni-

formly assigned to all tokens within the correspond-
ing response.

The policy update in GRPO applies PPO-style
clipping at the token level. It utilizes the following
token-level importance ratio

70(0i¢ | ¢, 0i,<t)

ﬂ-eold(oiyt | q, 0i,<t)’

rit(0) = (2)
where 0;; denotes the t-th token of the i-th re-
sponse o;, and o0; <4 is its preceding context.
The clip operator is defined element-wise as
clip(xz,a,b) = min(max(z,a),b), with asym-
metric bounds 1 — 5{8‘@6“ and 1 + 8}1‘}];1“, where
gioken 5{32%" > 0 control the maximum allowable
relative decrease and increase of the token-level
ratio, respectively. This yields the objective:
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A central challenge with GRPO arises from the
misalignment between the granularity of its off-
policy correction and its supervision: while the cor-
rection is applied at the token level, the reward sig-
nal is provided only at the sequence level. This mis-
alignment can cause token-level importance ratios
to exhibit high variance, especially in long-horizon
generation tasks. Consequently, the clipping strat-
egy is frequently activated, which may constrain
effective learning and limit the stability of policy
updates over time (Zhao et al., 2025; Zheng et al.,
2025; Tan and Pan, 2025).

2.2 GSPO

Group Sequence Policy Optimization
(GSPO) (Zheng et al., 2025) operates under
the same group-based sampling and advantage con-
struction framework as GRPO, but fundamentally
shifts the unit of optimization from the token level
to the sequence level. Specifically, GSPO defines a
length-normalized sequence-level importance ratio
for each response:

1

(0 | C]))) |oi|7
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where the exponent ﬁ serves to mitigate the ex-
ponential growth of raw sequence likelihood ratios.
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To retain token-level gradients while applying this
trajectory-level scaling factor, GSPO constructs a
token-wise adjustment term

' m9(0it | q,0i.<t)
sg[mo(0it | 4, 0i<t)]’

si+(0) = sg[si(0)] )

which preserves token-level gradients while enforc-
ing the sequence-level scaling. GSPO then applies
PPO-style clipping to the sequence-level impor-
tance ratio:

EGSPO(Q) = EQNP(Q)vOi,t’Vﬂ'Q('l% 0i,<t) [
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By basing the importance correction on a trajectory-
level statistic, GSPO better aligns the optimization
signal with the sequence-level reward, which typ-
ically leads to more stable updates compared to
GRPO. However, this approach introduces a key
limitation: because the same sequence-level ratio is
applied to all tokens within a response, fine-grained
credit assignment at the token level is obscured.
This can be particularly detrimental in reasoning
tasks, where only a critical subset of tokens deter-
mines the final outcome. Furthermore, to maintain
stability under significant policy shifts, GSPO often
requires conservative clipping thresholds, which
may over-constrain updates and reduce learning
efficiency.

3 Methods

In this section, we give a detailed description of
DHPO. The core motivation behind DHPO is to
jointly leverage two complementary sources of
information: (i) fine-grained token-level signals,
which are crucial for local credit assignment and en-
abling nuanced exploration, and (ii) coarse-grained
sequence-level signals, which naturally align with
sequence-level rewards and provide a more glob-
ally consistent correction to the policy distribution.

In the following, we first formulate the main
objective of DHPO based on a hybrid importance
ratio. We then describe two weighting strategies for
combining token-level and sequence-level ratios.
Finally, we introduce a branch-specific clipping
strategy and analyze the resulting gradient formu-
lation.

31

Motivated by the complementary strengths and re-
spective limitations of GRPO and GSPO, we pro-
pose to replace their single-level importance ra-
tio with a mixture of token-level and sequence-
level ratios. This design allows the update rule
to smoothly interpolate between token-wise cor-
rection and sequence-wise stabilization in a data-
dependent manner.

Formally, we optimize a PPO-style clipped sur-
rogate objective defined as follows:

Main Objective

Lpupo(0) = EgnP(@Q), 01,1~ (14, 01,<1) [
G loi

1 1

@2 o

|
2 min (mi7t(¢9)Ai, mi,t(é’)Ai)] ,
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where GG denotes the group size, o; is the i-th sam-
pled response, and A; is its estimation of group
advantage. Here, m; +(0) is the mixed importance
ratio for the ¢-th token of the i-th response, while
m;(0) is its clipped counterpart induced via a
branch-specific clipping strategy detailed in Sec-
tion 3.3.

Concretely, we define the mixed importance ra-
tio as a convex combination of the token-level ratio
and the sequence-level ratio:

M1 (0) = wi it (0) + (1 —wiy) sie(0), (8)
where the token-level ratio 7; ; () facilitates fine-
grained, per-token credit assignment, whereas the
sequence-level ratio s; +(6) encapsulates the gen-
eral change in the response probability and aligns
directly with sequence-level rewards. The mix-
ing weight w; ;€[0, 1] controls the contribution of
each component, enabling a continuous interpola-
tion between a GRPO-like token-level update and
a GSPO-like sequence-level update. In this work,
we try two ways to define w; ;: Averaged Mixing
and Entropy-guided Mixing, both described in the
following Section 3.2.

3.2 Hybrid Weighting of Importance Ratios

We mainly consider the following two definitions
of wj 4

Averaged Mixing. We begin with a simple and
canonical instantiation where the mixing weight is
held constant across all tokens and samples. Specif-
ically, we set w;; = 0.5, which corresponds to
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taking an arithmetic average of the token-level
and sequence-level importance ratios. This aver-
aged mixing mechanism provides a straightforward,
hyperparameter-free interpolation between GRPO-
style token-level updates and GSPO-style sequence-
level updates. It yields a time-invariant and sample-
invariant hybrid signal, serving as a robust and sta-
ble default configuration. Due to its simplicity and
consistency, averaged mixing establishes a strong
baseline that already captures the complementary
benefits of both granular token-wise correction and
global sequence-level stabilization.

Entropy-guided Mixing. Building on the aver-
aged formulation, we further consider a refined
weighting mechanism that conditions the mixing
weight on the local uncertainty of the policy. For
each sampled response o; and token position ¢, we
compute the token-level entropy under the current
policy:

Hi,t(e) = - ZW9<U ‘ q70i,<t) 1Og 779(1] ’ q70i7<t>7

veY
©))
where V is the vocabulary. This entropy measures
the uncertainty of 7y (- | ¢, 0 <¢): higher values in-
dicate a more diffuse distribution over candidate to-
kens, whereas lower values indicate a more peaked
distribution.
We then convert H; ; () into a mixing coefficient
wj ¢ via a squashed transformation:

wit = g(sg[Hir(0)]) € [0,1], (10)

where ¢(-) denotes a min-max normalization to
map entropy into a stable weighting range.

Under this mechanism, the mixing weight places
relatively more emphasis on the token-level ratio
7i+(0) when the policy exhibits higher uncertainty,
thus preserving fine-grained local signals that sup-
port exploration. As the policy becomes more con-
fident, the weight shifts towards the sequence-level
ratio s;¢(#), favoring updates that are more con-
sistent with the global reward structure. In this
way, entropy-guided mixing offers a principled re-
finement over uniform averaging by modulating
the balance between local credit assignment and
global stabilization according to the policy’s local
uncertainty.

3.3 Branch-Specific Clipping

Clipping the importance ratio is a key stabiliza-
tion technique in PPO-style policy optimization. It

constrains policy updates by truncating excessively
large deviations between current and previous poli-
cies, thereby preventing a small number of high-
leverage samples from dominating the gradient es-
timation. A key challenge when using hybrid im-
portance ratios is that the token-level and sequence-
level branches exhibit markedly different numer-
ical behaviors. Token-level ratios r;.(6), while
allowing for fine-grained correction, are prone to
high variance and can become noisy. In contrast,
sequence-level ratios s; ;(#) aggregate probability
changes over entire responses, which can lead to
extreme values due to multiplicative effects across
long trajectories. Applying a single, shared clip-
ping range to the combined ratio m; () is there-
fore suboptimal: overly tight clipping may suppress
useful local signal from r; (#), while overly loose
clipping may fail to control instability arising from
large deviations in s; +(6).

To address this issue, we propose a branch-
specific clipping strategy that clips each ratio inde-
pendently within its own trust region before mix-
ing:

Mit(0) = wig - clip(rie(6), 1—eios™, 1+eiggn’)
+ (1 — wiy) - clip(s;(0), 1 —epoa, 1+ Ef]?gh).
(11)

This formulation decouples the clipping coeffi-
cients 5{85%@ and elsggv/high, independent control
over the trust regions for local (token-level) and
global (sequence-level) corrections independently.

Importantly, clipping prior to mixing preserves
the intended semantics of each component: each
ratio is constrained to remain within its own ad-
missible update range, preventing an outlier value
in one branch from unduly influencing the com-
bined update. Branch-specific clipping strategy
thus complements hybrid weighting by providing
fine-grained stabilization for each component, en-
abling a more balanced bias—variance trade-off. To-
gether, these mechanisms support stable yet expres-
sive policy updates that can leverage token-level
exploration when beneficial while maintaining the
global consistency afforded by sequence-level opti-
mization.

3.4 Gradient Analysis

We now analyze the gradient of the proposed hybrid
importance ratio to explain how DHPO provides
a unified and generalized perspective on existing
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policy optimization methods. For clarity, we con-
sider the gradient of the unclipped surrogate ob-
jective with respect to 0, noting that the clipping
operation does not affect the gradient form in the
non-saturated regime. Taking the derivative, we
obtain

Vo Lpnro(0) = VGEQNP(Q)7O7T,£N7F9('|% 0i,<t)[

1G
oL

|os ]

o 2 (04

G
1 1
= Eqnp(@)onsmmallaconen) | G 20 ToT O
= t=1

mi(0)A; - Vglogmg(ois | g, 0i,<t)}- (12)

This formulation reveals that DHPO unifies
GRPO and GSPO within a single gradient frame-
work. In comparison, GRPO relies exclusively on
token-level importance sampling, which often re-
sults in high-variance updates, while GSPO applies
a uniform sequence-level correction that obscures
token-wise credit assignment, DHPO smoothly in-
terpolates between these two extremes, thereby
achieving fine-grained token-level learning sig-
nals while retaining the stability advantages of
sequence-level correction.

4 [Experiments

4.1 Setup

All models are trained using VERL frame-
work (Sheng et al., 2024) with vLLM (Kwon et al.,
2023) as the rollout engine. We deploy training on a
cluster of 4 nodes, each equipped with 8xXNVIDIA
H100 GPUs (32 GPUs in total). For policy train-
ing, we use the SimpleRL dataset (8,192 exam-
ples) (Zeng et al., 2025). Input prompts are trun-
cated to a maximum of 1,024 tokens, and model
responses are limited to 4,096 tokens. During roll-
outs, we employ a prompt batch size of 512, with
each prompt generating 16 responses at a tempera-
ture of 1.0. The actor learning rate is 1 x 1075,
We evaluate the performance of models on a
suite of math reasoning benchmarks using the
SimpleRL framework (Zeng et al., 2025) us-
ing a decoding temperature of 1.0. The bench-
marks include AIME 2024/2025 (Art of Prob-
lem Solving, 2024a), AMC 2023 (Art of Prob-
lem Solving, 2024b), OlympiadBench (He et al.,
2024), MATH-500 (Hendrycks et al., 2021),
Minerva Math (Lewkowycz et al., 2022), and

GSMSK (Cobbe et al., 2021). For all tasks, the
maximum response length is set to 16K tokens.
The results of AIME24/25 are reported as Pass@ 1
averaged over 32 samplings (Avg@32), while the
results of AMC23 are reported as Pass@1 averaged
over 4 samplings (Avg@4). The complete hyper-
parameter and evaluation details are provided in
Appendix D. We compare DHPO with represen-
tative RLVR algorithms, including GRPO, GSPO,
GMPO, and CISPO, under the same training and
evaluation settings. Detailed descriptions of the
compared RLVR algorithms and their differences
are provided in Appendix C.

4.2 Main Results

Table 1 presents the comprehensive performance
comparison across three model scales: Qwen3-
1.7B-Base, Qwen3-4B-Base, and Qwen3-30B-
A3B-Base. Across nearly all benchmarks and
model sizes, our proposed DHPO variants (DHPO-
A representing DHPO with averaged mixing and
DHPO-E representing DHPO with entropy-guided
mixing) consistently outperform the baseline meth-
ods, demonstrating the robustness and scalability
of our framework (Yang et al., 2025a).

On Qwen3-1.7B-Base, DHPO achieves notable
improvements on several challenging benchmarks.
Specifically, DHPO with entropy-guided mixing
increases the accuracy on AIME24 from 9.0%
(GRPO) to 15.9%, on AMC23 from 41.2% to
52.5%, and on OlympiadBench from 33.3% to
39.7%, surpassing the baseline of GRPO by approx-
imately 4.6% on average. These results indicate
that our entropy-guided mixing effectively balances
fine-grained token-level updates with the stabiliz-
ing influence of sequence-level updates, leading
to more stable convergence and better generaliza-
tion even for smaller-capacity. A similar trend
holds for the larger Qwen3-30B-A3B-Base model,
particularly on challenging benchmarks such as
AIME24 and AIME2S5, where DHPO with entropy-
guided mixing attains 34.4% and 26.5%, respec-
tively—demonstrating the method’s scalability and
robustness across model sizes.

Overall, DHPO consistently outperforms GRPO
and GSPO across diverse reasoning tasks and
model scales. The improvements are especially evi-
dent on challenging mathematical reasoning bench-
marks. This entropy-guided hybrid mechanism is
more effective than rigidly committing to a single
granularity, leading to more robust and general-
izable policy optimization in verifiable reasoning
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AIME24  AIME25

AMC23 Olympiad MATH Minerva

Algorithm ' ©32) (Avg@32) (Avg@d) Bench 500 Math COMSK AVG
Owen3-1.7B-Base
GRPO 9.0 7.0 41.2 333 71.8 30.5 85.5 39.7
GSPO 9.2 7.2 419 33.9 70.8 27.2 85.0 39.3
GMPO 12.9 8.5 49.4 37.3 73.4 30.1 84.5 42.3
CISPO 15.6 11.1 48.8 39.0 75.6 31.6 85.4 43.8
DHPO-A 14.6 9.4 45.0 35.7 76.6 31.6 85.6 42.6
DHPO-E 15.9 9.1 52.5 39.7 76.4 30.5 86.1 44.3
Owen3-4B-Base
GRPO 21.5 19.9 65.6 48.0 834 39.3 94.2 53.1
GSPO 24.6 19.8 67.5 49.3 84.6 36.8 92.8 53.6
GMPO 249 18.2 67.5 49.3 86.6 37.1 92.7 53.7
CISPO 234 20.0 70.6 52.6 86.2 37.1 93.3 54.7
DHPO-A 24.9 21.2 70.0 52.3 87.2 38.2 94.1 55.4
DHPO-E 223 20.5 66.2 51.0 86.8 39.7 94.0 54.3
Owen3-30B-A3B-Base
GRPO 22.5 14.6 75.0 51.6 85.6 39.3 95.0 54.8
GSPO 253 15.4 74.4 49.6 85.8 43.8 93.7 55.4
GMPO 30.3 21.5 75.0 56.7 90.2 41.9 95.3 58.7
CISPO 17.7 13.8 66.2 48.3 84.8 41.5 94.8 52.4
DHPO-A 324 24.1 75.6 54.2 89.2 43.8 95.5 59.2
DHPO-E 34.4 26.5 76.9 52.3 92.4 40.8 94.8 59.7

Table 1: Overall model performance across models. DHPO-A represents DHPO with averaged mixing, while
DHPO-E represents DHPO with entropy-guided mixing. The results highlight the consistent improvements brought
by DHPO. The bold represents the best performance among algorithms.

tasks.

4.3 Analysis

From Exploration to Accuracy. Figure 1 re-
veals a unified training dynamic rather than three
independent curves. When entropy does not col-
lapse prematurely, the policy continues to sam-
ple diverse trajectories. This sustained diversity
is crucial for supporting long-horizon reasoning,
which is reflected in the increasing and stable re-
sponse lengths observed during training. In turn,
longer trajectories improve performance on verifi-
able reasoning tasks, where multi-step derivations
and intermediate computations are often necessary
to reach a correct solution. The overall trend there-
fore follows a clear chain: preserved entropy en-
ables continued exploration, exploration sustains
longer reasoning, and longer reasoning leads to
higher averaged accuracy.

Stabilization with Hybrid Clipping. In RLVR,
rewards are defined at the sequence level, yet
GRPO applies token-level PPO-style reweighting
with symmetric clipping (e.g.  €low=€nigh=0.2).
Under such clipping, high-probability tokens

are driven extremely close to 1, whereas low-
probability tokens are tightly capped and strug-
gle to receive meaningful probability updates (Yu
et al., 2025; Yang et al., 2025b). This asymmetric
effect accelerates the concentration of the policy
distribution. As training progresses, sampled re-
sponses within each group become increasingly
similar, eroding the contrast of group-based advan-
tages and degrading the quality, as evidenced by the
rapid collapse of both entropy and mean response
length in Figure 1(a,b).

DHPO mitigates this entropy collapse by sta-
bilizing importance weighting while preserving
exploratory capacity. We clip both token-level
and sequence-level ratios with decoupled ranges
([0.2,0.28] for both branches (Yu et al., 2025)).
This allows for genuinely useful but initially un-
likely actions to gain probability mass more eas-
ily, preventing the policy from prematurely over-
committing to a narrow mode. Together, these
design choices help maintain a non-deterministic
policy (Figure 1(a)), which in turn supports longer
trajectories (Figure 1(b)) and yields higher average
accuracy (Figure 1(c)).
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(a) Entropy

(b) Mean Response Length

(c) Average Accuracy

16001 444
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Figure 1: (a) Mean response length across training steps on Qwen3-1.7B-Base for different algorithms. GRPO
collapses to shorter responses, while GSPO gradually increases response length. DHPO yields consistently longer
and more stable responses. (b) Training dynamics of policy entropy on Qwen3-1.7B-Base over training steps.
All methods exhibit a rapid entropy drop in the early stage. Compared with GRPO and GSPO, DHPO maintains
consistently higher entropy in the later stage. (c) Average accuracy over seven benchmarks on Qwen3-1.7B-Base
across training steps. GRPO and GSPO improve steadily but exhibit larger fluctuations and lower final performance.
In contrast, DHPO achieves consistently higher accuracy.

Entropy-Guided vs. Averaged Mixing The two
hybrid variants of DHPO differ primarily in how
they mix token-level and sequence-level impor-
tance ratios throughout training. The averaged
mixing uses a fixed weight on token-level ratios
ensuring that token-level signals continue to con-
tribute even in later training stages, thereby main-
taining stronger exploratory pressure. In contrast,
the entropy-guided mixing dynamically adjusts the
mixing weight based on local policy uncertainty: it
assigns greater weight to token-level ratios when
uncertainty is high, and gradually shifts emphasis
toward sequence-level ratios as the policy becomes
more confident. The two variants emphasize dif-
ferent priorities, where the averaged mixing pri-
oritizes sustained exploration, while the entropy-
guided mixing emphasizes adaptive variance con-
trol, avoiding a return to entropy collapse. Impor-
tantly, both variants operate within a healthy regime
where the entropy does not vanish and the response
length does not regress. Consequently, both suc-
cessfully translate sustained exploration into con-
sistent accuracy gains across all seven benchmarks,
as shown in Figure 1(c).

4.4 Ablation Study

To investigate the effectiveness of each compo-
nent in DHPO, we compare two configurations:
1) Unified Clip, which applies a single clipping
range directly to the mixed importance ratio; 2)
Branch-Specific Clip, which clips token-level and
sequence-level ratios in separate trust regions be-

Unified Clip
1.0 — Branch-Specific Clip
0.15; ‘
0.81 /
: \’/ﬂ\
2 /
£0.6] 010 \
) / \
= /
0.4 /
0.21 ’/" 0.05 50 100 150 200 250 300 350 400 \
| ]
0 50 100 150 200 250 300 350 400

Steps

Figure 2: Training dynamics of policy entropy on
Qwen3-1.7B-Base across training steps. Compared to
Unified Clip, Branch-Specific Clip prevents outlier
ratios from dominating the update and preserves explo-
ration, yielding consistently higher entropy in the later
stage.

fore mixing (Equation 11). The core motivation for
branch-specific clipping is that it explicitly bounds
each component within its own admissible range,
preventing an outlier ratio in one branch from dom-
inating the combined update and thus yielding a
more stable and balanced gradient signal.

Empirically, the branch-specific design improves
stability and preserves exploration. As shown in
Figure 2, although both methods exhibit a similar
initial drop in policy entropy, Branch-Specific Clip
maintains consistently higher entropy in later train-
ing stages. This indicates a sustained exploratory
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Figure 3: Averaged accuracy over seven benchmarks
on Qwen3-1.7B-Base across training steps. While
both methods reach similar final performance, Branch-
Specific Clip exhibits noticeably smoother progress
with smaller oscillations than Unified Clip, suggesting
that clipping token-level and sequence-level ratios in
separate trust regions reduces update variance and yields
more stable optimization.

capacity and a reduced tendency toward premature
deterministic behavior. In terms of final tasks per-
formance, Figure 3 shows that both configurations
achieve comparable average accuracy across seven
benchmarks. However, Branch-Specific Clip pro-
gresses more smoothly, with noticeably smaller os-
cillations throughout training, suggesting reduced
update variance and more stable optimization dy-
namics. Detailed training curves for each bench-
mark are provided in Appendix Figure 4, which
further confirms that Branch-Specific Clip broadly
follows the same upward trend as Unified Clip,
while exhibiting less oscillatory updates on several
datasets.

5 Related Work

Reinforcement learning (RL) for language mod-
els is commonly built on policy-gradient methods
such as REINFORCE (Williams, 1992) and Prox-
imal Policy Optimization (PPO) (Schulman et al.,
2017), where policy updates are guided by training
signals from either a learned reward model or a
rule-based verifier. To alleviate the computational
cost and training instability of PPO-style methods,
GRPO (Shao et al., 2024) removes the critic and
instead estimates advantages through group-wise
comparisons among sampled responses.

Building on this line of work, recent RLVR meth-
ods have focused on improving optimization sta-
bility, credit assignment, and robustness to gen-
eration length. For example, DAPO (Yu et al.,
2025) decouples clipping to mitigate entropy col-
lapse, adopts dynamic sampling, and introduces

over-length penalties to better handle truncation
and excessively long generations. Beyond modifi-
cations to the optimization objective, some work
targets the rollout bottleneck in on-policy train-
ing. SPEC-RL (Liu et al., 2026a), for instance,
accelerates RL by reusing overlapping trajectory
segments through speculative rollouts, thereby re-
ducing rollout cost while remaining compatible
with algorithms such as PPO, GRPO, and DAPO.

Another closely related research direction con-
cerns entropy control, motivated by the obser-
vation that RL training for language models of-
ten suffers from entropy collapse or explosion.
HEAL (Liu et al., 2026b) studies entropy col-
lapse in few-shot RLVR and combines high-value
general-domain data with entropy-dynamics align-
ment to encourage exploration in low-resource set-
tings. QAE (Wu et al., 2025) replaces mean-based
group advantages with a k-quantile estimator to re-
duce over-penalization of negative-advantage sam-
ples. SIREN (Jiang et al., 2025) introduces se-
lective entropy regularization via entropy mask-
ing, focusing regularization on a meaningful sub-
set of tokens. AEPO (Wang et al., 2025) regu-
lates entropy through temperature-adjusted regu-
larization toward a desired entropy regime, while
STEER (Hao et al., 2025) adaptively reweights
tokens based on entropy-change trends to avoid
overly rapid entropy decay.

In parallel, several works revisit the mismatch
between token-level optimization and sequence-
level rewards. To better align the optimization tar-
get with sequence-level supervision, GSPO (Zheng
et al., 2025) shifts policy optimization to the se-
quence level, while GMPO (Zhao et al., 2025)
adopts a geometric-mean aggregation to sup-
press token-level outliers. FSPO (Mao et al.,
2025) further improves sequence-level optimiza-
tion by proposing length-fair clipping. Relatedly,
GTPO (Tan and Pan, 2025) assigns token-level
entropy-weighted rewards, whereas GRPO-S (Tan
and Pan, 2025) adopts sequence-level entropy-
weighted rewards, both aiming to better align opti-
mization granularity with reward signals.

Another important line of work refines the
clipping mechanism itself to better control high-
variance updates. Representative examples in-
clude DCPO (Yang et al., 2025b), which introduces
token-adaptive clipping ranges; CISPO (Chen et al.,
2025), which clips importance-sampling weights;
and GPPO (Su et al., 2025), which restores gra-
dients from clipped tokens to reduce optimization
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bias.

Despite these advances, existing methods typi-
cally commit to either token-level or sequence-level
policy optimization. To the best of our knowledge,
our work is the first attempt to unify token-level and
sequence-level policy optimization within a single
clipped surrogate objective via a hybrid importance
ratio, enabling a continuous interpolation between
fine-grained credit assignment and sequence-level
stabilization.

6 Conclusion

Reinforcement Learning with Verifiable Rewards
(RLVR) has shown strong potential for improv-
ing LLMs on mathematical reasoning, but existing
methods face a trade-off between high-variance
token-level importance ratios and overly coarse
sequence-level ones. To leverage the complemen-
tary strengths of both perspectives, we propose
Dynamic Hybrid Policy Optimization (DHPO),
which unifies token-level and sequence-level im-
portance ratios within a single clipped surrogate
objective. DHPO supports both a simple averaged
mixing strategy and an entropy-guided variant that
adapts the balance between the two granularities
over the course of training. To further enhance ro-
bustness, we introduce branch-specific clipping to
constrain each ratio branch in its own trust region
before mixing. Across seven mathematical reason-
ing benchmarks and three model scales, DHPO con-
sistently outperforms GRPO and GSPO, while ex-
hibiting healthier training dynamics and smoother
performance improvements.

Limitations

DHPO is empirically effective, but our evaluation
remains limited in scope. Although we observe
consistent gains on three Qwen3 backbones (1.7B,
4B, and 30B-A3B), our experiments are restricted
to a single model family with shared pretraining ob-
jectives and tokenizer design. We do not extend the
study to other architectures or pretraining recipes,
such as models with different tokenization schemes,
scaling behaviors, or architectural variants, which
may interact differently with hybrid importance
weighting. As a result, the generality of our find-
ings across broader LLM ecosystems remains to
be further validated. In addition, due to compu-
tational constraints, we compare DHPO against a
focused set of representative RLVR baselines rather
than conducting an exhaustive evaluation over the

full spectrum of RLVR algorithms and stabilization
techniques. While these baselines cover both token-
level and sequence-level optimization paradigms, a
more comprehensive comparison could reveal addi-
tional insights into how hybrid importance mixing
interacts with alternative variance-reduction or clip-
ping strategies.
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A Detailed Gradient Analysis

In this section, we provide a detailed derivation of
the policy gradient for DHPO. For clarity of expo-
sition, we omit the clipping operator and focus on
the unclipped surrogate objective, as the gradient
form remains unchanged within the non-saturated
region.

Starting from the definition of the objective, the
gradient can be written as

VoLouro(0) = VoEqp(Q), o; o la, oi,<t)[

G A~
mi7t(«9)AZ1 . 13)

By exchanging the gradient and expectation under
standard regularity assumptions, we obtain

VoLoupo(0) = Eqp(Q), 01,0~ (-la,01,<1) [
G
1
G2
i=1
Recall that the mixed importance ratio is defined
as m@t(@) = Wi ri,t(ﬁ) -+ (1 — wi7t) Si’t((g). Since
the mixing weight w; ; is treated as a fixed coeffi-
cient with respect to 6, it does not contribute to the

gradient. Therefore, the gradient of the mixed ratio
can be written as

|oi]

! ngmi,t(emi] (14)
t=1

|oi]

ngm (0) = mw (G)VQ log mm ((9)
=m;(0)Vglog (wm ri4(0) + (1 —w;y) SM(G))
w; ¢ Vori1(0) + (1 — w; ) Vosi(6)
’wm ri,t(G) + (1 - wi’t) Siﬂg(g) '
(15)

= mm(e)

Notably, both the token-level ratio 7;:(f) and
the sequence-level ratio s; +(6) depend on 6 only
through the same policy likelihood term 74 (0; ¢ |
q,0i,<t). As aresult, their gradients share an iden-
tical score-function form, yielding

Vom; 1(0) = m;(0)Vglogmo(oit | ¢,0i<t)-
(16)
Substituting this result back into the objective
gradient, we finally obtain

VoLoupo(0) = EgnP (@), 01,1770 (14, 01,<1) [
|oi|

1 1 i
Ie > Torl > miy(0)A;
=1 195

Vologmo(ois | g,01<)]. (17)

This expression highlights that DHPO preserves
the standard policy-gradient structure, with the
mixed importance ratio m; ((#) acting as a mul-
tiplicative modulation on the score function. Com-
pared to GRPO, which relies solely on token-
level ratios and GSPO, which assigns a uniform
sequence-level weight to all tokens, our formula-
tion interpolates between the two extremes while
retaining a unified gradient form. As a result, the
proposed method enables fine-grained credit as-
signment at the token level without sacrificing the
stability benefits of sequence-level correction.

B Detailed Performance

To complement the averaged trends in Figure 1(c)
and Figure 3, we report the training dynamics
across benchmarks on Qwen3-1.7B-Base. These re-
sults show how performance evolves with training
steps across benchmarks, and consistently highlight
the advantages of our method.

Training dynamics across benchmarks for main
methods. Figure 4 presents accuracy dynamics
for GRPO, GSPO, and our two variants (DHPO-
A and DHPO-E) across seven math benchmarks.
Across tasks, both DHPO variants exhibit steadier
improvement and reach higher plateaus. The im-
provements are most evident on harder benchmarks
such as AIME24/25 and OlympiadBench, where
effective learning depends on sufficient exploration.
On relatively easier benchmarks such as GSM8K
and MATHS500, most methods converge to simi-
larly saturated regions, but DHPO typically reaches
these regions faster. Overall, DHPO exhibits more
consistent progress, benefiting from the entropy-
guided mixing mechanism in Section 3.2 and the
stabilization effect of branch-specific clipping in
Section 3.3, reflecting the exploration-to-accuracy
relationship in Section 4.3.

Training dynamics across benchmarks for clip-
ping ablation. Figure 5 presents accuracy dy-
namics of the clipping ablation across seven math
benchmarks. Across all benchmarks, Branch-
Specific Clip largely tracks the same overall upward
trend as Unified Clip, while exhibiting smoother
trajectories with smaller oscillations on several
datasets (e.g., AIME and MinervaMath), where
ratio outliers and long-horizon effects can amplify
update variance. This disaggregated view is consis-
tent with the averaged behavior in Figure 3. Clip-
ping token-level and sequence-level ratios in sepa-
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Figure 4: Training curves of accuracy over training steps on Qwen3-1.7B-Base over seven math benchmarks.
DHPO-A represents DHPO with averaged mixing, while DHPO-E represents DHPO with entropy-guided mixing.

rate trust regions reduces oscillations without low-
ering final performance.

C Baselines

We compare DHPO with four representative policy
optimization baselines for RLVR.

* GRPO (Shao et al., 2024) is a PPO-style,
value-free objective that uses token-level im-
portance ratios to reweight per-token gradi-
ents. It constructs a group-relative advantage
from sequence-level rewards and assigns the
same advantage to all tokens in a sampled re-
sponse. Policy updates are stabilized through
token-level ratio clipping.
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* GSPO (Zheng et al., 2025) shifts the opti-

mization unit to the sequence level to better
align with sequence-level rewards. It defines a
length-normalized sequence-level importance
ratio and distributes it uniformly across to-
kens. This design typically yields more sta-
ble updates than token-level methods, but ob-
scures fine-grained, per-token credit assign-
ment. GSPO often employs conservative clip-
ping thresholds to maintain stability, which
may constrain update magnitudes.

GMPO (Zhao et al., 2025) modifies how
token-level importance terms are aggregated
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Figure 5: Training curves of accuracy over training steps on Qwen3-1.7B-Base over seven math benchmarks.
Branch-Specific Clip generally follows the same upward trend as Unified Clip while exhibiting smoother, less
oscillatory updates on several datasets, consistent with reduced variance from clipping token-level and sequence-
level importance ratios in separate trust regions before mixing.

within the PPO framework. Instead of using
a simple arithmetic mean, it employs a geo-
metric mean to aggregate token-level ratios.
This formulation aims to down-weight the in-
fluence of outlier ratios, thereby reducing vari-
ance and improving training stability under
high-variance importance sampling.

CISPO (Chen et al., 2025) is a clipped
importance-sampling policy optimization
method that explicitly and often asymmetri-
cally truncates importance ratios to control
high-variance updates. Compared to standard
PPO-style clipping, CISPO places a stronger
emphasis on bounding extreme ratio values,
making it a practical baseline where verifier
signals are sequence-level while policy gradi-
ents are estimated from sampled trajectories.

D Hyperparameters and Evaluation
Details

This section summarizes the key hyperparameters
used in our RLVR training and evaluation. All
methods are implemented in the same VERL (Sheng
et al., 2024) training pipeline with identical data,
rollout, optimization, and evaluation settings.

Clipping ranges. We follow the recommended
clipping ranges reported in the original papers of
the baseline RLVR algorithms. For DHPO, we
use separate trust regions for the token-level and

: token __ _S€q __
sequence-level geatlos, and set ;07" = g = 0.2
and egff" = et = 0.28. For GRPO, we set

€low = €high = 0.2. For GSPO, we set €jo =
3 x 107" and epjgh = 4 x 10, For GMPO, we
set Elow = €nigh = 0.4. For CISPO, we set ejow =
10 and epign = 0.2. Apart from these clipping
ranges, all remaining hyperparameters are shared
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across methods to isolate the effect of the surrogate
objective.

Rollout and sequence lengths. We truncate in-
put prompts to at most 1,024 tokens and cap train-
ing responses at 4,096 tokens. During rollouts,
each update uses a prompt batch size of 512, and
we sample 16 responses per prompt with temper-
ature 1.0. We use nucleus sampling with top-p =
1.0 and do not apply a top-k cutoff. For evaluation,
we increase the maximum response length to 16K
tokens for all benchmarks.

Optimization and PPO updates. The actor op-
timizer uses a learning rate of 1 x 10~% with 10
warmup steps and weight decay 0.1. For Qwen3-
1.7B-Base and Qwen3-4B-Base, we perform PPO-
style updates with mini-batch size 256 and micro-
batch size 16 per GPU. And for Qwen3-30B-A3B-
Base, we perform PPO-style updates with mini-
batch size 32 and micro-batch size 32 per GPU.
We enable dynamic batching for log-probability
computation and loss aggregation to better utilize
GPU memory under variable-length sequences.

Regularization and system settings. We do not
add an explicit KL loss term during training and
also do not incorporate KL into the reward. We
enable gradient checkpointing and remove padding
in the model forward pass. We keep parameter of-
floading and optimizer offloading disabled in FSDP
to avoid additional communication overhead in our
setting. All runs follow the same logging, valida-
tion, and checkpoint schedule, and we report results
under the same evaluation protocol described in the
main text.
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