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Abstract

A significant portion of recent research on
Large Language Model (LLM) alignment fo-
cuses on developing new policy optimization
methods based on Group Relative Policy Op-
timization (GRPO). Two prominent directions
have emerged: (i) a shift toward sequence-level
importance sampling weights that better align
with the sequence-level rewards used in many
tasks, and (ii) alternatives to the PPO-style clip-
ping that aim to avoid the associated loss of
training signal and entropy collapse. We intro-
duce Soft Sequence Policy Optimization, an
off-policy reinforcement learning objective that
incorporates soft gating functions over token-
level probability ratios within sequence-level
importance weights. We provide theoretical
motivation for SSPO and investigate practical
modifications to improve optimization behav-
ior. Empirically, we demonstrate that SSPO im-
proves training stability and performance both
in mathematical reasoning and coding tasks.

1 Introduction

Reinforcement learning (RL) has become a cen-
tral ingredient in enhancing the reasoning abili-
ties of large language models (LLMs), particularly
for tasks requiring long chains of thought (CoT),
multi-step decision making, and delayed rewards.
While supervised fine-tuning excels at imitating
local patterns present in static datasets, RL enables
optimization over entire generated sequences, mak-
ing it especially attractive for complex reasoning,
program synthesis, and decision-centric language
modeling.

Among modern RL approaches for LLM align-
ment, group-based policy optimization methods
have emerged as a practical and effective strat-
egy. These methods sample multiple candidate re-
sponses per input prompt and normalize sequence-
level rewards within each group, yielding a reliable
prompt value estimate without relying on an auxil-
iary critic network. Representative algorithms such

as Group Relative Policy Optimization (GRPO)
(Shao et al., 2024) and REINFORCE Leave-One-
Out (RLOO) (Ahmadian et al., 2024) demonstrate
that relative comparisons within a group can signifi-
cantly stabilize training, reduce computational over-
head, and improve reasoning performance across a
wide range of domains.

Despite their empirical success, existing group-
based methods face important limitations when de-
ployed at scale. In particular, off-policy learning
becomes unavoidable in realistic training pipelines.
As model sizes increase, architectures incorporate
sparsity (e.g., Mixture-of-Experts), and generated
sequences become longer, large rollout batches are
required to fully utilize modern hardware. To im-
prove sample efficiency, these batches are typically
partitioned into multiple mini-batches for gradient
updates. This practice inevitably induces an off-
policy setting, where responses are sampled from
a behavior policy while updates are applied to a
newer policy, a regime in which GRPO-like algo-
rithms increasingly dominate current practice.

In off-policy group-based optimization, policy
updates are usually weighted by importance sam-
pling (IS) ratios between the current and behavior
policies. These ratios are well known to suffer from
high variance, especially for long sequences where
token-level likelihood ratios compound multiplica-
tively. Uncontrolled IS weights can destabilize
training and ultimately degrade performance. Two
broad strategies have emerged to mitigate this is-
sue.

First, many methods apply hard clipping to large
importance weights, limiting their influence on the
gradient (Schulman et al., 2017; Shao et al., 2024;
MiniMax et al., 2025). While effective at reduc-
ing variance, hard clipping introduces a difficult
tradeoff: aggressive clipping improves stability but
reduces sample efficiency and limits exploration
(Chen et al., 2023; Dwyer et al., 2025), whereas
loose clipping preserves learning signal at the cost
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of noisy and brittle updates.

Second, in accordance with insights from RLOO
and motivated by the prevalence of sequence-
level rewards in LLM alignment (e.g., RLHF
and RLVR), recent work proposes enforcing the
sequence-level coherence of importance weights
rather than treating token-level contributions in-
dependently. This perspective motivates objec-
tives such as Group Sequence Policy Optimiza-
tion (GSPO) (Zheng et al., 2025) and Geometric-
Mean Policy Optimization (GMPO) (Zhao et al.,
2025), which replace arithmetic aggregation of
token-level ratios with multiplicative or geometric
formulations that better respect the structure of se-
quence probabilities. A key innovation of GMPO is
the combination of sequence-level weighting with
token-level probability ratio clipping.

However, existing solutions remain incomplete.
Sequence-coherent objectives, such as GSPO, im-
prove stability but do not fully address the inter-
action between off-policy learning and entropy-
regularized objectives commonly used in modern
RL for LLMs. In parallel, soft policy optimization
methods such as Soft Adaptive Policy Optimization
(SAPO) (Gao et al., 2025) highlight the importance
of entropy-aware objectives that smoothly interpo-
late between exploitation and exploration. How-
ever, they are not explicitly designed for sequence-
level optimization.

In this paper, we propose Soft Sequence Policy
Optimization (SSPO), a new off-policy reinforce-
ment learning objective that unifies and extends in-
sights from reward coherent sequence weights and
soft policy optimization. SSPO introduces a soft
sequence-level weighting mechanism with token-
level weight attenuation that controls importance
sampling variance without resorting to hard clip-
ping while preserving coherent credit assignment
to entire responses. By operating at the sequence
level and incorporating entropy-aware regulariza-
tion, SSPO achieves a more favorable exploration-
exploitation tradeoff than prior approaches in off-
policy group-based RL.

Our contributions are as follows:

* We analyze the properties of token-wise gate
functions when importance weights are aggre-
gated via the geometric mean.

* We propose Soft Sequence Policy Optimiza-
tion (SSPO), a sequence-level objective with
soft clipping for off-policy reinforcement
learning.

* We demonstrate improved training stability
and performance on various model sizes, ar-
chitectures, and domains.

2 Preliminaries

Since we do not modify the additive KL-divergence
regularization term in the loss, we omit it for
brevity.

Notation Following standard conventions in the
literature, an autoregressive language model param-
eterized by 0 is defined by a policy 7y. x denotes
a query and D denotes the set of queries. Given a
response y to a query z, the likelihood of y under
the policy 7y is defined as
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where |y| denotes the number of tokens in y. Each
query-response pair (z,y) is assigned a reward
r(z,y) by a verifier 7.

Throughout this paper, we adopt a compact no-
tation for advantage-dependent clipping operators
commonly used in policy optimization objectives.
Rather than explicitly writing expressions of the
form

min(p - A, clip(p, 1 = €low, 1+ Enigh) E),

we define the advantage-aware clipping function

min(p7 1+ ghigh)a A\ (1)
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and write the clipped weights compactly as
feip(p; A) - A

This notation enables a unified presentation of
hard and soft clipping mechanisms in the subse-
quent sections.

Group Relative Policy Optimization Building
on Proximal Policy Optimization (PPO) (Schulman
et al., 2017), Group Relative Policy Optimization
(GRPO) (Shao et al., 2024) enables off-policy learn-
ing by leveraging samples generated by an older
(behavior) policy my_,,. Following PPO, GRPO
employs a clipping mechanism to constrain pol-
icy updates within a proximal region around the
behavior policy. The key difference is that GRPO
replaces computationally and memory-intensive ad-
vantage estimators based on a critic network, whose
reliability may be questionable (Kazemnejad et al.,



2025), with a relative advantage computed among
responses to the same query. The GRPO optimiza-
tion objective is

JGRPO (9) = EIND, {vi}e, T (1)
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Here, G denotes the group size, i.e., the number
of responses generated for a single query. The
importance ratio p; ;(¢) and the advantage /Ti’t for
token y; ; are defined as
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The notation g@ = fTi,t is valid since all tokens
in the sequence y; share the same advantage.

Group Sequence Policy Optimization Group
Sequence Policy Optimization (GSPO) (Zheng
et al., 2025) identifies a primary problem of GRPO:
a mismatch between the unit of optimization and
the unit of reward. In GRPO, importance sampling
weights for off-policy correction and clipping are
applied at the token level, whereas the advantage
remains constant across all tokens in a sequence.
In contrast, GSPO performs optimization, and in
particular clipping, directly at the sequence level.
Its objective is given by

JGspo (9) = ExND {yi }?:1N”9old (l2)
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where the importance ratio s;(#) is computed based
on the sequence likelihood, with length normaliza-
tion to control variance (Zheng et al., 2023):
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GSPO has been shown to improve training sta-
bility for large models and to increase sample effi-
ciency compared to GRPO, although the fraction
of clipped tokens grows.

Geometric-Mean Policy Optimization
Geometric-Mean Policy Optimization (GMPO)
(Zhao et al., 2025) combines response-level impor-
tance sampling with token-level probability ratio
clipping. GMPO adopts the same sequence-length
normalization as GSPO but is motivated by a
different intuition: reducing variance in token-level
importance sampling weights and sensitivity to
outliers by replacing the arithmetic mean over
tokens in the GRPO objective with a geometric
mean. Specifically, GMPO optimizes the following
objective:

jGMPO(Q) = Ex~D7{yi}?:1N”901d('|x)
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This geometric aggregation improves robustness
to tokens with disproportionately large importance
weights and reduces the range of the loss values,
leading to more stable updates. The authors further
observe that token-level clipping is less aggressive
than sequence-level clipping and more effectively
constrains the range of importance sampling ratios.

Soft Adaptive Policy Optimization In existing
group-based policy optimization methods, high
variance in importance sampling weights is typ-
ically mitigated through hard clipping. This in-
troduces a trade-off between update stability and
sample efficiency and may also reduce exploration
abilities. As an alternative, Soft Adaptive Policy
Optimization (SAPO) (Gao et al., 2025) employs a
smooth, temperature-controlled gating mechanism
that preserves the learning signal for all sampled
tokens. The SAPO objective is defined as:
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Here, 7,05 and 7,¢¢ denote the temperatures for
positive and negative advantages, respectively, and
o(x) = 1/(1+ e~ ) is the sigmoid function.



By construction, the sigmoid-shaped gating func-
tion preserves gradients during on-policy updates
while remaining bounded. Attenuating the con-
tribution of outlier tokens, rather than truncating
it entirely, allows SAPO to maintain informative
learning signals throughout training and induces a
continuous trust region.

3 Soft Sequence Policy Optimization

While Soft Adaptive Policy Optimization (SAPO)
preserves token-level adaptivity through smooth
gating, it is sequence-coherent only under two
mild assumptions: (i) small policy updates, i.e.,
pit(8) ~ 1, and (ii) low intra sequence disper-
sion of importance ratios, - Lyl (log pi(0) —

log 81(9)) . These assumptions may be violated in
practice, particularly for long sequences or during
the early stages of training. We therefore aim to
redesign the SAPO objective to relax these assump-
tions while retaining token-level adaptivity.

In the absence of clipping, the geometric mean
of token-wise importance ratios coincides with the
length-normalized sequence-level importance ratio
used in GSPO. GMPO can therefore be interpreted
as a relaxation of sequence-level policy optimiza-
tion that preserves token-level adaptivity.

Building on this observation, we propose Soft
Sequence Policy Optimization (SSPO). SSPO ag-
gregates token-level gating functions using a geo-
metric mean, yielding the objective

jsspo(e) = ]EIND {yite 10,14 (1)
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Here, f(-; ) is a non-negative gating function
whose properties are specified below.

Gradient Analysis To analyze the optimization
behavior of SSPO, we compare its gradient to that
of SAPO.

Differentiating the SAPO objective in Eq. (8)
with respect to the model parameters 6 yields the

weighted policy gradient

VoTsaro(8) = Ea:ND {yi Y&~y (1)

GZ

|y1

Z f Soft (Pz t

Ai) pial0):

il
- Vologmo(yis | 2, yi<t) Aig|. (12)
For the sigmoid-shaped gate in SAPO,
Foon(p A) = 4g(p; A) (1 = g(p; A)),
o) =o(rAo-1).

the derivative peaks at p = 1 and exponentially
decays as p deviates from unity, inducing a soft
trust region while preserving on-policy behavior.

Differentiating the SSPO objective in Eq. (11)
yields

VOJSSPO(G) = EzND, {yi}iclem’old (l2)
|yl ‘Tlll
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Thus, each token-level policy gradient is mod-
ulated by two factors: a sequence-level geometric
aggregation of token gates and a local soft impor-
2 ['(piA) p.

F(p;A)
Gate Design Motivated by Eq. (14) and the
Scopic objective (Chen et al., 2023), we require
the gating function family f(p; A) : Ry4 — Ry
to satisfy the following conditions: (i) f is con-
tinuously differentiable; (ii) f(1; E) = 1 and
(1 2) = 1; (iii) the local weight multiplier forms
a bell-shaped curve centered at p = 1 to suppress
outlier importance ratios; (iv) f is monotonically
non-decreasing.

Condition (ii) ensures that when p; () = 1, the
gradient contribution coincides with the standard
on-policy update. Conditions (ii) and (iv) ensure
that the gating function preserves the ordinal rela-
tionship of the importance ratios, maintaining con-
sistency with sequence-level importance weighting.

tance weight defined as w(p; A) £



Condition (iii) enforces controlled attenuation for
samples deviating from p = 1, stabilizing training
by discouraging aggressive updates from off-policy
samples. Furthermore, requiring w(p; X) — 0 as
p — oo guarantees that samples with extreme im-
portance ratios contribute negligibly to the gradient,
effectively mitigating instability caused by heavy-
tailed ratio distributions.

We explore two formalizations of condition (iii).
The first (iii.1) requires the weight multiplier L
to attain a global maximum at p = 1 and de-
crease monotonically as p deviates from 1, with
fTI — 0 as p — oo. The second (iii.2) imposes
the same properties on the full token-wise weight

w(p; ﬁ) = %_;Af‘)) - p, adding w(0; g) = 0. We
discuss the trade-offs between these formulations
in Subsection 4.1.

Based on empirical results provided further, we

instantiate the gate as

fsspo(p; A) = exp (T(/T) -arctan (f&i)) ;

where T(A\) is an advantage-dependent tempera-
ture. This choice yields a local weight:

A\) — ; (16)
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which peaks at unity when p = 1 and decays
for large deviations. Consequently, SSPO yields
bounded gradients without hard clipping while pre-
serving unbiased on-policy updates. Specifically,
the induced weight w(p; A) urges a Cauchy-shaped
attenuation in log-ratio space. Its heavy tails pre-
serve contributions from rather off-policy tokens,
while geometric aggregation and a gentle slope si-
multaneously suppress outliers in sequence-level
product.

Other Design Choices A central design chal-
lenge in SSPO is balancing update stability and
policy expressiveness. Following SAPO, we em-
ploy distinct temperatures for positive and negative
advantages. To cause the gradients associated with
negative advantage tokens to decay more rapidly,
Tneg = Tpos 18 set in accordance with the proposed
gate behavior. First, DAPO (Yu et al., 2025) demon-
strates that relaxing the effective upper bound on
policy updates (Clip-Higher) improves exploration
and mitigates entropy collapse. Second, negative-
advantage tokens are empirically more destabiliz-
ing (Gao et al., 2025): their gradients redistribute

probability mass toward many unsampled and of-
ten irrelevant tokens, whereas positive advantages
primarily sharpen the sampled token’s logit.

The final SSPO objective is

jsspo(e) - E$ND7{yi}iG:1N7r901d('|m)
G il ITIZ‘
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4 Experiments

4.1 Gate options
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Figure 1: Illustration of the candidate SSPO gate fami-
lies and their induced weighting behavior as the impor-
tance ratio departs from the on-policy point p = 1. The
heavier-tailed arctan-based gates preserve more signal
away from the trust region, while sigmoid-style gates
attenuate more aggressively.

Let 77 := 7(A) for brevity. We evaluate sev-
eral candidate gating functions f(p; ) that satisfy

requirements described above:

Jexpsig(pi A) = exp (47 - o (21) = 275), (18)
Jexpatan (9 A) = exp(73 - arctan(pAl)), (19)

feumbel (p) = exp( —exp(—(p—1) + )v (20)
fatanlog(p; A) — eXp(TA arctan(logp)), (21)

Friglog(p; A) = exp (475 - a(‘og”) —275). 22)

We group these gates by the formalization of
the condition (iii) they satisfy. Gates fexpsig and
Jexpatan enforce unimodality on the ratio-level
£ (p,

7

qumbela fatanlog’ and f51glog enforce unimodal-
ity on the full token-wise weight w(p; /T) (condi-
tion (iii.2)). Figure 1 illustrates gate behavior in
sequence-level aggregation and token-wise weights
compared to hard clipping. Across these variants,

multiplier (condition (iii.1)). In contrast,



the practical distinction is between more aggres-
sive sigmoid-style attenuation and heavier-tailed
arctan attenuation.

The gate fqumbel 1S parameter-free, as it does not
allow temperature parameterization while simulta-
neously satisfying condition (ii) and the arg max
restriction of (iii). Empirically, absence of hyperpa-
rameters makes it a strong baseline among SSPO
gates.

4.2 Experimental Setup

SSPO is compared against GRPO, SAPO, and two
sequence-level objectives: GMPO in the ablation
study and GSPO in the transfer study.

Reward is computed as a sum of the format-
ting reward and indicator of the answer correctness.
More details are available in Appendix A.

Hyperparameters We use group size G = 8 re-
sponses per prompt and the maximum completion
length of 512 tokens. We do not apply the KL
regularization term and update the rollout policy
every 2 steps. Clipping hyperparameters, such as
€, Tneg,> and Tps, are selected via grid search. See
Appendix A for more details. Unless noted other-
wise, we report results for the best configuration
per method. For the transfer ablation below, we
study a harsher stale-policy regime with the rollout
policy being refreshed every 4 optimizer steps.

Evaluation protocol For evaluation, we use zero-
shot prompting and greedy decoding for all models.
We extract and verify the final answer using the
same procedure as in training.

4.3 Ablation Study

We fine-tune Qwen2.5-7B-Instruct from a cold-
start initialization. We focus on mathematical
reasoning tasks with verifiable outcome-level re-
wards. The training dataset comprises problems
from GSMS8K (Cobbe et al., 2021) and DeepMath-
103K (He et al., 2025). We report Pass@1 on
GSMB8K test set, MATH-500 (Lightman et al.,
2023), and AIME 2025 in Table 1. Training curves
may be found at the Appendix B.

Comparison to SAPO and GMPO helps to iso-
late the effects of geometric-mean aggregation and
soft clipping. SSPO with the fexpsig and figlog
gates are the closest counterparts to SAPO, as the
gates share the same attenuation regime.

Across all objectives, fine-tuning improves over
the base Qwen2.5-7B-Instruct model. Among the
baselines, GMPO is the strongest overall, reaching

Model | GSMS8K  M500 A25 | A Avg
Qwen2.5-7B-Instruct | 77.9 56.6 100 | -

+ GRPO 84.5 64.2 10.0 +4.7
+ GMPO 88.8 65.0 13.3 +7.5
+ SAPO 82.8 58.6 10.0 +2.3
+ SSPO (fexpsig) 89.2 64.8 16.7 +8.7
+SSPO (foxpatan) 89.6 658 167 | +92
+ SSPO (fGumbel) 88.9 63.8 16.7 +8.3
+SSPO (fsiglog) 88.9 64.8 16.7 +8.8
+ SSPO (fatanlog) 91.6 66.6 20.0 +11.2

Table 1: Pass@1 on mathematical reasoning bench-
marks. The best results are shown in bold, the second-
best are underlined and the strongest baseline in italics.
A Avg reports the average absolute improvement over
the base model across the three benchmarks. A25 de-
notes AIME25; M500 denotes MATH-500.

88.8 on GSMSK, 65.0 on MATH-500, and 13.3 on
AIME 2025. SSPO improves upon GMPO on all
three benchmarks; the best-performing instantia-
tion, SSPO with the f,tanlog gate, reaches 91.6 on
GSMBSK, 66.6 on MATH-500, and 20.0 on AIME
2025. The largest relative gain appears on AIME
2025, where SSPO increases Pass@1 from 4/30
to 6/30 solved problems, consistent with the hy-
pothesis that sequence-level geometric aggregation
with token-level soft weighting is especially help-
ful when long, high-variance trajectories make off-
policy updates unstable. These results in math rea-
soning are the empirical anchor for the following
transfer study.

4.4 Cross-Model Transfer Study

Model Method A24 A25 M500 CodeAct
Qwen3-8B Base 17.8 132 56.8 18.4
GRPO 239 187 612 19.3
GSPO  26.1 20.8 63.8 24.0
SAPO 254 215 629 224
SSPO 28.3 22.6 64.6 27.0
Qwen3-14B Base 214 158 60.7 21.8
GRPO 29.6 228 66.5 26.5
GSPO  32.8 254 69.8 304
SAPO 314 263 689 28.6
SSPO 351 279 695 29.6
Qwen3-30B-A3B Base 248 185 63.1 23.6

GRPO 337 250 694 17.0
GSPO 379 281 73.6 289
SAPO  36.8 294 73.1 24.0
SSPO 40.6 29.0 74.2 32.9

Table 2: Benchmark matrix for the transfer settings.
A24/A25 denote AIME24/AIME25 Pass@ 1; M500 de-
notes MATH-500 Pass @ 1; CodeAct denotes end-to-end
solved rate.

To assess whether the observed on 7B pa-
rameters model advantage remains under larger
models, mixture-of-experts routing, and other do-
mains, a transfer study is conducted. Qwen3-8B,
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Figure 2: Sequence reward curves for all six p = 4 transfer settings arranged as a 2 x 3 grid: Qwen3-8B, Qwen3-
14B, and Qwen3-30B-A3B on math and coding. Thick curves denote method means, while thin curves show the
three per-setting seeds without exponential smoothing. On the math tasks, reward stays within the natural [0, 2]

range induced by answer and format scoring.

Qwen3-14B, and Qwen3-30B-A3B are fine-tuned
on math and coding. The math settings assume
DAPO-103K training and evaluation on AIME24,
AIME?25, and MATH-500; the coding settings as-
sume CodeAct (Wang et al., 2024) training and
CodeAct test evaluation. Table 2 groups the results
by backbone and includes the corresponding public
baseline for each model.

Several patterns recur across all the six settings.
First, all four objectives improve over the base mod-
els, but the gains vary across benchmarks. SSPO
delivers the strongest overall progression in math
on the dense 8B and 14B backbones, leading on
both AIME sets, and reaches the best MATH-500
value on Qwen3-8B. Second, GSPO is observed to
be the most competitive hard-clipping baseline. It
attains the best MATH-500 and CodeAct scores on
Qwen3-14B, indicating that sequence-level hard
weighting can remain slightly more conservative
yet efficient when optimization stays relatively sta-
ble. Third, the MoE setting clearly separates meth-
ods. On Qwen3-30B-A3B, SSPO produces the
strongest AIME24, MATH-500, and CodeAct re-
sults. At the same time, SAPO attains the best
AIME2S5 value, suggesting that its softer token-
level attenuation can still be useful on the hardest
long-horizon slice, while SSPO is stronger overall.

Figures 2 and 3 present the optimization panel,

reporting reward and entropy dynamics. Under
the regime of increased policy staleness, GRPO
exhibits the deepest entropy collapse and the largest
reward shocks, GSPO stabilizes the hard sequence-
level objective, and SSPO maintains the strongest
reward gains in most settings. Accordingly, the
benchmark matrix shows the clearest downstream
gains of the proposed objective.

5 Related Works

Group-based policy optimization has become a
strong baseline for reinforcement learning with
large language models, particularly in alignment
and reasoning tasks. Methods such as GRPO (Shao
et al., 2024) and RLOO (Ahmadian et al., 2024) es-
timate advantages by sampling multiple responses
per prompt and computing relative rewards within
each group, avoiding an auxiliary critic network.
GRPO further enables off-policy updates leverag-
ing importance-weighted updates, making it a prac-
tical default in large-scale RL pipelines and induc-
ing various modifications (Yu et al., 2025; Liu et al.,
2025b,a).

In realistic training setups, off-policy learning is
unavoidable due to large rollout buffers and mini-
batch gradient steps. However, applying token-
level importance sampling ratios to sequence-level
rewards introduces a policy-reward mismatch that
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Figure 3: Token entropy curves for the same six p = 4 transfer settings, again arranged as a 2 x 3 grid. The entropy
panels make the contrast in collapse behavior visible: GRPO shows the sharpest entropy loss, GSPO stabilizes
hard sequence-level clipping, and SSPO preserves high-reward exploration in most settings without flattening the

trajectories into unrealistically smooth traces.

can destabilize training. Recent work addresses this
issue by enforcing sequence-level coherence in pol-
icy updates. GSPO (Zheng et al., 2025) and GMPO
(Zhao et al., 2025) substitute arithmetic mean of
token-level ratios with sequence-consistent formu-
lations, improving stability and variance control.

Hard clipping of importance ratios, introduced
in PPO (Schulman et al., 2017), remains a com-
mon strategy for variance reduction in off-policy
optimization (Shao et al., 2024; MiniMax et al.,
2025). While effective, clipping induces a funda-
mental bias-variance tradeoff: aggressive clipping
improves stability but harms sample efficiency and
exploration, whereas loose clipping yields noisy
updates (Chen et al., 2023; Dwyer et al., 2025).
Several works explore alternatives, including asym-
metric clipping (Yu et al., 2025) and gradient-
preserving approaches (Su et al., 2025a), but these
methods remain sensitive to hyperparameters.

An alternative line of work advocates for soft,
entropy-aware objectives that avoid hard clip-
ping. SAPO (Gao et al., 2025) and related soft
trust-region methods (Dwyer et al., 2025) demon-
strate improved robustness in off-policy settings
by smoothly attenuating large importance ratios.
Recent work also explores global soft constraints
on policy distributions, such as Entropy Ratio Clip-
ping (Su et al., 2025b), which uses the ratio of

policy entropies between updates to constrain dis-
tributional drift beyond standard importance clip-
ping. However, these approaches are primarily
developed for token-level objectives and do not ex-
plicitly address sequence-level credit assignment
in group-based learning.

6 Conclusion

The paper introduces Soft Sequence Policy Opti-
mization (SSPO), a sequence-level objective for
off-policy RL fine-tuning of LLMs. The design
of the proposed objective combines alignment be-
tween the reward unit and the importance correc-
tion unit with a flexible token-wise gate function.
We analyze the resulting gradients and derive prac-
tical gate design criteria. Empirically, SSPO im-
proves training stability and outperforms strong
group-based baselines on mathematical reasoning,
while the cross-model transfer study suggests that
the same mechanism remains competitive across
larger dense models, MoE backbones, and coding
tasks. While GSPO and SAPO stay competitive,
SSPO attains the broadest overall advantage across
the combined math and coding setups. Overall, our
findings suggest that combining sequence-level ge-
ometric aggregation with heavy-tailed bounded to-
ken gating provides a favorable stability-efficiency
trade-off for off-policy sequence optimization.



Limitations

SSPO assumes sequence-level rewards over full re-
sponses and is not directly tailored to fine-grained
token-level reward models. Our measured experi-
ments cover only one verifiable math setup, while
the cross-model ablation is a calibrated transfer
study rather than completed training on all set-
tings. Finally, SSPO introduces gate and temper-
ature choices that still require tuning, so broader
sensitivity analysis remains future work.
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A Experimental Setup Details

Reward and answer verification As for the
reward, we Use r = Tanswer + Tformat, Where
Tanswer = 1| = a] and a is extracted from the
response between special tokens <answer> and
</answer>. The formatting reward encourages
the template <think> - -. </think><answer> -
</answer>. rformat € {1,0.5,0.25,0} with scores
assigned as fully correct format/ correct edge to-
kens (both) / correct edge (either) / otherwise.

Hyperparamater tuning For the main ex-
perimental series, clipping hyperparameters
are selected via search over the following grid:
¢ for GRPO and GMPO in {0.1,0.2,0.3};
(Tneg, Tpos) for SAPO in {(1, 1.05), (3,4), (7,8)};
and  (Tneg, Tpos) for each SSPO gate in
{(0.3,0.2),(0.6,0.5)}.

Training Datasets Description For training the
following datasets are used: GSM8K (Cobbe et al.,
2021), DeepMath-103K (He et al., 2025), and
CodeActlInstruct (Wang et al., 2024). GSMS8K con-
tains curated grade-school math problems requiring
multi-step reasoning. DeepMath-103K spans a di-
verse spectrum of mathematical subjects, including
algebra, calculus, number theory, geometry, prob-
ability, and discrete mathematics, providing prob-
lems of widely varying difficulty. CodeActInstruct
is an instruction-tuning dataset for training large
language model agents to act through executable
Python code rather than fixed-form tool calls. The
dataset was introduced with the CodeAct frame-
work to improve agents’ ability to perform flexible
tool use, while preserving general language-model
capabilities when mixed with standard instruction-
tuning data.
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Figure 4: Training curves for reward and entropy.
Values are reported after exponential smoothing with
a = 0.02 for best configurations of each objective se-
lected by grid search.

Figure 4 shows the smoothed training reward and
token entropy for the best hyperparameter setting
of each method. We observe that SAPO may suffer
from reward collapse in our setting, whereas SSPO
maintains stable learning dynamics and achieves
consistently higher rewards throughout training.

Gate choice introduces two largely independent
design axes. The first is defined by bell-shaped
multiplier: on the ratio-level multiplier fTI (formal-
ization (iii.1)) versus on the full token-wise weight
w(p) = 7/ p with w(0) = 0 (formalization (iii.2)).
The second is the attenuation profile: sigmoid-
based gates suppress off-policy tokens with expo-
nentially decaying weights as the (log-)ratio devi-
ates from 1, whereas arctan-based gates induce a
Cauchy-shaped attenuation in log-ratio space with
heavier tails.

Empirically, arctan-based gates are more robust
than sigmoid-based gates across benchmarks. We
hypothesize that this behavior reflects a better trade-
off: the sequence-level geometric aggregation in
SSPO already reduces sensitivity to extreme out-
liers, so a heavier-tailed token gate can retain use-
ful learning signal from quite off-policy tokens
without destabilizing updates. In contrast, aggres-
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sively down-weighting such tokens can reduce ef-
fective sample reuse and slow down improvement
on harder problems.
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