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Abstract

Proximal Policy Optimization (PPO) was
central to aligning Large Language Models
(LLMs) in reasoning tasks with verifiable re-
wards. However, standard token-level PPO
struggles in this setting due to the instability
of temporal credit assignment over long Chain-
of-Thought (CoT) horizons and the prohibitive
memory cost of the value model. While critic-
free alternatives like GRPO mitigate these
issues, they incur significant computational
overhead by requiring multiple samples for
baseline estimation, severely limiting train-
ing throughput. In this paper, we introduce
Sequence-Level PPO (SPPO), a scalable al-
gorithm that harmonizes the sample efficiency
of PPO with the stability of outcome-based up-
dates. SPPO reformulates the reasoning pro-
cess as a Sequence-Level Contextual Ban-
dit problem, employing a decoupled scalar
value function to derive low-variance advan-
tage signals without multi-sampling. Exten-
sive experiments on mathematical benchmarks
demonstrate that SPPO significantly surpasses
standard PPO and matches the performance of
computation-heavy group-based methods, of-
fering a resource-efficient framework for align-
ing reasoning LLMs.

1 Introduction

Large Language Models (LLMs) (Yang et al., 2026)
and Multimodal Large Language Models (MLLMs)
have significantly advanced in complex reasoning
(Li et al., 2025b; Zhu et al., 2025; Li et al., 2024,
Wang et al., 2026a; Ruan et al., 2025b), empowered
by long Chain-of-Thought (CoT) prompting (Light-
man et al., 2023). To further align these models
with logical correctness, Reinforcement Learning
(RL) has proven indispensable (Ma et al., 2026;
Wang et al., 2026b), particularly in Reinforce-
ment Learning with Verifiable Rewards (RLVR)
tasks like mathematical problem-solving (Luo et al.,
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2025; Zhang et al., 2026; Ruan et al., 2025a; Zhu
etal., 2026), SQL tasks (Liet al., 2026b; Yang et al.,
2025) and Agent ability (Li et al., 2026d; He et al.,
2025; Fang et al., 2025; Li et al., 2026e). Proximal
Policy Optimization (PPO, Schulman et al. (2017))
typically relies on a token-level Critic and Gen-
eralized Advantage Estimation (GAE) for credit
assignment (Guo et al., 2025). However, this frame-
work faces structural incompatibility in long CoT
tasks with sparse rewards. The delayed reward
forces GAE to propagate signals across thousands
of tokens, inducing high bias (Yuan et al., 2025).
Furthermore, the Critic tends to “overfit” semantic
cues at the sequence tail (See Figure 1), causing the
advantage signal to vanish precisely when needed.
Consequently, standard PPO often proves unstable
for reasoning tasks (Kazemnejad et al., 2025).

In response, Group Relative Policy Optimization
(GRPO, Shao et al. (2024)) eliminates the learned
Critic in favor of group-based statistical baselines.
We posit that GRPO’s success stems from implic-
itly remodeling reasoning as a Sequence-Level
Contextual Bandit problem, treating the entire re-
sponse as an atomic action to bypass token-level
noise. However, this approach faces a fundamen-
tal Bias-Variance Trade-off: while it removes the
high bias inherent in token-level value estimation,
the reliance on Monte Carlo outcomes introduces
high variance in the gradient signal (Wang et al.,
2025a). To mitigate this variance and stabilize train-
ing, GRPO incurs a prohibitive computational cost,
as it necessitates sampling multiple responses (V)
per prompt to construct a valid baseline, signifi-
cantly bottlenecking training throughput (Lin et al.,
2025; Li et al., 2025a).

Despite the empirical success of critic-free meth-
ods like GRPO, a critical misconception exists
regarding their efficacy; our core contribution
is understanding GRPO from a novel perspec-
tive: its success stems from implicitly remod-
eling reasoning as a Sequence-Level Contextual
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Bandit problem—treating the entire response as
an atomic action to bypass token-level noise—
rather than a multi-step Markov Decision Pro-
cess (MDP). We posit that a stable, sequence-level
baseline—underpinned by a generalizable scalar
value model—is structurally more robust for long-
horizon RLVR tasks. Crucially, this explicitly mod-
eled approach not only secures optimization sta-
bility but also circumvents the prohibitive compu-
tational latency associated with extensive group
sampling (Fang et al., 2026a).

Drawing on these insights, we introduce
Sequence-Level PPO (SPPO), a novel algorithm
that resolves the Bias-Variance dilemma in reason-
ing alignment. SPPO fundamentally reformulates
the reasoning process from a token-level Markov
Decision Process (MDP) to a Sequence-Level Con-
textual Bandit problem. In this view, the prompt
serves as the static context and the entire reasoning
chain is treated as a single atomic action. This
formulation effectively collapses the time hori-
zon, eliminating the high bias of token-level credit
assignment inherent to standard PPO. Simultane-
ously, SPPO employs a learned scalar value func-
tion to curb the high variance of group-relative
baselines, thereby achieving optimization stability
without the need for multi-sampling (N > 1).

Crucially, SPPO addresses computational bottle-
necks through this resource-efficient architecture.
Unlike GRPO, which requires expensive multi-
sampling for empirical baselines to reduce variance,
SPPO leverages its learned scalar value function
to enable high-throughput single-sample updates
(N = 1). Furthermore, we validate a Decoupled
Critic strategy—using a lightweight critic (e.g.,
1.5B) to align a larger policy (e.g., 7B)—which
leverages the reduced complexity of value esti-
mation to cut memory usage by 12.8% (Figure
6). Extensive evaluations on AIME24/25, AMC23,
MATH, and Minerva demonstrate that SPPO re-
solves the value collapse of standard PPO and out-
performs computation-heavy baselines. Notably,
SPPO matches GRPO’s peak performance with a
5.9x training speedup and superior convergence,
offering a scalable paradigm for sparse-reward rea-
soning tasks. !

'Our code is available at https://github.com/sustech
-nlp/SPPO.

2 Background

2.1 PPO and Credit Assignment in Reasoning

PPO optimizes the policy by maximizing a clipped
surrogate objective Jppo(f):

~

Jero () = E; [min (re(0)A,,

clip(r+(0),1 —e, 1 + G)At):|
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Figure 1: Analysis of the “Tail Effect”. We visualize Critic
value dynamics V (s;) to diagnose inefficiencies. Blue and
red lines denote correct and incorrect trajectories, respectively.
The Critic discriminates only near the sequence tail. For cor-

rect paths, V'(s¢) rises late, causing At to vanish; for incorrect
ones, it fails to penalize intermediate steps. This indicates
credit assignment based on token position rather than seman-
tic contribution. The Critic was trained under 8192 context
window. Additional randomly sampled visualizations are pro-
vided in Appendix B.

where 7,(0) is the probability ratio and A, is the
advantage. Typically, Ay is computed via General-
ized Advantage Estimation (GAE) using a learned
token-level Critic V'(s¢). The TD error is defined
as 0y = r¢ + vV (s¢+1) — V(s¢), and the advantage
is the discounted sum of errors:
T—t-1

APAE = N () G
1=0

In sparse-reward reasoning tasks (e.g., CoT), it is
standard to set v = A = 1 to propagate terminal
rewards. Under this setting, GAE simplifies to the
difference between the Monte Carlo return G; and
the value estimate:

A?AE = Gt — V(St)

However, this mechanism is unstable in long-
horizon tasks (Figure 1). As generation approaches
the answer, the Critic V' (s;) often “overfits” seman-
tic cues. For correct trajectories, V' (s;) converges
to the reward early, causing Ay, to vanish; for incor-
rect ones, it underestimates significantly. This “tail
effect” bases credit on position rather than contri-
bution, undermining optimization.
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Architecture Contrast: Token-Level MDP (PPO) vs. Sequence-Level Contextual Bandit (SPPO)

PPO: Token-Level MDP
(Sequential Credit Assignment)

GAE Advantage 4,
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GAE struggles to propagate sparse reward 7y to
early tokens. Variance scales linearly with horizon T.
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Figure 2: Overview of SPPO. Motivated by the implicit bandit behavior of GRPO, SPPO explicitly reformulates reasoning as a
Sequence-Level Contextual Bandit, utilizing a scalar value function V' (sy).

2.2 Optimization Mechanics of GRPO
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Figure 3: Visualization of the GRPO Advantage Function.
derived under the Bernoulli assumption (see Appendix A).
The plot illustrates how GRPO implicitly models the reason-
ing task as a Contextual Bandit: instead of a static reward,
the advantage is dynamically scaled based on the prompt’s
estimated difficulty p(sp), contrasting success (Blue) against
failure (Red).

While standard PPO operates within a token-
level MDP, GRPO implicitly shifts the optimization
paradigm. It eliminates the step-wise Critic by
sampling N outputs per prompt and computing the
advantage via group normalization:

Adv(sp,a) = M.

Og

Modeling the sampling process as Bernoulli trials
(derivation provided in Appendix A), the advantage

function simplifies to:

i) jfR=1
Adv(sp, a) = ) i
“\ 1op(sy TE=0

As visualized in Figure 3, GRPO dynamically
scales rewards based on prompt difficulty p(s,).
Crucially, this mechanism evaluates the entire
response as an atomic unit against a prompt-
dependent baseline. Thus, although GRPO does
not explicitly redefine the environment, its advan-
tage formulation implicitly models the reasoning
task as a Contextual Bandit rather than a multi-step
MDP.

This observation prompts a critical question:
Does GRPO’s success imply that PPO’s instability
stems from the token-level MDP decomposition,
rather than the fundamental intractability of value
estimation?

3 Method

3.1 Formulation: Sequence-Level Contextual
Bandit

To answer this and formalize the implicit in-
sight, we explicitly reformulate the reasoning pro-
cess from a token-level MDP to a Sequence-Level
Contextual Bandit (SL-CB). By conceptually col-
lapsing the time horizon (H = 1), we map the
reasoning task to the tuple (S,.A,r), where the
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context S is defined strictly by the static prompt
sp, and the action A treats the entire response se-
quence ageq = (Y1, - .., yr) as a single atomic unit.
Accordingly, the reward r(sp, aseq) evaluates the
holistic correctness of the generated chain.

This formulation fundamentally circumvents the
credit assignment ambiguity inherent to MDPs.
Rather than forcing a Critic to decompose sparse
outcomes into noisy token-level signals, we opti-
mize the expected sequence reward conditioned
strictly on the prompt. Consequently, the value
function V' (s,,) simplifies to estimating the scalar
solvability of the problem, aligning directly with
the objective of sparse-reward reasoning.

3.2 SPPO: Sequence-Level Proximal Policy
Optimization

Building upon the theoretical insights of the
sequence-level bandit formulation, we propose
SPPO, an algorithm designed to strictly align the
optimization objective with the sparse, outcome-
oriented nature of reasoning tasks.

Value Function and Advantage Estimation
First, we redefine the role of the critic. Unlike the
token-level value function in standard PPO, which
attempts to predict future returns from arbitrary in-
termediate states, we train a value model Vy(s,)
to estimate the scalar probability of success for a
given prompt .

To construct the advantage, we treat the single
sample outcome as a realization of a Bernoulli trial
with probability Vi(s,). We adopt a standardized
advantage formulation to stabilize training:

A(sp,a) = R — Vy(sp) (1)

where R € {0,1} is the binary reward. This for-
mulation naturally amplifies the signal when the
model is confident but wrong, and suppresses noise
when the model is uncertain (V' = 0.5).

To ensure Vy(sp) serves as a calibrated base-
line, we optimize it using the Binary Cross-Entropy
(BCE) loss:

Ly (6) = ~E|Rlog Vy(s,) +

(1= R)log(1 = Vi(sp))

2

Sequence-Level Policy Optimization With the
advantage established, we formulate the policy op-
timization objective. SPPO adapts the clipped sur-
rogate objective of PPO but fundamentally alters

the scope of the advantage term. The objective
function is defined as:

Jsppo(0) = Es,~p, ar, , tea [min (rt(e)A(sp, a)
clip(ri(6), 1~ €1+ €) A(sp, 0)) |
(a] ) )

Here, r(0) = % represents the prob-
ability ratio between the current policy my and the
behavior policy 7y, for the token at timestep ¢, and
€ is the standard clipping hyperparameter to con-
strain the policy update.

Crucially, unlike standard PPO where each to-
ken t is assigned a unique, time-dependent ad-
vantage A, via GAE, SPPO propagates the single
sequence-level advantage A(sy, a) uniformly to all
constituent tokens ¢ in the sequence a. This mech-
anism ensures that if a reasoning chain leads to a
correct answer (A > 0), every step in that chain
is reinforced equally; conversely, if the chain fails
(A < 0), every step is penalized. By decoupling the
advantage signal from the sequence length, SPPO
effectively solves the temporal credit assignment
problem that hinders standard PPO in Long Chain-
of-Thought tasks.

4 Experiments

4.1 Experimental Setup

We evaluate DeepSeek-R1-Distill-Qwen-1.5B
and DeepSeek-R1-Distill-Qwen-7B models, fine-
tuned on DeepScaleR (Luo et al., 2025) and DAPO-
17K (Yu et al., 2025) respectively. We evaluate per-
formance using Average @ 16 accuracy across five
held-out benchmarks: AIME24(Art of Problem
Solving, 2025a), AIME25(Art of Problem Solving,
2025a), AMC23(Art of Problem Solving, 2025b),
MATHS00(Hendrycks et al., 2021), and Minerva
Math(Lewkowycz et al., 2022). Comprehensive
links to all models and datasets are provided in
Appendix D.

Baselines & Implementation We benchmark
SPPO against: (1) Base Model; (2) Standard PPO
(token-level); and (3) Sequence-level methods in-
cluding ReMax, RLOO, and GRPO (N = 8).
All algorithms are implemented via verl (Sheng
et al., 2025) using outcome-based rewards (+1 for
correct boxed answers and O for the incorrect an-
swers). We utilized the precise reward function im-
plemented in Reasoning360 (Cheng et al., 2025)
to conduct both training and evaluation. Hyperpa-
rameters: We set Sx; = 0 to encourage explo-
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ration. Global batch sizes are configured at 256 for
the 1.5B model and 512 for the 7B model. Learn-
ing rates are set to le-6 for Actors and 5e-6 for
Critics. Standard PPO employs v = 1,A = 1 to
propagate sparse rewards. The hyperparameters
for all baselines generally follow the official recom-
mended examples provided by the verl library. All
experiments were conducted on 4 x A100 (1.5B)
and 4 x H100 (7B) GPUs. For complete repro-
ducibility, we provide the exact execution scripts
and configuration commands for both SPPO and
the baselines in Appendix E.

4.2 Main Results

Table 1 presents the performance comparison. Stan-
dard PPO struggles to consistently improve over
the base model, confirming the instability of GAE
in sparse-reward settings. While sequence-level
baselines (ReMax, RLOO) improve stability, they
generally lag behind group-based approaches.

SPPO achieves the highest overall performance,
surpassing GRPO (N = 8) on most benchmarks
(Avg 48.06 vs. 47.08 on 1.5B). Crucially, SPPO
achieves this with single-sample efficiency (N =
1), effectively eliminating the “Tail Effect” (Figure
1) without the computational bottleneck of multi-
sampling.

Method A24 A25 AMC MATH Minerva Avg
DeepSeek-RI1-Distill-Qwen-1.5B
Base Model 27.50 21.67 71.56 83.73  20.35 44.96
PPO 27.50 20.83 70.63 81.38 19.89  44.06
ReMax 31.67 2542 71.88 84.38 2040 46.74
RLOO 30.42 21.67 72.81 84.10 21.73  46.15
GRPO (N =8) 30.00 26.25 73.13 83.88  22.15 47.08
SPPO (Ours) 34.17 25.83 74.38 83.78 22.15 48.06
DeepSeek-R1-Distill-Qwen-7B
Base Model 41.25 26.67 79.38 87.20 2794 5249
PPO 4520 3542 85.31 88.48 27.80 56.44
ReMax 49.38 31.25 86.56 90.28  27.99 57.09
RLOO 46.67 32.50 86.88 90.35 28.72 57.02
GRPO (N =8) 47.08 35.00 86.25 90.15 28.74 57.44
SPPO (Ours) 50.83 35.00 86.25 90.13 2835 58.11
w/ Small Critic 52.29 34.58 87.19 89.88  28.86 58.56

Table 1: Performance comparison on 1.5B and 7B scales.
SPPO consistently outperforms baselines. The Small Critic
variant (1.5B Ceritic aligning 7B Policy) achieves the top aver-
age score.

Critic Decoupling We hypothesize that scalar
solvability estimation is significantly simpler than
generative reasoning, permitting a smaller Value
Function. To test this, we trained the 7B Policy
using a 1.5B Critic. As shown in Table 1 (w/ Small

Critic), this configuration not only retains effective-
ness but achieves the highest average score (58.56).
This validates that a lightweight critic can effec-
tively align a large policy, significantly reducing
the memory footprint of RLVR training (Figure 6).

4.3 Ablation Study: Impact of Loss Function

To isolate the source of SPPO’s performance gains,
we ablated the architectural contribution by apply-
ing the BCE loss to the standard token-level PPO
framework (PPO + BCE).

Ablation Study: Performance vs. Step

\ ~ = BCEPPO
RS PPO
s SPPO (Ours)

Average Performance (Smoothed)

0 200 400 600 800 1000
Training Step

Figure 4: Ablation Analysis of the Optimization Objec-
tive. We compare SPPO against Standard PPO and a control
baseline (“PPO + BCE”) that integrates the BCE loss into the
token-level framework. The failure of the control baseline
demonstrates that the performance gains do not stem from the
loss function itself, but from the Sequence-Level Contextual
Bandit formulation, which propagates a unified advantage
signal to resolve credit assignment ambiguity.

As shown in Figure 4, PPO + BCE fails to
reproduce the success of SPPO, exhibiting the
same instability as the standard baseline. Notably,
we terminated both PPO-based runs early at 500
steps due to observed performance collapse and de-
grading scores. This empirical evidence validates
that SPPO’s efficacy derives fundamentally from
its Sequence-Level Contextual Bandit formula-
tion—specifically the propagation of a unified ad-
vantage signal A = R — V(s,)—rather than the
adoption of the BCE loss in isolation.

5 Analysis

5.1 Scalability and Computational Efficiency

To evaluate the scalability of SPPO and its ef-
ficiency in larger parameter regimes, we ex-
tended our experiments to the DeepSeek-R1-
Distill-Qwen-7B model. For this analysis, we uti-
lized the DAPO-17K dataset (Luo et al., 2025), a
curated subset of high-quality mathematical rea-
soning problems. We compared SPPO against the
baseline algorithms, tracking performance on the
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Figure 5: Training Efficiency on Deepseek-R1-Distill-
Qwen-7B (Performance vs. Wall-clock Time). The plot
compares the trajectory of SPPO against strong baselines
(GRPO, PPO, RLOO, ReMax) on the DAPO-17k dataset(Yu
et al., 2025). Solid Red: SPPO with a matched 7B Ceritic.
Dashed Pink: SPPO with a decoupled, smaller 1.5B Critic
(Deepseek-R1-Distill-Qwen-1.5B). The y-axis noted as the
Avg@8 score evaluated on AIME24, AIME25, AMC23,
MATH500, and Minerva Math. SPPO achieves optimal
performance significantly faster than group-based methods,
and the decoupled critic maintains performance while reduc-
ing memory overhead.

hold-out validation set against wall-clock training
time.

Training Efficiency As illustrated in Figure 5,
SPPO demonstrates superior training efficiency
compared to group-based alternatives. GRPO
(N = 8) and RLOO exhibit a slower “time-
to-convergence” primarily due to the computa-
tional bottleneck of generating multiple samples
per prompt to estimate the baseline. In contrast,
SPPO, which operates with single-sample effi-
ciency (N = 1), updates the policy more frequently
within the same time window. Consequently, SPPO
reaches peak performance (mean score ~ 58) in
approximately 22 hours, whereas baselines require
significantly longer to reach comparable levels or
plateau at lower scores (e.g., standard PPO).

Resource Efficiency and VRAM Optimization
Beyond computational throughput, the “Small
Critic” configuration offers a decisive advantage in
hardware accessibility. Standard RLHF typically
requires loading a Critic of equal size to the Policy,
effectively doubling the parameter memory foot-
print. By decoupling the critic size (1.5B) from the
policy (7B), SPPO significantly alleviates this bot-
tleneck. Furthermore, by leveraging the advanced
memory management and sharding techniques pro-
vided by the verl library (Sheng et al., 2025), our
implementation minimizes redundant memory al-
location.

As visualized in Figure 6, the SPPO framework

SPPO (Ours) SPPO (Small Critic) GRPO
§ Peak: 91.5% Peak: 78.7% Peak: 85.7%
< 1004 1004 100
[ ML LA AL LA ALAAN ALY
e
E 504 504 50
3
=
10 20 30 10 20 30 10 20 30
PPO RLOO ReMax
§ Peak: 89.8% Peak: 98.6% Peak: 98.7%
< 1001 1004
£ ey bt o) [rie
E 504 50
3
=
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Time (Hours)
Figure 6: GPU Memory Allocation Analysis. Comparison of
normalized peak VRAM usage during the training of a 7B pol-
icy. The “Decoupled Critic” (7B+1.5B) approach, combined
with the system-level optimizations in verl, significantly re-
duces memory bottlenecks compared to symmetric actor-critic
setups (7B+7B), making efficient RL alignment accessible on
consumer-grade hardware.

Time (Hours) Time (Hours)

with a decoupled critic maintains a low memory
profile. This confirms that SPPO is not only algo-
rithmically stable but also resource-efficient, en-
abling the alignment of large reasoning models
even under constrained GPU budgets.

5.2 Value Model Analysis: Calibration and
Correlation

The efficacy of SPPO relies heavily on the quality
of the sequence-level value function, V'(s,). In our
framework, V' (s,,) serves as the baseline for advan-
tage estimation (A = R — V(sp)). Theoretically,
an ideal value model should accurately capture the
intrinsic difficulty of a prompt, approximating the
expected success rate of the current policy. To
validate this, we conducted a correlation analysis
between the critic’s predictions and the empirical
ground truth on a held-out validation set.

Setup We randomly sampled a diverse set of
N = 200 prompts and executed the policy mul-
tiple times for each to compute the empirical pass
rate (AVG@Fk), which serves as the ground truth
label for difficulty. We then compared these empiri-
cal values against the predicted probabilities output
by our Value Model.

Calibration and Distribution Analysis As illus-
trated in Figure 7, our analysis reveals a distinct
positive linear correlation between the predicted
values and the empirical results. With a Pearson
correlation coefficient of 0.642 and a Spearman
rank correlation of 0.664, we find strong statis-
tical evidence that the Value Model has success-
fully learned to capture the relative difficulty of
prompts, effectively cutting through the inherent
stochasticity of LLM generation. Beyond these
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Calibration Analysis: Value Model vs. Empirical Performance
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Figure 7: Correlation analysis between the Critic’s predicted
difficulty (y-axis) and the empirical AVG@Kk rate (x-axis)
(Where k = 64). The plot reveals a clear positive correlation
(Pearson r = 0.642), indicating the Critic successfully distin-
guishes between hard and easy tasks. The marginal histograms
(top and right) contrast the bimodal distribution of real task
difficulty with the more conservative, quasi-normal distribu-
tion of the Critic’s predictions.

correlation metrics, the marginal histograms pro-
vide a critical insight into the model’s behavioral
tendencies: while the empirical difficulty (top his-
togram) follows a bimodal distribution—where
tasks are typically either completely unsolvable
(0.0) or consistently solvable (1.0)—the critic’s
predictions (right histogram) exhibit a unimodal,
quasi-normal distribution centered around 0.6-
0.7. This distributional shift indicates that the critic
adopts a conservative prediction strategy, aggregat-
ing uncertainty rather than overfitting to the binary
extremes of the empirical data.

Implications for SPPO The distributional dis-
crepancy suggests that the Critic tends to be con-
servative, exhibiting a “regression to the mean” be-
havior rather than predicting extreme probabilities
(0 or 1). However, the regression trend (red line)
maintains a clear positive slope. This confirms that
V (sp) serves as a valid, variance-reducing base-
line.

Specifically, for hard prompts (Avg@k == 0), the
Critic predicts lower values (= 0.5), ensuring that
a rare success yields a strong positive advantage.
For easy prompts (Avg@#k = 1), the Critic predicts
higher values (=~ 0.8), ensuring that a failure yields
a significant negative penalty.

5.3 Controlled Analysis: The RLVR
Benchmark

To strictly disentangle the algorithmic efficacy of
SPPO from system-level optimizations inherent to
the verl framework, and to rigorously validate its
robustness in isolation, we extend our evaluation
to a suite of five representative control environ-
ments: Precision CartPole, MountainCar, Hopper
(MulJoCo), LunarLander, and Pendulum. We recon-
figure these classic control tasks into a Reinforce-
ment Learning with Verifiable Rewards (RLVR)
framework. By strictly enforcing structural con-
straints—specifically long time horizons, determin-
istic transitions, and sparse binary outcome feed-
back—we construct a minimalist testbed that mim-
ics the optimization landscape of LLM reasoning
without the confounding variables of large-scale
distributed training.

Experimental Protocol To mirror the LLM
alignment lifecycle, we implement a rigorous three-
stage pipeline. First, Expert Synthesis trains poli-
cies using dense, shaped rewards (e.g., velocity
bonuses in MountainCar, upright incentives in Pen-
dulum) to mimic pre-training supervision. Subse-
quently, Supervised Fine-Tuning (SFT) applies
behavior cloning to filtered successful trajectories
(e.g.,r > 0.5 or state z > 1.0 in Hopper), initializ-
ing a model with non-zero but imperfect solvability.
Finally, RL Fine-tuning introduces the core sparse
reward challenge: agents receive a strictly binary
terminal reward r € {0, 1} with zero intermedi-
ate feedback (r; = 0 for ¢t < H) and a discount
factor v = 1.0, compelling the algorithm to bridge
the full temporal horizon.

Task Configurations and Hyperparameters To
ensure a fair comparison of optimization objec-
tives, we align core PPO hyperparameters (e.g.,
e = 0.2, learning rates) across algorithms while
adapting batch sizes to the distinct exploration dy-
namics of each domain. Specifically, we utilize
a strictly aligned batch size of 16 trajectories per
update for LunarLander and Pendulum; a reduced
batch size of 8 for exploration-heavy tasks (Moun-
tainCar, Hopper); and a batch size of 64 for the
rapid-dynamics CartPole. Success in the RL phase
is determined by rigorous outcome criteria: Pre-
cision CartPole (H = 200) requires a final angle
0] < 0.5°; MountainCar (H = 1000) requires
reaching the flag (z > 0.45); Hopper (H = 1000)
demands survival with forward progress (x > 1.0
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Figure 8: RLVR Benchmark Results. Comparison of SPPO
(Blue Solid) and Standard PPO (Red Dashed) across five con-
trol tasks with sparse outcome rewards (v = 1.0). SPPO
demonstrates robust convergence in complex control tasks
where Standard PPO exhibits instability or failure (e.g., Hop-
per, MountainCar), while achieving superior sample effi-
ciency in precision tasks like CartPole.

m); LunarLander (H = 1000) necessitates sta-
ble leg contact (> 0.5) within the landing pad
(|x| < 0.4); and Pendulum (H = 1000) requires
an upright final position (cos 6 > 0.8).

Results and Analysis As illustrated in Figure 8,
SPPO consistently matches or outperforms Stan-
dard PPO across all domains, confirming its struc-
tural superiority in sparse-reward settings. In long-
horizon tasks like Hopper (H = 1000) and Moun-
tainCar, where the SFT initialization provides a
weak prior, Standard PPO flatlines near zero (or
stays at a low success rate) as the token-level critic
V (s;) fails to propagate the sparse signal effec-
tively; conversely, SPPO successfully solves these
tasks by estimating the sequence-level solvability
V (s0). Furthermore, in LunarLander, SPPO main-
tains monotonic improvement, avoiding the insta-
bility observed in the Standard PPO baseline. Fi-
nally, SPPO demonstrates superior precision align-
ment in Precision CartPole, rapidly converging to
high-precision behaviors where step-level attribu-
tion struggles to differentiate between “good” and
“perfect” trajectories given binary feedback.

6 Related Work

6.1 Reinforcement Learning Algorithms in
LLMs

Proximal Policy Optimization (PPO) (Schulman
et al., 2017) aligns LLMs using a dense, token-
level value function. However, in sparse-reward
reasoning tasks (RLVR), this approach struggles
as GAE fails to effectively assign credit over long
Chain-of-Thought horizons (Lightman et al., 2023).
Group-based methods like GRPO (Shao et al.,

2024) mitigate this by estimating baselines via
multi-sampling (/N > 1). By normalizing rewards
against the group mean, GRPO implicitly adopts a
sequence-level objective, bypassing temporal credit
assignment issues.

While recent variants like DAPO (Luo et al.,
2025), DPH-RL (Li et al., 2026a), DyJR (Li et al.,
2026¢c), APO (Wang et al., 2026¢), Dr.GRPO
(Liu et al., 2025) and (Fang et al., 2026b) pro-
pose strategies to refine gradient dynamics (e.g.,
dynamic sampling), they remain fundamentally
bound to the computationally expensive multi-
sampling paradigm. In this work, we exclude
such orthogonal optimizations. Our primary ob-
jective is to isolate and validate the effectiveness
of the Sequence-Level Contextual Bandit formu-
lation itself, rather than remedying the inherent
instabilities of group-relative baselines. Conse-
quently, SPPO replaces the empirical baseline with
a learned scalar value function V'(s,). This en-
ables stable, on-policy learning with single-sample
efficiency (N = 1), harmonizing PPO’s through-
put with the structural stability of sequence-level
modeling.

6.2 Sequence-Level Exploration

Prior research has extensively explored sequence-
level Reinforcement Learning (RL) algorithms.
The RLOO (REINFORCE Leave-One-Out) algo-
rithm (Ahmadian et al., 2024) posits that token-
level modeling is often superfluous, criticizing the
token-level optimization inherent in PPO. However,
RLOO is established upon the REINFORCE (Sut-
ton et al., 1999) algorithm. Recent work (Wang
et al., 2025b) has shown that the clipping term
plays a crucial role in learning stability through a
Token Masking mechanism. Furthermore, RLOO’s
rolling mechanism increases computational require-
ments as CoT trajectories lengthen.

Moreover, GSPO (Group Sequence Policy Op-
timization, Zheng et al. (2025)) and GMPO
(Geometric-Mean Policy Optimization, Zhao et al.
(2025)) have argued that a sequence-level reward is
incongruent with PPO’s token-level design. How-
ever, since these methods explicitly position their
core contribution as addressing the routing insta-
bility inherent to Mixture-of-Experts (MoE) archi-
tectures, we exclude them from our baselines to
maintain a focus on general reasoning alignment.
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7 Conclusion

To resolve the trade-off between standard PPO’s
high-bias credit assignment and GRPO’s high-
variance inefficiency, we introduce SPPO, which
reformulates reasoning as a Sequence-Level Con-
textual Bandit. By employing a scalar critic for
advantage estimation, SPPO secures optimization
stability with high-throughput single-sample effi-
ciency, offering a scalable paradigm for sparse-
reward tasks.
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A Derivation and Analysis of GRPO
Advantage

We model the IV sampled responses for a prompt s,,
as independent Bernoulli trials with success proba-
bility p = P(R = 1|s;,). The GRPO advantage is
defined as Adv = (R; — pg)/0g.

For binary rewards R; € {0, 1}, the sample
mean corresponds to the empirical success rate
g = p. Using standard results for Bernoulli distri-
butions, the unbiased sample standard deviation o,
converges to the population standard deviation for
large N:

=) = VRO F) @

Substituting these into the advantage formulation,
we obtain the standardized residual:
R—%p
Adv(sp, R) % ————= L = (5)
p(1—p)
Evaluation for the two possible outcomes R €
{0,1} yields:

O'g:

1-p if R = 1 (Success)
Adv(sp,a) = e
—y/ 7L 5 if R =0 (Failure)

(6)

B Extended Visualization of Critic
Dynamics

In this section, we present a comprehensive visual-
ization containing ten randomly sampled problems
from the DeepScaleR dataset. Figure 9 plots the
Critic’s value estimates V (s;) over time for both
correct and incorrect responses.

These samples consistently exhibit the “Tail Ef-
fect” analyzed in Section 1. Across diverse reason-
ing tasks, the token-level Critic fails to distinguish
between correct (Blue) and incorrect (Red) trajecto-
ries during the intermediate reasoning process. The
value curves typically remain entangled until the
final few tokens, confirming that the standard PPO
Critic struggles to assign precise temporal credit in
long-horizon reasoning tasks.
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Figure 9: Extended Analysis of Critic Value Dynamics
(10 Random Samples). Each subplot represents a distinct
mathematical problem sampled from the validation set. Blue
Lines: Value estimates for correct trajectories (R = 1). Red
Lines: Value estimates for incorrect trajectories (R = 0).
The consistent overlap of value curves until the sequence
tail demonstrates the systematic failure of token-level value
estimation in distinguishing intermediate reasoning quality.
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C Risks

Our proposed SPPO algorithm relies on the as-
sumption of verifiable outcome rewards to estimate
prompt solvability. A potential risk involves the
overgeneralization of this method to tasks lacking
objective ground truths, such as ethical decision-
making or subjective content generation. Applying
sequence-level optimization in these areas with-
out robust reward modeling may amplify biases
present in the base model or lead to the genera-
tion of plausible but factually incorrect reasoning
chains (hallucination). Furthermore, as SPPO low-
ers the computational barrier for training strong
reasoning models, there is a need for continued
monitoring to ensure these accessible capabilities
are not deployed for generating harmful content or
automating malicious tasks.

D Resources and Implementation Details

To facilitate reproducibility, we summarize the
models, datasets, and benchmarks used in our ex-
periments in Table 2. All resources are accessible
via HuggingFace.

Category Resource / Link License
Models DeepSeek-R1-Distill-Qwen-1.5B  MIT

DeepSeek-R1-Distill-Qwen-7B MIT
Training DAPO-Math-17k Apache 2.0
Datasets DeepScaleR-Preview MIT
Benchmarks AIME 2024, AIME 2025 -

AMC 23, MATH-500 -

Minerva Math -

Table 2: Summary of resources and licenses used in this work.
Click on the resource names to visit their HuggingFace pages.
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https://huggingface.co/deepseek-ai/DeepSeek-R1-Distill-Qwen-1.5B
https://huggingface.co/deepseek-ai/DeepSeek-R1-Distill-Qwen-7B
https://huggingface.co/datasets/BytedTsinghua-SIA/DAPO-Math-17k
https://huggingface.co/datasets/agentica-org/DeepScaleR-Preview-Dataset
https://huggingface.co/datasets/HuggingFaceH4/aime_2024
https://huggingface.co/datasets/yentinglin/aime_2025
https://huggingface.co/datasets/math-ai/amc23
https://huggingface.co/datasets/HuggingFaceH4/MATH-500
https://huggingface.co/datasets/math-ai/minervamath

E Implementation Details and Execution Commands

In this section, we provide snapshots of the exact execution commands used to reproduce the experimental
results. The images are rendered from the actual training scripts.

E.1 SPPO (Ours)

python3 -m verl.trainer.main ppo \
algorithm.adv_estimator=sequence_level adv \
algorithm.use kl in reward=False \
data.train_files="$train_ files" \
data.val files="$test files" \
data.train batch size=256 \
data.shuffle=True \
data.trust remote code=True \
data.max_prompt length=1024 \
data.max_response length=8192 \
data.filter overlong prompts=True \
data.truncation='left' \
actor_rollout ref.model.path=deepseek-ai/DeepSeek-R1-Distill-Qwen-1.5B \
actor _rollout ref.model.use remove padding=True \
actor_rollout ref.model.enable gradient checkpointing=True \
actor _rollout ref.actor.optim.lr=1le-6 \
actor_rollout ref.actor.optim.total training steps=1000 \
actor rollout ref.actor.optim.warmup style=constant \
actor_rollout ref.actor.optim.weight decay=0.01 \
actor_rollout ref.actor.optim.lr warmup steps ratio=0 \
actor_rollout ref.actor.use torch compile=True \
actor_rollout ref.actor.fsdp config.param offload=False \
actor_rollout ref.actor.fsdp config.optimizer offload=False \
actor_rollout ref.actor.use kl loss=False \
actor_rollout ref.actor.use dynamic_bsz=False \
actor_rollout ref.actor.ppo mini batch size=128 \
actor_rollout ref.actor.ppo micro batch size per gpu=2 \
actor_rollout ref.rollout.log prob use dynamic_bsz=False \
actor_rollout ref.rollout.log prob micro batch size per gpu=2 \
actor_rollout ref.rollout.do sample=True \
actor_rollout ref.rollout.temperature=0.6 \
actor_rollout ref.rollout.val kwargs.do sample=True \
actor_rollout ref.rollout.val kwargs.temperature=0.6 \
actor_rollout ref.rollout.max _num batched tokens=24576 \
actor rollout ref.rollout.max model 1len=9216 \
actor_rollout ref.rollout.enforce eager=True \
actor _rollout ref.rollout.tensor model parallel size=1 \
actor_rollout ref.rollout.name=vllm \
actor rollout ref.rollout.gpu memory utilization=0.8 \
critic.enable=True \
critic.model.path=deepseek-ai/DeepSeek-R1-Distill-Qwen-1.5B \
critic.optim.lr=5e-6 \
critic.model.use remove padding=False \
critic.model.enable gradient checkpointing=True \
critic.model.fsdp config.param offload=False \
critic.model.fsdp config.optimizer offload=False \
critic.use dynamic_bsz=False \
critic.ppo_mini_batch_size=128 \
critic.ppo _micro batch size per gpu=l \
trainer.critic warmup=0 \
trainer.logger="'["console", "wandb"]"' \
trainer.project name='SPP0' \
trainer.experiment name='ds1l.5B PPO SEQUENCE' \
trainer.default local dir='./${trainer.experiment _name}' \
trainer.n _gpus per node=4 \
trainer.nnodes=1 \
trainer.save freq=2 \
trainer.test freq=10 \
trainer.val before train=True \
trainer.total training steps=1000 $@

Figure 10: Execution Command: SPPO 1.5B (Symmetric)

7843



python3 -m verl.trainer.main ppo \
algorithm.adv _estimator=sequence level adv \
algorithm.use kl in reward=False \
data.train files="$train files" \
data.val files="$test files" \
data.train batch size=512 \
data.shuffle=True \
data.trust remote code=True \
data.max_prompt length=2048 \
data.max_response length=8192 \
data.filter overlong prompts=False \
data.truncation='left' \
actor rollout ref.model.path=deepseek-ai/DeepSeek-R1-Distill-Qwen-7B \
actor _rollout ref.model.use remove padding=True \
actor _rollout ref.model.enable gradient checkpointing=True \
actor rollout ref.actor.optim.lr=1e-6 \
actor _rollout ref.actor.optim.total training steps=200 \
actor rollout ref.actor.optim.warmup style=constant \
actor rollout ref.actor.optim.weight decay=0.1 \
actor rollout ref.actor.optim.lr warmup steps ratio=0 \
actor _rollout ref.actor.use torch compile=True \
actor rollout ref.actor.fsdp config.param offload=True \
actor _rollout ref.actor.fsdp config.optimizer offload=True \
actor rollout ref.actor.use kl loss=False \
actor rollout ref.actor.use dynamic bsz=False \
actor _rollout ref.actor.ppo mini batch size=32 \
actor rollout ref.actor.ppo micro batch size per gpu=1l \
actor_rollout ref.rollout.log prob use dynamic bsz=False \
actor _rollout ref.rollout.log prob micro batch size per gpu=1l \
actor _rollout ref.rollout.do sample=True \
actor _rollout ref.rollout.temperature=0.6 \
actor _rollout ref.rollout.val kwargs.do sample=True \
actor _rollout ref.rollout.val kwargs.temperature=0.6 \
actor rollout ref.rollout.max model len=20480 \
actor rollout ref.rollout.max num batched tokens=32768 \
actor _rollout ref.rollout.enforce eager=True \
actor _rollout ref.rollout.tensor model parallel size=4 \
actor_rollout ref.rollout.name=vllm \
actor_rollout ref.rollout.gpu memory utilization=0.8 \
critic.enable=True \
critic.model.path=deepseek-ai/DeepSeek-R1-Distill-Qwen-7B \
critic.optim.lr=1le-5 \
critic.model.use remove padding=False \
critic.model.enable gradient checkpointing=True \
critic.model.fsdp config.param offload=False \
critic.model.fsdp config.optimizer offload=False \
critic.use dynamic bsz=False \
critic.ppo mini batch size=32 \
critic.ppo _micro batch size per gpu=1l \
trainer.critic warmup=0 \
trainer.logger='["console", "wandb"]"' \
trainer.project name='SPP0' \
trainer.experiment name='DAP0-R1-7B-Seq' \
trainer.default_local_dir='./${trainer.experiment_name}' \
trainer.n gpus _per node=4 \
trainer.nnodes=1 \
trainer.save freq=10 \
trainer.test freq=2 \
trainer.val before train=True \
trainer.total training steps=200 $@

Figure 11: Execution Command: SPPO 7B (Symmetric)
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python3 -m verl.trainer.main ppo \
algorithm.adv _estimator=sequence level adv \
algorithm.use kl in reward=False \
data.train files="$train files" \
data.val files="$test files" \
data.train batch size=512 \
data.shuffle=True \
data.trust remote code=True \
data.max_prompt length=2048 \
data.max_response length=8192 \
data.filter overlong prompts=False \
data.truncation='left' \
actor rollout ref.model.path=deepseek-ai/DeepSeek-R1-Distill-Qwen-7B \
actor _rollout ref.model.use remove padding=True \
actor _rollout ref.model.enable gradient checkpointing=True \
actor rollout ref.actor.optim.lr=1e-6 \
actor _rollout ref.actor.optim.total training steps=200 \
actor rollout ref.actor.optim.warmup style=constant \
actor rollout ref.actor.optim.weight decay=0.1 \
actor rollout ref.actor.optim.lr warmup steps ratio=0 \
actor _rollout ref.actor.use torch compile=True \
actor rollout ref.actor.fsdp config.param offload=True \
actor _rollout ref.actor.fsdp config.optimizer offload=True \
actor rollout ref.actor.use kl loss=False \
actor rollout ref.actor.use dynamic bsz=False \
actor _rollout ref.actor.ppo mini batch size=32 \
actor rollout ref.actor.ppo micro batch size per gpu=1l \
actor_rollout ref.rollout.log prob use dynamic bsz=False \
actor _rollout ref.rollout.log prob micro batch size per gpu=1l \
actor _rollout ref.rollout.do sample=True \
actor _rollout ref.rollout.temperature=0.6 \
actor _rollout ref.rollout.val kwargs.do sample=True \
actor _rollout ref.rollout.val kwargs.temperature=0.6 \
actor rollout ref.rollout.max model len=20480 \
actor rollout ref.rollout.max num batched tokens=32768 \
actor _rollout ref.rollout.enforce eager=True \
actor _rollout ref.rollout.tensor model parallel size=4 \
actor_rollout ref.rollout.name=vllm \
actor_rollout ref.rollout.gpu memory utilization=0.8 \
critic.enable=True \
critic.model.path=deepseek-ai/DeepSeek-R1-Distill-Qwen-1.5B \
critic.optim.lr=1le-5 \
critic.model.use remove padding=False \
critic.model.enable gradient checkpointing=True \
critic.model.fsdp config.param offload=False \
critic.model.fsdp config.optimizer offload=False \
critic.use dynamic bsz=False \
critic.ppo mini batch size=32 \
critic.ppo _micro batch size per gpu=1l \
trainer.critic warmup=0 \
trainer.logger='["console", "wandb"]"' \
trainer.project name='SPP0' \
trainer.experiment name='DAP0-R1-7B-Seq_small critic' \
trainer.default_local_dir='./${trainer.experiment_name}' \
trainer.n gpus _per node=4 \
trainer.nnodes=1 \
trainer.save freq=10 \
trainer.test freq=2 \
trainer.val before train=True \
trainer.total training steps=200 $@

Figure 12: Execution Command: SPPO 7B (Decoupled / Small Critic)
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E.2 Group Relative Policy Optimization (GRPO)

python3 -m verl.trainer.main ppo \
algorithm.adv_estimator=grpo \
algorithm.use kl in reward=False \
data.train files="¢$train files" \
data.val files="$test files" \
data.train batch size=256 \
data.shuffle=True \
data.trust remote code=True \
data.max_prompt length=1024 \
data.max _response length=8192 \
data.filter overlong prompts=True \
data.truncation="'left' \
actor_rollout ref.model.path=deepseek-ai/DeepSeek-R1-Distill-Qwen-1.5B \
actor_rollout ref.model.use remove padding=True \
actor _rollout ref.model.enable gradient checkpointing=True \
actor_rollout ref.actor.optim.lr=1le-6 \
actor_rollout ref.actor.optim.total training steps=1000 \
actor_rollout ref.actor.optim.warmup style=constant \
actor rollout ref.actor.optim.weight decay=0.01 \
actor_rollout ref.actor.optim.lr warmup steps ratio=0 \
actor_rollout ref.actor.use torch compile=True \
actor_rollout ref.actor.fsdp config.param offload=False \
actor rollout ref.actor.fsdp config.optimizer offload=False \
actor rollout ref.actor.use kl loss=False \
actor_rollout ref.actor.use dynamic bsz=False \
actor_rollout ref.actor.ppo mini batch size=128 \
actor_rollout ref.actor.ppo micro batch size per gpu=2 \
actor _rollout ref.rollout.log prob use dynamic bsz=False \
actor_rollout ref.rollout.n=8 \
actor_rollout ref.rollout.log prob micro batch size per gpu=2 \
actor rollout ref.rollout.do sample=True \
actor rollout ref.rollout.temperature=0.6 \
actor_rollout ref.rollout.val kwargs.do sample=True \
actor_rollout ref.rollout.val kwargs.temperature=0.6 \
actor_rollout ref.rollout.max num batched tokens=24576 \
actor rollout ref.rollout.max model 1en=9216 \
actor_rollout ref.rollout.enforce eager=True \
actor_rollout ref.rollout.tensor model parallel size=1 \
actor_rollout ref.rollout.name=vlilm \
actor _rollout ref.rollout.gpu memory utilization=0.8 \
trainer.logger="'["console", "wandb"]"' \
trainer.project name='SPP0O' \
trainer.experiment name='ds1.5B GRPO' \
trainer.default local dir='./${trainer.experiment name}' \
trainer.n_gpus per_node=4 \
trainer.nnodes=1 \
trainer.save fregq=2 \
trainer.test freq=10 \
trainer.val before train=True \
trainer.total training steps=1000 $@

Figure 13: Execution Command: GRPO 1.5B
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python3 -m verl.trainer.main ppo \
algorithm.adv_estimator=grpo \
algorithm.use kl in reward=False \
data.train files="$train files" \
data.val files="$test files" \
data.train batch size=512 \
data.shuffle=True \
data.trust remote code=True \
data.max_prompt length=2048 \
data.max_response length=8192 \
data.filter overlong prompts=False \
data.truncation="'1left"' \
actor rollout ref.model.path=deepseek-ai/DeepSeek-R1-Distill-Qwen-7B \
actor_rollout ref.model.use remove padding=True \
actor_rollout ref.model.enable gradient checkpointing=True \
actor rollout ref.actor.optim.lr=1e-6 \
actor _rollout ref.actor.optim.total training steps=200 \
actor rollout ref.actor.optim.warmup style=constant \
actor _rollout ref.actor.optim.weight decay=0.1 \
actor_rollout ref.actor.optim.lr warmup steps ratio=0 \
actor _rollout ref.actor.use torch compile=True \
actor _rollout ref.actor.fsdp config.param offload=True \
actor_rollout ref.actor.fsdp config.optimizer offload=True \
actor _rollout ref.actor.use kl loss=False \
actor rollout ref.actor.use dynamic bsz=False \
actor _rollout ref.rollout.n=8 \
actor _rollout ref.actor.ppo mini batch size=32 \
actor _rollout ref.actor.ppo micro batch size per gpu=1l \
actor _rollout ref.rollout.log prob use dynamic bsz=False \
actor _rollout ref.rollout.log prob micro batch size per gpu=1l \
actor _rollout ref.rollout.do sample=True \
actor _rollout ref.rollout.temperature=0.6 \
actor_rollout _ref.rollout.val kwargs.do sample=True \
actor_rollout _ref.rollout.val kwargs.temperature=0.6 \
actor _rollout ref.rollout.max num batched tokens=16384 \
actor _rollout ref.rollout.enforce eager=True \
actor rollout ref.rollout.tensor model parallel size=4 \
actor rollout ref.rollout.name=vllm \
actor_rollout ref.rollout.gpu memory utilization=0.8 \
trainer.critic warmup=0 \
trainer.logger="'["console", "wandb"]"' \
trainer.project name='SPP0' \
trainer.experiment name='GRP0-R1-7B DAPO-17k' \
trainer.default local dir="'./${trainer.experiment name}' \
trainer.n _gpus_per node=4 \
trainer.nnodes=1 \
trainer.save freq=10 \
trainer.test freg=2 \
trainer.val before train=True \
trainer.total training steps=200 $@z

Figure 14: Execution Command: GRPO 7B
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E.3 Standard PPO

python3 -m verl.trainer.main_ppo \
algorithm.adv_estimator=gae \
algorithm.use kl in reward=False \
data.train files="$train files" \
data.val files="$test files" \
data.train batch size=256 \
data.shuffle=True \
data.trust remote code=True \
data.max_prompt length=1024 \
data.max_response length=8192 \
data.filter overlong prompts=True \
data.truncation="'left' \
actor _rollout ref.model.path=deepseek-ai/DeepSeek-R1-Distill-Qwen-1.5B \
actor_rollout ref.model.use remove padding=True \
actor_rollout ref.model.enable gradient checkpointing=True \
actor_rollout ref.actor.optim.lr=1e-6 \
actor rollout ref.actor.optim.total training steps=1000 \
actor rollout ref.actor.optim.warmup style=constant \
actor _rollout ref.actor.optim.weight decay=0.01 \
actor _rollout ref.actor.optim.lr warmup steps ratio=0 \
actor_rollout ref.actor.use torch compile=True \
actor_rollout ref.actor.fsdp config.param offload=False \
actor_rollout ref.actor.fsdp config.optimizer offload=False \
actor rollout ref.actor.use kl loss=False \
actor rollout ref.actor.use dynamic bsz=False \
actor rollout ref.actor.ppo mini batch size=128 \
actor _rollout ref.actor.ppo micro batch size per gpu=2 \
actor_rollout ref.rollout.log prob use dynamic_bsz=False \
actor_rollout ref.rollout.log prob micro batch size per gpu=2 \
actor_rollout ref.rollout.do sample=True \
actor rollout ref.rollout.temperature=0.6 \
actor rollout ref.rollout.val kwargs.do sample=True \
actor _rollout ref.rollout.val kwargs.temperature=0.6 \
actor_rollout ref.rollout.max num batched tokens=24576 \
actor _rollout ref.rollout.max model 1len=9216 \
actor_rollout ref.rollout.enforce eager=True \
actor_rollout _ref.rollout.tensor model parallel size=1 \
actor rollout ref.rollout.name=vilm \
actor rollout ref.rollout.gpu memory utilization=0.8 \
critic.enable=True \
critic.model.path=deepseek-ai/DeepSeek-R1-Distill-Qwen-1.5B \
critic.optim.lr=1e-5 \
critic.model.use remove padding=False \
critic.model.enable gradient checkpointing=True \
critic.model.fsdp config.param offload=False \
critic.model.fsdp config.optimizer offload=False \
critic.use dynamic bsz=False \
critic.ppo _mini batch size=256 \
critic.ppo_micro batch size per gpu=1l \
trainer.critic_warmup=50 \
trainer.logger="'["console", "wandb"]"' \
trainer.project name='SPP0' \
trainer.experiment name='dsl.5B PPO' \
trainer.default_local _dir='./${trainer.experiment_name}' \
trainer.n _gpus per node=4 \
trainer.nnodes=1 \
trainer.save freg=2 \
trainer.test freg=10 \
trainer.val before train=True \
trainer.total training steps=1000 $@z

Figure 15: Execution Command: Standard PPO 1.5B
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python3 -m verl.trainer.main ppo \
algorithm.adv_estimator=gae \
algorithm.use kl in reward=False \
data.train files="$train files" \
data.val files="$test files" \
data.train batch size=512 \
data.shuffle=True \
data.trust remote code=True \
data.max prompt length=2048 \
data.max_response length=8192 \
data.filter overlong prompts=False \
data.truncation="'left' \
actor_rollout ref.model.path=deepseek-ai/DeepSeek-R1-Distill-Qwen-7B \
actor_rollout ref.model.use remove padding=True \
actor_rollout ref.model.enable gradient checkpointing=True \
actor rollout ref.actor.optim.lr=1le-6 \
actor_rollout ref.actor.optim.total training steps=200 \
actor _rollout ref.actor.optim.warmup style=constant \
actor_rollout ref.actor.optim.weight decay=0.1 \
actor rollout ref.actor.optim.lr warmup steps ratio=0 \
actor _rollout ref.actor.use torch compile=True \
actor_rollout ref.actor.fsdp config.param offload=True \
actor _rollout ref.actor.fsdp config.optimizer offload=True \
actor rollout ref.actor.use kl loss=False \
actor _rollout ref.actor.use dynamic bsz=False \
actor_rollout ref.actor.ppo mini batch size=32 \
actor_rollout ref.actor.ppo micro batch size per gpu=1l \
actor _rollout ref.rollout.log prob use dynamic bsz=False \
actor_rollout ref.rollout.log prob micro batch size per gpu=1 \
actor _rollout ref.rollout.do sample=True \
actor_rollout ref.rollout.temperature=0.6 \
actor _rollout ref.rollout.val kwargs.do sample=True \
actor_rollout ref.rollout.val kwargs.temperature=0.6 \
actor_rollout ref.rollout.max num batched tokens=32768 \
actor_rollout ref.rollout.max model 1en=20480 \
actor_rollout ref.rollout.enforce eager=True \
actor _rollout ref.rollout.tensor model parallel size=4 \
actor rollout ref.rollout.name=vllm \
actor_rollout ref.rollout.gpu memory utilization=0.8 \
critic.enable=True \
critic.model.path=deepseek-ai/DeepSeek-R1-Distill-Qwen-7B \
critic.optim.lr=1e-5 \
critic.model.use remove padding=False \
critic.model.enable gradient checkpointing=True \
critic.model.fsdp config.param offload=False \
critic.model.fsdp config.optimizer offload=False \
critic.use dynamic bsz=False \
critic.ppo_mini batch size=32 \
critic.ppo _micro batch size per gpu=1l \
trainer.critic_warmup=50 \
trainer.logger='["console", "wandb"]"' \
trainer.project name='SPP0O' \
trainer.experiment name='PPO-R1 DAPO-17k"' \
trainer.default_local_dir='./${trainer.experiment_name}' \
trainer.n_gpus_per_node=4 \
trainer.nnodes=1 \
trainer.save freq=10 \
trainer.test freg=2 \
trainer.val before train=True \
trainer.total training steps=200 $@

Figure 16: Execution Command: Standard PPO 7B
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E.4 RLOO Baselines

python3 -m verl.trainer.main ppo \
algorithm.adv_estimator=rloo \
data.train_files="$train_files" \
data.val files="$test files" \
data.train batch size=256 \
data.max_prompt length=1024 \
data.max_response length=8192 \
data.filter overlong prompts=True \
data.truncation='left' \
actor_rollout ref.model.path=deepseek-ai/DeepSeek-R1-Distill-Qwen-1.5B \
actor_rollout ref.actor.optim.lr=1e-6 \
actor rollout ref.model.use remove padding=True \
actor _rollout ref.actor.ppo mini batch size=128 \
actor_rollout ref.actor.ppo micro batch size per gpu=2 \
actor_rollout_ref.actor.use_kl loss=False \
actor rollout ref.rollout.temperature=0.6 \
actor _rollout ref.model.enable gradient checkpointing=True \
actor_rollout ref.actor.fsdp config.param offload=False \
actor_rollout ref.actor.fsdp config.optimizer offload=False \
actor_rollout ref.rollout.max_num batched tokens=24576 \
actor _rollout ref.rollout.max model 1en=9216 \
actor_rollout ref.rollout.enforce eager=True \
data.trust_remote code=True \
actor _rollout ref.rollout.log prob micro batch size per gpu=2 \
actor_rollout ref.rollout.tensor model parallel size=2 \
actor_rollout_ref.rollout.name=vllm \
actor_rollout ref.rollout.gpu memory utilization=0.8 \
actor _rollout ref.rollout.n=5 \
actor_rollout ref.ref.log prob micro batch size per gpu=2 \
actor_rollout ref.ref.fsdp config.param offload=True \
algorithm.use kl in reward=True \
algorithm.kl penalty=kl \
algorithm.kl ctrl.kl coef=0.001 \
trainer.critic_warmup=0 \
trainer.logger='["console", "wandb"]"' \
trainer.project name='SPPO' \
trainer.default local dir='./trainer.project,ame/{trainer.experiment name}' \
trainer.experiment name='dsl.5B RLOO deepscaler' \
trainer.n_gpus_per node=4 \
trainer.nnodes=1 \
trainer.save freq=2 \
trainer.test freq=10 \
trainer.total training steps=1000 $@

Figure 17: Execution Command: RLOO 1.5B
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python3 -m verl.trainer.main ppo \
algorithm.adv_estimator=rloo \
data.train files="¢$train files" \
data.val files="$test files" \
data.train batch size=512 \
data.max _prompt length=2048 \
data.max_response length=8192 \
data.filter overlong prompts=True \
data.truncation="'left' \
actor_rollout ref.model.path=deepseek-ai/DeepSeek-R1-Distill-Qwen-7B \
actor _rollout ref.actor.optim.lr=1e-6 \
actor_rollout ref.model.use remove padding=True \
actor _rollout ref.actor.ppo mini batch size=32 \
actor_rollout ref.actor.ppo micro batch size per gpu=1l \
actor _rollout ref.actor.use kl loss=False \
actor_rollout ref.model.enable gradient checkpointing=True \
actor_rollout ref.actor.fsdp config.param offload=False \
actor _rollout ref.actor.fsdp config.optimizer offload=False \
actor_rollout ref.rollout.max num batched tokens=32768 \
actor _rollout ref.rollout.max model 1en=20480 \
actor rollout ref.rollout.enforce eager=True \
data.trust remote code=True \
actor_rollout ref.rollout.log prob micro batch size per gpu=1 \
actor_rollout ref.rollout.tensor model parallel size=4 \
actor _rollout ref.rollout.name=vllm \
actor rollout ref.rollout.gpu memory utilization=0.8 \
actor _rollout ref.rollout.n=5 \
actor_rollout ref.ref.log prob micro batch size per gpu=l \
actor _rollout ref.ref.fsdp config.param offload=True \
algorithm.use kl in reward=True \
algorithm.kl penalty=kl \
algorithm.kl ctrl.kl coef=0.001 \
actor_rollout ref.rollout.temperature=0.6 \
trainer.critic_warmup=0 \
trainer.logger="'["console", "wandb"]"' \
trainer.project name='SPP0O' \
trainer.default local dir='./${trainer.experiment name}' \
trainer.experiment name='R1-7B RLOO DAPO-17k' \
trainer.n_gpus_per _node=4 \
trainer.nnodes=1 \
trainer.save fregq=10 \
trainer.test freg=2 \
trainer.total training steps=200 $@

Figure 18: Execution Command: RLOO 7B
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E.5 ReMax Baselines

python3 -m verl.trainer.main ppo \
algorithm.adv_estimator=remax \
data.train_ files="$train files" \
data.val files="$test files" \
data.train batch size=256 \
data.max_prompt length=1024 \
data.max_response length=8192 \
data.filter overlong prompts=True \
data.truncation="'left"' \
actor_rollout ref.model.path=deepseek-ai/DeepSeek-R1-Distill-Qwen-1.5B \
actor_rollout ref.actor.optim.lr=1e-6 \
actor_rollout ref.model.use remove padding=True \
actor_rollout ref.rollout.max num batched tokens=24576 \
actor rollout ref.rollout.temperature=0.6 \
actor_rollout ref.rollout.max model 1en=9216 \
actor _rollout ref.rollout.enforce eager=True \
data.trust remote code=True \
actor rollout ref.actor.ppo mini batch size=128 \
actor_rollout ref.actor.use dynamic_bsz=True \
actor_rollout ref.actor.ppo_max_token len per gpu=24000 \
actor rollout ref.actor.use kl loss=False \
actor _rollout ref.model.enable gradient checkpointing=True \
actor_rollout ref.actor.fsdp config.param offload=False \
actor_rollout ref.actor.fsdp config.optimizer offload=False \
actor_rollout ref.rollout.tensor model parallel size=1 \
actor _rollout ref.rollout.name=vllm \
actor rollout ref.rollout.gpu memory utilization=0.8 \
actor_rollout ref.ref.fsdp config.param offload=True \
algorithm.use k1l in reward=True \
algorithm.kl penalty=kl \
algorithm.kl ctrl.kl coef=0.001 \
trainer.critic_warmup=0 \
trainer.logger="'["console", "wandb"]"' \
trainer.project name='SPP0O' \
trainer.experiment name='dsl.5B REMAX deepscaler' \
trainer.default_local _dir='./${trainer.experiment_name}' \
trainer.val before train=False \
trainer.n_gpus_per node=4 \
trainer.nnodes=1 \
trainer.save fregq=2 \
trainer.test freg=10 \
trainer.total training steps=1000 $@

Figure 19: Execution Command: ReMax 1.5B
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python3 -m verl.trainer.main_ppo \
algorithm.adv estimator=remax \
data.train flles—"$tra1n files" \
data.val f11es—"$test files" \
data.train batch size=512 \
data.max_prompt length=2048 \
data.max_response length=8192 \
data.filter overlong prompts=True \
data.truncation="'left' \
actor _rollout ref.model.path=deepseek-ai/DeepSeek-R1-Distill-Qwen-7B \
actor rollout ref.actor.optim.lr=1e-6 \
actor _rollout ref.model.use remove padding=True \
actor rollout ref.rollout.temperature=0.6 \
actor _rollout ref.rollout.val kwargs.temperature=0.6 \
actor _rollout ref.rollout.max num batched tokens=32768 \
actor rollout ref.rollout.max model len=20480 \
actor rollout ref.rollout.enforce eager=True \
data.trust remote code=True \
actor _rollout ref.actor.ppo _mini batch size=32 \
actor rollout ref.actor.use dynamic bsz=True \
actor_rollout ref.actor.ppo_max_token len per gpu=24000 \
actor rollout ref.actor.use kl loss=False \
actor _rollout ref.model.enable gradient checkpointing=True \
actor _rollout ref.actor.fsdp config.param offload=False \
actor rollout ref.actor.fsdp config.optimizer offload=False \
actor rollout ref.rollout.tensor model parallel size=4 \
actor rollout ref.rollout.name=vllm \
actor rollout ref.rollout.gpu memory utilization=0.8 \
actor rollout ref.ref.fsdp config.param offload=True \
algorithm.use kl in reward=True \
algorithm.kl penalty kl \
algorithm.kl ctrl.kl coef=0.001 \
trainer.critic warmup=0 \
trainer.logger="'["console", "wandb"]"' \
trainer.project name='SPPO0' \
trainer.experiment name='R1-7B_REMAX DAPO' \
trainer.default local dir='./${trainer.experiment name}' \
trainer.val before train=False \
trainer.n _gpus per node=4 \
trainer.nnodes=1 \
trainer.save freq=10 \
trainer.test freq=2 \
trainer.total training steps=200 $@

Figure 20: Execution Command: ReMax 7B
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