
Our SPO framework with three components

Segment Policy Optimization: Effective Segment-Level Credit Assignment in RL for Large Language Models

Key problem and challenges of RL for LLM Our SPO framework (Segment-level)

Key idea: Mid-grained (segment-level) advantage estimation can unify and 
overcome the limitations of token-level and trajectory-level methods. 
(See Feature 1 and 2; Segment à a number of contiguous tokens)
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Base Model
(e.g., DeepSeek V3)

Reasoning Model
(e.g., DeepSeek R1)

Post-Training
(RL like PPO/GRPO)

Math, Logic, Coding

Agents

Key Problem: Credit assignment

How to attribute the final evaluation result (reward signal) of 
the entire sequence (LLM response) to the specific 

decision-making actions (i.e., tokens) within that sequence?

Challenges

Different from traditional RL, the LLM reward is 
extremely sparse (clear success or failure feedback 
is only available at the end of the entire sequence).

Existing methods (Token-level vs. Trajectory-level)
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Figure 5: (a) Comparison of SPO-tree (6-6-6) and GRPO on MATH500 with a context size of 2K. (b)
Variations of tree structures on GSM8K. (c) SPO-tree with different advantage methods on GSM8K.

Dataset Eval Context Size Base GRPO SPO-tree DeepScaleR* STILL-3*

MATH500
2K 0.566 0.62 0.736 0.538 0.662
4K 0.74 0.752 0.828 0.744 0.794

32K 0.838 0.84 0.848 0.878 0.846

AIME24
2K 0.067 0.033 0.1 0 0.067
4K 0.167 0.2 0.2 0.167 0.133

32K 0.267 0.333 0.333 0.333 0.233
* These models were trained using larger datasets and longer context windows. Specifically,

DeepScaleR uses 8K→16K→24K context and STILL-3 sets ‘generate_max_len’ to 29000
during training, while our GRPO and SPO-tree use a maximum context of 4K during training.

Table 1: Accuracy comparison among methods with various context sizes on MATH500 and AIME24.

Comparison of Different Tree Structures and Advantage Computation Methods. To investigate
the impact of different tree structures, we compared the performance4 of various tree structures (4-4-4,
6-6-6, 8-8-8) on the GSM8K test set (Figure 5(b)). When using a larger tree structure, each iteration
generates a greater number of segments with non-zero advantage. Therefore, we set different values
of the hyperparameter "num_episodes_per_iteration" for different tree structures: specifically, we set
it to 1024 for SPO-tree (8-8-8), 512 for SPO-tree (6-6-6), and 384 for SPO-tree (4-4-4). We found
that the performance differences among these tree structures were not substantial under the same
wall-clock time, indicating the robustness of the tree structure. Smaller tree structures achieve higher
accuracy initially, possibly because they can process more data examples within the same time frame.
However, larger tree structures eventually outperform smaller ones at later training stages, as they
enable more accurate value estimation and benefit from having more segments within each group,
leading to more reliable and nuanced advantage estimates. We also compared the performance of
different advantage calculation methods with and without standard deviation normalization. As shown
in Figure 5(c), both methods perform similarly, while the variant without normalization performs
slightly better.

8 Conclusion
In this work, we propose Segment Policy Optimization (SPO), a novel RL training framework for large
language models (LLMs) that effectively addresses the limitations of existing RL approaches. SPO
provides feedback at the segment level, offering finer granularity than trajectory-level methods for
more precise credit assignment, while reducing the number of advantage estimation points compared
to token-level approaches. This enables us to leverage Monte Carlo methods to obtain unbiased
advantage estimates. Our experiments demonstrate that a small number of segment-level advantages
can significantly outperform coarse trajectory-level advantages, validating the effectiveness of our
framework. Due to limited computational resources, our current experiments in the long CoT scenario
are limited to a maximum context size of 4K tokens. In the future, we plan to conduct additional
experiments with larger context sizes. Additionally, our current experiments focus primarily on
mathematical tasks. We plan to test the effectiveness of SPO in broader application scenarios, such as
code generation and RLHF.

4Evaluation time is also included in the reported wall-clock time. The model is evaluated every 10 iterations.
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of the hyperparameter "num_episodes_per_iteration" for different tree structures: specifically, we set
it to 1024 for SPO-tree (8-8-8), 512 for SPO-tree (6-6-6), and 384 for SPO-tree (4-4-4). We found
that the performance differences among these tree structures were not substantial under the same
wall-clock time, indicating the robustness of the tree structure. Smaller tree structures achieve higher
accuracy initially, possibly because they can process more data examples within the same time frame.
However, larger tree structures eventually outperform smaller ones at later training stages, as they
enable more accurate value estimation and benefit from having more segments within each group,
leading to more reliable and nuanced advantage estimates. We also compared the performance of
different advantage calculation methods with and without standard deviation normalization. As shown
in Figure 5(c), both methods perform similarly, while the variant without normalization performs
slightly better.

8 Conclusion
In this work, we propose Segment Policy Optimization (SPO), a novel RL training framework for large
language models (LLMs) that effectively addresses the limitations of existing RL approaches. SPO
provides feedback at the segment level, offering finer granularity than trajectory-level methods for
more precise credit assignment, while reducing the number of advantage estimation points compared
to token-level approaches. This enables us to leverage Monte Carlo methods to obtain unbiased
advantage estimates. Our experiments demonstrate that a small number of segment-level advantages
can significantly outperform coarse trajectory-level advantages, validating the effectiveness of our
framework. Due to limited computational resources, our current experiments in the long CoT scenario
are limited to a maximum context size of 4K tokens. In the future, we plan to conduct additional
experiments with larger context sizes. Additionally, our current experiments focus primarily on
mathematical tasks. We plan to test the effectiveness of SPO in broader application scenarios, such as
code generation and RLHF.

4Evaluation time is also included in the reported wall-clock time. The model is evaluated every 10 iterations.
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Figure 1: Overview of SPO framework. Our framework consists of three components: segment
partition, segment advantage estimation, and policy optimization, each of which can be implemented
in different ways. This figure illustrates the cutpoint-based partition strategy used in SPO-chain,
where partitioning occurs after a predetermined number of cutpoints. It also illustrates our probability-
mask policy optimization method, which assigns the corresponding segment advantages specifically
to the cutpoints instead of all tokens within a segment.
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Figure 2: (a) Chain-based advantage estimation method. For each segment, we independently sample
N trajectories to estimate its value V . The advantage for segment k is estimated as V̂ (stk+1)→V̂ (stk).
(b) Tree-based advantage estimation method. Trajectories are organized in a tree structure, where
nodes sharing the same parent form a group with identical prompts and token counts (except for leaf
nodes, whose token lengths may vary). This hierarchical organization facilitates the calculation of
advantages within each group.

advantage? The proposed SPO framework, as illustrated in Figure 1, adopts a modular architecture,
where each of its components can be implemented using various strategies, allowing the framework
to be tailored to diverse tasks and scenarios. In what follows, we introduce three key components of
SPO to answer the above questions and further instantiate SPO with two instances, tailored for short
and long CoT scenarios.

(1) Flexible Segment Partition. A segment is defined as a contiguous sequence of generated
tokens, denoted as seg

k
= [ytk , ytk+1, . . . , ytk+1→1], where tk is the starting token index of the

k-th segment. Formally, given a full generated trajectory y = [y1, y2, . . . , yT ], the partition can be
expressed as y = [y1, y2, . . . , yT ] = [seg1, seg2, · · · , seg

K
]. The SPO framework supports arbitrary

partition strategies, allowing flexible definition of segment boundaries, without requiring semantic
completeness. This flexibility enables us to choose partition granularity between token-level and
trajectory-level, allowing a trade-off between computational cost and credit assignment. In this work,
we consider two main partition strategies, designed for different scenarios: (a) Fixed Token Count
Partition: A straightforward strategy that divides the sequence into segments of a predetermined
fixed number of tokens. (b) Adaptive Cutpoint-based Partition: An advanced strategy (see Section
4) that defines segments by accumulating a fixed number of low probability tokens (i.e., tokens
whose probabilities ωω(yt|st) are less than a threshold ε). This strategy places segment boundaries
at positions where V values are more likely to change, avoiding the issue in the fixed token count
partition strategy where V values may remain unchanged between segment boundaries when each
segment is short.

(2) Segment Advantage Estimation via Monte Carlo. After obtaining each segment seg
k

=
[ytk , ytk+1, . . . , ytk+1→1], we define the segment advantage in the following way:

Aseg
k

:= V (stk+1) → V (stk) = V ([x, seg1, . . . , seg
k
]) → V ([x, seg1, . . . , seg

k→1]), (2)
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Feature 1: Flexible segment partition (without requiring semantic completeness) 
à Unify token-level and trajectory-level methods (flexible adjustment of granularity from token-level to trajectory-level)

SPO-chain for short CoT SPO-tree for long CoT

SPO-chain (int5=>10) DeepSeekMath
7B on MATH

Hyperparameter Value

Target train batch size 64
Num episodes per iteration 512
Dataset samples per iteration 64
Samples (per prompt) 8
Cutpoint interval 10 => 5
K (MC samples) 9
M (Tokens per level) -
Branch factors -
Train policy temperature 0.6
Train policy top-p 0.9
Train context size 4095
Initial KL coef 0.0001
Learning rate 1 → 10→6

Epochs per iteration 2
Prob mask threshold 0.9
Eval. context size 4095
Eval. temperature 0.35
Eval. top-p 0.9
Eval. samples 16

I Segment Partition Example

Prompt: [MATH_TASK] Problem: Gloria wants to buy the $129,000 mountain cabin that her friend Alfonso is selling. She only has $150

in cash. She intends to raise the remaining amount by selling her mature trees for lumber. She has 20 cypress trees, 600 pine trees, and

24 maple trees. She will get $100 for each cypress tree, $300 for a maple tree, and $200 per pine tree. After paying Alfonso for the

cabin, how much money will Gloria have left? Solution:

The total value of the cypress trees  that she will | sell is 20 * $100 = $2000.

The total value of the  maple trees that she will sell is  | 600 * $300 = $18000.

The total value of the pine trees that she will sell is 24 * $200 = $4800.

The total value of all the trees that she will sell is $2000 + $18000 + $4800 = $2 4800.

| After selling all the trees, she will have $24800 - $150 = $23300 left.

#### 23300

Figure 12: Segment partition based on fixed cutpoint interval. Each row corresponds to a single step.
Tokens marked in red indicate cutpoints (tokens with probability lower than 0.9). The blue vertical
lines represent SPO segment boundaries.

Figure 12 shows a practical segment partition example. As we can see, many of the cutpoints (tokens
whose probability is below a threshold) correspond to the places where the model makes mistakes.
For instance, in the second step, the total value of the maple trees should be 24 * $300, but the model
outputs 600 * 300 and shows low confidence at the digit 6. If it had output 2 in this position, this step
might have been correct. Similarly, in the final step, the calculation should be 24800 - 12900, but the
model instead outputs 24800 - 150 and is uncertain at the digit 5. Had it produced a 2 at this point, the
equation might have been correct. This case shows that cutpoints are the locations where the model’s
reasoning trajectory can shift, and they are the main drivers behind “segment advantage”. Therefore,
identifying and accurately assigning credit to these cutpoints is essential, which is consistent with our
segment partition method (Section 4) and probability mask technique (Section 4).

It is also worth noting that partitioning by line breaks, as in VinePPO, is not the most effective
approach. For example, in step three, none of the tokens have probabilities below 0.9, indicating that
the transition probabilities for all tokens in this step are very high. As a result, the estimated V value
at the beginning and end of this step will not differ significantly, thus the advantage for this segment
will be close to zero. Allocating sampling budget to this step is likely to result in wasted samples.
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Method Granularity Example Mechanism Drawbacks

Token-Level 
(Fine-Grained) PPO

Uses a critic model to 
estimate advantage (𝑨𝒊) 
for every token (𝒕𝒊).

Inaccurate critic: Hard to train 
the critic model, leading to 
unreliable value 𝑽 predictions.

High overhead: Critic model 
training/prediction.

Trajectory-Level 
(Coarse-Grained) GRPO

Uses a single advantage 
signal (𝑨𝒊) from the final 
reward for the entire 
sequence (each 𝒕𝒊𝒋 gets 
the same 𝑨𝒊).

Imprecise credit: Cannot reward 
partial progress or penalize 
redundancy.

Overfitting: Performance on 
validation sets saturates early.

Feature 2: Accurate segment advantage estimation 
(based on Monte Carlo (MC) sampling)

à SPO vs. PPO (SPO eliminates the need for an 
additional, unstable critic model.)

à SPO vs. GRPO (SPO can reward partial progress for 
unsuccessful responses and penalize redundancy or 
unnecessary portions within successful responses.)

Feature 3: Probability-mask optimization strategy
(enhance the credit assignment)

à Selectively assign the segment advantages to critical 
(low-probability) tokens instead of all tokens within a 
segment.

à Critical tokens (cutpoints) represent positions where 
the model’s reasoning trajectory could diverge.

Features of SPO-chain:

(1) Adaptive cutpoint-based segment partition strategy: 
Let each segment contain a number of cutpoints, 
avoiding unnecessary segment (where all tokens 
within the segment have probabilities close to 1). 

(2) Chain-based Monte Carlo sampling: For each 
segment, SPO independently samples N trajectories 
to estimate the value and segment advantage.

Features of SPO-tree:

(1) Fixed token count segment partition strategy: Each 
segment contains a fixed number of tokens (to well 
support tree-based sampling; unlikely all tokens 
within a long segment have probabilities close to 1). 

(2) Tree-based segment advantage estimation: Directly 
yield segment advantages after tree-based trajectory 
generation, avoiding costly resampling and 
significantly improving efficiency for long CoT.

Two algorithms based on SPO
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(c) Qwen2.5-Math-1.5B on MATH
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Figure 11: Experimental results across different models and datasets. (a) Qwen2.5-0.5B-Instruct on
GSM8K. (b) Qwen2.5-1.5B-Instruct on GSM8K. (c) Qwen2.5-1.5B-Math on MATH. (d) Qwen2.5-
1.5B-Instruct on Knights-and-Knaves (3ppl).

G Limitations and Future Work

In long CoT scenario, we propose a tree-based advantage estimation strategy that can deliver fine-
grained reward signals with lower sampling costs. However, for a single problem, constructing a tree
requires sampling a large number of trajectories. We use a replay buffer to distribute these trajectories
across several future iterations. However, this approach is still constrained by on-policy algorithms,
which cannot distribute trajectories too far into future iterations. In the future, we may explore more
off-policy algorithms, to achieve more efficient sample utilization. This would allow us to reuse the
high-quality samples obtained from SPO-chain methods and alleviate the issue of sample imbalance
caused by tree-based sampling.

H Hyperparameters and Compute Resources

Our code base is based on [12]. Most hyperparameters are the same as theirs. Here we list important
hyperparameters in the following five tables. We perform SPO-chain and SPO-tree experiments with
RhoMath 1.1B using a single A100 GPU (40GB). For the long-CoT experiments (2K and 4K context)
using DeepSeek-R1-Distill-Qwen-1.5B, we use a single A100 GPU (80GB).
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Figure 11: Experimental results across different models and datasets. (a) Qwen2.5-0.5B-Instruct on
GSM8K. (b) Qwen2.5-1.5B-Instruct on GSM8K. (c) Qwen2.5-1.5B-Math on MATH. (d) Qwen2.5-
1.5B-Instruct on Knights-and-Knaves (3ppl).

G Limitations and Future Work

In long CoT scenario, we propose a tree-based advantage estimation strategy that can deliver fine-
grained reward signals with lower sampling costs. However, for a single problem, constructing a tree
requires sampling a large number of trajectories. We use a replay buffer to distribute these trajectories
across several future iterations. However, this approach is still constrained by on-policy algorithms,
which cannot distribute trajectories too far into future iterations. In the future, we may explore more
off-policy algorithms, to achieve more efficient sample utilization. This would allow us to reuse the
high-quality samples obtained from SPO-chain methods and alleviate the issue of sample imbalance
caused by tree-based sampling.

H Hyperparameters and Compute Resources

Our code base is based on [12]. Most hyperparameters are the same as theirs. Here we list important
hyperparameters in the following five tables. We perform SPO-chain and SPO-tree experiments with
RhoMath 1.1B using a single A100 GPU (40GB). For the long-CoT experiments (2K and 4K context)
using DeepSeek-R1-Distill-Qwen-1.5B, we use a single A100 GPU (80GB).
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Figure 3: (a) Test accuracy comparison of different methods on GSM8K. Baseline results are from
[12]. (b) Episode generation time comparison between SPO-chain (int5) and VinePPO during training.
(c) Validation accuracy of SPO-chain (int5) and GRPO during training.
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Figure 4: (a) Variations of segment partition granularity (different cutpoint intervals). (b) Variations
of segment partition strategies. (c) Ablation on probability-mask policy optimization strategy.

the tree consists of three layers and each internal node expands into six child nodes, which is referred
to as SPO-tree (6-6-6). For the first two layers, we segment the model output every 30 tokens, while
for the final layer, we let the model complete the entire reasoning trajectory.

Comparison with Baseline Methods. As shown in Figure 3(a), our method, SPO-chain (int5),
achieves the highest accuracy on the GSM8K test set, outperforming PPO and GRPO by 6-12
percentage points. Furthermore, compared to VinePPO, our method not only delivers higher accuracy
but also requires less time for episode generation, as demonstrated in Figure 3(b). This is due to our
SPO-chain (int5) method uses fewer advantage estimation points per trajectory compared to VinePPO.
Additionally, our SPO-tree (6-6-6) method achieves the second-highest accuracy on the GSM8K test
set, validating its effectiveness and making it an efficient alternative. We also compared our method
with GRPO in terms of validation performance under the same wall-clock time2 (Figure 3(c)). The
results show that our algorithm significantly outperforms GRPO and ultimately converges to a much
better solution. We further conduct experiments with additional models, including DeepSeekMath 7B
[28], Qwen base and instruct models [34], as well as on the non-mathematical Knights-and-Knaves
dataset [33]. The detailed results of these experiments are presented in Appendix F.

Impact of Segmentation Granularity. To investigate how the segment granularity affects model
performance, we conducted experiments using various segment intervals, as shown in 4(a). When
comparing validation accuracy under the same wall-clock time, interval 5 achieves the highest
performance, followed by interval 2, while interval 100 performs the worst. In terms of final accuracy,
interval 2 slightly surpasses interval 5, whereas interval 100 lags significantly behind both. These
results indicate that a moderate interval (e.g., 5) provides a more favorable trade-off, yielding better
accuracy given the same training time, while excessively fine-grained intervals (e.g., 2) bring only
marginal improvements and overly coarse intervals severely harm the accuracy. This supports the
design of our segment-level advantage method, which strikes an effective balance between efficiency
and accuracy, achieving substantially better performance than trajectory-level advantage without the
high computational cost of token-level estimation.

Comparison of Different Segment Partition Strategies. We compare different trajectory partition
methods, including the naive fixed token count partition, the heuristic rules (e.g. line breaks) for
partitioning as in VinePPO, and the cutpoint-based segment partition in SPO-chain. The results are
presented in Figure 4(b). For the naive fixed token count partitioning method, we explicitly set each
trajectory’s segment count at 3, making it higher than the total sampling budget of the SPO-chain

2Evaluation time is also included in the reported wall-clock time. The model is evaluated every 10 iterations.
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SPO-chain and SPO-tree outperform existing methods on GSM8K and MATH. 

Experiments

SPO also outperforms GRPO on logic 
task (Knights and Knaves Puzzle)
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Figure 3: (a) Test accuracy comparison of different methods on GSM8K. Baseline results are from
[12]. (b) Episode generation time comparison between SPO-chain (int5) and VinePPO during training.
(c) Validation accuracy of SPO-chain (int5) and GRPO during training.
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Figure 4: (a) Variations of segment partition granularity (different cutpoint intervals). (b) Variations
of segment partition strategies. (c) Ablation on probability-mask policy optimization strategy.

the tree consists of three layers and each internal node expands into six child nodes, which is referred
to as SPO-tree (6-6-6). For the first two layers, we segment the model output every 30 tokens, while
for the final layer, we let the model complete the entire reasoning trajectory.

Comparison with Baseline Methods. As shown in Figure 3(a), our method, SPO-chain (int5),
achieves the highest accuracy on the GSM8K test set, outperforming PPO and GRPO by 6-12
percentage points. Furthermore, compared to VinePPO, our method not only delivers higher accuracy
but also requires less time for episode generation, as demonstrated in Figure 3(b). This is due to our
SPO-chain (int5) method uses fewer advantage estimation points per trajectory compared to VinePPO.
Additionally, our SPO-tree (6-6-6) method achieves the second-highest accuracy on the GSM8K test
set, validating its effectiveness and making it an efficient alternative. We also compared our method
with GRPO in terms of validation performance under the same wall-clock time2 (Figure 3(c)). The
results show that our algorithm significantly outperforms GRPO and ultimately converges to a much
better solution. We further conduct experiments with additional models, including DeepSeekMath 7B
[28], Qwen base and instruct models [34], as well as on the non-mathematical Knights-and-Knaves
dataset [33]. The detailed results of these experiments are presented in Appendix F.

Impact of Segmentation Granularity. To investigate how the segment granularity affects model
performance, we conducted experiments using various segment intervals, as shown in 4(a). When
comparing validation accuracy under the same wall-clock time, interval 5 achieves the highest
performance, followed by interval 2, while interval 100 performs the worst. In terms of final accuracy,
interval 2 slightly surpasses interval 5, whereas interval 100 lags significantly behind both. These
results indicate that a moderate interval (e.g., 5) provides a more favorable trade-off, yielding better
accuracy given the same training time, while excessively fine-grained intervals (e.g., 2) bring only
marginal improvements and overly coarse intervals severely harm the accuracy. This supports the
design of our segment-level advantage method, which strikes an effective balance between efficiency
and accuracy, achieving substantially better performance than trajectory-level advantage without the
high computational cost of token-level estimation.

Comparison of Different Segment Partition Strategies. We compare different trajectory partition
methods, including the naive fixed token count partition, the heuristic rules (e.g. line breaks) for
partitioning as in VinePPO, and the cutpoint-based segment partition in SPO-chain. The results are
presented in Figure 4(b). For the naive fixed token count partitioning method, we explicitly set each
trajectory’s segment count at 3, making it higher than the total sampling budget of the SPO-chain

2Evaluation time is also included in the reported wall-clock time. The model is evaluated every 10 iterations.
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Example

Segment 1 Blue vertical line à segment boundary

Red tokens à cutpoints (tokens with probability < 0.9)

Segment partition example (Each segment contains 5 cutpoints, i.e., red tokens)

Problem: The total value of the maple trees should 
be 24 * $300, but the model outputs 600 * $300 here 
and shows low confidence at the digit 6. 

Problem: The calculation should be $24800 - $12900, 
but the model instead outputs $24800 - $150 and is 
uncertain at the digit 5.

Implication: Cutpoints are the locations where the model’s reasoning trajectory can shift, and they are the 
main drivers behind “segment advantage”.

Cutpoint-based segment partition strategy
(generate effective segments;
See Features of SPO-chain)
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LLM Training Pipeline

Critic model (Value network)

Reward

Prompt
(Question)

Sample 
responses

(e.g., )

Group
Computation

Advantages

Update LLM policy

Prompt
(Question)

GAE
(Generalized Advantage

Estimation)
Update LLM policy

Token-level / 
fine-grained methods 

(e.g., PPO)

Trajectory-level / coarse-grained methods 
(e.g., GRPO)

Probability-mask optimization strategy
(optimize critical tokens to enhance credit 

assignment; See Feature 3 of SPO) 

Outcome
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Prompt
(Question) or

Token sequence of the LLM response (Thinking + Answer)


