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■ 5 Appendix
5.1 Method Details
5.1.1 Strategy for Sentence Segmentation
SaT [7] provides a range of models for predicting sentence bound-
aries. We select the sat-3l model as our base segmenter, as it offers
a favorable balance between segmentation quality and inference time.
However, the output of the sat-3l segmenter may still include exces-
sively long sentences. Following the approach in [10], we implement a
supplementary step: we set a maximum character limit for a single sen-
tence, and any segments exceeding this limit are re-segmented using
a rule-based approach. The segmentation markers used are as follows:
["...","\n","!","?",";",":",".",",","\t"].

5.1.2 Case Studies of Sentence Segmentation in Code and Mathe-
matics

In this work, we use the term “sentence” in an operational sense: it
refers to a semantic unit produced by our segmentation pipeline rather
than a strictly linguistic sentence boundary. In code, this unit is typi-
cally closer to a short executable step, such as variable initialization, a
complete loop header, a state update, a conditional check, or a return
statement. In mathematical reasoning, it is typically closer to a local
derivation step, such as introducing notation, making an intermedi-
ate argument, performing one algebraic transformation, or drawing an
intermediate conclusion.

This boundary ambiguity is also an important reason why rule-
based segmentation is less effective in coding and reasoning scenarios.
In code and mathematical expressions, semicolons, brackets, decimal
points, member-access symbols, and LATEX markers often serve syn-
tactic or computational roles rather than semantic boundary indicators.
We present a qualitative case study below.
• Coding Example.
Input code.

double ans = 0.0;

for (int i = 0; i < n; ++i) {
ans += std::abs(a[i] - b[i]) /

(i + 1.0);

if (ans > 1e-6 &&

checker.is valid(ans)) return ans;

}
return ans;

Rule-based segmentation.

[1] double ans = 0.0;

[2] for (int i = 0;

[3] i < n;

[4] ++i) {
[5] ans += std::abs(a[i] - b[i]) /

(i + 1.0);

[6] if (ans > 1e-6 &&

checker.is valid(ans)) return ans;

[7] }
[8] return ans;

sat-3l segmentation.

[1] double ans = 0.0;

[2] for (int i = 0; i < n; ++i) {
[3] ans += std::abs(a[i] - b[i]) /

(i + 1.0);

[4] if (ans > 1e-6 &&

checker.is valid(ans)) return ans;

[5] }
[6] return ans;

Interpretation. In this example, the rule-based splitter mechani-
cally breaks the for (int i = 0; i < n; ++i) loop header
at semicolons, while sat-3l preserves it as a single coherent control
unit, which better matches the local semantic structure of code.
5.1.3 Explorations for Sentence-level Reward Model
The idea of sentence-level reward model originates from our attempts
to extend the Preference Transformer (PT) [11] approach to LLMs.
Our initial exploration involves training a token-level reward model
using a PT objective:
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While this token-level RM does not achieve superior performance
compared to the response-level baseline, we make an interesting ob-
servation. Specifically, when analyzing the reward distribution of a
PT-trained reward model, we find that tokens at sentence boundaries
exhibit significantly higher weighted reward values, as is illustrated
in Figure 3. This observation directly inspires us to attempt reward
modeling at the sentence level.
5.1.4 RoPE for Attention-based Aggregate Function
To effectively model the positional relationships across different sen-
tences, we integrate Rotary Positional Embeddings (RoPE, [12]) into
the 𝑞𝑛𝑐 and 𝑘𝑖 . We provide a detailed explanation of the integration
method of RoPE. As one of the most widely adopted positional encod-
ing methods in LLMs, RoPE is implemented by applying a position-
dependent rotation matrix to the query (𝑞) and key (𝑘) vectors within
the attention block. This rotation matrix encodes the positional in-
formation directly into the representations. If a token 𝑥𝑖 is located at
position 𝑖 in the sequence, and its corresponding query 𝑞𝑖 and key 𝑘𝑖

have a dimensionality of 𝑑, then the rotation matrix 𝑊𝑅
𝑖
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is defined as follows:
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corresponding attention weights. In our sentence-level reward model,
two types of positional information are present: (1) the position of a
sentence within the overall response, and (2) the position of sentence-
boundary tokens within the input token sequence. We apply the RoPE
operation based on the sentence-level positional information.
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Figure 2 Framework of sentence-level reward modeling. Given an input response (𝑥, 𝑎1 , · · · , 𝑎𝑇 ) , a segmenter first identifies sentence boundaries. The projection layer then
transforms the hidden states of these sentence boundary tokens into sentence-level rewards 𝑟𝑖 and their corresponding weights 𝑤𝑖 . The overall response-level reward is computed as a
weighted sum of these sentence-level rewards. During RL training, the sentence-level reward model provides non-zero rewards at sentence boundaries, enabling the use of advanced RL
algorithms for LLM optimization.

Human: Can you recommend some interesting video games 
to me?  
Assistant: Yes, I think you‘ll like *Portal*—it’s a 
very fun and interesting game. I also recommend *The 
Walking Dead: Season One* and *The Simpsons Game*. 
They‘re all highly enjoyable with engaging stories, and 
I also find them funny to play.

Figure 3 Reward distribution for token-level reward model trained with the PT objective.
It is observed that tokens at sentence boundaries exhibit significantly higher weighted
reward values.

5.1.5 Assigning Rewards to Sentence Boundary Tokens
Our sentence-level reward model operates on responses processed by
the SaT model, which segments the text into sentences. After obtaining
the segmentation results from SaT, we manually insert special <END>
tokens to mark the boundaries between sentences. However, since the
<END> tokens are not part of the policy’s original output and are
irrelevant to the optimization process, we need to identify the token
positions immediately preceding each <END> token. These positions
serve as the anchor points for reward assignments.

A straightforward approach is to segment the response and tokenize
each sentence separately, allowing us to identify the last token as the
sentence boundary. We then concatenate the tokenized sequences of
all sentences as the final tokenization result for the entire response.
However, we observe that under BPE-style tokenizer [13, 14], this
approach leads to mismatches—specifically, the concatenation of in-
dividually tokenized sentences does not always match the result of
tokenizing the entire sequence directly. A key challenge arises from

the tokenizer’s behavior of merging multiple characters into a single
token. For example, multiple consecutive spaces may be encoded as a
single token.

To address this, we leverage the tokenizer’s offset mapping

feature, which maps each token back to its character-level position
in the original text. We hope to construct a binary mask that aligns
with the policy’s token sequence. In this mask, 1 indicates a boundary
position where rewards are assigned, while 0 indicates non-boundary
positions with a zero reward.

The implementation involves the following two main steps:

1. Tokenization and Boundary Identification: The policy’s orig-
inal response (source text) is tokenized using the tokenizer
of policy model, with offset mapping enabled to track
character-level positions. Simultaneously, we feed the original
response into the sat-3l for segmentation, and a special to-
ken <END> is appended to the end of each segmented sentence.
These special tokens facilitate sentence-level RM inference and
enable precise identification of sentence boundaries at the char-
acter level.

2. Mask Generation: Using the offset mapping, we map the
character-level boundary positions to their corresponding token
indices in the policy’s token sequence. A binary mask is then
created, where 1 is assigned to tokens immediately preceding
the identified boundaries, and 0 is assigned to all other tokens.

This approach ensures that the reward computation is accurately
aligned with the sentence boundaries, even when the tokenizer merges
multiple characters into a single token.
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5.1.6 Reward Model Training without Introducing the Special Token

We introduce a special token to mark the end of a sentence, and
the sentence-level reward model outputs the sentence reward at the
special token’s position. In fact, by using the method mentioned in
Section 5.1.5, we can identify the sentence boundary token’s position
without introducing the special token. We train the sentence-level RM
with this approach, then we follow the same RL experiment configura-
tions as Section 3 to evaluate the performance. We report the win rate
of the sentence-level reward model(without special token) compared
to baselines and our method (with special token) in Table 2a. It was
observed that, compared to the response-level and token-level reward
model, it achieves a higher win rate against SFT model, indicating that
sentence-level modeling can offer a performance over the response-
level reward modeling. However, when compared to the model with
the special token (<END>), its win rate show a slight drop, suggesting
that the approach with the special token leads to better sentence-level
reward model training.

Additionally, we also explore the impact of different aggregation
functions on the performance of the reward model. We train the reward

Method WR(%) LC(%)

Response 71.55 55.97
Token 70.06 55.06
Ours (w.o. <END>) 74.66 60.31
Ours (w. <END>) 78.39 60.32

(a) Training sentence-level reward model (w.o. <END>), we evaluate the Win Rate (WR) and Length Con-
trol Win Rate (LC) against SFT. The performance of Sentence (w.o. <END>) surpasses that of Response
and Token but falls behind Sentence (w. <END>).

Method WR(%) LC(%)

VA 73.91 57.44
VW 75.78 55.99
Ours (w.o. <END>) 74.66 60.31

(b) Using different aggregation functions (w.o. <END>), we evaluate the Win Rate (WR) and Length
Control Win Rate (LC) compared to the Response. Our aggregation function achieves the best overall
performance in terms of both WR and LC metrics.model using the aggregation functions described in Paragraph 5.4.4.1,
with the key distinction that the <END> token is excluded in this
experiment using the method metioned in Section 5.1.5. Notably, since
using the aggregation function DA during training causes it to degrade
into a response-level reward model, we don’t conduct experiments
for it. The trained reward models are then utilized for reinforcement
learning. We evaluate the results on the AlpacaEval benchmark(judged
by Deepseek-V3), computing the win rates by comparison with the
Response. The detailed results are presented in Table 2b. The results
reveals that the our proposed aggregation function (without <END>)
achieves the best overall performance in terms of both win rate (WR)
and length control win rate (LC).

5.1.7 Pseudo-code for Reward and Policy Training

A workflow is illustrated in Figure 2. The pseudo-code of sentence
level RM and LLMs training is presented in Algorithm 1.

Algorithm 1 Reward and Policy Training

Input: Preference dataset 𝐷pref = {(𝑥𝑖 , 𝑦𝑤,𝑖 , 𝑦𝑙,𝑖)}𝑁
𝑖=1 for reward

model training, a prompt dataset 𝐷prompt = {𝑥𝑖}𝑀
𝑖=1 for policy train-

ing, a fine-tuned SFT model, the number of iterations 𝑀reward for
reward model training, the number of iterations 𝑀policy for policy
training, KL divergence coefficient 𝛽.
// Training the sentence reward model
Preprocess the preference dataset 𝐷pref using the SaT model by
inserting the <END> separator at the end of each segmented sen-
tence and concatenating the sentences into complete responses. The
processed dataset is denoted as 𝐷END.
for iter ∈ {1, . . . , 𝑀reward} do

Sample a mini-batch B = {(𝑥𝑖 , 𝑦𝑤,𝑖 , 𝑦𝑙,𝑖)}𝑖 ∼ 𝐷END.
Compute rewards using Equation (2).
Optimize the reward model using Equation (3).

end for

// Training the policy with the sentence reward
for iter ∈ {1, . . . , 𝑀policy} do

Sample a mini-batch B = {𝑥𝑖}𝑖 ∼ 𝐷prompt.
Sample a response 𝑦𝑖 ∼ 𝜋𝜃 (·|𝑥𝑖) for each 𝑥𝑖 ∈ B.
Process 𝑦𝑖 using the SaT model to insert <END> separators,
resulting in 𝑦𝑖split.
Compute sentence-level rewards 𝑟𝜙 (𝑥𝑖 , 𝑦𝑖split) using the reward
model.
Map the rewards of 𝑦𝑖split to the corresponding tokens in 𝑦𝑖 to
obtain 𝑟 (𝑐𝑖) as described in Section 5.1.5.
Optimize the policy model using the sentence-level rewards 𝑟 (𝑐𝑖)
with Equation (4).

end for

5.2 Related Work
5.2.1 Reward Learning from Human Preference

In RL, learning reward models from human preference is a common
approach to designing reward functions. [15] introduces the idea of
learning a step-wise reward model from trajectory-level preference la-
bels, and PT [11] employs a transformer-based architecture to construct
a non-Markovian reward model.

With the widespread adoption of RLHF for LLMs alignment, sig-
nificant research has focused on developing reward models for LLMs.
These efforts can be broadly categorized into discriminative RMs and
generative RMs [16]. Discriminative RMs are widely utilized in post-
training stages of LLMs [17, 18], which project hidden states into
reward scores with a linear head, and are trained through BT loss.
To improve the performance of discriminative RMs, some studies have
aimed at enhancing the quality of preference data [19, 20] or optimizing
the model structure [21, 22]. Despite the popularity of discriminative
RMs, generative RMs offer an alternative by leveraging the generative
capabilities of the LLMs to evaluate the generated responses [23, 24].
The training process of generative reward models typically aligns
with LLMs training, which allows it to improve the evaluation quality
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through prompt design and Chain-of-Thought (CoT) [25] techniques.
For instance, GenRM [26] combines the sequences to be evaluated
with the question ”Is the answer right? (yes/no)” as a
prompt, using the probability of token yes as the reward score. Our
work should be categorized as a discriminative reward model.
5.2.2 Fine-grained Reward Model
We consider the granularity of reward modeling. A common approach
is to assign a reward score to an entire response. This coarse-grained
method simplifies the reward modeling, but as discussed in Section 1,
it can lead to sparse reward challenges during RL training. To address
the issue, many studies have explored assigning a reward score to
a token, leading to fine-grained models. For instance, [4] propose
computing response rewards by averaging the summed token-level
rewards, and train the reward model using the BT loss. Moreover, [3]
use the attention weights from the trained response-level reward model
to distribute response-level rewards to tokens. [27] and [28] train a
policy model with DPO [29] to derive token-level rewards. In addition,
[30] and [31] leverage advanced AI systems to annotate token-level
preferences. [32] train a language model to modify sequences and
construct discrete token rewards based on whether tokens are rewritten.

Our work focuses on assigning reward scores to sentences. The
most related approach is the Process Reward Model (PRM) [33],
which assigns rewards to steps in the problem-solving process and
is often used to enhance the reasoning capabilities of LLMs. How-
ever, constructing PRMs typically requires manual annotation [33] or
tree search [18, 34] to label the correctness of each step. These ap-
proaches are both resource-intensive and challenging, especially for
tasks where step correctness is ambiguous. In contrast, our work relies
on the response-level preference labels.
5.2.3 Segment-level Reward Model
[9] proposes a segment-level reward modeling approach with a gran-
ularity similar to ours, but differing in key details. In conception,
segment is implementation-driven and often breaks semantic units.
Sentence is a semantic unit with a natural boundary and inherent com-
pleteness. Our Sentence RM utilizes this linguistic prior to ensure that
the reward is assigned to a complete semantic block, thus balancing
granularity and semantic coherence more effectively than heuristic
segment. In practical implementation, first, it performs entropy-based
segmentation by forwarding an additional LLM sharing the RM’s tok-
enizer, introducing additional computational overhead. This also hin-
ders its applicability in RL training for LLMs with different tokenizers,
due to the need for the same tokenizer during segmentation. Moreover,
the entropy-based method requires careful tuning of the segmentation
threshold, which has a significant impact on segmentation quality. In
contrast, our method leverages a lightweight 0.8B SAT model, en-
abling efficient and tokenizer-agnostic segmentation. Empirically, we
also observe that sentences segmented by SaT are more semantically
coherent, whereas entropy-based methods often produce fragmented
segments consisting of isolated token. Due to the property of BPE-
style tokenizer [14], the isolated token may lack any explicit semantic
information. Second, while segment-level RM aggregates rewards by
averaging over segments, we adopt an attention-based aggregation

strategy, which is more flexible and expressive. Our approach consis-
tently outperforms segment-level RM in RLHF experiments.

Hyperparameter Value

Global Train Batch Size 256
Micro Train Batch Size 4
Train Epochs 1
Max Total Length 1024
DeepSpeed ZeRO stage 3
Optimizer Adam
Learning Rate 3e-6
Weight Decay 0.2
Scheduler Type Cosine
Gradient Clipping Norm 1.0
Dimension of 𝑞 256
Dimension of 𝑘 256
Offload True

(a) The hyperparameter settings of
SFT and reward model training.

Hyperparameter Value

Global Train Batch Size 128
Micro Train Batch Size 8
Global Rollout Batch Size 1024
Micro Rollout Batch Size 16
Train Epochs 1
Max Total Length 1024
Max Prompt Length 512
Max Generation Length 512
DeepSpeed ZeRO Stage 2
Actor learning Rate 5e-7
Optimizer Adam
Gradient Clipping Norm 1.0
KL Coefficient 0.01

(b) The hyperparameter settings of
Reinforce++ in RL training.

5.3 Experiments Configurations
5.3.1 Detailed Experiment Settings
• Dataset
For reward model training, we use the Ultrafeedback [19] dataset, com-
prising 64k prompts and 128k responses with preference labels. For
the alignment experiments, we utilize the HH-Golden dataset, a pro-
cessed version of Anthropic’s Helpful and Harmless (HH) dataset [35],
comprising 42.5k high-quality prompts and corresponding responses.
Specifically, following the methodology of DeepSpeed-Chat [36], the
HH-Golden dataset is split into two equally sized subsets (5:5 ratio)
used for Supervised Fine-Tuning (SFT) and RLHF, respectively. In the
RL phase, only the prompts from the allocated subset are used for
response generation.
• Models and Training
We usesat-3l [7] as the segment models. For reward model training,
we use Llama3.1-8B [1] as the base model. For the RL experiments,
we perform SFT on Llama3.2-3B, and then use the SFT model as the
initial model. In addition, to verify the scaling effect, we also conduct
RL experiments using Qwen2.5-3B [37], Llama3.1-Tulu-3-8B-SFT
and Mistral-7B [38]. For the BoN experiments, we generate responses
using Llama-3.1-8B-Instruct. The reward model training framework is
based on DeepSpeed-Chat, and the RL training framework is built on
Open-RLHF.
• Evaluation
We evaluate the performance of our reward model on RewardBench [39],
RMBench [40], JudgeBench [41] and RewardBench2 [42]. These
benchmarks are primarily composed of pairwise comparison datasets,
where each instance consists of a prompt followed by two labeled can-
didate responses. To ensure a robust evaluation across diverse capabil-
ities, these benchmarks categorize pairwise data into several distinct
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domains. Reward model performance is measured by its accuracy in
predicting the ground truth preference labels. For our sentence-level re-
ward model, evaluation on RewardBench uses the aggregated response
reward derived from the aggregation function in Equation (2).

To evaluate the alignment performance of LLMs fine-tuned with
reward models, we utilize the AlpacaEval [43] and Arena-Hard [44]
benchmarks. AlpacaEval comprises 805 prompts, and Arena-Hard pro-
vides 500 prompts. Responses generated are compared by a judge
model. We use DeepSeek-V3 [45] and GPT-5 as the judge model and
report the win rate of LLMs fine-tuned against the initial SFT model.
In addition, we conduct Best-of-N (BoN, [46]), a common inference-
time alignment method. We report the win rate of BoN policy on
AlpacaEval and Arena-Hard against greedy decoding.
• Baselines
For comparison, we employ four reward models: the response-level
reward model [46], the token-level reward model [4] the segment-
level reward model [9] and the generative reward model [26]. For
brevity, we refer to them as Response, Token, Segment, and GenRM
respectively. While the first three models typically output scalar values
based on specific granularities, GenRM utilizes a discrete evaluation
approach. Specifically, we prompt the Llama3.1-8B [1] to perform
a pairwise comparison between a response generated by the policy
model and a reference response sampled from the initial policy model.
If the model determines the policy-generated response is superior, it
receives a reward of 1; otherwise, the reward is 0. In addition, we
add DPO [29] on HH-Golden dataset as baseline for RL experiment.
For the RL experiments, we define two additional baselines based on
different reward signal granularities:

• Response to Sentence (Res2Sent): This baseline adapts a trained
response-level reward model to provide sentence-level signals.
The reward for sentence is computed as the difference between
the model’s output at the sentence end position and its output at
the start position.

• Sentence to Response (Sent2Res): This baseline uses our trained
sentence-level reward model to provide a single response-level
score. The reward for response is aggregated by Equation (2).

5.3.2 Parameter Configurations
Our reward model training pipeline is initialized with the Llama3.1-8B
model [1] as its foundation. The process commences with supervised
fine-tuning (SFT) on the UltraFeedback dataset to tailor the base model
for our specific task requirements. Following the SFT phase, we pro-
ceed with reward model training, using the fine-tuned SFT model as
the starting point. The comprehensive hyperparameter configurations
for both the SFT and reward model training stages are systematically
presented in Table 3a.

For experiments about reward model training, they are conducted
on a server outfitted with AMD-EPYC9374F-32-Core Processor, 8
GeForce RTX 4090 GPUs, running Pop OS 22.04 LTS. For experi-
ments about RL training, they are conducted on a server outfitted with
13th GenIntel(R)Core(TM)i9-13900K CPU, 4 NVIDIA A100 GPUs,
runing Ubuntu 22.04.

5.3.3 BoN
We implement Best-of-N (BoN) sampling to evaluate the performance
of our reward models in inference-time alignment. Using the Llama-
3.1-8B-Instruct model on the AlpacaEval benchmark [43], we gen-
erate response candidates with stochastic sampling parameters: tem-
perature (𝜏 = 0.6), top-k filtering (top-k = 50), and nucleus sam-
pling (top-p = 0.9). For each prompt, we collect 32 independent re-
sponses. To analyze performance progression, we hierarchically select
the best response by applying our trained reward model to subsets of
𝑁 ∈ {2, 4, 8, 16, 32} candidates, retaining the highest-scoring candi-
date for each 𝑁 configuration.

The selected responses are compared against generations from the
same model using greedy decoding (𝜏 = 0, do sample = False).

5.3.4 Prompt for Judge Model
We adopt the DeepSeek-V3 and GPT-5 as our automated judge model.
The evaluation prompt is shown as below.

Prompt used in AlpacaEval

<|im_start|>system
You are a helpful assistant, that ranks models
by the quality of their answers.
<|im_end|>

<|im_start|>user
I want you to create a leaderboard of
different of large-language models. To do so,
I will give you the instructions (prompts)
given to the models, and the responses of
two models. Please rank the models based on
which responses would be preferred by
humans. All inputs and outputs should be
python dictionaries.

Here is the prompt:
{

"instruction": """{instruction}""",
}

Here are the outputs of the models:
[

{
"model": "model_1",
"answer": """{output_1}"""

},
{

"model": "model_2",
"answer": """{output_2}"""

}
]

Now please rank the models by the quality of
their answers, so that the model with
rank 1 has the best output. Then return a list
of the model names and ranks, i.e.,
produce the following output:
[
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{’model’: <model-name>, ’rank’: <model-rank
>},
{’model’: <model-name>, ’rank’: <model-rank
>}

]

Your response must be a valid Python
dictionary and should contain nothing else
because we will directly execute it in Python.
Please provide the ranking that the
majority of humans would give.
<|im_end|>

5.3.5 RL Training
In our reinforcement learning (RL) experiments, we maintain repro-
ducibility by fixing the random seed to 1234 across all trials. The
comprehensive hyperparameter configurations for RL training are sys-
tematically detailed in Table 3b.

We employ the AdamW optimizer with 𝛽1 = 0.9 and 𝛽2 = 0.95,
augmented by three advanced memory optimization techniques: (1)
ZeRO-2 stage optimization [47] for distributed parameter management,
(2) flash attention mechanisms [48] for efficient attention computation,
and (3) gradient checkpointing with CPU offloading to maximize GPU
memory utilization.

The RL training protocol is configured with a fixed learning rate
of 5 × 10−7, micro batch sizes of 8 (training) and 16 (rollout), global
batch sizes of 128 (training) and 1024 (rollout), and a uniform KL
divergence penalty coefficient of 0.01 across all reward models.

For evaluation on the AlpacaEval benchmark [43], we use genera-
tion parameters including a temperature of 1.0, top-p sampling of 1.0,
disabled top-k sampling, and a maximum of 512 new tokens.

5.4 More Experiment Results
5.4.1 Main Results
Figure 4 presents the performance of our sentence-level reward model
and baseline models on four reward model benchmarks. Across the
subtasks of rewardbench, the sentence-level reward model consistently
outperforms the token-level and response-level reward models. On av-
erage, our sentence-level model surpasses the second-best baseline
(segment-level) by 1.8%. Particularly, on the reasoning subtask of re-
wardbench, our sentence-level reward model significantly outperforms
other reward models, leading the response-level and token-level models
by 7.1% and 4.4%, respectively. Under identical conditions regarding
the base model and training data, the above results demonstrate the im-
proved generalization capability of our proposed sentence-level reward
model to unseen preference datasets.

Table 4 (Judged by Deepseek-V3) and Table 6 (Judged by GPT-5)
show the performance of LLMs fine-tuned with various reward models
on AlpacaEval and Arena-Hard. All win rates are reported relative to
the initial SFT model. Based on them, we have the following key
observations:

(1) RL training can benefit from sentence-level reward sig-
nals. For the same sentence-level reward model, training using direct

sentence-level rewards yields higher performance compared to training
with the aggregated response score (Sent2Res). And LLMs trained with
sentence-level reward model consistently outperform those trained
with the response-level reward model. This indicates that incorporating
sentence-level reward signals significantly enhances the effectiveness
of RL training.

(2) The sentence-level reward model exhibits greater robust-
ness against length bias. Both sentence-level and token-level reward
models offer fine-grained signals for RL training. However, LLMs
trained with token-level rewards are highly susceptible to length hack-
ing — they tend to generate significantly longer responses than other
methods and exhibit a noticeable decline in win rates under length-
controlled evaluations on AlpacaEval. In contrast, our sentence-level
reward model effectively guides the model to enhance generation qual-
ity while preserving controlled response length.

(3) The response-level reward model struggles to provide accu-
rate reward signals for sentences. We applying similar differential
operations for the response-level reward model to derive sentence-level
rewards (Res2Sent). The performance of LLMs trained with Res2Sent
lags behind those trained with the direct response reward. It’s inferred
response-level reward models provide inaccurate reward signals for
sentences, making it difficult for RL training to benefit from it.

Figure 6a and Figure 6b illustrate the performance of various re-
ward models with BoN. We vary 𝑁 from 2 to 32 and report the win
rate against greedy decoding. The sentence-level reward model consis-
tently outperforms the token-level, segment-level and response-level
reward models across different candidate responses. Notably, when
𝑁 = 32, our method achieves a 7% performance improvement over
the baselines on AlpacalEval. These results highlight the potential
of utilizing sentence-level reward models to enhance inference-time
alignment strategies. Besides, we provide the detailed reward model
performance in Table 7.
5.4.2 Training Efficiency Improvements
We investigate whether sentence-level reward signals improve RL
training efficiency. Figure 6c presents RL training curves of Llama-3.1-
Tulu3-8B-SFT comparing two approaches that utilize signals from the
same sentence-level reward model: one uses the aggregated response
score for coarse-grained training, and the other uses direct sentence-
level rewards for fine-grained training. Performance is evaluated using
the aggregated response reward in Equation (2). As depicted in Fig-
ure 6c, training with direct sentence-level rewards yields substantially
higher evaluation scores within the same training duration. This in-
dicates that fine-grained sentence-level reward signals facilitate more
efficient sample utilization, leading to improved training efficiency.
5.4.3 Reward visualization
Figure 5 illustrates the reward values assigned by different reward mod-
els. Color intensity indicates reward magnitude, with darker shades rep-
resenting higher values. As shown, the response-level reward model
assigns a uniformly high score across the entire generated response,
even for segments with relatively weak relevance to the prompt(e.g., the
third sentence). In contrast, the sentence-level reward model demon-
strates a more refined understanding of semantics. It can effectively
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Figure 4 The prediction accuracy of the reward models on Reward Model Benchmark. Our sentence level reward model outperforms the token-level, response-level, segment-level
and generative reward models on all benchmarks.

 

Prompt: I’m struggling with my college courses and considering dropping out. What 

should I do? 

Sentence 

Token 

Response 

Segment 

 
Figure 5 Reward distribution analysis for different models on an educational advice
response. Our sentence-level model (top) selectively rewards actionable suggestions (sen-
tences 1-2, dark shading) while penalizing unconstructive complaints (sentence 3). Token-
level rewards (middle) lack clear semantic interoperability and response-level scoring
(bottom) provides uniform evaluation. Color intensity corresponds to reward magnitude.

assess the relevance of each sentence to the prompt, assigning higher
rewards to strongly aligned content and penalizing sentences that di-
verge from the intended meaning. We believe this contributes to the
sentence-level reward model’s greater robustness against length bias.
While the token-level reward model also provides fine-grained signals,
our analysis suggests these signals often lack a robust and consistent
correlation with the underlying semantic meaning, potentially leading
to inaccurate reward signals.

5.4.4 Ablation Studies
• The Impact of Aggregation Functions
The aggregation function employed in our method introduces an induc-
tive bias into the training process, which has a significant impact on the
overall performance. We investigate the impact of difference aggrega-
tion functions on performance. The specific forms of the aggregation
functions are listed below:

• VW : 𝑟𝜙 (𝑥, 𝑦) =
∑𝑛𝑐
𝑖=1 𝑤𝑖𝑟𝜙 (𝑥, 𝑐1, · · · , 𝑐𝑖),

• VA : 𝑟𝜙 (𝑥, 𝑦) = 1
𝑛𝑐

∑𝑛𝑐
𝑖=1 𝑟𝜙 (𝑥, 𝑐1, · · · , 𝑐𝑖),

• DA : 𝑟𝜙 (𝑥, 𝑦) = 1
𝑛𝑐

∑𝑛𝑐
𝑖=1

(
𝑟𝜙 (𝑥, · · · , 𝑐𝑖) − 𝑟𝜙 (𝑥, · · · , 𝑐𝑖−1)

)
.

Performance is reported in Table 8a and Table 8b, measured by
RewardBench accuracy and AlpacaEval win rate. As shown, vari-
ants without differential operations for sentence rewards (VW, VA)
and without weighted summation for aggregation (VA, DA) generally
perform worse. Specifically, When we use value head’s output as sen-
tence rewards, using weighted summation as the aggregation function
consistently outperforms average aggregation, demonstrating its supe-
rior capacity to capture the varying importance of individual sentence
rewards. The DA variant performs worst on both reward modeling
and alignment. All results highlights the effectiveness of the proposed
differential operation and weighted summation in modeling sentence
rewards and aggregating them into a response score.
• The Impact of Segment Models
To investigate the impact of using different SaT model variants, we
experiment on Llama3.2-3B with rule-based methods and five segment
models (sat-1l, sat-3l, sat-6l, sat-9l and sat-12l). The
numbers denote the number of layers in the sat model, the larger
the number of layers lead to the better the segmentation performance
and higher inference overhead. We report the corresponding win rates
on AlpacaEval and RLHF training time in Figure 1. Figure 7 also
presents the average inference latency of the reward models across
different response lengths during the RLHF training process. From the
perspective of latency, compared with response-level reward model, the
sentence-level reward model trained with sat-3l exhibits acceptable
latency, with the average processing time staying below the 50ms
threshold for sequences within a 4,096-token context window. From the
perspective of performance, rule-based methods perform poorly due to
their limited capacity for complex text segmentation, particularly when
encountering specialized domains such as math and code. As illustrated
in Table 5, the reward model trained with rule-based segmentation
shows a marked degradation in reasoning tasks across reward model
benchmarks, with a notable performance drop specifically within the
math subtask of rewardbench2. It’s observed that the sat-1l model
performs the worst in all model-based segment methods, likely due to
its limited segmentation performance. Whilesat-9l achieves similar
alignment performance to sat-3l, it results in a 19.7% increase in
training time. In Table 9, we show the detail results using three different
SaT models for segmentation. We observe a significant increase in
win rates on AlpacaEval and Arena-Hard when replacing sat-1l
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Method Llama3.2-3B-SFT Llama-3.1-Tulu-3-8B-SFT

AlpacaEval 2.0 Arena-Hard AlpacaEval 2.0 Arena-Hard
LC (%) WR (%) Len. WR (%) Len. LC (%) WR (%) Len. WR (%) Len.

Response 55.97 71.55 467 74.90 481 59.73 69.25 1587 58.70 2044
Token 55.06 70.06 2190 74.70 2016 60.88 73.60 2105 63.90 2278
Segment 58.14 74.79 613 74.80 673 68.82 74.81 1576 60.40 2054
Res2Sent 57.90 54.91 219 48.80 220 65.03 68.76 1437 61.40 1936
Sent2Res 60.32 77.27 623 74.40 583 63.41 70.87 1550 58.70 2063
DPO 50.80 58.07 328 58.60 335 58.52 64.60 1045 59.40 1733
GenRM 50.07 64.04 450 66.80 438 62.05 70.06 1223 63.60 1879
Sentence (Reinforce++) 60.32 78.39 558 76.00 638 71.52 75.65 1447 63.00 2021
Sentence (PPO) 60.48 82.24 812 81.10 762 66.86 76.40 1381 68.20 1974

Method Qwen2.5-3B Mistral-7B

AlpacaEval 2.0 Arena-Hard AlpacaEval 2.0 Arena-Hard
LC (%) WR (%) Len. WR (%) Len. LC (%) WR (%) Len. WR (%) Len.

Response 61.36 61.68 1165 59.00 1898 64.66 58.45 810 59.00 1173
Token 60.87 71.37 2149 61.80 2214 50.06 58.14 1157 57.40 1506
Segment 60.10 67.33 1703 59.60 2087 62.61 61.99 973 61.60 1371
Res2Sent 52.34 50.12 1038 56.00 1711 53.43 58.76 1108 55.30 1382
Sent2Res 63.94 69.94 1605 60.80 2054 61.81 61.68 966 65.40 1328
DPO 54.55 55.09 2371 53.50 2227 56.90 59.63 1102 59.00 1346
GenRM 59.36 59.69 2379 57.00 2247 60.97 62.28 1271 64.20 1478
Sentence (Reinforce++) 64.69 71.64 1698 61.00 2070 65.01 63.73 907 67.00 1376
Sentence (PPO) 72.08 72.42 1803 65.50 2036 71.59 76.27 1360 72.30 1526

Table 4 The Win Rates (WR) and Length-Control Win Rates (LC) of different models compared to SFT on AlpacaEval2 and Arena-Hard benchmarks (Judged by Deepseek-V3).
Results demonstrate the superiority of our method and its favorable trade-off between quality and response length.
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Figure 7 Average inference latency of the reward models across different response lengths
during the RLHF training process.

with sat-3l, suggesting that improved segmentation quality can lead
to better alignment performance. While sat-12l exhibits the best
overall performance, it significantly increases the RL training time.
sat-3l, in contrast, provides a better trade-off between performance
and training time.

5.4.5 Empirical Analysis of Training Stability
The training of our Sentence-level Reward Model incorporates sentence-
wise differences. To verify the stability of this approach for long re-
sponses, we conduct additional experiments using models trained on
UltraFeedback [19] and HelpSteer3 [49]. We analyze the variance of
sentence-level rewards across responses with varying sentence counts,
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Method RewardBench2 JudgeBench Average
Math Reasoning Math Coding

Rule 45.64 56.38 59.82 52.14 53.49
sat-3l 51.91 58.22 66.07 48.72 56.23

Table 5 Impact of different segmentation methods on reward model performance in
reasoning tasks. The sat-3l model demonstrates superior performance in reasoning-
related benchmarks.

with results illustrated in Figure 8. Notably, the reward variance does
not exhibit a significant upward trend as the number of sentences in-
creases, demonstrating that our design is robust and scales effectively.
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Figure 8 The variance of sentence-level rewards across responses with varying sentence
numbers. Reward Models are trained with different preference dataset. The reward variance
is stable as the number of sentences increases.Upper : Ultrafeedback Lower : Helpsteeer3

5.5 Examples of Generated Response
In this section, we study cases selected from AlpacaEval, from which
we observe distinct behavioral patterns across reward modeling ap-
proaches. The sentence-level reward model yields responses that strike
a balance between depth and conciseness: compared to response-level
optimization (which produces overly generic outputs), it incorporates
richer contextual details, while avoiding the verbosity and factual in-
consistencies prevalent in token-level optimization. Notably, it also
surpasses segment-level rewards, which often suffer from low infor-
mation density. In Figure 9, Figure 10 and Figure 11, we present
specific examples that illustrate these differences, highlighting the su-
periority of the sentence-level reward model in enhancing the final
policy’s training performance.
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Method Llama3.2-3B-SFT Llama-3.1-Tulu-3-8B-SFT

AlpacaEval 2.0 Arena-Hard AlpacaEval 2.0 Arena-Hard
LC (%) WR (%) Len. WR (%) Len. LC (%) WR (%) Len. WR (%) Len.

Response 55.91 73.72 467 69.40 481 63.78 67.88 1587 61.20 2044
Token 53.03 73.90 2190 76.20 2016 60.82 69.61 2105 69.20 2278
Segment 56.82 76.46 613 71.20 673 65.01 69.94 1576 65.40 2054
Res2Sent 58.13 54.49 219 51.50 220 56.94 60.66 1437 62.60 1936
Sent2Res 58.91 78.55 623 78.33 583 63.33 70.99 1550 67.10 2063
DPO 51.59 59.02 328 60.29 335 58.02 63.42 1045 58.00 1733
GenRM 54.95 60.90 450 69.63 438 62.35 70.71 1423 63.60 1879
Sentence (Reinforce++) 60.44 81.25 558 82.25 638 69.83 72.33 1447 71.00 2021
Sentence (PPO) 60.53 82.40 812 82.90 762 65.90 76.92 1381 69.80 1974

Method Qwen2.5-3B Mistral-7B

AlpacaEval 2.0 Arena-Hard AlpacaEval 2.0 Arena-Hard
LC (%) WR (%) Len. WR (%) Len. LC (%) WR (%) Len. WR (%) Len.

Response 62.00 62.09 1165 57.80 1898 65.69 60.60 810 57.20 1173
Token 54.46 66.52 2149 63.40 2214 49.75 58.01 1157 63.80 1506
Segment 61.05 64.53 1703 60.60 2087 63.19 61.85 973 63.40 1371
Res2Sent 51.18 48.82 1038 51.80 1711 51.86 57.70 1108 55.20 1382
Sent2Res 62.75 69.29 1605 58.40 2054 60.88 60.51 966 66.60 1328
DPO 58.02 63.42 2371 58.00 2227 59.17 62.69 1102 58.00 1346
GenRM 56.63 56.97 2379 56.00 2247 60.10 61.15 1271 56.00 1478
Sentence (Reinforce++) 63.36 70.50 1698 58.20 2070 66.12 64.67 907 68.40 1376
Sentence (PPO) 69.36 68.79 1803 65.50 2036 62.39 63.72 1360 69.00 1526

Table 6 The win rates (WR) and Length-Control win rates (LC) of different models compared to SFT on AlpacaEval2 and Arena-Hard benchmarks(Judged by GPT-5). Results
demonstrate the superiority of our method and its favorable trade-off between quality and response length.
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Method Chat Chat-Hard Safety Reasoning Average

Response 92.18 60.96 77.03 81.83 78.00
Token 94.69 55.70 70.68 84.42 76.37
Segment 91.00 60.09 76.62 83.22 77.96
GenRM 80.17 43.42 61.50 68.92 63.50
Sentence 94.97 61.84 77.16 88.89 80.72

Method Safety IF Focus Math Factuality Ties Average

Response 55.44 39.37 64.24 37.16 58.63 36.91 48.63
Token 54.89 37.50 45.76 41.80 54.32 7.85 40.35
Segment 55.78 38.80 69.14 43.24 55.60 47.94 51.75
GenRM 53.22 28.28 31.51 45.63 33.68 -0.07 32.05
Sentence 56.22 32.50 72.93 51.91 58.63 50.31 53.75

Method Knowledge Reasoning Math Coding Average

Response 49.86 59.06 68.75 47.86 55.00
Token 46.69 60.40 57.14 52.14 52.90
Segment 51.30 54.08 53.57 58.65 54.35
GenRM 38.30 45.90 44.60 33.30 40.90
Sentence 52.07 58.22 66.07 48.72 55.81

Method Safety Chat Math Code Average

Response 75.71 67.70 57.87 51.07 63.08
Token 56.39 51.25 54.59 53.56 54.69
Segment 74.90 67.70 55.60 51.30 62.35
GenRM 80.42 60.12 53.83 51.64 61.50
Sentence 75.93 70.11 56.06 52.68 63.69

Table 7 Detailed performance of the Reward Models across various benchmarks. From
top to bottom: RewardBench, RewardBench2, JudgeBench, RM-Bench.

Method Chat Chat-Hard Safety Reasoning Average

DA 92.18 60.96 77.03 81.83 78.00
VA 93.02 61.40 75.00 82.95 78.09
VW 94.69 59.43 81.49 83.58 79.80
ours 94.97 61.84 77.16 88.89 80.72
(a) Pairwise accuracy on RewardBench for RMs Trained with different aggregation functions.

Method AlpacaEval

LC (%) WR (%) Len.

DA 57.90 54.91 219
VA 59.53 70.75 388
VW 59.33 75.53 501
Ours 60.32 78.39 558

(b) Comparison of aggregation methods on AlpacaEval with the Llama-3.2-3B-SFT model.

Table 8 The Impact of different aggregation methods on trained reward models

Method AlpacaEval Arena-Hard
LC (%) WR (%) Len. WR (%) Len.

sat-1l 65.86 71.43 314 70.90 371
sat-6l 58.79 79.36 651 77.55 649
sat-9l 61.79 77.64 554 77.00 525
sat-12l 60.54 81.29 705 80.28 608
sat-3l 58.77 78.39 623 76.20 638

Table 9 The Win Rates(WR) and Length-Control Win Rates(LC) of models trained
with different segment models on AlpacaEval2 and Arena-Hard benchmarks.
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Instruction: Are there any weird Christmas traditions?

Response: There are indeed many unique Christmas traditions in various regions across the world. Some might be more well-known, like the German tradition
of leaving out nuts and hay for mice, (incorrect, not a known Christmas tradition) while others might be less common, like the Scottish custom of singing
carols while carrying a broom! While these customs are interesting, it’s important to remember that all traditions should foster a spirit of warmth, unity, and
goodwill.
Token: Yes, many cultures have their unique traditions associated with Christmas, some of these traditions may sound somewhat odd to us, such as the
Christmas stocking exchange originated in England, which involves adults filling up their own stockings at the Christmas celebration. (incorrect, stockings
are typically filled for children, not adults) While these traditions may not be everyone’s personal favorites, they certainly add a layer of cultural diversity and
charm to the festive season. Remember, traditions aren’t about the materialism of gifts or decorations, but about passing down values, emotions, and memories
that hold sentimental significance to the people involved. Some traditions, while not quite as well-known, are quite interesting, including the tradition of
leaving cookies for jolly old Saint Nicholas in the hope of receiving gifts in return, or putting up the Christmas tree after Saint Nicholas Day on December
6th! These traditions showcase the rich human experiences and perspectives around Christmas celebrations worldwide. So while some traditions might appear
a bit unusual to us, they’re also valuable in contributing to the diverse tapestry of holiday festivities around the world. Next time around, why not explore more
about these unexpected yet meaningful holiday customs, they might surprise and delight you. For more insight, a recommended book to explore is ”Christmas
Around the World” by Martha Day Zschock, which showcases the multifaceted traditions of various regions and cultures.
Segment: Christmas traditions vary greatly around the world, with some involving behaviors or rituals that might seem unusual or ’weird’ to someone from
a different cultural background. However, what might be perceived as ’weird’ can often be traced back to the cultural or historical reasons behind them. For
example, some cultures have traditions involving unique foods, special dances, specific gift-giving customs, or unique decorations. (This sentence is vague and
lacks concrete examples) It’s important to remember that what’s considered ’weird’ is often a matter of perspective and varies greatly from culture to culture.
Would you be interested in learning about a specific country’s Christmas traditions, or perhaps a lesser-known tradition from around the world? I’d be happy
to provide more details on any of these topics.(defers the answer rather than directly addressing the question)
Sentence: Yes, many cultures have their unique traditions associated with Christmas, some of these traditions may sound somewhat odd to us, such as the
Christmas stocking exchange originated in England, which involves adults filling up their own stockings at the Christmas celebration. There are also numerous
traditions associated with Christmas tree decorating which can vary from place to place. For instance, Germany has a distinct tradition of hanging wreaths
adorned with candles called Lichterketten on their Christmas trees, (accurate and specific example) while in Scandinavia, they typically wear masks during
their Christmas parties. In Ireland, it’s common to serve mulled wine, (culturally accurate detail) while in Portugal, the use of a nativity scene called a presépe
is widespread. Different versions of The Twelve Days of Christmas are also very famous traditions in some places. These are just some examples of unique
and distinctive Christmas traditions across geographical locations around the world. Remember, it’s all about celebrating the spirit of Christmas with love and
unity. How about starting an engaging conversation about these traditions with a family member, a friend, or a colleague today? (engaging and informative
conclusion)

Figure 9 Comparison of responses to a question about unusual Christmas traditions. In the examples, correct and accurate information is explained in dark green, while incorrect or
misleading details are marked in red. Sentence provides a detailed, accurate, and engaging overview of unique traditions across cultures, such as Germany’s Lichterketten and Ireland’s
mulled wine, demonstrating its superiority. In contrast, Response incorrectly describes a German tradition of leaving nuts and hay for mice, and Token inaccurately states that adults
fill their own stockings in England. Segment defers the answer rather than directly addressing the question and lacks informative examples. Sentence’s response is both informative and
culturally precise, making it the most reliable and comprehensive answer.
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Instruction: Write a C++ function that takes a reference to a std::string containing markdown formatted text and returns a std::string containing html formatted text.

Response: Here’s some sample code that accomplishes what you’re asking for:

std::string escapeMarkdown(const std::string& markdown_code) {

return std::string(markdown_code.begin(), markdown_code.end());

}

(Fails to convert Markdown to HTML)

int main() {

std::string markdown_body = "# Welcome To My Website\n\nThis website was "

"created as a part of a course. It mainly "

"features content related to my course projects "

"and technical skills acquired during the course. "

"Let’s dive in!";

std::string html_rendered_body = escapeMarkdown(markdown_body);

return 0;

}

Token: Here’s a possible implementation of a function that takes a markdown formatted string as input and returns its html counterpart:

#include <iostream>

#include <string>

#include <cstring>

#include <cctype>

std::string markdown2html(const std::string& md) {

std::ostringstream oss;

// Replace asterisks with actual bold text

std::string re = "[b][u]([0-9a-z]*)[/u][/b]";

std::string final_re = ".*?";

oss << "<b><u>";

while (md.substr(0).find_first_of(" *", final_re, re)!= std::string::npos)

{

int idx = md.find_first_of(" *", final_re, re);

const std::string chunk = md.substr(0, idx);

const std::string newChunk = chunk.replace(chunk.begin(), chunk.end(), "<b><u>");

md = md.substr(idx + 1); // Remove the original character(s) from the md string

oss << newChunk << " ";

}

// Replace underscores with actual italicized text

oss << "<sub>[i]";

re = "[i]";

final_re = ".*?";

oss << "<u>*([0-9a-z]*)*</u>";

oss << "</sub>";

while (md.substr(0).find_first_of(" *", final_re, re)!= std::string::npos)

{

int idx = md.find_first_of(" *", final_re, re);

const std::string chunk = md.substr(0, idx);

const std::string newChunk = chunk.replace(chunk.begin(), chunk.end(), "<b><u>");

md = md.substr(idx + 1); // Remove the original character(s) from the md string

oss << newChunk << " ";

}

return oss.str();

}

(Incorrect implementation and overly complex)

Figure 10 Comparison of responses to a C++ Markdown-to-HTML conversion task (Part a). Response fails to convert Markdown, while Token provides an incorrect and over-
engineered solution.

Frontiers of Computer Science | Issue 0 | Volume 0 | March 2026 | 1–16



Front. Comput. Sci., 2026, 0(0): 1

Segment: This problem can be solved using C++ programming language, but note that C++ isn’t typically used for parsing markdown to HTML. Usually, this parsing is done on the
server-side in a language like Python, Ruby, or JavaScript. Parsing markdown can be very complex due to the variety of ways in which markdown can be formatted.
However, for the sake of responding to this request, here’s a simple demonstration of how this could be done. In our code, we first include the relevant header files, define the function,
iterate over each word of the input string, and replace markdown with HTML tags.
But this is over simplifying the problem and it won’t cover all the edge cases, nested tags, complex markdown syntax, etc.

#include <iostream>

#include <string>

#include <sstream>

using namespace std;

string convertMarkdownToHTML(string &markdown) {

// This is oversimplified for demonstration purposes, a real-world solution would require a much more complex parsing logic

// for markdown.

string html = "";

stringstream ss(markdown);

string word;

while (getline(ss, word,’’)) {

if (word == "This") {

html += "<p>";

} else if (word == "is") {

html += "</p><p>";

} else if (word == "an") {

html += "<strong>";

} else if (word == "example") {

html += "</strong>";

} else {

html += word + " ";

}

}

return html;

}

int main() {

string markdown = "This is an example";

string html = convertMarkdownToHTML(markdown);

cout << html << endl;

return 0;

}

This will print: <p><strong>This is an example</strong></p>.
Again, it has to be noted this is a very simplistic implementation, a real-world solution would need to handle much more complex cases, for example by using a library that is built
to parse Markdown, or a language specifically designed for text processing, like Python.
(getline(ss, word, ”) is invalid, so the code wouldn’t output expected result.)
Sentence: Sure, here is an example of how we can create a generic function that converts Markdown to HTML:

std::string convert_md_to_html(const std::string& input_text) {

std::stringstream html_stream;

html_stream << "<p>" << input_text << "</p>";

return html_stream.str();

}

(A concise and simple implementation)

Figure 11 Comparison of responses to a C++ Markdown-to-HTML conversion task (Part b). Segment provides a realistic discussion with a toy implementation, while Sentence offers
a clean, minimal, and functional solution.
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