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Abstract

Researchers have explored different ways to
improve large language models (LLMs)’ capa-
bilities via dummy token insertion in contexts.
However, existing works focus solely on the
dummy tokens themselves, but fail to leverage
the inherent sentence-level structure of natural
language. This is a critical oversight, as LLMs
acquire linguistic capabilities through exposure
to human-generated texts, which are inherently
structured at the sentence level. Motivated by
this gap, we propose an approach that inserts
delimiters at sentence boundaries in LLM in-
puts, which not only integrates dummy tokens
into the context, but also facilitates LLMs with
sentence-by-sentence processing behavior dur-
ing reasoning. Two concrete methods: (1).
In-context learning and (2). Supervised fine-
tuning are experimented using 7B models to
600B Deepseek-V3. Our results demonstrate
consistent improvements across various tasks,
with notable gains of up to 7.7% on GSM8k and
12.5% on DROP. Furthermore, the fine-tuned
LLMs can incorporate sentence awareness ev-
idenced by their internal representations. Our
work establishes a simple yet effective tech-
nique1 for enhancing LLM’s capabilities, offer-
ing promising directions for cognitive-inspired
LLM enhancement paradigm.

1 Introduction

Sentence-level structure has long been a corner-
stone of early neural language models: Skip-
thought vectors (Kiros et al., 2015) were trained to
reconstruct neighboring sentences, while BERT’s
next-sentence prediction task (Devlin et al., 2019)
proved indispensable for downstream performance
by encoding inter-sentence coherence. Yet with
the rise of large language models (LLMs), whose
success stems primarily from scaling pretraining

∗ Corresponding author.
1A demonstrative code repository is provided: https://

github.com/CLCS-SUSTech/think-in-sentence.

on massive unstructured text, sentence boundaries
have been increasingly sidelined, treated as indis-
tinguishable from ordinary tokens in the token-by-
token processing pipeline. This oversight is strik-
ing: human language generation relies on incre-
mental, sentence-by-sentence cognition, but LLMs
learn from the continuous text that results from
this process, creating an inherent misalignment be-
tween human cognitive mechanisms and model
input processing.

Against this backdrop, we argue that re-
emphasizing sentence-level information offers a
largely untapped avenue to enhance LLMs, espe-
cially for “free-lunch” (cost-neutral) improvements.
Since GPT series (Brown et al., 2020; Ouyang et al.,
2022) established modern LLM training paradigms,
efforts to improve performance have followed two
main paths: training-time scaling (e.g., scaling
laws for model/data size (Kaplan et al., 2020; Hoff-
mann et al., 2022; Chowdhery et al., 2022; Touvron
et al., 2023)) and test-time scaling (e.g., instruction
for thinking step-by-step (Wei et al., 2022; Yao
et al., 2023), or reinforcement learning (RL) for
self-reflection (Renze and Guven, 2024; Qi et al.,
2024; Zhang et al., 2024)). However, these meth-
ods incur substantial costs: training-time scaling
demands massive compute or data, while test-time
scaling increases inference latency and token con-
sumption.

To address this, recent work (Goyal et al., 2024)
proposed inserting special “pause” tokens into con-
texts as a free-lunch alternative, obtaining per-
formance gains without extra costs. Yet this ap-
proach suffers from limited robustness and gen-
erality: dummy token placement lacks linguistic
priors, requiring manual tuning across tasks and
does not leverage the inherent structure of human
language. This gap raises our research question:
Can we design an effective strategy that har-
nesses sentence-level linguistic priors to robustly
enhance LLM performance?
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Figure 1: Overview of Sentence-Level Inference: We insert delimiters at sentence boundaries to enable LLMs to
“pause and integrate context” during inference. Two approaches are proposed: (1) In-Context Learning (ICL): LLMs
infer with delimiter placement from exemplars in long contexts; (2) Supervised Fine-Tuning (SFT): LLMs learn
sentence-segmented patterns via delimiter-inserted training data. For Llama3-8B-Instruct, this approach improves
performance by ∼4.4% on GSM8k and ∼6.8% on DROP over unsegmented inputs.

1.1 Main Contributions

We introduce a sentence-level inference paradigm
that accentuates sentence boundaries via task-
agnostic delimiters, bridging the gap between
LLMs’ token-by-token processing and the more
human-like sentence-by-sentence cognition pro-
cess. Our key contributions are threefold:

Paradigm Innovation: Unlike explicit reasoning
prompts (e.g., CoT), we implicitly enhance infer-
ence by inserting delimiters at sentence boundaries.
These delimiters act as “inference anchors” – not
mere grammatical markers – to trigger a “context
integration → next-step planning” cycle at the end
of each sentence, thereby simulating human post-
sentence reflection.

Dual Implementation: We propose two comple-
mentary methods to instantiate this paradigm: (a)
ICL, where LLMs learn delimiter placement from
contextual exemplars (suited for long-input sce-
narios); (b) SFT, where models are fine-tuned on
delimiter-inserted, sentence-segmented data (for
short-input tasks). Both methods require minimal
overhead, qualifying as free-lunch strategies.

Empirical and Mechanistic Insights: Across
model scales (7B to 600B), our methods yield con-
sistent downstream gains (e.g., ∼7.7% on GSM8k,
∼12.5% on DROP). Ablations reveal that: (i) struc-
tured delimiters outperform arbitrary tokens for
ICL; (ii) sentence-level segmentation is the optimal
granularity; (iii) gains arise from synergy between

LLMs’ Chain-of-Thought reasoning and sentence-
level inference. We further validate mechanisms
via attention map visualization, showing that delim-
iters capture more information than normal tokens.

1.2 Related Works

Test-Time Scaling for LLMs Test-time scaling
aims to improve performance by extending infer-
ence “thinking time.” CoT (Wei et al., 2022) and
ToT (Yao et al., 2023) use instruction prompts to
elicit step-by-step reasoning, while follow-ups add
self-verification (Renze and Guven, 2024) or RL-
driven search (e.g., MCTS (Qi et al., 2024; Zhang
et al., 2024)) to explore solution spaces. RL has
also been applied to training (e.g., DeepSeek R1
(DeepSeek-AI et al., 2025a), Kimi K1.5 (Team
et al., 2025)) to teach self-exploration. While effec-
tive, these methods drastically increase inference
latency and token costs, limiting deployment.

Pause/Dummy Token Strategies Goyal et al.
(2024) pioneered cost-neutral test-time scaling
via inserting pause tokens, showing gains in
pretraining/fine-tuning for 1B-scale models. How-
ever, their approach has critical limitations: (i) no
validation on large-scale LLMs (≥7B parameters);
(ii) token count requires task-specific manual tun-
ing; (iii) lack of linguistic priors leads to limited
robustness across tasks.

Sentence-Level Granularity in LLMs Recent
work has revisited sentence-level structure for
LLMs, though with different goals. Qiu et al.
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(2025) proposed a sentence-level reward model that
outperforms token/response-level alternatives for
alignment. Zheng et al. (2025) replaced GRPO’s
(Shao et al., 2024) token-level objective with
sequence-level optimization, improving stability.
These works validate the value of sentence-level
paradigm in their objectives, while our work targets
inference-time, free-lunch performance gains via
sentence-level inference.

Beyond sentence-level boundaries, recent stud-
ies have also explored incorporating finer-grained
syntactic and semantic structures into prompt en-
gineering. For instance, leveraging syntax trees
has shown benefits in specific structured tasks like
aspect-based sentiment analysis (Labate and Coz-
man, 2024) and semantic infusing (Yin et al., 2024);
however, extending such complex syntactic aug-
mentations to general-purpose reasoning scenarios
remains an open and promising direction.

2 Method

Our central hypothesis is that by explicitly mod-
eling sentence boundaries, we can induce a more
structured, sentence-by-sentence reasoning process
in LLMs, thereby enhancing their performance on
complex downstream tasks. To this end, we refor-
mulate the standard language modeling objective to
incorporate sentence-level structural information.
We introduce a special delimiter token, denoted as
“xseg”, which is inserted at the end of each sentence.
This transforms a text sequence T :

T = [t1, t2, t3, ..., tn] (1)

into a structurally-annotated sequence S:

S = [s1, xseg, s2, xseg, ..., sn, xseg] (2)

Here, each si represents a sentence from the origi-
nal text T , consisting of multiple tokens t. Conse-
quently, the model’s objective is no longer limited
to predicting the next token in a flat sequence; it fur-
ther entails learning the optimal timing to generate
the delimiter “xseg”. In doing so, the model per-
forms implicit sentence segmentation as part of its
generative objective. Despite simplicity, this modi-
fication effectively encourages the model to better
recognize and leverage sentence-level semantics.
We explore two primary strategies to implement
this capability in LLMs: In-Context Learning and
Supervised Fine-Tuning.

2.1 Sentence-Aware Prompting via In-Context
Learning

In-Context Learning (ICL) offers a lightweight,
inference-time approach to elicit desired behaviors
from LLMs without updating the model weights.
We use ICL to guide the model to adopt a sentence-
delimited generation style. This is achieved by
including few-shot examples in the prompt, where
each sentence within the demonstration is explicitly
terminated by the predefined delimiter. The model
is then tasked with completing the final, incom-
plete example. The generation process follows the
standard auto-regressive objective, but the context
primes the model to continue the observed pattern:

yt = argmax
y

P (y|Cfew-shot, Q, y<t; θ) (3)

where Cfew-shot is the context containing sentence-
delimited examples, Q is the user’s query, and θ
represents the frozen model parameters. According
to Dong et al. (2024), the model learns from anal-
ogy to structure the intermediate reasoning and the
output in a sentence-by-sentence manner. As vali-
dated in experiments in Section 3, this ICL-enabled
structured generation process leads to stable per-
formance gains. However, the efficacy of ICL is
contingent on the availability of sufficient context
length for demonstrations, limiting its applicability
in zero-shot or context-constrained scenarios.

2.2 Internalizing Sentence Structure via
Supervised Fine-Tuning

To overcome the limitations of ICL and to build a
more robust, inherently sentence-aware model, we
propose a Supervised Fine-Tuning (SFT) strategy.
This approach aims to internalize the sentence-level
structural prior directly into the model’s parame-
ters, making the behavior more intrinsic rather than
context-dependent.

First, we curate a fine-tuning dataset by system-
atically preprocessing a collection of large-scale
text corpora, with delimiters inserted at every sen-
tence boundary. Then we fine-tune the language
model on this modified dataset using the standard
causal language modeling (CLM) objective. The
loss function is rewritten to reflect the sentence-
level training objective as follows:

LSFT (θ) =
S∑

s′∈S

|s′|∑

i=1

logP (ti|t<i; θ)

where s′ = [s, xseg] and t|s′| = xseg

(4)
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Through the training process, the model learns to
predict sentence boundaries, which it integrates as
a fundamental component of language generation.
For implementation, we add the delimiter as a spe-
cial token into the tokenizer, thereby introducing
new embeddings and LM head weights. Compared
to ICL, the SFT approach yields a model that na-
tively generates sentence-delimited text, making it
more effective for zero-shot applications and bet-
ter aligned with real-world deployment scenarios
where concise prompts are preferred.

3 Experiments

We conduct a comprehensive suite of experi-
ments to validate our central hypothesis: induc-
ing sentence-level awareness in LLMs enhances
their reasoning capabilities. We aim to answer two
concrete research questions:

1. RQ1: Does prompting with sentence delimiters
during inference (i.e., the ICL approach) im-
prove performance on reasoning tasks across
various model scales?

2. RQ2: Can such sentence-aware behavior be
permanently internalized via fine-tuning (i.e.,
the SFT approach), and how does this compare
to standard fine-tuning and other methods?

3.1 Experiment Setup
Models. Our experiments span various sizes of
LLMs. For ICL, we evaluate open-source LLMs
including LLaMA3-8B-Instruct (Grattafiori et al.,
2024) and Qwen2-7B-Instruct (Yang et al., 2024),
a larger LLM Qwen2.5-72B-Instruct (Qwen
et al., 2025), and a SOTA LLM, DeepSeek-V3
(DeepSeek-AI et al., 2025b), via its API2. For
SFT, we perform full-parameter fine-tuning on
LLaMA3-8B-Base using 8×NVIDIA L40 GPUs.

Datasets and Tasks. We use a diverse suite of
benchmarks targeting on different reasoning types:

• Mathematical Reasoning: GSM8k (Cobbe
et al., 2021) and MATH (Hendrycks et al.,
2021b).

• Reading Comprehension: DROP (Dua et al.,
2019), which requires reasoning over para-
graphs.

• General Knowledge Understanding: MMLU
(Hendrycks et al., 2021a) and its more challeng-
ing successor, MMLU-Pro (Wang et al., 2024).
2https://api-docs.deepseek.com/
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Figure 2: The distributions of sentence lengths and
number of sentences for each dataset. The left column
figures are the origin distribution, and the right column
figures are zoomed-in views. Horizontal bars indicate
medians and extrema. Sentence lengths are counted by
number of tokens, from the Llama3 tokenizer.

• Expert-Level QA: GPQA (Rein et al., 2024), a
dataset of graduate-level questions.

• Code Generation: HumanEval (Chen et al.,
2021) for Python code synthesis.

For SFT, we use a curated subset of the TULU3
dataset (Lambert et al., 2025), from which we ex-
clude safety, multilingual, and table-related data,
to focus on general instruction following. Figure 2
shows a statistical overview of sentence counts and
lengths for the five datasets.

Implementation Details. For the purpose of
identifying sentence boundaries, we apply the SAT-
12L-SM model (Frohmann et al., 2024), a state-of-
the-art sentence segmentation tool, to preprocess
all text data, which return sentence boundaries as
token positions. Detailed usage see Appendix C.
Then we insert the delimiter token “xseg” at these
boundaries. For SFT, delimiter is added as a new
token to the tokenizer, whose corresponding em-
beddings are learned during training. The eval-
uation protocols, including few-shot settings for
Chain-of-Thought (CoT) prompting, are detailed
in Appendix A. Unless otherwise specified, all re-
sults are reported using exact match accuracy, with
Pass@1 for HumanEval. To ensure a fair com-
parison, chat templates are disabled for all local
evaluations.
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Qwen2-7B-Inst Llama3-8B-Inst Qwen2.5-72B-Inst Deepseek-V3
Dataset base seg ∆ base seg ∆ base seg ∆ base seg ∆

MMLU 64.43 69.96 +5.53%↑ 62.89 67.28 +4.39%↑ 86.64 86.40 -0.24%↓ 74.04 74.82 +0.78%↑
GSM8k 73.92 81.65 +7.73%↑ 75.51 78.01 +2.5%↑ 90.14 91.96 +1.82%↑ 95.00 95.30 +0.3%↑
MATH 53.33 54.30 +0.97%↑ 32.60 32.26 -0.34%↓ 73.04 75.78 +2.74%↑ 89.40 90.60 +1.2%↑
DROP 38.14 50.64 +12.50%↑ 46.39 53.16 +6.77%↑ 58.74 60.38 +1.64%↑ 75.10 79.10 +4%↑

Table 1: In-Context Learning results. We compare the performance of vanilla inference (base) against ICL (seg),
delimiter here is “<seg>”. ∆ denotes the absolute improvement. Our method yields consistent gains across models
and tasks, with particularly strong improvements on smaller models and in reading comprehension task.

MMLU GSM8k MATH DROP MMLU-pro GPQA HumanEval

Std-FT 59.02 72.48 30.86 48.50 34.25 26.93 56.71

Pause-FT 56.11 75.44 33.50 55.97 35.71 24.16 -
Seg-FT 60.13 74.91 31.58 54.26 40.71 27.43 62.80

Table 2: Supervised Fine-Tuning results on LLaMA3-8B-Base. Our method (Seg-FT) is compared against standard
fine-tuning (Std-FT) and pause-token fine-tuning (Pause-FT). Best performance is in bold, and results outperforming
the Std-FT baseline are underlined. Our approach demonstrates superior robustness and generalization.

Baselines. For ICL, the main baseline is the
vanilla performance of each model without in-
serting delimiters. For SFT, our method is to
fine-tune a Llama3-8B-Base model on the curated
TULU3 dataset with delimiters inserted, which
we indicated Seg-FT. It is compared with two
baselines: Std-FT, a standard fine-tuning baseline,
which fine-tunes the same model on the original
TULU3 subset without inserting delimiters; Pause-
FT, a pause-token fine-tuning baseline, which fine-
tunes the same model following the settings of
StdPT_PauseFT in Goyal et al. (2024), with 10
pause tokens inserted in both training and infer-
ence stage.

3.2 Results Analysis

3.2.1 RQ1: ICL Boosts Reasoning

As shown in Table 1, inference with sentence-
delimited prompts consistently improves perfor-
mances across nearly all configurations.

Key Observation 1: Smaller models benefit dis-
proportionately. The 7B-level LLMs (Qwen2-
7B, LLaMA3-8B) exhibit the most significant
gains, such as a +7.73% on GSM8k for Qwen2-
7B and +5.53% on MMLU. This suggests that ex-
plicit structural guidance is particularly effective
for LLMs with less capacity, helping them organize
their reasoning process more effectively. For larger,
more capable LLMs (such as Qwen2.5-72B and
DeepSeek-V3), the improvements are more modest
but still present (smaller in MMLU but larger in

MATH and DROP), indicating that even powerful
LLMs can benefit from our sentence delimiters-
inserted prompting.

Key Observation 2: Performance gains correlate
with task types. The most dramatic improvement
is observed on DROP (+12.5% for Qwen2-7B), a
reading comprehension task that requires tracking
information across multiple sentences within a con-
text. A reasonable explanation is that by explicitly
segmenting sentences, it enable the LLM to pro-
cess individual facts encoded in separate sentences
more effectively, and better understand their rela-
tionships, which is important for this type of task.

3.2.2 RQ2: SFT Internalizes Robust Sentence
Awareness

Table 2 shows the results of the SFT approach,
yielding several interesting insights. Our method
(Seg-FT) has overall better performance than the
baselines (Std-FT and Pause-FT).

Key Observation 3: Sentence-based SFT is more
robust than pause-based SFT. Our method
(Seg-FT) consistently outperforms the Std-FT base-
line across all seven benchmarks. In contrast,
Pause-FT, while staying strong on procedural tasks
like GSM8k and MATH, suffers from performance
degradation in knowledge-intensive QA tasks like
MMLU and GPQA. This suggests that while sim-
ply “pausing” can aid methodical computation, it
may disrupt the model’s access to or reasoning
over its stored knowledge. Our method, by encap-
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Figure 3: Performance of different delimiter choices in ICL across three datasets. More structured delimiters could
consistently yield a better performance, demonstrating the value of a clear, non-semantic structural signal. “orig.”
denotes the baseline without any delimiters.

sulating the generation process into meaningful lin-
guistic units (sentences), seems to provide a more
robust and universally beneficial structural prior.

Surprising Observation: Sentence awareness
generalizes to code. A striking result is the
+6.09% absolute improvement on HumanEval. Dur-
ing inference, we observed that the Seg-FT model
is able to insert delimiters within codes. As there
exhibits some similar patterns between human lan-
guage and python code, for example, using new-
liner as delimiters, it enables the model to learn
from the commonalities between the two, thereby
acquiring the ability to generalize the segmentation
of natural language to code.

4 Ablation Studies and Analysis

To analyze what factors contribute to our method’s
success, we conduct a series of targeted ablation
studies. These experiments are designed to answer
three fundamental questions: (1) What properties
make an effective delimiter? (2) Is sentence-level
segmentation truly the optimal strategy for plac-
ing these delimiters? (3) What are the underlying
mechanisms of delimiters enhancing model perfor-
mances?

4.1 On the Importance of a Clear Structural
Signal: Delimiter Choice

In general, we find that the choice of delimiter
is non-trivial, and its form and semantics can in-
fluence how the model interprets it. We hypoth-
esize that an ideal delimiter should function as
a pure structural marker, which is irrelevant of
the semantic content of the text. To test this hy-

pothesis, we evaluate a spectrum of delimiters un-
der the ICL setting: syntactically distinct tokens
[“<seg>”, “<and>”, “####”] (structured), common
words [“seg”, “and”] (semantic), punctuation used
in human text [“\n”, “.”] (delimiters in natural lan-
guage), a numeric token [“114”] and a meaningless
symbol string [“.&?”] (arbitrary).

As illustrated in Figure 3, our hypothesis is sup-
ported by the results. Structured delimiters con-
sistently achieve the highest performance, which
are the only delimiters that outperform baseline
in all tasks. In contrast, semantic delimiters like
“and” and “seg” often perform worse. This is pre-
sumably due to the semantic ambiguity they create,
which force the model to disambiguate whether
the token is a structural marker or part of the con-
tent. Arbitrary and natural delimiters show mixed
results; while they outperform the baseline in some
cases, the effect is inconsistent. It confirms that the
performance gain does not stem from any specific
semantic meaning, but rather from the introduction
of a regular, discernible pattern. The advantage of
structured tokens like “<seg>” resides in their func-
tion to provide a less ambiguous signal of sentence
boundaries – this enables the model to decouple
structural processing from semantic reasoning.

4.2 On the Optimality of Granularity:
Sentence vs. Alternative Segmentations

Having established the role of the delimiter’s form,
we now investigate its placement. Is segmentation
at the sentence level inherently better than other
granularities? We explore two alternatives: fixed-
length chunking and random placement.
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Figure 4: Sentence segmentation (Sent) vs. fixed n-
token chunking. Sentence-level segmentation consis-
tently outperforms fixed-chunking strategies, whose ef-
fectiveness decrease when the chunk size (n) is either
too large or too small, only peaking when n is close to
the majority sentence length.

Comparison with Fixed-Length Chunking. We
replace sentence segmentation with a simple heuris-
tic: inserting a delimiter every n tokens. Figure 4
reveals a clear pattern: as n increases, performance
rises first, then falls. Very fine-grained chunking
(e.g., n = 4, 8) is detrimental, as it fragments co-
herent semantic units within sentences. At the other
end, very coarse-grained chunking (e.g., n = 128)
makes the structural signals too sparse to effectively
guide step-by-step reasoning. The optimal perfor-
mance is achieved within the range n ∈ [32, 64],
which covers the typical sentence lengths in our
test data (see Figure 2). This strongly suggests that
sentence is the “natural” unit of model reasoning: it
balances between semantic integrity and the struc-
tural guidance function, which is a perfect analogy
to how human process information, e.g., cognitive
chunking3.

Comparison with Random Placement. To iso-
late the effect of delimiter positioning from the
mere presence of additional tokens, we conducted
a control experiment. For each input, we inserted
the same number of delimiters as in sentence seg-
mentation, but placed them at random positions.
Results in Figure 5 show that even random inser-
tion yields a modest improvement over the baseline.
This indicates what we term a minor “dummy to-
ken” effect: any regular interruption can slightly

3https://dictionary.apa.org/chunking
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Figure 5: Sentence-level vs. random delimiter place-
ment. Meaningful placement at sentence boundaries
contributes more to the performance gains, far surpass-
ing the minor effect of random insertions.

alter the model’s processing. However, sentence-
level placement consistently and significantly out-
performs random placement. Therefore, we can
conclude that the performance gain is not an arti-
fact of adding extra tokens randomly, but is largely
driven by placing delimiters at sentence boundaries
– positions that are meaningful and aligned with
linguistic structure.

4.3 Probing the Mechanism: Reasoning and
Attention

Why does sentence-level segmentation work so
effectively? We investigate the mechanism from
two perspectives: its role in the reasoning process
and its effect on the model’s attention patterns.

Enhancing Deliberative Reasoning. We hypoth-
esize that our method primarily benefits multi-step,
deliberative reasoning rather than direct knowl-
edge recall. To test this, we evaluate our fine-
tuned model (Seg-FT and Std-FT) on MMLU using
two zero-shot evaluation protocols: (1) Prob-based,
which measures the model’s immediate likelihood
of the correct answer token, thereby probing knowl-
edge recall; and (2) CoT-based, which prompts the
model to generate a reasoning chain before the an-
swer, hence probing deliberative reasoning.

Std-FT Seg-FT Improvement

Prob 61.90 61.19 -0.71%
CoT 59.02 60.13 +1.12%

Table 3: MMLU zero-shot performance of SFT mod-
els under two evaluation protocols. The benefits of our
method manifest exclusively in the CoT setting, high-
lighting its role in enhancing deliberative reasoning.

Table 3 shows a clear divergence. In the Prob-
based setting, our method provides no benefit and
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even causes a slight degradation. However, in
the CoT setting, it yields a clear improvement of
+1.12%. This result suggests that sentence-level
delimiters do not simply improve the model’s capa-
bilities in retrieving static knowledge. Instead, the
primary improvements are related to the dynamic,
step-by-step reasoning process.

Attention as an Explanatory Lens. To visualize
the mechanism in terms of internal representations,
we analyze the model’s attention patterns. Exam-
ples of attention heatmaps (see Appendix F) show
that delimiter tokens act as focal points, drawing
significant attention from subsequent tokens within
the sequence.

llama qwen llama-seg
0

2

4

6

N

5.90
5.40 5.55

3.62
4.35

3.62

N × larger than Avg. Score

Sent. Delimiter Punc. Delimiter

Figure 6: Relative attention scores for different delim-
iter types on the GSM8k dataset. Our delimiter (Sent.
delimiter) receives significantly higher attention than
both the sentence average (N× larger than avg.) and
traditional punctuation delimiters (punc. delimiter).

For quantitative analysis, we compute the aver-
age attention paid to delimiter tokens by the final
token of each sentence, and compare it against
the attention paid to other tokens. As shown in
Figure 6, our special delimiter (sent. delimiter)
receives substantially higher attention than other
tokens on average. Interestingly, it attracts signif-
icantly more attention than natural punctuations
(punc. delimiter) like periods or newlines. It in-
dicates that the model has learned to treat the de-
limiter token as a more reliable “signpost” for de-
marcating the units of thought, compared to natural
punctuation – which is ambiguous and semanti-
cally overloaded. These delimiters thus function
effectively as structural anchors, which the model
can leverage to organize information flow during
inference.

5 Conclusions

In this study we explore how explicitly modeling
sentence structure in input can serve as a scaffold
for enhancing the reasoning capabilities of Large
Language Models in depth. We introduce a simple
yet effective paradigm: teaching models to gen-
erate explicit boundary delimiters via in-context
learning or fine-tuning. We validate the proposed
methods through experiments on two directions:
a lightweight, inference-time In-Context Learn-
ing strategy; and a more robust Supervised Fine-
Tuning method that internalizes prior knowledge
on sentence structures directly into the model’s pa-
rameters.

Our experiments are comprehensive in terms of
model size, spanning from 7B to over 600B pa-
rameters, revealing consistent and significant per-
formance gains across a diverse suite of reasoning
benchmarks, including improvements of up to 7.7%
on GSM8k and 12.5% on DROP. Our ablation stud-
ies further shed light on three key findings: (1)
structurally distinct, non-semantic delimiters yield
best effectiveness; (2) sentence is the optimal gran-
ularity for segmentation, outperforming both finer
and coarser chunking strategies; and (3) the pri-
mary mechanism underlying the improvement is
in facilitating of deliberative, step-by-step reason-
ing, a conclusion supported by both comparative
analysis and attention visualization.

Beyond improving downstream task perfor-
mance, our work also introduces a novel approach
to structured text generation. By training LLMs
to natively generate sentence-delimited output, we
eliminate the computational overhead of post-hoc
segmentation–a common requirement in applica-
tions like text-to-speech, retrieval-augmented gen-
eration, and controllable decoding. Therefore, this
study validates a feasible pathway towards more
efficient, structurally-aware, and capable language
models, laying the ground for potential future ex-
plorations in cognitive-inspired LLM architectures.

Looking forward, we outline several promising
research avenues for future research. Extending
our SFT approach to the pre-training stage could
potentially instill sentence awareness as a basic ca-
pability in foundation models. Furthermore, explor-
ing the applicability of this method to low-resource
languages and specialized domains (e.g., legal or
medical texts) will be critical for assessing its uni-
versality. Finally, enabling models to perform self-
segmentation has the potential to yield more adap-
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tive and resource-efficient implementations.

6 Limitations

While our findings are promising, this study has
several limitations that represent important direc-
tions for future work.

Generalization of Segmentation Methods. Our
experiments primarily rely on a state-of-the-art neu-
ral sentence segmenter (SaT). The robustness of
our approach when using alternative segmentation
methods, such as rule-based methods, or even the
LLM’s own self-segmentation capabilities, remains
an open question. Investigating this is crucial for
understanding the method’s applicability in diverse,
potentially resource-constrained production envi-
ronments.

Validation at Larger Scales and Pre-training.
Although our ICL experiments include very large
models, our supervised fine-tuning was conducted
on 7B-level LLMs due to resource constraints.
A full investigation of how sentence-aware fine-
tuning interacts with scaling laws at a larger scale
is a necessary next step. Furthermore, while our
SFT results suggest strong potential, the ultimate
impact of incorporating sentence-level objectives
during the pre-training phase has yet to be empiri-
cally verified.

Deeper Interpretability. Our analysis, based on
attention scores and performance on reasoning-
centric tasks, provides initial evidence for the mech-
anism behind our method’s success. However, a
more profound understanding is needed. Employ-
ing more advanced interpretability techniques, such
as causal mediation analysis or probing for spe-
cific linguistic features in neuron activations, could
more definitively trace how explicit structural sig-
nals modulate the model’s internal computations
and lead to improved reasoning.
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A Evaluation Settings

Detailed evaluation settings of n-shot and CoT in
ICL and SFT experiments are as follows:

• MMLU: 4-shot CoT for ICL, 0-shot CoT for
SFT

• MMLU-Pro: 5-shot CoT for SFT

• GSM8k: 8-shot CoT for 7B-level LLMs and 4-
shot CoT for large LLMs for ICL, 8-shot CoT
for SFT

• MATH: 4-shot CoT for both ICL and SFT

• DROP: 3-shot for both ICL and SFT (DROP
requires no CoT)

• GPQA: 0-shot CoT for SFT

• HumanEval: 0-shot for SFT (completion task
cannot apply CoT)

B Combination between SFT with and
without ICL

In experiments, we assumed that the model ob-
tained from sentence-segmented SFT would be
used with ICL during inference on downstream
tasks, which means the input of SFT model is well-
segmented. This section explore whether a well-
segmented input is strictly required by the SFT
model.

GSM8k DROP

no-seg 71.42 50.90
seg 74.91 54.26

Table 4: Comparison between SFT models with seg-
mented input (seg) and raw input (no-seg).

Using the fine-tuned Llama3-8B model in Ta-
ble 2, we evaluated its performance on GSM8k
and DROP under two conditions: with sentence-
segmented input, and with raw, unsegmented input.
As shown in Table 4, the performance with seg-
mented input is significantly better than without
segmentation. This indicates that the SFT model
has internalized the delimiter-augmented reasoning
format; removing the delimiters leads to a distri-
bution mismatch between training and evaluation,
resulting in the performance degradation.

C Details about Sentence Segmentation
Model

All sentence segmentation is performed using
wtpsplist, with default segmentation parameter

4. Some details about the model SAT-12L-SM’s
usage are listed below:

• stride: 256

• block_size: 512

• pad_last_batch: False

• weighting: uniform

• model size: ∼300M

D SFT training details

The SFT training parameters are listed below:

trainer:
use_flash_attn: true
max_seq_length: 2048
train_batch_size: 128
learning_rate: 5.0e-06
lr_scheduler_type: linear
warmup_ratio: 0.03
weight_decay: 0.0
num_train_epochs: 1

deepspeed:
zero_stage: 2
gradient_clipping: 1.0
offload: none

4https://github.com/segment-any-text/wtpsplit/
blob/main/wtpsplit/__init__.py
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E An example of Segmented Input

This is an example of segmented prompt and response from GSM8k to demonstrate how sentence-level
inference works in our approaches. Delimiter here is “<seg>”

Example of delimited text

Mark has a garden with flowers. <seg> He planted plants of three different colors in it. <seg> Ten
of them are yellow, and there are 80% more of those in purple. <seg> There are only 25% as many
green flowers as there are yellow and purple flowers. <seg> How many flowers does Mark have in
his garden? <seg>

There are 80/100 * 10 = < <80/100 * 10=8> >8 more purple flowers than yellow flowers. <seg> So
in Mark’s garden, there are 10 + 8 = < <10+8=18> >18 purple flowers. <seg> Purple and yellow
flowers sum up to 10 + 18 = < <10+18=28> >28 flowers. <seg> That means in Mark’s garden
there are 25/100 * 28 = < <25/100 * 28=7> >7 green flowers. <seg> So in total Mark has 28 + 7 =
< <28+7=35> >35 plants in his garden. <seg> #### 35 <seg>

F Attention Map

Figure 7: Attention map of Llama3-8b-seg
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Figure 8: Attention map of Qwen2-7b-Instruct. The segmentation token we used is “####”. We replaced it to
“<seg>” only when visualization.
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