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Abstract

Length-controllable text generation (LCTG) is
essential for tasks like text summarization and
report generation. However, large language
models (LLMs) have limited awareness of out-
put length, so precise control over the length
of generated text remains a significant chal-
lenge. Most existing methods focus on prompt-
based frameworks, position encoding, and rein-
forcement learning for model training. These
approaches may affect semantic quality, and
struggle to maintain consistent length control
across different models and tasks. In this pa-
per, we propose DcLM, a model-agnostic ap-
proach that introduces dynamic length mark-
ers to guide length-controllable outputs. Dur-
ing training, the model leverages these markers
as in-context information, without learning to
generate them. At inference time, an external
word counter and injected length information
guide the model to produce outputs of accu-
rate lengths. We evaluate our method across
multiple datasets, and the experimental results
demonstrate that DcLM significantly reduces
length deviation, showcasing its robust general-
ization ability across various length scales and
tasks.

1 Introduction

Large language models (LLMs) have achieved re-
markable progress in recent years, exhibiting strong
performance across a wide range of natural lan-
guage generation tasks (Vaswani et al., 2017; De-
vlin et al., 2019). As model capacity and context
length continue to expand, LLMs are increasingly
deployed in real-world scenarios that require flex-
ible and controllable text generation (Liang et al.,
2024). In particular, many practical applications
impose explicit constraints on output length, such
as summarization, content compression, report gen-
eration, and so on (Hu et al., 2015; Chhun et al.,
2022; Bai et al., 2024). Consequently, effective
length-controllable text generation (LCTG) has be-
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Figure 1: Length Control Performance of Closed-
Source Models on HANNA dataset.

come an important and practical requirement for
modern LLM-based generation systems.

Despite their strong generative capabilities, most
LLMs control output length only implicitly through
learned distributions (Moon et al., 2025), making
it difficult to reliably satisfy precise length require-
ments, especially for long-form generation. In
length-controllable text generation, the model is
expected to produce coherent text that adheres to
a specified length constraint, while maintaining se-
mantic relevance and fluency. However, length is
not explicitly modeled as an optimization objec-
tive, and small deviations during early generation
stages can accumulate over time. This challenge
is further amplified in long texts, where maintain-
ing global coherence under strict length constraints
remains non-trivial. As shown in Figure 1, the
length-controllable performance of the GPT series
models on HANNA dataset also remains to be im-
proved.".

Length-controllable text generation poses sev-
eral inherent challenges that are not fully addressed
by existing approaches. First, certain methods op-
erate at the token level (Butcher et al., 2025), while
length constraints in practical applications are usu-
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ally defined in terms of words or human-perceived
units, resulting in a gap between controlled length
and user expectations. Second, achieving pre-
cise length control remains difficult, as some ap-
proaches only provide coarse-grained constraints
by guiding generation toward a target range rather
than an exact length(Li et al., 2024). Third, some
methods introduce explicit control markers and re-
quire the model to generate them during decoding
(Song et al., 2024; Xie and yi Lee, 2025), which
may disrupt semantic continuity and harm overall
fluency. Fourth, training-free approaches often rely
heavily on prompt engineering (Akinfaderin et al.,
2025; Juseon-Do et al., 2024; Yuan et al., 2025a),
and in some cases require repeated sampling or re-
jection to meet length constraints, resulting in high
computational costs and limited efficiency. Finally,
most existing studies focus on short texts, leaving
length-controllable generation for long-form text
largely unexplored, despite its importance in real-
world applications.

Motivated by the aforementioned challenges, we
propose DcLM, a novel framework for fine-grained
length control in large language model generation
based on dynamic length markers. Unlike the
token-level approaches, DcLM operates at the word
level, aligning length control more closely with
human-perceived text length. Each dynamic length
marker contains rich length information, includ-
ing not only the target output length but also the
length of text already generated and the remaining
length to be produced. To minimize interference
with semantic modeling, DcLM treats these mark-
ers as in-context information rather than generation
targets, the model is not trained to explicitly gen-
erate dynamic length markers. During inference,
an external length counter is employed to track the
current generation length and insert dynamic length
markers at appropriate positions, enabling precise
and efficient length control. dynamic length mark-
ers are injected into the output sequence following a
decay-interval strategy (Yuan et al., 2025a), which
allows length signals to be provided throughout the
generation process. Experimental results show that
DcLM achieves strong performance on short-text
tasks such as summarization and yields substantial
improvements on long-form generation.

• We design dynamic length markers, which
explicitly indicate the target length as well as
the generated and remaining budgets at the
word level, enabling fine-grained and human-

aligned length control.

• We propose DcLM, a unified framework that
integrates dynamic length markers with a
masking-based training strategy and inference-
time markers insertion, achieving precise
length control without forcing the model to
generate control markers.

• We conduct extensive experiments on multiple
datasets across diverse generation tasks and
length constraints, covering output lengths
ranging from 10 to 6000 words, and demon-
strate that DcLM consistently improves length
accuracy and generation quality for both short-
and long-form text.

2 Related Work

2.1 Training-Free Methods of LCTG
Length-controllable text generation aims to guide
language models to produce outputs that satisfy
predefined length constraints while maintaining
semantic coherence and fluency. With the increas-
ing capabilities of large language models, prompt-
based approaches have been explored to achieve
length control without modifying model parame-
ters. Akinfaderin et al. (2025) propose Plan-and-
Write, which decomposes text generation into two
phases: explicit word-count planning followed by
coherence-aware output verification through struc-
tured prompts. Xie and yi Lee (2025) introduces
countdown markers into prompts to guide genera-
tion length, while Juseon-Do et al. (2024) proposes
an instruction-based sentence compression method
to control output length. Although prompt-based
methods are intuitive and training-free, they still
rely heavily on the model’s inherent understand-
ing of length constraints. Another line of work
focuses on inference-time strategies for length con-
trol. MARKERGEN (Yuan et al., 2025a) addresses
core errors in length-controllable generation and
proposes a three-stage decoupled generation frame-
work that balances length accuracy and text quality.
Retkowski and Waibel (2025) improves length ad-
herence through prompt-based automated revision
and sample filtering, while Gu et al. (2025) applies
importance sampling during decoding to steer out-
put length.

2.2 Training-Based Methods of LCTG
Training-based methods modify model parameters
to enable text generation under explicit length con-
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straints. RULER (Li et al., 2024) enhances the
instruction-following ability of large language mod-
els by introducing meta length tokens during train-
ing. Butcher et al. (2025) incorporates a length-
difference positional encoding into input embed-
dings during fine-tuning to improve length adher-
ence.

Other approaches inject position-related infor-
mation into training data to encourage models to
learn length control. PositionID (Wang et al., 2024)
and Hansel (Song et al., 2024) train models on text
augmented with explicit positional or marker infor-
mation, enabling length-aware generation behavior.
In addition, a line of work explores reinforcement
learning–based methods for length control, Yuan
et al. (2025b) applies Direct Preference Optimiza-
tion on a curated dataset with length-constrained
preferences, while another work designs length-
based rule rewards and optimizes models using
Proximal Policy Optimization (Jie et al., 2024).

3 Method

In this section, we introduce DcLM, a framework
for length-controlled text generation with dynamic
length markers. We first describe the construction
of the DcLM dataset, and then present the DcLM
framework for training and inference.

3.1 The DcLM Dataset

To enable length-aware generation, we construct
the DcLM dataset by augmenting standard instruc-
tion–response pairs with dynamic length markers
that explicitly indicate generation progress. Given
a reference output with a target word length L, we
inject structured markers into the output sequence
at multiple positions, allowing the model to observe
length information during training.

3.1.1 Dynamic Length Marker
Due to the inaccuracy of implicit length estima-
tion in LLMs (Shin and Kaneko, 2024), we in-
troduce explicit and human-aligned length control
by combining external word counting with struc-
tured length information injection. Specifically, we
design dynamic length markers at the word level
that provide precise and interpretable guidance for
length-controlled generation. Each dynamic length
marker encodes rich length information, includ-
ing the target output length, the amount of text
generated so far, and the remaining length budget.
Formally, a dynamic length marker is defined as a

structured token sequence of the form:

⟨L | l | L− l⟩

, where L denotes the target number of words, l rep-
resents the current word count up to the insertion
position, and L− l indicates the remaining length
budget. To ensure accuracy and consistency, word
counts are obtained using an external counting tool,
avoiding reliance on the model’s internal and of-
ten imprecise length estimation. Dynamic length
markers are interleaved with the original reference
text during training and do not replace or alter any
semantic content. As a result, the augmented out-
puts preserve the original linguistic structure while
providing explicit and dynamically updated length-
related context at different stages of generation.

3.1.2 Data Construction
Inspired by prior marker-based approaches(Yuan
et al., 2025a), we inject dynamic length markers
into the reference outputs using a decaying inser-
tion strategy that places markers sparsely at early
positions and increasingly densely toward the end
of the sequence. Formally, for a target length L,
the insertion positions are defined as

ki = ⌊L× (1− αi)⌋ (1)

where α ∈ (0, 1) controls the decay rate and i
indexes the insertion steps.

This strategy provides stronger guidance when
the model begins generating the output by adding
an initial marker ⟨L | 0 | L⟩, where length planning
is most critical, while reducing interference with
semantic coherence at later stages. At each inser-
tion position ki, a dynamic length marker encoding
the current progress is inserted into the reference
output.

Through this process, each training sample in
the DcLM dataset consists of a source input and a
reference output augmented with dynamically up-
dated length markers. These marker-augmented
sequences provide explicit conditioning signals for
training the DcLM framework described in the fol-
lowing section.

3.2 The DcLM Framework
3.2.1 Training
Given the marker-augmented dataset DDcLM con-
structed in Section 3.1, DcLM is trained using the
standard causal language modeling objective. Dur-
ing training, dynamic length markers are included
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Figure 2: Overview of DcLM.

Algorithm 1 DDcLM Data Creation

Require: Word count function L(·), decay factor
α

Input: Initial dataset D = {(x, y)}
Output: DDcLM

1: DDcLM ← {}
2: for each tuple (x, y) in D do
3: L← L(y)
4: K ← unique_sorted({⌊L(1 − αi)⌋ | i =

1, 2, . . . , imax})
5: y′ ← ⟨L | 0 | L⟩
6: l← 0
7: for each word w in y do
8: Append w to y′

9: l← l + 1
10: if l ∈ K then
11: Append marker ⟨L | l | L− l⟩ to y′

12: end if
13: end for
14: DDcLM ← DDcLM ∪ {(x, y′)}
15: end for
16: return DDcLM

in the input sequence and participate in the for-
ward computation and attention. However, they are
excluded from the loss computation by applying
a loss mask, such that the model is not required
to predict marker tokens. This design allows the
model to leverage dynamic length markers as con-
textual signals for length control, while focusing
the learning objective solely on generating seman-
tic content. As a result, length information is in-
corporated as in-context guidance rather than an

explicit generation target, reducing potential inter-
ference with language modeling.

Formally, let z = (z1, . . . , zT ) denote the token
sequence of a marker-augmented output, and let
M⊂ {1, . . . , T} denote the positions correspond-
ing to dynamic length markers. The training ob-
jective minimizes the negative log-likelihood over
non-marker positions:

L = −E(x,z)∼DDcLM

[∑

t/∈M
log p(zt | z<t)

]
. (2)

Through this masked training objective, DcLM
learns to utilize dynamic length markers as con-
textual length signals without explicitly learning
to generate marker tokens. This training strategy
avoids exposing the model to marker prediction
errors, which can accumulate and negatively affect
the quality of generation at inference time.

3.2.2 Inference
At inference time, DcLM performs autoregressive
decoding with online dynamic length marker injec-
tion. Given a user prompt specifying a target length
L, an initial marker ⟨L | 0 | L⟩ is appended to the
prompt before generation begins. During decoding,
an external counter tracks the number of generated
words, and dynamic length markers are inserted
into the generation context at predefined positions
determined by the same decaying insertion strat-
egy used in dataset construction. Each inserted
marker encodes the updated generation progress in
the form ⟨L | l | L− l⟩, where l denotes the current
word count. These markers are inserted dynami-
cally into the generation context as the sequence
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is decoded, guiding the model toward the target
length L.

4 Experiments

To evaluate the effectiveness of DcLM, we con-
duct comprehensive experiments across multiple
benchmarks covering a wide range of generation
tasks and output lengths. Beyond standard eval-
uations, we further include additional studies to
demonstrate the generalization ability of DcLM un-
der different length constraints and text generation
settings.

4.1 Dataset

For training, we construct a dynamic length–aware
training set, denoted as DDcLM , based on the
RULER training dataset following 1. The training
data are augmented with dynamic length markers,
enabling the model to learn fine-grained length con-
ditioning during generation. We evaluate DcLM
on the following four benchmarks, which cover di-
verse domains and output length ranges, including
short summaries, medium-length and long-form
text generation:

• CNN/DM (Hermann et al., 2015) is a large-
scale news summarization dataset constructed
from articles published by Cable News Net-
work (CNN) and Daily Mail (DM).

• XSUM (Narayan et al., 2018) is a highly ab-
stractive BBC news summarization bench-
mark, where one-line article headlines are
used as reference summaries.

• HANNA (Chhun et al., 2022) is a story gener-
ation benchmark designed to evaluate models’
ability to produce coherent narrative text un-
der flexible content and length requirements.
The dataset consists of prompts paired with
human-written stories, making it suitable for
assessing length control in open-ended and
creative generation settings.

• LONGBENCH-WRITE (Bai et al., 2024) is
a benchmark specifically designed for long-
form text generation under extended context
lengths. It evaluates a model’s ability to gener-
ate coherent and structured long outputs, mak-
ing it particularly suitable for assessing length
control and generation quality in long-text sce-
narios.

4.2 Metric

For evaluation, we adopt metrics that assess both
length controllability and output quality, enabling
a comprehensive comparison of different methods
under length constraints.

• Mean Absolute Error (MAE) measures the
average absolute difference between the gen-
erated length lgen and the target length ltarget
across all samples, defined as:

MAE =
1

N

N∑

i=1

∣∣∣l(i)gen − l
(i)
target

∣∣∣ . (3)

• Length Deviation (LD) measures the abso-
lute deviation between the generated length
lgen and the target length ltarget, defined as:

LD =
1

N

N∑

i=1

∣∣∣l(i)gen − l
(i)
target

∣∣∣

l
(i)
target

. (4)

• Hit@K measures the proportion of generated
outputs whose lengths fall within a tolerance
window of ±k words around the target length.
This metric captures the robustness of length
adherence under relaxed constraints and com-
plements LD by reflecting practical usability,
defined as:

Hit@k =
1

N

N∑

i=1

I
(∣∣∣l(i)gen − l

(i)
target

∣∣∣ ≤ k
)
.

(5)

• Text Quality. To evaluate generation quality,
we adopt an LLM-as-a-Judge paradigm (Liu
et al., 2023), where a strong language model
evaluates generated texts in terms of fluency,
relevance, coherence, and completeness under
length constraints. We use gpt-4o as the judge
model for all experiments. The evaluation
prompt is detailed in Appendix A.4.

4.3 Main Results

Table 1 reports the main experimental results on
four benchmarks covering diverse generation sce-
narios, ranging from news summaries to long-form
generation. For the LongBench-Write dataset, we
select English samples with target lengths no longer
than 6,000 words. Overall, DcLM consistently
achieves substantially better length controllability
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Dataset Model MAE LD Hit@5 Hit@10 Hit@20 BertScore Text Quality

CNN/DM

LLaMA-3.2 4.401 0.087 0.757 0.937 0.996 0.618 4.671
w/ SFT 3.315 0.063 0.831 0.967 0.997 0.607 4.564
w/ DcLM (Ours) 0.431 0.008 0.995 0.997 0.997 0.611 4.432

XSum

LLaMA-3.2 6.072 0.331 0.548 0.834 0.982 0.553 4.474
w/ SFT 1.771 0.083 0.975 0.997 0.999 0.536 4.515
w/ DcLM (Ours) 0.225 0.011 0.997 0.998 0.999 0.558 4.512

HANNA

LLaMA-3.2 88.510 0.212 0.083 0.135 0.281 0.490 4.638
w/ SFT 59.041 0.109 0.093 0.145 0.385 0.492 4.326
w/ DcLM (Ours) 2.572 0.003 0.968 0.968 0.979 0.488 4.656

Longbench

LLaMA-3.2 932.236 0.435 0.0169 0.067 0.145 - 4.462
w/ SFT 947.909 0.418 0.054 0.054 0.127 - 4.123
w/ DcLM (Ours) 235.436 0.182 0.525 0.576 0.800 - 4.174

Table 1: Experimental results on multiple datasets using the LLaMA-3.2-3B-Instruct model. The target length is
set to the reference’s length. All fine-tuned models are trained with the LoRA (Low-Rank Adaptation) method. The
best results for each dataset and metric are highlighted in bold.
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Figure 3: Comparison with RULER under the same
evaluation protocol.

than all baselines across all datasets, while main-
taining comparable text quality. On CNN/DM and
XSum, which focus on summarization, the baseline
LLaMA model and its SFT variant already exhibit
certain length awareness. Nevertheless, DcLM
significantly reduces the LD to below 0.011 and
achieves near-perfect Hit@5 and Hit@10 scores,
demonstrating its ability to precisely match target
lengths even under strict constraints.

The advantage of DcLM becomes more pro-
nounced on HANNA and LongBench, which re-
quire length control over long-form generation. Al-
though all baselines suffer from severe length de-
viations and low Hit@k scores, DcLM improves
length adherence, reducing LD from over 0.212 to
0.003 on HANNA and achieving over 0.968 Hit@5
precision. On LongBench, where generating text
under a challenging length constraint of up to 6000
words is required, DcLM still delivers substantial
gains over all baselines, underscoring its robust-
ness in handling long-context settings. Importantly,
DcLM achieves a strong balance between length

control and generation quality. As shown in Table
1, DcLM maintains comparable BertScore and text
quality to baseline models, suggesting that precise
length control can be achieved without degrading
fluency or semantic coherence.

4.4 Compared with Ruler
Following the experimental protocol of RULER
(Li et al., 2024), we reproduce the results under the
same experimental settings using the LLaMA-3.2-
3B-Instruct model. RULER evaluates length con-
trollability using two range-based metrics: Propor-
tional Match (PM) and Fixed Match (FM), which
measure whether the generated text length falls
within predefined tolerance intervals around the tar-
get length. Specifically, PM and FM are defined as
follows:

PM =
1

N

N∑

i=1

I
(
lbPTLi

< L(ci) ≤ ubPTLi

)
(6)

FM =
1

N

N∑

i=1

I
(
lbFTLi

< L(ci) ≤ ubFTLi

)
(7)

As shown in Figure 3, DcLM consistently outper-
forms RULER under the same evaluation protocol
across most target lengths. While both methods
achieve comparable performance for short outputs,
DcLM demonstrates clear advantages as the tar-
get length increases. In particular, for medium
and long target lengths, DcLM yields substantially
higher PM and FM scores, indicating more ro-
bust length adherence within both proportional and
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Model LD ↓ Hit@5 ↑ Hit@10 ↑ Text Quality ↑
LLaMA 0.213 0.083 0.135 4.638
DcLM 0.003 0.968 0.968 4.656
w/o training 0.104 0.218 0.343 4.371
w/o loss mask 2.454 0.010 0.010 3.146

Table 2: Ablation study on the HANNA dataset. We
compare inference-only markers insertion, training with-
out masking, and the DcLM framework.

fixed tolerance ranges. These improvements are
especially pronounced at longer lengths, where
RULER’s performance rapidly degrades, highlight-
ing the effectiveness of dynamically updated length
signals for long-form generation.

4.5 Ablation Studies

We conduct an ablation study on the HANNA
dataset to examine the contribution of different
components in the proposed framework. Table 2
reports results for three configurations based on the
LLaMA-3.2-3B-Instruct model. Inserting dynamic
length markers only at inference time improves
length controllability compared with the vanilla
model, as reflected by lower LD and higher Hit@k
scores. This indicates that explicit length informa-
tion can partially guide generation even without
training. However, the improvement remains lim-
ited, showing that inference-only insertion is in-
sufficient for precise length control. Training with
dynamic length markers but without a loss mask
leads to significant degradation in both length con-
trol and text quality. This suggests that forcing the
model to generate length tokens interferes with se-
mantic modeling and disrupts fluent generation. In
contrast, the full DcLM framework achieves near-
perfect length control, with an LD of 0.003 and
Hit@5 and Hit@10 scores exceeding 0.96, while
also achieving the highest text quality score. These
results confirm that treating dynamic length mark-
ers as contextual signals rather than generation tar-
gets is critical for accurate length control without
sacrificing generation quality.

4.6 Comparison of Insertion Strategies

Table 3 compares the performance of fixed-interval
insertion strategies with different interval sizes
against the DcLM dynamic length marker approach.
Smaller interval values generally lead to better
length control, as indicated by lower LD and higher
Hit@K scores. For example, n = 1 achieves the
lowest LD and near-perfect Hit@5 and Hit@10
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Figure 4: Generalization performance of DcLM across
diverse benchmarks.

scores among fixed-interval methods. However,
text quality tends to be lower for very small inter-
vals, suggesting a trade-off between strict length ad-
herence and content richness. Increasing the inter-
val reduces length accuracy but improves text qual-
ity, indicating that more relaxed insertion allows
the model to produce richer and more coherent text.
In contrast, the DcLM method achieves a strong
balance between length control and text quality,
with LD comparable to the strictest fixed-interval
setting (n = 1) while maintaining the highest text
quality among all evaluated strategies. This demon-
strates that dynamic length markers can effectively
guide the model to respect length constraints with-
out sacrificing content quality.

4.7 Generalizability

4.7.1 Across Diverse Benchmarks

To assess whether DcLM impacts the model’s
general capabilities beyond length-controlled gen-
eration, we evaluate it on a range of standard
benchmarks (Gao et al., 2021), including ARC
(Easy/Challenge) (Clark et al., 2018), HellaSwag
(Zellers et al., 2019), TruthfulQA (Lin et al., 2022),
MMLU (Hendrycks et al., 2020), Winogrande (Sak-
aguchi et al., 2021), and GSM8K (Cobbe et al.,
2021). These tasks involve commonsense reason-
ing, factual accuracy, and mathematical, without
any explicit length constraints. We employ 5-shot
in GSM8K and 0-shot for other tasks.

As shown in Figure 4, DcLM performs compara-
bly to the LLaMA-3.2-3B-Instruct baseline across
all benchmarks. Overall, these results indicate that
incorporating dynamic length markers does not im-
pair the model’s inherent reasoning or task-solving
abilities, demonstrating the robustness and general-
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Interval LD Hit@5 Hit@10 Text Quality

n = 1 0.001 0.989 0.989 3.398
n = 5 0.012 0.875 0.895 4.398
n = 10 0.048 0.697 0.833 4.516
n = 20 0.032 0.468 0.687 4.565
DcLM 0.003 0.968 0.968 4.656

Table 3: Comparison of fixed-interval insertion strate-
gies (with varying n) and the DcLM.

Dataset Model LD Hit@5 Hit@10

CNN/DM

Mistral 0.442 0.101 0.228
w/ DcLM 0.017 0.988 0.993
Qwen 0.092 0.664 0.927
w/ DcLM 0.015 0.986 0.992

XSum

Mistral 1.020 0.036 0.144
w/ DcLM 0.022 0.992 0.996
Qwen 0.144 0.864 0.993
w/ DcLM 0.020 0.988 0.996

HANNA

Mistral 0.131 0.072 0.135
w/ DcLM 0.003 0.937 0.937
Qwen 0.075 0.104 0.270
w/ DcLM 0.005 0.958 0.968

Table 4: Length controllability results across different
backbone models. We employ Mistral-7B-Instruct-v0.3
and Qwen3-4B-Instruct-2507 in this experiment.

izability of the DcLM framework.

4.7.2 Across LLMs
We evaluate DcLM on different backbone models
to assess its model-agnostic nature. As shown in
Table 4, applying DcLM to Mistral-7B-Instruct-
v0.3 results in consistent and substantial improve-
ments in length controllability across the CNN/DM,
XSum, and HANNA datasets. DcLM signifi-
cantly reduces length deviation while achieving
near-perfect Hit@k scores, without requiring any
architecture-specific modifications. Experiments
on Qwen3-4B-Instruct yield similar trends. These
results indicate that DcLM generalizes well across
model families and can be readily integrated with
different pretrained LLMs.

4.7.3 Across Lingual
We trained the Qwen model with the DcLM frame-
work on the RULER dataset, which consists of
English data. To evaluate its cross-lingual gen-
eralization, we tested the model on LCSTS (Hu
et al., 2015), a Chinese news summarization dataset.
The outputs in LCSTS contain at most 24 char-
acters, so we adopt MAE as well as Hit@5 and
Hit@10 as evaluation metrics. As shown in Table
5, applying DcLM reduces the MAE from 5.10

to 2.21 while simultaneously improving Hit@5
and Hit@10 scores by 0.334 and 0.1, respectively.
These results demonstrate that the DcLM frame-
work effectively transfers precise length control
capabilities across languages without the need for
additional training on the target language, achiev-
ing significant improvements in both error reduc-
tion and accuracy.

Model MAE Hit@5 Hit@10

Qwen 5.108 0.619 0.888
w/ DcLM 2.214 0.953 0.988

Table 5: Cross-lingual length control evaluation of
Qwen models on a Chinese news summarization dataset.

5 Conclusion

Controllable-length generation in large language
models is increasingly important for applications
such as text summarization and report generation.
In this work, we proposed DcLM, a model-agnostic
approach that introduces dynamic length markers
to guide length-controllable outputs. During train-
ing, the model receives dynamic length markers
as in-context information, without learning to gen-
erate them. At inference time, an external word
counter and injected length information guide the
model to produce outputs of accurate lengths. We
evaluated our method across multiple length scales,
demonstrating its effectiveness in achieving precise
length control while maintaining high-quality text
generation. These results highlight the potential of
DcLM as a general framework for controlling out-
put length in large language models across diverse
tasks and languages.

Limitations

In this work, we propose DcLM, a framework that
integrates dynamic length markers with a masking-
based training strategy and inference-time markers
insertion, achieving precise length control with-
out forcing the model to generate control markers.
While DcLM achieves impressive results in both
length control and text quality, the model’s ability
to maintain high-quality generation while adher-
ing to the target length may degrade as the target
length increases. This limitation is likely due to the
inherent capacity constraints of LLMs. As a result,
using models with larger parameter sizes may be
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necessary to achieve better performance at longer
target lengths.
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A Details of Experiments

In this section, we present the experimental details
of DcLM framework.

A.1 DcLM Dataset

As shown in Figure 5, the output text is enhanced
through dynamic length markers.

A.2 Experiment Setting

In our experiments, we fine-tune LLaMA-3.2-3B-
Instruct, which is obtained from the HuggingFace
Transformers1. To enable parameter-efficient train-
ing, we adopt the LoRA approach. To improve
memory efficiency and accelerate training, we fur-
ther incorporate DeepSpeed ZeRO stage 2. All ex-
periments are implemented based on the LLaMA-
Factory framework2. We use the AdamW optimizer
with a learning rate of 5e-5, a batch size of 4, and
maximum token number to 8192 tokens. All exper-
iments are conducted on two NVIDIA A100 GPUs
with 80 GB memory.

A.3 Dataset Statistics of Test Set

We evaluate our method on a set of benchmark
datasets covering summarization and story gen-
eration tasks. For the LongBench-Write dataset,
we select English samples with target lengths no
longer than 6,000 words. As shown in Table 6,
these datasets span a wide range of target output
lengths, from short summaries to long-form gen-
eration. Such diversity enables a comprehensive
assessment of length controllability across both
short- and long-text generation scenarios.

A.4 The Details of LLM-as-Judge

As shown in Figure 6, the evaluation prompt in-
structs the judge model to act as an expert evaluator
for natural language generation systems. Given an
input prompt and a generated response, the model
is required to assess the output in a strict and objec-
tive manner without inferring missing information.
The generated response is evaluated along four di-
mensions: fluency and readability, relevance to the
input, semantic coherence, and content complete-
ness under length constraints. Each dimension is
scored on a 1–5 scale, where higher scores indicate
better performance. The overall score is computed
as the arithmetic mean of the four dimension scores
and reported in a structured JSON format. This

1https://github.com/huggingface/transformers
2https://github.com/hiyouga/LLaMA-Factory

Dataset Mean Median Min Max

CNN/DM 52.90 49.0 8 524
XSum 21.73 22.0 2 75
Hanna 492.79 475.0 110 887
LongBench_Write 1591.82 800.0 100 6000

Table 6: Statistics of target output lengths across differ-
ent datasets.

design ensures consistent, fine-grained, and repro-
ducible quality assessment across all experiments.

Table 7 reports the fine-grained LLM-as-Judge
evaluation results across fluency, relevance, coher-
ence, and completeness. Overall, DcLM achieves
comparable text quality to the Instruct and SFT
baselines across all datasets. While minor varia-
tions are observed on highly abstractive datasets
such as XSum, DcLM consistently maintains
strong fluency and relevance scores. Notably, on
long-form generation tasks such as HANNA and
LongBench-Write, DcLM preserves semantic co-
herence and completeness at a level similar to or
slightly better than the baselines. These results
indicate that our framework does not degrade the
quality of the generation, even under strict length
constraints.

B The Performance of Closed-Source
Model

Table 9 presents the length control performance
of several closed-source large language models.
Among the evaluated models, gpt-5-mini achieves
the best overall performance, exhibiting the lowest
MAE and LD values and consistently high Hit@K
scores, indicating strong accuracy and robustness
in adhering to target lengths.

In contrast, gpt-4.1-mini and gpt-4o-mini show
demonstrate length control capability, with rela-
tively higher absolute and relative errors and lower
Hit@5 scores, suggesting limited precision under
strict length constraints. Notably, gpt-5.2 performs
substantially worse across all metrics, with large
length deviations and low Hit@K values, indicat-
ing unstable length adherence in the evaluated set-
ting. These results highlight significant variabil-
ity in length control behavior across closed-source
models, even within the same model family.

C Length Control with Varying Target
Lengths

In contrast to the experimental setup in the main
section, we investigate the length control capabili-
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{

  "id": 4,

  "source": "What causes the moon to appear yellow/orange?",

  "prompt": "Answer in 33 words.",

  "output": "Raleigh scattering. Same reason as why the sky is blue. Shorter 

wavelengths (blues) of light scatter easier and longer wavelengths (reds) pass through 

the atmosphere better, giving the object a red/yellow tint.",

  "length": 33,

  "output_with_tags": " <33|0|33> Raleigh scattering. Same reason as why the sky is 

blue. Shorter wavelengths (blues) of light scatter easier and longer wavelengths (reds) 

pass through <33|23|10> the atmosphere better, giving the object a <33|30|3> 

red/yellow <33|32|1> tint."

}

Figure 5: Example of DcLM Data.

ties of the DcLM method on the HANNA dataset
with predefined target lengths. Specifically, we ex-
plore the performance of DcLM at target lengths of
100, 200, ..., 1000 words. The results demonstrate
that, across the target length range from 100 to
1000, DcLM is far less affected by increasing target
lengths compared to the baseline model, maintain-
ing consistently high performance throughout the
varying target lengths.
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# Role
You are an expert evaluator for natural language generation systems.

# Task
Given the following:
- An input prompt or question
- A generated response
Your task is to evaluate the generated response across multiple quality dimensions.
Be objective, consistent, and strict. 
Do NOT infer missing information and do NOT make assumptions beyond the given text.

-------------------------
Input Prompt:
{INPUT}

Generated Response:
{OUTPUT}
-------------------------

# Evaluation Criteria
Score each criterion on a scale from 1 to 5:
1 = very poor, 2 = poor, 3 = acceptable, 4 = good, 5 = excellent.

1. **Fluency and Readability**  
Does the response read naturally and smoothly, with correct grammar and clear sentence structure?
Is it easy to follow without awkward or confusing phrasing?

2. **Relevance to the Input**  
How well does the response address the input prompt or question?
Does it stay on-topic and directly respond to the user intent?

3. **Semantic Coherence**  
Is the response logically consistent and well-organized as a whole?
Do ideas flow naturally without contradictions or abrupt jumps?

4. **Content Completeness**  
Does the response include the most important and necessary information needed to address the input?
Are key points missing or insufficiently covered?

# Output Rules
- Output **ONLY** a valid JSON object.
- Do NOT include explanations, comments, or additional text.

# Output Format
{
  "fluency": <1-5>,
  "relevance": <1-5>,
  "coherence": <1-5>,
  "completeness": <1-5>,
}

Prompt for Text Quality Evaluation

Figure 6: Example Prompt of LLM-as-Judge.
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Dataset Model Fluency Relevance Coherence Completeness Overall

CNN/DM
LLaMA-3.2-3B-Instruct 4.991 4.991 4.594 4.108 4.671
w/ SFT 4.924 4.931 4.388 4.013 4.564
w/ DcLM 4.599 4.902 4.301 3.927 4.432

XSum
LLaMA-3.2-3B-Instruct 4.881 4.791 4.352 3.872 4.474
w/ SFT 4.888 4.813 4.453 3.907 4.515
w/ DcLM 4.829 4.741 4.452 4.026 4.512

HANNA
LLaMA-3.2-3B-Instruct 4.990 4.854 4.479 4.229 4.638
w/ SFT 4.677 4.635 4.094 3.896 4.326
w/ DcLM 4.896 4.740 4.510 4.479 4.656

LongBench-Write
LLaMA-3.2-3B-Instruct 4.763 4.729 4.492 3.864 4.462
w/ SFT 4.475 4.492 4.085 3.441 4.123
w/ DcLM 4.373 4.492 4.068 3.763 4.174

Table 7: LLM-as-Judge Evaluation Results on Text Quality

Model MAE LD Hit@5 Hit@10 Hit@20

gpt-4.1-mini 52.92 0.091 0.197 0.322 0.447
gpt-4o-mini 44.75 0.074 0.125 0.375 0.562
gpt-5-mini 23.94 0.039 0.562 0.750 0.937
gpt-5.2 328.08 0.498 0.083 0.116 0.166

Table 8: Length control performance of closed-source LLMs evaluated on HANNA.
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Target Length Model MAE LD Hit@5 Hit@10 Hit@20

100
LLaMA 6.854 0.068 0.677 0.916 0.947

w/ DcLM 0.614 0.006 0.989 0.989 0.989

200
LLaMA 25.760 0.128 0.156 0.281 0.427

w/ DcLM 0.895 0.004 0.958 0.989 0.989

300
LLaMA 20.197 0.067 0.208 0.406 0.656

w/ DcLM 3.291 0.011 0.979 0.979 0.979

400
LLaMA 39.052 0.097 0.114 0.177 0.364

w/ DcLM 4.895 0.012 0.927 0.979 0.979

500
LLaMA 71.812 0.143 0.031 0.083 0.166

w/ DcLM 0.687 0.001 0.979 0.989 0.989

600
LLaMA 63.270 0.105 0.072 0.145 0.250

w/ DcLM 8.635 0.014 0.958 0.968 0.968

700
LLaMA 72.718 0.103 0.072 0.166 0.250

w/ DcLM 1.458 0.002 0.958 0.979 0.979

800
LLaMA 83.020 0.103 0.052 0.083 0.177

w/ DcLM 16.260 0.020 0.885 0.906 0.916

900
LLaMA 106.312 0.118 0.031 0.093 0.145

w/ DcLM 7.687 0.008 0.927 0.947 0.968

1000
LLaMA 148.291 0.148 0.031 0.031 0.031

w/ DcLM 23.479 0.023 0.822 0.833 0.875

Table 9: Length control performance of LLaMA-3.2-3B-Inistruct and DcLM methods evaluated on HANNA dataset
with varying target lengths.
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