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Abstract

While large language models (LLMs) can solve PhD-level reasoning problems over
long context inputs, they still struggle with a seemingly simpler task: following
explicit length instructions—e.g., “write a 10,000-word novel”. Additionally,
models often generate far too short outputs, terminate prematurely, or even refuse
the request. Existing benchmarks focus primarily on evaluating the quality, but
often overlook whether the generations meet length constraints. To this end, we
introduce Length Instruction Following Evaluation Benchmark (LIFEBENCH)
to comprehensively evaluate LLMs’ ability to follow length instructions across
diverse tasks and a wide range of specified lengths. LIFEBENCH consists of
10,800 instances across 4 task categories in both English and Chinese, covering
length constraints ranging from 16 to 8192 words. We evaluate 26 widely-used
LLMs and find that most models reasonably follow short-length instructions but
deteriorate sharply beyond a certain threshold. Surprisingly, almost all models
fail to reach the vendor-claimed maximum output lengths in practice, as further
confirmed by our evaluations extending up to 32K words. Even long-context
LLMs, despite their extended input-output windows, counterintuitively fail to
improve length-instructions following. Notably, reasoning LLMs outperform even
specialized long-text generation models, achieving state-of-the-art length following.
Overall, LIFEBENCH uncovers fundamental limitations in current LLMs’ length
instructions following ability, offering critical insights for future progress.

Data & Code: github.com/LIFEBench/LIFEBench

Data & Dataset Card: huggingface.co/datasets/LIFEBench/LIFEBench

Homepage: ydyjya.github.io/LIFEBench

1 Introduction
Large language models (LLMs) [40, 13] demonstrate remarkable capabilities in sophisticated tasks
such as long-context understanding, planning, and complex reasoning, among others [46, 100, 40,
48]. Unexpectedly, LLMs also often fail in a seemingly trivial and explicit task [120, 58, 50]:
precisely following length instructions. Concretely, LLMs tend to terminate generation prematurely,
especially when long lengths are instructed [8, 85, 83]. This non-intuitive observation highlights an
underexplored but important problem: off-the-shelf language models exhibit shortcomings both in
following explicit length instructions and generating long-text content [106, 112]. Understanding and
quantifying this limitation is critical, as accurate length control and long-text generation underpin
numerous real-world LLM applications and practical productions [29, 70, 98].
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Figure 1: Overview ofLIFEBENCH. Top Left. LIFEBENCH data types.Top Right. Length
Instruction Following Leaderboard based onLIFEBENCH. Bottom. LIFEBENCH evaluates length
generalization capabilities across bilingual content (Chinese/English), incorporating three distinct
control methodologies and ten granular length constraints.

To systematically evaluate LLMs' length instruction following and explore why they fail to follow
longer length instructions, we formulate our investigation around three core research questions (RQs):
� RQ1: To what extent do current LLMs accurately follow explicit length instructions, and what

factors may lead to length instructions following failures?

� RQ2: How capable is the current LLM at outputting long generations with speci�c length
instructions, and how reliably can they meet their claimed maximum output length?

� RQ3: How profoundly do input characteristics impact LLMs' length instructions following?

To address these questions comprehensively, we introduce theLength Instruction Following Evalu-
ation Benchmark (LIFEBENCH). LIFEBENCH is the �rst full-range length instruction evaluation
benchmark comprising 10,800 instances across four representative natural language generation
(NLG) tasks-Question Answering [30], Summarization [28], Reasoning [69], and Creative Gener-
ation [109]—covering a wide spectrum of length constraints ranging from 16 to 8,192 bilingual
(English& Chinese) words (Figure 1). Distinct from existing benchmarks that primarily assess gener-
ation quality [86, 83, 8, 85], LIFEBENCH focuses on the evaluation of explicit length instruction
following capabilities, using two metrics,Length DeviationandLength Score, to quantify model
performance. Compared to simple word count matching, our metrics offer a more analytic and robust
evaluation,Length Deviationcaptures deviation direction and magnitude, whileLength Scoreensures
robust aggregation, underscoring the superiority of our benchmark.

We conduct extensive experiments on 26 prevalent LLMs, revealing multiple intriguing insights. For
RQ1, results indicate current LLMs typically follow short length instructions but struggle with long
ones. Further analysis reveals a core bottleneck: LLMs are unable to accurately recognize how many
words they have generated, which might contribute to length instructions following failures. We
�nd reasoning models slightly address this by calibrating output length during intermediate steps;
o3-mini [80] achieves the highestLength Scoreof 75.4, while most models score below 60. For
RQ2, we show that current models typically cannot approach their vendor-claimed maximum output

2



length under realistic length constraints. Our further analysis reveals that some models fall short
due to inherently limited long-text generation capabilities, while others appear to underperform by
lazy strategies (e.g., falsely claiming inability to follow instructions). ForRQ3, we �nd that input
characteristics critically impact length instruction �delity. For example, summarization tasks exhibit
the largestLength Scoredrop of 18.8, while increasing input length (1k ! 8k words) reduces by
13.6. Notably, models overextend outputs in Chinese contexts, revealing language-speci�c biases.

Our contributions are as follows:(I) We createLIFEBENCH, the �rst benchmark to systematically
evaluate length instruction following across a full range of tasks and lengths;(II) We reveal that
the off-the-shelf LLMs have shortcomings in the length instructions following (Figure 1 top right),
especially under the long-text generation task, demonstrating that LLMs fall short of their vendor-
claimed maximum output length in practice;(III) We comprehensively analyze how input factors,
such as task type, language, and input length, in�uence length-following �delity. Our �ndings uncover
fundamental limitations in current LLMs and provide actionable insights for future development.

2 Related Works

Long Context Capabilities of LLMs. Long context capabilities refer to the ability of LLMs
to effectively comprehend and generate extended texts [52, 68]. Various benchmarks have been
proposed to evaluate comprehension over long contexts, including those based on synthetic data
[99, 56, 65, 43] and human-annotated real-world tasks [6, 7, 59, 92, 3]. Long-text generation, which
is a classic task [10, 19, 104] in natural language generation (NLG), also remains a core focus of
long context research. Existing evaluations of long-text generation mainly fall into �ve categories:
question answering [71, 97, 69, 116], summarization [23], instruction following [106, 112], creative
writing [81, 85, 107], and multi-dimensional assessment [47, 86]. In addition to evaluation, numerous
studies have proposed methods to improve long-text generation [8, 101, 110, 83, 85]. Our benchmark
covers both long-context comprehension and long-text generation capabilities.

Length Instruction Following Capabilities of LLMs. The capability to follow length instructions
is an important aspect of instruction following. Several previous works have incorporated length
constraints into instruction following evaluations [122, 115, 103, 117, 84, 17, 105]. MT-Bench-LI
and AlpacaEval-LI [114], curated by augmenting MT-Bench [120] and AlpacaEval 2 [27] with length
constraints, reveal that models often fail to comply with such constraints. To mitigate this issue, both
training-based methods [114, 88, 58, 11] and inference-time approaches using control frameworks
or external tools [39, 113] have been proposed. However, these efforts primarily target short length
constraints instead of full-range length instruction following.

3 LIFEB ENCH

In this section, we introduceLIFEBENCH, a benchmark designed to evaluate the length instruction
following capability of LLMs across the full range. The remainder of this section provides an
overview of the dataset; a detailed comparison with existing benchmarks is provided in Appendix A
and correlation analysis with leaderboard is included in Appendix L.LIFEBENCH enjoys the
following features:

� Diverse Dataset:We ensure dataset diversity based on the following key features: (1)Various
Tasks: LIFEBENCH includes a broad range of NLG tasks, including question answering, summa-
rization, creative generation, and reasoning, which are well-suited for length instruction following
[67]. (2) Long-context Inputs: LIFEBENCH includes both short inputs (< 2,000 words) and long
inputs (> 2,000 words), allowing evaluation across different input scales, unlike most prior bench-
marks. (3)Bilingual Queries: LIFEBENCH contains Chinese and English data collected separately
from distinct datasets, enabling our evaluation to investigate language-speci�c bias.

� Extensive Length Constraints:LIFEBENCH is the �rst benchmark designed to systematically
evaluate LLMs' full-range length instruction following capability, which is based on the following
design choices. (1)Multiple Control Methods: LIFEBENCH adopts three common length control
methods:Equal To, At Most, andAt Least. (2) Length Constraints: We de�ne ten distinct length
constraints spanning short (< 100 words), medium (100–2000 words), and long (> 2000 words)
ranges, which are more comprehensive than prior works. Detailed control methods and length
constraints description can be found in Section 4.2.
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� Analytical Evaluation: We evaluate length instruction following capability using two evaluation
metrics: Length Deviation(LD) and Length Score(LS), offering multi-dimensional analysis.
Length Deviationintuitively measures the extent of deviation between the generation length and
the length constraints, whileLength Scorequanti�es the model's length instruction following
capability. Compared to prior works that merely assess generated length, our evaluation metrics
allow comparison across models by quantifying both the magnitude and directionality of deviations.
Section 4.3 provides a detailed discussion of these metrics.

Data Collection and Statistics. Selecting NLG tasks tailored to evaluating length instruction
following is crucial for constructingLIFEBENCH. To this end, we introduce the concept ofLength
Paradigms, which categorize NLP tasks based on their inherent length characteristics. We assign
common NLG tasks into four paradigms:Length-Independent Paradigm, Fixed-Length Paradigm,
Adaptive-Length Paradigm, andFlexible-Length Paradigm, ensuring that our benchmark targets
scenarios where length control is meaningful. A detailed mapping of NLG tasks to these paradigms
is provided in Appendix B.1. Among them, we focus on tasks within theFlexible-Length Paradigm,
as they are the most suitable for evaluating length instruction following in LLMs.

We categorize tasks withinFlexible-Length Paradigmsinto four categories and collect 360 funda-
mental data units from 21 datasets in English and Chinese. Figure 2 illustrates the distribution of
data categories and text length inLENGTHBENCH. We introduce the data collection and re�nement
processes for these four categories as follows, details are provided in Appendix B.2 and B.3.

(a) Category Distribution (b) Length Distribution

Figure 2: (a) presents the proportion of four task categories in LIFEBENCH in the inner ring, while
the outer ring further details the subtypes within each category and their respective proportions in
the dataset. (b) illustrates the length distribution of the four categories inLIFEBENCH, where the
vertical axis represents text length (measured in words for English and characters for Chinese) on a
logarithmic scale, and the horizontal axis denotes different task categories.

� Question Answering (QA) Task: The QA task requires the model to generate answers based on
given questions. The answer length can vary �exibly depending on the level of detail required.
We collect questions from six representative QA datasets [53, 1, 54, 119, 74], which cover nine
different domains. In total, we select 120 questions by �ltering for open-ended, well-formed
examples that allow for responses of varying length, excluding factoid, binary, and duplicate
questions, with an equal split of 60 in Chinese and 60 in English.

� Summarization Task: The Summarization task requires the model to condense long-text into a
concise summary. A summary extracts key points or includes more supporting details, depending
on the requirements. We collect data from seven summarization datasets [21, 55, 37, 121, 32, 74],
spanning seven types of summarization tasks. To ensure the task suits longer length constraints,
we select input samples ranging from 10,000 to 15,000 words in length. Furthermore, we manually
�lter out content containing excessive tables, numerical data, or irregular formatting to improve
information density. In total, we select 40 samples, with 20 in Chinese and 20 in English.

� Reasoning Task:The Reasoning task requires the model to perform logical inference based on
given facts or background information. The output can either be a �nal conclusion or a step-by-step
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reasoning process with detailed justi�cation. Existing reasoning datasets (e.g., GSM8K [20],
CommonsenseQA [96]) are not suited for �exible-length generation due to their rigid structure
and limited support for open-ended responses. To address this, we follow the prior reasoning
categories [44] and generate new reasoning problems using GPT-4o. These problems cover a range
of reasoning depths, enabling better support for evaluating the length instructions following. We
curate 80 reasoning problems, half Chinese and half English.

� Creative Generation Task:The Creative Generation task requires the model to produce creative
text, such as academic papers, novels, and technical reports. The complexity and richness of the
content can be adjusted to accommodate different length constraints. We collect data from seven
datasets [82, 75, 31, 42, 51] and categorize the samples into six generation types based on their
textual characteristics. In total, we select 120 samples by �ltering out instances with explicit length
or structural constraints, as well as those with ambiguous instructions or duplicated content, 50%
Chinese and 50% English.

Finally, to ensure consistency and suitability for length instructions, we re�ne or formalize the data.
Speci�cally, we design re�nement templates tailored to each subtype. Each template includes an
Instruction specifying the task type and original input, and aRequirement imposing the length
constraint and control method. The resulting re�ned dataset constitutes the �nal benchmark data for
LIFEBENCH. Representative examples of the four tasks above are provided in Appendix B.4.

4 Experimental Setup

4.1 Models

We evaluate over 26 powerful LLMs onLIFEBENCH, including nine proprietary models, eight
open-source models, and three models enhanced for long-text generation. To ensure consistency in
our experimental setup, we set the maximum output size to 65,536 tokens for all models, or to the
maximum supported size if smaller. Additionally, we set the temperature to 0.8 for non-reasoning
models, and con�gure reasoning models with a medium reasoning effort if this parameter is supported.
See the Appendix D.1 for a complete model list and all con�gurations.

4.2 Length Constraints

One of the core principles ofLIFEBENCH is the provision of extensive length constraints, achieved
through three control methods and ten constraint levels. The three control methods are:Equal To,
At Most, andAt Least. Equal Torequires the output length to match the length constraints exactly.
At Mostensures that the output does not exceed the constraint, whileAt Leastguarantees that the
output is no shorter than the constraint. Building on the control methods, we de�ne ten distinct length
constraints: 16, 32, 64, 128, 256, 512, 1024, 2048, 4096, and 8192. ForEnglish data, the length is
measured in words, while forChinese data, it is measured in characters. The minimum constraint
of 16 ensures that models generate complete responses, while the maximum constraint is set to
8192, which is equivalent to the number of words for the smallest maximum output length among all
evaluated models. By applying all control methods and length constraints to 360 fundamental data
units, we obtain a total of 10,800 instances.

4.3 Evaluation Metric

LIFEBENCH employs two metrics to analytically evaluate a model's length instruction following:
Length Deviation andLength Score.

Length Deviation. Length Deviation (LD)measures the proportionate difference between the
model's output length and the speci�ed length constraint. This metric provides an intuitive assessment
of the model's length instruction following, capturing both the direction (over- or under-generation)
and the magnitude of deviation. Formally, it is de�ned as:

LD =
L output � L constraint

L constraint
; (1)

whereL constraintdenotes the imposed length constraint, andL output is the word count of the output.
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Figure 3:Left. Length Scoreacross all length constraints under theEqual Tocontrol method. Impact
of task type (Middle) and language (Right) on theLength Score, separated by model type.

Length Score. The effectiveness ofLength Deviationmay be degraded when aggregating multiple
samples, as positive and negative deviations can offset each other. Furthermore,Length Deviationis
sensitive to outliers, where a few extreme values can disproportionately skew the aggregated results.
To address these limitations, we introduceLength Score (LS), which mapsLength Deviationto a
bounded score, eliminating both the offsetting effect of positive and negative deviations and the
excessive in�uence of outliers, thus enabling a more reliable evaluation. Speci�cally, for theEqual
To control method,LSis de�ned as:

LS =
�

100� ek1 �LD ; if LD < 0
100� e� k2 �LD ; if LD � 0;

(2)

wherek1 = 5 andk2 = 2 , set empirically. This formulation ensures slower score decay for over-
generation (LD � 0), considering that exceeding the constraint is generally more acceptable, because
it can be deleted, than under-generation. The scoring curve is steeper for smalljLD j, allowing
�ner discrimination of subtle deviations; for largerjLD j, the decay moderates to avoid excessively
penalizing poor cases. The score approaches zero asLD approaches� 1 or + 1 , indicating complete
failure in following the length instructions. ForAt MostandAt Leastcontrol method, analogous
scoring functions are de�ned according to their respective evaluation criteria. Full details are provided
in Appendix D.2.

5 Results and Analysis

In this section, we present evaluation results and analysis of LLMs' ability to follow length instructions.
In Section 5.1, we present evaluation results of current LLMs onLIFEBENCH, and �nd that they
exhibit widespread dif�culties with following length instructions, particularly under long length
constraints. Due to these de�ciencies under long length constraints, in Section 5.2 we further
investigate whether models can reliably achieve their claimed maximum output length. To gain
deeper insight into the underlying causes of these limitations , in Section 5.3, we conduct a detailed
diagnosis through a series of extended experiments, analyzing key sources of failure and characterizing
model performance under varied conditions.

5.1 Main Results

Evaluation Protocol. Following the evaluation protocol described in Section 4, we evaluate all 26
models onLIFEBENCH, excluding approximately 0.1% of instances with empty outputs per model
from the �nal results. Comprehensive results are provided in Appendix E.

Table 1 summarizes the overall performance of various LLMs onLIFEBENCH. Most models exhibit
poor length instruction following under theEqual Tocontrol method: 23 out of 26 models score
below 60, witho3-mini , Claude-Sonnet-Thinking , andGemini-2.5-Pro achieving 75.4, 61.3,
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Table 1: We compute the meanLSfor each model, averaging over all length constraints, to assess
model performance under the three control methods. For theEqual Tocontrol method, we additionally
reportLD, computed as the mean absolute deviation across all length constraints.

Models Params Reasoning
Model

Equal To At Most At Least
LD# LS" LS" LS"

Proprietary Models
GPT-4o mini - 7 31% 51.9 90.3 74.0
GPT-4o - 7 31% 49.1 97.0 72.6
o1-mini - 3 35% 48.3 89.7 81.5
o3-mini - 3 13% 75.4 99.5 97.0
Claude-3.7-Sonnet - 7 30% 55.4 96.8 90.1
Claude-3.7-Sonnet-Thinking - 3 33% 61.3 96.5 93.3
Gemini-2.0-Flash - 7 36% 48.4 95.2 84.7
Gemini-2.0-Flash-Thinking - 3 53% 44.0 90.2 91.2
Gemini-2.5-Pro - 3 28% 60.0 96.1 95.5
Doubao-1.5-Pro - 7 23% 48.7 99.9 89.3
Doubao-1.5-Thinking-Pro - 3 29% 50.6 97.8 85.7

Open-Source Models
DeepSeek-V3 671B 7 27% 54.3 96.7 79.7
DeepSeek-R1 671B 3 36% 47.7 93.8 74.1
Llama-3.1-8B-Instruct 8B 7 70% 38.1 82.3 71.8
Llama-3.1-70B-Instruct 8B 7 61% 42.4 88.8 69.0
Qwen2.5-7B-Instruct 7B 7 36% 37.3 97.6 71
Qwen2.5-72B-Instruct 7B 7 28% 50.6 93.8 84.2
Qwen3-32B 32B 7 19% 57.6 97.2 87.4
Qwen3-32B-Thinking 32B 3 23% 57.8 93.0 87.8
Qwen3-235B-A22B 235B 7 22% 52.1 95.6 90.3
Qwen3-235B-A22B-Thinking 235B 3 23% 57.7 89.9 89.6
GLM-4-9B-Chat 9B 7 40% 35.2 95.9 68.3
Mistral-7B-Instruct-v0.2 7B 7 84% 26.7 85.9 63.0

Long-Text Enhanced Models
LongWriter-Llama3.1-8B 8B 7 102% 31.9 84.1 79.0
LongWriter-GLM4-9B-Chat 9B 7 52% 37.4 90.9 86.8
Suri-I-ORPO 7B 7 506% 27.4 79.7 75.2

and 60.0, respectively. Performance improves substantially under theAt MostandAt Leastcontrol
methods, where 19 and 6 models, respectively, surpass a score of 90, due to the looser constraints.

Figure 3 provides a comprehensive analysis of model performance across different length constraints
and input characteristics, including task type and language. Model performance varies substantially
across length constraints. Under all short constraints (� 128 words),o3-mini andGemini-2.5-pro
consistently perform strongly, with scores above 80 and 70, respectively, while 8 out of 26 models
score below 60. For medium constraints (256–2048 words),o3-mini remains robust (> 70), but
Gemini-2.5-pro drops sharply (81! 37). Under long constraints (� 4096 words), no models
consistently exceed a score of 40. Notably,LongWriter-Llama3.1-8B andLongWriter-GLM4-9B
demonstrate notable improvements over their respective base models, with score increases of 22 and
32 points, respectively, on the longest constraints (i.e., 8192 words).

Regarding input characteristics, Summarization tasks yield the lowestLength Scorefor 19 out
of 26 models, while Creative Generation tasks achieve the highestLength Scorefor 14 models,
indicating substantial task-dependent variation. In terms of language, nearly all models perform
worse on Chinese compared to English. Notably, in Appendix G, we observe a consistent tendency
for most models to over-generate when instructions are given in Chinese, highlighting a potential
language-speci�c bias.

Takeaways. Explicit length instruction following remains a signi�cant challenge for current LLMs,
with performance strongly in�uenced by control method, length constraint, task type, and language.

5.2 Discrepancies Between Claimed and Actual Maximum Output Length

Evaluation Protocol. Given the observed de�ciencies of most models under longer length con-
straints, we are motivated to examine their behavior in even more challenging settings. Speci�cally,
we investigate whether the models are able to achieve the maximum output length claimed by the
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Figure 4: (Top) Comparison of the speci�ed length
constraints (in words) with the actual word counts of
the top 10% and top 25% longest outputs for each
model. (Bottom) Comparison of the claimed max-
imum output size (in tokens) with the actual token
counts of the top 10% and top 25% longest outputs
for each model. Token counts are derived from word
statistics.

Figure 5: Length Awareness Experiment:
The real output word count and self-reported
word count are shown for cases where the
length constraint exceeds 128, with both axes
in log scale. “Real Fit” and “Reported Fit”
represent the least squares regression results
for real and self-reported word counts.

providers under extreme length constraints. We set the control method toAt Leastand speci�ed a
length constraint of 32,768 words. For models whose claimed maximum output length is less than
32,768 tokens, we set the word-based constraint to approximate each model's maximum token limit,
ensuring that the instruction requests outputs up to the model's capacity. We exclude summarization
tasks from consideration as they do not provide suf�ciently long inputs for meaningful evaluation
under such constraints. The �nal dataset comprises 320 instances, with all outputs containing re-
peated content manually �ltered to ensure validity. Further results on extended length constraints are
provided in Appendix E.

Figure 4 compares each model's claimed maximum output length with the actual maximum output
length achieved. Regarding word count, among the 26 models evaluated, only theClaude andQwen
series (seven models in total) consistently meet the length constraint in their top 10% longest outputs.
In the top 25% longest outputs, however, onlyQwen2.5-72B-Instruct andQwen3-235B-A22B
satisfy the constraint. In terms of tokens, among all models that failed to meet the length constraints,
only Gemini-2.0-Flash and theQwenseries were limited by their relatively small maximum output
length. All other models fell signi�cantly short of their respective maximums, indicating that their
inability to satisfy the length constraints stems from inherent generation limitations rather than
explicit length restrictions.

Takeaways. There exists a substantial discrepancy between vendor-claimed and actual model
performance under extreme long length constraints, highlighting the need for more reliable evaluation
and reporting of maximum output capabilities.

5.3 Diagnosis of Length Instruction Following Failures
To further investigate the causes underlying poor length instruction following, we conduct a series of
distinct but inter-connected analyses.

Length Awareness De�cits. Given widespread failures in following length instructions, we seek to
understand these de�ciencies from the perspective of the models' internal awareness of output length.
To this end, we design thelength awareness experimentin which each model is prompted to append
a self-reported word count to its generated text. We then compare the self-reported counts to their
actual output lengths. Figure 5 presents four representative examples, models overshoot short length
limits while underestimating length, and undershoot long limits while overestimating length. Notably,
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