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Abstract
Timeline Summarization (TLS) is a task that organizes past articles chronologically to help readers grasp the
long-term progression of events. While Large Language Models (LLMs) can significantly improve the performance
of TLS, real-world deployment of what faces the challenge of on-premise operation with limited computational
resources to avoid data security concerns. This constraint necessitates a mechanism to appropriately limit the
input length for LLMs. In this study, we propose a practical framework that integrates prompt compression
and topic modeling. This method overcomes context window limitations by compressing inputs while explicitly
supplementing them with extracted topic words, thereby preserving global contextual information. Furthermore,
we implemented a post-processing filtering function to ensure summary quality. Experiments using a dataset
from a local Japanese newspaper and evaluations by professional reporters suggest that this approach effectively
maintains timeline quality and eliminates inappropriate summaries, even under limited resources.
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1. Introduction

With the rapid advancement of internet technology in recent years, the volume of text information
available to the public has increased explosively. In particular, news information, such as newspaper
articles that are updated continuously, serves as a crucial resource for understanding social trends and
the progression of long-term events. However, given this sheer volume of information, it is difficult
for readers to grasp the overall picture and the sequence of events. Against this background, research
focused on extracting and summarizing essential information from massive textual data to present it
effectively to users has garnered significant attention.

Among these approaches, "Timeline Summarization" (TLS) [1, 2], which summarizes the transition
of events over an extended period, is particularly useful. TLS is an approach that facilitates the
organization and structuring of significant events by extracting relevant past documents and arranging
them chronologically. By generating summaries that illustrate the progression of events, it becomes
possible to deepen readers’ understanding of news topics.

Recently, the advent of Large Language Models (LLMs) has dramatically improved performance
across various tasks in the field of Natural Language Processing [3, 4, 5, 6]. In the field of TLS as well,
utilizing the advanced contextual understanding capabilities of LLMs is enabling the generation of
high-quality timeline summaries [1, 7]. Leveraging these technologies, this study aims to implement
timeline summary generation in a real-world setting within a newspaper organization. In such real-
world settings, security concerns often make it difficult to utilize massive LLMs via external APIs [8].
Therefore, the use of models capable of operating within the on-premise environments of general
companies, where computational resources are limited, is essential. Handling long contexts, however,
requires substantial GPU memory [9]. Since TLS addressed in this research targets a massive volume
of newspaper articles accumulated over long periods, execution is difficult in a general on-premise
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environment with limited computational resources. Consequently, when considering on-premise
operation, a mechanism is required to appropriately limit the input length given to the LLM.

To address this issue, "prompt compression" techniques, which remove redundant words based on
token self-information, are considered effective. However, compressing documents based solely on
generation probabilities risks omitting information critical to the overall topic of the timeline, potentially
causing the resulting timeline to lose thematic consistency. Therefore, this research proposes an input
prompt design that explicitly complements the global context of the document corpus—through the
integration of a Topic Model—while simultaneously overcoming the physical constraint of input token
length via prompt compression. This methodology aims to ensure comprehensive topical coverage in
timeline construction, even when operating under severe computational resource limitations.

Furthermore, ensuring the quality of generated summaries is a critical practical challenge. Presenting
low-quality summaries or outputs containing erroneous information undermines the reliability of the
service and, conversely, reduces user convenience. Therefore, rather than outputting a summary for
every input, it is necessary to implement a decision-making process where the system opts "not to
present" a summary if the quality does not meet specific standards. To this end, this study introduces
filtering based on quality evaluation as a post-processing step for timeline summarization. We verify a
mechanism that automatically determines the quality of generated summaries and selects only those
that meet the standard for presentation to readers.

To verify the effectiveness of the proposed method, we conducted an evaluation involving newspaper
reporters, who are information professionals. Timelines constructed without applying the proposed
method were evaluated to serve as a baseline. Based on this expert evaluation, we discuss the effec-
tiveness of timeline construction using the proposed method and the validity of filtering for quality
control.

The structure of this paper is as follows: Section 2 introduces the technologies used in this study.
Section 3 describes the proposed method for integrating prompt compression with topic modeling and
the post-processing filtering mechanism. Section 4 explains the experimental setup and evaluates the
proposed method based on the experimental results. Section 5 provides the conclusion and future work
of this paper.

2. Related Work

2.1. Timeline Summarization

Timeline Summarization (TLS) is a task that organizes and summarizes the transitions of events over a
long period in chronological order [10, 11]. Conventional research has primarily adopted Extractive
approaches. The main methods were those that treat date selection and summary sentence selection as
separate subtasks [10, 12], or methods that use clustering to detect events and extract representative
sentences [11]. Subsequently, Abstractive approaches began to be proposed to generate more fluent
summaries [13, 14]. In recent years, the emergence of Large Language Models (LLMs) has advanced TLS
[1, 7]. In particular, Hu et al. [1] proposed a method that leverages the powerful annotation capabilities
of LLMs to perform incremental clustering and summarization on stream data, achieving high-quality
timeline generation.

However, these state-of-the-art methods face challenges when deployed in real-world scenarios
due to constraints such as limited computational resources in on-premise environments or security
restrictions that prevent the use of external APIs. Furthermore, the practical aspect of deciding whether
or not to actually present the generated summary has not been addressed. Therefore, this research
aims to develop a method for achieving practical timeline summarization even under these operational
constraints.



Figure 1: Overview of the timeline summarization framework used in this study.

2.2. Prompt Compression

Prompt compression technology is being actively researched to address the input length limitations
of LLMs. Representative approaches include the removal of unnecessary words based on a token’s
self-information or Perplexity.

Li et al. [15] proposed "Selective Context," which deletes redundant tokens based on self-information,
and demonstrated a significant reduction in input length while maintaining task performance. Further-
more, Jiang et al. [16] proposed "LLMLingua," which uses a smaller model to identify important parts of
a prompt and performs compression incrementally from coarse to fine granularity. These methods are
effective for reducing LLM inference costs and processing long contexts.

However, when these general-purpose compression methods are applied to timeline summarization
alone, the fragmentation caused by sentence-level or word-level deletion risks undermining the global
context of the entire article and the consistency of the story along the timeline. Therefore, this research
investigates a method to reduce the input length of the LLM while capturing the core topic by combining
the prompt-compressed text with topic words extracted by LDA (Latent Dirichlet Allocation) [17], a
representative topic model.

3. Method

This section describes our proposed procedure for generating timeline summaries. Our framework
consists of a baseline Timeline Summarization Framework, and two other components that enhance the
produced timeline: The first enhancer tries to extract core information related to articles by compressing
it and extracting its topics; The second one does quality control by filtering timelines that are subpar.

3.1. Baseline Timeline Summarization Framework

This section explains the baseline method we created for generating timeline summaries. Our method is
based on the method by Hu et al. [1] and consists of two phases: Clustering phase and Summarization
phase. The clustering phase tries to group related articles into a single group, whilst the Summarization
phase tries summarize the contents of related articles into a timeline. Figure 1 shows the framework
used in this study.



3.1.1. Clustering Phase

In the clustering phase, documents are classified into appropriate timelines by determining whether
a new document belongs to an existing timeline or should form a new one. This is to guarantee that
unrelated documents do not form a wrong timeline.

First, upon receiving a new document, the framework converts it into a vector representation using
a pre-trained encoder. Next, this vector is used as a query to calculate the cosine similarity with
vectors of past articles, retrieving the top 𝑁 past articles with the highest similarity. Subsequently,
a Large Language Model (LLM) is utilized to determine whether the new document is related to an
existing timeline. Specifically, all documents belonging to the timeline of the new document and the
retrieved past documents are concatenated and input into the LLM to determine the relevance of the
new document to the existing timeline. The prompt used is shown below.

You are given a list of articles, in chronological order, about some event in a timeline below:

{timeline_articles}

Consider the following new article:

{new_article}

If this new article follows the given list of articles in the same timeline (i.e., the new article is about the
same event), then reply with “Yes”.

If the new article is not relevant to the event in the given timeline, then reply with “No”.

# Answer

In this process, the LLM may determine that a single input document is related to multiple timelines.
If the new document is determined to be related to multiple timelines, the framework selects the one
containing the document that is temporally closest to the input document. If it is determined not to
belong to any timeline, a new timeline is created and the document is assigned to it. This process is
executed by inputting all documents in chronological order, from oldest to newest.

3.1.2. Summarization Phase

In this phase, the framework generates a timeline summary for an article based on the articles re-
lated to its timeline. An LLM is prompted with the input article (new_article) and its related articles
(timeline_articles) to generate a summary. The prompt utilized by this framework is described below.
Needless to say, the framework cannot generate a timeline summarization if there be related clusters
were found.

Chronologically listed under ##Timeline are past articles related to the ##New Article. Summarize the
##Timeline to illustrate the evolution of the event.

## New Article
{ New_article }

## Timeline
{ Timeline_articles }

## Summary



3.2. Integration of Compression and Topic Extraction

As it will be shown in the Experimental section, the Baseline Summarization Framework can produce
strong results, but this comes at the cost of long prompts containing full articles, which consume more
resources. In this section, we describe how we reduce prompt size. We apply two methods to improve
the baseline timeline-summary framework: prompt compression [15] and topic extraction using Latent
Dirichlet Allocation (LDA) [17].

3.2.1. Text Compression

This method compresses the prompt by utilizing the self-information of tokens at the sentence level. First,
the input document 𝐷 is segmented into a sequence of 𝑚 sentences, denoted as 𝐷 = {𝑆1, 𝑆2, . . . , 𝑆𝑚}.
For each sentence 𝑆𝑗 = {𝑤1, 𝑤2, . . . , 𝑤𝑛}, a Small Language Model (SLM) is used to calculate the
self-information value 𝐼(𝑤𝑖) for each token 𝑤𝑖, conditional on the preceding tokens within the sentence:

𝐼(𝑤𝑖) = − log𝑃 (𝑤𝑖 | 𝑤1, . . . , 𝑤𝑖−1) (1)

Subsequently, a filtering threshold 𝜏𝑝 is determined corresponding to the reduction ratio 𝑝%. Tokens
within the sentence whose self-information value falls below this threshold (i.e., 𝐼(𝑤𝑖) < 𝜏𝑝) are
removed, while the remaining tokens are retained. The compressed sentence 𝑆′

𝑗 is formally defined as
the sequence of retained tokens:

𝑆′
𝑗 = {𝑤𝑖 | 𝐼(𝑤𝑖) ≥ 𝜏𝑝, 1 ≤ 𝑖 ≤ 𝑛} (2)

Finally, the compressed document 𝐷′ is obtained by concatenating all the compressed sentences in
their original chronological order:

𝐷′ = Concat(𝑆′
1, 𝑆

′
2, . . . , 𝑆

′
𝑚) (3)

This compressed document is then input to the LLM to be used in the relevance judgment between
documents.

3.2.2. Topic Extraction

This method utilizes article topics extracted via a topic model to determine the relevance between
documents. First, LDA is used to detect the latent topics within the dataset. While the number of topics
requires manual configuration, we found empirically that 500 yield the best results, so it is the one
that was set to this study. Next, when inputting a document into the LLM, the topics constituting that
document are inferred using LDA. Then, from the most dominant topic constituting the document, the
top 𝑘 words are extracted to serve as the topic representation of the article. The prompt input to the
LLM consists of this extracted list of topic words and the article body.

3.2.3. Prompt Integration

To predict the timeline, the compressed text and extracted topics are integrated into a single prompt for
the LLM. The extracted topic words are inserted immediately before the new article and each candidate
article in the timeline. Furthermore, the body of each article is replaced with the compressed text.
This hybrid structure allows the model to leverage both global topic context and condensed semantic
information.

3.3. Quality Filtering Post-processing

After generating the timeline summary for a news article, the framework determine whether it is
suitable for presentation; if not, the summary is discarded. The rationale is that a timeline with low
relevance to the article is not appropriate. Both the article and its timeline summary are converted



into vector representations using a pre-trained encoder, and their cosine similarity is computed. If the
similarity falls below a predefined threshold, the summary is excluded from the final output.

4. Experiments

In this study, we conduct three different experiments: (1) An experiment to evaluate the difference
in quality between timelines constructed using the baseline framework introduced in Section 3.1 and
timelines generated using compressed summaries introduced in Section 3.2.1. (2) An experiment
comparing the baseline framework and timelines generated using compression and topic extraction, as
described in Section 3.2. (3) An experiment to evaluate the effectiveness of the filtering mechanism, as
described in Section 3.3.

4.1. Experimental Setup

4.1.1. Dataset

The dataset used for the experiments consists of online news articles collected from the digital edition
of Kumamotonichinichi Shimbun1, a local Japanese newspaper company. Each news article includes
information such as "URL", "Headline", "Body Text", and "Date". This experiment targeted news articles
spanning 13 months, from July 2023 to July 2024. Of the targeted period, news articles from July 2023
to June 2024 were used as data for clustering, and news articles from July 2024 were used as the test
data for performing timeline prediction and summary generation for new articles. The clustering data
consisted of 21,971 articles, and the test data consisted of 2,250 articles.

4.1.2. Implementation Details

In this experiment, we employed three pre-trained language models fine-tuned for the Japanese language:

• Article Embedding Generation (for past article retrieval and post-processing): Ruri [18], which
shows excellent performance in Japanese text embedding benchmarks.

• Relevance Judgment and Timeline Summary Generation: Llama-3-ELYZA-JP-8B [19].
• Self-information calculation: rinna/japanese-gpt2-medium [20].

The hyperparameters used in the experiment are as follows:

• Number of related articles retrieved: 𝑁 = 10.
• Number of topic words extracted: 𝑘 = 5.
• Prompt reduction rate : 𝑝 = {35, 50, 65, 80}.

All the experiments were run in a machine with an AMD Ryzen 9 5950X 3.40 GHz processor and
128GB RAM, also equipped with a GeForce RTX 3090 GPU with 24GB of RAM.

4.1.3. Expert Evaluation

To evaluate the practical utility of our approach, we commissioned a newspaper reporter to conduct an
evaluation. The evaluation target was the timeline summary generated when the full text of the article
was used in the prompt without using prompt compression or the topic model, serving as our baseline.
We evaluated 120 randomly sampled data points from the test set. Based on this baseline evaluation, we
qualitatively verify the effectiveness of the proposed method. The evaluation scores and their meaning
are as follows:

• 4: The flow is easily understandable (Completely suitable for business use).

1https://kumanichi.com/

https://kumanichi.com/


• 3: Generally good, but room for minor adjustments (Likely usable in business as is).
• 2: Selected slightly off-topic articles, or the summary is not what was expected, though not

necessarily wrong (Some revisions would be needed before business use).
• 1: Contains clear mistakes, selected irrelevant articles (Problematic for business use as is).

4.2. Impact of Compression on Timeline Quality

In this section, we describe the impact of the prompt reduction rate on the quality of timeline generation.
Figure 2 shows an example of the results when prompt compression was applied at various reduction
rates to generate a timeline summary. A timeline is predicted for a single new article from the test data.

The new article in Figure 2 concerns a "velodrome" (bicycle racetrack). The predicted timeline at
the baseline (0% reduction rate) is composed entirely of articles related to the "velodrome," and the
evaluation score is high, at 3. Examining the predicted timelines at each reduction rate, it was confirmed
that articles unrelated to the "velodrome" began to be included, showing the intrusion of indirectly
related articles.

However, many of these intruded articles were related to "reconstruction," such as "disaster-affected
areas" or "restoration." Since the new article also discusses a "velodrome rebuilt after a disaster," it is
believed that the inclusion of articles related to disasters like "earthquakes" and "reconstruction" is the
underlying cause. This suggests that simply reducing words based on self-information volume, while
preserving local consistency of the context, may impair the global consistency of the topic running
through the entire article, thereby increasing the risk of mixing in irrelevant noise articles.

Thus, because text compression involves reducing the amount of information, it may potentially lead
to a degradation in the quality of the constructed timeline. To prevent the quality of the timeline from
decreasing due to such text compression, this study attempts to incorporate the topic words extracted
from the document as a factor for determining the relevance between the new article and the existing
timeline.

In many of the timelines constructed in this study, results did not change significantly across reduction
rates ranging from 35% to 65%. Thus, for the integrated method described in the section 4.3, we adopted
the 65% reduction rate, which provides the maximum compression within this stable range.

4.3. Impact of Text Compression and Topic Words Addition

In this section we evaluate how using input compression and adding topic words impacts the timeline
summarization process. We evaluate two cases: One of an article concerning "fare increases for public
transportation", and another article concerning "food poisoning".

4.3.1. Public Transportation fare increase article

First, we will examine Figure 3. For the new article concerning "fare increases for public transportation,"
the baseline predicted timeline consists of articles related to this topic such as railways, Shinkansen,
and city trams, achieving a high expert evaluation score of 4. When only text compression was applied,
articles concerning railway facilities other than those related to fare increases were mixed into the
predicted timeline, confirming a degradation in the quality of the timeline. In contrast, when the article’s
topic words were added, the noisy articles were eliminated, and the timeline was once again composed
solely of articles related to fare increases. This demonstrates that the quality of the timeline, which had
degraded due to compression, was improved by the addition of topic words.

To specifically confirm the cause of this phenomenon, we compared the extracted topic words. Topics
such as [‘average’, ‘survey’, ‘rate’, ‘factor’, ‘egg’] were extracted from the new article, and similarly,
the same topics—[‘average’, ‘survey’, ‘rate’, ‘factor’, ‘egg’]—were extracted from the related articles
retrieved using the integrated method. On the other hand, for most of the noisy articles unrelated to
the fare increase, different topics were extracted compared to the new article. A clear difference was
confirmed in the coherence/incoherence of the topic words, leading to the conclusion that topic words



Figure 2: Comparison of timeline construction results based on different prompt reduction rates (Case study:
Velodrome). Words in red indicate key topics (manually selected) of the new article essential for timeline
construction.

effectively compensate for the semantic information lost due to text compression, thus contributing to
the filtering of noisy articles.

4.3.2. Food Poisoning article

Next, we describe the example in Figure 4. For the new article concerning food poisoning, the baseline
timeline was consistently composed of articles related to the same food poisoning topic, and the expert
evaluation score was high at 3.



Figure 3: Example of improved timeline construction using the proposed integrated method (Case study: Public
transportation fare increase). Words in red indicate key topics (manually selected) of the new article essential
for timeline construction, while words in blue represent other topics.

However, unlike the example in Figure 3, the timeline constructed after only applying text compression
also consisted solely of food poisoning articles. Conversely, when topic words were added to the
compressed text, articles concerning health damage from supplements, in addition to food poisoning,
were mixed into the timeline. This result suggests that the LLM judged seemingly unrelated articles as
"relevant" due to the presence of topic words.

The likely cause of this issue is the extraction of "noisy topic words" that are unrelated to the article’s
core essence. By checking the topic words, we found that articles related to food [‘cooking’, ‘birth’],
while articles related to "supplement health damage" contained [‘period’, ‘weekday’, ‘anonymity’, ‘Shiga’,
‘crisis’]. Although the composition of the topic words in both timelines differs significantly, which
would seemingly suggest low relevance, focusing on the topic words in the food poisoning article
reveals terms such as "week", "nurse", and "birth", which are loosely related to food poisoning itself.
Specifically, the term "nurse" strongly evokes contexts like "health", "patient". It is hypothesized that
this led to the intrusion of articles related to supplement health damage.

The results above indicate that while the proposed method is effective in compensating for contextual
information lost due to text compression using topic words, thereby suppressing the degradation
of timeline quality, its performance is significantly influenced by the quality of the extracted topic
words. Therefore, simply applying a topic model is insufficient, and improving the accuracy of topic
extraction—such as revising the weighting of words extracted as topics or appropriately filtering out



Figure 4: Example of timeline construction where noise was introduced due to the influence of topic words in
the proposed method (Case study: Food poisoning). Words in red indicate key topics (manually selected) of the
new article essential for timeline construction, while words in blue represent other topics.

noisy vocabulary—is an important future challenge.

4.4. Evaluation of Quality Filtering

In this section, we describe the results of the verification conducted to see whether the low-quality
timeline summaries could be effectively removed from the generated set using the filtering method
proposed in Section 3.3.

To set the threshold, this study incrementally varied the overall discard ratio of the data to 25%,
50%, and 75%, and analyzed the distribution of the remaining timeline summaries’ evaluation scores.



Table 1
Number of remaining data points and high-quality rate by filtering threshold.

Discard Ratio Total Score 4 Score 3 Score 2 Score 1 High Quality Rate
(Score 3–4)

0% (Baseline) 120 9 70 29 12 65.8%
25% 90 9 60 17 4 76.7%
50% 60 6 44 10 0 83.3%
75% 30 5 22 3 0 90.0%

Figure 5: Example of a timeline summary retained by quality filtering.

Figure 6: Example of a timeline summary discarded by quality filtering.

Table 1 shows the number of test data points for each evaluation category and the number of test data
points remaining at each threshold set for the cosine similarity between the new article and its timeline
summary. It can be observed that when the threshold was set to discard up to 50% of the overall test
data, all summaries with the lowest score were eliminated. Furthermore, the number of low-quality
summaries (scores of 1 and 2) was reduced to approximately one-quarter of the non-filtered baseline.
Conversely, while the number of high-quality summaries (scores of 3 and 4) decreased, more than half
were retained.

Figure 5 shows an example of a timeline summary that was retained, and Figure 6 shows an example
of a timeline summary that was discarded at a 50% discard ratio. The retained timeline summary has an
evaluation score of 4, and the summary clearly explains what has been discussed previously regarding
the new article about the extension of the city tram line. In contrast, the discarded timeline summary
has an evaluation score of 2. For the new article concerning regional development around the port, the
summary discusses container handling volume and the number of visitors to Japan, which is largely
irrelevant to the new article. These results suggest that even the simple cosine similarity filtering
approach employed here can effectively remove low-scoring timeline summaries while retaining many
high-scoring summaries.

Finally, by shifting the threshold to discard up to 75% of the test data, it is confirmed that the number



of low-scoring summaries is reduced to approximately one-tenth of the non-filtered baseline. However,
the number of summaries with high scores (3 and 4) is also significantly reduced. In real-world operation,
it is considered important to set an appropriate threshold tailored to the specific objectives of the service.

5. Conclusion

In this study, we proposed a framework to automatically generate timelines for news article that was
able to reach high expert evaluation scores. We also introduced means to address the specific constraints
of computational resources and security inherent in on-premise environments, with the aim of realizing
real-world operation of timeline summarization at a local newspaper company. Specifically, to overcome
the input length limitation of Large Language Models (LLMs), we introduced an approach that combines
prompt compression based on self-information with Topic Extraction using Latent Dirichlet Allocation
(LDA).

Experiments conducted using a local newspaper company’s dataset confirmed that by explicitly
appending topic words to the compressed text generated by the proposed method, it is possible to
compensate for lost contextual information and prevent a decline in timeline quality. Furthermore,
the filtering method introduced for quality control with a view toward practical operation suggested
that even a simple cosine similarity-based approach can effectively exclude low-quality summaries and
secure a certain level of reliability.

On the other hand, it became clear that the quality of the extracted topic words significantly affects
the accuracy of timeline construction. Improving topic extraction accuracy is a crucial challenge to
enhance the effectiveness of this method for the future. Currently, we fixed the top 5 words constituting
the topic, but words with little relevance to the article’s context were also being extracted. Therefore,
we are considering introducing weighting based on the relevance of the words to the article. This
will prevent the extraction of words that do not contribute to the article’s core topic. In addition, the
creation of ground truth data, including annotations by experts, is essential for conducting a more
rigorous evaluation.

Declaration on Generative AI

We clearly wrote all the places where and the ways in which we used generative AI software tools in
this study in the body of this paper; Otherwise we did not use generative AI software tools except for
text translation (Gemini).
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