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Abstract

This paper incorporates the efficiency of automatic summa-
rization and addresses the challenge of generating personal-
ized summaries tailored to individual users’ interests and re-
quirements. To tackle this challenge, we introduce SUMMPI-
LOT, an interaction-based customizable summarization sys-
tem. SUMMPILOT leverages a large language model to facili-
tate both automatic and interactive summarization. Users can
engage with the system to understand document content and
personalize summaries through interactive components such
as semantic graphs, entity clustering, and explainable evalua-
tion. Our demo and user studies demonstrate SUMMPILOT’s
adaptability and usefulness for customizable summarization.

Introduction & Related Work
Advancements in deep learning have greatly enhanced sum-
marization systems, but automated systems often fall short
of addressing individual requirements or interests. Interac-
tive systems address this by enabling personalized sum-
maries through user engagement (Hirsch et al. 2021; Ade-
nuga et al. 2022; Slobodkin et al. 2023; Zhang et al. 2023).

However, existing interactive summarization systems
struggle to represent content relationships, which are essen-
tial for understanding connections within or across docu-
ments. This hampers multi-document summarization, where
users need to integrate information from various sources.
Furthermore, these systems lack support for decision-
making by failing to indicate how user inputs affect the final
summary, making it difficult for users to assess the impact of
their choices and reducing the effectiveness of interactions.

To address this limitation, we adopt an interactive,
human-in-the-loop approach that incorporates user-specific
needs into the summarization process. With this approach,
we aim to achieve customizable and controllable summaries
that align with diverse and personalized requirements. In this
context, we introduce SUMMPILOT, an interactive summa-
rization system that leverages the flexibility and advanced
language understanding capabilities of large language mod-
els (LLMs). To effectively handle lengthy or multi-topic
documents—where customizable summarization becomes
crucial—SUMMPILOT also supports multi-document sum-
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Figure 1: Interface design and components for SUMMPILOT
(ADVANCED MODE): Users can explore documents through
semantic graphs based on relational triples [A], and manage
content via checkboxes for specific triples [B]. Entity clus-
tering groups related expressions [C]. Open-form commands
allow custom inputs [D] and the “Evaluate” button provides
feedback on compression, coverage, and consistency, help-
ing to refine user control and model performance [E].

marization through graph-based connections that capture re-
lationships between key pieces of information.

SUMMPILOT offers two modes tailored to different sum-
marization needs. BASIC MODE delivers automatic summa-
rization by focusing on key information, while ADVANCED
MODE offers user-centric control over the interactive sum-
marization process. This ADVANCED MODE allows users to
specify their information needs more concretely and adjust
the content and style of the summary to their preferences,
resulting in a more personalized and interactive experience.

Moreover, SUMMPILOT integrates an evaluation mecha-
nism to refine generated summaries by ensuring factual con-
sistency and detecting errors caused by user interventions
or model inaccuracies. In ADVANCED MODE, users receive
explainable evaluations that highlight statements with poten-
tial factual inaccuracies. This allows users quickly identify
possible errors and understand how their input influences the
summary, facilitating efficient correction and refinement. By
fostering collaborative improvement, this evaluation system
establishes a feedback loop between the user and the model,
ultimately enhancing the summarization process.
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Figure 2: Backend pipeline of SUMMPILOT.

Method: SUMMPILOT
As shown in Figure 2, SUMMPILOT employs multiple in-
ternal modules to generate and customize summaries. By
leveraging LLMs (specifically GPT-4o (OpenAI 2024)), our
system achieves significant flexibility through well-designed
prompts and advanced language comprehension.

Automatic Summarization When multiple documents
are provided as input, the automatic summarization module
utilizes an LLM to generate a coherent abstractive summary.

Relation Extraction and Entity Clustering The relation
extraction module identifies relational triples from input
documents, forming the basis of a semantic graph that vi-
sually represents the information. SUMMPILOT’s graph vi-
sualization maps these triples with directed edges to indicate
relationships and adjusts node sizes to emphasize key enti-
ties. This helps users better understand the content structure
and precisely control their information needs. After generat-
ing the graph, entity clustering groups mentions of the same
entities. For example, the triples <Tom-is married to-Jane>
and <Tom’s wife-aged-30> are combined into <[Tom’s
wife, Jane]-aged-30>. This clustering clarifies variations in
expressions referring to the same concept. A representative
entity, determined by frequency, is then assigned to each
subject and object for visualization and interaction.

Interactive Summarization The interactive summariza-
tion module generates customized summaries based on user
needs. This module interprets user requests and incorporates
them into prompts for the LLM, addressing inclusion/exclu-
sion criteria and user-defined preferences in both structured
and flexible contexts. This adaptability supports iterative re-
finement, enhancing user engagement and satisfaction.

Summary Evaluation The evaluation of generated sum-
maries involves three components: compression, coverage,
and factual consistency. Compression measures how much
the summary condenses the original text, while coverage as-
sess how well the summary retains information from the
source documents(Grusky, Naaman, and Artzi 2018). Fac-
tual consistency, adapted from FactScore (Min et al. 2023)
and customized for our task, evaluates the accuracy by de-
composing each summary into atomic facts and verifying

Aspect Score
Semantic Graph Effectiveness 4.4 (0.8)
Entity Clustering Effectiveness 3.8 (0.7)
Intuitiveness Relation Extraction 5.0 (0.0)
Ease of Control 4.6 (0.5)
Possible Error 4.6 (0.5)
Effectiveness of Including Requirements 4.8 (0.4)
Effectiveness of Excluding Requirements 4.8 (0.4)
Summary Satisfaction 4.8 (0.4)
Summary Trustworthiness 4.4 (0.8)

Table 1: Result of usefulness questionnaire. The scores are
reported as the average (standard deviation).

them against the original documents. The final factual con-
sistency score is the proportion of verified atomic facts. Un-
verified facts are flagged as “possible errors” in the interface.

User Studies & Evaluations
The results in Table 1 highlight several key advantages of
SUMMPILOT. Participants appreciated the semantic graph
for enhancing document understanding and praised the intu-
itive interaction enabled by relation extraction. The system’s
error detection feature was also recognized as highly benefi-
cial for evaluating generated summaries. These findings un-
derscore SUMMPILOT’s strengths in facilitating comprehen-
sive document analysis, enabling precise user interaction,
and supporting effective summarization and evaluation.

Conclusions & Future Work
SUMMPILOT is an interaction-driven, customizable summa-
rization system designed for flexibility and effectiveness, as
demonstrated by user studies. It establishes a robust foun-
dation for efficiently summarizing complex business doc-
uments and news articles, making it particularly beneficial
for reporters and students who need to extract essential in-
formation. Our demo video is available at (https://youtu.be/
7ZUBIyqPpbs). Future work will focus on multilingual sup-
port and the integration of multimodal LLMs to handle var-
ious data types, such as images and videos, enhancing user
control and improving human-computer interaction.
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