
Evaluating the Factuality of Large Language Models Using
Multiple Plug-and-Play Fact Sources

Zhaoheng Huang, Yutao Zhu*, Ji-Rong Wen, Zhicheng Dou
Gaoling School of Artificial Intelligence, Renmin University of China

{huangzh, ytzhu, jrwen, dou}@ruc.edu.cn

Abstract

Large language models (LLMs) often produce factually in-
accurate content, or hallucinations, which undermines their
reliability. Existing factuality evaluation systems usually rely
on a single predefined fact source, making them task-specific
and hard to extend. We present UFO, a unified framework
for factuality evaluation that supports multiple plug-and-play
fact sources. UFO integrates human-written evidence, web
search results, and LLM knowledge within a single evaluation
pipeline, and allows users to flexibly select, reorder, and even
define customized sources. The system is accessible through
both a Python interface and a web-based demo, offering inter-
active claim-level verification and visualization. Experiments
show that UFO system achieves moderate consistency with
human annotations. Overall, UFO serves as a transparent and
extensible platform for benchmarking fact sources, compar-
ing LLMs, and enabling real-world fact-checking applica-
tions across diverse domains.

Introduction
Large language models (LLMs) have enabled a wide range
of generative AI applications such as ChatGPT (Hurst et al.
2024) and DeepSeek (DeepSeek-AI 2024), but their out-
puts still often contain factual inaccuracies or hallucina-
tions (Bang et al. 2023; Ji et al. 2023; Kalai et al. 2025).
These errors undermine the reliability of LLMs, limiting
their use in domains where factual correctness is essential.
Existing factuality evaluation systems (Iqbal et al. 2024;
Zhao et al. 2024) typically rely on a single or fused source
(e.g., Wikipedia) and are designed for specific tasks, which
makes them difficult to scale or adapt when new domains
and hallucination detection tasks arise.

In practice, fact sources may vary in cost, reliability, and
availability. For instance, collecting human-written refer-
ences can be expensive (Min et al. 2023), while web search
results and an LLM’s internal knowledge may be more scal-
able but can be less consistent and noisier compared to cu-
rated human-written references. However, prior systems typ-
ically rely on a single source or apply fixed fusion strategies,
without supporting flexible substitution or systematic com-
bination. As a result, they cannot benchmark the effective-
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ness of different fact sources and their combinations, leaving
open questions about how these sources complement each
other across various hallucination detection tasks.

To address this challenge, we present UFO, a unified and
flexible framework for factuality evaluation. UFO supports
plug-and-play integration of multiple fact sources, includ-
ing human-written evidence, web search results, and LLM
knowledge, and allows users to flexibly select, reorder, or
even define custom fact sources. UFO also allows users to
directly input texts or upload files of LLM outputs for eval-
uation. The system applies a unified verification process to
generate claim-level factuality scores, and provides both a
Python interface and an interactive web demo for visualiza-
tion and comparison. With UFO, users can evaluate factual
accuracy, compare the contribution of different fact sources,
and benchmark LLMs across tasks, offering a transparent
and extensible platform for factuality assessment.

Related Work
Factuality evaluation has progressed from n-gram metrics to
LLM-based approaches such as FactScore (Min et al. 2023)
and FacTool (Chern et al. 2023), which decompose text into
claims and verify them against fixed sources. Follow-up
work has explored fact editing and correction (Wang et al.
2023), efficient verification (Tang, Laban, and Durrett 2024;
Shan, Bauer, and Manning 2025), tool-augmented verifica-
tion in multimodal settings (Chen et al. 2024), and verifiabil-
ity enhancement (Song, Kim, and Iyyer 2024). Prior systems
such as OpenFactCheck (Iqbal et al. 2024) and Loki (Li et al.
2024) explore pipelines for factuality evaluation, but remain
tied to a single or fused fact source (e.g., Wikipedia or web
search) and offer limited flexibility and extensibility.

Our system UFO fills this gap by enabling plug-and-
play integration of multiple fact sources, including human-
written evidence, web results, and LLM knowledge within a
unified evaluation framework. Unlike prior work, the UFO
system further allows users to define customized fact sources
through a simple interface, making factuality evaluation
more flexible, extensible, and adaptable across domains.

UFO System Overview
The UFO system follows a four-step pipeline, guiding users
through uploading evaluated texts, configuring fact sources,
running evaluation under scenarios, and exploring results.
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Figure 1: The UFO dashboard and workflow.

Text Upload and Fact Source Setup. The UFO system
allows users to either upload texts directly or provide a
JSONL file with optional curated human-written evidence.
Each line in the input JSONL file contains two keys: the “re-
sponse” for the evaluated LLM text, and the optional “refer-
ence answers” for the human-written evidence.

The UFO system provides three pre-defined fact sources:
(1) Human-written evidence, which can be uploaded by the
user or retrieved from a general corpus such as a Wikipedia
dump collected prior to the release of ChatGPT; (2) Web
search results, obtained via the Google Search API pro-
vided by Serper; and (3) LLM knowledge, constructed by
sampling n = 5 passages per query from an LLM with
a temperature t = 1. This design leverages the observa-
tion that hallucinated outputs often show low consistency
across multiple generations and higher perplexity (Miao,
Teh, and Rainforth 2024). The web interface allows users to
reorder the selected sources interactively. For advanced use,
the Python interface supports further customization: users
can freely adjust parameters or add new sources by imple-
menting lightweight adapters under the project directory.

Factuality Evaluation. With fact sources configured, the
UFO system evaluates factuality through three LLM-based
modules: (1) Fact Unit Extraction decomposes the evalu-
ated text into several atomic fact units, each consisting of a

claim c and a corresponding query q; (2) Fact Source Ver-
ification processes each query q against passages P from a
fact source S, extracting one candidate answer a from each
passage (or “NOANS” if no valid answer can be found); and
(3) Fact Consistency Discrimination determines whether a
claim c and its candidate answer a are factually consistent,
assigning a binary label of 1 (factual) or 0 (hallucinated).

By combining these modules, UFO evaluates the contri-
bution of different fact sources at the claim level. The overall
factuality score of a text is then calculated as the average of
the binary labels across all fact units.

Evaluation Scenarios. The UFO system supports two
evaluation scenarios for assessing the factuality of model
outputs. Single-Source Evaluation. This setting is equiv-
alent to prior work, where each claim in the text is veri-
fied against a fixed fact source. The outcome for each claim
is determined by majority voting over the binary labels of
all valid answers (excluding “NOANS”) within the cho-
sen source. Multi-Source Evaluation. To go beyond fixed-
source evaluation, UFO enables users to combine multiple
fact sources in two ways. In the Multi-MV mode, all valid
answers from different sources are aggregated and a decision
is made by majority voting over their binary labels. In the
Multi-Seq mode, fact sources are checked in a user-specified
order; if no valid answer can be found in the current fact
source, the UFO system proceeds to the next. This sequen-
tial strategy mirrors human fact-checking behavior and pro-
vides a systematic way to benchmark how different sources
complement one another.

Results Exploration The workflow is illustrated in Fig-
ure 1. The UFO system processes the factuality evaluation
pipeline and produces three types of outputs: (1) the overall
factuality score, (2) the proportion of each fact source used
during evaluation, and (3) detailed verification results for
each decomposed claim. We collect LLM outputs from di-
verse domains with human annotations of factual accuracy.
Experimental results show that the Multi-Seq evaluation sce-
nario achieves the best consistency with human annotations.
In addition, UFO logs the entire evaluation process to a re-
sult file, allowing users to view fact-source contribution pie
charts via the Python interface and benchmark sources and
LLMs in a plug-and-play manner. Detailed implementation
and results are provided in the project documentation.

Conclusion and Future Work
In this paper, we introduced UFO, a unified framework for
evaluating the factuality of LLM outputs using multiple
plug-and-play fact sources. The UFO system supports both
a Python interface and a web-based demo, allowing users
to flexibly select, reorder, or define their own fact sources
through a simple configuration interface. This makes factu-
ality evaluation more transparent, customizable, and acces-
sible for researchers and practitioners. Future work includes
exploring real-world applications in domains such as educa-
tion and news verification, and extending the plug-in mech-
anism to support additional modalities and domain-specific
sources such as scientific databases.
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