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Abstract

Large language models (LLMs) frequently gen-
erate factually incorrect or unverifiable state-
ments, motivating tool-augmented verification
systems that combine model reasoning with ex-
ternal evidence retrieval. For factuality eval-
uation to be scientifically reliable, verifica-
tion pipelines must be controllable and repro-
ducible: retrieval configuration and reasoning
behaviour should be explicitly configurable and
stable across runs. In practice, many existing
systems depend on commercial search APIs
whose ranking policies and retrieval behaviours
are opaque and externally controlled, intro-
ducing uncontrolled variability into evaluation.
This makes it difficult to disentangle reasoning
errors from retrieval effects. We present Fact-
Search, a reproducibility-oriented agentic fact
search system for claim-level factuality verifica-
tion, built on a locally aggregated open-source
search infrastructure. FactSearch follows an
agentic verification workflow: it decomposes
model outputs into atomic factual claims, gen-
erates targeted search queries, retrieves support-
ing evidence via a self-hosted meta-search en-
gine, and performs modular verification within
a fully configurable pipeline. By treating re-
trieval infrastructure as a first-class component,
the system enables systematic analysis of re-
trieval–reasoning interactions. An interactive
web interface supports transparent inspection
and practical deployment. The project is avail-
able at https://factsearch.github.io.

1 Introduction

Large language models (LLMs) frequently gen-
erate factually incorrect or unverifiable state-
ments, motivating the development of agentic,
tool-augmented verification systems that combine
model reasoning with external evidence retrieval
(Augenstein et al., 2024). Recent work has pro-
posed a range of automatic fact-checking frame-
works for evaluating LLM outputs, including
RARR (Gao et al., 2023), FactScore (Min et al.,

2023), FacTool (Chern et al., 2023), CoVe (Dhuli-
awala et al., 2024), and OpenFactCheck (Wang
et al., 2025). These systems demonstrate that
retrieval-augmented reasoning can substantially im-
prove factuality assessment.

However, reliable factuality evaluation requires
that verification pipelines be controllable and re-
producible. Retrieval depth, ranking behavior,
evidence selection, and reasoning configuration
should be explicitly configurable and stable across
runs in order to enable systematic analysis. In prac-
tice, most existing verification systems depend on
commercial search APIs whose ranking policies, re-
trieval coverage, and system behaviors are opaque
and externally controlled (Wang et al., 2025; Chern
et al., 2023). Search results may vary across time,
geographic location, rate limits, or API versions,
and per-query costs constrain large-scale experi-
mentation. As a result, retrieval infrastructure be-
comes a hidden confounding factor in factuality
evaluation, making it difficult to disentangle rea-
soning failures from search variability and limiting
cumulative scientific progress.

To this end, we present FactSearch, an agentic
fact search system for claim-level factuality veri-
fication built on locally aggregated open-source
search infrastructure. FactSearch decomposes
model responses into atomic factual claims (Min
et al., 2023; Chern et al., 2023), retrieves support-
ing evidence via a self-hosted meta-search engine,
and performs claim-level verification through a
modular reasoning pipeline. By eliminating re-
liance on commercial search APIs, the system en-
ables controllable retrieval configurations resulting
in improved reproducibility between runs, in addi-
tion to zero marginal retrieval cost.

The system supports both lightweight open-
source local LLMs for fully offline deployment
and high-performance API-based models for flexi-
ble evaluation. An interactive web-based interface
allows users to inspect verification decisions at the
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Figure 1: Overview of the agentic claim verification workflow. Given an LLM response, the system (1) extracts
atomic claims, (2) generates targeted search queries per claim, (3) retrieves evidence via a local meta-search
procedure, and (4) produces per-claim classifications, outputted together with natural-language reasoning and source
URLs.

claim level, examine supporting evidence, and trace
reasoning outputs in a transparent manner.

Through this demonstration, we show how fac-
tuality inspection can be made controllable and
accessible — facilitating the development of practi-
cal verification workflows and systematic research
on LLM factual reliability.

In summary, we have made the following contri-
butions:

1. An agentic fact search and verification
pipeline with locally-deployed open-source
search infrastructure at zero retrieval cost;

2. Support for both local and API-based LLMs —
FactSearch enables fully local execution using
lightweight open models while also support-
ing high-performance verification with flag-
ship proprietary models;

3. Claim-level verification decisions, including
traceable supporting evidence through a web-
based GUI designed to be accessible to non-
technical users.

2 System Overview

FactSearch is designed as an interactive, web-based
agentic fact search system that enables claim-level
factuality inspection of LLM-generated responses.
Users can submit a human-made prompt and corre-
sponding LLM-generated response, and the system
returns a comprehensive claim-level and response-
level factuality assessment.

At a high level, the verification process follows
four key stages following user input, as illustrated
in Figure 1. First, the system decomposes the LLM
response into atomic factual claims (Min et al.,

2023) suitable for independent verification. Sec-
ond, for each claim, two targeted search queries
are generated. Thirdly, search queries are passed
to a local instance of the open-source meta-search
engine SearXNG (SearXNG Developers, 2023),
from which FactSearch parses evidence snippets
to support or refute claims. Finally, each claim is
assessed against the retrieved evidence, producing
a factuality label and natural language reasoning
which is then displayed to the user alongside evi-
dence snippets and associated source links to en-
able easy access to retrieved information for further
in-depth manual examination.

2.1 Interactive User Interface
FactSearch is primarily designed to be run via the
web interface shown in Figure 2, although it can
also be executed from the command line. The web-
based interface is designed for interactive explo-
ration of results without requiring programming
knowledge or technical expertise. Users can submit
questions and LLM-generated responses, configure
a language model that includes local Qwen3 (Yang
et al., 2025) or API-based GPT models, trigger the
pipeline, and view detailed factuality assessments.
Each claim can be expanded to reveal in-depth
reasoning, Source URLs (and accompanying page
summaries), as well as viewing search queries used
in the evidence retrieval step. Additionally, com-
pleted verification runs can be exported in .txt for-
mat for documentation or further analysis. Figure 3
shows the results interface after the verification
pipeline has been executed, including an expanded
claim-level view with retrieved evidence, reason-
ing, and the final factuality label. The FactSearch
inputs used in this example are:
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Figure 2: FactSearch input interface. Users provide an original prompt and the corresponding LLM-generated
response for verification.

Prompt:
Is Jupiter more dense than Saturn?

Response:
No, Jupiter is less dense than Saturn. Jupiter
has a density of 1.33 grams per cubic
centimeter, while Saturn has a density of 0.69
grams per cubic centimeter. This is because
Jupiter is mostly made up of gas, while Saturn
has a larger proportion of solid materials in
its composition.

The interface abstracts system complexity while
preserving transparency in the verification process
by surfacing information sources utilised by the
language model in the intermediate steps between
the user input and the generation of a factuality la-
bel. This system enables practical and user-centred
inspection of factual reliability in LLM outputs.

3 Architecture and Implementation

FactSearch adopts a three-tier architecture consist-
ing of (i) a web-based front-end interface, (ii) a
modular agentic verification pipeline implemented
as a Python backend, and (iii) an integration
layer managing communication between internal
pipeline components and external services. This
separation ensures that user interaction, reasoning
logic, and evidence retrieval remain independently
maintainable and extensible.

3.1 Modular Verification Pipeline

Each pipeline stage is implemented as an inde-
pendent module with clearly defined inputs and
outputs, allowing individual components to be re-
placed or extended without affecting the rest of the
system.

Claim Extraction is performed by prompting a
language model with the full LLM response and in-

structing it to decompose the text into a structured
list of atomic, independently verifiable factual state-
ments.

Query Generation takes each atomic claim as
input and prompts the language model to produce
two targeted search queries per claim. Generating
two queries aims to reduce confirmation bias in
the retrieved evidence pool, a known limitation of
single-query retrieval approaches.

Evidence Retrieval dispatches generated
queries asynchronously to a locally hosted
SearXNG instance. The FactSearch default search
configuration aggregates results across Brave,
Qwant, DuckDuckGo, Mojeek, Startpage simul-
taneously; additionally, developers can modify
this selection to remove or add additional search
endpoints via the SearXNG configuration files in
the codebase. Asynchronous dispatch across all
claims in a batch substantially reduces end-to-end
latency compared to sequential retrieval. Retrieved
results are normalised into a standardised internal
format of evidence snippets. 1

Claim Verification receives each claim paired
with its retrieved evidence snippets and constructs
a structured prompt asking the language model to
reason over the evidence and produce a binary fac-
tuality label — factual or not factual — alongside a
natural language explanation of its decision. Labels
are then aggregated across all claims to produce
a response-level factuality summary, computed as
the proportion of claims verified as being factual.

1The deployed SearXNG instance aggregates publicly
accessible search endpoints, including Brave Search (https:
//search.brave.com), Qwant (https://www.qwant.com),
DuckDuckGo (https://duckduckgo.com), Mo-
jeek (https://www.mojeek.com), and Startpage
(https://www.startpage.com).
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Figure 3: FactSearch results interface. The system reports an overall factuality score of 60% across five extracted
claims and allows users to inspect each claim with its factuality label, reasoning, search query, and retrieved
evidence. Expanded claim view window shows Claim 1 (“Jupiter is less dense than Saturn”) has been flagged “Not
Factual”, alongside reasoning and sources below.

3.2 Integration Layer

The integration layer acts as a communication bus
between the verification pipeline and its external
dependencies. It handles three primary responsibil-
ities: query dispatch and response parsing for the
local SearXNG instance, evidence normalisation
and filtering before passing results to the reasoning
stage, and prompt handling and response parsing
for language model API calls. This layer ensures
that both the retrieval backend and the reasoning
model can be swapped independently — for exam-
ple substituting a local Qwen instance for a GPT-
backed API without requiring changes to pipeline
logic.

3.3 Live Demonstration Workflow

The live demo showcases how users can inspect the
factual reliability of LLM outputs in real time via
the FactSearch web interface.

During the demo, we illustrate how a multi-claim
LLM response containing both correct and incor-
rect statements can be decomposed and verified
at a fine-grained level. In particular, we focus on
showcasing the detection of an unsupported over-
claim hallucination (Li et al., 2024; Huang et al.,
2025) in the medical domain. In this case, Fact-
Search flagged the following claim made by Claude
Sonnet 4.6:

Claim 8: Vaccines are engineered to produce
better immunity than natural infection.

FactSearch correctly reasoned that whilst this is
often the case, studies show mixed results and
this claim is not universally true. The system rea-
soned that outcomes are heavily dependent on the
pathogen, vaccine and outcomes measures, which
was verified by source material retrieved from
sources including World Health Organisation web-
pages, academic papers, and government health
service sites.

4 Experiments

4.1 Empirical Evaluation

We evaluate our method on the KBQA evaluation
set used in FacTool (Chern et al., 2023), contain-
ing real-world prompts sourced from various plat-
forms and datasets. This evaluation set contains
50 question-response pairs across diverse domains,
including history, science, and current events. Each
response contains an average of 3.2 factual claims
that require external evidence for verification. We
report precision, recall, F1-score, and accuracy at
both the claim and response levels.

4.1.1 Setup
We compare FactSearch against FacTool (Chern
et al., 2023) using identical model configura-
tions and evaluation protocol. The key archi-
tectural difference is the search backend: Fac-
Tool uses Google Serper API (commercial), while
FactSearch uses self-hosted SearXNG configured
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System Claim-Level Response-Level

Accuracy Recall Precision F1-score Accuracy Recall Precision F1-score

Self-Check (0-shot) 77.25 84.75 85.23 84.99 54.00 95.65 50.00 65.67
Self-Check (3-shot) 79.83 85.88 87.36 86.61 64.00 52.17 63.16 57.14
FacTool (GPT-4) 84.12 85.31 93.21 89.09 78.00 60.87 87.50 71.79

FactSearch (GPT-4) 91.07 95.45 93.33 94.38 80.00 76.92 76.92 76.92
FactSearch (GPT-5.2) 92.68 94.89 97.22 96.04 82.00 82.69 75.00 78.68

∆ (Ours GPT-4 vs FT GPT-4) +6.95 +10.14 +0.12 +5.29 +2.00 +16.05 −10.58 +5.13
∆ (Ours GPT-5.2 vs FT GPT-4) +8.56 +9.58 +4.01 +6.95 +4.00 +21.82 −12.50 +6.89

Table 1: Performance comparison on KBQA benchmark. All metrics reported as percentages. Self-Check and
FacTool (FT) results reproduced from Chern et al. (2023). Bold indicates best performance per column.

with Brave, Qwant, DuckDuckGo, Mojeek and
Startpage. We evaluate FactSearch with both
GPT-4 (OpenAI et al., 2024) and GPT-5.2 to as-
sess performance across foundation model genera-
tions. For evaluation, we report results using GPT-
based FactSearch to ensure stable and performance-
comparable reasoning across experimental settings.
While FactSearch supports both local and API-
accessible models (including open-weight mod-
els deployed locally or accessed via unified API
providers), local model performance can vary sub-
stantially depending on hardware capability. To
ensure reproducibility and comparability of results,
we therefore focus on a single standardized API-
based model in this experiment.

We additionally compare against two Self-Check
baselines that prompt the LLM to verify its own out-
puts: Self-Check (zero-shot CoT) and Self-Check
(3-shot CoT). The difference between the two is
that the zero-shot procedure provides the LLM with
no extra information, whereas 3-shot provides the
LLM with three examples of similar prompt scenar-
ios from which it can derive information to support
its decision.

Metrics are computed at two granularities: claim-
level, where each extracted claim is independently
classified as factual or non-factual, and response-
level, where a response is classified as factual only
if all constituent claims are verified as true.

4.1.2 Main Results

Table 1 presents our primary findings. Fact-
Search achieves competitive or superior perfor-
mance across all metrics with both foundation mod-
els, with particularly strong improvements in recall
at both granularities.

FactSearch outperforms tool-augmented and
self-checking baselines. At the claim level,
FactSearch reaches 94.38 F1 compared to Fac-

Tool’s 89.09 (+5.29 points) and Self-Check (3-
shot)’s 86.61 (+7.77 points). Using a more recent
reasoning-optimised model further increases claim-
level F1 to 96.04 (+6.95 points over FacTool). At
the response level, FactSearch achieves 78.68 F1
compared to FacTool’s 71.79 (+6.89 points), sub-
stantially outperforming both Self-Check variants.

Recall improvements indicate broader ev-
idence coverage. FactSearch shows +10.14
claim-level recall and +16.05 response-level re-
call gains over FacTool. With the stronger model
tier, response-level recall reaches 82.69% (+21.82
points over FacTool), suggesting that multi-engine
aggregation combined with improved reasoning
successfully retrieves relevant evidence for claims
not well-covered by commercial search APIs. This
is particularly critical for specialised topics and
recent events where source diversity matters.

Precision trade-off reflects conservative veri-
fication. Response-level precision decreases rela-
tive to FacTool, reflecting stricter verification when
sources conflict. Manual analysis reveals this stems
from contradictory evidence across heterogeneous
sources — for example when Wikipedia, news out-
lets, and academic databases disagree, FactSearch
conservatively marks claims as non-factual. This
is the safer failure mode for fact-checking appli-
cations, as false negatives (accepting fabricated
claims) are more harmful than false positives (re-
jecting true claims). In such cases, it is generally
preferable to flag a potentially refuted assertion,
enabling further human investigation, especially
in high-stakes decision making contexts. This be-
haviour can be adapted through prompt calibration
depending on deployment requirements.

Model choice primarily affects calibration
rather than capability. Comparing model tiers,
the reasoning-optimised model improves claim-
level precision (97.22% vs 93.33%) while maintain-
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ing comparable recall. This indicates that perfor-
mance gains arise mainly from improved evidence
interpretation rather than retrieval differences, sug-
gesting the FactSearch pipeline generalises across
LLM backends.

Self-checking baselines show high false pos-
itive rates. Self-Check baselines exhibit sub-
stantially lower precision than tool-augmented ap-
proaches (50.00–63.16% response-level precision
vs. FactSearch’s 75.00–76.92%). LLMs tend to
accept their own outputs as factual even when ex-
ternal evidence contradicts them, reinforcing the
broader necessity of external verification tools.

4.1.3 Discussion

These results validate our core hypothesis: replac-
ing commercial search APIs with locally aggre-
gated open-source engines maintains or improves
competitive verification performance while elimi-
nating external dependencies. The precision trade-
off at the response level is an acceptable cost for
substantial gains in recall, reproducibility, and de-
ployment flexibility. Future work could explore (1)
query refinement strategies to reduce conflicting
evidence, (2) source reliability scoring to weight
evidence appropriately, supporting an internal con-
flict resolution mechanism in the case of contradic-
tory source material, (3) integration of specialised
engines, datasets, or reasoning tools for domain-
specific fact-checking.

Assuming an average of 5 claims per run, the
pipeline incurs costs of approximately $0.018 per
response under current OpenAI API pricing. If
users choose the local variant powered by Qwen,
then there is no cost.

5 Conclusion

We presented FactSearch, an interactive agentic
fact search system for verifying LLM outputs. Fact-
Search decomposes model-generated responses
into atomic factual claims, retrieves supporting
evidence through locally aggregated open-source
search infrastructure, and produces claim-level ver-
ification results with natural-language reasoning
and source links. By exposing the retrieval and rea-
soning process through a web-based interface, the
system supports transparent inspection of factuality
decisions while reducing reliance on opaque com-
mercial search APIs. Overall, FactSearch provides
a practical and configurable platform for claim-
level factuality verification and for studying the

interaction between evidence retrieval and LLM-
based reasoning.

Limitations

While FactSearch improves controllability and re-
producibility of factuality verification pipelines, it
does not eliminate all sources of uncertainty. Lo-
cally aggregated open-source search infrastructure
may differ in coverage and ranking quality from
commercial search engines, potentially affecting
evidence completeness in domains with limited
online visibility. Retrieval results remain depen-
dent on the underlying web corpus and indexing
configuration which change over time, thus it is ex-
pected that results will also vary, even if the system
pipeline and reasoning model remain stable.
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