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Abstract

The advances in the digital era have led to rapid dissemination of
information. This has also aggravated the spread of misinformation
and disinformation. This has potentially serious consequences, such
as civil unrest. While fact-checking aims to combat this, manual
fact-checking is cumbersome and not scalable. While automated
fact-checking approaches exist, they do not operate in real-time
and do not always account for spread of misinformation through
different modalities. This is particularly important as proactive
fact-checking on live streams in real-time can help people be in-
formed of false narratives and prevent catastrophic consequences
that may cause civil unrest. This is particularly relevant with the
rapid dissemination of information through video on social media
platforms or other streams like political rallies and debates. Hence,
in this work we develop a platform named LiveFC, that can aid in
fact-checking live audio streams in real-time. LiveFC has a user-
friendly interface that displays the claims detected along with their
veracity and evidence for live streams with associated speakers
for claims from respective segments. The app can be accessed at
http://livefc.factiverse.ai and a screen recording of the demo can be
found at https://bit.ly/3WVAoIw.

CCS Concepts

• Computing methodologies → Natural language processing.
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1 Introduction

The rapid proliferation of misinformation and disinformation in the
digital era has lasting impacts on society, politics, and the shaping of
public opinion. as manual fact.checking is cumbersome, automated
fact-checking approaches have been proposed [5, 11] which has
made tremendous advances. Majority of the existing automated
fact-checking approaches are primarily focused on textual modality
[7, 9]. However, real-world misinformation and disinformation can
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be spread throughmultiple possible modalities, such as audio, video,
and images [1, 16] and has higher engagement and spreads faster
than text only content [8]. Hence, it is crucial to fact-check multi-
modal content.

Misinformation spread through multi-modal content, such as po-
litical debates, interviews, and election campaigns, is time-critical
due to its potential to sway public opinion and its perceived reliabil-
ity [10]. Manual fact-checking is cumbersome and time-consuming,
and existing automated tools focus on post-hoc verification, which
is ineffective against rapidly spreading misinformation. To address
this, we developed LiveFC, a tool that transcribes, diarizes speakers,
and fact-checks spoken content in live audio streams in real-time
(within seconds), targeting misinformation at its source. While fo-
cused on live events like election debates and campaign rallies,
LiveFC also works with long-form offline content such as parlia-
ment discussions, interviews, and podcasts. Fact-checkers and news
reporters find LiveFC particularly useful for detecting and verifying
claims in real-time. This was validated in a pilot study with Danish
fact-checkers Tjekdet1 during the European Parliament election in
June 2024, where the tool helped catch important claims that would
otherwise have been missed.2 Additionally, we conducted a case
study of the first US presidential debate of 2024, comparing manual
fact-checks from the Politifact with those done by LiveFC.

Recent advances in automatic speech recognition (ASR) models,
like Whisper by OpenAI [12], have significantly improved audio
transcription quality. Existing solutions like Pyannote for speaker
diarization [4] also perform well, but mainly for offline content.
Real-time transcription and speaker diarization for live content
pose unique challenges. To enable live fact-checking, we need to
transcribe and identify speakers in smaller segments of the audio
stream and align speakers with the transcribed text. This demo
system showcases techniques to extend Whisper and Pyannote for
live-streaming applications.

LiveFC architecture is depicted in Figure 1 which has 6 key com-
ponents: 1) A transcriber module that can operate on streaming data
to transform live audio streams to text, 2) A diarization module that
identifies the speaker for the audio segments. 3) A claim detection
and normalization module that identifies check worthy claims from
the transcribed segments in real-time 4) A claim decomposition
and topic assignment module that aids in decomposing claims to
questions for reasoning which renders the fact-checking process
explainable and assigns a broad set of topics for analysis of the fact-
checks 5) An evidence retrieval module that retrieves up-to-date
evidence from the web search and past fact-checks and a 6) claim
verification component that employs state-of-the-art fine-tuned
Natural Language Inference (NLIs) models.

1https://tjekdet.dk
2https://factiverse.ai/live
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Figure 1: LiveFC pipeline for fact-checking live audio streams like political debates.

Our key contribution is that the entire pipeline operates in a
real-time manner using efficient and effective quantized models.
We posit that this would aid fact-checkers in curbing the spread of
misinformation at the source without delay.
2 System Design

An overview of our live fact-checking pipeline LiveFC is shown in
Figure 1. The live audio stream is provided as input to a speaker
diarization module and transcription module in parallel. This is
followed by a mapping phase where the transcribed segments are
mapped to respective speakers based on timestamps and other
meta-data. The resulting transcribed segments are then sent to
a claim identification module followed by claim decomposition,
evidence retrieval and claim verification. The pipeline is hosted
using a Python FastAPI backend. The frontend is implemented
using the Streamlit framework.3.

2.1 Transcription of Live Audio Stream

We adapt the Whisper Live4 implementation for our fact-checking
pipeline.We use thewhisper-large-v3model, a sequence-to-sequence
model pre-trained on a large amount of weakly supervised (audio,
transcript) pairs, which directly produces raw transcripts. We pro-
cess the audio stream in segments to support HLS (HTTP Live
Streaming), which is then buffered and transmitted to the transcrip-
tion client via the FFmpeg encoder.5 Unlike traditional systems,
Whisper Live employs Voice Activity Detection (VAD) to send data
to Whisper only when speech is detected, making the process more
efficient and producing high-quality transcripts.

2.2 Online Diarization Module

For attribution and offline analysis, linking claims to the corre-
sponding speaker is essential. Our diarization module performs
real-time speaker identification, known as online speaker diariza-
tion with limited context. LiveFC employs an overlap-aware online
diarization approach [3], involving speaker segmentation and clus-
tering. We adapt the diart module6 for our use, utilizing websockets
to stream audio content.

The audio stream is sent via websocket to the diarization server,
where it undergoes speaker segmentation using a neural network.
Every 500ms, the server processes a 5-second rolling audio buffer
and outputs speaker active probabilities 𝐴 = 𝑠1 ...𝑠𝑛 , where 𝑛 is
the number of frames. Speakers with an active probability above a
tunable threshold 𝜏𝑎𝑐𝑡𝑖𝑣𝑒 are identified, while inactive speakers are
discarded. This approach effectively handles overlapping speakers,

3https://streamlit.io
4https://github.com/collabora/WhisperLive
5https://www.ffmpeg.org
6https://github.com/juanmc2005/diart

Split NC C True False Total

Train 609 548 332 196 1,076
Dev 38 25 15 10 63
Test 62 38 26 12 100

Table 1: Dataset distribution for check-worthy claim detection. NC -

Not Check-worthy, C - Checkworthy

making it ideal for live fact-checking of debates. We set 𝜏𝑎𝑐𝑡𝑖𝑣𝑒 =

0.65 to reduce false positives.
The segmentationmodel’s permutation invariancemeans a speaker

may not be consistently assigned the same speaker ID over time.
To address this, we use incremental clustering to track speakers
throughout the audio stream. Initially, speaker embeddings are
created after segmentation for the first buffer, forming a centroid
matrix 𝐶 . As the rolling buffer updates, local speaker embeddings
(𝑠𝑒1 ..𝑠𝑒𝑙 ) are compared to the centroids to assign them using an
optimal mapping (𝑚∗):

𝑚∗ = argmin
𝑚∈𝑀

𝑙∑︁
𝑖=1

𝑑 (𝑚(𝑖), 𝑠𝑒𝑖 )

, where𝑀 is the set of mapping functions between local speakers
and centroids, with the constraint that two local speakers cannot
be assigned to the same centroid. If the distance between a local
speaker embedding and all centroids exceeds a threshold Δ𝑛𝑒𝑤 , a
new centroid is created. We set Δ𝑛𝑒𝑤 = 0.75 to balance sensitiv-
ity, avoiding the misclassification of slight tone changes as new
speakers, while ensuring new speakers are accurately identified.

Speaker IDs are mapped to transcript segments using timestamps
from diarization and transcription components, run in parallel for
efficiency. We use pyannote/embedding computing embeddings and
the pyannote/segmentation-3.0 model for segmentation.

2.3 Check-Worthy Claim Detection Module

The function of this component is to identify claims from tran-
scribed segments that warrant verification.
Sentence segmentation and ClaimNormalization: We first seg-
ment the transcription text into sentences using the Spacy library
due to its speed and accuracy. Since speech segments may contain
implicit references, we transform the sentences to make them self-
contained by resolving co-references and removing any unwanted
text from the spoken content. This is performed through a genera-
tive LLM (Mistral-7b). We term this step as claim normalization, as
it yields self-contained candidate claims.

The self-contained candidate claims are then passed through a
check-worthy claim detectionmodel.We fine-tune a XLM-RoBERTa-
Large model, using datasets from ClaimBuster and CLEF CheckThat
Lab! [2] along with a dataset collected from Factiverse production
system (see Table 1) to classify sentences into ‘Check-worthy’ and
‘Not check-worthy’. We also assign a set of topics to the claims.
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2.4 Claim Decomposition and Evidence

Retrieval

Prompt: Claim Decomposition

Instruction: Transform the given claim into questions to verify
the veracity of the given claim and find the potential correct
facts from search engines. The questions must be cover all aspects
of the claim. Generate exactly num_questions questions for the
claim and prefix the questions with Q̈uestion number:ẅithout
making any references to the claim. Here are some examples:
Examples: Claim: "Kelvin Hopins was suspended from the Labor
Party due to his membership in the Conservative Party."
Question 1: Was Kelvin Hopins suspended from Labor Party?
Question 2: Why was Kelvin Hopins suspended . . .Claim: {claim}

Figure 2: Prompt for claim decomposition

The main goal is this component is to retrieve high quality evi-
dence for verifying the check-worthy claims from the previous step.
Fact-checking is not a linear process and involves multi-step rea-
soning, where fact-checkers synthesize diverse queries and search
the web and other knowledge sources to gather multiple perspec-
tives and evidence to verify a claim. To emulate the process of
fact-checkers, we employ a claim decomposition module where we
prompt a LLM (Mistral-7b) as shown in Figure 2.

Following the decomposition step, we retrieve evidence from
diverse sources such as Google, Bing, Wikipedia, You.com, Seman-
tic Scholar (contains 212M scholarly articles). Since some claims
might be duplicates or similar to existing fact-checked claims, we
also search our ElasticSearch index, which houses Factiverse’s fact-
checking collection named FactiSearch, which comprises 280K
fact-checks updated in real-time to retrieve related evidence. We
filter out evidence from fact-checking sites and deduplicate evi-
dence using meta-data like url, titles and approximate matching of
content. We then employ a multilingual cross-encoder model [13]
(nreimers/mmarco-mMiniLMv2-L12-H384-v1) to rank the evidences.

2.5 Claim Verification

Using the ranked evidences, we perform claim verification by for-
mulating the task as a Natural language Inference (NLI) problem.
The NLI task involves categorizing whether a claim is supported,
refuted by a given piece of evidence or evidence is unrelated to the
claim. We cast this problem to a binary classification task of pre-
dicting supported or refuted as we filter out unrelated evidence in
the ranking step. We fine-tune an XLM-Roberta-Large model from
Huggingface on combined data from FEVER [14], MNLI [15], X-fact
[6] and our collection of real-world fact-checks in FactiSearch.
Since each claim has multiple relevant evidence snippets, the NLI
model is applied to claim and evidence in a pairwise manner fol-
lowed by a majority voting phase to obtain the final verdict. We
also summarize the evidence snippets providing justification for
the verdict to the user to foster trust in the system.

3 Performance Evaluation

3.1 Offline Evaluation of Claim Detection and

Verification Components

For offline evaluation of individual components of LiveFC pipeline,
we employ the dataset collected from production environment of
Factiverse. The statistics of the dataset, are shown in Table 1. We
observe that our fine-tuned XLM-Roberta model outperforms LLM
based approaches for tasks of claim detection and verification. We
primarily observe that in claim verification, LLMs underperform
when compared to smaller fine-tuned models due to their inability
to reason and extract required information from evidence and due
to hallucination. Hence, we employ our fine-tuned model as part of
the pipeline in the LiveFC tool.

EC (𝛼𝐾 ) EU (𝛼𝐾 ) TR (𝛼𝐾 )

3.46±1.49 (0.76) 3.60±1.39 (0.65) 4.37±1.12 (0.51)
Table 4: Manual evaluation metrics (Likert 1–5) with Krippendorff’s

alpha (𝛼𝐾 ): evidence completeness, usefulness, and topic relevance.

Model Claim Detection Veracity Prediction

Ma.-F1 Mi.-F1 Ma.-F1 Mi.-F1

Mistral-7b 0.590 0.600 0.526 0.527
GPT-3.5-Turbo 0.607 0.625 0.605 0.605
GPT-4 0.695 0.701 0.630 0.632
Ours 0.899 0.900 0.708 0.737

Table 5: Claim detection and verification results for English data.

3.2 End to End Evaluation on Live Stream

We also evaluate LiveFC on the first presidential debate of 2024. A
screenshot of the tool is shown in Figure 3.

Debate Statistics: We report the statistics obtained from live
fact-checking of the debate through our tool LiveFC. The number
of supported and disputed claims made by each speaker is shown
in Table 2 and topicwise distribution of claims are shown in Table
3. We observe that topic related toWar and Defense was the most
discussed during the debate. The plot shows the distribution of
claims across 7 key topics, and the rest of claims that do not fall
into any of these topics are categorized as “Other" and are not
shown in the graph. We also observe that there are a significant
number of disputed claims made by the speakers, which highlights
the significance of live fact-checking. We also display the evidence
and summarize the justification for the veracity label, rendering
the process more transparent to the end user.

Comparison based evaluation of claims identified and ve-

racity prediction to Politifact: We compare the claims identified
and corresponding predicted labels from manual fact-checker Poli-
tifact to those identified and verified by our tool LiveFC for the
2024 presidential debate. We observed that we were able to identify
all the 30 claims identified by Politifact. We were further able to
identify more claims not covered by Politifact which highlights
the advantages of automated fact-checking. However, we also ac-
knowledge that some of the claims we identify are false positives
and may not be significant enough, which is removed by us in
post-processing phase. When comparing the veracity labels with
Politifact for the 30 claims, we observe a macro P, R and F1 scores
of 82.59, 85.78 and 83.92 respectively and weighted F1 of 87.26.
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Figure 3: A screenshot of LiveFC UI.

Speaker Supported Disputed Total

Trump 147 205 352
Biden 169 170 339

Table 2: Stats from fact-checks of 2024 debate

Category Biden Trump

Defense 42 70
Economy 35 28
Politics 25 31
Climate 20 23
Immigration 15 20
Law 9 14
Healthcare 16 7

Table 3: Number of claims by Biden and Trump

Qualitative evaluation of evidence utility and topic as-

signments: We perform a qualitative evaluation of fact-checks
performed on 2024 US presidential debate live-stream by sampling
20 claims with retrieved evidence, topic assigned and veracity pre-
dictions using our tool LiveFC. We requested three annotators with
background in automated fact-checking to rate the samples on
three factors such as evidence usefulness, evidence completeness
and topic relevance on Likert scale (1-5). The average ratings across
annotators with inter-annotator agreement are shown in Table 4.

4 Conclusion

This paper presents the LiveFC system, an end to end approach
for real-time fact-checking which employs efficient, effective and
smaller models. We applied it to the live stream of 2024 political
debate and observed that it was able to detect and verify facts in real-
time. We conducted offline evaluation of different core components
of the system using fact-checking benchmarks. We also conducted
manual and qualitative evaluation of fact-checks generated from
debate and observed that the system was able to detect all claims
detected by manual fact-checkers and also retrieve useful evidence
for accurate verification of claims. In the future, we plan to further
extend LiveFC to handle multi-modal evidence sources.
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