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Abstract

The proliferation of fake news on social media platforms
has exerted a substantial influence on society, leading to dis-
cernible impacts and deleterious consequences. Conventional
deep learning methodologies employing small language mod-
els (SLMs) suffer from the necessity for extensive supervised
training and the challenge of adapting to rapidly evolving
circumstances. Large language models (LLMs), despite their
robust zero-shot capabilities, have fallen short in effectively
identifying fake news due to a lack of pertinent demonstrations
and the dynamic nature of knowledge. In this paper, a novel
framework Multi-Round Collaboration Detection (MRCD) is
proposed to address these aforementioned limitations. The
MRCD framework is capable of enjoying the merits from both
LLMs and SLMs by integrating their generalization abilities
and specialized functionalities, respectively. Our approach fea-
tures a two-stage retrieval module that selects relevant and up-
to-date demonstrations and knowledge, enhancing in-context
learning for better detection of emerging news events. We fur-
ther design a multi-round learning framework to ensure more
reliable detection results. Our framework MRCD achieves
SOTA results on two real-world datasets Pheme and Twitter16,
with accuracy improvements of 7.4% and 12.8% compared to
using only SLMs, which effectively addresses the limitations
of current models and improves the detection of emergent fake
news detection.

Introduction
The proliferation of fake news on social networks has caused
significant impact and harm to society (Zhou and Zafarani
2020). In order to achieve automated detection of fake news,
numerous deep learning-based approaches have been pro-
posed (Zhang et al. 2024c; Wu and Hooi 2023; Hu et al.
2021). The traditional methods primarily utilize small lan-
guage models (SLMs) like BERT (Devlin et al. 2018) to
extract features from news content or propagation paths in
social networks to accomplish the classification task, demon-
strating promising performance across multiple fake news
detection datasets.

Despite the satisfactory performance of current methods
on specific datasets, these methods are mainly based on super-
vised training, whereas in reality, a large number of emergent
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news events occur frequently (Olan et al. 2022). Manual an-
notation of data is both time-consuming and costly, leading
to insufficient data for supervised training of models (Yin
et al. 2024; Gangireddy et al. 2020). Moreover, the contin-
uous evolution of news results in differences between the
distribution of emergent events and manually annotated data
as Figure 1(a) illustrates. These factors collectively lead to
traditional SLMs being unable to adapt well to emergent
events, thus failing to demonstrate satisfactory performance
in practical applications as Figure 1(b) presented.

Large Language Models (LLMs) have shown remarkable
abilities on various NLP applications due to their robust zero-
shot capabilities (Gruver et al. 2024; Kojima et al. 2022;
Zhang et al. 2024a). However, experiments in Figure 1(b)
have shown that LLMs do not exhibit strong detection ca-
pabilities for fake news in zero-shot and few-shot scenarios.
This might be attributed to two main reasons: Firstly, while
LLMs demonstrate strong task adaptation abilities, the poten-
tial of LLMs for fake news detection remains inactive due
to the lack of suitable demonstrations in zero-shot environ-
ments. Secondly, news events are continually evolving while
frozen-parameters LLMs lack external dynamic knowledge
to assist in judging emerging events.

Due to the limitations of LLMs in fake news detection,
recent researches (Su, Cardie, and Nakov 2023; Wan et al.
2024; Chen and Shu 2023) have opted to utilize LLMs to
provide additional assistance to SLMs for more accurate
detection. Dell (Wan et al. 2024) utilizes LLMs as agents
to form a social network by generating user comments and
employ LLMs to extract additional information such as sen-
timent and knowledge to aid SLMs in fake news detection.
ARG leverages LLMs to analyze news content and provide
rationales to help SLMs in detection (Hu et al. 2024). Recent
studies also leverage LLMs to extract more effective external
knowledge to assist in assessing the authenticity of news (Liu
et al. 2024). Although the utilization of LLMs have shown
improved detection capabilities, these methods still rely on a
substantial amount of data for training the SLMs as they only
use LLMs as an auxiliary to SLMs. Furthermore, they neglect
the fact that LLMs possess strong learning and generalization
capabilities for detecting fake news.

To address the dependency on data in current methods
and the issue of current models’ inability to accurately
detect emergent events, we propose a novel Multi-Round
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Figure 1: (a) illustrates two major challenges for emergent fake news detection, the distribution shift and lack of annotations.
(b) firstly demonstrates that SLMs perform well on testing past events after training, but its judgment capability significantly
decreases on emergent events. It then shows that LLM performs poorly on emergent events directly in zero-shot scenarios.
However, its detection effectiveness improves after using annotated data for few-shot learning and retrieval-augmented methods.
The two experiments are conducted on Twitter16 dataset with RoBERTa as the SLM and Llama3-8B as the LLM.

Collaboration Detection framework, dubbed MRCD that
combines the generalization capability of LLMs with the
specialized expertise of SLMs to achieve more accurate de-
tection of the authenticity of emerging news events. Inspired
by the success of in-context learning and retrieval-augmented
generation across numerous downstream tasks (Chen et al.
2023; Sun et al. 2023b; Lewis et al. 2020), we also employ
a novel two-stage retrieval module to select better demon-
strations and acquire the latest knowledge relevant to the
emergent news events. Since there are no similar manually
labeled news datasets available for emergent events, we use
a news corpus and online search engines in the first-stage
retrieval. This ensures we fetch the latest news articles clos-
est to the news under detection. The extracted news content
is then assigned with pseudo labels to serve as demonstra-
tions for the LLM’s in-context learning. The second-stage
retrieval utilizes wikipedia as external knowledge corpus to
retrieve latest knowledge relevant to the emergent events to
provide the LLM more common sense information. After
performing in-context learning with the LLM and pre-trained
SLM, we use both models to inference the unlabeled news
articles and devise a data selection method to divide them
into clean data pool and noisy data pool. Finally, we design a
multi-round learning framework where the LLM and SLM
collaborate to obtain a more generalized SLM and trans-
form all data into samples with clean labels. Our framework
MRCD achieves SOTA results on two real-world datasets
Pheme and Twitter16, with accuracy improvements of 7.4%
and 12.8% compared to using only SLMs.

Our contributions are summarized as follows:

• We introduce collaborative efforts between LLMs and
SLMs for fake news detection and further devise a multi-
round sample selection process to enhance detection accu-
racy in unsupervised emergent news events settings.

• To enable the LLM to have a better semantic understanding
of emergent news events and to access real-time knowledge,
a two-stage retrieval module is proposed to select better
demonstrations by utilizing online search engines and unla-

beled news corpus while acquiring the latest and accurate
knowledge from Wikipedia.

• Extensive experiments on real-world datasets demonstrate
our method MRCD achieved SOTA performance and im-
proves SLM’s performance significantly by collaborative
multi-round learning between the LLM and the SLM.

Related Work
Fake News Detection
Fake News Detection typically adopts a binary classification
framework, distinguishing between real and fake news arti-
cles. Recent researches can be mainly divided into three cate-
gories: content-based methods, knowledge-augmented meth-
ods and propagation-based methods. Content-based methods
primarily discern the authenticity of news by extracting dis-
tinct semantic information from real and fake news (Khat-
tar et al. 2019; Chen et al. 2022). Knowledge-augmented
methods utilize external knowledge corpus such as wikidata
to provide common sense knowledge to aid model’s detec-
tion (Hu et al. 2021; Zhang et al. 2024c; Sun et al. 2023a).
Propagation-based methods focuses on employing the prop-
agation paths of news to identify misinformation (Shu et al.
2020; Zhang et al. 2024b,d).

Due to the remarkable capabilities of LLMs across vari-
ous NLP tasks, recent research has emerged attempting to
apply LLMs to fake news detection. Dell (Wan et al. 2024)
utilizes LLMs as agents to form a social network by generat-
ing user comments and employ LLMs to extract additional
information such as sentiment and knowledge to aid SLMs
in fake news detection. ARG leverages LLMs to analyze
news content and provide rationales to help SLMs in detec-
tion (Hu et al. 2024). Recent studies also leverage LLMs to
extract effective external knowledge to assist in assessing
the authenticity of news (Liu et al. 2024). Although these
methods have shown promising performance, they have two
main shortcomings. Firstly, they still require a large amount
of data to train the SLMs and lack good generalization ability
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Figure 2: The architecture of MRCD. The → denotes the first round of learning while the 99K denotes the process for the
subsequent rounds of learning.

for emerging news events (Silva et al. 2021; Zhou et al. 2024;
Zhang et al. 2023). Secondly, they only utilize LLMs to pro-
vide additional knowledge to the small model, ignoring the
large model’s inherent ability for task reasoning and learning.

In-Context Learning

Recent research has demonstrated that LLMs can exhibit
excellent performance in numerous zero-shot and few-shot
downstream tasks through in-context learning (Li and Qiu
2023; Sun et al. 2023b; Chen et al. 2023; Ye et al. 2023).
Among these researches, a considerable of them has focused
on selecting better demonstrations (Liu et al. 2022; Wu et al.
2023). Unlike most studies that concentrate on utilizing al-
gorithms like BM25 to select relevant data from annotated
training datasets as demonstrations for test samples, Lyu and
Min (Min et al. 2022; Lyu et al. 2023) shows that in-context
learning benefits mainly from the correct distribution of the
inputs and the labels. Inspired by this, we choose to select
demonstrations from both search engines and news corpus
and assign pseudo labels for LLMs’ in-context learning. This
allows us to obtain examples closely related to the emergent
news events under detection, avoiding significant distribution
discrepancies between demonstrations and test data.

Retrieval-Augmented LLMs

Despite the outstanding performance of LLMs across var-
ious tasks, they still face challenges such as hallucination,
outdated knowledge and high fine-tuning costs (Gao et al.
2023; Li et al. 2017). Retrieval-Augmented methods have
shown promising effects in many knowledge-intensive tasks
as they allow for continuous knowledge updates and integra-
tion of domain-specific information (Lewis et al. 2020), such
as Question Answering (Khattab et al. 2022), dialog gener-
ation (Lin et al. 2023) and commonsense reasoning (Cheng
et al. 2023). To help LLM detect the authenticity of emergent
news events, we employed a two-stage retrieval process to
retrieve demonstrations and real-time knowledge for LLM.

Problem Formulation
This paper primarily aims to address the detection of emer-
gent news events. Let ε denote a set of news events.
Each event e is associated with a timestamp indicating
its occurrence. We sort the events based on these times-
tamps, arranging them from earliest to latest : ε =
(e1, t1), (e2, t2), ..., (en, tn). Then the events are divided into
two past events and future events by their timestamps. The
past events {Xs

e , Y
s
e } = {xs

e,i, y
s
e,i}Ki=1 are labeled posts and

the data pertaining to future events {Xt
e} = {xt

e,i}Ni=K+1
lacks any form of annotation. The data of past events are
used to initialize a SLM. The objective is for the LLM L and
the initialized SLM S to collaborate effectively in detecting
the authenticity of emergent news events.

Methodology
In this section, we introduce our proposed framework MRCD
which investigates fostering collaboration between LLM and
SLM. It incorporates a two-stage retrieval module to retrieve
unlabeled news articles as demonstrations and utilizes knowl-
edge from wikipedia to enhance the judgment capability of
the LLM. The LLM then makes zero-shot predictions for the
emergent news events under detection. Simultaneously, the
pre-trained SLM directly infers pseudo-labels for the news.
A data selection module is then designed to divide the data
into clean and noisy subsets, with the noisy data undergoing
another iteration for detection and the clean data using as
demonstrations for the LLM and training samples for the
SLM. The overview of MRCD is displayed in Figure 2.

Two-Stage Retrieval Module
Demonstration Retrieval Traditional demonstration se-
lection often involves finding data related to the samples
under detection from annotated training datasets for few-shot
in-context learning (Li and Qiu 2023; Ye et al. 2023; Wu
et al. 2023; Zhang et al. 2022). However, due to significant
distribution differences between continuously updated news
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events and pre-annotated training data, directly using anno-
tated training data as examples may not enable the LLM
to perform well in in-context learning. Recent research has
also found that the success of in-context learning depends
more on the semantic consistency between the test data and
the demonstration data, rather than the correctness of the
labels (Liu et al. 2022; Min et al. 2022; Lyu et al. 2023).
Therefore, we utilize online search engines1 W to retrieve
the latest news, avoiding mismatches between data in static
text corpus and emergent news events. To avoid the singu-
larity of data selection from search engines, we additionally
choose a news corpus (Przybyla 2020; Zhao et al. 2021) C to
supplement and ensure diversity in the retrieved data.

Let x denotes the news content, Nw = {w1, w2, ..., wn}
denotes the retrieved news from search engines W and
Nc = {c1, c2, ...cm} denotes retrieved news from news cor-
pus C. We utilize BM25 algorithm to extract the most seman-
tically and structurally similar top-k data from Nw and Nc

as demonstrations Nk = {d1, d2, ..., dk} as Equation 1:

Nk = BM25top-k(x,Nw ∪Nc) (1)

Directly incorporating unlabeled news diminishes the LLM’s
ability to discern authentic news from fake, as the LLM re-
lies heavily on labeled demonstrations to learn task-specific
nuances (Liu et al. 2022). Additionally, simply assigning
pseudo labels such as "real" or "fake" can result in copy ef-
fects, where the model mimics the surface characteristics of
the labels rather than understanding the underlying truthful-
ness of the content (Lyu et al. 2023). Inspired by (Lyu et al.
2023; Li et al. 2018), we use semantic synonyms as pseudo
labels. Each unlabeled instance xi is assigned a randomly
selected label ŷi ∈ Ŷ to construct demonstrations D:

D = {(x1, ŷ1), (x2, ŷ2), ..., (xk, ŷk)|xi ∈ Nk, ŷi ∈ Ŷ} (2)

These synonyms are crafted to be semantically similar to ’real’
and ’fake’ but diverse enough to prevent direct replication
of these terms by the LLM. By employing semantically rich
alternatives, we ensure that the LLM engages more deeply
with the content, activating its detection capabilities while
preventing the copy effect.

Knowledge Retrieval Retrieval-Augmented methods have
shown promising effects in many knowledge-intensive tasks
as they allow for continuous knowledge updates and inte-
gration of domain-specific information (Lewis et al. 2020;
Chang et al. 2024; Zhang, Zhang, and Pan 2022). To enable
LLM to have a more detailed understanding of emergent news
events and entities, we utilize wikipedia, which is continu-
ously updated and widely used in knowledge-intensive tasks,
as an external knowledge base to provide factual knowledge
retrieval.

We utilize a LLM as an agent to retrieve key enti-
ties {k1, k2, ..., kn} from news content and then use the
Wikipedia API2 to retrieve information about these key en-
tities K = {(k1, i1), (k2, i2), ..., (kn, in)}. The retrieved in-
formation with the news articles are provided to the LLM,

1https://api.bing.microsoft.com/v7.0/news/search
2https://www.wikipedia.org/

Algorithm 1: Pseudo-code for MRCD
Input :Emergent Events {Xt

e} = {xt
e,i}Ni=K+1,

LLM L, SLM S initialized with Past Events
{Xs

e , Y
s
e } = {xs

e,i, y
s
e,i}Ki=1, round = 1

output :Labeled Emergent Events
{Xt

e} = {xt
e,i, y

t
e,i}Ni=K+1

/* Multi-round Learning */
1 if round == 1 then
2 Obtain Demonstrations D by BM25 and assign

pseudo labels from (W , C);
3 Knowledge-Retrieval Module to obtain K;
4 Inference by L and S to obtain (ŷ1, ŷ2);
5 ŷ1 = argmaxŷ1∈YP (ŷ1|D,K, x)
6 ŷ2 = argmaxŷ2∈YP (ŷ2|x) ;
7 Selection module to obtain Dclean and Dnoisy;
8 round = round + 1;
9 end

10 for round ≤ N do
11 Retrieve D for L and fine-tune S by Dclean;
12 Dnoisy inference by L and S to obtain (ŷ1, ŷ2);
13 Selection module to update Dclean and Dnoisy;
14 round = round + 1;
15 end
16 if Dnoisy ̸= ∅ then
17 Dnoisy inference by S to obtain ŷ2;
18 Update Dclean as final labels;
19 end

enabling it to have the most up-to-date and accurate external
knowledge assistance for understanding and judgment.

Once the demonstrations D and related knowledge K are
determined, MRCD concatenates them with the content of the
news article x as input feed into the LLM. After in-context
learning by demonstrations, LLM provides the predicted
labels ŷ1 for x supplemented with related knowledge:

ŷ1 = argmaxŷ1∈YP (ŷ1|D,K, x) (3)

The predicted labels ŷ1 from LLM and the news articles x
are passed to the SLM for further data filtering and labeling.

Data Selection Module
As the news articles with pseudo labels (x, ŷ1) provided
by the LLM are passed to the initialized SLM, the SLM
directly infers pseudo labels ŷ2 for the news article x. In
semi-supervised learning, using pseudo labels with high con-
fidence as true labels for further training is a widely used ap-
proach (Rizve et al. 2020; Li et al. 2021). Inspired by this, we
design a filtering mechanism that leverages the pseudo labels
of both LLM and SLM to filter cleaner labels simultaneously.
All unlabeled news {(x, ŷ1, ŷ2), x ∈ X )} are divided into
clean data pool Dclean and noisy data pool Dnoisy by Equa-
tion 4, where p(ŷ2) denotes the output probability by SLM
and ω denotes the confidence thresholds:

Dclean = {(xi, yi) | ŷ1 = ŷ2 and p(ŷ2) ≥ ω}
Dnoisy = {(xi) | ŷ1 ̸= ŷ2 or p(ŷ2) < ω} (4)
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Category Method
Pheme Twitter16

Acc Pre Rec F1 Acc Pre Rec F1

SLM

RoBERTa 0.714 0.777 0.695 0.734 0.644 0.649 0.641 0.645
EANN 0.744 0.738 0.745 0.741 0.641 0.621 0.741 0.676
M3FEND 0.746 0.747 0.746 0.746 0.642 0.608 0.816 0.697
FTT 0.754 0.748 0.764 0.756 0.651 0.649 0.720 0.683

LLM
(zero-shot)

Llama2-7B 0.505 0.498 0.697 0.581 0.496 0.501 0.494 0.498
Llama3-8B 0.535 0.518 0.770 0.620 0.562 0.574 0.531 0.552
GPT3.5 0.503 0.500 0.714 0.586 0.583 0.585 0.571 0.578

LLM
(few-shot)

Llama2-7B 0.528 0.511 0.894 0.650 0.590 0.598 0.584 0.591
Llama3-8B 0.549 0.524 0.961 0.679 0.622 0.607 0.717 0.658
GPT3.5 0.520 0.507 0.850 0.635 0.621 0.609 0.705 0.653

LLM+SLM ARG 0.743 0.741 0.779 0.760 0.705 0.698 0.710 0.704

MRCD

Llama2+RoBERTa 0.772 0.765 0.775 0.770 0.732 0.717 0.619 0.664
GPT3.5+RoBERTa 0.781 0.735 0.821 0.778 0.768 0.752 0.734 0.743
Llama3+RoBERTa 0.788 0.700 0.900 0.786 0.772 0.765 0.775 0.770
Llama3+FTT 0.814 0.788 0.841 0.814 0.794 0.768 0.782 0.774

Improvements
Impr. RoBERTa +7.4% / +20.5% +5.2% +12.8% +11.6% +13.4% +12.5%
Impr. FTT +6.0% +4.0% +7.7% +5.8% +14.3% +11.9% +13.2% +12.1%

Table 1: Performance of baselines and MRCD. Best results are in bold and second best results are underlined.

Multi-Round Learning
The initial classification of datasets into Dnoisy and Dclean

is only the beginning. Following this initial differentiation, a
multi-round learning strategy is applied to further refine and
enhance the quality of classifications, facilitating the dynamic
adjustment of both the LLM and the SLM to capture emergent
news efficiently.

Starting from the second round, these data in Dnoisy is
re-evaluated as unlabeled data and also undergoes the process
of two-stage retrieval and data selection. Distinct from the
initial round where demonstrations are primarily retrieved
from external sources, in subsequent rounds, demonstrations
D′

are drawn from the previously established Dclean utilizing
the BM25 algorithm:

N
′

k = BM25top-k(x,Dclean)

D
′
= {(x1, ŷ1), (x2, ŷ2), ..., (xk, ŷk)|xi ∈ N

′

k}
(5)

In addition, the SLM will also use the data with clean
labels for fine-tuning, further enhancing its ability to detect
emergent news events. Apart from the demonstration retrieval
module and SLM’s fine-tuning, the rest modules of MRCD re-
main the same as in the first round. Through iterative rounds,
we employ an iterative re-labeling strategy where each piece
of data in Dnoisy is reevaluated, and those meeting a specific
confidence criterion are transferred to Dclean:

Dnew
clean = {(xi, yi)|xi ∈ Dnoisy and p(ŷ2) > ω} ∪Dclean

(6)
The newly validated instances in Dnew

clean are then used as both
training data for the SLM and demonstrations for the LLM
in the upcoming iterations. When reaching the threshold Nth

round, the remaining samples in Dnoisy are directly predicted
by the SLM S as the final judgment labels, thus completing
the iterative learning cycle and solidifying the dataset clas-

sification. The overall pipeline is depicted in Algorithm 1,
providing a detailed visualization of the multi-round learning.

Experiments
Datasets
To fairly evaluate the performance of the proposed model
MRCD, we conduct experiments on datasets collected from
real-world social media, namely Twitter16 (Detection and
visualization of misleading content on Twitter 2018) and
Pheme (Zubiaga, Liakata, and Procter 2017). Twitter16 and
Pheme directly crawled news articles from trending events on
Twitter, with each piece of data labeled with the associated
event. Therefore, in Pheme, we use the latest occurring events
germanwings-crash as the test set. For Twitter16, we directly
use the events in the test set for evaluation.

Baselines
We select the following methods as baselines and divide
them into three categories: SLM methods, LLM mod-
els and SLM+LLM methods. For the SLM Methods.
RoBERTa (Liu et al. 2019) is an extension of BERT (Devlin
et al. 2018) which employs dynamic masking strategies and
larger batch sizes during pre-training for natural language
understanding. EANN (Wang et al. 2018) firstly utilizes a dis-
criminator to derive event-invariant features for multi-domain
fake news detection. M3FEND (Zhu et al. 2022) proposes a
memory-guided multi-view framework to address the prob-
lem of domain shift and domain labeling incompleteness.
FTT (Hu et al. 2023) adapts the model to future data by
forecasting the temporal distribution patterns of news data.
For the LLMs. Llama2 (Touvron et al. 2023) is an auto-
regressive, decoder-only large language model based on the
Transformer architecture. Llama3 uses the group query at-
tention and a tokenizer with 128K words, based on Llama2.
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Round Model Accuracy Recall Precision F1-Score Clean Pool Noisy Pool

Round 0
LLM(zero-shot) 0.562 0.574 0.531 0.552 0 0
LLM(few-shot) 0.622 0.607 0.717 0.658 0 0

Round 1
SLM 0.644 0.650 0.641 0.645 637 789
LLM 0.604 0.588 0.722 0.650 637 789

Round 2
SLM 0.678 0.662 0.704 0.682 728 698
LLM 0.674 0.639 0.704 0.678 728 698

Round 3
SLM 0.772 0.765 0.775 0.770 763 663
LLM 0.665 0.661 0.739 0.689 763 663

Round 4
SLM 0.743 0.713 0.791 0.751 798 628
LLM 0.663 0.658 0.692 0.674 798 628

Round 5
SLM 0.711 0.703 0.803 0.749 813 613
LLM 0.667 0.653 0.695 0.671 813 613

Table 2: Analysis on multi-round learning.

GPT3.5 is a large language model, which has shown a sur-
prising ability to solve NLP tasks without finetuning. We
conduct zero-shot and few-shot experiments on these LLMs.
In the few-shot experiments, we employed a 2-shot setup,
wherein each LLM is provided with two real news samples
and two fake news samples from test set as demonstrations.
LLM+SLM Methods. ARG (Hu et al. 2024) designs an
adaptive rationale guidance network for fake news detection,
in which SLMs selectively acquire information from LLM’s
rationales to enhance detection ability.

Implementation Details
Since we focus more on demonstrating the effectiveness
of our framework MRCD, we use a simple pre-trained
RoBERTa model (Liu et al. 2019) and an advanced FTT (Hu
et al. 2023) model as the SLM. To verify the capabilities
of different LLMs and their impact on MRCD, we select
Llama2-7B, Llama3-8B and GPT-3.5 as the LLMs. To make
a fair comparison, we replace the text feature extractors in
the baseline SLMs architectures with a pre-trained RoBERTa.
We set confidence threshold ω to 0.8, batch size to 32, round
threshold N to 3, number of demonstrations k to 4. Our pro-
posal is trained on 4 NVIDIA 3090 GPUs. The AdamW with
a weight decay of 1e-4 is used as the optimizer and the initial
learning rate is set to 1e-3.

Experimental Results
Table 1 illustrates the comparison between our approach
MRCD and the baseline methods across two datasets. The
three LLMs do not achieve satisfactory results in both zero-
shot and few-shot settings, indicating that directly using
LLMs for emergent fake news detection is not advisable.
However, the application of all three LLMs contributes sig-
nificantly to the success of MRCD. The Llama3+FTT model
achieves the best results, demonstrating that the intrinsic
capabilities of the LLM are crucial within our framework.
MRCD(Llama3+RoBERTa) achieves an increase in accuracy
of 7.4% and 12.8%, and an increase in f1-score of 5.2% and
12.5% compared to directly applying the SLM RoBERTa on
Pheme and Twitter16 respectively. This demonstrates that
MRCD significantly enhances the ability of SLMs to detect

emergent news events by effectively utilizing the collabora-
tive paradigm between LLMs and SLMs. Furthermore, de-
spite using only a standard RoBERTa model as our SLM
rather than a specialized fake news detection model, MRCD
still outperforms existing SOTA SLMs for emergent fake
news detection and ARG, which fully demonstrates the effec-
tiveness of our approach. Notably, the chosen SLM RoBERTa
in our framework can be replaced with other more advanced
models specifically designed for emergent fake news detec-
tion. For instance, MRCD(Llama3+FTT) also proves the
detection accuracy significantly compared to FTT, further
demonstrating the universality of our framework as it can
accommodate any more advanced SLM and LLM to improve
the detection ability.

Multi-round Learning Analysis
To verify the effectiveness of multi-round learning, we con-
duct experiments on the inference results of both the LLM
and SLM after each round of learning. Additionally, we
record the changes in the number of samples in the clean
data pool Dclean and noisy data pool Dnoisy after each
round. Here we use Llama3-8B as the LLM, RoBERTa as the
SLM and conduct experiments on Twitter16 to investigate
the changes. The results are shown in Table 2.

In the first round, after undergoing knowledge retrieval
from external knowledge bases and demonstration retrieval
from online engines and news corpus, the LLM shows sig-
nificant improvement compared to its zero-shot inference
results. This demonstrates that our two-stage retrieval effec-
tively enhances the LLM’s detection capabilities, achieving
performance close to that of few-shot settings even without
labeled samples. In the second and third round, benefiting
from the clean samples used as demonstrations for the LLM
and finetuning the SLM, both models show significant im-
provement in detection capabilities compared to the first
round. Additionally, data from the noisy pool Dnoisy gradu-
ally transitioned to the clean pool Dclean. This demonstrates
that our multi-round learning approach effectively leverages
pseudo-labeled samples to enhance the generalization capa-
bilities of both LLM and SLM for emergent news events,
thereby improving the detection accuracy and reliability of
the pseudo labels. However, starting from the fourth round,
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Variant Models
Pheme Twitter16

Acc Pre Rec F1 Acc Pre Rec F1
MRCD(Llama3-Based) 0.788 0.700 0.900 0.786 0.772 0.765 0.775 0.770
w/o Demonstration 0.762 0.691 0.920 0.774 0.680 0.808 0.675 0.735
w/o Search Engine 0.774 0.712 0.850 0.771 0.763 0.754 0.761 0.757
w/o News Corpus 0.772 0. 691 0.883 0.778 0.758 0.765 0.754 0.759
w/o Knowledge 0.769 0.695 0.831 0.752 0.761 0.762 0.734 0.748
w/o Multi-Round 0.717 0.702 0.789 0.741 0.678 0.662 0.704 0.682

Table 3: Ablation Study on Pheme and Twitter16.

Figure 3: Hyper-parameter sensitivity analysis of N and ω.

the performance of the SLM experiences a noticeable de-
cline. This is due to an increased number of noisy samples
Dnoisy contaminating the clean sample pool Dclean, which
are then used for finetuning the SLM. In contrast, the LLM
is less affected because in-context learning focuses more on
the content of the demonstrations rather than the accuracy of
the labels, which further supports the feasibility of extracting
content from external sources and using pseudo-labels as
demonstrations.

Ablation Study
To investigate the role of each module in MRCD, we conduct
ablation experiments for five modules, as shown in Table 3.
"w/o Demonstration" denotes the implementation without re-
trieving demonstrations from online search engines or news
corpus for in-context learning. We further conduct experi-
ments with "w/o Search Engine" and "w/o News Corpus"
separately to further validate the roles of these two demon-
stration sources. "w/o Knowledge" represents the model re-
sults after removing the knowledge retrieval module. "w/o
Multi-Round" denotes the model not utilizing multi-round
learning but using the clean data Dclean from the first round
to finetune the SLM and make the prediction.

When we remove the retrieval of demonstrations from
the external sources, MRCD exhibits a significant decrease
in performance across two datasets, especially on the Twit-
ter dataset. This underscores the importance of providing
demonstrations for the LLM through in-context learning. Fur-
thermore, to further validate the impact of search engines and
news corpus, we conduct ablation experiments on each source
separately. The results indicate that eliminating either source
led to d decline in model performance, highlighting the neces-
sity of leveraging diverse external sources as demonstrations
providers. To validate the impact of knowledge retrieval, we
conduct an ablation study by removing the knowledge re-
trieval component. We observe that the model’s performance
declined across the two datasets, indicating that knowledge

retrieval is crucial for enhancing the model’s effectiveness.
Finally, we also evaluate the performance without employing
multi-round learning. We find that in the absence of multi-
round learning, the model struggles to effectively utilize the
pseudo-labeled data to adapt to emergent news events, result-
ing in suboptimal performance.

Parameter Sensitivity Analysis
Here we conduct hyper-parameter sensitivity analysis on the
weights of two parameters: the threshold N of multi-round
learning and the confidence thresholds ω of data selection.
We observe that when the threshold N of multi-round learn-
ing is under 3, MRCD does not perform well in detection
because it cannot extract enough clean samples in Dclean to
fine-tune the SLM and provide demonstrations for the LLM’s
in-context learning. Conversely, when the threshold N is
larger than 3, too many noisy samples may be incorporated
into the clean pool Dclean, leading to a decline in the SLM’s
judgment capability. The same applies to confidence thresh-
old ω: when ω is less than 0.8, the clean pool Dclean contains
too much noisy samples, reducing the SLM’s performance.
On the other hand, when ω is larger than 0.8, there are too few
samples to fine-tune the SLM and provide demonstrations for
the LLM, resulting in poor accuracy as both models cannot
adequately adapt to new news events.

Conclusion
Emergent fake news detection primarily faces the challenges
of inconsistent distribution of emerging data and the lack of
annotation. To address these challenges, in this paper we pro-
pose a multi-round collaboration framework between LLM
and SLM for emergent fake news detection, dubbed MRCD.
We propose a two-stage retrieval module, a data selection
module, and a multi-round collaboration module to enhance
detection capability in unsupervised emergent news events
settings. Extensive experiments on two real-world datasets
have proven the effectiveness of our model MRCD.
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