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Abstract

The spread of rumors along with breaking events seriously
hinders the truth in the era of social media. Previous stud-
ies reveal that due to the lack of annotated resources, rumors
presented in minority languages are hard to be detected. Fur-
thermore, the unforeseen breaking events not involved in yes-
terday’s news exacerbate the scarcity of data resources. In
this work, we propose a novel zero-shot framework based
on prompt learning to detect rumors falling in different do-
mains or presented in different languages. More specifically,
we firstly represent rumor circulated on social media as di-
verse propagation threads, then design a hierarchical prompt
encoding mechanism to learn language-agnostic contextual
representations for both prompts and rumor data. To further
enhance domain adaptation, we model the domain-invariant
structural features from the propagation threads, to incorpo-
rate structural position representations of influential commu-
nity response. In addition, a new virtual response augmen-
tation method is used to improve model training. Extensive
experiments conducted on three real-world datasets demon-
strate that our proposed model achieves much better perfor-
mance than state-of-the-art methods and exhibits a superior
capacity for detecting rumors at early stages.

1 Introduction

The spread of rumors emerging along with breaking news
is a global phenomenon, which can cause critical conse-
quences for social network users in different lingual con-
texts. For example, during the unprecedented COVID-19
pandemic, a false rumor claiming that “the vaccine has a

chip in it which will control your mind”' released by a Mus-
lim cleric, went viral on Facebook and Twitter in different
languages. Such misleading claims about vaccines are being
shared widely in many countries, which confuse the public
and undermine their enthusiasm for vaccination. Due to the
barriers of domain and language, even human fact-checkers
are poor judges of such rumors. Therefore, it’s imperative to
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develop automatic approaches for rumor detection spread in
different languages amid unforeseen breaking events.

Social psychology literature defines a rumor as a story or
a statement whose truth value is unverified or deliberately
false (Allport and Postman 1945). In this study, we focus
on detecting rumors on social media, instead of “fake news”
strictly defined as a news article published by a news out-
let that is verifiably false (Yang et al. 2022). State-of-the-art
techniques using deep neural networks (DNNs) (Bian et al.
2020; Lin et al. 2021a; Rao et al. 2021) have promoted the
development of rumor detection, but they are all data-driven
models that require extensive annotated data for model train-
ing. Most corpora are open-domain and presented in En-
glish, which makes them not scalable to emerging events
in new languages where only few/no labeled data is avail-
able. Zero-shot rumor detection task (ZRD) aims to adapt
knowledge learned in the source rumor data to the target
data without labeled training samples in the target language
and domain, as shown in Figure 1. Previous related stud-
ies (Du et al. 2021; Tian, Zhang, and Lau 2021) directly
utilize pre-trained language models (PLMs) (Devlin et al.
2019) to fine-tune on ZRD task. However, they just formu-
lated the zero-shot rumor detection as a cross-lingual text
classification problem and detected the single claim post
with a heavy task-specific fine-tuning stage, which makes
it deviate from the pre-training target on masked language
modeling, even ignoring the domain-invariant interaction of
user opinions during the diffusion of rumors. More recently,
Lin et al. (2022) propose a contrastive learning framework to
detect rumors from different languages and domains, where
a small number of target annotation is required. However, it
is prone to be poor at emerging events propagated in minor-
ity languages without any expertise annotation, especially in
some underdeveloped countries and regions. For breaking
events with scarce annotated data in different languages, the
study on the zero-shot regimes is more urgent and practical
for rumor detection on social media.

In this paper, we focus on exploring efficient prompting
with language and domain transfer for zero-shot rumor de-
tection. We assume there are no accessible annotations in
the target language and domain, so prompt learning mech-
anisms (Zhao and Schiitze 2021) based on existing multi-



[€Ls; —  Rumor : [CLS] —> Non-rumor
4 u I 0 4
[MASK]: Unverified : [MASK]: s
f R t
( Multilingual PLMs >
I ' i :
Prompt: It was [MASK] Prompt: [MASK] <uls

Qa1 3 Jianiiaall 555, Jale
Uiy sSH 400 s i, Uig 5 sS Qg s s

a) Training on Politics domain in English  b) Testing on COVID-19 domain in Arabic

Saudi Arabia beheads first female

T
|
|
|
|
robot citizen. |

Figure 1: Ilustration between the task-specific fine-tuning
and the prompt learning paradigms for solving ZRD task.

lingual PLMs can be utilized. However, the standard prompt
learning paradigm adopts discrete or soft prompts, where the
discrete prompt requires experts of native speakers to de-
sign rumor-related templates/rules for different languages,
and the soft prompt uses optimized token representations
trained on a large dataset. Unlike the standard prompt-tuning
paradigm, we propose to decouple shared semantic informa-
tion from the syntactic bias in specific languages based on
multilingual PLMs, which could enhance the semantic in-
teraction between the prompt and rumor data. Besides, as
the diffusion of rumors generally follows spatial and tempo-
ral relations that provide valuable clues on how a claim is
transmitted irrespective of specific domains (Zubiaga et al.
2018), we aim to develop a novel prompt learning mecha-
nism to take such social context into consideration.

To this end, we propose a zero-shot Response-aware
Prompt Learning (RPL) framework to detect cross-lingual
and cross-domain rumors on social media. More specifi-
cally, we firstly rank responsive posts toward the claim to
represent diverse propagation threads. Then a hierarchical
prompt encoding mechanism is proposed based on multilin-
gual PLMs, which alleviates the effort of prompt designing
for different languages. On the other hand, as the propaga-
tion structure contains domain-invariant features on how a
claim is responded to by users over time, we model the ab-
solute and relative propagation position to capture the la-
tent structure of the propagation thread for better domain
adaptation. To further improve the zero-shot model train-
ing, we incorporate a new virtual response augmentation
mechanism into the prompt learning framework. As there
is no public benchmark available for detecting rumors in
low-resource languages with propagation threads in tweets,
we collected a new rumor dataset corresponding to COVID-
19 from Twitter in Cantonese and Arabic languages. Ex-
tensive experiments conducted on three real-world rumor
datasets corresponding to COVID-19 confirm that (1) our
model yields outstanding performance for detecting zero-
shot rumors over the state-of-the-art baselines with a large
margin; and (2) our method performs particularly well on
early rumor detection which is crucial for timely interven-
tion and debunking especially for breaking events.

2 Related Work

Pioneer studies for automatic rumor detection focused on
learning a supervised classifier utilizing features crafted
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from post contents, user profiles, and propagation pat-
terns (Castillo, Mendoza, and Poblete 2011; Yang et al.
2012; Liu et al. 2015). Subsequent studies then proposed
new features such as those representing rumor diffusion and
cascades (Kwon et al. 2013; Friggeri et al. 2014; Hannak
et al. 2014). Zhao, Resnick, and Mei (2015) alleviated the
engineering effort by using a set of regular expressions to
find questing and denying tweets. Deep neural networks
such as recurrent neural networks (Ma et al. 2016), convolu-
tional neural networks (Yu et al. 2017), and attention mech-
anism (Guo et al. 2018) were then employed to learn the
features from the stream of social media posts. To extract
useful clues jointly from content semantics and propagation
structures, some approaches proposed kernel-learning mod-
els (Wu, Yang, and Zhu 2015; Ma, Gao, and Wong 2017),
tree-structured recursive neural networks (RvNN) (Ma, Gao,
and Wong 2018), self-attention models (PLAN (Khoo et al.
2020), STANKER (Rao et al. 2021)) and graph neural net-
works (BiGCN) (Bian et al. 2020) have been exploited to en-
code conversation threads for higher-level representations.

Recently, zero-shot transfer learning techniques are ap-
plied on PLMs to detect fake news (Du et al. 2021; Schwarz,
Thedphilo, and Rocha 2020; De et al. 2021) by down-
stream task-specific fine-tuning methods. Tian, Zhang, and
Lau (2021) utilized PLMs and a self-training loop to adapt
the model from the source language to the target language
in multi-step iteration. However, these approaches only con-
sider cross-lingual text classification and face problems such
as task mismatch between pre-training and fine-tuning, and
ignore the domain-invariant propagation patterns from com-
munity response. Considering that rumors can be domain-
specific and/or presented in different languages, Lin et al.
(2022) first introduced supervised contrastive learning for
few-shot rumor detection based on propagation structure.
However, their few-shot paradigm still relies on a small
number of target data for training, which cannot perform
well in detecting more minority-language rumor data with-
out any expertise annotation in case of emerging topics.

Prompt learning converts downstream tasks to language
modeling tasks via textual prompts, which is found more
effective to use PLMs than typical fine-tuning on specific
tasks (Brown et al. 2020; Liu et al. 2021a). In recent years,
prompt learning has achieved great success in a variety of
NLP tasks, such as text classification (Min et al. 2022),
semantic parsing (Schucher, Reddy, and de Vries 2021),
text generation (Li and Liang 2021), sentiment classifica-
tion (Seoh et al. 2021) and dialog state tracking (Lee, Cheng,
and Ostendorf 2021), etc. Despite the flourish of the re-
search in prompting methods, there is only limited atten-
tion being put on the low-resource rumor detection task (Lin
et al. 2022). Different from a few previous multilingual
work (Zhao and Schiitze 2021; Winata et al. 2021; Lin et al.
2021b) on either discrete or soft (Liu et al. 2021b; Lester, Al-
Rfou, and Constant 2021) prompts, in this paper, we tune the
level-grained models’ parameters for language-agnostic ru-
mor prompts, which further attends to user interactions from
community response for zero-shot rumor detection task.
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Figure 2: The overall architecture of our proposed method. For the source training data, we first obtain intermediate syntax-
independent embeddings after the SynEncoder, then tune the SemEncoder with the prototypical verbalizer paradigm. For target
test data, the similarity score between the output states of [/MASK] and prototypes would be used to detect rumors.

3 Problem Statement and Background

In this work, we define the zero-shot rumor detection task
as: given a dataset as source, classify each event in the tar-
get dataset as a rumor or not, where the source and target
data are from different languages and domains. Specifically,
we define a source dataset for training as a set of events
D, = {C},C5,-+-,Chs}, where M is the number of source
events. Each event C° (y,c,T(c)) is a triplet repre-
senting a given claim ¢ which is associated with a verac-
ity label y € {rumor, non-rumor}, and ideally all its rele-
vant responsive microblog post in chronological order, i.e.,
T (c) = [21,25, -+, x,, |, where m is the number of respon-
sive posts in the conversation thread. We consider the tar-
get dataset with a different language and domain from the
source dataset for testing D, = {C7, C5, -+, C}, where N
is the number of target events and each C* = (¢, T(c"))
shares the similar structure as that of the source.

This task could be formulated as a supervised classifica-
tion problem that trains a language/domain-agnostic clas-
sifier f(-) transferring the features learned from source
datasets to that of the target events, that is, f(C|D,) — y.

In this work, we convert the rumor detection as a cloze-
style masked language modeling problem. For example,
given a cloze-style template p (e.g., “For this [MASK]
story.” as the prompt, spliced with the claim c into ¢, the
standard prompt learning leverages PLMs to obtain the hid-
den state for the [/MASK] token, to infer the rumor-indicative
words to fill in /MASK]. The probability of label y is:

P(yle) = g(P(IMASK] = v|é)|[v € V) ey

where V is a set of rumor-related label words, V, is the sub-
set of V corresponding to y and g(-) is a manual verbalizer
to transform the probability of label words into that of the la-
bel. In this way, we could map predicted words for [MASK]
into the veracity label to make a decision on the claim.

4 Our Approach

In this section, we introduce our Response-aware Prompt
Learning framework for zero-shot rumor detection. Because
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the rumor-related prompt design for different languages can
be biased and labor-intensive, we propose to learn language-
independent prompts including the template and verbal-
izer. On another hand, as the responsive posts could pro-
vide a domain-invariant propagation structure for represen-
tation learning, we explore how to fuse such community
response into the prompt learning framework. Figure 2 il-
lustrates an overview of our proposed model: 1) Response
Ranking, which presents each event as diverse propagation
threads following temporal or spatial relations; 2) Hierar-
chical Prompt Encoding, which is the backbone to learn
language-independent interaction between the prompt and
the event with the prior knowledge of multilingual PLMs; 3)
Propagation Position Modeling, which equips our proposed
prompt-based framework with the latent structure of the
propagation thread; and 4) Response Augmentation, which
adds noise to responsive posts to improve model training for
better robustness.

4.1 Response Ranking

To highlight the social context for enhancing the contextual
representation learning for the event, we propose to attend
over evidential responses. The core idea is to rank all the
responses based on diverse propagation threads.

First, we hypothesize that the attitudes of responsive posts
towards the claim will become more inclined as time goes
by, thus the responsive posts can be sorted in chronological
and inverted order on the time sequence. Specifically, for
the chronological order, responsive posts with earlier time
stamps are prioritized, i.e., 7(c) = [y, %9, ", T, ], and
vice versa for the inverted order on the time sequence, i.e.,
T(C) = [xmwrm—lv T 371].

Besides the perspective of time sequence, inspired
by (Ma, Gao, and Wong 2018; Bian et al. 2020), we fur-
ther represent the propagation thread as a tree structure

7 (c)
=
resenting a responsive post of ¢, and £ is a set of directed

paths conforming to the responsive relation among the nodes
in G. We scrutinize the optimal search algorithms on the tree

(G, E’), where G refers to a set of nodes each rep-



structure to select more evidential posts in depth-first and
breadth-first order. Specifically, the depth-first search studies
the propagation patterns during information flows from the
ancestor to the children nodes while the breadth-first search
gives priority to the interaction of user opinions among sib-
ling nodes. Taking the propagation tree in Figure 2 as an ex-
ample, the depth-first order of the response ranking would be
[x1, 22, Ts5, T3, Ta, Tg |; for the breadth-first order, it would
be [21, 23, 2o, T4, T5, T6 ).

In this way, concerning perspectives of time sequence or
propagation tree, we could investigate the importance of dif-
ferent responses 7 (¢) on the verdict of a claim.

4.2 Hierarchical Prompt Encoding

Generally, it will lead to bias towards syntax in specific lan-
guages if we directly utilize the existing tokens from the vo-
cabulary like expertise words or language-specific slang as
the template. To bridge the gap between languages in this
task, the template shall not depend on any specific language.
Although the soft prompt is a potential way to solve this
problem, its trainable tokens require enough target rumor
data for training, which is challenging in zero-shot regimes.
To this end, we hope to implicitly disentangle shared se-
mantic information from different languages with language-
specific syntactic knowledge, by leveraging the priors of
multilingual PLMs. Previous literature (Jawahar, Sagot, and
Seddah 2019; Rao et al. 2021; Huang et al. 2022) has
shown that the lower layers of PLMs can capture syntactic-
level features while the upper layers of PLMs model the
semantic-level features. Therefore, we can present a Hier-
archical Prompt Encoding (HPE) mechanism for language-
independent representation learning of the template and the
event at syntactic and semantic levels. In our approach, we
hypothesize that the semantic information could be shared
over different languages though the syntax is language-
dependent.

SynEncoder Layer. At the syntactic level, to obtain the
intermediate syntax-independent embeddings, we copy and
froze the parameters of the lower k layers from multilin-
gual PLMs encoders to encode the template and the event,
respectively. Specifically, the original template p is syntacti-
cally mapped into a shared vector space:

X, = SynEncoder (p) 2)

where X, € RPX i the template embeddings and d is the
dimension of the output state of SynEncoder.

For an event C, as all the responsive posts are presented
in the same language and domain as the claim either at the
training or testing stages, we could concatenate them in the
same frozen SynEncoder to obtain the embeddings of the
event:

X, = SynEncoder ([¢, T (¢)]) 3)
oXd .

where [ -, -] means the splicing operation, X, € R°"“ is the
embeddings of the event (i.e., claim with its community re-
sponse), o is the maximum sequence length of PLMs. Based
on the obtained response ranking, the contextually coherent
posts could be potentially retained from the perspectives of
the temporal and spatial relations, respectively, under the in-
put length restriction of PLMs (Devlin et al. 2019).
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SemEncoder Layer. At the semantic level, we initialize

a trainable semantic encoder with the (k + 1)th layer to the
top layer of the PLMs. Then we concatenate and refine the
output states of the template and the event, on top of the
frozen SynEncoder, to further model the semantic interac-
tion between the template and the event:

H = SemEncoder ([ X, X..]) “)

In summary, we map the simple English discrete prompt
into a shared embedding space at the syntactic level by the
prior knowledge of SynEncoder, which is then fed into the
SemEncoder for semantic interaction with the event. On top
of the SemEncoder, we present a prototypical verbalizer to
map the output states H'" of [MASK] token into the label y
without manual rumor-related label words for specific lan-
guages, which would be depicted in Sec. 4.5.

4.3 Propagation Position Modeling

To bridge the prompt learning and propagation structures
for zero-shot rumor detection on social media, we further
propose Absolute and Relative Propagation Position Mod-
eling, to inject the propagation information into the tunable
SemEncoder for domain-invariant structural features extrac-
tion at the semantic level.

For Absolute Propagation Position, we exploit the prop-
agation path of a responsive post in the propagation tree,
which is complementary to its sequential counterpart (De-
vlin et al. 2019). Specifically, given a token g from a post
x;, we treat the claim ¢ of the event as the root and use
the distance of the responsive path from the current post to
the root as the absolute propagation position: abs,,,(q) =
distance;,.. (z;, c), where tree is the propagation structure

T(c) =G, 75)) Note that in this work, we make the tokens
in the same post share the propagation position of the post
in the propagation tree. Thus we update the input represen-
tation of the token ¢ for the tunable SemEncoder by sum-
ming the corresponding token embeddings in X, and its
absolute position embeddings, where the absolute position
embeddings are trained with learnable parameters (Gehring
et al. 2017).

For Relative Propagation Position, we mainly focus on the
local context of a responsive post in the propagation tree as
its relative propagation position. As each post in the prop-
agation tree may trigger a set of responsive posts, we aim
to capture the relative user opinions among responsive posts
in such a subtree structure. Specifically, towards a post x;,
we consider the relative posts with five relationships in the

subtree as the relative propagation position: 1) Parent(+);

2) Children'™; 3) Siblings'™); 4) Siblings'™); 5) Itself,
where +/— denotes the relative post comes earlier/later than
the current post in the subtree. We then extend the self-
attention computation to consider the pairwise relationships
among posts in the same subtree and project the relative
propagation position into the SemEncoder by drawing the
practice of Shaw, Uszkoreit, and Vaswani (2018). In this
way, the relative propagation patterns in a local subtree can
be captured explicitly as users share opinions towards the
same subtree root, to cross-check the inaccurate information.



4.4 Response Augmentation

Since the model could suffer from noisy responses, we pro-
pose to enhance the prompt learning by creating additional
adversarial examples. We present a new virtual response
augmentation algorithm, ViRA, a variant of the virtual ad-
versarial algorithm (Miyato et al. 2018). To create an adver-
sarial example, we apply Fast Gradient Value (Rozsa, Rudd,
and Boult 2016) to approximate a worst-case perturbation,
where the gradient is normalized to represent the direction
that significantly decreases the model’s performance, and
a norm is used to ensure the approximation is reasonable.
However, the value ranges (norms) of the embedding vec-
tors vary among different data and models. The variance gets
larger for bigger models with billions of parameters, leading
to some instability of adversarial training. To this end, we
first apply layer normalization (Ba, Kiros, and Hinton 2016)
on top of the frozen SynEncoder to normalize the embed-
dings into stochastic vectors, and then perform a mask oper-
ation to filter out the template and claim embeddings, lastly
add the perturbation to the normalized embedding vectors
of responsive posts. Adversarial noise enables the model to
handle extensive noisy responsive posts and can be regarded
as a response augmentation mechanism.

4.5 Model Training

On top of the SemEncoder where the template and a event
sample (i.e., a claim and its responsive posts) could be trans-
formed into a shared semantic latent space, inspired by Pro-
totypical Networks (Snell, Swersky, and Zemel 2017; Lin,
Yan, and Chen 2021), we further introduce a prototypi-
cal verbalizer paradigm to prevent the rumor-related label
words from heavily relying on the language-specific exper-
tise words. The core idea is to utilize the representative
features of instances from the same classes for encapsulat-
ing event-level semantic features instead of the language-
dependent label words.

Given the [MASK] token representation H;"" of a training
example C';, we minimize a prototypical loss as follows:

eS(H itly)

S(H™ L)
Zyl e v

where y is the ground truth of H;", S denotes the normal-

ized cosine similarity score. I, denotes the learnable proto-
type vectors of the class y, which is the cluster representa-
tive of the embedded support points belonging to the class.
By optimizing the above objective function L,,,¢,, rumor
features can be close to corresponding rumor prototype in
semantic space and be away from the non-rumor prototype.

In addition, we adopt the contrastive loss to pull up the
intra-class variance and down the inter-class variance of in-
stances in a batch:

ECO'II =

Eproto = —lOg (5)

1
"B, -1 Z Liz1Liy,=y,)
‘ J
SHH)
% ST )
Zj' Lpiz51e J

where B, is the number of source examples with the same

6)
l
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label y; in the event C; in a batch, and 1 is the indicator.

We jointly train the model with the prototypical con-
trastive objectives: £ = aL,,o10 + (1 =) Loy, Where avis a
trade-off parameter set as 0.5 in our experiments. So we gen-
erate a pseudo augmented example for C; based on response
augmentation, which is again fed into the tunable SemEn-
coder to compute the new loss L. Finally, we use the average
loss £, = mean(L + L) for the back-propagation (Col-
lobert et al. 2011) with the AdamW optimizer (Loshchilov
and Hutter 2018). We set the layer number % of the SynEn-
coder as 6. The learning rate is initialized as le-5. Early
stopping (Yao, Rosasco, and Caponnetto 2007) is applied
to avoid overfitting.

5 Experiments
5.1 Datasets

We utilize FOUR public datasets TWITTER, WEIBO (Ma
et al. 2016), Twitter-COVID19 and Weibo-COVID19 (Lin
et al. 2022) for experiments. TWITTER and Twitter-
COVIDI19 are English rumor datasets with conversation
thread in tweets while WEIBO and Weibo-COVID19
are Chinese rumor datasets with the similar composi-
tion structure. Furthermore, as there are no public bench-
marks available for detecting rumors in low-resource lan-
guages with propagation structure in tweets, we organized
and constructed a new low-resource rumor dataset CatAr-
COVIDI19. Specifically, we resort to two COVID-19 rumor
datasets (Alam et al. 2021; Ke et al. 2020), which only con-
tain multilingual textual claims in Cantonese and Arabic
without propagation thread. We extend each claim by col-
lecting its propagation thread via Twitter academic API in
python. Finally, we annotated the claim tweets by referring

to the labels of the events from the original datasets”.

5.2 Experimental Setup

We compare our model with several state-of-the-art zero-
shot rumor detection systems: 1) Vanilla-Ft: Fine-tune the
model for classification by adding a task-specific linear
layer with the [CLS] token on top of PLMs (Devlin et al.
2019); 2) Translate-Ft: Utilize rumor data in source lan-
guage for training and translate the claim into target lan-
guages for testing (Du et al. 2021); 3) Contrast-Ft: We em-
ploy and extend an existing few-shot learning technique, su-
pervised contrastive learning (Lin et al. 2022), to fine-tuning
on the source data in the zero-shot scenario; 4) Adapter:
Fix the parameters of PLMs and add only a few train-
able parameters per task within a residual adapter (Houlsby
etal. 2019); 5) Parallel-Adpt: An adapter-based variant (He
et al. 2021) by transferring the parallel insertion of pre-
fix tuning into adapters; 6) Source-Ppt: A prompt-based
tuning method (Lin et al. 2021b) both trains and tests the
model by prompt in source languages; 7) Translate-Ppt:
Train on prompts in the source language and test on the
target-lingual prompts after translation (Zhao and Schiitze

*Our code and resources will be available at https://github.com/
PengyaoYi/zeroRumor_ AAAI



Source TWITTER WEIBO

Target Weibo-COVID19 CatAr-COVID19 Twitter-COVID19 CatAr-COVID19
Model Acc. Mac-Fy ;}1 1;17}? Acc. Mac-F, 1131 I;I?lf Acc. Mac-F, 1131 I;Irlf Acc. Mac-Fy 151 I;I:l?
Vanilla-Ft 0.623 0.585 [0.711 0.459|0.518 0.402 [0.583 0.220 | 0.603 0.602 [0.619 0.585|0.481 0.481 [0.479 0.474
Translate-Ft | 0.639 0.567 |0.745 0.388|0.523 0.457 |0.637 0.277|0.634 0.574 |0.653 0.495|0.505 0.512 |0.528 0.496
Contrast-Ft | 0.656 0.582 |0.759 0.405|0.584 0.458 |0.720 0.196|0.653 0.644 |0.699 0.590|0.562 0.561 |0.571 0.551
Adapter 0.644 0.600 |0.737 0.463|0.558 0.438 |0.665 0.211]0.652 0.612 |0.736 0.487(0.548 0.556 [0.605 0.508
Parallel-Adpt | 0.651 0.598 |0.730 0.467|0.567 0.450 |0.701 0.198|0.667 0.653 |0.731 0.574|0.579 0.585 |0.636 0.534
Source-Ppt | 0.664 0.648 |0.722 0.574]0.589 0.564 |[0.460 0.669|0.670 0.616 |0.760 0.472]0.599 0.565 |0.688 0.441
Translate-Ppt | 0.650 0.489 |0.776 0.201 |0.573 0.568 |0.519 0.617 | 0.674 0.651 |0.740 0.562|0.604 0.542 |0.374 0.711
Soft-Ppt 0.652 0.574 |0.756 0.392]0.590 0.565 |0.446 0.683|0.685 0.652 |0.758 0.546|0.609 0.575 |0.518 0.633
RPL-Cho 0.713 0.675 |0.786 0.563|0.613 0.581 |[0.455 0.707 | 0.715 0.689 |0.778 0.601|0.634 0.633 [0.616 0.650
RPL-Inv 0.728 0.666 |0.810 0.521|0.601 0.592 |0.473 0.711|0.733 0.710 |0.788 0.632|0.647 0.640 |0.586 0.693
RPL-Dep 0.732  0.689 |0.805 0.574|0.640 0.619 |0.530 0.708 | 0.723 0.711 |0.771 0.650|0.657 0.636 |0.547 0.724
RPL-Bre 0.745 0.719 |0.804 0.634 | 0.631 0.617 |0.544 0.689|0.727 0.697 |0.793 0.601|0.672 0.664 |0.614 0.714

Table 1: Rumor detection results on the target test datasets.

2021); 8) Soft-Ppt: Instead of discrete tokens, tunable to-
kens (Lester, Al-Rfou, and Constant 2021) are utilized as the
prompt; 9) RPL-*: Our proposed response-aware prompt
learning framework with the diverse propagation threads,
i.e., chronological (Cho) and inverted (Inv) order in time se-
quence, depth-first (Dep) and breadth-first (Bre) order in tree
structure.

In this work, we consider the most challenging case,
i.e., detecting events (i.e., target) from a new domain and
language. Specifically, we use the well-resourced TWIT-
TER (Ma, Gao, and Wong 2017) and WEIBO (Ma et al.
2016)) datasets as the source data, and Weibo-COVIDI19,
Twitter-COVID19 and CatAr-COVID19 datasets as the tar-
get. We use accuracy and macro-averaged F1, as well as
class-specific F1 scores as the evaluation metrics.

5.3 Rumor Detection Performance

Table 1 shows the performance of our proposed method
versus all the compared methods on the Weibo-COVID19,
Twitter-COVID19 and CatAr-COVID19 datasets with pre-
determined training datasets. From Table 1, it is observed
that the performance of the baselines in the first group are
obviously poor due to heavy reliance on downstream classi-
fication objectives with a task-related linear layer added on
top of PLMs, which is randomly initialized and too easily
overfit the source data to generalize to the target.

The prompt-based baselines in the third group are rela-
tively better than the adapter-based baselines in the second
group though Soft-Ppt is somewhat related to the adapter
style in the form of parameter tuning (He et al. 2021).
However, their performance are still limited to the follow-
ing reasons: 1) Source-Ppt lacks cross-lingual transferabil-
ity. Generally, the multilingual PLMs cannot deal well with
the cross-lingual combination between the template in the
source language and the claim post in the target language,
where such data format is rarely seen in the pre-training
stage. 2) Translate-Ppt easily suffers from error propagation
of the machine translation quality, and the language-agnostic
knowledge is not decoupled and transferred from the source
template to the target. 3) Soft-Ppt requires abundant target
rumor data for sufficient optimization, which cannot be sat-
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isfied with the zero-shot setting.

In contrast, our proposed RPL-based approaches achieve
superior performance among all the baselines, which sug-
gests their strong generalization for zero-shot transfer be-
tween different languages and different domains. It’s ob-
served that the performance of RPL-Inv is relatively better
than that of RPL-Cho. We speculate that the reason is that
questioning posts at the later stage of propagation could in-
dicate a higher tendency that the claim is rumorous or not.
Although achieving promising performance, RPL-Dep does
not achieve the expected best performance because with the
propagation of the claim there is more semantic and struc-
tural information but the noisy information is increased si-
multaneously, especially in the vein of relatively deep con-
versation or argument. Overall, RPL-Bre obtains stable and
excellent performance generally among the four RPL-based
variants by making full use of the subtree-structure prop-
erty via breadth-first ranking and propagation position mod-
eling for response fusion, which verifies that inaccurate in-
formation on social media can be “self-checked” by making
a comparison with responsive posts towards the same topic.

5.4 Ablation Study

We perform ablation studies by discarding some impor-
tant components of our best-performed approach RPL-Bre
on CatAr-COVID19, which include 1) w/o RR: We sim-
ply encode the claim without the Response Ranking (RR)
strategies that consider the social contexts in community
response. 2) w/o APP: We discard the Absolute Propaga-
tion Position as presented in Eq.??. 3) w/o RPP: We discard
the Relative Propagation Position (RPP). 4) w/o ViRA: We
neglect the Virtual Response Augmentation (ViRA) mech-
anism. 5) w/o HPE: Instead of our proposed Hierarchical
Prompt Encoding (HPE) mechanism, we devise our back-
bone as two tiers of transformers: one for encoding all the
responsive posts independently, and another for processing
the sequence of posts using representations from the first
transformer (i.e., PLMs), where the second-tier transformer
has a similar architecture to PLMs, but has only 2 layers and
its parameters are initialized randomly. 6) w/o PV: We de-
sign a manual verbalizer for label mapping, to replace the



Source TWITTER WEIBO
Model Acc. Mac-F; | Acc. Mac-F;
RPL-Bre 0.631 0.617 0.672 0.664
RPL-Bre w/o RR 0.605 0.598 0.613 0.611
RPL-Bre w/o APP 0.622 0.607 0.626 0.624
RPL-Bre w/o RPP 0.610 0.601 0.633 0.632
RPL-Bre w/o ViRA || 0.626 0.612 0.644 0.634
RPL-Bre w/o HPE 0.571 0.451 0.581 0.433
RPL-Bre w/o PV 0.592 0.589 0.621 0.617

Table 2: Ablation studies on our proposed model.

Prototypical Verbalizer (PV) for model training.

As demonstrated in Table 2, the ablative models suffer
different degrees of such performance degradation, indicat-
ing the effectiveness of our proposed components for adapt-
ing features learned from source rumor data to that of the
target. Specifically, RPL-Bre’s performance significantly de-
creases without response ranking due to the lack of col-
lective wisdom on social media. Both w/o APP and w/o
RPP also achieve worse performance than RPL-Bre, sug-
gesting that both perspectives of propagation position mod-
eling are comparably helpful to the domain-variant prop-
agation patterns extraction in zero-shot regimes; RPL-Bre
makes improvements over w/o ViRA, which implies the pro-
moting role of ViRA that enables our approach hardly com-
promised when the input length is limited and there may
be noise in response. Moreover, w/o HPE leads to much
performance degradation, which implies the prompt encod-
ing framework ingeniously reserves the prior syntactic and
semantic knowledge from the PLMs and contributes more
accurate zero-shot rumor predictions with language disen-
tanglement. Compared with RPL-Bre, the performance of
w/o PV also significantly decreases, highlighting the impor-
tance and complementary of the prototypical paradigm in
our framework for language and domain adaptation.

5.5 Early Detection

Early alerts of rumors can prevent the wide-spreading of ru-
morous contents. By setting detection checkpoints of “de-
lays” that can be either the count of reply posts or the time
elapsed since the first posting, only contents posted no later
than the checkpoints is available for model evaluation. The
performance is evaluated by Macro F1 obtained at each
checkpoint. To satisfy each checkpoint, we incrementally
scan test data in order of time until the target time delay
or post volume is reached.

Figure 3 shows the early detection performance of our
approach versus Soft-Ppt, PLAN, STANKER, BiGCN and
RvNN at various deadlines. To make fair comparisons, the
inputs of all baselines are encoded with the same multilin-
gual PLM. We observe that our proposed RPL-based ap-
proach outperforms other baselines throughout the whole
lifecycle, and reaches a relatively high Macro F1 score at a
very early period after the initial broadcast. One interesting
phenomenon is that our method only needs about 20 posts
on CatAr-COVID19 and 4 hours on Twitter-COVID19, to
achieve the saturated performance, indicating the advanced
response fusion strategy and remarkably superior early de-
tection performance of our method.
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Figure 3: Early detection performance at different check-

points of posts count on CatAr-COVID19 (left) and elapsed
time on Twitter-COVID19 (right) datasets.
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Figure 4: Effect of the layer number & of SynEncoder with
Accuracy (left) and Macro F1 (right).

5.6 Discussion

Figure 4 shows the effect of layer number (from 1 to 12) of
the SynEncoder on zero-shot rumor detection performance,
with the CatAr-COVIDI19 as the target, TWITTER (in or-
ange) and WEIBO (in blue) as the source data, respectively.
‘We can observe that when the SynEncoder is initialized with
the lower 4 layers of PLMs, it is still biased to specific lan-
guages due to the surface features mainly learned. Since
PLMs could unearth rich linguistic features at the lower 6
layers, the best performance is obtained when k is set to
6 (i.e., the setting in our model), which is in line with the
finding of Jawahar, Sagot, and Seddah (2019). After that,
as k continues to increase, although the capacity to decou-
ple shared semanteme from specific linguistic features is en-
hanced, the number of SemEncoder layers with prior seman-
tic knowledge activated for the interaction of prompts and
events decreases, thus the generalization ability of the model
to rumor data in different domains is limited, resulting in a
fluctuated decline of performance.

6 Conclusion and Future Work

In this paper, we propose a zero-shot Response-aware
Prompt Learning framework to bridge language and do-
main gaps in rumor detection. We present a prompt-based
approach to avoid the reliance on language-specific rumor
prompt engineering, with effective response fusion strate-
gies to incorporate influential and structural propagation
threads for domain adaptation. Results on three real-world
benchmarks confirm the advantages of our zero-shot detec-
tion model. For future work, we plan to study specialized
PLMs for rumor detection to better utilize the wisdom of
crowds and circumvent the sequence length limit, then col-
lect and apply our model to more languages and domains.
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