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Knowledge-Augmented Interpretable Network for
Zero-Shot Stance Detection on Social Media

Bowen Zhang , Daijun Ding, Zhichao Huang, Ang Li, Yangyang Li, Baoquan Zhang, and Hu Huang

Abstract—Stance detection on social media has become
increasingly important for understanding public opinions on
controversial issues. Existing methods often require large
amounts of labeled data to learn target-independent transferable
knowledge, which is infeasible under zero-shot settings where
the target is unseen. Furthermore, most current stance detection
models, primarily based on end-to-end deep learning archi-
tectures, lack transparency and may produce counter-intuitive
and uninterpretable predictions. In this article, we propose
a novel knowledge-augmented interpretable network (KAI) to
enable zero-shot stance detection (ZSSD). First, we introduce an
unsupervised approach based on large language models (LLM-
KE) to elicit analysis perspectives, which is target-independent
knowledge shared across different targets. This transferable
knowledge bridges connections between seen and unseen targets.
Second, we develop a bidirectional knowledge-guided neural
production system (Bi-KGNPS) that effectively integrates such
transferable knowledge through an iterative knowledge-variable
binding process to guide stance predictions. Extensive experi-
ments on benchmark datasets demonstrate KAI achieves new
state-of-the-art performance on ZSSD. Moreover, our approach
also delivers strong results on conventional in-target and cross-
target stance detection. With the dual benefits of knowledge-
augmented accuracy and model interpretability, this work
represents an important advance toward practical stance de-
tection systems that can generalize to emerging topics of in-
terest. The proposed KAI framework provides an interpretable
approach to effectively transfer knowledge across domains for
zero-shot learning.

Index Terms—Attention mechanism, chain-of-thought (CoT),
neural production system (NPS), zero-shot stance detection
(ZSSD).
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I. INTRODUCTION

SOCIAL media platforms have increasingly served as a
common forum for users to express their viewpoints on

controversial issues. By aggregating and analyzing these per-
spectives, we can identify prevailing trends and opinions on
contentious topics, ranging from abortion to epidemic preven-
tion. This wealth of data offers significant potential for web
mining and content analysis. The insights gathered from such
analysis can be crucial for various decision-making processes,
including advertising strategies and political elections. Conse-
quently, automatic stance detection on social media has gained
importance in opinion mining, facilitating a more nuanced un-
derstanding of user attitudes toward a wide array of issues.

Stance detection, a core task in natural language processing
(NLP), aims to categorize attitudes toward a specific target
based on opinionated texts [1]. Early research focused on two
types of stance detection: in-target and cross target. In in-target
detection, both training and test data involve the same targets,
whereas in cross-target detection, the test targets are differ-
ent but related to the training ones. However, it is practically
challenging to pinpoint all potential in-target or corresponding
cross-target topics before model development. Consequently,
zero-shot stance detection (ZSSD), a technique designed to de-
termine attitudes toward entirely new targets during inference,
has recently gained considerable research interest.

So far, several works have been conducted for ZSSD, which
can be classified into three categories: attention mechanisms,
graph-based model, and contrastive learning [2]. For example,
Allaway et al. [3], [4] constructed a comprehensive VAST
dataset for ZSSD, which includes numerous targets spanning
diverse domains including politics and education. Liu et al. [5]
developed a commonsense knowledge-enhanced model that
captures relational knowledge between texts and targets at both
structural and semantic levels. Liang et al. [6] designed a con-
trastive learning approach that establishes connections between
target-invariant and target-specific features. Liang et al. [7]
proposed a joint contrastive learning technique utilizing both
stance and target-aware prototypical graph contrastive learning.
Li et al. [8] introduced a teacher–student framework leverag-
ing augmented data to improve ZSSD. Generally, these works
mainly focus on extracting target-independent word-level fea-
tures as transferable knowledge.

Despite the effectiveness of previous studies, there are still
several challenges for ZSSD, which are not addressed well

2329-924X © 2024 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See https://www.ieee.org/publications/rights/index.html for more information.

This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination. 

https://orcid.org/0000-0002-3581-9476
mailto:h.huang@pku.edu.cn


2 IEEE TRANSACTIONS ON COMPUTATIONAL SOCIAL SYSTEMS

in prior work. First, current methods primarily extract target-
independent, word-level knowledge from observed data. How-
ever, on the one hand, the expressive power of word-level
features is limited when applied to unseen domains. On the
other hand, existing methods focus mainly on extracting target-
specific features, rarely considering the general knowledge
shared among targets. Different targets may share common per-
spectives for analysis; for example, when discussing politicians,
people often evaluate them based on their party affiliation, polit-
ical stance, and personal qualities. By introducing these cross-
target concept-level perspectives, knowledge transfer between
different targets can be achieved, enhancing the generalization
ability of the model. Second, most of the current stance de-
tection models, primarily end-to-end deep learning constructs,
suffer from a lack of transparency, functioning as black-box
systems. As a result, these models may generate predictions that
are not only unintuitive but also difficult to interpret. Further-
more, their inability to elucidate the analytical process limits
their applicability in scenarios necessitating explanations.

In response, this study aims to develop a ZSSD method
that can effectively extract target-invariant features and provide
interpretability. Specifically, our first goal is to develop a ZSSD
method that can extract conceptual-level target-independent
knowledge in an unsupervised manner. This knowledge serves
as target-invariant features to bridge and transfer knowledge be-
tween seen and unseen targets. Second, to enable interpretabil-
ity, our goal is to develop a ZSSD model that can effectively
integrate the aforementioned target-independent features and
provide an interpretable analysis process while achieving ac-
curate results.

To achieve this aim, we propose a novel neural network
called knowledge-augmented interpretable network (KAI)
for ZSSD. KAI consists of two components: large language
model-driven knowledge elicitation module (LLM-KEM) and
bidirectional knowledge-guided neural production system
(Bi-KGNPS). Specifically, LLM-KEM is the unsupervised
approach based on chain-of-thought (CoT) to extract
conceptual, target-independent transferable knowledge.
We propose incorporating targets’ analytical perspectives as
such features. This is motivated by the observation that humans
tend to analyze different targets from similar perspectives,
serving as bridges for knowledge transfer. For example, when
assessing stances on “Hillary Clinton” and “Donald Trump,”
people may consider perspectives such as “gender, ideology,
and personality.” Our model builds on using these shared
angles to harness common knowledge. Further, to extract
such features unsupervised, we propose a CoT strategy for
LLMs. This can effectively elicit analysis perspectives in a
parameter-free way, hence usable for unseen targets.

Bi-KGNPS is a stance detection model based on the neu-
ral production system (NPS), which was previously proposed
for computer vision and enables interpretable analysis through
knowledge-variable binding coupling factors. We are the first
to apply NPS to the stance detection task to enhance model in-
terpretability. We posit that modeling the coordination between
perspectives and tweets is key to improving stance detection

performance. Thus, Bi-KGNPS introduces a bidirectional iter-
ative knowledge-variable binding mechanism to enhance stance
detection. Through analyzing the bindings between perspec-
tives and textual content, Bi-KGNPS jointly learns perspective
representations tailored to the current text (content-oriented
perspective features), as well as salient word features under each
perspective (perspective-oriented text representations).

This work is a substantial extension of our previous work
NPS4SD [9]. We propose two key extensions to NPS4SD: first,
we expand the task to the more realistic zero-shot setting and
pioneer the unsupervised acquisition of target-independent
transferable knowledge without annotations; second, we devise
a Bi-KGNPS that infuses transferable knowledge more effec-
tively than the original NPS4SD. KAI offers two key advantages
over NPS4SD: 1) it leverages LLMs to automatically generate
multidimensional perspective knowledge, reducing manual ef-
fort and broadening coverage compared to the singular, manu-
ally defined rules in NPS4SD; and 2) KAI’s Bi-KGNPS enables
dynamic, iterative fusion, and reasoning between knowledge
and text for stance prediction, surpassing the simpler, less col-
laborative knowledge binding mechanism in NPS4SD. Finally,
experiments on strong baselines validate that our proposed KAI
achieves state-of-the-art performance in ZSSD. Moreover, we
demonstrate the generalizability of KAI in both in-target and
cross-target setups.

In summary, this article presents several contributions as
follows.

1) We propose a KAI framework that first introduces an ana-
lytical perspective as common target-relevant knowledge
to bridge feature transfer across targets.

2) We also propose a Bi-KGNPS network that utilizes per-
spective features through variable binding to facilitate
knowledge-guided stance detection. To our knowledge,
we are the first to introduce NPSs into stance detection,
advancing interpretable stance detection.

3) We carry out extensive experiments on publicly avail-
able benchmark datasets, and the results demonstrate
our proposed model’s superiority over state-of-the-art
competitors.

II. RELATED WORK

A. Stance Detection

1) In-Target and Cross-Target Stance Detection: Stance de-
tection aims to detect the attitude of a context (e.g., comment or
review) according to the given target, which is critical to many
scenarios such as argumentation mining, fake news detection,
and fact-checking [10], [11], [12], [13]. Earlier work in stance
detection primarily focused on in-target stance detection, where
the training and testing targets are the same. For in-target stance
setup, conventional methods can be classified into non- and
pretrained methods. The non-pretrained methods mainly con-
duct deep neural networks, such as traditional attention-based
models and graph-based models to train a stance classifier. The
attention-based methods mainly utilize target-specific informa-
tion as the attention query, and deploy an attention mechanism
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for inferring the stance polarity [14]. Another approach is the
graph-based text classification methods, which propose a graph
convolutional network (GCN) to model the relation between
target and text [15], [16]. Subsequently, several studies are also
being conducted for cross-target stance detection tasks, which
can be classified into two categories. The first class of methods
is word-level transfer, which uses the common words shared
by two targets to bridge the knowledge gap [17]. Second, some
approaches handle this cross-target problem with concept-level
knowledge shared by two targets [18], [19].

2) Zero-Shot Stance Detection: In practical applications,
predefining and annotating complete targets is infeasible, thus
spurring interest in ZSSD among researchers. Allaway and
McKeown [20] first provided a large-scale human-labeled
stance detection dataset for zero-shot scenarios. Subsequently,
Allaway and McKeown [20] developed a target-specific stance
detection dataset for ZSSD and applied adversarial learning
to extract target-invariant information. Liu et al. [5] proposed
a common sense knowledge-enhanced graph model grounded
on BERT to leverage both inter- and extra-semantic informa-
tion. Liang et al. [6] presented an effective approach to dis-
tinguish target-invariant or target-specific features to improve
learning of transferable stance features. Several studies have
explored the application of prompt tuning in stance detection
[21], [22]. Jiang et al. [21], for example, pioneered the target-
aware prompt distillation (TAPD) framework, applying prompt
tuning for stance detection. In this framework, a verbalizer
function maps each label to a hidden vector, enabling label
prediction. Hardalov et al. [22] proposed a prompt-based frame-
work specifically designed for cross-lingual stance detection.

B. Chain-of-Thought Model (CoT)

Recent works have explored enhancing CoT prompting to
elicit impressive multihop reasoning from LLMs [23], [24],
[25]. For example, Cai et al. [26] proposed a human-in-the-
loop system augmented with CoT prompting, investigating how
manual correction of sublogic in rationales can refine LLM rea-
soning. Fei et al. [27] introduced a multistep CoT approach that
decomposes downstream tasks into multiple stages to improve
prediction effectiveness. Ling et al. [28] presented a new CoT
technique, which iteratively infers tasks via deductive reasoning
and verification. Inspired by these multistep CoT techniques, we
propose a novel knowledge elicitation method that effectively
generates the perspectives and rationales of the targets.

C. Interpretable Neural Network for NLP

In recent years, developing interpretable models has attracted
considerable interest in NLP. For tasks closely related to stance
detection such as sentiment analysis and fact checking, in-
terpretable models are widely studied, as they can effectively
analyze the prediction process and incorporate knowledge such
as prior knowledge.

For instance, Ito et al. [29] proposed an interpretable senti-
ment model that explicitly demonstrates the analysis process
for sentiment analysis. Huang et al. [30] presented a sentiment
interpretable logic tensor network, which encodes the predic-
tion process following first-order logic rules. Yadav et al. [31]

developed the Teslin machine to achieve human-level inter-
pretable learning. Guo et al. [32] proposed the Interpretable fake
news detection with graph evidence (IKA) model for fake news
detection that represents the rationale as a directed graph.

The NPS provides an architectural framework to efficiently
identify and infer entity representations in input texts, while
governing the interactions between these entities [33]. By dy-
namically selecting rules and establishing bindings between
rules and entities, the control flow is determined. The variable
binding method enables acquiring diverse rule-entity patterns.
Ultimately, this combination of rule-entity patterns facilitates
constructing the model analysis process.

III. METHODS

As shown in Fig. 1, KAI primarily consists of two compo-
nents: LLM-KE and Bi-KGNPS. We give the task definition
and the overview of our model in Sections III-A and III-B,
respectively. Then, we describe the details of the LLM-KE and
Bi-KGNPS in Sections III-C and III-D, respectively.

A. Problem Definition

Let X = {xi, qi}Ni=1 represent the labeled data collection,
where x refers to the input text and q corresponds to the source
target. N denotes the total number of instances in X . Each
sentence-target pair (x, q) ∈X is assigned a stance label y.
ZSSD aims to predict the stance polarity of the input sentence
xu toward the given target qu using a model trained on the
labeled data X , where xu and qu are unseen during the training
process.

B. Framework Overview

As shown in Fig. 1, KAI consists of two main compo-
nents: LLM-KE and Bi-KGNPS. LLM-KE proposes a method
based on CoT prompting that elicits target-relevant analytical
perspectives and predicts the rationale behind each perspec-
tive from LLMs in two stages. Such knowledge can serve
as target-independent transferable knowledge. Bi-KGNPS is a
dual-branch network where information dynamically interacts
between the two branches to enable knowledge-variable binding
for elucidating the prediction process.

C. LLM-KE

LLM-KE is designed to elicit target analysis perspectives and
rationale for each perspective by formulating instructions for
the LLM. Specifically, LLM-KE involves the following steps.

1) Step 1: We first input the constructed instruction S′1 into
the LLM to elicit the perspective v for the LLM’s prediction.
Here, γ is a hyperparameter that determines the number of
perspectives to be acquired.

S′1: Please enumerate γ distinct perspectives from which
stances towards the provided target [given target: q] may be
stated.

2) Step 2: After obtaining γ perspectives, we use the LLM
to generate rationales, denoted as r, for the stance analysis
corresponding to each perspective.

This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination. 



4 IEEE TRANSACTIONS ON COMPUTATIONAL SOCIAL SYSTEMS

Fig. 1. Overall framework of KAI network for ZSSD.

TABLE I
EXAMPLE OF PERSPECTIVES AND RATIONALES FROM LLM-KE

Target Hillary Clinton

Tweet
Hilary has lied, deleted Benghazi emails, and betrayed
the trust of Americans scandal after scandal. [Against]

Perspective Personal characteristics

Rationale
... This negative portrayal of her personal characteristics
suggests that she may not be trustworthy and
may have a tendency to deceive people. ...

Perspective Political views

Rationale
... From a political views angle, this could be seen as a
negative reflection on her ability to lead America ...

S′2: Oriented to the [given target: q], given the input [given
input: x], and under the [given perspective: v ∈ γ], give
the stance analysis thinking or explanation. Give a stance
judgment (favor, against, none) at the end.

Examples of LLM-KE results are provided in Table I. For
the target “Hillary Clinton,” when two perspectives are selected,
LLM-KE generates the aspects of “personal characteristics” and
“political views.” LLM-KE can then provide stance reasoning
from both perspectives.

D. Bi-KGNPS

As shown in Fig. 2, Bi-KGNPS consists of two branches.
The left branch takes the input text and its corresponding stance
target, treating perspective features as knowledge to select im-
portant text features and to learn perspective-oriented text rep-
resentations. The right branch processes the perspectives and

rationales, using the text content as knowledge to construct
variable bindings for selecting the most relevant perspectives
to the text and to learn content-oriented perspective features.
Finally, a feedforward network layer is employed to fuse both
sets of features for the final stance polarity prediction.

1) Left Branch:
a) Embedding layer: The left branch first learns vector

representations of the inputs using a BERT model. Specifically,
we format the target and text into the following input pattern
for BERT: “[CLS] + target + [SEP] + text,” where “target”
and “text” represent their respective texts. After inputting this
pattern into BERT, we obtain the textual representation vector
H = {h[cls], h1, ..., h

m
t }, where h[cls] is the hidden vector of the

[CLS] token, h1 to ha denote the vectors of the target, and ha+1

to hm
t denote the vectors of the text.
b) Variable binding layer: Subsequently, we treat the

perspective representation vectors as query vectors for an at-
tention mechanism. By constructing an attention mechanism,
we can learn perspective-oriented textual representations. Since
multiple perspectives simultaneously build attention, inspired
by the work of [34], we propose a novel multihop attention
mechanism. Formally, assuming we have three perspectives
with feature vectors denoted as Ri, Rj , and Rk (details of
obtaining them are described in the right branch), the attention
coupling factors c can be computed as

c1
i =R1

i (H
1
i )

T, c1
j =R1

j(H
1
j )

T, c1
k =R1

k(H
1
k)

T. (1)

Initially, the input text is identical across the three attention
queries, such that H1

i =H1
j =H1

k =H . Then, the next iteration
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can then be computed as follows:

R2
i = c1

iH
1
i , R2

j = c1
jH

1
j , R2

k = c1
kH

1
k (2)

where the query H2
i,j,k preserves the same dimensionality as the

previous query R1
i,j,k. The knowledge-variable binding pattern

representation for the next round is calculated as follows:

H2
i = λ LN (σ(R2

i )) +H1
i

H2
j = λ LN (σ(R2

j)) +H1
j

H2
k = λ LN (σ(R2

k)) +H1
k (3)

where LN performs the standard layer normalization. σ de-
notes the Sigmoid function. After t iterations, where t indicates
the number of steps in the process, the representation q can be
calculated as

qi =Ht
iS

(∑
γ

cti

)
, qj =Ht

jS
(∑

γ

ctj

)
, qk =Ht

kS
(∑

γ

ctk

)

(4)

where S(z) = ez/
∑

k e
zk denotes the softmax function.

After obtaining representations qi, qj , and qk, the final
perspective-oriented text representation is calculated by con-
catenating these patterns. We use a straight-through Gumbel
SoftMax approach [35] for a learnable hard decision during
training

U = {qi ⊕ qj ⊕ qk}
α= argmaxτ (UτW + φ), φ� Gumbel(0, 1)

E =

n∑
t=1

αtUτ (5)

where ⊕ denotes the concatenation operator, and W is a learn-
able weight matrix. The Gumbel SoftMax distribution is intro-
duced to allow for differentiability of the “argmax” operation
during backpropagation by sampling from a Gumbel distribu-
tion parameterized by location 0 and scale 1. Ultimately, the
weighted sum E is passed through a fully connected layer to de-
rive the final perspective-oriented text representation, denoted
by ep.

2) Right Branch: The right branch is dedicated to inte-
grating knowledge from multiple perspectives. We employ a
soft-prompt network to encapsulate data across these varying
perspectives. This network utilizes tailored templates that blend
perspectives and predicted rationales, which, when fed into
a BERT model, yield vector representations for perspective
features. One key benefit of this approach is the improved
sentence encoding that can be achieved using hidden vec-
tors from [MASK] token positions, as demonstrated by prior
research [36].

In practice, we construct a text template p that embeds the
perspectives v and target q into a single prompt. Each prompt is
formally represented as follows: “xp = From the perspective of
[given view v], [given rationale r], the attitude toward [target]
is [MASK].” After formulating the template, we introduce a
technique that maps the perspective knowledge onto a series
of continuous vectors. For each template xi

p, we input it into

an LLM M to extract the hidden vector corresponding to the
[MASK] token, denoted by Ri. Subsequently, our approach
generates a set of γ distinct vectors (R= {Ri}γ), which are
associated with the hidden vectors produced by the [MASK]
token of each template xp. These vectors are treated as trainable
parameters and are refined during the model’s optimization pro-
cess. To maintain compatibility with the token embeddings in
the BERT, we ensure these stance vectors match the dimension
of the BERT’s hidden embeddings.

We then employ the hidden representation h[cls] as the atten-
tion query to determine the attention weight αt for the tth vector
in R

αt = softmax(hT
[cls]Rt) (6)

eo =
n∑

t=1

αtRt. (7)

Here, eo is the aggregated feature vector that represents the
content-oriented perspective knowledge, a composite of the
weighted perspective vectors.

E. Stance Classification Layer

To improve the accuracy of stance detection, we utilize a
verbalizer-based approach. A verbalizer is a component that
maps each label or stance category to a set of semantically
related words. This mapping allows the model to evaluate the
semantic similarity between the concatenated text representa-
tion vectors and the verbalizer’s label vectors.

The embedding of a word selected by the verbalizer is de-
noted as w. For each word provided by the verbalizer, we
estimate the probability that token w represents the label word.
Here, the probability calculation is as follows:

δ =
exp (wT

i (eo ⊕ ep))∑
wj∈Verb

exp (wT
j (eo ⊕ ep))

(8)

where wi is the embedding of the ith token in the verbalizer,
and Verb represents the vocabulary of the verbalizer’s tokens.
Here, eo is the feature vector representing the content-oriented
perspective, while ep represents the perspective-oriented text
representation. We then calculate the sum of the probabilities
for the words that correspond to each label, which is denoted
as ŷ. Specifically, for each label, we aggregate the probabilities
assigned to all words mapped to that label by the verbalizer.

The model is trained to minimize the discrepancy between
the predicted and actual stance labels using a cross-entropy loss
function

L=−
N∑
i=1

C∑
j=1

yij log ŷij (9)

where N is the number of samples in the training set, and C is
the number of stance classes, and yij is the ground-truth label
in one-hot encoded form for the ith sample and jth class. The
optimization of the attention layer and the rest of the model
parameters are achieved using the gradient descent algorithm.
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TABLE II
STATISTICS OF SEM16 AND P-STANCE DATASETS

Dataset Target Favor Against Neutral

Sem16
HC 163 565 256
FM 268 511 170
LA 167 544 222

P-Stance
Biden 3217 4079 -

Sanders 3551 2774 -
Trump 3663 4290 -

TABLE III
STATISTICS OF VAST DATASET

Train Dev Test
#Examples 13 477 2062 3006

#Unique comments 1845 682 786
#Zero-shot topics 4003 383 600
#few-shot topics 638 114 159

IV. EXPERIMENTS

In this section, we introduce the evaluation metrics employed
in the experiments and the baseline methods used during the
experiments.

A. Experimental Data

To evaluate the effectiveness of our method, we conduct
extensive experiments on SemEval-2016 Task 6 (SEM16) [37]
and VAST [3]. SEM16 contains six predefined targets across
multiple domains, including Donald Trump (DT), Hillary Clin-
ton (HC), feminist movement (FM), legalization of abortion
(LA), atheism (A), and climate change (CC). Each instance
could be classified as “favor, against, or neutral.” Following
[18], we remove targets A and CC due to data quality issues and
regard one target as the zero-shot testing target while training on
the other targets. We randomly selected 15% of the training set
as the development data to tune hyperparameters. P-stance [38]
comprises tweets pertaining to three prominent politicians: Joe
Biden (Biden), Bernie Sanders (Sanders), and Donald Trump
(Trump). As observed by the authors, the annotation consis-
tency for samples labeled “none” is low. Consistent with previ-
ous work, we exclude these “none”-labeled samples from our
analysis. VAST contains a large number of diverse targets. Each
data instance is comprised of a sentence, a target, and a stance
polarity toward the target, which can be “pro, con, or neutral.”
Following [8], we evaluate our model’s performance on zero-
shot topics with 100% and 10% training sizes, respectively. The
statistics of three datasets are shown in Tables II and III.

B. Evaluation Metrics

We use Favg as the evaluation metric to evaluate the perfor-
mance of our baseline models, the same as most previous works
[9], [19], [38]. First, the F1-score of label “favor” and “against”
is calculated as follows:

Ffavor =
2 · Pfavor ·Rfavor

Pfavor +Rfavor
(10)

Fagainst =
2 · Pagainst ·Ragainst

Pagainst +Ragainst
(11)

where P and R are the precision and recall, respectively. After
that, the Favg is calculated as

Favg =
Ffavor + Fagainst

2
. (12)

C. Baseline Methods

To gain a fundamental understanding of how existing stance
detection models perform on our dataset, we employed the
following models.

1) Bicond [17] utilizes two BiLSTM models to individu-
ally encode the underlying sentences and their associated
targets.

2) SEKT [19] leverages external knowledge, particularly
semantic and emotion lexicons, to facilitate knowledge
transfer across diverse targets for cross-target stance
detection.

3) CrossNet [39] encodes text and topic using identical bidi-
rectional architectures as BiLSTM and incorporates a
target-specific attention layer prior to classification for
cross-target stance detection.

4) TPDG [40] presents a novel technique that autonomously
distinguishes and calibrates the target-dependent and
target-independent roles of a term regarding a specific
target within stance expressions.

5) TOAD [4] employs adversarial learning to accomplish
generalization across various topics in ZSSD.

6) TGA Net [3] enables implicit construction and utilization
of associations between training and evaluation topics
without supervision. It utilizes BERT for encoding texts
and targets, followed by classification through two fully
connected layers.

7) BERT-GCN [5] presents a commonsense knowledge-
enhanced model harnessing both structural and semantic
relational knowledge to augment generalization and rea-
soning capabilities under zero-shot and few-shot settings.

8) BERT-Joint [41] refers to bidirectional encoder represen-
tations from transformers, which are pretrained language
models encoded on large unlabeled corpora to represent
sentences and tokens as dense vectors.

9) JoinCL [7] comprises stance contrastive learning and
target-aware prototypical graph contrastive learning for
generalizing target-dependent stance features to unseen
targets.

10) PT-HCL [6] proposes a contrastive learning approach uti-
lizing both semantic and sentiment knowledge to improve
cross-domain transferability of features.

11) TarBK [42] incorporates specific background knowledge
from Wikipedia to reduce the semantic gap between
known and unseen targets, enhancing generalization and
reasoning.

12) SDAgu [43] presents a self-supervised data augmentation
method leveraging coreference resolution to mitigate lim-
ited labeled data and implicit stance expression.

13) MPT [44] develops prompt-tuning-based PLM to
perform stance detection, where humans define the
verbalizer.
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TABLE IV
EXPERIMENTAL RESULTS ON TWO ZSSD DATASETS

Model
SEM16 P-Stance VAST (100%) VAST (10%)

HC FM LA DT Biden Sanders Trump Pro Con All Pro Con All

Sta.

Bicond 32.7‡ 40.6‡ 34.4‡ 30.5‡ 50.1 52.6 50.4 44.6‡ 47.4‡ 42.8‡ 29.8♦ 40.1♦ 34.8♦

CrossNet 38.3‡ 41.7‡ 38.5‡ 35.6‡ 52.8 53.1 52.8 46.2‡ 43.4‡ 43.4‡ 37.3♦ 32.9♦ 36.2♦

SEKT 50.1 44.2 44.6 46.8 64.4 61.3 60.8 50.4‡ 44.2‡ 41.8‡ - - -
TPDG 50.9‡ 53.6‡ 46.5‡ 47.3‡ 64.4 62.0 60.1 53.7‡ 49.6‡ 51.9‡ - - -
TOAD 51.2‡ 54.1‡ 46.2‡ 49.5‡ - - - 42.6‡ 36.7‡ 41.0‡ - - -

BERT

TGA Net 49.3‡ 46.6‡ 45.2‡ 40.7‡ 74.7 69.9 64.4 53.7 62.0 67.4 47.6♦ 58.2♦ 64.1♦

BERT-Joint 50.1 42.1 44.8 41.0 75.0 71.1 67.2 56.8 67.6 71.0 50.7 56.3 64.9
BERT-GCN 50.0‡ 44.3‡ 44.2‡ 42.3‡ 74.9 71.1 70.5 58.3‡ 60.6‡ 68.6‡ - - -
JointCL 54.4 54.0 50.0 50.5 - - - 64.9 63.2 71.2 53.8♦ 57.1♦ 65.5♦

TarBK 55.1ℵ 53.8ℵ 48.7ℵ 50.8ℵ 75.5 70.5 65.8 65.7ℵ 63.9ℵ 73.6ℵ - - -
PT-HCL 54.5‡ 54.6‡ 50.9‡ 50.1‡ - - - 61.7‡ 63.5‡ 71.6‡ - - -
SDAgu - - - - - - - 60.1 65.2 71.3 - - -
Openstance∗ - - - - - - - 63.1 66.4 73.1 61.4 60.1 70.2
TTS∗ - - - - - - - 59.5 65.2 71.4 55.8 65.5 70.3
NPS4SD 60.1 56.7 51.0 51.4 76.4 72.9 70.4 69.2 67.6 74.4 68.7 64.3 72.0
Ours (KAI)† 76.4 73.7 69.4 72.1 85.7 80.5 75.9 66.7 73.0 76.3 63.5 74.0 75.2

Note: Results with ‡, ♦, and ℵ are retrieved from [6], [8], and [43], respectively. ∗ indicates that we utilize BERT as the backbone classifier
for a fair comparison. † refers to a p-value < 0.05. Best scores are in bold.

14) KEPrompt [45] proposes an automatic verbalizer to auto-
matically define the label words and a background knowl-
edge injection method to integrate the external back-
ground knowledge.

15) Ts-Cot [46] develops a CoT method for LLMs to perform
stance detection. Due to the evolution of LLM model
versions, the foundation model is upgraded to the GPT-
3.5 baseline.

V. EXPERIMENTAL RESULTS

A. Result

To evaluate the stability of the model, following [19], we ran
the method three times and reported the F1-score. The main
experimental results of ZSSD on two benchmark datasets are
reported in Table IV. We observe that our method consistently
outperforms all baselines on all datasets, which verifies the
effectiveness of our proposed approach in ZSSD. Furthermore,
compared with previous models, our method shows statistically
significant improvements (p-value < 0.05) in most evaluation
metrics, validating the effectiveness of our proposed approach
in ZSSD.

Specifically, we first observe that most neural-network-based
methods (statistics-based and fine-tuning-based methods) per-
form poorly under zero-shot settings, owing to their reliance
on seen targets and samples. Notably, directly introducing pre-
trained BERT did not improve performance, likely because
finetuning-based BERT methods cannot capture implicit stance
expressions absent from the text, such as background knowl-
edge and topics related to the target. After incorporating back-
ground knowledge, prediction accuracy significantly increased.
For instance, compared with the best BERT finetuning model
BERT-Joint, the knowledge-infused approach TarBK improved
by 2.6% on average. This validates the efficacy of incorporating
background knowledge. Additionally, we observed that con-
trastive learning methods (e.g., JointCL) outperformed finetun-
ing models. This is because contrastive learning can effectively

capture domain-invariant representations, thereby improving
model transferability across domains.

The proposed KAI method yields better performance than
all the baselines in all the tasks. For instance, our proposed
approach achieves substantial gains in average F1avg over the
current state-of-the-art (NPS4SD), increasing by 18.1% on
SEM16, 7.5% on P-Stance, and 3.2% on the VAST dataset
(10%). The advantage of KAI comes from its two character-
istics: i) we propose perspectives as target-independent knowl-
edge that bridges target differences; ii) we devise a perspective
acquisition mechanism via COT applicable under zero-shot set-
tings; and iii) we devise a Bi-KGNPS network to jointly capture
the associative relationships between text and perspective, to
better leverage relevance for improved performance.

We further benchmarked our KAI model against compet-
ing methods that utilize CoT for LLMs, such as GPT-3.5
and Llama2. The results are illustrated in Fig. 2. The results
demonstrate that the proposed KAI method can significantly
enhance prediction accuracy over both LLM frameworks, thor-
oughly validating the efficacy of KAI integration for improving
LLM performance. In particular, with Llama2 as the base, KAI
attained consistent, considerable gains across all settings, av-
eraging a 3.48% boost over multiple zero-shot task configura-
tions with Ts-Cot-Llama2. When built on GPT-3.5, KAI also
achieved marked improvements across most tasks.

B. Ablation Study

To study the influence of each component of our model, we
implement an ablation test for KAI by removing the external
perspective knowledge (denoted as w/o KEM), the NPS (de-
noted as w/o NPS), the left branch (denoted as w/o LB), and
the right branch (denoted as w/o RB).

Specifically, for w/o KEM, we remove the multiperspective
knowledge, so the structure becomes a conventional interactive
attention-based model backbone. For w/o NPS, we concatenate
the perspectives with the original input in the format of “[SEP]
text [SEP] perspectives” and feed it into the BERT model. For
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Fig. 2. Comparative evaluation of LLM experimental performance. (a) In
comparison with GPT-3.5. (b) In comparison with Llama2.

Fig. 3. Performance of ablation study.

w/o LB and w/o RB, we construct separate knowledge-guided
variable binding methods, similar to those discussed in [48].
The former selects text features based on analyzed perspectives
as queries, while the latter uses the text as queries to select
perspective features.

The results are summarized in Fig. 3 and show that all pro-
posed components significantly improve the performance of
KAI. Notably, perspective knowledge has the greatest impact on
the effectiveness of KAI. Discarding KEM severely decreases
classification accuracy, as expected. This decrease occurs be-
cause perspectives serve as domain-invariant knowledge, effec-
tively bridging the gap between different targets. Incorporating
perspective features leads to substantial performance gains from
both LB and RB components. These gains are attributed to

TABLE V
PERFORMANCE COMPARISON OF CROSS-TARGET STANCE DETECTION

Methods FM→LA LA→FM HC→DT DT→HC

Sta.

BiCond 45.0 41.6 29.7 35.8
CrossNet 45.4 43.3 43.1 36.2
SEKT 53.6 51.3 47.7 42.0
TPDG 58.3 54.1 50.4 52.9

BERT

BERT-Joint 48.2 34.4 45.9 42.7
MPT 42.1 47.6 47.1 58.7
KEPROMPT 49.1 54.2 54.6 60.9
JointCL 58.8 54.5 52.8 54.3
PT-HCL 59.3 54.6 53.7 55.3
TarBK 59.1 54.6 53.1 54.2
NPS4SD 58.9 57.2 64.6 66.2
Ours (KAI) 71.9 74.8 73.6 75.4

Note: Best scores are in bold.

TABLE VI
PERFORMANCE COMPARISON OF

IN-TARGET STANCE DETECTION

Methods
SEM16

FM LA HC
TPDG 67.3 74.7 73.4
BERT-FT 62.3 62.4 67.0
STANCY 61.7 63.4 64.7
MPT 63.3 63.5 71.3
KEprompt 72.1 69.1 74.4
NPS4SD 68.1 69.6 79.1
Ts-Cot 67.2 62.5 83.2
Ours (KAI) 74.4 74.9 86.3

Note: Best scores are in bold.

the components’ abilities to learn text features from specific
perspectives and perspective features from specific content,
providing more target-agnostic transferable knowledge. Text
features from specific perspectives contribute to representing
target-invariant lexical knowledge, while perspective features
from specific content assist in selecting the most suitable an-
alytical perspectives, thereby enhancing the model’s overall
performance. As anticipated, integrating all components yields
the best results across all experimental datasets.

C. Cross-Target Stance Detection Scenario

To evaluate the generalizability of our KAI model, we as-
sessed its cross-target performance on the SEM16 dataset.
As shown in Table V, KAI outperforms all baselines under
cross-target settings, validating the efficacy and generality of
KAI for stance detection. Notably, when comparing the re-
sults of Table V with those in Table IV, we observe that
KAI shows more improvement under cross-target conditions
than in zero-shot settings. This is likely because targets in
the cross-target setting are more domain-related; for exam-
ple, perspectives largely overlap for Trump-Clinton (FM-HC).
Consequently, greater gains are achieved when there is higher
domain relevance, as the model can leverage the commonalities
in perspectives between related targets to make more informed
predictions.

D. In-Target Stance Detection Scenario

Our evaluation extended to the in-target stance detection
scenario using the SEM16 dataset. The experimental results, as
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(a) (b)

(c) (d)

Fig. 4. Performance of perspective numbers. (a) Donald Trump. (b) Hillary Clinton. (c) Legalization of abortion. (d) VAST (10%).

Fig. 5. Performance of hop numbers with VAST dataset.

detailed in Table VI, reveal that our KAI model outperforms
all compared methods. In the in-target setup, the enhanced
performance gains from KAI can likely be attributed to its
multiperspective modeling approach. This approach equips the
model with the ability to assimilate and integrate background
knowledge from various dimensions related to the stance target,
thus enriching the model’s analytical depth. In summary, the

results from the in-target scenario—alongside those from zero-
shot and cross-target conditions—reinforce the effectiveness
and generalizability of our KAI framework in diverse stance
detection contexts.

E. Impact of Perspective Numbers

Perspective information constitutes a pivotal component
within KAI, with the number of perspectives profoundly im-
pacting stance detection accuracy. Hence, we conduct further
analyses on the effects of varying perspective counts on stance
detection performance. Experiments are shown in Fig. 4. The
results demonstrate that under different targets, knowledge in-
tegration across multiple perspectives substantially influences
stance detection accuracy. It can be observed that the num-
ber of perspectives holds important ramifications for stance
detection capabilities. Initially, accuracy climbs gradually as
perspectives augment, owed to the target-invariant essence of
perspective-based analysis that effectively bridges feature trans-
fer across targets. However, as the perspective parameter scales,
performance peaks then deteriorates, potentially due to exces-
sively fine-grained perspective partitioning causing perspective
traits to become overly target-specific. For instance, given three
perspectives for Hillary target with granularity of “gender,
politics,” etc., six perspectives lead to finer divisions such as
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(a)

(b)

(c)

(d)

Fig. 6. Case study. (a) Donald Trump. (b) Hillary Clinton. (c) Feminist Movement. (d). Legalization of Abortion.

“woman, presidential candidate” which resemble target-specific
knowledge. It is foreseeable that as granularity becomes in-
creasingly specific, performance declines in zero-shot scenarios
as perspective knowledge becomes more target-specific.

F. Analysis of Routing Iterations
The number of routing iterations constitutes a pivotal hyper-

parameter within KAI that is unique to the NPS architecture
and profoundly impacts model performance and runtime. In
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this experiment, we conduct an analysis to ascertain the optimal
routing iteration quantity across all three dataset configurations.
The results are shown in Fig. 5. Experiments are undertaken
with routing iterations spanning (1, 2, 3, 4, 5, and 6). The
empirical results demonstrate that peak performance is attained
with iteration counts between 1 and 5. Beyond three itera-
tions, overfitting phenomena emerge leading to deteriorating
accuracy.

G. Case Study

To better illustrate how our method works, we conduct four
case studies on examples where KAI accurately predicts the
target while contrastive methods mostly fail. Specifically, we
visualize the coupling factors c of LB and RB. As shown in
Fig. 6, the left part (blue) indicates which words are selected
by the viewpoint, and the right part (orange) indicates which
viewpoint is selected for the full text. Visualization of the com-
bined attention coupling factors enables analysis of the model’s
decision-making process.

The first sample examines subtopics such as media, the
Democratic Party, and the Republican Party’s positions toward
the target “Donald Trump,” expressing support. Conventional
BERT models struggle to effectively understand the relation-
ships between subtopics and the target, incorrectly classifying
the stance as “against.” However, Fig. 6(a) shows that the KAI
model focuses on “party affiliation” as the main viewpoint and
“leadership style” and “personality and behavior” as secondary
viewpoints, which are highly relevant to the text. KAI’s atten-
tion to these salient viewpoints allows it to correctly determine
the stance as supportive of Donald Trump.

The second sample, see Fig. 6(b), explores the idea that
having women in leadership roles helps to create a more com-
passionate world, expressing support for Hillary Clinton. Tra-
ditional methods struggle to deeply understand the nuances of
the tweet content, incorrectly classifying the stance as “neutral.”
In contrast, our KAI model effectively attends to the “gen-
der” and “personal characteristics” viewpoints, and under these
viewpoints, focuses on salient keywords such as “women, lead-
ership” and “compassionate.” This allows KAI to accurately
identify the stance. By attending to relevant viewpoints and
keywords, KAI captures the underlying semantics and makes
accurate predictions.

The third sample discusses the reasons behind wage dispar-
ities, stating that men’s jobs are more dangerous and time-
consuming, expressing opposition to the feminist movement.
Conventional models struggle to recognize implicit expressions
and misclassify the stance as “neutral.” Our model primarily
adopts a “socio-economic status” perspective, with “cultural
background” as a secondary perspective, concentrating on key-
words such as “men, dangerous, and paid” to provide an accu-
rate classification.

The fourth sample morally criticizes “abortion” from the
perspective of emphasizing values such as life and choice,
despite not explicitly mentioning the term “abortion.” Existing
methods struggle to deeply understand the connection between
the text and target, failing to effectively link the text to abortion

and incorrectly classifying the stance as “neutral.” In contrast,
KAI accurately captures salient keywords such as “moral” and
“life” and links them to the legalization of abortion through
the “moral/religious” viewpoint. Meanwhile, the viewpoint also
appropriately ignores distracting words such as “mistake,” thus
correctly identifying the stance polarity. By attending to rel-
evant keywords and viewpoints, KAI makes the connection
between the implicit text and abortion, enabling accurate stance
detection.

VI. CONCLUSION

This article presented a novel KAI network to advance stance
detection, particularly for the challenging zero-shot setting.
The key innovation is eliciting target-independent conceptual
knowledge as transferable features using LLMs. Specifically,
we introduced analysis perspectives shared by different targets
as such common knowledge. This allows bridging connec-
tions between seen and unseen targets to enable knowledge
transfer. Moreover, we developed a Bi-KGNPS that integrates
this knowledge through an iterative knowledge-variable bind-
ing process to guide stance predictions. Extensive experiments
demonstrate KAI achieves new state-of-the-art accuracy on
multiple ZSSD benchmarks. Our approach also delivers strong
performance on conventional in-target and cross-target setups.
The proposed framework provides an interpretable approach
to effectively infuse domain knowledge for transfer learning,
representing an important step toward practical stance detection
systems that can generalize to new targets of interest.
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