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Abstract

LLM-based approaches have recently achieved impressive
results in zero-shot stance detection. However, they still
struggle in complex real-world scenarios, where stance un-
derstanding requires dynamic background knowledge, target
definitions involve compound entities or events that must be
explicitly linked to stance labels, and rhetorical devices such
as irony often obscure the author’s actual intent. To address
these challenges, we propose MSME, a Multi-Stage, Multi-
Expert framework for zero-shot stance detection. MSME
consists of three stages: (1) Knowledge Preparation, where
relevant background knowledge is retrieved and stance la-
bels are clarified; (2) Expert Reasoning, involving three spe-
cialized modules—Knowledge Expert distills salient facts
and reasons from a knowledge perspective, Label Expert re-
fines stance labels and reasons accordingly, and Pragmatic
Expert detects rhetorical cues such as irony to infer intent
from a pragmatic angle; (3) Decision Aggregation, where a
Meta-Judge integrates all expert analyses to produce the final
stance prediction. Experiments on three public datasets show
that MSME achieves state-of-the-art performance across the
board.

Code — https://github.com/zy-shuo/MSME

1 Introduction
Stance detection aims to identify whether a text expresses
a Favor, Against, or Neutral perspective toward a specified
target (e.g., an event or entity) (Mohammad et al. 2016). As
social media continually spawns diverse and fast-evolving
topics, traditional approaches relying on copious domain-
specific annotations become impractical (Xu et al. 2016b;
Hardalov et al. 2021). Zero-shot stance detection tackles this
limitation by enabling stance reasoning on unseen or emerg-
ing targets (Liang et al. 2022a; Allaway and McKeown
2020a), leveraging either knowledge transfer or inherent
zero-shot capabilities. However, even zero-shot paradigms
require annotated data to learn stance patterns.

The advent of LLMs (Touvron et al. 2023) has inspired
a range of new approaches for zero-shot stance detection,
including prompt-based classification (Ding et al. 2021),
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Target: Bernie Sanders
Text: Personally I'm sick & tired of someone who has 3 homes & a
 $$$book deal ranting about the rich. 
Predicted Stance: None. It expresses dissatisfaction with the unfair treatment 
of the wealthy, but does not mention Bernie Sanders. 
Background Knowledge:
1. Sanders is a democratic socialist. He supports the Nordic model of social 
democracy.
2. He focuses on income, banning assault weapons, raising taxes on the wealthy.
Oracle Stance: Against. It criticizes Bernie Sanders for being hypocritical.

Target: 
The wife and daughter of the perpetrator faced cyberbullying
(恶意殴打他人者的妻女被网暴)
Text: Sure, she's innocent — but weren't the four girls who got beaten 
also innocent? ( 的确，她女儿无辜，那四个被打的女孩不也无辜吗？)
Predicted Stance: Against. The comment reflects sympathy for the innocent 
person and considers his father's violent behavior unacceptable. 
Explicit Label: The wife and daughter deserve to be cyberbullied.
Oracle Stance: Favor. It uses a rhetorical question. Sarcastically implies that 
she should be held responsible for her father's misconduct. 

Case 1

Case 2

Figure 1: Examples from SEM16 (Mohammad et al. 2016)
(Case 1) and Weibo-SD (Zhang et al. 2024a)(Case 2, trans-
lated from Chinese) illustrating real-world stance detection.

leveraging LLMs as external knowledge sources (Zhang
et al. 2024b), framing the task as logical reasoning (Wei
et al. 2022; Taranukhin, Shwartz, and Milios 2024), and em-
ploying multi-agent collaboration frameworks (Chen et al.
2023).

Despite demonstrating strong performance on standard
benchmarks, existing zero-shot stance detectors remain
ill-equipped for the nuances of real-world discourse. They
face three primary challenges: (1) Background Knowledge
Dependency: Accurate stance interpretation often hinges
on up-to-date world knowledge. For example, to recognize
that the disparaging ’someone’ in Fig. 1 refers to Bernie
Sanders and the author is criticizing his anti-wealthy pol-
icy stance, an external understanding of contemporary po-
litical debates is required. (2) Unclear Target-Label Map-
ping: Real-world targets frequently comprise compound en-
tities or multi-faceted events. Consider the statement ’The
wife and daughter of the perpetrator faced cyberbullying’
(Fig. 1). A model must discern whether the stance refers to
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the act of cyberbullying itself, i.e., “supporting cyberbully-
ing,” rather than erroneously attributing support to the per-
petrator or his family. Existing approaches struggle to de-
compose such compound targets and align them precisely
with the intended stance label. (3) Pragmatic Complexity:
Social media is rife with rhetorical expressions such as irony,
sarcasm, and metaphor, which obscure literal sentiment. A
comment like “she’s innocent” may, in context, convey the
opposite of its surface meaning (Fig. 1). Without specialized
pragmatic analysis, LLMs tend to default to literal interpre-
tations, leading to systematic misclassification of ironic or
sarcastic stances.

To address these challenges, we propose MSME (Multi-
Stage Multi-Expert), a zero-shot stance detection frame-
work, which consists of three stages: In the Knowledge
Preparation stage, we retrieve target-specific background
knowledge to compensate for the static nature of LLMs’
internal knowledge. We also clarify stance labels by ex-
plicitly defining what constitutes Favor or Against for the
given target, thereby narrowing the semantic space and re-
ducing ambiguity in target-label mapping. The Expert Rea-
soning stage engages three specialized experts. The Knowl-
edge Expert filters retrieved knowledge, removing irrele-
vant content based on the target text. For each retained item,
the expert reasons from a knowledge perspective and derives
a clear conclusion. The refined knowledge then serves as
shared context for all experts. The Label Expert constructs
a fine-grained stance taxonomy based on clarified labels,
reasoning from these detailed labels to reduce uncertainty
in the mapping between targets and labels. The Pragmatic
Expert identifies pragmatic patterns in the text such as irony
or sarcasm and infers the author’s actual intent beyond literal
interpretation. Finally, in the Decision Aggregation stage, a
Meta-Judge integrates the analyses from all experts, weigh-
ing knowledge-based reasoning, label mapping, and prag-
matic interpretation to produce the final stance prediction.
Our main contributions are:

• We propose the MSME, the first framework to specifi-
cally address zero-shot stance detection in complex real-
world scenarios.

• Extensive experiments on three datasets: SEM16,
P-Stance, and Weibo-SD, demonstrate that MSME
achieves state-of-the-art results, with ablation studies
validating the necessity of each expert.

• We find that the label expert performs exceptionally well
on complex targets (Weibo-SD and Climate Change Is
Real Concern in SEM16). This success is attributed to
the fine-grained stance label system, which clarifies the
mapping between targets and labels.

2 Related Work
2.1 In-target Stance Detection
Stance detection has evolved from machine learning (Xu
et al. 2016a) to neural networks (Igarashi et al. 2016)
and further to pre-trained language models (Hosseinia,
Dragut, and Mukherjee 2020). Early work (Zhang and Lan
2016) combined multiple features with ensemble classifiers

(SVM/RF/GBDT) for single-target detection, while later ap-
proaches leveraged CNN and LSTM (Taulé et al. 2018; Dey,
Shrivastava, and Kaushik 2018) to model texts and targets.
He, Mokhberian, and Lerman (2022) proposed WS-BERT,
which inject Wikipedia-derived target knowledge into BERT
to enhance accuracy. However, scarce annotated data and
domain divergence limit traditional methods’ adaptability,
driving increased focus on zero-shot stance detection.

2.2 Zero-shot Stance Detection

Zero-shot stance detection refers to inferring stance toward
unseen targets or in the absence of annotated data (All-
away and McKeown 2020a), confronting three key chal-
lenges: data scarcity, implicit expressions (e.g., irony/rhetor-
ical questions), and cross-domain semantic differences. Cur-
rent solutions focus on knowledge enhancement and trans-
fer learning. For instance, Zhang et al. (2023b) proposed a
self-supervised data augmentation method based on corefer-
ence resolution for zero-shot and few-shot stance detection.
Liu et al. (2021) introduced CKE-Net, a model integrates
commonsense knowledge graphs. By using ConceptNet to
construct relational subgraphs, it enhances reasoning over
implicit expressions. In transfer learning, the TOAD model
employs adversarial training to learn domain-invariant fea-
tures (Allaway, Srikanth, and McKeown 2021), reducing de-
pendence on specific targets. However, these still require la-
beled data, whereas our approach enables parameter-free in-
ference by leveraging LLMs’ inherent reasoning and gener-
ation capabilities (Chang et al. 2024).

2.3 LLMs-based Stance Detection

LLMs have shown strong zero-shot capabilities across var-
ious tasks, motivating researchers to explore their applica-
tions in stance detection. Zhang et al. (2024a) systematically
studied LLMs’ stance detection performance using prompt
learning, showing that explicit stance labels and brief back-
ground information can improve accuracy. Li et al. (2023)
proposed the KASD framework, which leverages situational
and discourse knowledge for stance detection via Chat-
GPT, resulting in notable performance gains for both fine-
tuned models and LLMs. Taranukhin, Shwartz, and Milios
(2024) introduced Stance Reasoner, modeling reasoning as
an explicit inference from premises to conclusions. It guides
stance inference using background knowledge generated by
LLMs. Zhang et al. (2024b) employed LLMs to extract rela-
tionships between texts and targets as contextual knowledge,
which was then injected into the generative model BART to
enhance stance detection with richer context and semantics.
Lan et al. (2024) proposed COLA, a multi-agent collabo-
rative framework for stance reasoning, demonstrating high
accuracy, interpretability, and generalization. Weinzierl and
Harabagiu (2024) constructed counterfactual tree prompts to
guide LLMs in generating explanations for each of the three
stance labels, based on which the final stance is determined.
Unlike these methods, our MSME is specifically designed to
adapt to stance detection in real-world scenarios.
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deities ...
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ethics.
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Actual Intent: This statement 
challenges a common theistic 
claim that morality is grounded 
in religious belief.

Figure 2: Architecture of our proposed MSME, illustrated with a sample from SEM16.

3 Multi-Stage Multi-Expert Reasoning
Given the complexity of the three challenges faced by stance
detection in real-world scenarios, an end-to-end approach
struggles to effectively address all aspects. Therefore, we
decompose our solution into three steps. The MSME frame-
work consists of three stages (Fig. 2). In the Knowledge
Preparation stage, relevant background is retrieved and
stance labels are clarified. The Expert Reasoning stage in-
cludes three experts, each reasoning from a different per-
spective. In the Decision Aggregation stage, the analyses
from all experts are integrated to produce a final stance.

3.1 Stage 1: Knowledge Preparation
In this stage, MSME retrieves raw background knowledge
Kraw and constructs explicit stance labels (ESL). For a
target t, we query related topics using a Search API, ex-
tract core texts from the results automatically, and segment it
into chunks k1, k2, . . . , kn. Redundant chunks are removed
based on embedding similarity, and the top-3 most relevant
segments are concatenated to form Kraw. To generate ESL,
we employ LLMs with few-shot prompting (Fig. 3).

Instruction:  Please  design Explicit Stance Labels for the target
"The wife and daughter of the perpetrator faced cyberbullying"  
Input:  [Examples]*4  
Example 1: 
Target: College professor dismissed due to controversial remarks
ESLFavor: The professor deserved to be dismissed
ESLAgainst: The professor should not have been dismissed
Example 2: ...
Output:
ESLFavor: The wife and daughter deserve to be cyberbullied
ESLAgainst: The wife and daughter should not be cyberbullied

Figure 3: Few-shot prompt to generate explicit stance labels.

3.2 Stage 2: Expert Reasoning
In this stage, we use prompts to instruct LLMs to assume
the roles of three specialized experts, reasoning about the

You are a careful pragmatic expert.
Instruction: 
Please analyze the rhetorical devices  contained in the text regarding the 
target  [ t ], to understand the actual intent of the text.
Input: [ Kfine ], [ T ], [ ESL ]
Output: 
Rhetoric: [ R ]                   Intent: [ I ]               Stance: [ ESLj ]

You are a rigorous knowledge expert.
Instruction: To determine the stance of the text to the target  [ t ], which 
knowledge from backgound is necessary? Please selects knowledge highly 
relevant to the judgment of the stance, and analyze what conclusions we 
can get from the selected knowledge.
Input: [ Kraw ], [ T ], [ ESL ]
Output: 
Refined Knowledge: [ Kfine ]
Reasoning: 1. [ Kfine ]  →  [ c1 ]    2. [ Kfine ]  →  [ c2 ]    ···        Stance: [ ESLj ]

( 1 ) ( 2 )

You are a skilled label expert.
Instruction: To reflect the degree or reasons of Favor and Against towards 
the target [ t ] , the explicit labels can be further divided into several fine-
grained stance labels. Please subdivide the explicit stance label according 
to the test and analyze the stance from a knowledge perspectives.
Input: [ Kfine ], [ T ], [ ESL ]
Output:
Fine-grained Stance Labels:  
A. FSLFav  ∊ {FSLFav , FSLFav , ···}   B. FSLAga  ∊ {FSLAga , ···}    C. Neutral/None
Analysis: [ Analysis ]                                                                     Stance: [ FSLj ]

( 1 ) ( 2 ) ( 1 )

m

Figure 4: Simplified prompt templates for the three experts:
Knowledge Expert, Label Expert, and Pragmatic Expert.

stance from knowledge, label, and pragmatic perspectives.
Simplified prompt templates are shown in Fig. 4 .
Knowledge Expert To reason about stance from a knowl-
edge perspective, it is necessary to reduce noise in Kraw.
The knowledge expert extracts salient information to en-
hance reasoning accuracy. Given a text T and target t, it
selects segments from Kraw most relevant to T , yielding
refined knowledge Kfine = k

(1)
fine, k

(2)
fine, . . .. The Kfine is

shared across experts. For each piece of knowledge k
(i)
fine,

reasoning from a knowledge perspective generates a conclu-
sion ci, forming the pair (k(i)fine, ci). This chain-of-thought-
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like process can enhance reasoning capability.
Label Expert To enable more precise stance reasoning
from a labeling perspective, it is essential to reduce the am-
biguity of explicit labels. Therefore, the label expert con-
structs a fine-grained stance label system (FSL) derived
from ESL. While ESL reduces coarse label–target mis-
matches, its labels may still cover multiple nuanced posi-
tions and reflecting varying degrees of stance or underlying
motivations. For example, an ESLFavor label like ’The wife
and daughter deserve to be cyberbullied’ can imply justi-
fied punishment of harm, sympathy for victims, or seeking
victim justice. Formally, given a text T , target t, and re-
fined knowledge Kfine, the expert refines each ESLj (j ∈
Favor,Against) into sub-label sets FSLm

j (m = 1, . . . , n)
and infers the stance by selecting the most appropriate FSL.
Pragmatic Expert To mitigate the impact of rhetorical
complexity on stance inference, the pragmatic expert un-
covers the author’s actual intent behind figurative language.
Specifically, given a text T , target t, and knowledge Kfine,
it first detects rhetorical patterns R in T . If R is present, the
expert extracts R and infers the underlying actual intent I;
otherwise, it directly analyzes the literal intent.

3.3 Stage 3: Decision Aggregation
In this stage, the meta-judge integrates the outputs of all ex-
perts to produce the final stance. Specifically, given text T ,
target t, explicit labels ESL and refined knowledge Kfine,
it synthesizes: knowledge–conclusion pairs (k(i)fine, ci) from
the knowledge expert, fine-grained labels and analyses from
the label expert, and rhetorical pattern R with inferred ac-
tual intent I from the pragmatic expert. The meta-judge then
outputs the final stance s along with a transparent reasoning
process (Fig. 5).

You are a fair judge.
Instruction:  Please combine the analysis of three experts, make your 
own analysis, and determine the stance of the comment on the target  [ t ]. 
Input: [ Kfine ], [ T ], [ ESL ]
Knowledge Expert: ( Kfine, Ci )
Label Expert: [ FSLj ]  ,  [ Analysis ]
Pragmatic Expert: [ R ] , [ I ]
Output: 
Reasoning Process:  [Reasoning Process]                            Stance: [ s ]

( i )

m

Figure 5: Simplified prompt for the Meta-Judge in the Deci-
sion Aggregation stage.

4 Experiments
4.1 Setup
Datasets We evaluate MSME on two widely used English
benchmarks and one complex Chinese dataset to compre-
hensively validate the framework’s effectiveness.

SEM16 (SemEval-2016 Task 6A) (Mohammad et al.
2016) focuses on stance classification in social media tweets,
categorized into Favor, Against, and Neutral. It contains
tweets annotated for stance toward five targets: Atheism (A),
Climate Change Is Real Concern (CC), Feminist Movement

(FM), Hillary Clinton (HC), and Legalization of Abortion
(LA), with 1,249 test instances.

P-Stance (Li et al. 2021) focuses on stance toward politi-
cal figures: Donald Trump (DT), Joe Biden (JB), and Bernie
Sanders (BS), with 2,156 test instances. It includes only two
stance categories, Favor and Against, and is commonly used
for zero-shot and cross-target stance detection tasks.

Weibo-SD (Zhang et al. 2024a) consists of 1,698 com-
ments from Weibo, focusing on hot social media events. The
stance in the dataset is categorized into Favor, Against, and
Neutral. The five compound targets are: The wife and daugh-
ter of the perpetrator faced cyberbullying (CB), Woman re-
fused to let a 6-year-old boy enter the female restroom and
was criticized (FR), Police confirmed Hu Xinyu’s suicide
(HS), The movie Manjianghong’s official sues prominent in-
fluencers of weibo (MM), and Water Splash Festival woman
forgives the offender (FO). Each target is accompanied by
brief background knowledge and explicit stance labels to
provide context for stance classification.

To enable comparison with existing work, we evaluate
only on the official test sets for SEM16 and P-Stance.

Evaluation Metrics Metrics For the SEM16 and P-Stance
datasets, we follow prior work and report the average F1
score (Favg) for the Favor and Against labels (Allaway and
McKeown 2020b). For the Weibo-SD dataset, we use the
commonly adopted Macro-F1 metric (Conforti et al. 2020).

Implementation Details We use SerpAPI1 for retrieval
and BGE model (Xiao et al. 2023) for text embeddings. In
our experiments, we employ four models: GPT-3.5 (Ye et al.
2023) (standard model), and three inference models—GPT-
4o (Hurst et al. 2024), QWQ-32B (Zheng et al. 2024), and
DeepSeek-R1 (Guo et al. 2025), all accessed via API. To en-
sure result stability and reproducibility, the model tempera-
ture is set to 0. Results are reported as the average of three
experimental runs.

Baselines We compare MSME with state-of-the-art meth-
ods, including supervised models for in-target tasks and
zero-shot approaches (supervised and unsupervised).

In-Target Models: These models are trained and evalu-
ated on the same target. They include CrossNet (Xu et al.
2018) with enhanced attention, BERT (Koroteev 2021) fine-
tuned directly, and graph-based models such as ASGCN
(Zhang, Li, and Song 2019) and TPDG (Liang et al. 2021).

Zero-Shot Models: These models are trained on data
with specified targets and evaluated on unseen targets.
Notable methods include TGA-Net (Liang et al. 2022a)
based on attention, TOAD (Allaway, Srikanth, and McKe-
own 2021) utilizing adversarial learning, BERT-GCN (Jeong
et al. 2020) based on graph neural networks, and JointCL
(Liang et al. 2022b) integrating contrastive learning.

Zero-Shot Based on LLMs: These methods lever-
age LLMs for zero-shot stance detection. Approaches in-
clude direct stance inference by inputting the target and
text (Base), stance reasoning using chain-of-thought (CoT)
(Zhang et al. 2023a), stance determination with brief
background knowledge and explicit stance labels (BKEL)

1https://serpapi.com/
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Category Model SEM16 (%) P-Stance (%) Weibo-SD (%)
A CC FM HC LA Avg DT JB BS Avg CB FR HS MM FO Avg

In-target
CrossNet 56.4 40.1 55.7 60.2 61.3 54.7 58.0 65.0 53.0 58.7 – – – – – –

BERT 60.7 38.8 59.0 61.3 63.1 56.6 67.7 73.1 68.2 69.7 50.7 46.9 53.2 50.4 62.4 52.7
ASGCN 59.5 40.6 58.7 61.0 63.2 56.6 77.0 78.4 70.8 75.4 – – – – – –
TPDG 64.7 42.3 67.3 73.4 74.7 64.5 76.8 78.1 71.0 75.3 – – – – – –

Zero-shot
TGA Net 56.1 52.9 61.2 60.2 55.7 57.2 – – – – – – – – – –

TOAD 46.1 30.9 54.1 51.2 46.2 45.7 53.0 68.4 62.9 61.4 – – – – – –
BERT-GCN 53.6 35.5 44.3 50.0 44.2 45.5 – – – – – – – – – –

JointCL 54.5 39.7 53.8 54.8 49.5 50.5 62.0 59.0 73.0 64.7 – – – – – –

Zero-shot
based on

LLMs

Base* 58.3 51.1 62.3 65.0 60.8 59.5 67.3 78.2 71.6 72.4 40.1 45.2 56.9 52.2 46.9 48.3
CoT* 64.1 55.7 62.4 70.7 61.9 63.0 71.4 80.5 74.1 75.3 36.2 53.9 58.1 58.2 50.7 51.4

BKEL* 71.5 66.0 63.1 76.5 64.2 68.3 80.3 78.3 79.6 79.4 58.0 51.3 65.6 67.6 60.4 60.6
Stance Reasoner* 69.7 62.5 73.9 67.7 60.3 66.8 79.5 81.0 79.6 80.0 52.5 46.1 51.5 55.7 48.3 50.8

COLA 70.8 65.5 63.4 81.7 71.0 70.5 86.6 84.0 79.7 83.4 55.8* 44.6* 59.6* 52.5* 59.2* 54.3*

ToC – – – – – 69.4 75.7* 83.1* 80.4* 79.7* 47.8* 48.3* 69.7* 54.4* 57.5* 55.7*

MSME
(ours)

GPT-3.5* 75.2 74.9 72.5 81.1 69.9 74.7 87.7 84.9 82.8 85.1 62.6 67.1 71.4 75.3 66.3 68.5
GPT-4o* 80.3 76.2 75.5 81.9 71.9 77.2 88.6 85.6 84.1 86.1 68.3 71.8 72.6 76.3 70.7 72.0

DeepSeek-r1* 81.5 78.5 74.8 80.6 73.5 77.8 87.1 84.7 84.5 85.4 69.8 75.9 72.2 75.5 74.0 73.5
QwQ-32b* 79.5 77.1 76.3 76.9 68.4 75.6 85.1 84.3 83.5 84.3 66.1 70.5 73.2 72.8 69.6 70.4

Table 1: Comparison of MSME with baselines across three datasets. * indicates results from our own experiments. Results
without * are taken from the original papers. Bold and underline refer to the best and 2nd-best performance. All results are
statistically significant with paired t-tests, p < 0.05.

(Zhang et al. 2024a), logical chain-based stance reasoning
(Stance Reasoner) (Taranukhin, Shwartz, and Milios 2024),
collaborative frameworks with multiple agents (COLA)
(Lan et al. 2024), and counterfactual tree prompts to guide
reasoning (ToC) (Weinzierl and Harabagiu 2024).

4.2 Main Result
Table 1 presents a comparison of MSME with various base-
lines across three datasets. We report the experimental re-
sults for each target individually. These results demonstrate
the strong performance of our MSME:

MSME achieves significant improvements over state-
of-the-art methods across all three datasets. On SEM16
and P-Stance, it achieves F1 scores of 74.7 and 85.1—
improvements of 4.2 and 1.7 points over the best baseline
(COLA). On Weibo-SD, MSME raises F1 from 60.6 to 68.5
(+7.9) compared to BKEL. These results confirm the ef-
fectiveness of our approach. Unlike COLA’s generic multi-
agent framework, MSME’s three-stage design directly ad-
dresses dependencies on background knowledge, label am-
biguity, and pragmatic cues. Compared to BKEL, MSME re-
fines background information through the knowledge expert,
extracting more relevant facts to enhance reasoning, while
the label expert further clarifies and refines labels, mitigat-
ing the ambiguity in target–label mapping.

The greatest improvement appears on Weibo-SD, with
the smallest gain on P-Stance. We attribute this to three
key factors: First, Weibo-SD targets are complex events with
multiple sub-events and rich rhetorical devices, demanding
advanced reasoning, whereas P-Stance involves single polit-
ical figures, requiring no extra reasoning to align targets and
labels. Second, Weibo-SD covers recent, emerging events
require injected background knowledge, while P-Stance’s

older data is likely encoded in the LLMs’ internal knowl-
edge. Third, COLA’s strong performance on P-Stance (83.4
F1) leaves less room for gain. Superior gains on the most
challenging dataset further validate MSME’s robustness.

MSME demonstrates superior capability on com-
pound targets. On SEM16’s only compound target, Climate
Change Is Real Concern (CC), the best baseline (COLA)
achieves an F1 of 65.5, while MSME attains 74.9, a 9.4-
point improvement. This further highlights that by introduc-
ing the label expert, MSME effectively addresses the chal-
lenge of ambiguous target–label mapping.

MSME also performs robustly across different LLMs.
On SEM16 and Weibo-SD, DeepSeek-R1 yields the best re-
sults, with F1 scores of 77.8 and 73.5, representing improve-
ments of 3.1 and 5.0 compared to GPT-3.5. On P-Stance,
GPT-4o achieves the highest F1 of 86.1, which is 1.0 points
higher than GPT-3.5. QWQ-32B, while not the best per-
former, still improves by 0.9 on SEM16 and 1.9 on Weibo-
SD relative to GPT-3.5. This demonstrates the strong perfor-
mance of inference models, with QWQ-32B—despite hav-
ing only 32B parameters—still delivering excellent results.

4.3 Ablation Study
In the ablation study, we tested three settings: removing one
expert, retaining only one expert, and using no experts (i.e.,
relying solely on the ESL and the Kraw obtained in the
knowledge preparation stage and for stance reasoning). Ta-
ble 2 presents our results on three LLMs:

The ablation study demonstrates the necessity of each
expert. When all experts are retained, the model achieves
the best performance across all three datasets. Removing
any expert results in a decline in performance. For example,
with GPT-3.5, the performance drops by 1.2 to 2.9 points on
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Model KE LE PE SEM16 P-Stance Weibo-SD

GPT-3.5
Turbo

✓ ✓ ✓ 74.7 85.1 68.5
× ✓ ✓ 71.8 81.3 65.1
✓ × ✓ 73.1 83.5 64.0
✓ ✓ × 73.5 83.3 66.1
✓ × × 72.0 82.8 62.8
× ✓ × 71.1 81.1 64.5
× × ✓ 69.9 80.7 61.6
× × × 68.0 79.2 59.9

GPT-4o

✓ ✓ ✓ 77.2 86.1 72.0
× ✓ ✓ 74.9 82.9 70.1
✓ × ✓ 75.1 84.3 69.6
✓ ✓ × 76.1 84.6 70.4
✓ × × 75.0 83.7 68.5
× ✓ × 74.4 81.5 68.2
× × ✓ 73.5 80.8 66.7
× × × 70.7 81.2 64.9

DeepSeek
-R1

✓ ✓ ✓ 77.8 85.4 73.5
× ✓ ✓ 75.4 83.2 71.4
✓ × ✓ 76.5 84.1 70.7
✓ ✓ × 77.1 83.9 71.7
✓ × × 76.1 83.5 69.3
× ✓ × 75.5 81.7 69.5
× × ✓ 74.6 82.0 68.0
× × × 72.8 81.6 66.1

Table 2: Ablation study results with GPT-3.5 Turbo, GPT-
4o, and DeepSeek-R1. KE denotes the Knowledge Expert,
LE the Label Expert, and PE the Pragmatic Expert.

SEM16, 1.8 to 3.8 points on P-Stance, and 2.4 to 4.5 points
on Weibo-SD, showing a significant decline.

The knowledge expert is essential for the other ex-
pert modules. For example, with GPT-3.5, removing the
knowledge expert causes the largest performance decline
on SEM16 and P-Stance, with F1 dropping by 2.9 and
3.8, respectively, and by 3.4 on Weibo-SD. DeepSeek-R1
shows identical results to GPT-3.5, while GPT-4o exhibits
the largest drop across all datasets, further confirming this
conclusion. In the expert reasoning stage, the knowledge ex-
pert refines raw knowledge and shares it with the other ex-
perts, highlighting its critical role in knowledge refinement.

Knowledge-based reasoning yields the greatest im-
provements in general scenarios. On SEM16 and P-
Stance, all models perform best when only the knowledge
expert is retained. For instance, GPT-3.5 achieves F1 scores
of 72.0 and 82.8 on SEM16 and P-Stance, respectively, rep-
resenting the largest gains. This is likely due to the sim-
pler target-label mapping in these datasets—SEM16 con-
tains only one complex target (CC), while P-Stance involves
single-entity targets. Reasoning solely from relevant knowl-
edge leads to the greatest improvements on these datasets.

The label expert is key to handling complex targets in
Chinese scenarios. Removing it has the greatest impact on
Weibo-SD, with F1 decreasing by 4.5, 2.4, and 2.8 across the
three models. In the setup where only one expert is retained,
the best results are achieved when the label expert alone

Model SEM16 P-Stance Weibo-SD
Noise Injection
No KE + Noise 70.1 79.8 60.7
No KE 71.8 81.3 65.1
MSME + Noise 74.3 84.5 66.9
MSME 74.7 85.1 68.5
Neutral Detection
Base 46.7 – 38.1
No Expert 52.3 – 45.2
Label Expert 59.7 – 52.9
MSME 60.5 – 54.6
Rhetoric Handling
Base 55.2 68.1 43.3
No Expert 63.2 75.5 50.6
Pragmatic Expert 67.5 80.1 58.7
MSME 71.4 82.4 64.0
Decision Capability
Integrated 71.8 79.8 63.4
Vote 74.1 83.9 66.8
MSME 74.7 85.1 68.5

Table 3: Supplementary experiments analyzing MSME’s
performance in noise injection, neutral detection, rhetoric
handling and decision capability.

is kept. For instance, GPT-3.5 and DeepSeek-R1 reach F1
scores of 64.5 and 69.5, respectively, improving by 4.6 and
3.4 compared to no experts. This is attributed to the fine-
grained stance label system, which simplifies the mapping
between targets and labels.

The impact of the pragmatic expert is relatively small.
For all three models, removing it results in the smallest per-
formance decline across the three datasets. For example,
with GPT-3.5, F1 drops by 1.2, 1.8, and 2.4 on SEM16, P-
Stance, and Weibo-SD, respectively. When only the prag-
matic expert is retained, the performance improvement is
also minimal, with F1 increasing by 1.9, 1.5, and 1.7 com-
pared to using no experts. This is likely because not every
text contains rich rhetorical devices, making the it’s role
more supplementary. This will be further explained in the
supplementary experiments.

4.4 Supplementary Experiments
To further investigate the role of the three experts and the de-
cision aggregation stage, we conducted four supplementary
experiments with the following setups:

Experiment 1: We added noise to Kraw by injecting
target-irrelevant knowledge of the same scale. We compared
the performance of MSME without the knowledge expert
but with noise injection (No KE + Noise), MSME without
the knowledge expert (No KE), MSME with noise injection
(MSME + Noise) , and MSME.

Experiment 2: We analyzed the F1 scores for the neutral
label, comparing the Base, results without any experts (No
Expert), the results when only the label expert was used (La-
bel Expert), and MSME.

Experiment 3: We used three inference models (GPT-4o,
QWQ-32B, and DeepSeek-R1) to detect rhetoric in texts
with intuitive prompts, employing majority voting to se-
lect texts containing rhetoric (details in Appendix). Re-
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sults showed the proportion of texts containing rhetoric was
52.2% in SEM16, 69.6% in P-Stance, and 80.6% in Weibo-
SD. We then compared results on texts containing rhetoric
using Base, No Expert, Pragmatic Expert Only, and MSME.

Experiment 4: We compared integrating the expert rea-
soning and decision aggregation stages into a single process
with one prompt (Integrated), summarizing each expert’s in-
dependent judgment and applying majority voting for the
final stance (Vote), and MSME.

All results are shown in Table 3. We find that:
MSME effectively refines background knowledge. In

the No KE + Noise setup, performance is poor, with F1 drop-
ping significantly across all three datasets—by 4.6, 5.3, and
7.8 points compared to MSME. In the MSME + Noise setup,
performance drops only by 0.4, 0.6, and 1. This highlights
the importance of the knowledge expert in mitigating noise
in the knowledge.

MSME excels in handling neutral text. Existing meth-
ods struggle with neutral stance classification, with the Base
setup achieving F1 scores of only 46.7 and 38.1 on SEM16
and Weibo-SD. Compared to the No Expert setup, the la-
bel expert improves F1 by 7.4 and 7.7, respectively. This
is attributed to the fine-grained stance label system, which
simplifies target-label mapping, enabling better detection for
neutral stance when finer labels are not applicable.

MSME effectively handles rhetorical texts. In the Prag-
matic Expert setup, accuracy in detecting rhetorical cues sig-
nificantly improves, with F1 increasing by 4.3, 4.6, and 8.1
points compared to the No Expert setup. This is due to the
specialized analysis of rhetorical devices in the text.

MSME enables effective integration of multi-
dimensional reasoning. Compared to Integrated and Vote
setups, MSME achieves the best performance. The Inte-
grated setup shows a significant drop in F1, with decreases
of 2.9, 5.3, and 5.1, as end-to-end methods struggle to
balance multiple factors. The Vote setup, while closer, still
shows a drop in F1 of 0.6, 1.2, and 1.7, demonstrating that
MSME goes beyond simple voting, effectively integrating
knowledge from different experts.

4.5 Case Study
To clearly demonstrate the workings of MSME, Figure 6
presents a complete example. For the target Climate Change
is a Real Concern (CC), the three experts provide their indi-
vidual reasoning:

Knowledge Expert refines the background knowledge
and, from a knowledge perspective, identifies the text’s
downplaying of human impact on climate change. This leads
to the stance of opposing human-induced climate change.

Label Expert applies fine-grained stance labels, reason-
ing from the label perspective, and categorizes the stance as
Against, specifically: ’Argues that human activity has a neg-
ligible impact compared to natural phenomena.’

Pragmatic Expert detects the use of exaggeration and
irony in the text, reasoning from the pragmatic perspective,
revealing the actual intent: human impact on climate change
is minimal.

Finally, the meta-judge integrates these analyses, confirm-
ing that the stance expressed is Against climate change, im-

Fine-grained Stance Labels:   
A. Favor:   
a. Strongly supports immediate action on climate change due to its severe impact.   
b. Advocates for action on climate change citing scientific evidence and consequences.   
c. Emphasizes ethical responsibility to act on climate change, particularly for communities.   
B. Against:   
a. Denies the validity of scientific evidence supporting climate change.   
b. Argues that human activity has a negligible impact compared to natural phenomena.   
c. Minimizes the urgency  of climate change, suggesting other issues are more pressing.   
C. Neutral/None   
The text suggests natural events, specifically volcanic activity, are more significant 
contributors to pollution than human activity, potentially downplaying impact of human-
caused emissions. This stance tends to undermine the urgency or significance of 
anthropogenic climate change.

Refined Knowledge:
The World Health Organization calls climate change one of the biggest threats to global 
health in the 21st century.  Poorer communities contribute minimally to global emissions 
but are disproportionately impacted by climate change. The comment suggests that a 
volcanic eruption can emit more pollution than all human activities in history.
 1. The World Health Organization calls climate change one of the biggest threats to global 
health in the 21st century. Societies and ecosystems will experience more severe risks 
without action. --> The comment's implication that natural events overshadow human 
contributions could be interpreted as downplaying the urgency and need for human-led 
action, which is contrary to the background's call for immediate measures.
2.  Poorer communities contribute minimally to global emissions but are disproportionately 
impacted by climate change.--> The comment's focus on natural events as major pollution 
sources contrasts with the background's emphasis on human contributions, suggesting a 
stance that may not fully acknowledge the human role in climate change.
3. The comment suggests that a volcanic eruption can emit more pollution than all human 
activities in history-->This suggests a stance that minimizes the impact of human activities 
on climate change, which aligns with a position against the idea that climate change is an 
urgent issue caused by human actions.

Rhetoric: hyperbole and irony.
Actual Intent：The comment uses exaggeration to emphasize the idea that natural 
phenomena like volcanoes emit more pollution than human activities have throughout 
history. This statement implies that human contributions to pollution and climate change are 
negligible compared to natural events. The rhetorical device of hyperbole is present in the 
exaggeration of the impact of volcanic emissions relative to human emissions, suggesting 
skepticism about the importance of human-induced climate change. The comment also 
employs a form of irony in undermining concerns about human contributions to climate 
change by highlighting the larger impact of natural events, which implicitly downplays the 
urgency and significance of human-driven climate change. The logical relationship in the 
comment rests on an assumption that because natural sources of pollution are vast, human 
activities have a minimal or inconsequential impact on climate change.

 Knowledge Expert

Label Expert

Pragmatic Expert

Target: Climate Change is a Real Concern
Text: ONE Volcano emits more pollution than man has in our HISTORY!

The label expert's fine-grained labels indicate that such views often align with denying or 
minimizing the role of human-induced pollution and climate change. The knowledge expert 
highlights that the comment's position contrasts with the background's emphasis on human 
contributions and the urgent need for climate action. This suggests a stance does not fully 
recognize the significance or urgency of addressing human-driven climate change. 
Additionally, pragmatic expert notes the use of exaggeration to undermine concerns about 
human-induced climate change, reflecting skepticism about its importance. The combined 
insights point to a stance minimizes the seriousness of anthropogenic climate change. 
Stance: Against: Climate change is not a real concern, doesn’t warrant significant attention.

Meta Judge

Figure 6: Cases of explainations generated by MSME.

plying that it is not a real concern and does not warrant sig-
nificant attention or action.

5 Conclusion
In this work, we propose MSME, a multi-stage, multi-
expert framework for zero-shot stance detection, address-
ing challenges in real-world scenarios including background
knowledge dependency, unclear target-label mapping, and
pragmatic complexity. MSME consists of three stages: in
the Knowledge Preparation stage, necessary background
knowledge is retrieved and stance labels are clarified; in the
Expert Reasoning stage, three experts reason from knowl-
edge, label, and pragmatic perspectives; and in the Decision
Aggregation stage, the final stance is determined by inte-
grating all insights. Through extensive experiments on three
datasets and four LLMs, we demonstrate that MSME signif-
icantly outperforms existing state-of-the-art methods. Abla-
tion and supplementary experiments emphasize the key role
of each expert, confirming MSME’s robustness in handling
noisy knowledge, neutral stances, and rhetorical devices, as
well as its excellent decision capability.
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