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Abstract

Stance detection on social media plays a vital
role in understanding public opinion on con-
tentious topics. While prior work leverages
external knowledge sources like Wikipedia to
enrich limited target information, it primar-
ily introduces conceptual content, neglecting
the interpretability potential of knowledge and
often leading to the incorporation of irrel-
evant or redundant information that hinders
stance prediction performance. To address this,
we introduce PiKGL, a Pruned interpretable
Knowledge Graph Learning framework for
explainable stance detection. Specifically, we
first extract event triplets and topics to obtain
real-world knowledge, which is then used to
construct an interpretable knowledge graph.
To ensure precision and minimize noise, we
introduce a retrieval-guided pruning strategy
that incorporates commonsense knowledge,
filtering redundant information of the inter-
pretable knowledge graph. Finally, the pruned
knowledge graph is injected into a large lan-
guage model to jointly model textual, target,
and commonsense for improved stance com-
prehension. Experimental results conducted
on three public datasets demonstrate our
PiKGL achieves state-of-the-art performance
on stance detection.

1 Introduction

Stance detection, a fundamental task in natural
language processing, aims at determining whether
an author conveys a positive, negative, or neutral
attitude toward a specific subject (Jiang et al.,
2022; Wen and Hauptmann, 2023). This task plays
a vital role in capturing diverse viewpoints across
various media platforms, such as social media

∗Equal contribution. † Corresponding authors.
https://github.com/HITSZ-HLT/PiKGL.

and news outlets (Li et al., 2021; Lauscher et al.,
2022; He et al., 2021). The contexts provided
in stance detection tasks are often brief, posing
significant challenges for data-driven models to
accurately infer the stance toward a target due to
the limited information (Yan et al., 2024; Wei and
Mao, 2019).

Recently, Pre-trained Language Models
(PLMs) have become the standard backbone for
enhancing stance detection models by integrating
learned commonsense knowledge, achieving sig-
nificant advancements in this field (Zhang et al.,
2024a; Chunling et al., 2023). A common strategy
to further enrich target-specific knowledge is to
incorporate background knowledge related to
the target as supplementary information for the
pretrained stance detection model. This approach
has been shown to improve model performance
substantially (Yan et al., 2024; Zhu et al., 2022;
Chen et al., 2024a). However, these methods often
depend heavily on the quality and relevance of
knowledge retrieved from sources like Wikipedia,
as well as the reasoning capabilities of the models.
As illustrated in Figure 1, Wikipedia typically
provides definitional knowledge. In contrast, our
approach constructs and then prunes a knowledge
graph, a distillation process that filters out noise
to retain salient, target-relevant information. The
resulting high-precision graph empowers the
model to better discern complex relationships,
thereby enhancing stance detection performance.

To address this, we propose the Pruned
interpretable Knowledge Graph Learning
(PiKGL) framework for stance detection, com-
bining external knowledge in the graph structure
and using the pruning method to enhance both
accuracy and interpretability. To be specific,
we first extract event triplets and topics from
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Figure 1: An example demonstrating two approaches.

text and target, leveraging the Global Database
of Events, Language, and Tone (GDELT)
project1 (Leetaru and Schrodt, 2013) to obtain
event-aware knowledge, which is utilized to
construct an enriched interpretable knowledge
graph representing real-world relationships
through degree-prioritized graph connection.
Subsequently, we implement a retrieval-guided
pruning strategy that employs commonsense
knowledge derived from the target to filter the
redundant or irrelevant information, ensuring the
graph remains concise and highly relevant to
the target stance. Finally, the refined knowledge
graph is injected into the Large Language Model
(LLM), enabling joint modeling of text, target,
and commonsense knowledge for improved
stance detection. The main contributions of our
work are summarized as follows:

• We introduce PiKGL, a novel framework
that constructs an interpretable knowledge
graph enriched with real-world knowledge
for explainable stance detection.

• A retrieval pruning mechanism is designed
to eliminate redundant knowledge and pre-
serve highly relevant information, ensuring
the focus of the knowledge graph.

• Extensive experiments on three datasets
demonstrate that our PiKGL achieves su-
perior performance compared to baselines.

1The project is available at https://www
.gdeltproject.org/.

2 Related Work

2.1 Knowledge Enhancement

Knowledge enhancement (KE) aims to improve
model reasoning, particularly in contexts with
limited data, by incorporating external knowl-
edge (Cohen et al., 2024; Arora et al., 2023).
KE approaches are broadly classified as struc-
tured or unstructured. Structured KE leverages
expert-curated Knowledge Bases (KBs) with se-
mantic hierarchies. For instance, task-relevant
commonsense knowledge from ConceptNet has
been introduced for reasoning support (Liu et al.,
2020), and entity linking has been utilized to
align textual entities with KB counterparts, en-
hancing semantic understanding (Yu et al., 2022;
Zhang et al., 2019). While offering strong task
focus and interpretability due to stable struc-
tured knowledge, this approach is constrained by
the predefined KBs, hindering adaptability to di-
verse, open-domain tasks and lacking real-world
dynamism and specificity.

In contrast, unstructured KE provides greater
flexibility by drawing knowledge from broader
open corpora. Methods include encoding
task-relevant text like Wikipedia for stance
detection (He et al., 2022), and fine-tuning
PLMs on domain corpora to embed domain
knowledge (Beltagy et al., 2019; Nguyen et al.,
2020). Beyond fine-tuning, approaches span
self-generating common sense via prompts
(Shwartz et al., 2020) to retrieval-based ap-
proaches retrieving knowledge from feature pools
(Karpukhin et al., 2020) or online sites (Yao et al.,
2022). Recent trends integrate data synthesis
with Retrieval-Augmented Generation (RAG),
Supervised Fine-Tuning (SFT), and Continual
Pre-Training (CPT) for improved knowledge in-
fusion (Zhang et al., 2024b). However, challenges
remain, such as performance degradation due to
irrelevant knowledge and limited transparency
in the injection process, underscoring the need
for more robust and interpretable unstructured
KE frameworks.

2.2 Stance Detection

Stance detection, the task of discerning a user’s at-
titude (e.g., positive, negative, or neutral) towards
a given topic or target, is a critical task for under-
standing subjective opinions expressed in text. To
effectively perform stance detection, especially in
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Figure 2: Workflow of our PiKGL framework, which consists of knowledge derivation, interpretable knowledge
graph building, retrieval-guided soft graph pruning, and multi-encoder model training.

complex scenarios, models increasingly rely on
the integration of external knowledge.

Integrating external knowledge is a key direc-
tion in stance detection. Previous studies leverage
common sense from ConceptNet (Speer et al.,
2017; Liu et al., 2021) and inject sentiment via
graph-based modeling and cross-attention (Luo
et al., 2022). Wikipedia is also widely used
through content encoding (He et al., 2022),
retrieval (Zhu et al., 2022), or hybrid meth-
ods combining episodic and generated discourse
knowledge (Li et al., 2023). More recently, Chen
et al. (2024a) proposed a unified framework
for joint encoding of external knowledge and
sentiment from Wikipedia and ConceptNet, and
Zhang et al. (2024c) explored LLM-generated
contextual knowledge with prototype contrastive
loss to refine stance representation alignment.
Despite the demonstrated performance improve-
ments achieved through knowledge-enhanced
methods, significant challenges persist in real-
izing both relevant and generalizable knowledge
integration, alongside efficient knowledge filter-
ing. Specifically, ensuring contextual pertinence,
generalization to unseen targets, and mitigating
redundancy to enhance reasoning remain critical
areas requiring further investigation into advanced
knowledge infusion strategies for stance detection.

3 Methodology

In this section, we first present the definition of
the task and then introduce our novel PiKGL

framework for explainable stance detection. As
illustrated in Figure 2, PiKGL comprises four
primary components: 1) Knowledge Derivation,
which extracts event triplets and topic to ob-
tain knowledge. 2) Interpretable Knowledge
Graph Building, which constructs an enriched
interpretable knowledge graph by open infor-
mation extraction and degree-prioritized graph
connection. 3) Retrieval-Guided Soft Graph
Pruning, which incorporates target-specific com-
monsense knowledge to filter redundant nodes. 4)
Multi-Encoder Model Training, which jointly
encodes knowledge and text for stance detection.

3.1 Task Definition

Given a labeled dataset X = {(si, ti, yi)}Ni=1,
where si denotes a sentence instance (e.g., a post
or a comment), ti represents the corresponding
target, and yi ∈ {FAVOR,AGAINST,NEUTRAL}
is the stance label, the goal of stance detection is
to infer the stance attitude y for a sentence-target
pair (s, t). Formally, the objective is to learn a
mapping function: f : (s, t) → y, and apply it to
previously unseen pairs at test time.

3.2 Knowledge Derivation

To obtain more authentic knowledge, we retrieve
relevant knowledge from the GDELT database
for both the input sentence and its correspond-
ing target. GDELT offers a real-time snapshot
of the world’s collective events, enabling the ex-
ploration of complex patterns and relationships
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within global society. By analyzing this data, it
becomes possible to track the evolution of con-
tentious issues and understand the broader context
of public sentiment, which is crucial for providing
a deeper and more accurate background for stance
detection. Given a sentence s ∈ X , we first ex-
tract event triplets using an LLM M, denoted as
u = {(aj , oj , ej)}nj=1, where n is the number of
event triplets, and a, o, e denote the event subject,
event trigger, and event object. To further re-
fine the scope of retrieval, we employ BERTopic
(Grootendorst, 2022) to generate a candidate topic
list T from s and utilize the LLM to select the
most relevant topic T̂ :

T = BERTopic(s) (1)

T̂ ← M(s, T ) (2)

For each triplet in u, we form two topic-aware
queries by concatenating T̂ first with the event
subject and then with the event object. Using the
queries, we retrieve the top-k relevant texts from
the GDELT database, obtaining subject-based and
object-based text sets. We then textually combine
these two text sets to produce the triplet-level
retrieved corpus for the current triplet.

Finally, we textually aggregate all these
triplet-level retrieved corpus across u to form
the complete event-aware knowledge Ks for the
sentence s. In particular, if the extracted triplet set
u is empty, the resulting event-aware knowledge
Ks is also defined as empty. Analogously, we
apply the same process to the target t to obtain Kt.

3.3 Interpretable Knowledge
Graph Building

This section proposes a structured method for
constructing an interpretable knowledge graph
that goes beyond pure embedding similarity
by explicitly modeling the relational structure
among nodes. Throughout this section, knowl-
edge denotes structured relational information
extracted via open information extraction (OIE)
from the retrieved corpus described in Section 3.2,
which we represent as an interpretable knowledge
graph. We begin by constructing two event-aware
subgraphs corresponding to the sentence and
the target through OIE, and then introduce a
degree-prioritized connection mechanism to effi-
ciently bridge these subgraphs, thereby capturing
rich semantic and contextual relationships.

Open Information Extraction. Inspired
by Zhang and Soh (2024), we employ a
schema-agnostic OIE approach to semantically
structure the retrieved event-aware knowledge.
Using few-shot prompting, we guide the LLM
to extract relational triplets of the form [subject,
relation, object] from the event-aware knowledge
Ks and Kt. Based on the extracted relational
triplets, we construct the event-aware knowledge
graphs Gs and Gt, where each subject and object
in a triplet corresponds to a node, while the
relation represents a directed edge linking the two
nodes. Notably, the process of relational triplets
extraction is distinct from the extraction of u,
as it focuses on identifying inter-entity relations
from the external news texts rather than capturing
trigger-based event structures. Here comes the
prompt for OIE:

Degree-Prioritized Graph Connection. To en-
hance computational efficiency and ensure the
semantic relevance of graph integration, we pro-
pose a degree-prioritized strategy for connecting
the event-aware knowledge graphs. We select the
top-p nodes with the highest degrees from Gs

and Gt. Formally, the selected node set for Gs is
defined as:

V s = {v ∈ V (Gs) | deg(v) ≥ deg(p)} (3)

where V (Gs) denotes the set of nodes in Gs,
deg(v) is the degree of node v, and deg(p) is the
degree of the p-th highest-degree node in Gs. Us-
ing the same procedure, we obtain the selected
node sets V t from Gt. To establish meaningful
connections between the two subgraphs, we con-
sider all node pairs (vj , vk) such that vj ∈ V s

and vk ∈ V t. For each candidate pair, we retrieve
news texts lj,k from GDELT database D:

lj,k = D(vj ⊕ vk) (4)
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Here, ⊕ denotes concatenating the texual lables
of two nodes into a single query string. We then
pass lj,k to the LLM, which assesses whether
a valid semantic relationship exists between vj
and vk, that is, an explicit relation that can be
extracted from the text to link the two entities.
If such a relation is identified, an edge is estab-
lished; otherwise, the nodes remain unconnected.
Notably, in cases where vj and vk refer to the
same underlying entity, we still connect them to
preserve the structural and semantic completeness
of the graph.

Graph Structuring. Through the above pro-
cess, we effectively link nodes across Gs and
Gt, leading to the construction of a unified in-
terpretable knowledge graph G = (V,E): (1)
Nodes: Each node v ∈ V represents an event
entity, which are transform Tv into the vector rep-
resentation hv ∈ R

d via PLM. (2) Edges: Each
edge e = (vj , r, vk) ∈ E captures the semantic
relationship r between entities. The same PLM is
used to obtain its vector representation he ∈ R

d.
Here, d denotes the PLM’s embedding size.

3.4 Retrieval-Guided Soft Graph Pruning
Commonsense Knowledge Generation. To re-
veal the implicit meanings within the claim-based
target t and enhance the model’s understanding of
its context and semantics, we utilize COMET-M
(Ravi et al., 2023) to generate target-centered com-
monsense knowledge. Inspired by Sabour et al.
(2022), we introduce a set R, including five
special relation tokens [xReact], [xWant],
[xNeed], [xIntent], [xEffect]. For each
token r ∈ R, we input the target t and the
relation token r into COMET-M to generate a
commonsense inference cr:

cr = COMET-M(t, r) (5)

We collect all such inferences into a common-
sense knowledge set C = {cr | r ∈ R}.

Soft Graph Pruning. To suppress irrelevant
or noisy substructures, we introduce a soft
retrieval-guided pruning mechanism based on se-
mantic proximity to both the source sentence and
the generated commonsense knowledge. Specifi-
cally, we encode the input text s and commonsense
knowledge C using PLM to obtain query vectors:

hs = PLM(s) ∈ R
d, hc = PLM(C) ∈ R

5×d

(6)

where hs denotes the text query vector. hc is the
stacked commonsense query vectors correspond-
ing to the five relation tokens. Using these query
vectors, we perform a distance-driven pruning
operation as follows:

wv = MLPφ1[dist(hv, hs) + distavg(h
v, hc)],

we = MLPφ2[dist(he, hs) + distavg(h
e, hc)]

(7)
where dist(·) denotes the Euclidean distance be-
tween the node or edge representation and a
specific query vector hs, while distavg(·) refers
to the average Euclidean distance to all common-
sense query vectors hc. The weightswv andwe are
then computed by a Multilayer Perceptron (MLP),
capturing both specific and generalized similar-
ity signals for pruning, where φ1 and φ2 indicate
independent sets of trainable parameters for the
MLPs.

Update. We use a Graph Attention Network
(GAT) to aggregate the graph’s topological and
semantic information, while the computed weights
guide the message passing. At each layer l, the
representation of node v is updated as:

hv(l) = GATConv(l)(wv · hv(l−1), we · he) (8)

where hv(l−1) is the node representation from the
previous layer, and he is the corresponding edge
features. The weighted node and edge features are
aggregated through GAT to compute the updated
node embedding hv(l).

Finally, we obtain a unified knowledge rep-
resentation ξ from the updated node and edge
embeddings. Let Lg denote the total number of
GAT layers. We define the final GAT-updated
node and edge representations as:

Hv = hv(Lg), He = we · he (9)

where Hv ∈ R
n×dg and He ∈ R

m×dg , with n and
m denoting the number of nodes and edges in the
graph, and dg representing the hidden dimension
of GAT outputs. These features are then projected
into the LLM embedding space through learnable
linear transformations:

H̃v = Projv(H
v), H̃e = Proje(H

e) (10)

where H̃v ∈ R
n×dLLM and H̃e ∈ R

m×dLLM, with
dLLM representing the embedding dimension of the
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LLM. The projected node and edge embeddings
are concatenated along the sequence dimension
and passed through a Transformer-based en-
coder to generate the final structured knowledge
representation:

ξ = fenc(H̃
v ⊕ H̃e) ∈ R

L×dLLM (11)

Here, ⊕ denotes the concatenation operation, fenc

is a multi-layer Transformer encoder, and L is
the total number of output token representa-
tions. The resulting ξ serves as a graph-aware
knowledge sequence aligned with the input format
of the LLM.

3.5 Multi-Encoder Model Training

To effectively integrate interpretable knowledge
ξ and commonsense knowledge C, we leverage
a Multi-Head Attention (MHA) mechanism as a
knowledge encoder fke. Specifically, we first con-
catenate the token sequences of ξ and C to form a
single, combined input sequence. The MHA mod-
ule then operates on this sequence, enabling each
token to attend to all other tokens. This facilitates
a powerful form of cross-attention, where, for ex-
ample, entity tokens from the graph knowledge
can directly weigh the importance of and draw
context from the commonsense inferences, and
vice-versa. This process adaptively fuses the two
knowledge types into a single, comprehensive,
and nuanced representation hk:

hk = fke(ξ ⊕ C) (12)

Finally, the representation is combined with the
text feature hs and the target feature ht, and then
fed into an LLM to produce stance-aware features
h. And the stance logits are then predicted by a
linear classifier:

h = LLM([hs;ht;hk]) (13)
ŷ = softmax(Wh+ b) (14)

where ŷ denotes the predicted probabilities for
the stance label, W ∈ R

dl×dLLM and b ∈ R
dl are

trainable parameters, and dl denotes the number
of stance label classes. The model is optimized by
minimizing the cross-entropy loss function:

min
Θ

L = −
N∑

i=1

dl∑

j=1

yji log ŷ
j
i + λ‖Θ‖2 (15)

where yji and ŷji are the ground truth and predicted
probability for the j-th class of the instance i,
respectively. λ is a regularization hyperparame-
ter, and Θ denotes the model parameters.

4 Experiment

4.1 Experimental Setups
We employ LLaMA-8B as the backbone LLM
for multi-encoder model training, trained us-
ing the Adam optimizer with a learning rate of
8e−5, and a batch size of 32 for all datasets.
For subject-based knowledge acquisition and
high-degree node selection, we set k and p to
3. In the case of noun phrase targets, the tar-
get itself is used as the commonsense query.
Topic selection, event extraction, and OIE are
performed using GPT-4o-mini. Graph elements
are embedded using the ‘‘all-MiniLM-L6-v2’’
(384-dimensional), and then aligned with the
LLM embedding space via MLP-based projec-
tion. The knowledge encoder utilizes 8 attention
heads, and the regularization coefficient is set to
λ = 1 × 10−5. All experiments are conducted on
a single RTX A6000 GPU.

4.2 Dataset and Metrics
Dataset. We evaluate PiKGL on three datasets:
EZ-Stance (Zhao and Caragea, 2024), a zero-shot
English dataset comprising 40,678 targets and
47,316 tweets with both noun phrases and claims;
C-Stance (Zhao et al., 2023), a Chinese dataset
collected from Sina Weibo with 40,204 targets
and 48,126 microblogs; and P-Stance (Li et al.,
2021), which focuses on English tweets related
to Joe Biden, Bernie Sanders, and Donald Trump.
Following prior work, samples labeled as ‘‘None’’
are excluded due to annotation inconsistencies.

Metric. We report the Macro-averaged F1 score
on EZ-Stance and P-Stance. For C-Stance, we
additionally report the mean F1 score averaged
across stance labels, in line with previous studies
(Zhao and Caragea, 2024; Zhao et al., 2023).

4.3 Baselines
We compare our method with four base-
lines: 1) Neural Network-based Models: BiCE
(Augenstein et al., 2016), CrossNet (Xu et al.,
2018). 2) Pre-trained Language Models: BART-
MNLI-e (Zhao and Caragea, 2024), BART-
MNLI-ep (Zhao and Caragea, 2024), TGA-Net
(Allaway and McKeown, 2020), BERT (Devlin
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Model
C-Stance Claim C-Stance Noun EZ-C EZ-N

Against Favor Neutral All Against Favor Neutral All
BiCE 33.50 35.80 30.20 33.20 56.00 51.50 59.00 55.50 31.60 52.90
CrossNet 44.10 39.50 58.80 47.50 60.70 56.70 60.10 59.20 52.30 55.10
BERT 79.70 82.70 89.90 84.10 70.80 69.30 64.70 68.30 – –
RoBERTa 79.70 81.90 89.90 83.80 71.20 70.10 66.90 69.40 85.60 65.60
XLNet 80.50 82.90 90.00 84.50 72.10 70.10 66.70 69.60 – –
BART-MNLI-e – – – – – – – – 88.80 67.50
BART-MNLI-ep – – – – – – – – – 68.70
TGA-Net 48.80 62.50 69.90 60.40 69.40 67.40 67.00 67.90 59.60 60.60
Mistral-7B 42.63 44.60 39.02 42.13 48.77 59.57 42.33 50.22 41.85 53.68
GPT3.5 50.99 44.13 53.75 49.62 63.03 54.62 52.93 56.86 44.00 60.40
LLaMA-8B 58.05 52.78 44.93 51.94 69.57 66.63 46.76 60.98 49.01 52.67
Qwen-7B 69.48 48.37 63.57 60.47 72.01 59.96 64.27 65.42 44.57 60.59
Ours 91.78∗ 92.82∗ 93.37 92.61∗ 80.07∗ 77.75∗ 67.69 75.18∗ 91.62∗ 70.06∗

Table 1: Performance (%) on C-Stance and EZ-Stance datasets in zero-shot setting. Bold indicates the
best results. ‘‘–’’ indicates that the original paper does not report results for the corresponding setting.
EZ-C and EZ-N denote the Claim-based and Noun-based settings of the EZ-Stance dataset.

et al., 2019), RoBERTa (Liu, 2019), XLNet
(Yang et al., 2019). 3) Large Language Mod-
els: Qwen-7B (Yang et al., 2024), LLaMA-8B
(Dubey et al., 2024), Mistral-7B (Jiang et al.,
2023), GPT3.5 (Zhang et al., 2022), FACTUAL-
LLaMA2, FACTUAL-ChatGPT. We prompt
these models to obtain the results. 4) Wikipedia
Knowledge-based Models: WS-BERT (He et al.,
2022), KASD-ChatGPT, KASD-BERT, KASD-
LLaMA2 (Li et al., 2023).

4.4 Main Results
To assess the effectiveness of our proposed ap-
proach, the main experimental results are reported
in Table 1 and Table 2. The paired t-test (p < 0.05,
marked with ∗) is conducted only against baselines
for which we reproduced results under the same
data splits and obtained per-instance predictions.
Baselines reported with ‘–’ indicate results not
given in the original papers and are excluded from
the significance test. We observe that our PiKGL
consistently achieves superior performance across
most datasets, confirming the effectiveness of
our framework in improving stance understanding
and reasoning. Furthermore, pre-trained language
models such as BERT and RoBERTa generally
outperform LLMs across all datasets, highlighting
the advantages of fine-tuning in stance detection
tasks. Notably, PiKGL not only excels on English
datasets but also achieves substantial gains on the
C-Stance dataset. As C-Stance is derived from
Chinese social media, it complements existing

Model Trump Biden Sanders Average
RoBERTa 82.70 84.29 79.56 82.18
WS-BERT 85.80 83.50 79.00 82.77
KASD-LLaMA2 79.59 71.32 67.89 72.93
KASD-ChatGPT 85.06 84.59 79.96 83.20
KASD-BERT 85.35 85.66 80.39 83.80
Qwen-7B 72.55 79.81 76.15 76.13
Mistral-7B 76.99 79.04 73.91 76.64
LLaMA-8B 76.45 78.79 76.73 77.32
FACTUAL-GPT3.5 84.95 86.03 81.60 84.20
FACTUAL-LLaMA2 85.58 86.34 83.06 84.99
PiKGL(Ours) 90.94∗ 88.51∗ 82.66 87.37∗

Table 2: Results (%) on P-Stance in in-target
setting.

work that primarily focuses on English contexts.
The strong performance of our framework in
this setting demonstrates its robust generalization
across both languages and platforms, showcasing
its adaptability in diverse real-world scenarios.

Moreover, we further evaluate the performance
of the PiKGL framework in the in-target set-
ting using the P-Stance dataset. As shown in
Table 2, PiKGL consistently outperforms all base-
line methods, confirming its effectiveness under
standard evaluation settings. This success is driven
by our core methodology: by structuring informa-
tion into an interpretable knowledge graph and
then applying a retrieval-guided pruning mecha-
nism, PiKGL distills raw data into precise and
coherent knowledge. This refined knowledge, de-
rived from GDELT’s timely news events, provides
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Number Configuration Description
(I) Default 1.Apply text s and target t to fine-tune LLM
(II) (I)+GDELT 1.Apply Knowledge Derivation to retrieve event-aware knowledge Ks,Kt.

2.Feed s, t, into LLM.
(III) GDELT + RAG 1.Apply Knowledge Derivation to retrieve event-aware knowledge Ks,Kt.

2.Use RAG to select a target-relevant knowledge Kr from Ks,Kt.
3.Feed s, t, and Kr into LLM.

(IV) (II) + COMET-M 1.Apply COMET-M to get commonsense knowledge C for the target t.
2.Feed s, t and C into LLM.

(V) (IV) + Interpretable Knowledge
Graph Building

1.Apply Interpretable Knowledge Graph Building to convert Ks,Kt into
an interpretable knowledge graph G.
2.Feed s, t, C and G into LLM.

(VI) (V) + Retrieval-Guided Soft
Graph Pruning

1.Apply Retrieval-Guided Soft Graph Pruning to get graph-aware
knowledge representation ξ.
2.Feed s, t, C, and ξ into LLM.

(VII) (VI) + Knowledge Encoder 1.Apply Knowledge Encoder to form knowledge representation hk based
graph-aware knowledge ξ and C.
2.Feed s, t, and hk into Multi-Encoder Model.

Table 3: Model configurations of the ablation study. Our vital components are bold.

Model
C-Stance Claim C-Stance Noun P-Stance EZ-C EZ-N

Ag Fa Ne All Ag Fa Ne All Trump Biden Sanders Avg.
(I) 87.69 88.35 89.04 88.36 76.45 76.16 63.89 72.17 87.68 85.97 81.13 84.93 86.71 66.87
(II) 89.10 88.56 90.04 89.23 77.86 76.51 63.83 72.73 88.43 86.01 81.19 85.21 88.04 67.69
(III) 89.39 87.51 91.70 89.53 78.39 77.02 64.47 73.29 88.91 86.74 81.47 85.71 88.92 68.09
(IV) 89.76 88.83 91.21 89.93 – – – – – – – – 88.75 –
(V) 90.80 89.32 91.22 90.45 79.04 76.10 64.94 73.36 88.70 86.88 81.94 85.87 89.14 68.16
(VI) 91.59 92.31 93.26 92.39 79.61 77.73 66.20 74.63 90.79 88.50 82.57 87.28 91.33 69.64
Ours (VII) 91.78 92.82 93.37 92.61 80.07 77.75 67.69 75.18 90.94 88.51 82.66 87.37 91.62 70.06

Table 4: Results (%) of the ablation study. Ag, Fa, and Ne represent Against, Favor, and Neutral,
respectively. EZ-C and EZ-N denote the Claim-based and Noun-based settings of the EZ-Stance dataset.
Avg. denotes the average performance. ‘‘–’’ indicates that commonsense knowledge is not applicable
to the Noun-based setting.

clearer advantages in task relevance and contex-
tual appropriateness over the generic definitional
information from Wikipedia.

Beyond overall performance, a per-class analy-
sis is critical for understanding PiKGL’s nuanced
behavior, especially its effectiveness in handling
difficult and often-ambiguous classes. Two points
underscore our framework’s superiority. Firstly,
the balanced and significant gains across all
classes confirm that PiKGL achieves a holis-
tic improvement in contextual understanding,
rather than being biased towards a specific class.
Second, our model shows superior performance
on the challenging Neutral class compared to
all baselines, suggesting it is more effective at
disambiguating nuanced or implicit opinions.

4.5 Ablation Study

We conducted an ablation study to analyze the
contribution of each component in our PiKGL
framework. The different model configurations
are detailed in Table 3, and the corresponding

experimental results are presented in Table 4. An
analysis of these results is provided below.

Effect of GDELT Text (I vs. II). The in-
tegration of GDELT knowledge (Configuration
II) yields a significant performance improvement
over the baseline (Configuration I) across all
datasets. This result underscores the value of ex-
ternal knowledge, demonstrating that event-aware
context significantly enhances the model’s un-
derstanding and its ability to detect stance
accurately.

Effect of RAG (II vs. III). To benchmark
our approach against standard retrieval methods,
we established a simple RAG baseline (Config-
uration III). Following Chirkova et al. (2024),
Configuration (III) retrieves the top-3 GDELT
texts using BGE-M3 (Chen et al., 2024b). While
Table 4 shows that this RAG approach provides
a marginal improvement over using unfiltered
GDELT knowledge (II), its performance is sub-
stantially lower than our full framework (VI).
This demonstrates that while basic retrieval-based
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Model
C-Stance Claim C-Stance Noun P-Stance EZ-C EZ-N

Ag Fa Ne All Ag Fa Ne All Trump Biden Sanders Avg.
PiKGLL 91.78 92.82 93.37 92.61 80.07 77.75 67.69 75.18 90.94 88.51 82.66 87.37 91.62 70.06
PiKGLQ 92.21 92.69 92.88 92.59 79.53 76.70 68.24 74.82 89.30 86.62 79.16 85.03 90.98 69.94
PiKGLM 91.62 92.44 93.47 92.50 79.85 77.62 67.41 74.93 90.19 88.66 83.61 87.48 91.59 70.27

Table 5: Performance (%) of different backbones. Ag, Fa, and Ne represent Against, Favor, and Neutral,
respectively. EZ-C and EZ-N denote Claim-based and Noun-based setting of EZ-Stance dataset.

filtering is beneficial, our proposed graph-based
pruning and integration method is far more effec-
tive than a standard RAG for knowledge selection
and utilization.

Effect of Commonsense Knowledge (II vs.
IV). Configuration (IV) enhances the model by
adding commonsense knowledge generated by
COMET-M for the given target. The perfor-
mance improvement over (II) confirms that for
claim-based targets, this external commonsense
knowledge is useful for the model to capture
the implicit meanings and context of the target,
leading to better stance comprehension.

Effect of Interpretable Knowledge Graph
Building (IV vs. V). In configuration (V), we con-
vert the textual knowledge into an interpretable
knowledge graph. The subsequent performance
gain over (IV) shows that providing knowledge
to the model in a structured format helps it bet-
ter understand the complex relationships between
entities and events. This structured representation
also implicitly filters some less important textual
information compared to feeding raw text.

Effect of Soft Graph Pruning (V vs. VI).
The addition of our retrieval-guided soft graph
pruning mechanism in (VI) results in a notable
performance increase. This component serves two
purposes: first, by assigning weights based on se-
mantic proximity to the source text and the target,
it effectively suppresses irrelevant and noisy in-
formation within the knowledge graph. Second,
it acts as a crucial bridge that aligns the external
knowledge with the specific context of the stance
detection task, ensuring the information is highly
relevant to both the text and the target.

Effect of Knowledge Encoder (VI vs. VII).
Our full model, configuration (VII), includes a
knowledge encoder that uses a Multi-Head Atten-
tion mechanism to fuse the pruned graph-aware
knowledge representation ξ and the common-
sense knowledge C. The final performance boost
demonstrates the effectiveness of this module. It

Figure 3: Average performance (%) for different p
values, where graphs are constructed using the top-p
high-degree nodes (p = 1–5).

adaptively integrates different forms of knowl-
edge, creating a comprehensive and nuanced
representation that empowers the model to make
more accurate stance predictions.

4.6 Effect of Different Backbones
We evaluate the performance of our PiKGL frame-
work with alternative backbones for multi-encoder
model training phrase, including Qwen2.5-7B
and Mistral-7B. Experimental results shown in
Table 5 demonstrate that PiKGL consistently sur-
passes all baseline methods across the evaluated
datasets, highlighting its robustness and strong
generalization ability across different model ar-
chitectures. Notably, Mistral-7B exhibits slightly
better performance on certain datasets, which we
attribute to its superior capacity for modeling
long-context inputs, particularly when leveraging
external knowledge from GDELT news content.

4.7 Effect of Different Degree
To investigate the impact of the number of top
high-degree nodes p used for graph connections
on the performance of our PiKGL framework, we
conduct experiments by varying p from 1 to 5,
as shown in Figure 3. When p = 1, performance
remains stable, likely due to the relevance of
the initial subject- and object-based event-aware
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Figure 4: Visualization of wiki data and our pruned interpretable knowledge graph, where darker node and edge
colors indicate higher weights, reflecting greater node importance and stronger associations between nodes.

knowledge. As p increases, the model benefits
from richer contextual information, leading to im-
proved performance. However, beyond a certain
threshold, the gains begin to saturate, indicating
that excessive node connections may introduce
redundant information and increase computa-
tional complexity. To balance effectiveness and
efficiency, we set p = 3 in our final experiments.

4.8 Case Study

Figure 4 presents a case study from the P-Stance
dataset, contrasting our pruned knowledge graph
with generic Wikipedia data. As shown in
Figure 4, we construct an event graph centered
around Rudy Giuliani, capturing his relationships
with key entities and organizations involved in
the surrounding events. Centered on entities such
as Konstantin Kulyk, Oleksandr Onyshchenko,
Andriy Telizhenko, and One America News Net-
work, the graph captures relevant entities and
relationships. A retrieval-guided pruning mech-
anism assigns semantic similarity-based weights
to nodes and edges, filtering out less relevant
information.

Furthermore, our PiKGL method exhibits
strong interpretability. Each node and edge in
the pruned interpretable knowledge graph is de-
rived from real-world news events and assigned
explicit weights based on semantic similarity. This
design ensures that the model’s reasoning process
is traceable. Users can intuitively understand how
external knowledge influences the model’s de-

cisions, thereby enhancing the transparency and
credibility of the model in stance detection tasks.

4.9 Error Analysis

We performed a qualitative error analysis with
representative cases shown in Figure 5. Our anal-
ysis reveals two primary issues. The first issue,
shown in the top case, is a failure to establish a
common topic. The model treats ‘‘Arkansas’’ and
‘‘Kansas’’ as separate subjects, overlooking their
shared context of ‘‘NCAA postseason’’. This led
to the retrieval of disconnected evidence, caus-
ing the model to default to a ‘‘None’’ prediction
and miss the implicit ‘‘Against’’ relationship. The
second issue, shown in the bottom case, is incom-
plete event extraction. The model fails to extract
the key term ‘‘Warren Plan’’ when generating
event triplets. Consequently, the model works
with an incomplete information profile, causing it
to hallucinate a ‘‘Favor’’ prediction.

4.10 Computational Efficiency Analysis

The computational overhead of the PiKGL frame-
work is primarily concentrated in two stages. The
initial interpretable knowledge graph building
stage is highly efficient, comprising Open Infor-
mation Extraction with a complexity of O(nt),
where nt is the number of retrieved texts) and
a degree-prioritized graph connection mechanism
at O(p2). The retrieval-guided graph pruning
stage involves multiple steps: structuring the graph
(nodes n and edges m) into embeddings with a
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Figure 5: Error analysis with two examples.

dimension of d has a cost of O((n + m) · d),
assigning weights based on r commonsense cues
requires O((n + m) · r · d), and a GAT-based
update aggregates information with a complexity
of O(Lg · (n+m) ·dg). The most computationally
intensive step is the final Transformer encoder,
which applies self-attention with a quadratic
complexity of O((n+m)2 · dLLM ).

In practice, our design choices lead to sig-
nificant efficiency gains. The degree-prioritized
graph connection mechanism reduces the aver-
age graph construction and connection time to
approximately 18.1 seconds per input, a dramatic
improvement over the 103 minutes required by a
direct construction approach. Furthermore, the en-
tire inference process is highly efficient, requiring
only about 0.96 seconds.

5 Discussion

Definition of Explainability and Transparency.
To build a more trustworthy model, PiKGL oper-
ationalizes the critical concepts of explainability
and transparency. Explainability, the ability to un-
derstand why a prediction is made, is achieved
through its interpretable knowledge graph, where
human-readable nodes and edges trace back to
real-world GDELT events. The model’s reason-
ing is made explicit and visualizable by a weighted
pruning mechanism that quantifies the importance
of each piece of evidence. Transparency, the clar-
ity of how the model functions, is ensured by
its decomposable modular architecture, its use of
a verifiable public knowledge source (GDELT),

Model Trump Biden Sanders Average
PiKGL(Ours) 90.94 88.51 82.66 87.37
LLaMA-implement 90.44 88.30 81.98 86.90

Table 6: Performance (%) on the Open-Source
Implementation.

and an ablation study empirically validating each
component’s contribution. By integrating these
principles, PiKGL not only achieves excellent
performance but also offers a more scrutable and
reliable framework for stance detection.

Reproducibility and Model Independence. To
test the framework’s reproducibility and indepen-
dence from proprietary models, we substituted
GPT-4o-mini with the open-source LLaMA3-8B
on the P-Stance dataset. As shown in Table 6,
the open-source implementation achieved nearly
identical performance. This demonstrates that the
effectiveness of PiKGL originates from its archi-
tecture, such as the knowledge graph construction
and pruning, rather than the specific LLM used
for extraction.

Limitations. Our PiKGL framework achieves
excellent stance detection by constructing and
pruning an interpretable knowledge graph from
the real-time GDELT news database. Although
this approach is highly effective for capturing
dynamic, event-related context, there is an in-
herent limitation in relying solely on GDELT,
whose news-media focus and source demographics
introduce potential coverage and linguistic biases.
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6 Conclusion

This paper introduces PiKGL, a novel stance
detection framework that leverages real-world
knowledge from the GDELT project to con-
struct an interpretable knowledge graph using
degree-based graph connections. To ensure the
relevance and precision of the knowledge, a
pruning mechanism is employed to filter out irrel-
evant information while retaining target-specific
and contextual commonsense knowledge. This
enhances the model’s ability to make informed
and interpretable stance predictions. Experimen-
tal results on three benchmark datasets show
that PiKGL achieves state-of-the-art performance
in both zero-shot and in-target stance detec-
tion tasks, demonstrating its effectiveness and
generalization.
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