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Abstract

The rapid development of social platforms exacerbates the
dissemination of misinformation, which stimulates the re-
search in fact verification. Recent studies tend to leverage se-
mantic features to solve this problem as a single-hop task.
However, the process of verifying a claim requires several
pieces of evidence with complicated inner logic and relations
to verify the given claim in real-world situations. Recent stud-
ies attempt to improve both understanding and reasoning abil-
ities to enhance the performance, but they overlook the cru-
cial relations between entities that benefit models to under-
stand better and facilitate the prediction. To emphasize the
significance of relations, we resort to Large Language Mod-
els (LLMs) considering their excellent understanding ability.
Instead of other methods using LLMs as the predictor, we
take them as relation extractors, for they do better in under-
standing rather than reasoning according to the experimen-
tal results. Thus, to solve the challenges above, we propose
a novel Structured Knowledge-Augmented LLM-based Net-
work (LLM-SKAN) for multi-hop fact verification. Specif-
ically, we utilize an LLM-driven Knowledge Extractor to
capture fine-grained information, including entities and their
complicated relations. Besides, we leverage a Knowledge-
Augmented Relation Graph Fusion module to interact with
each node and learn better claim-evidence representations
comprehensively. The experimental results on four common-
used datasets demonstrate the effectiveness and superiority of
our model.

Introduction
The rapid development of social platforms facilitates the dis-
semination of misinformation fabricated on purpose. This
situation has necessitated the development of a fact ver-
ification task, which aims to assess the truthfulness of a
given claim with retrieved evidence automatically (Guo,
Schlichtkrull, and Vlachos 2022; Zeng, Abumansour, and
Zubiaga 2021; Wei et al. 2021; Hu et al. 2021).

Typically, verifying a claim requires several pieces of ev-
idence that exhibit complex inner logic and relations to ver-
ify the given claim, which highly demands the capability
of multi-step reasoning. Hence, multi-hop fact verification
has become an attractive research topic (Zhu et al. 2023;
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Ostrowski et al. 2021; Zhou et al. 2019). Unlike traditional
verification tasks involving a single inference step, the main
challenges of multi-hop verification lie in comprehensively
understanding and reasoning complex relations between re-
lated evidence pieces. This requires a deep comprehension
of the context and a strong reasoning ability for accurate ver-
ification.

Existing studies on multi-hop fact verification aim to im-
prove both understanding and reasoning abilities (Zhang,
Zhang, and Zhou 2024; Si, Zhu, and Zhou 2023; Pan et al.
2023). Pan et al. (2023) leverage a question-answer frame-
work to extract relevant evidence as comprehensively as
possible and enhance the model understanding capacity.
To promote the reasoning ability, Zhang, Zhang, and Zhou
(2024) and Si, Zhu, and Zhou (2023) construct graph struc-
ture and utilize graph fusion methods to model complex
relations between coarse-grained evidence debunks. How-
ever, all nodes are treated equally and construct fully con-
nected claim graphs, overlooking the inner relations between
claims, entities, and each piece of evidence.

Despite recent advancements in multi-hop fact verifica-
tion, these methods often struggle with handling the com-
plex relationships between fine-grained knowledge for the
following two challenges. 1) The multi-source evidence
pieces and some informality or ambiguity in language ag-
gregate the insufficient model understanding. According to
Zhang, Zhang, and Zhou (2024), recent models tend to learn
a shortcut to predict labels, instead of fully understanding
the inner logic and contextual relations. This hinders the
accurate understanding of context. Although some prelim-
inary works leverage Large Language Models (LLMs) to
predict factual verdicts through prompt tuning (Zhang and
Gao 2023; Choi and Ferrara 2024), they usually achieve un-
satisfactory performance compared to other methods based
on small models, especially in multi-hop fact verification. 2)
These methods overlook the complicated relations between
fine-grained knowledge such as entities in evidence, which
are crucial for understanding the multi-step dependencies
necessary for verification. As shown in Table 1, a one-hop
claim only needs verifying the very aspect, whereas a multi-
hop claim requires multi-step thinking, e.g. the relation be-
tween Ford Fusion and NASCAR Sprint Cup Series, which
is crucial to capture the logic and help model better under-
stand it accurately. These relations implicitly reveal the as-
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Type Claim Evidence
One-hop Little Miss Sunshine was filmed over 30

days
Little Miss Sunshine ..., filming began on June and took
place over 30 days in Arizona ...

Multi-hop The Ford Fusion was introduced for model
year 2006. The Rookie of The Year in
the 1997 CART season drives it in the
NASCAR Sprint Cup Series.

Ford Fusion is manufactured and marketed by Ford. In-
troduced for the 2006 model year, ..., Patrick Carpentier
competed in the NASCAR Sprint Cup Series, driving the
Ford Fusion, ...

Table 1: Examples of one-hop and multi-hop claims and evidence. Red marked words are entities and blue marked tokens are
inner relations between claim and evidence.

pects that need to be verified, enabling the model to adapt
to varying contexts and learn from diverse evidence types.
Therefore, how to effectively improve disambiguate contex-
tual semantics and capture complex relationships between
fine-grained knowledge in evidence remains a challenging
problem for multi-hop veracity verification.

To alleviate the above challenges, this paper investigates
the use of large language models (LLMs) for fine-grained
knowledge extraction and their integration with graph net-
works to enhance reasoning in multi-hop fact verification
tasks. First, since LLMs are capable of understanding con-
text and holding vast amounts of knowledge, we leverage
LLMs to extract fine-grained knowledge in both claim and
evidence, such as Ford Fusion and 2006 model year. Be-
sides, we fine-tune LLMs with structured knowledge to fully
adapt the model to extract and utilize specific types of struc-
tured knowledge. We further fuse the extracted fine-grained
knowledge with graph-based networks to enhance the rea-
soning ability, which can model the complex dependencies
among knowledge triples for reasoning. In this way, we can
better understand and reason multi-hop connections and re-
lational information for better verification.

In this paper, we propose a novel Structured Knowledge-
Augmented LLM-based Network (LLM-SKAN) to fully un-
derstand and reason with the augmentation of fine-grained
knowledge for multi-hop fact verification. Specifically, we
enhance LLM with structured knowledge like triplets to
extract complicated fine-grained relations between entities
to unfold the inner logic for a better understanding of the
model. Now that LLM is poor in reasoning, we only lever-
age its understanding capacity and design a reasoning mod-
ule with small-scale models. We construct heterogeneous
graphs using augmented data and utilize a small-scale Graph
Neural Network (GNN) to learn comprehensive represen-
tations and make predictions. LLM-SKAN incorporates a
small model with LLMs, taking advantage of the powerful
capability of LLMs for NLP tasks and the trainable and ex-
cellent prediction performance of small models.

We conduct experiments on several common-used multi-
hop fact verification datasets FEVER (Thorne et al. 2018b),
and HOVER (Jiang et al. 2020) to assess the effectiveness of
LLM-SKAN. The experimental results show the effective-
ness and superiority of our proposed model. The extensive
experiments demonstrate that the extractor can obtain rela-
tions facilitating the model to make correct predictions.

Our main contributions are as follows:
• We proposed a novel Structured Knowledge-Augmented

LLM-based Network for multi-hop fact verification, in-
corporating a large language model to enhance the model
with structured knowledge and improve its understanding
of inner logic1.

• We proposed a novel LLM-based entity triplet extrac-
tion module to emphasize and capture complicated fine-
grained information between claims, each piece of ev-
idence, and entities, to unfold the inner logic that con-
tributes to better multi-step thinking.

• To evaluate the performance of our proposed method, we
carry out experiments on 4 commonly used fact verifi-
cation datasets. Our model outperforms the comparison
methods, which demonstrates the effectiveness and supe-
riority of the proposed model.

Related Work
Fact verification aims to predict the verdicts of check-worthy
claims with several retrieved evidence. Traditional fact veri-
fication approaches only utilize textual information to make
predictions (Zhang, Zhang, and Zhou 2024; Kim et al. 2023;
He et al. 2021), which fails to deal with claims that need
multi-hop consideration. Hence, multi-hop fact verification
has become a research hotspot. Besides, LLMs have made
significant developments and have been applied to fact ver-
ification tasks. In this section, we will report on the related
work in these three research fields.

Fact Verification
Research on unimodal fact verification typically involves
verifying text-only claims using textual evidence, such as
metadata of the claim, documents retrieved from knowledge
bases, or tabular evidence (Wang 2017; Aly et al. 2021;
Panchendrarajan and Zubiaga 2024; Gong et al. 2024).
Wang (2017) incorporated additional metadata, such as the
speaker’s profile, to verify claims using a Convolutional
Neural Network (CNN). Li, Burns, and Peng (2021) pro-
posed a multi-task learning method that integrates data fea-
tures with paragraph-level evidence for scientific claim ver-
ification. Chen et al. (2021) and Zhou et al. (2019) utilized
entities extracted from textual contents to construct entity
graphs, attempting to learn more granular data representa-
tions. Some researchers have tried to leverage structured re-
sources, such as tabular data, to pursue better performance.

1The code will be released in
https://github.com/HanCao12/LLM-SKAN
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Figure 1: The framework of our proposed LLM-SKAN. This framework consists of four main components: (1) Structured
knowledge-augmented LLM, aiming to fine-tune the LLM to capture more accurate fine-grained relations; (2) LLM-driven
knowledge extractor, aiming to extract fine-grained knowledge; (3) Knowledge-augmented relation graph fusion, aiming to
learn comprehensive representations through augmented graph; (4) Fact verification, utilizing the comprehensive representation
to predict the label.

For example, Gu et al. (2022) serialized table evidence as
sequential data and concatenated it with the claim to assess
its verdict. Wang et al. (2021) learnt the salient semantic rep-
resentations for fact verification to deal with the unbalanced
vocabulary of statements and evidence. Gong et al. (2024)
leveraged a heterogeneous graph to fuse structured and un-
structured data. These approaches leverage various claim-
evidence interaction methods to deal with text-only fact ver-
ification and demonstrate satisfactory performance on uni-
modal fact verification.

Multi-hop Fact Verification

Multi-hop fact verification aims to detect claims that need
multi-step thinking, for there are complicated inner rela-
tions between entities, claims, and evidence (Jiang et al.
2020; Ostrowski et al. 2021; Zhang, Zhang, and Zhou 2024).
Jiang et al. (2020) noticed that common-used datasets for
fact verification only focus on single-hop tasks and lack
multi-hop claims in these datasets. Hence, they proposed a
new dataset targeted at multi-hop fact verification. Pan et al.
(2023) utilized a question-answering framework to retrieve
several pieces of relevant evidence to make predictions. Si,
Zhu, and Zhou (2023) leveraged a graph-based framework to
learn word-salience representations and fuse claim and evi-
dence information to solve multi-hop tasks. Zhang, Zhang,
and Zhou (2024) investigated the shortcut path problem and
proposed a causal intervention method to eliminate it. These
methods emphasize the significance of multi-hop logic ac-
quisition to effectively deal with multi-hop fact verification.

Large Language Models
In recent years, Large Language Models (LLMs) have de-
veloped rapidly and have a significant performance in NLP
tasks (Brown et al. 2020; OpenAI et al. 2024; Touvron et al.
2023b). GPT-2 was proposed to deal with language tasks
with large-scale parameters (Radford et al. 2019). With the
increment of scale of pre-trained data and parameters, GPT-
3 (Brown et al. 2020) held a new era for LLMs and has excel-
lent performance in many research fields. Inspired by GPT-
3, LLaMa (Touvron et al. 2023a), Mistral (Jiang et al. 2023),
and Vicuna (Chiang et al. 2023) were proposed successively
based on the pre-training corpus and training methods of
GPT-3. Llama2 made a great improvement in understand-
ing and reasoning abilities based on LLaMa (Touvron et al.
2023b). To further improve the capability of LLMs, GPT-4
(OpenAI et al. 2024) was proposed and pre-trained by mul-
timodal data, enabling LLMs to deal with multimodal tasks.
Nevertheless, some works have proven the significance of
LLMs in relation extraction tasks (Wadhwa, Amir, and Wal-
lace 2023; Wan et al. 2023), LLMs’ reasoning capability in
fact verification is limited for they may forget some con-
textual information in reasoning when they are dealing with
long documents. This makes them fail to get better perfor-
mance in multi-hop tasks. Thus, we only utilize LLMs to ex-
tract fine-grained knowledge rather than to predict verdicts
directly.

Methodology
In this section, we present the Structured Knowledge-
Augmented LLM-based Network (LLM-SKAN) in detail
for multi-hop fact verification. We begin by defining the
task, after which we introduce the overall framework of
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LLM-SKAN. After, we’ll go over the details of the proposed
method.

Task Definition
Multi-hop fact verification aims to verify the truthfulness
of a given claim with several pieces of retrieved evi-
dence that have complicated inner relations. Let D =
{C,E1, E2, ..., Em} be the claim-evidence pair of the
dataset, where C denotes the claim and E1, E2, ..., Em de-
notes its relevant evidence. Each pair has a verdict y ∈ Y .
The goal is to find a function F : D → Y that maps the data
to the label set and makes predictions.

Overall Architecture
Our objective is to extract fine-grained entities and capture
complex relations to verify the claim’s truthfulness. Hence,
we propose a novel Structured Knowledge-Augmented LLM-
based Network for multi-hop fact verification. Fig. 1 illus-
trates the overall architecture of LLM-SKAN, which mainly
consists of the following components:

• Structured knowledge-augmented LLM: We fine-tune
it with a relation extraction task to fit the LLM with our
objective.

• LLM-driven Knowledge Extractor: To highlight the
importance of fine-grained entities and complicated rela-
tions, we leverage an LLM-driven Knowledge Extractor
to extract structured entity triplets.

• Knowledge-Augmented Relation Graph Fusion: To
learn better representations, we design a heterogeneous
graph fusion module to capture comprehensive claim-
evidence relations and interactions.

• Fact Verification: We integrate the fused claim-evidence
representation as the input to the classifier to predict the
label of each claim-evidence pair.

Structured Knowledge-Augmented LLM
We fine-tune Llama2 to fully explore the capability of LLM
instead of directly utilizing the knowledge of LLM learned
in pre-training. In detail, following Hu et al. (2022), we de-
liberately choose a document-level entity relation extraction
dataset DocRED-FE (Wang et al. 2023) and utilize the Low-
Rank Adaptation (LoRA) mechanism to fine-tune the LLM
to extract ErE triplet.

The loss of fine-tuning is calculated by:

Lft = −
|D|∑
i=1

lilog(l̂i), (1)

where li and l̂i denote the predicted label and true label of
extracted triplet respectively. Specifically, if the extracted
triplet is in the ground truth, l̂i = 1, otherwise l̂i = 0.

LLM-driven Knowledge Extractor
Noticing the crucial impact of fine-grained information like
entities and structured data compared to unstructured data,
we design an LLM-driven Knowledge Extractor. It aims

to extract relevant entities of claim and evidence and cap-
ture entity-relation-entity (ErE) triplets to obtain structured
data. Different from knowledge-graph-based methods, there
is no need for extra interfaces and a shortened search
time. With the fine-tuned LLM, we obtain triplet set T =
{(Enth, R,Entt)}|T | through the following prompt:

Please extract entities in the given text and the rela-
tions between entities. Let’s think step by step. Please
return in this form: (entity, relation, entity). Here is
the text: [TEXT].

where Enth, Entt denote entities and R denotes relation.

Knowledge-Augmented Relation Graph Fusion
Several methods demonstrate the effectiveness of structured
data, like graphs, dealing with fact verification tasks, com-
pared to unstructured data (Si, Zhu, and Zhou 2023; Cao
et al. 2024; Wang et al. 2022). Therefore, we propose a
Knowledge-Augmented Relation Graph Fusion module to
integrate claims, evidence and entities more comprehen-
sively.

Knowledge-Augmented Relation Graph Construction
Based on the claim, evidence, and extracted triplet T , we
construct a relation graph to promote a better combination of
coarse-grained and fine-grained information. For each sam-
ple D, we define an undirected graph G = {V,E}, where V
and E refer to node and edge sets.

Nodes. First, we add each claim and each piece of evi-
dence into the node set. We set entities extracted from them
as nodes and integrate duplicated entities into one node. We
utilize a pre-trained model DeBERTa (He et al. 2021) mean-
pool the hidden state of the last layer of each token to ex-
tract node features c, e, and ent. Thus, we get the node set
V = {c, e, ent}.

Edge. We first link entities to claims and evidence accord-
ing to where they are extracted. Besides, each two entities is
linked if there is an ErE triplet. For edge features, we manu-
ally set the relation ”belong to” to each claim- and evidence-
entity edge to avoid inconsistency. Thus, each edge has a re-
lation, and we utilize the same pre-trained model to extract
edge features r. Then, we get the edge set E = {r}.

Knowledge-Augmented Relation Graph Representation
Learning After the graph construction, we leverage a
graph neural network to learn the graph representations to
fully integrate graph features. During the graph fusion pro-
cess, each node embedding v ∈ V is iteratively updated to
capture complex interactions between the claim, evidence,
and entities linked by relations. The equation for the l-th
layer is given by:

v
(l)
i = γi,iΘv

(l−1)
i +

∑
j∈N (i)

γi,jΘv
(l−1)
j , (2)

where Θ denotes the transformation parameters and γi,j is
the attention score between node i and its neighbor node j:

γi,j =
exp(aTσ(Θ[vi||vj ||ri,j ]))∑

k∈N (i)∪{i} exp(aTσ(Θ[vi||vk||ri,k]))
, (3)
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Dataset Train Dev Test
FEVER 145,449 19,998 19,998
2-hop HOVER 9,052 1,126 1,333
3-hop HOVER 6,084 1,835 1,333
4-hop HOVER 33,035 1,039 1,333

Table 2: The statistic of FEVER and HOVER datasets.

where || is the concatenation operation, σ stands for Leaky
Rectified Linear Unit. After the graph fusion, we take the
claim node feature of each relation graph as the graph repre-
sentation ṽ.

Extracted structured knowledge unfolds the inner logic
between claim and evidence explicitly and graph fusion fa-
cilitates the model to learn comprehensive and representa-
tive fused features with the augmented data.

Fact Verification
We use the fused representation ṽ as input to the category
classifier to predict the label, which consists of a 2-layered
fully connected network. The prediction process is carried
out as follows:

ŷ = softmax(W 1σ(W 0ṽ)), (4)

where W 0 and W 1 are learnable parameters and ŷ is the
predicted label.

In the training stage, we utilize the cross-entropy loss as
the training loss:

Lcls = −
|C|∑
i=1

yilog(ŷi), (5)

Experimental Setups
Datasets
To evaluate the effectiveness of LLM-SKAN for both single-
hop and multi-hop fact verification tasks, we choose 4 pub-
lic benchmarks, FEVER (Thorne et al. 2018b) and 2-, 3-
, and 4-hop HOVER (Jiang et al. 2020), to conduct ex-
periments. FEVER collects more than 180,000 human-
generated claims with retrieved evidence from Wikipedia2

for single-hop fact verification and they are categorized
into Supported, Refuted, and NEI. HOVER contains more
than 15,000 claims that need multi-hop thinking to ver-
ify and retrieves evidence from Wikipedia for multi-hop
fact verification. Each claim is labelled Supported and Not-
Supported. It contains three sub-datasets, 2-hop, 3-hop, and
4-hop HOVER. The statistics are shown in Table 2.

Baselines
We compare it to several fact verification approaches to as-
sess the performance of LLM-SKAN. DeBERTa (He et al.
2021) leverages the pre-trained model DeBERTa to ex-
tract textual features to make predictions. GEAR (Zhou
et al. 2019) leverages a graph neural network to fuse claim

2https://www.wikipedia.org/

and evidence features and make predictions. EvidenceNet
(Chen et al. 2022) selects relevant and useful sentences from
document-level evidence and uses a gating mechanism and
symmetrical interaction attention mechanism to predict the
label. CO-GAT (Lan et al. 2024) uses multiple sentence-
level evidence and a GAT-based method to verify claims.
SaGP (Si, Zhu, and Zhou 2023) leverages perturbed graph
neural network and selects rational subgraphs to make pre-
dictions and give explanations. HiSS (Zhang and Gao 2023)
leverages LLMs and prompt-tuning mechanism to decom-
pose the claim and verify each subclaim to make final pre-
diction. MultiKE-GAT (Cao et al. 2024) utilizes LLMs to
extract fine-grained entities without relations to make pre-
dictions.

Implementation Details
We use a Tesla V100-PCIE GPU with 32GB memory for
all experiments and implement our model via the Pytorch
framework. The number of attention heads is set to 8.
The batch size is 24. We set the learning rate as 2e-4. To
keep consistency, we set the number of nodes of each re-
lation graph to the maximum 20. If the origin graph has
fewer nodes, we manually add isolated nodes. We fine-tune
Llama2-7b (Touvron et al. 2023b) as the extractor.

Evaluation Metrics
Following Thorne et al. (2018a), we utilize Accuracy and
the FEVER score as the evaluation metrics. FEVER score
takes evidence selection into account, which can reflect the
accuracy of both the prediction and the evidence selection.

Results and Discussion
Overall Performance
We conduct the experiments on four datasets and the ex-
perimental results are shown in Table 3. For the multi-
hop fact verification, LLM-SKAN outperforms other ap-
proaches that are designed for single-hop tasks purposely.
Compared to non-graph-based method DeBERTa (He et al.
2021) , graph-based approaches perform much better, elu-
cidating that structured data can capture more correlations
than unstructured sequential data. Besides, LLM-SKAN
outperforms other graph-based approaches, demonstrating
that entity-relation-entity triplets enhance the performance
and effectiveness of graph fusion. Compared to the LLM-
based method, our proposed LLM-SKAN significantly im-
proves the performance, which indicates that few-shot fine-
tuning can make LLMs more powerful in solving multi-hop
fact verification.

Furthermore, we conduct experiments on single-hop fact
verification. LLM-SKAN obtains competitive and satisfac-
tory performance compared to other methods, which demon-
strates that the fine-grained information and relations be-
tween entities are helpful to the single-hop tasks as well.

Overall, the experimental results demonstrate that LLM-
SKAN has the outstanding capability of handling multi-hop
fact verification tasks through fine-grained entities and com-
plicated relations between entities. It also shows that LLM-
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Model FEVER 2-hop HOVER 3-hop HOVER 4-hop HOVER
Acc FEVER Acc FEVER Acc FEVER Acc FEVER

DeBERTa (He et al. 2021) 65.37 61.81 72.94 68.88 71.67 67.98 70.34 67.12
GEAR (Zhou et al. 2019) 71.60 67.10 73.50 69.17 72.33 69.08 71.79 67.99
EvidenceNet (Chen et al. 2022) 73.31 69.40 73.95 69.89 73.23 68.50 72.46 68.93
CO-GAT (Lan et al. 2024) 77.27 73.59 77.85 73.51 76.40 73.06 75.11 71.97
SaGP (Si, Zhu, and Zhou 2023) 78.47 74.52 77.90 73.84 76.78 73.22 76.01 72.66
HiSS (Zhang and Gao 2023) 62.30 59.38 70.41 67.94 68.26 64.17 67.33 63.20
MultiKE-GAT (Cao et al. 2024) - - 77.04 73.79 76.28 73.10 75.85 72.73
LLM-SKAN (ours) 79.25 75.32 79.90 75.20 78.23 74.09 77.95 73.78

Table 3: Result of fact verification tasks on 4 datasets. We use the FEVER score (%) and Accuracy (Acc, %) to evaluate the
performance. Bold denotes the best performance. Underline denotes the second-best performance.

Model FEVER 2-hop HOVER 3-hop HOVER 4-hop HOVER
Acc FEVER Acc FEVER Acc FEVER Acc FEVER

LLM-SKAN 79.25 75.32 79.90 75.20 78.23 74.09 77.95 73.78
-w/o KnoE 78.08 73.24 78.05 74.66 77.85 73.28 76.57 72.69
-w/o RGC 77.04 72.28 77.17 73.42 76.80 72.30 75.92 72.22
-w/o RGF 77.40 72.80 77.44 73.60 76.97 72.80 76.37 72.75

Table 4: Results of ablation study on 4 datasets. We use the FEVER score (%) and Accuracy (Acc, %) to evaluate the perfor-
mance. Bold denotes the best performance. KnoE, RGC, and RGF denote the knowledge extractor, the relation graph construc-
tion, and the relation graph fusion respectively

SKAN can solve single-hop tasks excellently and perform at
a comparable level.

Ablation Study

We conduct the ablation study to analyze key components
of LLM-SKAN. We remove each component including the
knowledge extractor (KnoE), the relation graph construction
(RGC), and the relation graph fusion (RGF), respectively.
The ablation results are shown in Table 4. Under both single-
hop and multi-hop fact verification tasks, the full model
achieves the best performance on all datasets consistently.

Specifically, we first remove the LLM-driven Knowledge
Extractor, and the results decline dramatically, especially in
multi-hop tasks. This indicates that fine-grained informa-
tion like entities is crucial to fact verification tasks, and ErE
triplets capture complex correlations important to multi-hop
thinking. Besides, we investigate the effectiveness of rela-
tion graphs. Firstly, we replace the relation graphs with fully
connected graphs and remove the edge features of relations.
It can be observed that relation graph construction plays an
essential role in both single-hop and multi-hop tasks, and
triplets cannot work well and enhance performances. Then,
instead of relation graph fusion, we utilize a sequential atten-
tion mechanism to fuse claim-evidence representations. The
performance degrades obviously, indicating that sequential
attention mechanisms cannot capture complicated semantic
information and learn better representations.

Overall, these results give an insightful investigation of
the efficacy of each component of LLM-SKAN and demon-
strate the effectiveness and superiority of our model LLM-
SKAN.

Figure 2: The comparison of different relation extraction
methods. We compare Llama2 to Mistral-7B and Vicuna-
7B. Prompt, QA and RE denote the prompt-tuning, fine-
tuning based on the question-answering task, and fine-tuning
based on the relation extraction task, respectively.

Module Analysis
We conduct several experiments to further demonstrate the
effectiveness of LLM-SKAN. Specifically, we compare our
knowledge extraction to several methods and investigate the
validity of different fusion approaches.

Impact of Knowledge Extractor We first replace the
LLM-driven Knowledge Extractor with several LLM-based
methods. The results are shown in Fig 2. It demonstrates
that LLMs without tuning can perform well, but there is still
a huge gap in the performance in fact verification tasks, il-
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Claim Evidence Relation graph
The park (e1) at which Tivolis Koncert-
sal(e2) is located (r1) opened (r2) on 15
August 1843 (e3).

Tivolis Koncertsal(e2) is an amusement park and pleasure
garden in Copenhagen, Denmark. The park (e1) opened
(r2) on 15 August 1843 (e3) ...

The Ford Fusion (e1) was introduced (r1)
for model year 2006 (e2). The Rookie of
The Year (e3) in the 1997 CART season
drives (r2) it in the NASCAR Sprint Cup
Series (e4).

Ford Fusion (e1) is manufactured and marketed by Ford.
Introduced for the 2006 model year, ..., Patrick Carpentier
(e5) competed in (r3) the NASCAR Sprint Cup Series
(e4), driving the (r2) Ford Fusion (e1), ...

Table 5: Some correctly classified examples by LLM-SKAN. Red marked words are entities and blue marked tokens are inner
relations between claim and evidence. The thickness of the edges demonstrates the importance.

Figure 3: The comparison of different claim-evidence fusion
methods. Concat, Seq-Att, and RGF denote using the simple
concatenation, the sequential attention mechanism, and the
relation graph fusion module to model complex relations for
verification, respectively.

lustrating that fine-tuning can unearth the potential capabil-
ity of LLMs. Furthermore, parameter fine-tuned models out-
perform the model fine-tuned through prompts, which eluci-
dates that in-context learning is limited to enhancing the ca-
pacity of LLMs. Besides, we compare the performance of
Llama2-7B with Mistral-7B and Vicuna-7B. The discrep-
ancy is relatively small but Llama2-7B still outperforms
other LLMs, further indicating the reason why we choose
Llama2-7B.

Thus, our proposed triplet extractor has the best perfor-
mance and the results further demonstrate the effectiveness
of the extractor fine-tuned based on relation extraction tasks.

Impact of Fusion Methods We compared it to several
fusion methods to illustrate the capability of our fusion
method. The results are shown in Fig 3. The model based
on relation graph fusion outperforms the other two mod-
els, further indicating that structured data with structured
fusion methods can capture the complicated relations be-
tween claim and evidence, and perform thorough interac-
tions to learn comprehensive representations. Besides, the
model based on the sequential attention mechanism per-
forms better than the model based on concatenation, show-
ing that the sequential mechanism can capture some rela-

tions to some extent.
Therefore, this experiment further demonstrates the effi-

cacy of our proposed fusion method.

Case Study
We analyze representative examples that are correctly clas-
sified by our model. They are shown in Table 53. The LLM-
driven Knowledge Extractor can successfully extract fine-
grained entities and their complicated relations. For exam-
ple, the first claim contains three main entities that con-
tribute to the prediction, and through our model, these three
key entities are exactly captured, together with their rela-
tions. Based on these triplets, the relation graphs are con-
structed shown in the third column in Table 5. These relation
graphs concisely demonstrate the relations between claims,
evidence, and entities, which facilitate the fusion module to
easily and comprehensively pass the useful information and
learn comprehensive representations.

Hence, our model LLM-SKAN is capable of capturing
complex relations and fine-grained information and con-
structing concise and informative relation graphs for clas-
sification.

Conclusion
This work has investigated the multi-hop fact verification
tasks that need multi-step thinking and several pieces of
evidence to predict the verdict of a given claim. We pro-
pose a novel Structured Knowledge-Augmented LLM-based
Network (LLM-SKAN) to enhance the model’s capabil-
ity of understanding complicated inner logic and accurate
reasoning. Specifically, we first design a novel fine-tuned
LLM-driven Knowledge Extractor, aiming to capture fine-
grained information and extract complicated relations be-
tween claims, evidence, and entities. Moreover, we pro-
pose Knowledge-Augmented Relation Graph Fusion to fully
leverage the structured data and construct concise and in-
formative relation graphs to thoroughly interact with each
node and learn comprehensive representations. The exper-
imental results on four commonly used datasets show that
LLM-SKAN has been proven to be capable of effectively
dealing with both single-hop and multi-hop fact verification
tasks in comparison with other competitive methods.

3To keep conciseness, we only choose one piece of evidence to
show the efficacy of our model.
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