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Abstract

Knowledge graph construction (KGC) aims to extract valu-
able information from text and organize it into structured
knowledge graphs (KGs). Recent methods have leveraged
the strong generative capabilities of large language models
(LLMs) to improve the generalization and reduce the labor
costs. However, constrained by the input length of LLMs, ex-
isting methods mainly focus on extracting knowledge within
individual texts and lack the capability to discover latent
knowledge across texts. To fill this gap, we propose a novel
method for open knowledge graph construction, termed KG-
DLE. The core idea of this method is to enhance the knowl-
edge graph construction process by discovering new facts that
are consistent with the underlying contextual logic. Specifi-
cally, we first design a knowledge extractor to extract knowl-
edge from the text. Then, a knowledge normalizer performs
schema alignment on the extracted knowledge. Next, we ex-
plore a knowledge discoverer based on a clue search strategy,
which leverages the logical consistency of context to mine
latent facts. Finally, we design a counterfactual-based knowl-
edge corrector, enabling the model to purify knowledge and
reduce factual errors. Experimental results show that KG-
DLF is capable of extracting comprehensive knowledge in
open-world scenarios across three KGC benchmarks.

Introduction

Knowledge Graph Construction (KGC) aims to extract, inte-
grate, and organize information from various text to generate
structured knowledge graphs (KGs) (Ji et al. 2021; Mesquita
et al. 2019; Zhang et al. 2020). Since KGC requires strong
syntactic and semantic understanding, traditional methods
often follow a multi-step pipeline—including entity recog-
nition (Cocchieri et al. 2025), relation extraction (Li et al.
2025), and knowledge fusion (Zhang et al. 2024)—as shown
in Figurel(a). These methods rely on rules and feature en-
gineering, which limits their generalization, increases error
propagation, and leads to high construction costs—making
them less suitable for large-scale open-domain scenarios.
Recently, large language models (LLMs) have demon-
strated strong performance across various natural language
processing tasks (Fang et al. 2024), making them the main-
stream approach for KGC (Ye et al. 2022). By unifying
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(a) Traditional
KGC Method

(b) LLM-based KGC methods
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Figure 1: An example of enriched KGC: (a) Traditional
methods rely on manual rules and feature engineering. (b)
Example of LLM-based KGC: left graph — limited input
leads to fragmented knowledge; right graph — semanti-
cally valuable clues and factual error correction empower
the model to uncover latent cross-text knowledge.

heterogeneous tasks into a text-to-text format (Yao, Mao,
and Luo 2019; Kim et al. 2020) and embedding exten-
sive real-world knowledge from pretraining (Gouidis et al.
2024; Wang et al. 2023), LLMs offer significant advantages
for KGC. Therefore, various innovative methods based on
LLMs for KGC have been proposed, such as multi-turn di-
alogue (Wei et al. 2023), code generation (Bi et al. 2024),
and pattern construction (Zhang and Soh 2024), to generate
entity-relation facts that represent KGs.

However, as shown on the left side of Figure 1 (b), due
to the limited input length that LLMs can process in a
single inference, current methods for handling large-scale
texts typically adopt a segmentation strategy—dividing a
long text into multiple shorter segments (e.g., splitting it
into Text]l and Text2) and extracting knowledge from each
segment individually to construct corresponding subgraphs
(Graphl and Graph2). Although this strategy improves ex-
traction efficiency, the independent processing of each para-
graph overlooks semantic associations across texts, result-
ing in a lack of necessary connections between the con-



structed subgraphs. Consequently, the overall structure of
the knowledge graph becomes fragmented and discontinu-
ous. This phenomenon of knowledge fragmentation is par-
ticularly pronounced in cross-text scenarios.

We argue that discovering latent knowledge across texts
relies on two key factors: semantically valuable clues and
factual error correction, as shown on the right side of Fig-
ure 1 (b). The former helps reduce hallucination in model
reasoning, while the latter ensures the plausibility of the in-
ferred latent knowledge. Incorporating these two factors en-
hances LLMs’ ability to uncover cross-text knowledge, en-
abling the inference of latent relations—such as those be-
tween Graphl and Graph?2 highlighted by the orange dashed
lines in the figure—thus alleviating knowledge fragmenta-
tion caused by input length limitations.

Based on the above motivation, we propose KG-DLF,
a method to enhance Knowledge Graph construction by
Discovering Latent Facts that are logically consistent with
the context. It consists of four main components: a knowl-
edge extractor, a knowledge normalizer, a knowledge dis-
coverer, and a knowledge corrector. The knowledge extrac-
tor is responsible for extracting structured knowledge from
raw text and defining its schema. The knowledge normalizer
aligns schemas through semantic similarity to mitigate ter-
minological ambiguity. The knowledge discoverer leverages
the real-world knowledge modeling capabilities of LLMs
and a clue retrieval strategy to guide the generation of con-
textually coherent latent facts. The knowledge corrector per-
forms automatic correction of knowledge through counter-
factual comparison. The main contributions of our work are
summarized as follows:

* We introduce the KG-DLF model, which is capable of
extracting intra-text knowledge as well as uncovering la-
tent inter-text knowledge. To the best of our knowledge,
it is the first model designed to enhance the KGC process
through the discovery of latent knowledge.

We propose a knowledge corrector that emulates human
reflective behavior through counterfactual comparison,
allowing for autonomous correction of knowledge.

Extensive experiments verify the effectiveness of each
module and its superiority over state-of-the-art baselines.

Related Work
Traditional Knowledge Graph Construction

Traditional knowledge graph construction methods typically
follow a modular, pipeline-based architecture, where the
process is divided into a sequence of subtasks, including
entity extraction, relation extraction, and knowledge fusion.
Entity extraction aims to identify entities such as persons,
organizations, and locations from raw text. Early studies re-
lied on rule-based templates (Li, Li, and Gao 2014) and sta-
tistical machine learning models (Lu et al. 2016). With the
advancement of deep learning, methods based on BiILSTM-
CRF (Greenberg et al. 2018) and pretrained language mod-
els like BERT (Li et al. 2021) have significantly improved
the accuracy of entity recognition. Relation extraction fo-
cuses on identifying semantic relationships between entity
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pairs. Traditional approaches include feature-based super-
vised models (Zeng et al. 2014), which automatically aligns
text with knowledge bases to generate training data. How-
ever, distant supervision suffers from noisy labels. To ad-
dress this, joint models (Huo et al. 2023; Pu et al. 2024) at-
tempt to learn entities and relations simultaneously, though
most still follow a sequential learning pipeline. Knowl-
edge fusion involves resolving redundant or conflicting in-
formation, primarily through entity resolution and ontology
matching. Tools like OpenRefine (Ham 2013) and frame-
works such as HMAN (Yang et al. 2019) and embedded net-
works (He et al. 2021; Jin et al. 2021) use similarity-based
heuristics to align entities across heterogeneous sources.
While effective to some extent, these methods often rely
on manual rules and lack scalability (Jin et al. 2023). De-
spite their interpretability, pipeline-based KGC systems suf-
fer from error propagation, lack end-to-end optimization,
and require extensive task-specific annotation, limiting scal-
ability and generalization in open-domain settings.

LLM-based Knowledge Graph Construction

To overcome the limitations of traditional pipeline-based
methods, which heavily rely on manual rules and feature
engineering, recent research has begun leveraging genera-
tive models for KGC. Thanks to advances in pre-trained
generative language models (e.g., TS (Raffel et al. 2020)
and BART (Lewis 2019)), more recent works frame KGC
as a sequence-to-sequence problem and generate relational
facts in an end-to-end manner by fine-tuning moderately-
sized models, such as REGEN (Dognin et al. 2021) and Ge-
nlE (Josifoski et al. 2022). The success of LLMs has pushed
this paradigm further: current methods directly prompt the
LLMs to generate facts in a zero/few-shot manner. For ex-
ample, EDC+R (Zhang and Soh 2024) extracts facts by
framing the task as a multi-turn question-answering prob-
lem, SAC-KG (Chen et al. 2024) introduces a multi-agent
paradigm to construct hierarchical knowledge graphs, while
AutoSchemaKG (Bai et al. 2025) formulates the task as a
co-evolution problem. As mentioned earlier, due to LLM in-
put length limits, existing models often split large texts into
paragraphs and extract knowledge independently from each.
This ignores semantic links between texts, causing the re-
sulting subgraphs to lack connections and leading to a frag-
mented knowledge graph. KG-DLF addresses this by dis-
covering latent cross-text knowledge without fine-tuning the
base LLM, producing a more coherent and integrated graph.

Preliminaries

Let 7, F, £ and R denote a finite set of texts, facts, enti-
ties, and relations, respectively. The task of KGC is to ex-
tract a valid set of facts F from a given text ¢t € 7. A fact
list 7 = {fi,..., fu} = {(s,7,0),,...,(s,7,0),} where
s, o € & are the subject and object entities, and r € R is
the relation between them. The LLMs have transformed the
representation of KGC (Zhang and Soh 2024), which can
be viewed as P (y|z) = HLy:'1P (yily<i, x), where zx is the
input text and y represents the extracted facts. It is notewor-
thy that both = and y are flattened textual representations of
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Figure 2: An overview of the KG-DLF. The knowledge extractor extracts knowledge; the knowledge normalizer standard-
izes knowledge; the knowledge discoverer uncovers latent cross-text knowledge; and the knowledge corrector enables self-

modification of knowledge.

knowledge (Li et al. 2024). Based on this, we extended our
research on using LLMs for the KGC task.

Methodologies

Figure 2 shows the overview of KG-DLF. Unlike traditional
KGC methods, it not only effectively extracts and normal-
izes knowledge, but also discovers latent cross-text knowl-
edge and performs automatic correction.

Knowledge Extractor

To help LLMs quickly adapt to the extraction task, we pro-
vide a few examples to guide their understanding of the task
requirements. Specifically, given a text and a few examples,
prompts guide the LLMs to extract facts. We designed a
prompt template:

Given a piece of text, extract facts in the form of (Subject,
Relation, Object) from it.

Here are some examples: [EXP].

Please extract facts from the following text: [t].

In this prompt, [EXP] represents a placeholder for a few
examples of ICL (In-Context Learning (Rubin, Herzig, and
Berant 2022)), and [t] represents a placeholder for the text
to be extracted. An example: Text: LeBron led the Los Ange-
les Lakers to capture the NBA championship. Facts: [(’Le-
Bron’, 'Led’, ’Los Angeles Lakers’), ('Los Angeles Lakers’,
"Capture’, 'NBA championship’)].
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Next, we define the schema for each element (entity or
relation) of the fact:

Given a piece of text and a list of elements, your task is to
write a description for each element based on the text.

Text: [t].Elements: [ELE].

In this prompt, [ELE] is a placeholder for the element in
the facts. It is worth noting the initially extracted knowledge
fails to capture facts that span across multiple texts.

Knowledge Normalizer

We designed a knowledge normalizer to ensure consistency
in knowledge descriptions. To achieve this, we first establish
a predefined set of schemas S = (s1, S2, ..., $m ), Where m
represents the total number of schemas, which include entity
and relation types. All extracted data is then structured ac-
cording to these schemas, which guarantees uniformity and
standardization across the knowledge graph.

Here, we leverage a BERT-based embedding model @ (-)
to obtain the representations of the schemas:

h; =®(5),hs, =P (s;), (1)
where § and s; € S represent the newly extracted schema
and the predefined schema, respectively. h € R¢ represents
a d-dimensional embedding vector.

The semantic similarity between the new schema and each
cluster is calculated based on cosine similarity:

sim(8, s;) = cos(hg, hy,) = (h] hy,)/(||hs

sl @



The schema that is semantically closest to 5 is obtained
through the argmax function:

3

s* = arg max sim (8, s;) ,
where s* is the schema in the predefined set that has the
highest semantic similarity to §. if sim (§,s*) > A, then
align § with s*. Here, A > 0 denotes the similarity threshold.

To better capture the fine-grained semantic differences be-
tween schemas, we train the embedding model ® (-) using a
contrastive loss:

L = max (0, sim(®(s;), (57)) @

— sim(®(s;), @(s;r)) +a),
where sj' € S is the positive schema sample of s;, while
5; € S is the negative schema sample of s;. We set the

margin o = 0.2 following Garg, Vu, and Moschitti (2020),
and use the method proposed by Zhang et al. (Zhang and
Soh 2024) for filtering positive and negative samples.

Knowledge Discoverer

The goal is to discover potential knowledge associations in
order to enrich the knowledge graph. However, not all enti-
ties are inherently related. Here, we prompt LLMs to iden-
tify entities with objective connections in the real world:

Please determine whether the entities are related in the
real world. [SUB].[OBJ].

In this prompt, [SUB] and [OBJ] denote the subject
along with its schema and the object entity along with its
schema, respectively. Next, we perform completion on the
entity pairs identified as relevant by the LLM. Unlike previ-
ous methods that rely on reasoning over a predefined rela-
tion set, we use the LLM’s real-world knowledge to directly
generate possible relationships. However, in the absence of
reasoning conditions, the relations directly generated by the
LLM may be inconsistent with the contextual logic of the
existing KG.

To enhance the logical structure of KGs, we propose a
clue retrieval strategy that extracts relevant paths for a given
entity pair, providing contextual constraints to guide LLM
reasoning. Specifically, given a subject entity and an object
entity, we compute the relevance between the subject entity
and each node within the [-hop neighborhood of the object
entity. Similarly, the relevance between the object entity and
each node within the [-hop neighborhood of the subject en-
tity is also computed. The relevance scores are generated by
prompting LLM to evaluate the semantic associations be-
tween the entities, with the following prompt:

Please provide the relevance scores between the two
entities within the range of 0 to 1, where scores closer
to O indicate lower relevance, and scores closer to 1
indicate higher relevance. [ SUB].[OBJ].

The score of each path p; is the average relevance score
of all the entities within the path, as follows:

confx (pi) = (1/1) Xi_y (X €)), ¢ € M(Y),  (5)
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where X € {s,0} and Y € {s,0} are the corresponding
entities in an entity pair. conf x (p;) denotes the confidence
score of path p;, and v (-) is the relevance scoring function
computed by the LLM. A; (Y) represents the set of all enti-
ties within an [-hop neighborhood of entity Y and [ = 2. ¢;
represents a neighbor of entity Y.

Then, select the Top-k paths with the highest average rel-

)

k
evance scores as contextual clues 73; , as follows:

PE = Top —k ({confx (p:) | pi € Px}).  (6)

Finally, based on the retrieved contextual clues, the LLM
is guided to perform relation reasoning:

Please infer the relationship between [ SUB]and [OBJ]
based on the contextual clue. [CLUE].

In this prompt, [CLUE] represents a placeholder for the
contextual clues. This allows the LLM to generate relations
that are coherent with the surrounding context.

Knowledge Corrector

To evaluate the plausibility of knowledge, inspired by coun-
terfactual thinking (Roese 1994), we designed a knowledge
corrector. It constructs a set of counterfactuals for each fact
and assesses plausibility by comparing the original fact with
its counterfactuals. It is worth noting that the counterfactuals
are generated by replacing the relation in the original fact.
Based on this, given a fact f; = (s,7,0) and its corre-

Jis fa, -
the premise that the subject s and object o in f; necessarily
exists, we can derive the following two inferences:

(1) If the plausibility of f; is higher than all the coun-
terfactual facts in F, then fi is considered correct.

The derivation is:

P (fi) = max (P (fi), P (fl) P (f2) P o (fn)) A
Ir € f; = 3fi A fi = T, where P (+) represents the proba-
bility of a fact being reasonable, with higher values indicat-
ing higher plausibility;

(2) If f; is incorrect, then at least one counterfactual
fact in F will have higher plausibility than f;.

The derivation is:

Ire finfi=LAP() <P(fjef);»3fjA

fj = T, where T and L represent correct and incorrect,
respectively.

For the plausibility of the facts, we guide the LLMs to
make judgments through prompts, as follows:

sponding counterfactual set F = , fn}, under

Your task is to select the most reasonable fact from the
list based on the context. Context: [C].Facts: [F].

In this prompt, [C] and [F] represent placeholders for
the context and the facts (i.e., the set composed of facts and
counterfactuals), respectively. Notably, extracted facts use
the original text as context, while discovered facts rely on
the top-k retrieved relevant paths.



Experiments

In this section, we evaluate KG-DLF on three public
datasets. We first describe the experimental setup and base-
lines, then present the results. Ablation studies are con-
ducted to assess the contribution of different components,
and real-world scenarios cases illustrate its effectiveness in
cross-text knowledge discovery and correction.

Datasets

We evaluate KG-DLF on the task of behavior prediction us-
ing three benchmark datasets, as follows:

e WebNLG* (Ferreira et al. 2020). The WebNLG (Web
Natural Language Generation) dataset offers DBpedia
facts paired with descriptive text, focusing on convert-
ing structured data into natural language. We use the test
split from WebNLG+2020 (v3.0), which includes 1,165
text-fact pairs, 4,001 facts, 345 unique entities, and 159
unique relations.

REBEL* (Cabot and Navigli 2021). The REBEL (Re-
lation Extraction By End-to-end Language Generation)
dataset is a benchmark for extracting complex relation
facts with long-distance dependencies. From its 105,516
test entries, we randomly sample 1,000 long-text fact
pairs, containing 4,000 facts, 3,643 unique entities, and
196 unique relations.

Wiki-NRE* (Distiawan et al. 2019). The Wiki-NRE
(Wikipedia-based Neural Relation Extraction) dataset
pairs Wikipedia text with knowledge graph relations to
extract entity relationships from unstructured text, in-
cluding long-tail cases. From its 29,619 test entries, we
randomly sampled 1,000 cross-text fact instances com-
posed of more than two texts, covering 2,335 unique en-
tities and 45 unique relations.

Baseline Methods
We select two types of baseline models for comparison:

* Some general large models (GLMs) utilize their own un-
derstanding capabilities to extract facts present in the text
through a question-and-answer interaction method, with
deduplication added to avoid fact redundancy. We se-
lected five popular GLMs, including Mistral-7BInstruct
(Jiang et al. 2023), LLaMA3-8B-Instruct (Vavekanand
and Sam 2024), ChatGPT-3.5 (Brown et al. 2020),
ChatGPT-4.0'.

Recent popular generative construction methods (GCMs)
guide generative models to perform extraction tasks by
designing various prompt and adapt to specific datasets
by incorporating certain fine-tuning techniques, includ-
ing REGEN (Dognin et al. 2021), GenlE (Josifoski et al.
2022), EDC+R (Zhang and Soh 2024), SAC-KG (Chen
et al. 2024) and AutoSchemaKG (Bai et al. 2025).

Evaluation Metrics and Environment Settings

We used the WEBNLG evaluation script (Ferreira et al.
2020), which calculates the F1 score, exact precision, par-

"https://openai.com/index/gpt-4-research/
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tial precision, and strict precision of the output facts against
the ground truth in a token-based manner.

F1: The extracted facts are required to completely match
the ground truth, and the F1 score is calculated based on
precision and recall.

Exact: Requires an exact match between extracted facts
and ground truth, ignoring element types.

Partial: Allows for at least a partial match between the
extracted facts and the ground truth, disregarding the el-
ement types.

Strict: Demands an exact match between the extracted
facts and the ground truth, including the element types.

In our experiments, we implemented KG-DLF using Py-
Torch (Paszke et al. 2019) in collaboration with Hugging-
Face (Wolf et al. 2020) and evaluated its performance on
a 22-core CPU (AMD EPYC 7T83) and two GPUs (RTX-
4090) with 24GB of memory each. Please note that all ex-
perimental results are averaged over three runs.

Experimental Results

The experimental results are shown in Table 1. For the
datasets WebNLG*, REBEL*, and Wiki-NRE*, the best
models based on LLMs were selected for the experi-
ments. The aim is to observe whether KG-DLF can adapt
to KGC tasks in different scenarios. Overall, KG-DLF
achieved state-of-the-art performance and significantly en-
hanced the KGC performance of LLMs (LLaMA3-8B-
Instruct, chatgpt-3.5, chatgpt-4.0). This confirms that dis-
covering cross-text knowledge is a key factor in improving
the quality of KGs.

Specifically, on the single-text WebNLG* dataset, KG-
DLF improved the F1 score by 1.9% (from 0.826 to 0.845)
compared to the best baseline model, EDC+R. This confirms
that KG-DLF is not only designed for cross-text scenarios
but also demonstrates strong competitiveness in non-cross-
text settings. Although the improvements in extraction-
related metrics such as F1, Partial, and Exact are limited,
we observed a notable gain in the Strict metric, indicating
that the discovery of latent knowledge contributes to a more
complete and structurally sound knowledge graph.

On the REBEL* dataset, which involves complex long-
range dependencies, KG-DLF outperformed the best base-
line model, EDC+R, by a margin of 4.6% in F1 score (from
0.602 to 0.648), showing a more significant improvement
than on WebNLG*. The Strict metric analysis indicates that
long-range relations overlooked in the initial LLM extrac-
tion were effectively recovered through the knowledge dis-
covery process, demonstrating the model’s capacity to com-
plete missing information.

Surprisingly, On the cross-text Wiki-NRE* dataset, which
features a long-tail relation distribution, KG-DLF achieved
the largest improvement over the best baseline, Au-
toSchemaK@, increasing the F1 score by 8.6% (from 0.714
to 0.800). This demonstrates that KG-DLF effectively miti-
gates the challenges of cross-text knowledge extraction un-
der limited input. Moreover, during the process of self-
correction, the introduction of counterfactuals inadvertently



Models WebNLG* REBEL* Wiki-NRE*
F1 Partial ~ Strict Exact F1 Partial ~ Strict Exact F1 Partial ~ Strict  Exact
Mistral-7B-Instruct | 0.216  0.222  0.212 0.222 | 0.222 0.344 0333 0.333 | 0.292 0411 0402 0410
GLMs LLaMA3-8B-Instruct | 0.531 0.697 0.661 0.680 | 0.459 0.738 0.703 0.726 | 0.616 0.678 0.674 0.677
ChatGPT-3.5 0.736  0.712 0.675 0.667 | 0.305 0.692 0.660 0.680 | 0.588 0.704 0.700 0.702
ChatGPT-4.0 0.720  0.733  0.708 0.715 | 0.415 0.621 0.754 0.699 | 0.572 0.692 0.691 0.694
REGEN 0.723 0.714 0.755 0.713 | 0.443 0476 0415 0488 | 0493 0.684 0.571 0.652
GCMs GenlE 0.673 0.706 0.692 0.710 | 0.471 0453 0.447 0.510 | 0.505 0.675 0.562 0.664
SAC-KG 0.725 0.681 0.675 0.697 | 0.463 0460 0435 0467 | 0.655 0.639 0.612 0.633
EDC+R 0.826 0.794 0.753 0.772 | 0.602 0.559 0.516 0.529 | 0.687 0.647 0.638 0.640
AutoSchemaKG 0.815 0.802 0.761 0.770 | 0.597 0.534 0.508 0.536 | 0.714 0.693 0.685 0.657
KG-DLF ysistrai—7B 0.211 0.220 0.204 0.205 | 0.369 0.680 0.636 0.652 | 0.494 0.594 0.583 0.490
KG-DLF o0 a3-8B 0.782 0.746 0.688 0.713 | 0.648 0.700 0.700 0.700 | 0.556 0.500 0.500 0.500
KG-DLFCpaicpr-3:5 0813 0795 0773 0762 | 0.630 0736 0.743 0.747 | 0.800 0.754 0731 0.762
KG-DLF i PT—1.0 0.845 0798 0782 0.787 | 0.639 0785 0.782 0.793 | 0.771 0769 0.768 0.742
Table 1: The main experimental results are shown. The best results are in bold; the second-best are underlined.
enriches the semantics of long-tail relations from a global 0.6 J Er—— 3.5 : 150
1 oS Tel o—0—0—0—o [0 WebNLG*-Size
perspective. 0.5 V.l 230 e ReBELvSIe
Additionally, the choice of LLMs is particularly impor- 04 /’ es-e—e—e—e—e =25 e WebNLG*-FI 1003
tant, as it indicates that some LLMs struggle to meet the ' /3 ~ 220) —« rEBEL*FI <
basic requirements for KGC, such as: Mistral-7B-Instruct, 0.3 ././ —e— WebNLG* | £ }(5) - IS =
which leads to the generation of hallucinated results. 02/ U EEC | Eos "'/,./"F’ 50
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Ablation Study 010123 426 78910 00 2 3

In this section, we explore different combinations of model
components, including the Knowledge Extractor (KE), the
Knowledge Normalizer (KN), the Knowledge Discoverer
(KD) and the Knowledge Corrector (KC), and apply them
to different construction scenarios. It is worth noting that we
built KG-DLF based on the ChatGPT-4.0, as it is well-suited
for various KGC tasks.

The experimental results are shown in Table 2. These
three components are crucial to the entire framework, with
KE being indispensable, as it forms the foundation of the
whole KGC process. We observed that the F1 score of KN
is higher than that of KD and KC because it leverages the
predefined schema to ensure term consistency, while also
retaining the core extraction capabilities of KE. Addition-
ally, we found that KD outperforms KN in certain structural
metrics, such as Partial, Strict, and Exact, particularly when
handling the complex semantics of the REBEL* and Wiki-
NRE* datasets. This indirectly suggests that although KN
enhances the overall semantic consistency of the knowledge
graph to a certain extent, it still lacks the ability to assess
the quality of knowledge, thereby leaving room for KC to
further demonstrate its advantages.

Model Analysis

In this section, we provide a detailed analysis of the effec-
tiveness of KG-DLF in terms of model hyperparameter set-
tings, few-shot ICL, and the number of clues.

Firstly, we validated the impact of the number of ICL ex-
amples on the performance of LLM in knowledge extrac-
tion, using the F1 score as the evaluation metric, as shown

(a) In-context Learning (b) Clue Retrieval Strategy

0.6

0.4

0.7 0.7 08

() Ar and Az (REBEL")

(d) Mg and A\ (Wiki-NRE*)

Figure 3: The effects of different parameter settings on per-
formance. We use ChatGPT-4.0 as the base model and F1 as
the evaluation metric.

in Figure 3 (a). Generally, as the number of ICL examples i
increases, the extraction performance of the model gradually
improves. However, after reaching a certain point, perfor-
mance peaks, and adding more examples no longer makes a
difference. We were surprised to find that the optimal num-
ber of ICL examples did not vary with dataset characteris-
tics. For all three datasets—WebNLG*, REBEL*, and Wiki-
NRE*—setting h=5 tends to stabilize performance. This in-
dicates that the LLMs only require a small number of ICL
examples to guide the unification of extraction structures.
Secondly, the number of clues k£ provided by the knowl-
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abtaion | KN KD KC | WebNLG* | REBEL" | Wiki-NRE"
| Fl Partial ~ Strict Exact | FI Partial ~ Strict Exact | FI Partial ~ Strict Exact
1 v 0.720 0.733 0.708 0.715 | 0415 0.621 0.754 0.699 | 0.572 0.692 0.691 0.694
2 Ve 0.424 0305 0367 0465 | 0.381 0585 0583 0582 | 0416 0.480 0.484 0.482
3 v 0.515 0.501 0.632 0.575 | 0412 0554 0579 0.581 | 0.442 0.567 0.518 0.556
4 v v 0.725 0.720 0.774 0.733 | 0.633 0.735 0.775 0.782 | 0.766  0.750 0.754 0.735
5 Ve v 0.842 0.823 0.778 0.792 | 0.618 0.755 0.763 0.785 | 0.761 0.744 0.738 0.732
6 v v 0.520 0482 0.466 0.535 | 0435 0.655 0.631 0602 | 0.516 0.580 0.524 0.568
KG-DLF ‘ Ve v ‘ 0.845 0.798 0.782 0.787 ‘ 0.639 0.785 0.782 0.793 ‘ 0.771 0.769 0.768 0.742

Table 2: Experimental results of the ablation study. The foundational LLM for KG-DLF is ChatGPT-4.0.
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1. Francis Mankiewicz (March 15, 1944 in Shanghai, China — August
14, 1993 in Montreal, Quebec, Canada) was a Canadian film director,
screenwriter and producer. 2. George Derwent Thomson was an
English classical scholar and Marxist philosopher.

(a) A real-world case from REBEL*
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1. Love Is Eternal While It Lasts is a 2004 Italian romantic comedy
film written, directed and starred by Carlo Verdone. 2. Le acrobate
is a 1997 Italian drama film directed by Silvio Soldini and starring
Licia Maglietta and Valeria Golino.

(b) A real-world case from Wiki-NRE*

Figure 4: Case studies of latent knowledge discovery and
knowledge correction in REBEL* and Wiki-NRE*.

edge discoverer to the LLM directly affects its reasoning ca-
pability, as shown in Figure 3 (b). Notably, as k increases,
the F1 score for discovering latent knowledge also improves.
However, supplying more clues imposes a heavier burden
on the LLM. We set k£ to 3, as it achieves a good bal-
ance between performance and memory usage. Although
k = 4 yields slightly better accuracy, it results in exponen-
tial growth in storage requirements, averaging 3.3MB across
the three datasets. In contrast, & = 3 averages only 1.5MB,
making it a more practical choice.

Finally, we evaluated the impact of the similarity thresh-
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old A on KGC performance (measured by F1) across
REBEL* and Wiki-NRE*, as shown in Figure 3 (c)—(d).Two
thresholds were considered—entity schema (Ag) and rela-
tion schema (\r)—which were tuned jointly. Results show
that performance improves with increasing thresholds up to
a critical point, after which it declines. Experimental results
on the REBEL* and Wiki-NRE* datasets suggest a com-
mon optimal configuration for A and Ap across different
datasets, with A\ = 0.80 and A = 0.75 emerging as con-
sistently effective settings.

Case Study

The real-world case studies shown in Figure 4 illustrate
the two core capabilities of KG-DLF in Knowledge Graph
Construction (KGC): discovering latent knowledge and cor-
recting erroneous knowledge. In the REBEL* case, the
knowledge discoverer identified a strong connection be-
tween George Derwent Thomson and Francis Mankiewicz,
inferring a friend relationship based on contextual clues
(orange nodes). However, the knowledge corrector deter-
mined that cooperation better reflects their actual relation-
ship, thereby revising the extracted knowledge accordingly.
In the Wiki-NRE* case, the discoverer successfully comple-
mented the knowledge graph with a cooperation relation be-
tween Silvio Soldini and Carlo Verdone. Nevertheless, the
corrector detected two errors in the constructed graph, pri-
marily caused by misinterpreting star as a relational link be-
tween a person and a work.

Conclusion

For the task of open-domain KGC, we propose KG-DLF.
Unlike previous methods, we not only effectively extract
and normalize knowledge, but also discover latent cross-
text knowledge and automatically correct it. Specifically, we
first design a knowledge extractor to extract knowledge from
the text. Second, a knowledge normalizer performs schema
alignment on the extracted knowledge. Next, we design a
knowledge discoverer, which leverages the logical consis-
tency of context to mine latent facts. Finally, we design a
knowledge corrector, enabling the model to purify knowl-
edge. Experimental results show that KG-DLF can signifi-
cantly enrich the knowledge graph across three KGC bench-
marks without requiring the LLM to be trained.
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