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Abstract

Multimodal documents, which are among the
most prevalent data formats, combine a large
amount of textual and visual content. Extract-
ing structured triples knowledge from these
documents is a highly valuable task, aimed
at helping users efficiently acquire key enti-
ties and their relationships. However, existing
methods face limitations in simultaneously pro-
cessing long textual content and multiple as-
sociated images for triple extraction. There-
fore, we propose a Multimodal Document-
level Triple Extraction (MDocTE) framework.
Specifically, we introduce a dynamic docu-
ment graph construction method that extends
the model’s scope to the entire document and
the external world, while adaptively optimiz-
ing the graph structure. Next, we inject the
global information and external knowledge
learned by the graph neural network into the
large language model, generating structured
triples after deep interaction. Finally, we de-
sign a multimodal relation-aware mechanism
and loss function to guide the model in reflect-
ing on the shared information between text
and visuals. We release a new triple extrac-
tion dataset for multimodal documents and
conduct extensive experiments. The results
demonstrate that the proposed framework out-
performs the state-of-the-art baselines, thus fill-
ing the gap in multimodal document extraction.
Our data is available at https://github.com/
XiangLiphd/Triple-extraction-dataset.

1 Introduction

Triple extraction aims to identify entity pairs and
their semantic relationships from unstructured text
(Sun et al., 2024b; Ning et al., 2023; Naglik and
Lango, 2024; Zhao et al., 2024a), providing a foun-
dation for downstream tasks like knowledge graph
construction, information retrieval, and knowledge
enhancement (Wang et al., 2024a; Ovadia et al.,
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2024; Nguyen et al., 2024). Unlike the pipeline ap-
proach that separates named entity recognition and
relation extraction, joint extraction integrates both
tasks, mitigating error propagation and strengthen-
ing their intrinsic connections, making it a current
research hotspot (Mullick et al., 2024; Shang et al.,
2022; Huang et al., 2023).

However, most extraction datasets are sourced
directly from vast and unstructured web text (He
et al., 2023; Zheng et al., 2021). In many cases, the
entities and relationships extracted directly from
text are inaccurate (Cui et al., 2024; Zhang et al.,
2025b). Thus, leveraging image information to cor-
rect extracted relationships becomes a promising
strategy (Zheng et al., 2023; Hu et al., 2023; Chen
et al., 2022). Yuan et al. (2023) proposed the first
joint multimodal entity-relation extraction model,
achieving fine-grained alignment between textual
entities and visual objects. Building on this, yuan
et al. (2024) further introduced a few-shot multi-
modal entity-relation extraction model, addressing
the challenge of requiring large amounts of labeled
data. These methods not only demonstrate that the
incorporation of image information enhances the
triple extraction model’s ability to perceive textual
semantic information (Wang et al., 2024c; Shen
et al., 2024), but also provide us with strong sup-
port for document-level multimodal triple extrac-
tion using large language models (LLMs) (Hu et al.,
2024; He et al., 2025). However, their datasets typ-
ically contain only short text segments paired with
a single image, representing an idealized scenario.

It is worth mentioning that multimodal docu-
ments are among the most common data formats
in everyday life, such as academic papers, news re-
ports, social media posts, and more. However, tradi-
tional multimodal entity-relation extraction models
face numerous challenges when processing multi-
modal documents. Firstly, many existing methods
face challenges in capturing the global document
structure and multimodal correlations, especially
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when the document is complex, leading to insuf-
ficient interaction of contextual multimodal data
(Oral and Eryiğit, 2022; Kong et al., 2024). Al-
though current language models can handle long
text sequences and visual models can process multi-
ple images, their joint processing capability signifi-
cantly decreases when extended to documents con-
taining multiple images and long texts. Achieving
good extraction results requires not only capturing
global information from the document but also thor-
oughly understanding the multimodal correlations
(Xu et al., 2021; Zeng et al., 2020; Zhang et al.,
2020). Our framework is designed based on this
concept. Secondly, integrating a large amount of
textual and visual information at the document level
remains a complex task, as models must effectively
align entities across modalities while ensuring se-
mantic consistency (Hei et al., 2024). Lastly, while
image modules can provide additional cues, effi-
ciently leveraging multimodal knowledge to correct
and refine extracted relations remains a significant
challenge (Yuan et al., 2023). To the best of our
knowledge, this task is highly challenging, and our
proposed framework is the first attempt to address
it.

To address these challenges, we propose a multi-
modal document-level triple extraction framework
(MDocTE) via dynamic graph enhancement and
multimodal relation-aware reflection. Specifically,
it divides the document into multiple fine-grained
modules and selectively associates them, primarily
including global summaries, chunks, images, en-
tities, visual objects, and external knowledge. It
is worth noting that we have added feature inter-
action nodes between chunks and images, aiming
to achieve fine-grained cross-modal information
fusion. Additionally, in order to improve the ex-
traction effectiveness and efficiency, we optimize
the document graph based on the chunks to be
extracted. Next, the knowledge learned by the
graph neural network is deeply interacted with the
LLMs to generate the raw entities and relation-
ships. Finally, we design a multimodal relation-
aware mechanism and loss function to prompt the
large model to reflect on the shared information
between text and visuals, generating accurate triple
answers. The main contributions are summarized
as follows:

(1) To the best of our knowledge, we propose
the first triple extraction framework specifically de-
signed for multimodal documents. It injects the

global multimodal information learned and exter-
nal knowledge learned by graph neural networks
into the LLM, significantly improving extraction
accuracy.

(2) We propose a dynamic document graph con-
struction method. It leverages a divide-and-conquer
strategy to hierarchically partition documents into
multiple granularities, and enhances the richness
of the document graph with external knowledge.
Moreover, we introduce cross-modal feature inter-
action nodes for fine-grained multimodal fusion.

(3) We develop a multimodal relation-aware
mechanism that prompts the LLM to reflect upon
shared textual and visual information, mitigating
incorrect inferences about complex relationships.
Additionally, we propose a reflection loss that en-
courages the model to adjust its predictions by
leveraging multimodal cues.

(4) We release a new triple extraction dataset
for multimodal documents and conduct extensive
experiments. Experimental results demonstrate that
our framework outperforms existing models with
significant improvements in precision (P), recall
(R), and F1 scores.

2 Related Work

This section reviews the strengths and limitations
of existing triple extraction methods from three per-
spectives: traditional, multimodal, and document-
level triple extraction.

2.1 Triple extraction

Entity and relation extraction are fundamental tasks
in information extraction. Early approaches typ-
ically handled named entity recognition (NER)
and relation extraction (RE) separately through a
pipeline (Li et al., 2022; Jehangir et al., 2023; Zhao
et al., 2024b; Detroja et al., 2023). However, such
methods suffer from error propagation and lack in-
teraction between the tasks (Bekoulis et al., 2018;
Qiao et al., 2022). Recent research has focused
on joint models that tackle NER and RE simulta-
neously, improving the performance by capturing
dependencies between the tasks (Gupta et al., 2016;
Xu et al., 2022). However, such models are typi-
cally limited to short texts and face challenges in
handling complex scenarios with rich multimodal
information or large-scale documents (Zhang et al.,
2024).
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Figure 1: The entire extracting process of proposed framework

2.2 Multimodal triple extraction
In recent years, with the widespread rise of multi-
modal generative models, leading to a growing in-
terest in multimodal triple extraction (MTE)(Yang
et al., 2023). Specifically, Yuan et al. (2023) de-
signed an edge-enhanced graph alignment network
that enhances MTE by aligning the nodes and edges
across cross-modal graphs. Building on this, Wang
et al. (2024b) proposed a temporal enhancement
and similarity-gated attention network for MTE,
which alleviated the issue of irrelevant information
interference in images. Additionally, Yuan et al.
(2025) further proposed a fine-grained multimodal
network to tackle limitations in cross-modal fine-
grained alignment, irrelevant information filtering,
and multi-word entity extraction. These methods
have advanced the enhancement of textual seman-
tics with visual information, but challenges persist
in handling large-scale documents, particularly in
capturing long-range dependencies and integrat-
ing multimodal information across multiple images
and texts(Cao and Wu, 2023).

2.3 Document-level triple extraction
Document-level triple extraction (DTE) is essen-
tial for real-world applications where information
spans entire documents (Li et al., 2023; Meng et al.,
2023). Recent research mainly relies on graph-
based and large language models-based approaches.

Specifically, Zhang et al. (2023) reformulated DTE
as a table-filling task and proposed a table-to-graph
generation model to enable fine-grained informa-
tion sharing. In addition, Sun et al. (2024a) and
Zhang et al. (2025a) adapted large language models
for DTE, addressing the issue of context forgetting.
These methods have been successful in DTE, but
they lack sufficient integration of external knowl-
edge and struggle to handle multimodal data. To
address these issues, Liu et al. (2024) constructed a
multimodal, multilingual and multitask dataset for
grounded DTE, and designed a hierarchical mul-
timodal information extraction model. It is worth
noting that this research opens up new directions
for us, but the constructed dataset contains rela-
tively short texts, which makes it difficult to match
the document length found in real-world scenarios.

3 Approach

Building on these foundations, we propose the
first triple extraction framework designed specif-
ically for multimodal documents (MDocTE). As
shown in Figure 1, the proposed framework con-
sists of four main steps: document graph construc-
tion, adaptive graph optimization, deep interaction
generation, and multimodal relation-aware reflec-
tion. The implementation details of each step are
presented in the following sections.
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3.1 Document graph construction

To better understand the content of multimodal
documents, we hierarchically divide them into mul-
tiple fine-grained modules, primarily consisting of
chunks, images, entities, and visual objects. These
modules exhibit hierarchical relationships, such as
interlink relationships between chunks and images,
and extraction relationships between chunks and
entities, as well as between images and visual ob-
jects. It is worth noting that entities and visual
objects are extracted using pre-trained models. Ad-
ditionally, to refine the document’s key content and
eliminate irrelevant details, we employ a large lan-
guage model to generate summary nodes, which
are then linked to the chunks.

To better aggregate text and image information,
we propose a fine-grained feature selection mod-
ule. It is worth noting that it further deepens the
relationship between associated entities and visual
object pairs based on the knowledge-enhanced net-
work proposed by Huang et al. (2025). Specifically,
given a chunk-image pair, we first use a pre-trained
model to extract entities and visual objects, and
generate fine-grained features. The entities are
extracted using Deepseek and encoded with the
BERT-base model. Visual objects with the top-k
confidence scores are identified using a pre-trained
Mask-RCNN (He et al., 2017) model, and the cor-
responding features are extracted. The encoding
process for entities and visual objects is illustrated
in equations (1) and (2).

E = BERT(e) = [e1, e2, . . . , en] (1)

V = Mask − RCNN(i) = [v1, v2, . . . , vk] (2)

Next, we use equations (3-4) to identify the visual
object v that is highly relevant to each entity and
assign a higher weight to v.

αT
ij = softmax(W3 tanh(W1vj +W2ei)) (3)

mei =
∑

j∈k
αT
ijvj (4)

Here, W represents the parameter matrix. Sub-
sequently, we generate the enhanced entities fea-
tures based on equations (5-6). Similarly, we gen-
erate the enhanced visual object representation e∗.
Finally, we use cross-attention to generate fine-
grained interaction node feature representations.

fT
i = sigmoid(W4[ei;mei ]) (5)

e∗i = ei + fT
i mei (6)

Considering that some visually similar objects in
the image may mislead Mask-RCNN into gener-
ating incorrect feature representations, we employ
contrastive learning to differentiate them. Specif-
ically, we calculate the similarity between enti-
ties and visual objects using CLIP (Radford et al.,
2021) or a domain-specific fine-tuned version of
CLIP. We then select difficult sample pairs (with
the highest similarity treated as positive examples,
and those with similarity greater than 0.5 as neg-
ative examples) for distinction and learning. This
approach aims to help Mask-RCNN generate more
accurate vector representations. It is worth noting
that in contrastive learning, we use the commonly
used NT-Xent loss function.

It is worth mentioning that, to broaden the scope
of the extraction model, we incorporate external
knowledge bases such as ConceptNet, DBpedia, or
domain knowledge graphs into the document graph.
Specifically, we search for all the entities appearing
in the knowledge base and connect their adjacent
knowledge to the document graph, with the expand
relationship.

3.2 Adaptive graph optimization

To adopt the same encoding strategy as the genera-
tive model, we use the BERT to encode the text in
the document graph. Additionally, for the images in
the document graph, we use the CLIP encoder men-
tioned in the previous section to generate vector
representations. Next, to identify the nodes most
relevant to the current extraction task, we calculate
the distances between nodes using cosine similar-
ity and filter out irrelevant nodes using k-nearest
neighbor retrieval. The detailed process is shown
in equation (7). It is worth noting that, in order
to retain as much useful information as possible
while filtering out complex text, we first filter the
one-hop neighboring nodes of the target extraction
chunk node, then filter the two-hop neighboring
nodes, and finally use the remaining optimized sub-
graph vectors as input to the graph neural network
in the next section. This step offers two key ben-
efits: first, it helps filter out nodes and edges that
are unrelated to the current extraction task. If the
entire document graph were input into the graph
neural network as augmentation information for
the LLM without any filtering, it could distract the
LLM from the relevant extraction information or
even cause interference. Second, pruning the graph
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significantly enhances extraction efficiency, which
is crucial.

Gk = argtokn∈G cos(zc, zn) (7)

where zc and zn are the embeddings of target ex-
traction node and other nodes.

3.3 Deep interaction generation
To acquire the global multimodal information and
external knowledge of the chunk to be extracted,
we use a graph attention neural network (GAT) to
learn the optimized document graph and update the
node representation:

hc = GNN(Gc) ∈ Rdg (8)

Here, dg represents the dimension of the graph
encoder. Next, to align the graph tokens with the
vector space of the LLM, we utilize a multi-layer
perceptron (MLP):

h∗c = MLP(hc) ∈ Rdl (9)

where dl is the dimension of the LLM’s hidden
embedding. It is worth noting that the parameters
of the graph neural network and the MLP are not
frozen and are updated throughout the task. Addi-
tionally, the fine-grained feature interaction param-
eters are updated within the graph neural network.

For the input query, we generate their represen-
tation vectors ht using a text embedder, which is
the first layer of the LLM. Finally, we input both
the node representation of chunk and query vectors
into the LLM to preliminarily generate the triple
answers. The generation process is as follows:

pθ,ϕ1,ϕ2(Y | xt) =
r∏

i=1

pθ,ϕ1,ϕ2 (yi | y<i, [h
∗
c ;ht])

(10)
where θ represents the parameters of the LLM,
while ϕ1 and ϕ2 represent the parameters of the
graph neural network and the MLP, respectively.
During triple extraction, we use the cross-entropy
loss function for model training.

3.4 Multimodal relation-aware reflection
To improve the understanding of complex relation-
ships in LLM and generate complete triples, we
designed a multimodal relation-aware mechanism
that prompts the model to deeply reflect on pseudo
labels. The following details the generation process
of pseudo labels. It is well known that there is often

a relationship between adjacent or nearby visual
objects in images. Similarly, the same applies to
text. Therefore, we use equations (11) and (12) to
calculate the distance between visual objects in the
image and the distance between entities.

dvisual =
√
(x1 − x2)2 + (y1 − y2)2 (11)

dhop = minpath|p| (12)

Here, dvisual represents the distance between the
center points of visual object bounding boxes de-
tected by Mask-RCNN, and dhop represents the
shortest path distance between two entities in the
document graph. It is worth noting that for the
matching process between visual objects and en-
tities, we use CLIP to calculate the similarity and
select the most similar ones that exceed a certain
threshold. If a pair of visual objects can be matched
to a corresponding pair of entities, and both dvisual
and dhop are below a certain threshold, we con-
sider that there is a relationship between these two
entities (pseudo label).

Next, we check whether the generated results of
the LLM contain pseudo label entity pairs. If there
are missing relationships, we prompt the model to
reflect on them. Additionally, we design a reflec-
tion loss to guide the model in deeper reasoning as
shown in equation (13). The reason for this design
is that LLM often confidently output ‘no relation’
when dealing with implicit or uncertain relation-
ships, and this loss can encourage them to better
predict the relationships between entity pairs.

Lreflect = − 1

|φ|
∑

(ea,eb)∈φ
log (1− pno-rel(ea, eb))

(13)
where φ is the set of pseudo labels, and pno-rel rep-
resents the probability of generating no relation.

4 Experiment

4.1 Dataset and evaluation metrics
To evaluate the effectiveness of our framework, we
modified the data from Liu et al. (2024). The pre-
processed dataset involved splitting a long video
into multiple segments and extracting both images
and text data. Considering that most documents
are much longer than this dataset, we performed
effective integration and added more distant labels
to better simulate real-world scenarios. To the best
of our knowledge, this is the only dataset for triple
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Categories Methods P R F1

LLM

Llama-3-8b-Chinese 12.88% 13.57% 13.22%
GPT-4o 14.14% 20.58% 16.76%
Deepseek 16.2% 19.22% 17.58%
Llama-3-8b+LoRA 24.58% 26.63% 25.58%

DTEM

BERT+LSTM+CRF (Zheng et al., 2017) 15.88% 16.34% 16.11%
Onerel (Shang et al., 2022) 19.57% 22.79% 21.06%
ZeroDocRTE (Sun et al., 2024a) 18.62% 22.56% 20.4%
RAKG (Zhang et al., 2025a) 16.53% 17.92% 17.2%

MTEM

HVPNeT (Chen et al., 2022) 31.98% 36.44% 34.07%
PROMU (Hu et al., 2023) 30.62% 33.11% 31.81%
TMR (Zheng et al., 2023) 33.77% 37.8% 35.68%
EEGA (Yuan et al., 2023) 19.55% 21.35% 20.41%
TESGA (Wang et al., 2024b) 18.29% 20.07% 19.13%

DMTEM

M3D (Liu et al., 2024) 23.05% 24.9% 23.94%
MDocTE (Llama-3-8b) 27.13% 31.62% 29.2%
MDocTE (Qwen-8b) 28.0% 32.95% 30.27%
MDocTE+LoRA (Llama-3-8b) 30.87% 38.24% 34.16%
MDocTE+LoRA (Qwen-8b) 32.47% 40.12% 35.89%

Table 1: Performances of Triple Extraction Methods

extraction in multimodal documents. Specifically,
the dataset contains 982 documents, 11891 images,
and 54993 triples. During the training process, we
split the dataset into training, validation, and test
sets in an 8:1:1 ratio. Furthermore, we employ the
most widely used evaluation metrics in this task:
Precision (P), Recall (R), and F1 score.

4.2 Implementation details

All experiments are performed on a Linux-based
server with 2 NVIDIA A40 GPUs. The graph en-
coder, i.e. GAT, has 4 layers with 4 heads per
layer and a hidden dimension size of 1024. We
use Llama-3-8b as the backbone for the large lan-
guage model, and fine-tune it with low-rank adap-
tion (LoRA). Moreover, the main parameters are
set for the model include Epoch as 30, dropout
as 0.2, Optimizer as Adam, batch_size as 2, and
Learning_rate as 1× 10−5. In adaptive graph opti-
mization, k can be set to 3, 5, or 10.

4.3 Baselines

To demonstrate the effectiveness of proposed
framework, we compare its performance to widely
used models on triple extraction task. They are clas-
sified into the following four categories: commonly
used large language models, document-level triple
extraction models (DTEM), multimodal triple ex-
traction models (MTEM), and document-level
multimodal triple extraction models (DMTEM).
Among them, the LLMs include Llama3-8b-
Chinese, GPT-4o, and DeepSeek, which are the

most widely used currently. BERT+LSTM+CRF
(Zheng et al., 2017) and Onerel (Shang et al., 2022)
are the most classical DETM. Additionally, Ze-
roDocRTE (Sun et al., 2024a) and RAKG (Zhang
et al., 2025a) implement document-level triple ex-
traction based on large language models, demon-
strating their advantages. HVPNeT (Chen et al.,
2022) uses visual representations as pluggable pre-
fixes to guide textual representations, laying a solid
foundation for MTEM. Moreover, PROMU (Hu
et al., 2023), TMR (Zheng et al., 2023), and EEGA
(Yuan et al., 2023) have been extensively applied in
MTE, effectively achieving image-text alignment
through the innovative design of distinct architec-
tural frameworks. Building on this, TESGA (Wang
et al., 2024b) better integrates image and text infor-
mation, demonstrating superior performance. M3D
(Liu et al., 2024) is one of the few existing models
for DMTEM, laying a solid foundation for subse-
quent research.

4.4 Main results

Table 1 presents the experimental results of ex-
isting triple extraction methods across different
categories. It is important to note that HVP-
NeT, PROMU, and TMR require entity informa-
tion as input prior to extraction, and thus are
not per-forming genuine end-to-end triple extrac-
tion. Overall, MDocTE achieves state-of-the-art
performance across multiple evaluation metrics,
demonstrating that the proposed dynamic docu-
ment graph and relation-aware reflection mecha-
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nism effectively enhance the triple extraction capa-
bilities of LLMs. Specifically, even without LoRA
fine-tuning, MDocTE surpasses current LLMs, in-
dicating that existing LLMs lack sufficient global
document comprehension and fine-grained insight.
We observe that Deepseek considers complex inter-
entity relationships during deeper reasoning but
often omits them in the final output due to uncer-
tainty about their correctness or user requirement.
However, after incorporating our reflection prompt-
ing strategy, it develops new insights into these
entities and generates the correct triples, thereby
validating the effectiveness of the proposed reflec-
tion mechanism. It is worth noting that MDocTE
with LoRA fine-tuning achieves additional perfor-
mance gains, further confirming the framework’s
effectiveness and scalability. Moreover, experimen-
tal results show that existing DTEM and MTEM
methods struggle to effectively utilize long text
and multiple image information. On the contrary,
MDocTE outperforms other triple extraction meth-
ods, benefiting from the injected global information
and external knowledge.

4.5 Ablation study

Methods F1 Decline

w/o Graph encoder 19.86% 9.34%
w/o Fine-grained feature selection 26.88% 2.32%
w/o External knowledge 27.15% 2.05%
w/o Reflection 24.67% 4.53%

Table 2: Ablation experiments of proposed framework

Table 2 presents the experimental results of re-
moving each improvement component. It is evident
that the graph encoder has the most significant im-
pact on the extraction performance, demonstrating
that incorporating hierarchical information from
document graphs can enhance the model’s ability
to understand extraction tasks. Secondly, removing
the reflection mechanism led to a 4.53% decline
in performance, highlighting its role in helping
the model resolve complex relationships in mul-
timodal data, such as implied and long-distance
relationships. It should be noted that Section 4.9
provides more vivid demonstrations of the multi-
modal reflection mechanism’s functionality. Addi-
tionally, the extraction performance of LLM was
adversely affected when removing either the fine-
grained feature selection module or external knowl-
edge sources during document graph construction.

This further confirms that building a comprehensive
document graph enables LLM to acquire enhanced
knowledge representation, thereby improving ex-
traction effect.

4.6 Mitigation of hallucination

Methods Number of hallucinations

Llama-3-8b-Chinese 53
GPT-4o 0
Deepseek 2
Ours 5

Table 3: Hallucination analysis experiment

Table 3 shows the number of hallucinated triples
that appeared during testing with different large
language models. It should be noted that hallucina-
tions in triple extraction refer to entities not present
in the document or relationships that are not within
the given types. Clearly, compared to Llama3, the
improved framework essentially eliminates halluci-
nations and reaches a level comparable to GPT and
DeepSeek, which demonstrates that the proposed
framework can understand document knowledge
and perform self-reflection.

4.7 Efficiency evaluation

Methods F1 Time/Epoch

Before graph optimization 27.49% 135
After graph optimization 29.2% 106

Table 4: Efficiency evaluation experiments

Table 4 shows the experimental results before
and after document graph optimization. It is ob-
vious that not only the F1 value is improved by
1.71% after the optimization, the average training
time per epoch is also decreased by 29 minutes.
This proves that our optimization using extracted
chunks is effective, not only filtering information
unrelated to the content of this extraction, but also
greatly improving the efficiency.

Methods P R F1

Llama-3-8b-Chinese 24.34% 25.69% 24.99%
Llama-3-8b+LoRA 55.31% 50.26% 52.67%
MDocTE+LoRA 59.28% 55.41% 57.28%

Table 5: Performances on Power Domain Dataset
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Case 1 Case 2

Images:

(a)

(b)

Text:
...the five victims are 45-
year-old homeowner Lin
Min, his 43-year-old wife
Lin Yunli, his 39-year-old
sister Lin Yunbin...

Golden:
(Lin Min,
PER-PER_brother_sister,
Lin Yunbin),
(Lin Yunli,
PER-PER_brother_sister,
Lin Yunbin)

Images:

(a)

(b)

Text:
...Dennis and I have
known each other since
we were kids, and then
Dennis got married and
we still dated closely...

Golden:
(Dennis, PER-PER_peer,
Brian),
(Dennis,
PER-PER_couple,
Brian)

Llama3-8b:
(Lin Min, PER-PER_peer, Lin Yunbin),
(Lin Yunli, no relation, Lin Yunbin) ✗

Llama3-8b:
(Dennis, no relation, Brian) ✗

GPT-4:
(Lin Min, PER-PER_brother_sister, Lin Yunbin),
(Lin Yunli, PER-PER_peer, Lin Yunbin) ✗

GPT-4:
(Dennis, PER-PER_peer, Brian) ✗

Deepseek:
(Lin Min, PER-PER_brother_sister, Lin Yunbin),
(Lin Yunli, no relation, Lin Yunbin) ✗

Deepseek:
(Dennis, PER-PER_peer, Brian) ✗

Ours:
(Lin Min, PER-PER_brother_sister, Lin Yunbin),
(Lin Yunli, PER-PER_brother_sister, Lin Yunbin) ✓

Ours:
(Dennis, PER-PER_peer, Brian),
(Dennis, PER-PER_couple, Brian) ✓

Table 6: Case study experiment

4.8 Domain applicability

To further validate the generalizability of the frame-
work, we conducted domain-specific experiments
on power dataset, which comprises 1043 docu-
ments (e.g., maintenance logs and fault reports)
and 1901 images. As shown in Table 5, compared
to the baseline model, our framework achieves im-
provements of 3.97%, 5.15%, and 4.61% in P, R,
and F1, demonstrating cross-domain adaptation ca-
pability. It should be noted that this enhancement is
partly attributed to our introduction of the domain
knowledge base constructed in previous studies.

4.9 Case study

Table 6 vividly illustrates the experimental results
of two cases. Specifically, in Case 1, Figure (a)
shows a family photo of Lin Min, and Figure (b)
shows the house where the victims were found. It
is worth noting that in the top right corner of Figure
(b) are Lin Min and his wife, and directly below
them is Lin Min’s sister, Lin Yunbin. The most
challenging relationship to identify in this case is
the relationship between Lin Min’s wife, Lin Yunli,
and Lin Min’s sister, Lin Yunbin. Both Llama3
and DeepSeek clearly misinterpret them as unre-
lated. Additionally, due to the frequent mention
of ages in the text, GPT-4 rustily assumes they

are peers. However, in reality, their relationship
is indirect and implied within the familial context.
The output of the proposed framework is correct,
demonstrating that the multimodal relation-aware
mechanism can identify some pseudo labels and
prompt the large language model to self-correct.
Case 2 presents a more difficult relationship de-
termination. Figure (a) depicts a childhood photo
of Dennis and Brian, whereas Figure (b) is a wed-
ding photo of Dennis and Mike. Based on the text
and images, it is clear that Dennis and Brian were
childhood friends, which most models also assume.
However, a deeper understanding of the document
reveals that Dennis and Brian killed Mike and main-
tained an affair, introducing an additional couple
relationship. Only our model successfully captures
this relationship, demonstrating its ability to fully
comprehend the contextual content of the docu-
ment. Furthermore, applying reflection prompts
to DeepSeek and other large models can enable
them to revise their original answers as well, further
demonstrating the effectiveness of the multimodal
relation-aware mechanism.

5 Conclusion

In this paper, we have integrated a multimodal doc-
ument extraction dataset and designed a triple ex-
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traction framework. It not only expands the scope
to global document context and external world but
also leverages multimodal shared information to
prompt the model for relation-aware reflection. Ex-
perimental results demonstrate that the proposed
framework outperforms existing methods and ef-
fectively mitigates hallucinations. In the future, we
will expand more datasets to validate the effective-
ness of the proposed framework.

Limitations

Currently, although the experimental results of the
proposed framework have surpassed existing meth-
ods, there is still significant room for improvement.
For example, the current framework only consid-
ers the alignment between a single text and mul-
tiple images, without considering the alignment
between multiple images. In the future, more com-
plex triplet extraction frameworks will be explored
to address the practical extraction challenges in
multimodal documents. In addition, the current
dataset is relatively monolingual.
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