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Abstract
Multimodal named entity recognition (MNER) and multi-
modal relation extraction (MRE) are two fundamental sub-
tasks in the multimodal knowledge graph construction task.
However, the existing methods usually handle two tasks inde-
pendently, which ignores the bidirectional interaction between
them. This paper is the first to propose jointly performing
MNER and MRE as a joint multimodal entity-relation extrac-
tion (JMERE) task . Besides, the current MNER and MRE
models only consider aligning the visual objects with textual
entities in visual and textual graphs but ignore the entity-entity
relationships and object-object relationships. To address the
above challenges, we propose an edge-enhanced graph align-
ment network and a word-pair relation tagging (EEGA) for
the JMERE task. Specifically, we first design a word-pair
relation tagging to exploit the bidirectional interaction be-
tween MNER and MRE and avoid error propagation. Then,
we propose an edge-enhanced graph alignment network to
enhance the JMERE task by aligning nodes and edges in the
cross-graph. Compared with previous methods, the proposed
method can leverage the edge information to auxiliary align-
ment between objects and entities and find the correlations
between entity-entity relationships and object-object relation-
ships. Experiments are conducted to show the effectiveness of
our model1.

Introduction
Multimodal named entity recognition (MNER) and multi-
modal relation extraction (MRE) are two fundamental sub-
tasks for the multimodal knowledge graph construction (Liu
et al. 2019; Chen, Jia, and Xiang 2020), which aims to extend
the text-based models by taking images as additional inputs.
Previous works usually consider MNER and MRE as two in-
dependent tasks (Lu et al. 2018; Moon, Neves, and Carvalho
2018; Wu et al. 2020b; Yu et al. 2020; Zheng et al. 2021c;
Zhang et al. 2021a), which ignore the interaction between
these two tasks. Recently, jointing NER and RE as joint
entity-relation extraction tasks have attracted much attention
in text scenarios, which can exploit the bidirectional inter-
action between tasks and improve their performance (Wei
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Figure 1: An illustrative example of the joint multimodal
entity-relation extraction (JMERE) task, where the Per, Org,
and Misc are denoted as the entity types of person, organiza-
tion, and miscellaneous.

et al. 2020; Yuan et al. 2020a,b). As shown in Figure 1, if we
extract the entity type of (Curry, NBA) is Per and Org, then
their relation should not be peer. Otherwise, if we know the
relation of entity pair (Curry, Thompson) is the peer, then
their entity types should be Per and Per. Thus, the NER can
facilitate RE. Meanwhile, RE is also beneficial for NER.

However, to the best of our knowledge, joining the MNER
and MRE as a joint multimodal entity-relation extraction
(JMERE) task has not been studied in the multimodal sce-
nario. Compared with separate tasks, the JMERE task re-
quires extracting different characteristic information from
vision. As shown in Figure 1, for the MNER task, if the
model can capture the people objects from the image, e.g.,
outlines of multiple people (blue boxes), it helps to iden-
tify the person entity in the text. Meanwhile, the MRE task
needs to extract the object-object relationships, e.g., if we
know the holding is the relationship between man 0 and
trophy, we can understand the relation awarded between
entities Thompson and O’Brien Trophy. Thus, we consider
that the JMERE task should align entities with objects and
entity-entity relationships (in text) with object-object rela-
tionships (in image). Most recent MNER and MRE studies
(Zhang et al. 2021a; Zheng et al. 2021a) align the entities
with objects in the visual and textual graphs constructed by
the latent relationships of objects and words, as shown by the
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Figure 2: An example for illustrating node (red line) and edge
alignment (blue and green lines) in the cross-graph.

red lines in Figure 2. However, this method only considers
node alignment in the cross-graph but ignores edge align-
ment. As shown in the blue and green lines in Figure 2, the
edge information in the cross-graph can auxiliary align the
nodes and contain clues about the relations between textual
entities.

In addition, the pipeline framework method is an intuitive
way to solve the JMERE task. It extracts the entities using
MNER method and then classifies their relations by MRE
method. However, the pipeline framework only benefits MRE
through the results of MNER and suffers from error propa-
gation (Ju et al. 2021). As shown in Figure 1, if the MNER
extracts the entity type of (Curry, NBA Stars) is Per and
Misc, the result should be incorrect. Inspired by the grid tag-
ging scheme in the aspect-based sentiment triplet extraction
task (Wu et al. 2020a), we first adopt a word-pair (wi,wj) clas-
sification scheme for the JMERE task, namely the word-pair
relation tagging. This scheme simultaneously trains MNER
and MRE tasks to exploit the interaction between them and
avoid the error propagation caused by the pipeline framework.
As shown in Figure 3, the word-pair relation tagging of word
pairs (Curry, Curry) and (Thompson, Curry) is Per and
Peer, which denotes Curry belongs to a person and the peer
denotes this the relation between Curry and Thompson.

To address the above challenges, we propose an edge-
enhanced graph alignment network (EEGA) and word-pair
relation tagging to enhance JMERE by simultaneously align-
ing objects with entities (e.g., 0 man with Curry and tro-
phy with trophy) and object-object relationships with entity-
entity relationships (e.g., near with conj and holding with
dobj) in the cross-graph. The overall framework of EEGA
is shown in Figure 4. Specifically, we use a graph encoder
layer to construct the textual and visual graphs from the input
text-image using pre-trained models. Then, we propose an
edge-enhanced graph alignment module with Wasserstein
distance to align the nodes and edges in the cross-graph.
Meanwhile, the module can leverage the edge information to
auxiliary alignment between objects and entities and find the
correlations between entity-entity relationships and object-
object relationships. Finally, we design a multi-channel layer
by mining word-word relationships from different perspec-
tives to obtain the final word pair representations.

Our main contributions can be summarized as follows:
• We are the first to propose the joint multimodal entity re-

lation extraction (JMERE) task to handle the multimodal
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Figure 3: A word-pair relation tagging example for the
JMERE task.

NER and RE tasks. Meanwhile, we design a word-pair
relation tagging for JMERE. This scheme can exploit
the bidirectional interaction between MNER and MRE
and avoid the error propagation caused by the pipeline
framework.

• We propose an edge-enhanced graph alignment network
(EEGA) to enhance the JMERE task by aligning nodes
and edges simultaneously in the cross-graph. Compared
with previous methods, the EEGA can leverage the edge
information to auxiliary alignment between objects and
entities and find the correlations between entity-entity
relationships and object-object relationships.

• We conduct extensive experiments on the collected
JMERE dataset, and the experimental results demonstrate
the effectiveness of our proposed model.

Related Works
The crucial components of the knowledge graphs construc-
tion task (Chen, Jia, and Xiang 2020; Chen et al. 2022b,a),
named entity recognition (NER) and relation extraction (RE),
have attracted much attention from researchers (Vashishth,
Joshi, and Suman 2018; Wen et al. 2020; Li et al. 2020; Ren
et al. 2020; Nasar, Jaffry, and Malik 2021; Zhao et al. 2021).
Previous researches have mainly focused on a single modality.
With the increasing popularity of multimodal data on social
platforms, some studies have begun to focus on multimodal
NER (MNER) and multimodal RE (MRE), which aim to con-
sider the image as a supplement to text and better recognize
the entities and their relations. According to the object of
image-text alignment, the current methods of MNER and
MRE can be divided into image alignment methods, object
alignment methods, and node alignment methods.

Image Alignment Methods
Previous studies usually used RNN (Recurrent Neural Net-
works) to encode text and CNN (Convolution Neural Net-
work) to encode image as a vector. Then, designing an im-
plicit interaction module to model the information between
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Figure 4: The overall framework of EEGA for JMERE, where com and nus denote the syntactic dependency relationships
compound and nsubj.

modalities for the MNER task (Zhang et al. 2018; Lu et al.
2018; Moon, Neves, and Carvalho 2018). For example, Zhang
et al. (2018) constructed an MNER dataset and proposed a
baseline model based on a bi-directional long-term memory
network using an attention mechanism to align the image
representation with text. However, encoding image as a vec-
tor cannot benefit extract different type entities, e.g., Curry
(Per) and O’Brien Trophy (Misc).

Object Alignment Methods
To address limitation of image alignment methods, the pre-
vious models extracted different visual objects using Mask-
RNN or Fast-RNN (He et al. 2017) and aligned visual objects
with the text representation (Wu et al. 2020b; Yu et al. 2020;
Zheng et al. 2021c; Zhang et al. 2021a; Xu et al. 2022). Wu
et al. (2020b) proposed an interactive attention structure to
align text with visual objects. In addition, Zheng et al. (2021c)
designed a gated bilinear attention network (Kim, Jun, and
Zhang 2018) with an adversarial strategy to better extract
the fine-grained objects from the image. However, the object
alignment method does not consider the relations of entity-
entity and object-object, and the model will ineffectively
match overlapping visual objects with textual entities. For
example, the trophy of text may align with the 1 man, since
the 1 man contains the region of trophy.

Node Alignment Methods
To address the above limitation, the most current researches
align the entities with objects in the visual and textual graphs
constructed by the latent relationships of objects and words
(Zhang et al. 2021a,b; Zheng et al. 2021a). Zhang et al.
(2021a) proposed a graph-based multimodal fusion model
based on the syntactic dependency text graph and full con-
nection visual graph to exploit the fine-grained semantic
alignment different modalities. In the MRE task (Zheng et al.
2021b), Zheng et al. (2021a) designed a graph alignment
module to align nodes in textual graph and visual graphs.

However, the node alignment methods only consider the
nodes in the cross-graph and ignore the edge information.
The edge information in the cross-graph can effectively im-
prove the matching precision of nodes and contain some clues
about the classifying relation between entities.

Task Definition and Word-Pair Relation
Tagging

Task Definition
The joint multimodal entity-relation extraction task is de-
fined: given an input text w = {w1, w2, · · · , wn} with a
corresponding image I, the model is required to extract
a set of quintuples y = {(e1, t1, e2, t2, r)c}

C
c=1

, where
(e1, t1, e2, t2, r)c represents the c-th quintuple, consisting of
two entities e1 and e2 with the corresponding entity types t1
and t2, where e1 6= e2. Furthermore, r represents the relation
between the entities e1 and e2. Figure 1 gives an example to
better understand the JMERE task, which aims to extract all
quintuples, e.g., (Thompson, Per, NBA, Org, Member of ),
where Per and Org indicate the entity types of Thompson
and NBA, and Member of denotes their relation type.

Word-Pair Relation Tagging
Inspired by the grid tagging scheme in aspect-based senti-
ment triplet extraction (Wu et al. 2020a), we design a word-
pair relation tagging to extract all elements of JMERE in
one step. By word-pair relation tagging, the JMERE task is
converted into extracting the relations Y between each word-
pair (wi, wj) and avoid the error propagation caused by the
pipeline framework. These relations can be explained below,
and we also give an example in Figure 3 to better understand
the word-pair relation tagging.
• N indicates that the word-pair does not have any relation.
• T indicates that the word-pair belongs to an entity type,

which is contained 4 defined types in the previous work
(Zheng et al. 2021c)
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• R indicates that the word-pair belongs to defined relation
(Zheng et al. 2021a) and each word is an entity.

Edge-Enhanced Graph Alignment Network
Figure 4 shows the overall architecture of the proposed model,
consisting of three parts: a graph encoder, an edge-enhanced
graph alignment module, and a multi-channel layer. The
graph encoder layer uses the pre-trained models to construct
the textual and visual graphs from the input. To enhance the
ability to capture edge information, we do not directly send
textual and visual representations to the next module but an
attribute transformer. Then, to match the objects with entities
more precisely and capture the entity-entity relation clues
from the visual graph, we use a cross-graph optimal trans-
port method (Chen et al. 2020) with Wasserstein distance
and Gromov-Wasserstein distance to simultaneously align
the nodes and edges in the cross-graph. Finally, we propose
a multi-channel layer that uses a weighted graph convolution
network (W-GCN) to mine the latent relationships for word
pairs from multi-perspectives. A detailed description of each
component is provided below. The code of the manuscript
will publish in the final version.

Graph Encoder
Textual Graph. Formally, we first use the dependency
parse toolkit2 to construct the textual graph. As shown in
Figure 4 (a), after parsing, the given sentence is converted
into a textual graph GT = {VT , ET }, where VT ∈ Rn and
ET ∈ Rn×n denote syntactic dependency nodes and edges,
respectively, and GT is an un-directed self-loop graph. Mean-
while, we use AT ∈ Rn×n to denote the adjacent mask ma-
trix for textual graph, where Ai,j

T ∈ {0, 1} indicate whether
there is an edge between wi and wj or not. Furthermore,
the nodes VT are fed into BERT to obtain XT ∈ Rn×dT .
Meanwhile, an edge transition matrix is used to map the edge
type Ei,j

T into a trainable vector and obtained edge trainable
matrix ZT ∈ Rn×n×dzT ,

XT = BERT (w) (1)

where BERT denotes the BERT as the text encoder and dT
is the dimension of the BERT output.

Visual Graph. In previous multimodal tasks, the objects
were considered the semantic information of images. As
shown in Figure 4 (a), we convert the image into a visual
graph GI = {VI , EI} by using the scene graph generation
model (Tang et al. 2020) (the Mask-RCNN used as the back-
bone). Furthermore, we only consider the top k salient ob-
jects with the highest object classification scores as the valid
visual objects and exploit the adequate visual information
while ignoring the irrelevant ones. Thus, the final node repre-
sents VI ∈ Rk salient objects detected by Mask-RCNN and
EI ∈ Rk×k denotes the visual relationship set, such as posi-
tion relationships (e.g., near and in front of ) and affiliation
relationships (e.g., holding and wearing). We useAI ∈ Rk×k

to denote the adjacent matrix of the visual graph. Thus, the

2https://spacy.io/models.

final node vectors in visual graph XI ∈ Rk×dI are defined
as,

XI =Mask-RCNN (I) (2)
where dI is the hidden dimension of Mask-RCNN and the
final edge vectors ZI ∈ Rk×k×dzI are obtained in the same
way as the textual graph.

Attribute Transformer. we propose the attribute attention
(At-Att) by incorporating the edge types into keys and val-
ues in the self-attention of the transformer as the attribute
transformer, which can update the node state in the inter-
model while effectively incorporating relationship edges in
the cross-graph (e.g., nsubj and acomp in the textual graph,
and holding and wearing in the visual graph).

Since the visual and textual graphs are two semantic
units containing information in different modalities, we
model them using similar operations but with different pa-
rameters. Thus, the hidden representation of the i-th token
H̃i

T ∈ Rn×dT in text modalities is defined as,

H̃i
T = At-Att

(
Xi

T , Z
i
T , A

i
T

)
= Softmax

(
Ai

T ·
Qi

T (K
i
T )
>

√
dT

)
V i
T (3)

where Ai
T ∈ R1×n is the adjacency mask set of the i-th node,

Qi
T ∈ R1×dT ,Ki

T ∈ Rn×dT , and V i
T ∈ Rn×dT are matrices

that package the queries, keys, and values for the i-th word
in text correspondingly, which are defined as,

Qi
T = WQX

i
T

Ki
T = WKXT +WzZ

i
T (4)

V i
T = WVXT +WrZ

i
T

The other operations of the attribute transformer are consis-
tent with the vanilla transformer: H̃T is added to XT using a
feed-forward network (FFN) and layer normalization (Layer-
Norm) to obtain the text representation HT ∈ Rn×dT .

We use similar operations to obtain the visual represen-
tation. In particular, we use a variable-dimensional FFN to
match the dimension of object HI and token HT . Thus, the
image representation of graph encoder can be denoted as
HI ∈ Rk×dT .

Edge-Enhanced Graph Alignment Module
Given the textual graph GT = {HT , ZT }, and the visual
graph GI = {HI , ZI}. We aim to align the nodes and
edges of the cross-graphs simultaneously and to transfer the
matched semantic information from objects into entities. For-
mally, an optimal transport method (Chen et al. 2020) is first
used to match the nodes and edges in the cross-graph. Fur-
thermore, we use image2text attention to transfer matched
semantic information from the visual object to text modality
and obtain the refined textual representation.

Edge-Enhanced Graph Optimal Transport. To explic-
itly encourage simultaneously aligning the nodes and edges
in the cross-graph, we apply the optimal transport method ini-
tially proposed in transfer learning. As illustrated in Figure 4
(b), unlike the original optimal transport method considering
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text and image as full-connected graphs, we only consider
the nodes and edges of having adjacency relationships in the
cross-graph. Particularly, two types of distance are adopted
for cross-graph matching: (1) Wasserstein Distance (WD)
(Peyré, Cuturi et al. 2019) for node matching (the red lines);
(2) Gromov-Wasserstein Distance (GWD) (Peyré, Cuturi,
and Solomon 2016) for edge matching (the blue and green
lines). Formally, the Dwd(HI , HT ) is measured the optimal
transport distance to match the nodes HI to HT , which is
defined as:

Dwd(HI , HT ) = min
k∑

i=1

n∑
j=1

Ti,j · c(Hi
I , H

j
T ) (5)

where c(Hi
I , H

i
T ) denotes the cosine distance between Xi

I

to Xj
T , which is defined as c(Hi

I , H
j
T ) = 1 − (Hi

I)
T
Hj

T

‖Hi
I‖‖Hj

T‖
.

The matrix T is the transport information flow, where Ti,j
represents the amount of cost shifted from node Xi

I to Xj
T .

Then, we use the Gromov-Wasserstein distance (Peyré,
Cuturi, and Solomon 2016) to measure the similarity scores
Dgwd of the edge in the cross-graph by calculating distances
between node-pairs, which is defined as,

Dgwd(HI , HT , H
′

I , H
′

T ) =

min

k∑
i=1

n∑
j=1

T̂i,j T̂i′,j′ · L
(
Hi

I , H
i′

I , H
j
T , H

j′

T

)
(6)

where Hj′

T and Hi′

I are adjacent nodes sets in the tex-
tual and visual graphs of Hj

T and Hi
I respectively, and

L(·) is considered as the distance cost of the cross-graph
edges (Hi

I , H
i′

I ) to (Hj
T , H

j′

T ), i.e. L(Hi
I , H

i′

I , H
j
T , H

j′

T ) =∥∥∥c(Hi
I , H

i′

I )− c(H
j
T , H

j′

T )
∥∥∥. The learned matrix T̂ now de-

notes a transport plan that aids in aligning edges in the cross-
graph.

We use a unified solver and use the Sinkhorn algorithm
(Cuturi 2013) with an entropic-regularizer (Benamou et al.
2015) to iteratively optimize costs Dwd and Dgwd. Thus, the
object loss function of optimizing the cross-graph is,

Lgraph = α ·Dwd(HI , HT ) + (1− α) ·
Dgwd(HI , H

′

I , HT , H
′

T ) (7)

where α is the hyper-parameter for balancing the importance
of costs. Then, we use image2text attention to effectively

transform the visual semantic information into the textual
representation, which is denoted as,

Õ = ATTcross(HT , HI , HI) (8)

where ATTcross denotes the cross-modal multihead atten-
tion (Ju et al. 2020). Then, the Õ is added with HT and
sends a layer normalization to obtain the final contextual
representation O.

Multi-Channel Layer
In this subsection, we aim to mine the different dependency
features between wi and wj to help detect relations between
them. As shown in Figures 5: (a) we consider that part of
speech (Pos) can provide lexical information for word pairs.
For example, the Pos of most entities belong to the NOUN
and PEROPN, e.g., NBA, Curry, and Thompson; (b) en-
coding the syntactic distance (Sd) between word-pair can
improve the ability of the model to capture long-range syntac-
tic information; (c) the word co-occurrences matrix (Co) can
provide corpus-level information between word pairs. For
example, Curry and NBA appear some times in the corpus.
The details about constructing each feature matrix are added
in Appendix-A.

After data preprocessing, three feature matrices are ob-
tained, M l ∈ Rn×n, l ∈ {Pos, Sd, Co}. We propose a W-
GCN module to model each matrix, obtaining each channel
representation. Each matrix M l firstly sends an embedding
layer yielding a trainable representation Rl ∈ Rn×n×dl and
dl is the dimension of representation. The calculation W-
GCN process of i-th word in l-th matrix is shown as,

Sl
i = W-GCNl(Ri

l, O)

= Softmax(ReLU(W r1
l RlT

i + bl)) · (W r2
l (O))

(9)

where Rl
i ∈ Rn×dl is the i-th word in l-th linguistic matrix

and W r1
l ∈ R1×dl and W r2

l ∈ RdT×dT are shared weights
used to perform a linear layer to learn linguistic features and
representational abilities. We combine the representations
and send them to the MLP (MultiLayer Perception) layer for
obtaining the final word representation,

Si = MLP[SPos
i ;SSd

i ;SCo
i ] (10)

where Si ∈ RdT is the i-th word representation. Thus, the
output representation of the multi-channel layer is denoted
as S = [S1, S2 · · · , Sn]. Finally, we concatenate the en-
hanced representations of Si and Sj to represent the word-
pair (wi, wj), i.e., ri,j = [Si;Sj ]. Then, send the ri,j to a
linear prediction layer and obtain the probability distribution,

pi,j = Softmax(Wpri,j + bp) (11)

whereWp ∈ Rdy×2dT and bp ∈ Rdy are trainable parameters
and dy is the number of tags. Then, we used the cross-entropy
error to measure the ground truth distribution Y and predicted
tagging distribution,

Lmain(θ) = −
S∑

s=1

n∑
i=1

n∑
j=1

Ys
i,j log(p

s
i,jθ) (12)

where S and θ denote the number of training samples and all
trainable parameters, respectively.
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Methods JMERE #MNER
#P #R F1 #P #R F1

Pipeline Methods

AdapCoAtt+MEGA 48.44 47.06 47.74 74.32 72.11 73.20
OCSGA+MEGA 48.21 47.99 48.10 75.27 72.32 73.77
AGBAN+MEGA 47.87 48.28 48.57 74.78 73.69 74.23
UMGF+MEGA 49.28 50.76 50.01 75.02 76.77 75.88

Word-pair Relation
Tagging Methods

AdapCoAtt∗ 50.22 47.67 48.91 77.32 73.28 75.25
OCSGA∗ 52.11 47.41 49.64 77.13 75.03 76.07
AGBAN∗ 51.07 48.89 49.95 76.57 75.82 76.19
UMGF∗ 52.76 50.22 51.45 77.51 76.01 76.75
MEGA∗ 55.08 51.40 53.18 77.78 76.67 77.22
MAF∗ 52.56 54.73 53.62 76.07 77.57 76.81

EEGA(ours) 58.26† 52.61 55.29† 78.27 78.91† 78.59†

Table 1: The experiment results on the JMERE task (%) and the #MNER denote the MNER results computed by the JMERE
results. AGBAN∗ means using the word-pair relation tagging in the AGBAN model. The marker † refers to significant test
p− value < 0.05. The best result is in bold and #P, #R, and F1 denote the precision, recall, and F1-score.

Methods #P #R F1
EEGA(All) 58.26 52.61 55.29

w/o edge-enhanced 51.85 50.31 51.07
w/o attribute transformer 55.69 51.07 53.28

w/o multi-channel 55.48 52.13 53.75

Table 2: Results of ablation study for the JMERE task.

Join Training
The final objective is a combination of the main task and
optimizing the cross-graph as follows,

L = Lmain + λ · Lgraph (13)

where λ are trade off hyper-parameters to control the contri-
bution of optimizing the cross-graph.

Experiments
Comparative experiments were conducted to evaluate and
compare the performance of the EEGA method against sev-
eral prior works. Furthermore, more detailed experiments
(e.g., datasets, setting, and parameter sensitivity) are pre-
sented in Appendix B-D.

Comparative Results
Compared Methods. We summarize the MNER and MRE
studies and combine the state-of-the-art methods as our
strong JMERE baselines, as shown in Table 1. They include
AdapCoAtt (Zhang et al. 2018), OCSGA (Wu et al. 2020b),
AGBAN (Zhang et al. 2021a), and MAF (Xu et al. 2022)
for extraction of the entity and the corresponding type, and
UMGF (Zheng et al. 2021a) for relation extraction of entities.
In addition, we apply the word-pair relation tagging to the
above baseline models to investigate the effectiveness of the
word-pair relation tagging and the proposed method, e.g.,
AdapCoAtt∗, OCSGA∗, and MEGA∗.
Overall Results. Observing pipeline methods, we find that
the UMGF+MEGA performs better than other pipeline meth-
ods, which shows that aligning the nodes in the cross-graph

can benefit matching the entities with objects. The word-pair
relation tagging methods outperform the pipeline methods in
JMERE and #MNER, such as OCSGA, AGBAN, and UMGF,
showing that the word-pair relation tagging can improve per-
formance by leveraging task relationships and reducing error
propagation issues caused by the pipeline framework.

Furthermore, the EEGA surpasses all baselines. Compared
with the best results of existing baselines, EEGA still achieves
absolute F1-score increases of 1.67% and 1.37% on JMERE
and #MNER. The experimental results strongly prove that si-
multaneously aligning the nodes and edges in the cross-graph
can effectively improve the precision of matching the objects
with entities and capture more relationships between enti-
ties. In addition, the proposed attribute transformer enhances
the ability to mine relations between nodes by incorporating
edge information into the key and value in the transformer.
Meanwhile, the multi-channel layer can take linguistic rela-
tions between word pairs to refine the final representation
and improve prediction performance.
Ablation Study. To investigate the effectiveness of differ-
ent components in EEGA, edge-enhanced graph optimal
transport (edge-enhanced), attribute transformer, and multi-
channel layer, we conduct an ablation study for the JMERE
task in Table 2. W/o attribute transformer means that a vanilla
transformer replaces the attribute transformer. The F1-score
dropped 2.01%, indicating that integrating the edge informa-
tion into the key and value in the transformer can enhance
the ability to capture the relations between nodes and bene-
fit the edge alignment in the cross-graph. The performance
is decreased after removing the multi-channel layer (w/o
multi-channel), indicating the multi-channel layer can mine
relationships of word pairs from different perspectives and
refine the final representation.

W/o edge-enhanced means removing the edge-enhanced
graph optimal transport from EEGA. The performance of the
model is highly degraded after removing the edge-enhanced,
showing that simultaneously aligning nodes and edges in the
cross-graph can be beneficial for matching the visual objects
with textual entities more precisely and finding the entity
classification clues from the relationship between objects.
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Golden
1: (Arsene Wengerper, Arsenalorg, member_of)  
2: (Arsenalorg, Emirates Stadiumloc, locate_at)  
3: (Arsene Wengerper, Emirates Stadiumloc, 
place_of_residence)

UMGF+MEGA
1: (Arseneper, Arsenalorg, member_of) 
2:(Arsenalorg, Emirates Stadiumloc, locate_at)   
3:(Arseneper, Emirates Stadiumloc, 
place_of_residence)

*MEGA
1: (Arsene Wengerper, Arsenalorg, member_of)
2: (Arsenalorg, Emirates Stadiumloc, locate_at)
3:(Arsene Wengerper, Emirates Stadiumloc, 
place_of_residence)

EEGA (ours)
1: (Arsene Wengerper, Arsenalorg, member_of) 
2:(Arsenalorg, Emirates Stadiumloc, locate_at)    
3:(Arsene Wengerper, Emirates Stadiumloc, 
place_of_residence)

✗

✗

✓

✓

✓

Golden
(LILIper, COLEper, Couple)

UMGF+MEGA
(LILIper, COLEper, Peer)

*MEGA
(LILIper, COLEper, Peer)

EEGA (ours)
(LILIper, COLEper, Couple)

(a)

✓
✓

✓
✓

✗

✗

Golden
(Kobeper, NBA MVPmisc, Awarded)

UMGF+MEGA
(Kobeper , NBAorg , Member_of)

*MEGA
(Kobeper,  NBA MVPmisc, Present_in)

*EEGA (ours)
Kobeper, NBA MVPmisc, Awarded)

✗

✗

✓

(c)

Text: 10 years ago today, Kobe is the
NBA MVP for the regular season.

Object: Man; trophy 
Relations: Man-holding-trophy 

Relations: Man-near-Woman 
Object: Man; Woman 

Text: Pardon me , excuse me LILI and 
COLE came to the together ! ! !

(b)

Text: Arsenal manager Arsene Wenger 
says goodbye to the fans at Emirates 
Stadium.

Object: Person; Stand 

✓

Figure 6: Three cases of the predictions by UMGF+MEGA,*MEGA, and EEGA.
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(b) α = 0.4.

Figure 7: A comparison of Attention visualization on entity-
object pair from α = 1 (only node alignment) and α = 0.4
(best performance setting) in Eq. (7)

Case Study
To understand the effectiveness of our proposed model, Fig-
ure 6 presents three examples with the predicted results.
Meanwhile, the important objects and relations are detected
from images. In example (a), only the pipeline-based model
UMGF+MEGA extracts incorrectly since the pipeline model
easily suffers from error propagation, i.e., the extraction en-
tity Arsene by UMGF is incomplete, and the final model
UMGF+MEGA extract the incorrect quintuple. In example
(b), UMGF+MEGA imprecisely extracts NBA as an entity,
and *MEGA incorrectly predicts the relationship between
Kobe and NBA MVP as the Present in. In example (c), the
situation is similar to example (b). Since lacking effective
ways to map the semantic relationship of objects Man-near-
Woman to entities (LILI-COLE), the UMGF+MEGA and
*MEGA incorrectly predicts relations peer between entities.

For these three examples, the proposed EEGA makes ac-
curate judgments. Benefiting from the edge-enhanced graph
optimal transport module, the EEGA can align the nodes and
edges in the cross-graph to match the entities with objects
more precisely. Meanwhile, the EEGA also effectively cap-
tures the relation clue from the visual graph to the textual
graph shown in examples (b) and (c). In addition, the attribute
transformer and multi-channel layer can further enhance the

ability to model the relationships of objects and word pairs.

Visualization Analysis
In this section, we visualize the example (b) of Figure 6 at
α = 1 and α = 0.4 to test whether our edge alignment
strategy helps to learn fine-grained entity-object matching.
As shown in Figure 7 (a), when only node alignment means
α = 1, since the proposed model lacks the edge constraints,
the attention weight is relatively scattered and affects the
precision of matching entities with objects. Particularly, the
model easily classifies the type of entity NBA as Per. Mean-
while, as shown in the NBA and Kobe in Figure 7 (b), bene-
fiting from the edge alignment can find the mapping between
the object-object relationships and entity-entity relationship;
the EEGA effectively reduces the ambiguity and match ob-
jects with entities more precisely.

Conclusion
In this paper, we are the first to propose a joint multimodal
entity relation extraction (JMERE) task to handle the mul-
timodal NER and RE tasks. To tackle this task, we propose
an edge-enhanced graph alignment network and a word-pair
relation tagging. Specifically, we design a word-pair relation
tagging to avoid the error propagation caused by the pipeline
framework. Then, we propose an edge-enhanced graph align-
ment network (EEGA) to enhance the JMERE task by align-
ing nodes and edges simultaneously in the cross-graph. The
EEGA can leverage the edge information to auxiliary align-
ment between objects and entities and find the correlations
between entity-entity relationships and object-object relation-
ships. The detailed evaluation demonstrates that our proposed
model significantly outperforms several state-of-the-art base-
lines. We will extend our approach to multi-label multimodal
tasks in our future work and investigate other methods (e.g.,
the self-supervised model) to better model JMERE.
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