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Abstract

Recently, an enormous amount of research has emerged on
multimodal knowledge graph completion (MKGC), which
seeks to extract knowledge from multimodal data and predict
the most plausible missing facts to complete a given multi-
modal knowledge graph (MKG). However, existing MKGC
approaches largely ignore that visual information may intro-
duce noise and lead to uncertainty when adding them to the
traditional KG embeddings due to the contribution of each
associated image to entity is different in diverse link scenar-
ios. Moreover, treating each triple independently when learn-
ing entity embeddings leads to local structural and the whole
graph information missing. To address these challenges, we
propose a novel link aware fusion and aggregation based mul-
timodal knowledge graph completion model named LAFA,
which is composed of link aware fusion module and link
aware aggregation module. The link aware fusion module al-
leviates noise of irrelevant visual information by calculating
the importance between an entity and its associated images
in different link scenarios, and fuses the visual and struc-
tural embeddings according to the importance through our
proposed modality embedding fusion mechanism. The link
aware aggregation module assigns neighbor structural infor-
mation to a given central entity by calculating the importance
between the entity and its neighbors, and aggregating the
fused embeddings through linear combination according to
the importance. Extensive experiments on standard datasets
validate that LAFA can obtain state-of-the-art performance.

Introduction

Knowledge graphs (KGs) represent real-world data as fact
triples (head entity, relation, tail entity), which have shown
great research value and application prospect. KGs are
broadly used in many downstream tasks, such as multime-
dia reasoning (Li, Wang, and Zhu 2020), question answer-
ing (Huang et al. 2019), objective detection (Yang et al.
2023), and recommendation system (Guo et al. 2020; Wu
et al. 2022). Since existing KGs typically contain structural
and visual data, multimodal knowledge graphs (MKGs)
have recently attracted great attention in the fields of nat-
ural language processing and multimedia (Chen et al. 2022).
Generally, multiple images associate an entity to describe

*Corresponding authors.
Copyright © 2024, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

8957

the behaviors and appearances of it. Even though the scale
of many public MKGs is noticeably large, they are still con-
fronted with incompleteness because the insufficient accu-
mulation of multimodal corpus and the emerging entities
with complicated relations. In this case, many researches
on multimodal knowledge graph completion (MKGC) have
been generalized to find out missing triples automatically
(also called link prediction) by extracting knowledge from
multimodal data (Wang et al. 2021; Chen et al. 2022; Xu
et al. 2022; Shang et al. 2023b). Specifically, images (visual
data) can be considered as supplementary information to en-
hance entity embddings for the MKGC task.

Multimodal knowledge graph completion (MKGC) ap-
proaches complete MKGs by projecting entities and re-
lations to latent space as well as learning the dense and
low-dimensional vectors (embeddings) of them according
to visual and structural information, and predict missing
triples by scoring function based on the learned embeddings.
Specifically, for MKGC task, one entity generally has mul-
tiple associated images, and they can improve the represen-
tation quality of the entity embedding. Therefore, it is nec-
essary to fuse the structural properties of KG entities and
various images with matched semantics in integrated em-
beddings. On this account, IKRL (Xie et al. 2017) firstly
attempt to fuse visual information to the existing knowledge
graph embedding (KGE) models to predict missing triples
in MKGs. Mousselly et al. (Mousselly-Sergieh et al. 2018)
propose to use Imagined, DeViSE, and simple concatenation
to fuse multimodal information. TransAE (Wang et al. 2019)
presents an specific auto-encoder module.

Although existing studies for MKGC have shown promis-
ing improvements, these approaches are still afflicted by sev-
eral noticeable limitations as follows: (1) Modality contra-
diction. Many existing MKGC approaches substantially ig-
nore that visual information may lead to uncertainty and in-
troduce noise when adding them to the traditional KG em-
beddings, which could bring on modality contradiction. Par-
ticularly, an entity usually has different attributes in various
triples (link information), and the contribution of each asso-
ciated image to this entity is disparate in diverse link scenar-
i0s. For instance in Figure 1, entity Taylor Swift has many as-
sociated images, but the contribution of them is different in
the two links. Although recent works such as RSME (Wang
et al. 2021) and MKGformer (Chen et al. 2022) take into ac-
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Figure 1: Illustration of the contribution of each associated
image to entity Taylor Swift in different links. The numbers
below the image represent its importance to the entity.
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count the noise of images, they target independent entities
rather than link information when fusing visual information.
(2) Structural information missing. Most existing MKGC
models attend to treat each triple independently when learn-
ing entity and relation embeddings, which result in struc-
tural information missing. Since an entity in a KG is often
linked with multiple neighbor entities, which can provide
rich structural information for the embedding of this entity.
Therefore, treating each triple independently when learning
entity embeddings leads to missing information about its
neighborhood and whole structure of KGs.

Motivated by the above analysis, in this paper, we pro-
pose a novel link aware fusion and aggregation based mul-
timodal knowledge graph completion model named LAFA.
LAFA is composed of two modules link aware fusion and
link aware aggregation to generate entity embeddings, and a
decoder for link prediction. In order to alleviate the problem
of modality contradiction, the link aware fusion module
calculates the importance between an entity and its associ-
ated images based on link information, and then fuses the
visual and structural embeddings by our proposed modality
embedding fusion mechanism, which performs linear com-
bination on visual embeddings according to their importance
and fuses them with structural embeddings. In order to alle-
viate the problem of structural information missing, the
link aware aggregation module calculates the importance
between a given central entity and its neighbors, then ag-
gregates the neighbor embeddings with visual information
according to the importance through linear combination to
assign structural information to the central entity. Our main
contributions are summarized as follows:

* We propose a link aware fusion module to alleviate noise
of irrelevant visual information by calculating the impor-
tance between an entity and its associated images in dif-
ferent link scenarios, and fusing the visual and structural
embeddings according to the importance by our proposed
modality embedding fusion mechanism. To the best of
our knowledge, this work is the first to consider the role
of images to entity based on link information.

* We propose a link aware aggregation module to assign
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neighbor structural information to a given central entity
by calculating the importance between the entity and its
neighbors, and aggregating the embeddings with visual
information by linear combination according to the im-
portance. To the best of our knowledge, this work is the
first to aggregate neighbor structural information of enti-
ties in MKGC task.

* We conduct comprehensive experiments and extensive
analysis on real-world benchmark multimodal datasets.
Results and analysis illustrate that our proposed LAFA
can effectively model the multimodal representations
and substantially outperform the current state-of-the-art
(SOTA) models under appropriate circumstances.

Related Work

Our work addresses multimodal knowledge graph comple-
tion task, which is relevant to multimodal data and multi-
modal NLP community. In this section, we briefly intro-
duce the existing unimodal knowledge graph completion
(UKGC) methods and multimodal knowledge graph com-
pletion (MKGC) approaches.

Unimodal Knowledge Graph Completion

TransE (Bordes et al. 2013) is the first UKGC model, which
assumes the triples to satisfy the assumption that h +r = ¢,
where h, t and r are the embeddings of the head entity, tail
entity and relation, respectively. Based on TransE, there are
a range of improved models such as TransH (Wang et al.
2014), TransR (Lin et al. 2015), and TransD (Ji et al. 2015).
RotatE (Sun et al. 2019) encodes entities and relations into
the complex space, allowing them to have more flexible rep-
resentations. RESCAL (Nickel, Tresp, and Kriegel 2011)
encodes entities into vectors and relations into matrices, and
then designs a bilinear function to score the triples. Based
on RESCAL (Nickel, Tresp, and Kriegel 2011), there are
a range of improved models such as NTN (Socher et al.
2013), DistMult (Yang et al. 2015), ComplEx (Trouillon
et al. 2016), and TuckER (Balazevi¢, Allen, and Hospedales
2019). ConvE (Dettmers et al. 2018) first uses convolu-
tional neural networks (CNNs) to explore the interaction
between entity embeddings and relation embeddings. Con-
vKB (Dai Quoc Nguyen, Nguyen, and Phung 2018) sim-
plifies ConvE. CompGCN (Vashishth et al. 2020) intro-
duces a graph convolutionl network (GCN) based model.
LTE-ConvE (Zhang et al. 2022) introduces a simple linear
transformation of entity representation to enhance UKGC
models. CompoundE (Ge et al. 2023) extends the distance-
based scoring functions to relation-dependent compound
operations. Recently, some neural network based models
have been proposed such as MRGAT (Dai et al. 2022),
HADC (Shang et al. 2023a), ConKGC (Shang et al. 2023c),
and GreenKGC (Wang et al. 2023).

Multimodal Knowledge Graph Completion

Existing multimodal knowledge graph completion mod-
els focus on encoding image features in KG embeddings.
IKRL (Xie et al. 2017) extend TransE (Bordes et al. 2013) to
obtain visual embeddings that correspond to the KG entities
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Figure 2: The overall framework of our proposed model LAFA.

The lower part represents the link aware fusion module,

which first calculates the attention score between an entity and its associated images according to each link by our proposed
modality interaction attention mechanism, and then fuses the embeddings of the entity and images based on different links
by our proposed modality embedding fusion mechanism. The upper part represents the link aware aggregation module, which
calculates the attention score of each neighbor entity to the central entity, and aggregates the embeddings obtained from the link

aware fusion module based on structural information.

and structural information of the KG separately. Mousselly
et al. (Mousselly-Sergieh et al. 2018) propose to integrate
multi-modal information. TransAE (Wang et al. 2019) learns
the visual and structural features jointly into unified knowl-
edge embeddings by an auto-encoder. RSME (Wang et al.
2021) automatically encourages or filters the influence of
additional visual context during the representation learning.
MKGformer (Chen et al. 2022) presents M-Encoder with
multi-level fusion at the last several layers of ViT and BERT
to conduct image-text incorporated entity modeling. Xu et
al. (Xu et al. 2022) propose a multimodal relation-enhanced
negative sampling framework to figure out hard negative
samples for knowledge graph completion. HRGAT (Liang
et al. 2023) incorporates different modal information with
graph structure. MoSE (Zhao et al. 2022) designs a modality
split representation learning and ensemble inference frame-
work. OTKGE (Cao et al. 2022) models the multi-modal fu-
sion procedure as a transport plan moving different modal
embeddings to a unified space.

Although existing MKGC models have shown promising
performance, they target independent entities while explor-
ing the contribution of images on entity embeddings without
considering the impact of link information on them. Further-
more, they ignore the effect of the structural information of
the KG on the entity embeddings, which leads to missing
information from their neighbors and the structure of KG.

Methodology

In this section, we will show the formal description and
implementation details of our model. First, we introduce
the problem formulation of MKGC task. Then we describe
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the details of each module in LAFA. Finally, we show
the decoder and loss function. The overall framework of
LAFA is shown in Figure 2. Specifically, LAFA follows
Encoder—Decoder framework. The encoder generates entity
embeddings containing multimodal and neighborhood struc-
tural information, which contains two components. 1) The
link aware fusion module can find the noise of irrelevant vi-
sual information by calculating importance scores between
an entity and its associated images in different link scenar-
ios, then fuses the visual and structural embeddings based on
the attention scores and link information. 2)The link aware
aggregation module can find the noise of irrelevant neigh-
bors by calculating importance scores between the central
entity and its neighbors, based on which the neighbor infor-
mation with fused multimodal embeddings are aggregated.
The learned embeddings from the encoder are fed to the
decoder to predict missing triples. The decoder can be im-
plemented by many existing UKGC models, such as Dist-
Mult (Yang et al. 2015), ComplEx (Trouillon et al. 2016),
and ConvE (Dettmers et al. 2018).

Problem Formulation

A knowledge graph (G) is a directed graph, which can be
formulated as G = {&, R, T}, where £ and R represents
the set of entities (nodes) and relations (edges), respectively.
T =A{(h,r,t) | (h,t €&),r € R} is triple set in G, and
r € R is the relation between head entity h and tail entity
t. Multimodal knowledge graphs contain visual information
based on the above structural information, that is, each en-
tity is associated with multiple corresponding images. Mul-
timodal knowledge graph completion (MKGC) approaches
aim to learn the multimodal fused embeddings of entities
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and relations by compressing them into a continuous low-
dimensional vector space, and conduct link prediction based
on the embeddings to predict tail entity for triple (h,r, ?) or
head entity for triple (?,r,t).

Link Aware Fusion

An entity h; usually has multiple images in multimodal
knowledge graphs, which can be represented as V,, = {
Vi 15 Vi 25mees Vi NP }, where N? denotes the number of im-
ages of entity h;. To extract image features, the pre-trained
ViT (Dosovitskiy et al. 2021) on ImageNet-1k (Touvron
et al. 2021) is adopted as the visual encoder.

The images for each entity are from different aspects in
various scenarios, which may mislead the entity embedding
since parts of them may be irrelevant to this entity due to dif-
ferent link information will give entities different attributes.
Therefore, we argue that the contribution of images to en-
tity embedding needs to be based on link information. To be
specific, an entity usually has different attributes in different
triples, and the contribution of each associated image to this
entity is also different in diverse triples. To this end, we pro-
pose a link aware fusion module, which designs a modality
interaction attention mechanism to dynamically measure the
contribution of images to entity embedding based on link
information so as to judge which images are noise, and a
modality embedding fusion mechanism to fuse visual and
structural embeddings.

Modality Interaction Attention Since an entity in a KG
has distinct heterogeneous connections with its neighbors,
the idea of modality interaction attention comes from an
intuition that the contribution of images to entity embed-
ding is different in diverse link scenarios, and whether an
image is noise needs to be judged based on triple informa-
tion. Given a central entity h; and its neighbor entity set
N = {t; € & (hi,rj,t;) € T,r; € R}, we firstly
randomly initialize the structural embeddings of entities and
relations. Then we define a visual matrix to project visual
embeddings into hidden embeddings for dimensional unifi-
cation and similarity matching, as follows:

Uik =V W,

ey

where v; j, € Rdv represents the initial visual embedding of
image v; ;, associated entity h; from ViT, d,, is the dimension
of initial visual embedding, W ,, € RdvXdn g g trainable vi-
sual matrix, and d}, is the dimension of hidden embedding.
Triples connected to entity h; contain different semantic and
link information, based on which we calculate the impor-
tance between the images with entity h; for a given triple
(hs, ;,t;) to find noisy images, as follows:

aij= [k || 75 5] W, 2)
=T
a; iU
bik =~ 3)
Vdp
b;
a; 1 = softmaxy (b; ) = exp(bi.i) . @

S v, xp(bim)

where h] € R, r; € R and (23S R9s represent initial

structural embeddings of i}, 77 and ¢} respectively, d is the

1)
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dimension of initial structural embedding, W, € R3% xdn
is a trainable linear transformation matrix, «; & € [0, 1] rep-
resents the importance of image v; j, to entity h;, || denotes
the concatenation of embeddings. The value of «; ; indi-
cates whether the image v; ;, is noise for the entity h;. In par-
ticular, we consider image v; j, to be noise when «; ,, < &,
where ¢ is a predefined threshold.

In addition, in order to find the noisy images of tail entity
t;, the importance of images in set th ={ Uj,1> Uj 250005 Uj, N
} associated with the tail entity ¢; also need to be measured
based on the link information, as follows:

=T

Cik = M; Vi =0 W, )
Vdp

Bj.k = softmaxy(c; ) = eXp(c;1) (6)

Zmevt]. eXp(Cj’m) ’

where v; € R? represents visual embedding of image
vjk € Vi, associated with the tail entity ¢;, 3; x represents
the importance of image v; ;, to entity ¢;. And the image v;
is considered to be noise when 3, 5, < &.

Modality Embedding Fusion The modality interaction
attention mechanism finds noisy images based on link in-
formation. Unlike existing MKGC approaches, we do not
directly remove these noisy images, but perform linear com-
bination on visual embeddings of them based on the impor-
tance calculated above, then the visual and structural em-
beddings are fused. The motivation for this is that image
information will always be helpful for learning entity em-
beddings. For entities h; and t;, the visual information of
them for triple (h;, r;,t;) can be aggregated as follows:

Vi = E QG RV g, V5= E B kVj k-

kEVn, kEVy;

(7

To facilitate the fusion of visual and structural embedding,
we define a structural matrix to project structural embed-
dings of entities h; and ¢; into hidden embeddings as fol-
lows:

h,=hiW,, t;,= W, ®)

where W, € R% *dn ig a trainable structural matrix, and d,
is the dimension of structural embedding. Then the new em-
bedding of entities h; and ¢; containing visual and structural
information for triple (h;, ;,t;) can be fused as follows:
hij=o(hi+vi;), tj=o(+v;). ()

where o(-) is sigmoid activation function. In this way, we
obtain the updated embeddings of entities by fusing visual
and structural embeddings according to diverse link sce-
narios. Moreover, in order to improve and stabilize the ef-
fectiveness of LAFA and the learning procedure, we apply
multi-head attention mechanism for capturing subspace in-
formation from different parameters. Specifically, P inde-
pendent attention heads are applied to learn embeddings, and
their outputs are combined to generate the unified represen-
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tation. The formula is defined as follows:

~ ~(1) , ~(2)

hi,j=[hi,j AN }wp, (10)
S OEe 7P

=[5 187118 we, (n

where EEI;) and Z;p) mean the embeddings generated by the

p-th attention head respectively, || represents the concatena-
tion of embeddings, and W p € RPdrxdn jg g trainable lin-

ear transformation matrix. hl ; and t are called multimodal
fusion embeddings.

Link Aware Aggregation

Knowledge graph is a special graph based dataset, in which
a central entity is often connected with multiple tail entities.
Existing MKGC models usually focus on the interaction be-
tween multimodal data but ignore the structural information
of KGs. For an entity h;, we argue that aggregating the in-
formation of its neighbor entities to its embedding is help
for improving representation quality. Therefore, we propose
a link aware aggregation module to aggregate the neighbor-
hood structural information to the central entity. For a cen-
tral entity h;, we define a query matrix to project the initial
structural embedding of h; into a query vector, and a key ma-
trix to project the initial structural embedding of a neighbor
entity into a key vector, as follows:

4, =hiQ,. kj=tK,

where Q, € R%*4n and K, € R% >4 are trainable query
and key matrices, ¢t; € N} is a neighbor entity, and N is
the neighbor entity set of h;. Then the softmax normalization
is conducted on the dot product of query vector g; and key
vector k; to calculate the attention score between them as
follows:

(12)

-
qikj

ij = ) 13

g 3] \/ﬁ ( )

Jo5 = softmax; (g;) = 22Ul 1y

Zle}\/j exp(gi,l)

where +; ; represents the importance of the neighbor entity
t; to the central entity h;. And the entity ¢; is considered to
be noise when v; ; < £. Since the link aware fusion module

will calculate multiple multimodal fusion embedding ﬁz j
based on each triple connected to the central entity h;, we
aggregate them with structural information as follows:

> %isb,

bj = {’A%,j | ?j} Wi, e =
JENF

(15)

where h; ; is the multimodal fusion embedding of central
entity h; calculated according to j-th triple (h;,r;,t;), /t\j
is the multimodal fusion embedding of entity t;, W3 €
R2dr>dn ig a trainable linear transformation matrix.

To enable the model can concentrate on information from
various subspaces and extract richer feature information, we
apply multi-head attention mechanism. Specifically, we use
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(@ independent attention heads to learn embeddings, and
then combine them to generate the final embedding h; of
the central entity, the formula is as follows:

B =[e e | . el Wq,  6)
where ez(-‘I) denotes the embedding learned by the g-th at-
tention head, Wq € R®@dnxdn g a trainable linear trans-
formation matrix. By stacking link aware aggregation, the
neighborhood information of each entity can be explored.
Therefore, the structural and visual information of the entire
KG is aggregated and the highly multimodal contextually
relevant embeddings can be generated.

Decoder

MKGC models usually require a basic embedding model for
link prediction, which is called decoder. In this paper, we
build the decoder based on ConvE (Dettmers et al. 2018).
Specifically, The input of the decoder are entity and relation
embeddings E € RI€/*? and R € RIRI*dr Entity embed-
dings E € RI€IX9 are generated by aforementioned steps
and have fused multimodal and structural information of en-
tity neighbors. |R| denotes the number of relation set, and
|€| represents the number of entity set, dy, is the dimension
of embeddings. Then the decoder outputs the score of each
triple calculated by the scoring function, which represents
the probability that the triple is valid. For a triple (h,r,t),
the scoring function of our model can be defined as follows:

(e (] )

where h’ and t’ are the updated embeddings (Eq. (16)) of
head entity h and tail entity ¢ respectively, r is the embed-

U(h,r,t) =

ding of relation 7, o(-) represents a non-linear function, h'

and r denote 2D reshaping of b’ and r respectively, w is the
convolution filter, * denotes the convolution operation, and
W’ is a trainable transformation matrix. Then the score is
activated by the sigmoid function:

p(h,r,t) = sigmoid(¥ (h,r,t)). (18)
It should be noticed that LAFA can be easily adapted to

various decoders such as DistMult (Yang et al. 2015) and
ComplEx (Trouillon et al. 2016).

Training and Optimization
We use the cross-entropy loss function as the loss of the en-
tire model, which is defined as follows:

2
L= Z Z (h,r ts)
(h,rt)ET
( - y(ha T ts)) : log(l - p(ha T ts)))?

19)

where y(h,r,ts) € {0, 1} is the label of the triple (h,r,t5),

|€| is the total number of all candidate tail entities, T

is the set of true triples. We use Adam (Kingma and Ba

2014) as optimizer, and use label smoothing (Szegedy et al.

2016), Dropout (Srivastava et al. 2014), and Batch normal-

ization (Ioffe and Szegedy 2015) to avoid overfitting.

) - log(p(h,r,ts))+
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Model FB15k-237-IMG WNI18-IMG
Hits@11 Hits@37T Hits@10t MR | Hits@11 Hits@31 Hits@10t MR]
Unimodal approaches
TransE 0.198 0.376 0.441 323 0.040 0.745 0.923 357
DistMult 0.199 0.301 0.446 512 0.335 0.876 0.940 655
ComplEx 0.194 0.297 0.450 546 0.936 0.945 0.947 -
ConvE 0.237 0.356 0.501 256 0.937 0.947 0.951 294
LTE-ConvE 0.245 0.377 0.535 169 0.943 0.953 0.961 189
MRGAT 0.266 0.386 0.542 159 0.932 0.946 0.971 38
GreenKGC 0.265 0.369 0.507 241 0.937 0.946 0.950 266
CompoundE 0.264 0.393 0.545 151 0.942 0.952 0.972 36
Multimodal approaches

IKRL(UNION) 0.194 0.284 0.458 298 0.127 0.796 0.928 596
TransAE 0.199 0.317 0.463 431 0.323 0.835 0.934 352
RSME(ViT-B/32+Forget) 0.242 0.344 0.467 417 0.943 0.951 0.957 223
MKGformer 0.256 0.367 0.504 221 0.944 0.961 0.972 28
LAFA-DistMult 0.264 0.392 0.546 150 0.943 0.958 0.971 29
LAFA-ComplEx 0.262 0.386 0.540 157 0.945 0.962 0.973 27
LAFA-ConvE 0.269 0.398 0.551 136 0.947 0.965 0.977 25

Table 1: Link prediction results on FB15k-237-IMG and WN18-IMG datasets. The best score is in bold.

L. . Train Validation Test
Datasets Entities Relations | . .
triples  triples triples
FB15k-237-IMG 14,541 237 272,115 17,535 20,466
WNI18-IMG 40,943 18 141,442 5,000 5,000

Table 2: Statistics of the datasets.

Experiments
Experimental Setup

Datasets We evaluate our proposed model by two publicly
available multimodal datasets: 1) FB15k-237-IMG (Bordes
et al. 2013; Chen et al. 2022) and WNI18-IMG (Bordes
et al. 2013). The details of them are summarized in Ta-
ble 2. FB15k-237-IMG is a subset of the large-scale knowl-
edge graph Freebase (Bollacker et al. 2008), which has 10
images for each entity. WN18 (Bordes et al. 2013) is a
knowledge graph originally extracted from WordNet (Miller
1995). WN18-IMG is an extended dataset of WN18 (Bordes
et al. 2013) with 10 images for each entity.

Evaluation Protocol Following previous work (Dettmers
et al. 2018), our model is evaluated with link prediction task:
ranking all entities to predict the tail entity in query (h,r,?)
or the head entity in query (?,r,t). We adopt four evalu-
ation metrics: the mean rank of correct entities (MR), and
the proportion of correct entities ranked in top k£ Hits@k
(k € {1,3,10}). A small MR or a big Hit@k indicates a
good result. And we follow the standard evaluation protocol
in the filtered setting (Bordes et al. 2013): all true triples in
the KG are filtered out during evaluation, since predicting a
low rank for these triples should not be penalized.

Baselines We compare results with the following SOTA
models: Unimodal KGC approaches TransE (Bordes et al.
2013), DistMult (Yang et al. 2015), ComplEx (Trouil-
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lon et al. 2016), ConvE (Dettmers et al. 2018), LTE-
ConvE (Zhang et al. 2022), MRGAT (Dai et al. 2022),
GreenKGC (Wang et al. 2023), and CompoundE (Ge et al.
2023). Multimodal KGC approaches IKRL (Xie et al. 2017),
TransAE (Wang et al. 2019), RSME (Wang et al. 2021), and
MKGformer (Chen et al. 2022).

Implementation Details We define the threshold £ = 0.1.
For all MKG datasets, the best performing hyper-parameters
are found by grid search on the validation set. And the candi-
date hyper-parameters are selected in the following ranges:
batch size {128, 512, 1024}, number of epochs {500, 1000,
2000}, dropout rate {0.1, 0.2, 0.3}, learning rate {0.001,
0.002, 0.003}, embedding dimensions {100, 200, 300, 400,
500}, attention head number P and @ {1, 2, 3, 4}. The ex-
periments are implemented using the PyTorch (Paszke et al.
2017) framework, and are performed on single NVIDIA
GeForce RTX2080Ti GPU.

Main Results

Table 1 presents the link prediction results on FB15k-
237-IMG and WN18-IMG datasets. We strictly follow the
experimental setting and data splitting of the previous
works (Wang et al. 2021; Chen et al. 2022) and report the
results in the original papers for some baselines. The results
show that LAFA have the best performance compared with
existing SOTA unimodal and multimodal approaches, which
demonstrate that fusing the visual and structural informa-
tion to entity embeddings according to link information is
generally helpful for MKC tasks. Specifically, the Hits@k
(k € {1,3,10}) are improved by 1%-2% on FB15k-237-
IMG dataset. Particularly, Hits@3 and Hits@10 are im-
proved from 0.393 to 0.398 and 0.545 to 0.551 respectively,
MR is declined from 151 to 136. Compared with SOTA
MKGC method MKGformer, LAFA improves Hits@3 and
Hits@10 from 0.367 to 0.398 and 0.504 to 0.551 respec-



The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

Q\b"r"\ 0.3 Q\Qﬁ&\
L Q&
¥ N .
O . o GF
\g . t\g
AN § . 0.2 A §
oc A o¢ A
" il T Ll
N
o Qa&\\ o oS
A 0.1 sl
o< < i
NN RN
o o
» -00 O

Ly g, iy, Yy
%7 e ey e K

2, 2, % % K/
O, Yy iy oy
(o %y o> ey ey os

(a) Entities-imgs (Head 1)

-0.3

(b) Entities-imgs (Head 3)

o

-0.2 QSWQL

(c) Entities-entities (Head 1)

Q
N

$ $
\\Q‘\O\ . \\q‘\o\ . ..
I S 01 O -0.1
0.1 N O
A Y
\\MX .. Nl .. . .
-0.0 0.0 -0.0
. 0, Oy 0, O, O> G5, O, o, Oy 0O, Q, 0> O, O,
Vs %90 G U2, 0, . 75 %0 G, U7, 0 Ty G
O, W50, %y Kl P gy Oty W8, %y 11 P

2 @

&

(d) Entities-entities (Head 3)

Figure 3: Attention matrices of images and entities on FB15k-237-IMG dataset. The darker colored blocks in individual heads

represent a higher attention score.

tively. The reason is that LAFA can find noise images and
fuse multimodal embeddings by the proposed link aware fu-
sion, and aggregate neighbor structural information by the
proposed link aware aggregation.

The lower part of Table 1 shows the performance of
LAFA with three different decoders, i.e., DistMult (Yang
et al. 2015), ComplEx (Trouillon et al. 2016), and
ConvE (Dettmers et al. 2018). Obviously, the decoders do
have impact on the performance of the model, but not abso-
lutely because the difference in their link prediction results
is not very large. ConvE works best as a decoder for LAFA.
DistMult and ComplEx are simple and effective models, but
they result in a decline in the model performance when they
are used as decoders. One possible reason is that their scor-
ing functions weaken the importance of relations.

Verification of Importance

To explore the potential patterns of our innovations and ver-
ify that LAFA can give different importance to images and
neighbor entities, we analyze the attention matrices gener-
ated according to « (Eq. (4)) and v (Eq. (14)). Figure 3
shows the attention matrices of images and neighbor enti-
ties to the central entity respectively. It can be found that the
color distribution is not uniform on all attention matrices,
which is in line with our expectation that LAFA can assign
different importance score to the specific images or neigh-
bor entities. Furthermore, the consistent distribution of re-
gions with higher importance scores illustrates that attention
heads follow the same pattern in capturing subspace seman-
tics. Specifically, we can find from Figure 3 (a) and Figure 3
(b) that the importance of each image associated with entity
09¢7w0 is different in different links, which verifies our hy-
pothesis. From Figure 3 (c) and Figure 3 (d), we can observe
that the importance of each neighbor entity to the central en-
tity 09¢7w0 is also different, the reason is that the semantics
of it vary greatly in different links. To this end, the results
demonstrate that the proposed LAFA can effectively assign
different importance scores to images and neighboring enti-
ties of the central entity.

Ablation Study

We conduct the ablation studies by removing the corre-
sponding parts to construct variants of LAFA as follows:
(1) LAFA~MIA replaces the modality interaction attention
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Model FB15k-237-IMG
Hits@11 Hits@31 Hits@10T MR]
ConvE 0.237 0.356 0.501 256
LAFA—MIA 0.258 0.384 0.538 164
LAFA— AT 0.259 0.386 0.540 161
LAFA~ 144 0.257 0.384 0.537 168
LAFA 0.269 0.398 0.551 136

Table 3: Ablation study results on FB15k-237-IMG dataset.

(MIA) module with the traditional vector similarity match-
ing when calculating the importance of the image to the en-
tity. (2) LAFA~LAF removes link aware fusion (LAF) mod-
ule, in which the visual and structural embeddings are fused
only by attention mechanism without link information; (3)
LAFA~L44 removes link aware aggregation (LAA) mod-
ule. The ablation studies results in Table 3 indicate that our
proposed MIA, LAF, and LAA are all valid, that is, remov-
ing any of them will make the model less effective. MIA
assigns different importance score to images and can judge
which of them is noise, LAF exploits the influence of im-
ages to entity, and LAA assigns neighbor structural infor-
mation to the central entity. The experimental results prove
that the proposed innovations are effective and contribute
significantly to the performance of the model.

Conclusion

In this paper, we present a novel link aware fusion and ag-
gregation multimodal knowledge graph completion model
named LAFA. The link aware fusion module calculates the
importance between an entity and its associated images
in different link scenarios and fuses the visual and struc-
tural embeddings according to the importance through our
proposed modality embedding fusion mechanism to allevi-
ate noise of irrelevant visual information. The link aware
aggregation module calculates the importance between a
given central entity and its neighbors, and aggregates the
embeddings of them through linear combination according
to the importance to assigns neighbor structural informa-
tion to this entity. Empirical experimental evaluations on
well-established multimodal datasets show that LAFA can
achieve the state-of-the-art performance.
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