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Abstract. As a crucial extension of entity alignment (EA), multi-modal
entity alignment (MMEA) aims to identify identical entities across dis-
parate knowledge graphs (KGs) by exploiting associated visual informa-
tion. However, existing MMEA approaches primarily concentrate on the
fusion paradigm of multi-modal entity features, while neglecting the chal-
lenges presented by the pervasive phenomenon of missing and intrinsic
ambiguity of visual images. In this paper, we present a further analysis
of visual modality incompleteness, benchmarking latest MMEA models
on our proposed dataset MMEA-UMVM, where the types of alignment
KGs covering bilingual and monolingual, with standard (non-iterative)
and iterative training paradigms to evaluate the model performance. Our
research indicates that, in the face of modality incompleteness, models
succumb to overfitting the modality noise, and exhibit performance oscil-
lations or declines at high rates of missing modality. This proves that the
inclusion of additional multi-modal data can sometimes adversely affect
EA. To address these challenges, we introduce UMAEA, a robust multi-
modal entity alignment approach designed to tackle uncertainly missing
and ambiguous visual modalities. It consistently achieves SOTA perfor-
mance across all 97 benchmark splits, significantly surpassing existing
baselines with limited parameters and time consumption, while effec-
tively alleviating the identified limitations of other models. Our code and
benchmark data are available at https://github.com/zjukg/UMAEA.

Keywords: Entity Alignment · Knowledge Graph · Multi-modal Learn-
ing · Uncertainly Missing Modality.
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1 Introduction

Fig. 1. Phenomenon for missing and ambiguous visual modality in MMEA, where our
UMAEA attains superior performance compared to MCLEA [29] and EVA [30].

Recently entity alignment (EA) has attracted wide attention as a crucial task
for aggregating knowledge graphs (KGs) from diverse data sources. Multi-modal
information, particularly visual images, serves as a vital supplement for entities.
However, achieving visual modality completeness always proves challenging for
automatically constructed KGs both on the Internet and domain-specific KGs.
For instance, in the DBP15K datasets [37] for EA, only a portion of the entities
have attached images (e.g., 67.58% in DBP15KJA-EN [30]). This incompleteness
is inherent to the DBpedia KG [26], as not every entity possesses an associated
image. Furthermore, the intrinsic ambiguity of visual images also impacts the
alignment quality. As illustrated in Figure 1, the movie THOR can be represented
by a snapshot of the movie (star) poster or an image of the movie title itself.
While individuals familiar with the Marvel universe can effortlessly associate
these patterns, machines struggle to discern significant visual feature association
without the aid of external technologies like OCR and linking knowledge bases
[9], posing challenges for alignment tasks. This phenomenon primarily arises
from the abstraction of single-modal content, e.g., country-related images could
be either national flags, landmarks or maps.

In this paper, we deliver an in-depth analysis of potential missing visual
modality for MMEA. To achieve this, we propose the MMEA-UMVM dataset,
which contains seven separate datasets with a total of 97 splits, each with dis-
tinct degrees of visual modality incompleteness, and benchmark several latest
MMEA models. To ensure a comprehensive comparison, our dataset encom-
passes bilingual, monolingual, as well as normal and high-degree KG variations,
with standard (non-iterative) and iterative training paradigms to evaluate the
model performance. The robustness of the models against ambiguous images is
discussed by comparing their performance under complete visual modality.

In our analysis, we identify two critical phenomena: (i) Models may succumb
to overfitting noise during training, thereby affecting overall performance. (ii)
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Models exhibit performance oscillations or even declines at high missing modal-
ity rates, indicating that sometimes the additional multi-modal data negatively
impacts EA and leads to even worse results than when no visual modality infor-
mation is used. These findings provide new insights for further exploration in this
field. Building upon these observations, we propose our model UMAEA, which
alleviates those shortcomings of other models via introducing multi-scale modal-
ity hybrid and circularly missing modality imagination. Experiments prove that
our model can consistently achieve SOTA results across all benchmark splits
with limited parameters and runtime, which supports our perspectives.

2 Related Work

Entity Alignment (EA) [38,17] is the task of identifying equivalent entities across
multiple knowledge graphs (KGs), which can facilitate knowledge integration.

Typical Entity Alignment methods mainly rely on the relational, attribute,
and surface (or literal) features of KG entity for alignment. Specifically, sym-
bol logic-based technologies are used [21,36,33] to constrain the EA process
via manually defined prior rules (e.g., logical reasoning and lexical matching).
Embedding-based methods [38] eschew the ad-hoc heuristics of logic-based ap-
proaches, employing learned embedding space similarity measures for rapid align-
ment decisions. Among these, GNN-based EA models [27,41,32,51,15,49] em-
phasize local and global structural KG characteristics, primarily utilizing graph
neural networks (GNNs) for neighborhood entity feature aggregation. While
translation-based EA methods [58,40,52,2,20] use techniques like TransE [1] to
capture the pairwise information from relational triples, positing that relations
can be modeled as straightforward translations in the vector space.

Multi-modal Entity Alignment (MMEA) normally leverages visual modality
as supplementary information to enhance EA, with each entity accompanied by
a related image. Specifically, Chen et al. [6] propose to combine knowledge rep-
resentations from different modalities, minimizing the distance between holistic
embeddings of aligned entities. Liu et al. [30] use a learnable attention weighting
scheme to assign varying importance to each modality. Chen et al. [7] incorpo-
rate visual features to guide relational feature learning while weighting valuable
attributes for alignment. Lin et al. [29] further improve intra-modal learning with
contrastive learning. Shi et al. [47] filter out mismatched images with pre-defined
ontologies and an image type classifier. Chen et al. [10] dynamically predict the
mutual modality weights for entity-level modality fusion and alignment.

These approaches substantiate that visual information indeed contributes
positively to EA. However, we notice that all of them are based on two ideal
assumptions: (i) Entities and images have a one-to-one correspondence, mean-
ing that a single image sufficiently encapsulates and conveys all the information
about an entity. (ii) Images are always available, implying that an entity consis-
tently possesses a corresponding image.
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Fig. 2. The overall framework of UMAEA.

In real-world KGs, the noise is an inherent issue. Even for the standard
MMEA datasets [37,31,6,30], they are hard to satisfy those two ideal conditions
mentioned above. Consequently, we focus on two more pragmatic and demand-
ing issues: (i) In MMKGs, entity images might be missing uncertainly, implying
a varying degree of image absence. (ii) In MMKGs, images of the entities could
be uncertainly ambiguous, suggesting that a single entity might have heteroge-
neous visual representations. To tackle these challenges, we present a benchmark
consisting of seven datasets on which extensive experiments are conducted, and
introduce our model UMAEA against these problems.

Incomplete Multi-modal Learning aims to tackle classification or recon-
struction tasks, like multi-modal emotion recognition [59] and cross-modal re-
trieval [22], by leveraging information from available modalities when one modal-
ity is missing (e.g, a tweet may only have images or text content). In multi-modal
alignment tasks, missing modality significantly impacts the performance as the
symmetry of paired multi-modal data leads to noise accumulation when it is un-
certain which side has modality incompleteness, further hindering model train-
ing. Prior MMEA studies [30,7,29,10] calculate mean and variance from available
visual features, enabling random generation of those incomplete features using a
normal distribution. In this paper, we develop an adaptive method for optimal
training under the conditions with uncertainly missing or noisy visual modality,
meanwhile providing a comprehensive benchmark.
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3 Method

3.1 Preliminaries

We define a MMKG as a five-tuple G={E ,R,A,V, T }, where E ,R,A and V de-
note the sets of entities, relations, attributes, and images, respectively. T ⊆ E ×
R×E is the set of relation triples. Given two MMKGs G1 = {E1,R1,A1,V1, T1}
and G2 = {E2,R2,A2,V2, T2}, MMEA aims to discern each entity pair (e1i , e2i ),
e1i ∈ E1, e2i ∈ E2 where e1i and e2i correspond to an identical real-world entity ei.
For clarity, we omit the superscript symbol denoting the source KG of an entity
in our context, except when explicitly required in statements or formulas. A set
of pre-aligned entity pairs is provided, which is proportionally divided into a
training set (i.e., seed alignments S) and a testing set Ste based on a given seed
alignment ratio (Rsa). We denoteM = {g, r, a, v} as the set of available modal-
ities. Commonly, in typical KG datasets for MMEA, each entity is associated
with multiple attributes and 0 or 1 image, and the proportion (Rimg) of enti-
ties containing images is uncertain (e.g., 67.58% in DBP15KJA-EN [30]). In this
study, in order to facilitate a comprehensive evaluation, dataset MMEA-UMAM
is proposed where we define Rimg as a controlled variable for benchmarking.

3.2 Multi-modal Knowledge Embedding

Graph Structure Embedding. Let xg
i ∈ Rd represent the randomly initial-

ized graph embedding of entity ei where d is the predetermined hidden dimen-
sion. We employ the Graph Attention Network (GAT) [46] with two attention
heads and two layers to capture the structural information of G, equipped with
a diagonal weight matrix [53] Wg ∈ Rd×d for linear transformation. We define
hg
i = GAT (Wg,Mg;x

g
i ) , where Mg denotes to the graph adjacency matrix.

Relation, Attribute, and Visual Embedding. To mitigate the information
contamination arising from blending relation / attribute representations in GNN-
like networks [30], we employ separate fully connected layers, parameterized by
Wm ∈ Rdm×d, for embedding space harmonization via hm

i = FCm(Wm, xm
i ) ,

where m ∈ {r, a, v} and r, a, v, represent relation, attribute, visual modalities,
respectively. Furthermore, xm

i ∈ Rdm denotes the input feature of entity ei for
the corresponding modality m. We follow Yang et al. [54] to use the bag-of-
words features for relation (xr) and attribute (xa) representations (see Section
4.1 for details). While for the visual modality, we employ a pre-trained (frozen)
visual model as the encoder (Encv) to obtain the visual embeddings xv

i for each
available image of the entity ei. For entities without image data, we generate
random image features using a normal distribution parameterised by the mean
and standard deviation of other available images [30,7,29,10].

3.3 Multi-scale Modality Hybrid

This section describes the detailed architecture of the multi-scale modality hy-
brid for aligning multi-modal entities between MMKGs. The model comprises
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three modality alignment modules operating at different scales, each associated
with a training objective as depicted in Figure 2.

Global Modality Integration (GMI) emphasizes global alignment for each
multi-modal entity pair, where the multi-modal embeddings for an entity are
first concatenated and then aligned using a learnable global weight, allowing
the model to adaptively learn the relative quality of each modality across two
MMKGs. Let wm be the global weight for modality m. We formulate the GMI
joint embedding hGMI

i for entity ei as:

hGMI
i =

⊕
m∈M

[wmhm
i ] , (1)

where
⊕

refers to the vector concatenation operation. To enhance model’s sen-
sitivity to feature differences between unaligned entities, we introduce a unified
entity alignment contrastive learning framework, inspired by Lin et al. [29], to
consolidate the training objectives of the modules. For each entity pair (e1i ,e2i )
in S, we define Nng

i = {e1j |∀e1j ∈ E1, j ̸= i} ∪ {e2j |∀e2j ∈ E2, j ̸= i} as its negative
entity set. To improve efficiency, we adopt the in-batch negative sampling strat-
egy [8], restricting the sampling scope of Nng

i to the mini-batch B. Concretely,
we define the alignment probability distribution as follows:

pm(e1i , e
2
i ) =

γm(e1i , e
2
i )

γm(e1i , e
2
i ) +

∑
ej∈Nng

i
γm(e1i , ej)

, (2)

where γm(ei, ej) = exp(hm⊤
i hm

j /τ) and τ represents the temperature hyper-
parameter. To account for the alignment direction of entity pairs in (2), we
establish a bi-directional alignment objective as:

Lm = −Ei∈B log[ pm(e1i , e
2
i ) + pm(e2i , e

1
i ) ]/2 , (3)

where m denotes a modality or an embedding type. We denote the training
objective as LGMI when the GMI join embedding is used, i.e., γGMI(ei, ej) is
set to exp(hGMI⊤

i hGMI
j /τ).

We note that the global adaptive weighting allows the model to capitalize on
high-quality modalities while minimizing the impact of low-quality modalities,
such as the redundant information within attributes / relations, and noise within
images. Concurrently, it ensures the preservation of valuable information to a
certain extent, ultimately contributing to the stability of the alignment process.

Entity-level Modality Alignment aims to perform instance-level modality
weighting and alignment, utilizing minimum cross-KG confidence measures from
seed alignments to constrain the modality alignment objectives. It allows the
model to dynamically assign lower training weights to missing or ambiguous
modality information, thereby reducing the risk of encoder misdirection arising
from uncertainties. To achieve this, we follow Chen et al. [10] to adapt the
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vanilla Transformer [45] for two types of sub-layers: the multi-head cross-modal
attention (MHCA) block and the fully connected feed-forward networks (FFN).

Specifically, MHCA operates its attention function across Nh parallel heads.
The i-th head is parameterized by modally shared matrices W

(i)
q , W (i)

k , W (i)
v

∈ Rd×dh , transforming the multi-modal input hm into modal-aware query Q
(i)
m ,

key K
(i)
m , and value V

(i)
m in Rdh (dh = d/Nh):

Q(i)
m ,K(i)

m , V (i)
m = hmW (i)

q , hmW
(i)
k , hmW (i)

v . (4)

MHCA generates the following output for a given feature of modality m:

MHCA(hm) =
⊕Nh

i=1
headmi ·W o , (5)

headmi =
∑

j∈M
β
(i)
mjV

(i)
j , (6)

where Wo ∈ Rd×d. The attention weight (βmj) between an entity’s modality m
and j in each head is calculated as:

βmj =
exp(Q⊤

mKj/
√
dh)∑

i∈M exp(Q⊤
mKi/

√
dh)

. (7)

Besides, layer normalization (LN) and residual connection (RC) are incorporated
to stabilize training:

ĥm = LayerNorm(MHCA(hm) + hm) . (8)

The FFN consists of two linear transformation layers and a ReLU activation
function with LN and RC applied afterwards:

FFN(ĥm) = ReLU(ĥmW1 + b1)W2 + b2 , (9)

ĥm ← LayerNorm(FFN(ĥm) + ĥm) , (10)

where W1 ∈ Rd×din and W2 ∈ Rdin×d. Notably, we define the entity-level con-
fidence w̃m for each modality m as:

w̃m =
exp(

∑
j∈M

∑Nh

i=0 β
(i)
mj/

√
|M| ×Nh)∑

k∈M exp(
∑

j∈M
∑Nh

i=0 β
(i)
kj

√
|M| ×Nh)

, (11)

which captures crucial inter-modal interface information and adaptively adjusts
model’s cross-KG alignment confidence for different modalities from each en-
tity. To facilitate learning these dynamic confidences and incorporating them
into the training process, we devise two distinct training objectives: LECIA and
LIIR. The first objective is explicit confidence-augmented intra-modal alignment
(ECIA), while the second is implicit inter-modal refinement (IIR), which will
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be discussed in the following subsection. For the ECIA, we design the following
training target which is the variation of Equation (3):

LECIA =
∑

m∈M
L̃m , (12)

L̃m = −Ei∈B log[ϕm(e1i , e
2
i ) ∗ (pm(e1i , e

2
i ) + pm(e2i , e

1
i )) ]/2 . (13)

Considering the symmetric nature of EA and the varying quality of aligned enti-
ties and their modality features within each KG, we employ the minimum confi-
dence value to minimize errors. For example, e1i may possess high-quality image
data while e2i lacks image information, as illustrated in Figure 1. In such cases,
using the original objective for feature alignment will inadvertently align mean-
ingful features with random noise, thereby disrupting the encoder training pro-
cess. To mitigate this issue, we define ϕm(e1i , e

2
i ) as the minimum confidence value

for entities e1i and e2i in modality m, calculated by ϕm(ei, ej) = Min(w̃m
i , w̃m

j ) .

Late Modality Refinement leverages the transformer layer outputs to further
enhance the entity-level adaptive modality alignment through an implicit inter-
modal refinement (IIR) objective, enabling the refinement of attention scores
by directly aligning the output hidden states. Concretely, we define the hidden
state embedding of modality m for entity ei as ĥm, following Equation (10). We
define:

LIIR =
∑

m∈M
L̂m , (14)

where L̂m is also a variant of Lm, as illustrated in Equation (3), with only the
following modification: γ̂m(ei, ej) = exp(ĥm⊤

i ĥm
j /τ).

As depicted in Figure 2, we designate the entire process so far as the first
stage of our (main) model, with the training objective formulated as:

L1 = LGMI + LECIA + LIIR . (15)

3.4 Circularly Missing Modality Imagination.

Note that our primary target of the first stage is to alleviate the impact of
modality noise and incompleteness on the alignment process throughout training.
Conversely, the second stage draws inspiration from VAE [24,35] and CycleGAN
[61], which accentuates generative modeling and unsupervised domain transla-
tion. Expanding upon these ideas, we develop our circularly missing modality
imagination (CMMI) module, aiming to enable the model to proactively com-
plete missing modality information.

To reach our goal, we develop a variational multi-modal autoencoder frame-
work, allowing the hidden layer output between the encoder MLPEnc and de-
coder MLPDec (parameterized by WEnc ∈ R3d×2d and WDec ∈ Rd×3d, respec-
tively) to act as an imagined pseudo-visual feature h̄v

i , using reparameterization
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strategy [24] with tri-modal hybrid feature hhyb
i = [hr

i ⊕ ha
i ⊕ hg

i ] as the input:

[µi ⊕ log(σi)
2 ] = MLPEnc(h

hyb
i ) , (16)

h̄v
i = z ⊙ σi + µi , z ∼ N (0, I) , (17)

h̄hyb
i = MLPDec(h̄

v
i ) . (18)

Concretely, two reconstruction objectives Lvis
Re and Lhyb

Re are utilized to minimize
|hhyb

i − h̄hyb
i | and |hv

i − h̄v
i |, where hv

i represents the real image feature. Besides,
we adhere to the standard VAE algorithm [24] to regularize the latent space by
encouraging it to be similar to a Gaussian distribution through minimizing the
Kullback–Leibler (KL) divergence:

LKL = Ei∈B̄ ((µi)
2 + (σi)

2 − log(σi)
2 − 1)/2 , (19)

where B̄ refers to those entities with complete images within a mini-batch.
Furthermore, we exploit the internal embedding similarity matrix obtained

from the hybrid embeddings hhyb, and distill this information into the virtual
image feature similarity matrix based on h̄v:

LSim = Ei∈B̄ DKL(phyb(e
1
i , e

2
i )||p̄v(e1i , e2i )) , (20)

where phyb and p̄v all follow Equation (2) with γhyb(ei, ej) = exp(hhyb⊤
i hhyb

j /τ)

and γ̄v(ei, ej) = exp(h̄v⊤
i h̄v

j/τ). This strategy not only curbs the overfitting of
visible visual modalities in the autoencoding process, but also emphasizes the
differences between distinct characteristics. Crucially, the knowledge mapping
of original tri-modal hybrid features to the visual space is maximally preserved,
thereby mitigating modal collapse when most of the visual content is missing
and the noise is involved. The final loss in stage two is formulated as:

L2 = LKL + Lvis
Re + Lhyb

Re + LSim . (21)

3.5 Training Details

Pipeline. As previously mentioned, the training process consists of two stages.
In the first stage, the primary model components are trained independently,
while in the second stage, the CMMI module is additionally incorporated. The
training objective L is defined as follows:

Stage 1 : L ← L1 , (22)
Stage 2-1/2-2 : L ← L1 + L2 , (23)

where the second stage is further divided into two sub-stages. Concretely, in
order to stabilize model training and avoid knowledge forgetting caused by the
cold-start of module insertion [56], as shown in Figure 2, the models from stage 1
(i.e., main model) are frozen to facilitate CMMI training when entering stage 2-
1. While in stage 2-2, the CMMI is frozen and the main model undergoes further
refinement to establish the entire pipeline. This process is easy to implement,
just by switching the range of learnable parameters during model training.
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Entity Representation. During evaluation, we replace the original random
vectors with the generated µi for those entities without images. While in the
second training stage, we employ the pseudo-visual embedding h̄v

i (rather than
µi) as a substitute as we observe that actively introducing noise during train-
ing could introduce randomness and uncertainty into the reconstruction process,
which has been demonstrated to be beneficial in learning sophisticated distribu-
tions and enhances the model’s robustness [25]. Furthermore, we select hGMI

i ,
as formulated in Equation (1), for the final multi-modal entity representation.

4 Experiment

4.1 Experiment Setup

To guarantee a fair assessment, we use a total of seven MMEA datasets derived
from three major categories (bilingual, monolingual, and high-degree), with two
representative pre-trained visual encoders (ResNet-152 [19] and CLIP [34]), and
evaluated the performance of four models under two distinct settings (standard
(non-iterative) and iterative). In this research, we intentionally set aside the
surface modality (literal information) to focus on understanding the effects of
absent visual modality on model performance.

Datasets. DBP15K [37] contains three datasets (Rsa = 0.3) built from the mul-
tilingual versions of DBpedia, including DBP15KZH-EN , DBP15KJA-EN and
DBP15KFR-EN . We adopt their multi-model variants [30] with entity-matched
images attached. Besides, four Multi-OpenEA datasets (Rsa = 0.2) [28] are used,
which are the multi-modal variants of the OpenEA benchmarks [42] with entity
images achieved by searching the entity names through the Google search engine.
We include two bilingual datasets { EN-FR-15K, EN-DE-15K } and two mono-
lingual datasets { D-W-15K-V1, D-W-15K-V2 }, where V1 and V2 denote two
versions with distinct average relation degrees. To create our MMEA-UMVM
(uncertainly missing visual modality) datasets, we perform random image drop-
ping on MMEA datasets. Specifically, we randomly discard entity images to
achieve varying degrees of visual modality missing, ranging from 0.05 to the
maximum Rimg of the raw datasets with a step of 0.05 or 0.1. Finally, we get a
total number of 97 data split. See appendix 7 for more details.

Iterative Training. Following Lin et al. [29], we adopt a probation technique
for iterative training. The probation can be viewed as a buffering mechanism,
which maintains a temporary cache to store cross-graph mutual nearest entity
pairs from the testing set. Concretely, every Ke (where Ke = 5) epochs, we
propose cross-KG entity pairs that are mutual nearest neighbors in the vector
space and add them to a candidate list N cd. Furthermore, an entity pair in N cd

will be added into the training set if it remains a mutual nearest neighbour for
Ks (= 10) consecutive rounds.
7 The appendix is attached with the arXiv version of this paper.
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Baselines. Six prominent EA algorithms proposed in recent years are selected
as our baseline comparisons, excluding the surface information for a parallel
evaluation. We further collect 3 latest MMEA methods as the strong baselines,
including EVA [30], MSNEA [7], and MCLEA [29]. Particularly, we reproduce
them with their original pipelines unchanged in our benchmark.

Table 1. Non-iterative results of four models with “w/o CMMI” setting indicating the
absence of the stage-2. The best results within the baselines are marked with underline,
and we highlight our results with bold when we achieve SOTA.

Models Rimg = 0.05 Rimg = 0.2 Rimg = 0.4 Rimg = 0.6
H@1 H@10 MRR H@1 H@10 MRR H@1 H@10 MRR H@1 H@10 MRR

D
B

P
15

K
Z
H

−
E
N MSNEA [7] .413 .722 .517 .411 .725 .518 .446 .743 .546 .520 .786 .611

EVA [30] .623 .878 .715 .624 .878 .716 .623 .875 .714 .625 .876 .717
MCLEA [29] .638 .905 .732 .588 .865 .686 .611 .874 .704 .661 .896 .744
w/o CMMI .703 .934 .787 .710 .937 .793 .721 .939 .801 .753 .949 .825
UMAEA .720 .938 .800 .727 .941 .806 .727 .941 .806 .758 .951 .829

Improve ↑ 8.2% 3.3% .068 10.3% 6.3% .090 10.4% 6.6% .092 9.7% 5.5% .085

D
B

P
15

K
J
A
−
E
N MSNEA [7] .313 .643 .425 .311 .644 .422 .369 .678 .472 .480 .744 .569

EVA [30] .615 .877 .708 .616 .877 .710 .616 .878 .711 .624 .881 .716
MCLEA [29] .599 .897 .706 .579 .846 .675 .613 .867 .703 .686 .898 .761
w/o CMMI .708 .943 .794 .712 .947 .798 .730 .950 .810 .772 .962 .843
UMAEA .725 .949 .807 .726 .949 .808 .732 .952 .813 .775 .963 .845

Improve ↑ 11.0% 5.2% .099 11.0% 7.2% .098 11.6% 7.4% .102 8.9% 6.5% .084

D
B

P
15

K
F
R
−
E
N MSNEA [7] .297 .690 .427 .304 .690 .428 .360 .710 .474 .478 .772 .574

EVA [30] .624 .895 .720 .624 .895 .720 .626 .898 .721 .634 .900 .728
MCLEA [29] .634 .930 .741 .582 .863 .682 .601 .879 .702 .675 .901 .757
w/o CMMI .727 .956 .813 .733 .960 .817 .746 .961 .828 .790 .968 .857
UMAEA .752 .970 .830 .755 .960 .832 .763 .962 .838 .792 .970 .859

Improve ↑ 11.8% 4.0% .089 13.1% 6.7% .112 13.7% 6.4% .117 11.7% 6.9% .102

O
pe

nE
A

E
N

−
F
R MSNEA [7] .200 .431 .278 .213 .439 .290 .260 .477 .334 .360 .560 .427

EVA [30] .528 .833 .634 .533 .835 .638 .539 .835 .642 .547 .830 .647
MCLEA [29] .545 .852 .653 .547 .852 .655 .531 .839 .637 .597 .852 .688
w/o CMMI .587 .893 .695 .590 .893 .697 .614 .900 .715 .664 .912 .753
UMAEA .605 .898 .708 .604 .896 .708 .618 .899 .718 .665 .914 .753

Improve ↑ 6.0% 4.6% .055 5.7% 4.4% .053 7.9% 6.1% .076 6.8% 6.2% .065

O
pe

nE
A

E
N

−
D

E MSNEA [7] .242 .486 .323 .253 .495 .333 .309 .542 .387 .412 .622 .484
EVA [30] .717 .917 .787 .718 .918 .788 .721 .920 .791 .734 .921 .800
MCLEA [29] .723 .918 .791 .721 .915 .789 .697 .907 .771 .745 .906 .803
w/o CMMI .752 .938 .818 .757 .941 .822 .771 .946 .833 .804 .954 .858
UMAEA .757 .942 .823 .759 .943 .824 .774 .947 .835 .804 .957 .860

Improve ↑ 3.4% 2.4% .032 3.8% 2.5% .035 5.3% 2.7% .044 5.9% 3.6% .057

O
pe

nE
A

D
−
W

−
V
1 MSNEA [7] .238 .452 .31 .254 .465 .326 .318 .514 .385 .432 .601 .490

EVA [30] .570 .801 .653 .575 .806 .658 .567 .797 .650 .595 .811 .673
MCLEA [29] .585 .834 .675 .574 .824 .663 .581 .813 .665 .655 .848 .726
w/o CMMI .640 .879 .727 .644 .882 .730 .667 .891 .749 .722 .908 .790
UMAEA .647 .881 .733 .649 .882 .735 .669 .892 .750 .724 .908 .791

Improve ↑ 6.2% 4.7% .058 7.4% 5.8% .072 8.8% 7.9% .085 6.9% 6.0% .065

O
pe

nE
A

D
−
W

−
V
2 MSNEA [7] .397 .690 .497 .405 .695 .503 .454 .727 .546 .545 .781 .626

EVA [30] .775 .952 .839 .767 .947 .832 .773 .950 .837 .788 .954 .848
MCLEA [29] .771 .965 .842 .753 .957 .827 .757 .935 .822 .800 .948 .855
w/o CMMI .828 .983 .883 .829 .982 .885 .844 .984 .896 .857 .986 .905
UMAEA .840 .984 .890 .832 .982 .887 .844 .984 .896 .859 .987 .905

Improve ↑ 6.5% 1.9% .048 6.5% 2.5% .055 7.1% 3.4% .059 5.9% 3.3% .050

Implementation Details. To ensure fairness, we consistently reproduce or im-
plement all methods with the following settings: (i) The hidden layer dimensions
d for all networks are unified into 300. The total epochs for baselines are set to
500 with an optional iterative training strategy applied for another 500 epochs,
following [29]. Training strategies including cosine warm-up schedule (15% steps



12 Z. Chen et al.

for LR warm-up), early stopping, and gradient accumulation are adopted. The
AdamW optimizer (β1 = 0.9, β2 = 0.999) is used, with a fixed batch size of 3500.
(ii) To demonstrate model stability, following [6,29], the vision encoders Encv
are set to ResNet-152 [19] on DBP15K where the vision feature dimension dv is
2048, and set to CLIP [34] on Multi-OpenEA with dv = 512. (iii) An alignment
editing method is employed to reduce the error accumulation [39]. (iv) Follow-
ing Yang et al. [54], Bag-of-Words (BoW) is selected for encoding relations (xr)
and attributes (xa) as fixed-length (i.e., dr = da = 1000) vectors. Specially, we
firstly sort relations/attributes across KGs by frequencies in descending order.
At rank dr/da, we truncated or padded the list to discard the long-tail rela-
tions/attributes and obtain fixed-length all-zero vectors xr and xa. For entity
ei: if it includes any of the top-k attributes, the corresponding position in xa

i is
set to 1; if a relation of ei is among the top-k, the corresponding position in xr

i

is incremented by 1.
In our UMAEA model, τ is set to 0.1 which determines how much attention

the contrast loss pays to difficult negative samples. Besides, the head number Nh

in MHCA is set to 1, and the training epochs are set to {250, 50, 100} for stage
1, 2-1, 2-2, respectively. Despite potential performance variations resulting from
parameter searching, our focus remained on achieving broad applicability rather
than fine-tuning for specific datasets. During iterative training, the pipeline is
repeated; but the expansion of the training set occurs exclusively in stage 1.
For MSNEA, we eliminate the attribute values for input consistency, and extend
MSNEA with iterative training capability. All experiments are conducted on
RTX 3090Ti GPUs.

4.2 Overall Results

Uncertainly Missing Modality. Our primary experiment focuses on the
model performances with varying missing modality proportions Rimg. In Table
1, we select four representative proportions: Rimg ∈ {0.05, 0.2, 0.4, 0.6}×100% to
simulate the degree of uncertainly missing modality that may exist in real-world
scenarios, and evaluate the robustness of different models. Our UMAEA demon-
strates stable improvement on the DBP15K datasets across different Rimg values
in comparison to the top-performing benchmark model: 10.3% (Rimg = 0.05),
11.6% (Rimg = 0.2), 11.9% (Rimg = 0.4), and 10.3% (Rimg = 0.6). We note that
it exhibits the most significant improvement when the Rimg lies between 20%
and 40%. For the Multi-OpenEA datasets, our average improvement is: 5.5%
(Rimg = 0.05), 5.9% (Rimg = 0.2), 7.3% (Rimg = 0.4), and 6.4% (Rimg = 0.6).
Although the improvement is slightly lower than in DBP15K, the overall ad-
vantage range remains consistent, aligning with our motivation. Besides, Figure
3 visualizes performance variation curves for three models. The overall perfor-
mance trend fits the conclusions drawn in Table 1, showing that our method
outperforms the baseline in terms of significant performance gap, regardless of
whether iterative or non-iterative learning is employed.

Additionally, we notice a phenomenon that existing models exhibit perfor-
mance oscillations (EVA) or even declines (MCLEA) at higher modality missing
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rates. This kind of adverse effect peaks within a particular R1
img range and grad-

ually recovers and gains benefits as Rimg rises to a certain level R2
img. In other

words, when 0 ≤ Rimg ≤ R2
img, the additional multi-modal data negatively

impacts EA. This observation seems counterintuitive since providing more infor-
mation leads to side effects, but it is also logical. Introducing images for half of
the entities means that the remaining half may become noise, which calls for a
necessary trade-off. Under the standard (non-iterative) setting, MCLEA’s R2

img

averages 63.6%, which is 57.14% for MSNEA and 46.43% for EVA across seven
datasets. Our method, augmented with the CMMI module, reaches 20.71% for
R2

img. Even without CMMI, the R2
img of UMAEA remains at 34.29%. This im-

plies that our method can gain benefits with fewer visual modality data in entity.
Meanwhile, UMAEA exhibits less oscillation and greater robustness than other
methods, as further evidenced by the entity distribution analysis in Section 4.3.

Fig. 3. The overall standard (non-iterative) and iterative model performance under the
setting of uncertainly missing modality with Rimg ∈ {0.2, 0.4, 0.6}. The performance
of DBP15KFR-EN are shown in Figure 1.

We observe that our performance improvement on Multi-OpenEA is less
pronounced compared to the DBP15K dataset. This may be due to the higher
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image feature quality of CLIP compared to ResNet-152, which in turn diminishes
the relative benefit of our model in addressing feature ambiguity. Additionally,
as the appendix shows, these datasets have fewer relation and attribute types,
allowing for better feature training with comparable data sizes (with a fixed
1000-word bag size, long tail effects are minimized) which partially compensates
for missing image modalities. This finding can also explain why, as seen in Figure
3, our model’s performance improvement decreases as Rimg increases, and our
enhancement in the dense graph (D-W-V2) is slightly less pronounced than in
the sparse graph (D-W-V1) which has richer graph structure information.

Complete Modality. We also evaluate our model on the standard multi-
modal DBP15K [30] dataset, achieving satisfactory results with or without the
visual modality (w/o IMG), as shown in Table 2. It is noteworthy that the
DBP15K dataset only has part of the entities with images attached (e.g., 78.29%
in DBP15KZH-EN , 70.32% in DBP15KFR-EN , and 67.58% in DBP15KJA-EN ),
which is inherent to the DBPedia database. To further showcase our method’s
adaptability, in Table 3, we evaluate it on the standard Multi-OpenEA dataset
with 100% image data attached, demonstrating that our method can be superior
in the (MM)EA task against the potentially ambiguous modality information.

Table 2. Non-iterative (Non-iter.) and iterative (Iter.) results on three multi-modal
DPB15K [37] datasets, where “ * ” refers to involving the visual information for EA.

Models DBP15KZH−EN DBP15KJA−EN DBP15KFR−EN

H@1 H@10 MRR H@1 H@10 MRR H@1 H@10 MRR

N
on

-it
er

.

AlignEA [39] .472 .792 .581 .448 .789 .563 .481 .824 .599
KECG [27] .478 .835 .598 .490 .844 .610 .486 .851 .610
MUGNN [3] .494 .844 .611 .501 .857 .621 .495 .870 .621
AliNet [41] .539 .826 .628 .549 .831 .645 .552 .852 .657
MSNEA* [7] .609 .831 .685 .541 .776 .620 .557 .820 .643
EVA* [30] .683 .906 .762 .669 .904 .752 .686 .928 .771
MCLEA* [29] .726 .922 .796 .719 .915 .789 .719 .918 .792
UMAEA* .800 .962 .860 .801 .967 .862 .818 .973 .877

w/o IMG .718 .930 .797 .723 .941 .803 .748 .956 .826

It
er

.

BootEA [39] .629 .847 .703 .622 .854 .701 .653 .874 .731
NAEA [62] .650 .867 .720 .641 .873 .718 .673 .894 .752
MSNEA* [7] .648 .881 .728 .557 .804 .643 .583 .848 .672
EVA* [30] .750 .912 .810 .741 .921 .807 .765 .944 .831
MCLEA* [29] .811 .957 .865 .805 .958 .863 .808 .963 .867
UMAEA* .856 .974 .900 .857 .980 .904 .873 .988 .917

w/o IMG .793 .952 .852 .794 .960 .857 .820 .976 .880

4.3 Details Analysis

Component Analysis. We further analyze the impact of each training objec-
tive on our model’s performance in Figure 4, where the absence of any objective
results in varying performance degradation. As mentioned in Section 3.3, IIR
serves as an enhancement for ECIA, and its influence is comparatively less sig-
nificant than that of LGMI and LECIA. The CMMI module’s influence is detailed
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Table 3. Non-iterative (Non-iter.) and iterative (Iter.) results on four standard Multi-
OpenEA [28] datasets with Rimg = 1.0.

Models OpenEAEN−FR OpenEAEN−DE OpenEAD−W−V 1 OpenEAD−W−V 2

H@1 H@10 MRR H@1 H@10 MRR H@1 H@10 MRR H@1 H@10 MRR

N
on

-it
er

. MSNEA* [7] .692 .813 .734 .753 .895 .804 .800 .874 .826 .838 .940 .873
EVA* [30] .785 .932 .836 .922 .983 .945 .858 .946 .891 .890 .981 .922
MCLEA* [29] .819 .943 .864 .939 .988 .957 .881 .955 .908 .928 .983 .949
UMAEA* .848 .966 .891 .956 .994 .971 .904 .971 .930 .948 .996 .967

It
er

.

MSNEA* [7] .699 .823 .742 .788 .917 .835 .809 .885 .836 .862 .954 .894
EVA* [30] .849 .974 .896 .956 .985 .968 .915 .986 .942 .925 .996 .951
MCLEA* [29] .888 .979 .924 .969 .993 .979 .944 .989 .963 .969 .997 .982
UMAEA* .895 .987 .931 .974 998 .984 .945 .994 .965 .973 .999 .984

Fig. 4. The component analysis of UMAEA (w/o CMMI), where the scales on the
horizontal axis represent Rimg ∈ {0.2, 0.4} and “iter.” represents the model performance
on iterative setting.

in Table 1, where it becomes more significant when Rimg is low. CMMI’s pri-
mary function is to mitigate noise in the missing modalities, facilitating efficient
learning at high noise levels and minimizing the noise to existing information.

Efficiency Analysis. Concurrently, we briefly compare the relationship be-
tween model parameter size, training time, and performance. Our model im-
proves the performance with only a minor increase in parameters and time con-
sumption. This indicates that in many cases, our method can directly substitute
these models with minimal additional overhead. While there is potential for
enhancing UMAEA’s efficiency, we view this as a direction for future research.

Table 4. Efficiency Analysis. Non-iterative model performance on three datasets with
Rimg = 0.4, where “Para.” refers to the number of learnable parameters and “Time”
refers to the total time required for model to reach the optimal performance.

Models DBP15KJA−EN DBP15KFR−EN OpenEAEN−FR

Para. (M) Time (Min) MRR Para. (M) Time (Min) MRR Para. (M) Time (Min) MRR

EVA* [30] 13.27 30.9 .711 13.29 30.8 .721 9.81 17.8 .642
MCLEA* [29] 13.22 15.3 .703 13.24 15.7 .702 9.75 19.5 .637
w/o CMMI 13.82 30.2 .810 13.83 28.8 .828 10.35 17.9 .715
UMAEA 14.72 33.4 .813 14.74 32.7 .838 11.26 23.1 .718
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Fig. 5. EA prediction distribution analysis on DBP15KZH−EN (non-iterative), with
Rimg ∈ {0.2, 0.4, 0.6}. “TS” denotes the testing set, where: TS 1 (both entities in an
alignment pair have images); TS 2 (at least one entity in an alignment pair has images);
TS 3 (only one entity in an alignment pair has images); TS 4 (at least one entity in an
alignment pair loss images); TS 5 (neither entity in an alignment pair has images).

Entity Distribution Analysis. To further evaluate the robustness of our
method, we analyze the model’s prediction performance under different distribu-
tions of entity’s visual modality. Concretely, we compare five testing sets under
Rimg ∈ {0.2, 0.4, 0.6} with details presented in Figure 5, where we exclude the
CMMI module during the comparison. We observe that EVA’s performance is
generally stable but underperforms when visual modality is complete (TS 1),
suggesting its overfitting to modality noise in the training stage. In contrast,
MCLEA exhibits more extreme performance fluctuations, performing worse than
EVA does when there’s incomplete visual information within the entity pairs (TS
2, 3, 4, 5). Our superior performance reflects the intuition that the optimal per-
formance occurs in TS 1, with tolerable fluctuations in other scenarios.

5 Conclusion

In this work, we discussed the challenges and limitations of existing MMEA
methods in dealing with modality incompleteness and visual ambiguity. Our
analysis revealed that certain models overfit to modality noise and suffer from
oscillating or declining performance at high modality missing rates, emphasiz-
ing the need for a more robust approach. Thus, we introduced UMAEA which
introduces multi-scale modality hybrid and circularly missing modality imag-
ination to tackle this problem, performing well across all benchmarks. There
remain opportunities for future research, such as evaluating our techniques for
the incompleteness of other modalities (e.g., attribute), and investigating effec-
tive techniques to utilize more detailed visual contents for MMEA.
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A Appendix

Table 5. Statistics for original datasets, where “EA pairs” refers to the pre-aligned
entity pairs. Note that not all entities have the associated images or the equivalent
counterparts in the other KG. For dataset { EN-FR-15K, EN-DE-15K, D-W-15K-V1,
and D-W-15K-V2 } in Multi-OpenEA, we omit the “15K” suffix to unify the description
throughout this paper.

Dataset KG # Ent. # Rel. # Attr. # Rel. Triples # Attr. Triples # Image # EA pairs

DBP15KZH-EN
ZH (Chinese) 19,388 1,701 8,111 70,414 248,035 15,912 15,000EN (English) 19,572 1,323 7,173 95,142 343,218 14,125

DBP15KJA-EN
JA (Japanese) 19,814 1,299 5,882 77,214 248,991 12,739 15,000EN (English) 19,780 1,153 6,066 93,484 320,616 13,741

DBP15KFR-EN
FR (French) 19,661 903 4,547 105,998 273,825 14,174 15,000EN (English) 19,993 1,208 6,422 115,722 351,094 13,858

OpenEAEN-FR
EN (English) 15,000 267 308 47,334 73,121 15,000 15,000FR (French) 15,000 210 404 40,864 67,167 15,000

OpenEAEN-DE
EN (English) 15,000 215 286 47,676 83,755 15,000 15,000DE (German) 15,000 131 194 50,419 156,150 15,000

OpenEAD-W -V 1
DBpedia 15,000 248 342 38,265 68,258 15,000 15,000Wikidata 15,000 169 649 42,746 138,246 15,000

OpenEAD-W -V 2
DBpedia 15,000 167 175 73,983 66,813 15,000 15,000Wikidata 15,000 121 457 83,365 175,686 15,000

Table 6. The proportion Rimg of entities containing images for each dataset in our
setting, with “STD” refers to the standard Rimg in raw datasets.

Dataset Rimg

DBP15KZH-EN 0.05, 0.1, 0.15, 0.2, 0.3, 0.4, 0.45, 0.5, 0.55, 0.6, 0.7, 0.75, 0.7829 (STD)

DBP15KJA-EN 0.05, 0.1, 0.15, 0.2, 0.3, 0.4, 0.45, 0.5, 0.55, 0.6, 0.7, 0.7032 (STD)

DBP15KFR-EN 0.05, 0.1, 0.15, 0.2, 0.3, 0.4, 0.45, 0.5, 0.55, 0.6, 0.6758 (STD)

OpenEAEN-FR 0.05, 0.1, 0.15, 0.2, 0.3, 0.4, 0.45, 0.5, 0.55, 0.6, 0.7, 0.8, 0.9, 0.95, 1.0 (STD)

OpenEAEN-DE 0.05, 0.1, 0.15, 0.2, 0.3, 0.4, 0.45, 0.5, 0.55, 0.6, 0.7, 0.8, 0.9, 0.95, 1.0 (STD)

OpenEAD-W -V 1 0.05, 0.1, 0.15, 0.2, 0.3, 0.4, 0.45, 0.5, 0.55, 0.6, 0.7, 0.8, 0.9, 0.95, 1.0 (STD)

OpenEAD-W -V 2 0.05, 0.1, 0.15, 0.2, 0.3, 0.4, 0.45, 0.5, 0.55, 0.6, 0.7, 0.8, 0.9, 0.95, 1.0 (STD)

A.1 Dataset Statistics

Our detailed dataset statistics are presented in Table 5. A set of pre-aligned
entity pairs is offered for guidance, which is proportionally split into a training
set (seed alignments S) and a testing set Ste based on the given seed alignment
ratio (Rsa). Notably, each entity in the four Multi-OpenEA benchmark [28] is
initially associated with three images obtained from the Google search engine.
In this study, we select the highest-ranked image, which is the first one, to
serve as the visual information for the entity. The details for 97 data splits
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are contained in Table 6, and the complete data for benchmark is accessible at
https://github.com/zjukg/UMAEA.

A.2 Supplementary for Experiments

Fig. 6. The overall standard (non-iterative) and iterative model performance (Hit@1)
under the setting of uncertainly missing modality with Rimg ∈ {0.2, 0.4, 0.6}.

Experiment Settings. Those attribute triples <entity, attribute, value> in
KGs have been researched in many previous EA works [44,32,43,7,60]. Never-
theless, in order to focus on our key subject, we do not utilize the contents of
value parts in this work which are mainly string formats like specific date, land
area or coordinate position. Furthermore, in order to concentrate on uncertainly

https://github.com/zjukg/UMAEA
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missing visual modality, we exclude surface-related information such as the name
of entity, relation, and attribute. Our approach primarily utilizes information de-
rived from the type of entity and relationship, as well as structure of the graph
and the image data, which is inherited from previous works [30,7,29]. Each en-
tity is associated with multiple attributes and either 0 or 1 image. We achieve
this association through id/index sharing, following previous works [7,28,29,30],
rather than explicitly defining triples. For example, Wang et al. [48] incorpo-
rate images as entities through the introduction of a specific Imageof relation,
allowing for a more formal structure and organization of the KG.

Regarding the loss trade-off for multi-task learning, we attempted to use the
Automatic Weighted Loss (AWL) technique [23] to dynamically assign weights
to different training objectives. However, we found that directly summing the
losses after scaling resulted in similar performance (± 0.3% in hit@1) compared
to using AWL. Hence, we omitted this empirical study in the paper.

Regarding R2
img for MCLEA, as mentioned before, the adverse effect grad-

ually recovers and gains benefits as Rimg rises to a certain level R2
img. Here,

R2
img represents the minimum observed Rimg at which the model’s performance

surpasses that without visual information (Rimg=0). For MCLEA, we calcu-
late as follows:: [0.7(ZH-EN) + 0.7(FR-EN) + 0.6(JA-EN) + 0.55(D-W-v1) +
0.7(D-W-v2) + 0.6(EN-DE) + 0.6(EN-FR)]/7× 100% = 63.6%

Additional Experiments. In this section, we provide the remaining bench-
mark results. As a supplement to Figure 5, we offer a performance comparison
of models for DBP15KJA−EN and DBP15KFR−EN under different testing sets,
as shown in Figure 7, which is consistent to DBP15KZH−EN .

Table 7 and Table 8 present the model performance when they are applied
to typical EA tasks excluding the influence of visual modality, which obviates
the need for the CMMI module during training. The results show that our
model achieved superior performance in non-multimodal EA tasks, indicating
that UMAEA can even effectively mitigate the impact of information imbalance
issues arising from attribute, relation, and graph structure during model train-
ing. Furthermore, we provide the performance curves under the Hit@1 metric,
as illustrated in Figure 6, where the general trend in performance change closely
resembles that observed under the MRR metric (Figure 3).

Table 7. Non-iterative (Non-iter.) and iterative (Iter.) results on three standard
DPB15K [37] datasets with Rsa = 0.3 without the visual modality (Rimg = 0).

Models DBP15KZH−EN DBP15KJA−EN DBP15KFR−EN

H@1 H@10 MRR H@1 H@10 MRR H@1 H@10 MRR

N
on

-it
er

. MSNEA [7] .503 .795 .602 .395 .715 .504 .472 .820 .593
EVA [30] .629 .882 .719 .627 .879 .714 .626 .896 .722
MCLEA [29] .672 .907 .756 .663 .904 .751 .679 .923 .769
MEAformer [10] .708 .925 .787 .699 .934 .785 .722 .947 .805
UMAEA .718 .930 .797 .723 .941 .803 .748 .956 .826

It
er

.

MSNEA [7] .545 .850 .648 .451 .788 .567 .531 .872 .648
EVA [30] .696 .907 .774 .695 .908 .772 .708 .930 .790
MCLEA [29] .749 .933 .817 .752 .935 .821 .779 .955 .847
MEAformer [10] .775 .940 .837 .761 .950 .831 .785 .963 .852
UMAEA .793 .952 .852 .794 .960 .857 .820 .976 .880
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Table 8. Non-iterative (Non-iter.) and iterative (Iter.) results on four standard Ope-
nEA [42] datasets with Rsa = 0.2 without the visual modality (Rimg = 0).

Models OpenEAEN−FR OpenEAEN−DE OpenEAD−W−V 1 OpenEAD−W−V 2

H@1 H@10 MRR H@1 H@10 MRR H@1 H@10 MRR H@1 H@10 MRR

N
on

-it
er

. MSNEA [7] .260 .506 .341 .334 .572 .413 .332 .545 .404 .612 .840 .689
EVA [30] .525 .827 .631 .721 .918 .790 .579 .809 .662 .775 .952 .839
MCLEA [29] .571 .862 .675 .737 .921 .803 .620 .848 .704 .816 .972 .874
MEAformer [10] .604 .895 .708 .754 .937 .818 .645 .878 .729 .839 .982 .892
UMAEA .608 .897 .711 .763 .942 .826 .653 .883 .738 .840 .982 .892

It
er

.

MSNEA [7] .294 .580 .391 .385 .621 .463 .417 .655 .500 .657 .864 .726
EVA [30] .602 .873 .699 .770 .936 .829 .658 .861 .734 .848 .980 .899
MCLEA [29] .646 .899 .739 .790 .946 .846 .696 .896 .772 .881 .984 .922
MEAformer [10] .656 .916 .749 .793 .950 .848 .703 .889 .772 .884 .988 .923
UMAEA .670 .921 .763 .801 958 .857 .715 .910 .789 .882 .993 .925

Fig. 7. EA prediction distribution analysis on DBP15KJA−EN and DBP15KFR−EN

(non-iterative), with Rimg ∈ {0.2, 0.4, 0.6}. “TS X” denotes the X part of the testing
set, where: TS 1 (both entities in an alignment pair have images); TS 2 (at least one
entity in an alignment pair has images); TS 3 (only one entity in an alignment pair
has images); TS 4 (at least one entity in an alignment pair loss images); TS 5 (neither
entity in an alignment pair has images).

Baseline Analysis. We attribute the lower performance of translation based
methods (e.g., MSNEA) to their reliance on semantics assumptions, which limits
their ability to capture the complex structural information among entities for
alignment.

Some works [50,55] hold that the structural information plays an important
role in the EA task. By performing graph convolution over an entity’s neighbors,
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GCNs can incorporate more structural characteristics of knowledge graphs, while
the translation assumption in translation-based models focuses more on the re-
lationship among heads, tails and relations.

A.3 Model Details

We reproduce EVA [30], MSNEA [7], MCLEA [29] and MEAformer [10] based
on their source code 8,9,10,11 with their original model pipelines unchanged but
unifying hyper-parameters. Yuan et al. [57] consider the inter-modal effects and
mitigate the impact of weak modalities, while Hama et al. [18] quantify the im-
portance of modality by embedding the entities into the probability distribution.
Guo et al. [17] propose the GEEA framework with the mutual variational autoen-
coder (M-VAE) to mutually encode/decode entities between source and target
KGs for both entity alignment and entity synthesis. Given that their methods
have different goals than ours and were recently published, we did not perform
direct comparisons with them in our experiments.

A.4 Metric Details

Hits@N describes the fraction of true aligned target entities that appear in the
first N entities of the sorted rank list:

Hits@N =
1

|Ste|

|Ste|∑
i=1

I[ranki ⩽ N] , (24)

where ranki refers to the rank position of the first correct mapping for the i-th
query entities and I = 1 if ranki ⩽ N and 0 otherwise. Ste refers to the testing
alignment set.

MRR (Mean Reciprocal Ranking ↑) is a statistic measure for evaluating many
algorithms that produces a list of possible responses to a sample of queries,
ordered by probability of correctness. In the field of EA, the reciprocal rank of
a query entity (i.e., an entity from the source KG) response is the multiplicative
inverse of the rank of the first correct alignment entity in the target KG. MRR is
the average of the reciprocal ranks of results for a sample of candidate alignment
entities:

MRR =
1

|Ste|

|Ste|∑
i=1

1

ranki
. (25)

8 https://github.com/cambridgeltl/eva
9 https://github.com/lzxlin/MCLEA

10 https://github.com/liyichen-cly/MSNEA
11 https://github.com/zjukg/MEAformer

https://github.com/cambridgeltl/eva
https://github.com/lzxlin/MCLEA
https://github.com/liyichen-cly/MSNEA
https://github.com/zjukg/MEAformer
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MR (Mean Rank ↓) computes the arithmetic mean over all individual ranks
which is similar to MRR:

MR =
1

|Ste|

|Ste|∑
i=1

ranki . (26)

Note that MR is sensitive to any model performance changes, not only changes
that occur below a certain cutoff and therefore reflects the average performance.

A.5 Future Work & Discussion

Knowledge Graphs (KGs) have been empirically validated to provide substantial
benefits in a multitude of downstream applications. They serve as significant
sources of knowledge supplementation and data augmentation for diverse tasks
including, but not limited to, Question Answering [9,11], Zero-shot Learning
[5,4,12,16], and AI4Science [14,13].

Despite these advancements, the application of Multi-modal Knowledge Graphs
(MMKGs) to such tasks remains relatively unexplored. One plausible reason
for this gap is the inherent uncertainty, ambiguity, and occasional missing phe-
nomena associated with various modalities in MMKGs, a challenge particularly
prominent within the visual modality, as examined in this paper.

Our objective with this research is to stimulate further academic discourse
and exploration in the direction of Multi-modal Entity Alignment (MMEA).
We anticipate more scholarly endeavors focusing on MMKG-driven downstream
tasks, and we eagerly look forward to the comprehensive understanding and
exploitation of the untapped potential of multi-modal KGs within the Semantic
Web community.

Moreover, there remain opportunities for future research related to this work,
such as evaluating our techniques in the context of incompleteness in other
modalities (e.g., attribute), and investigating effective techniques to utilize more
detailed visual contents for MMEA. There is potential for enhancing UMAEA’s
efficiency, we also view this as a direction for future research which has not been
explored in depth.
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