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ABSTRACT

Recent embedding-based methods have achieved great successes in exploiting en-
tity alignment from knowledge graph (KG) embeddings of multiple modalities. In
this paper, we study embedding-based entity alignment (EEA) from a perspective
of generative models. We show that EEA shares similarities with typical generative
models and prove the effectiveness of the recently developed generative adversarial
network (GAN)-based EEA methods theoretically. We then reveal that their incom-
plete objective limits the capacity on both entity alignment and entity synthesis
(i.e., generating new entities). We mitigate this problem by introducing a genera-
tive EEA (GEEA) framework with the proposed mutual variational autoencoder
(M-VAE) as the generative model. M-VAE enables entity conversion between KGs
and generation of new entities from random noise vectors. We demonstrate the
power of GEEA with theoretical analysis and empirical experiments on both entity
alignment and entity synthesis tasks. The source code and datasets are available at
github.com/zjukg/GEEA.

1 INTRODUCTION

As one of the most prevalent tasks in the knowledge graph (KG) area, entity alignment (EA) has
recently made great progress and developments with the support of the embedding techniques (Chen
et al., 2017} Sun et al., 2017} Zhang et al., 2019} |Chen et al., 2020; Liu et al., 2021} |Chen et al.,
2022a:b; |Guo et al., 2022ajjb; |Chen et al., 2024)). By encoding the relational and other information
into low-dimensional vectors, the embedding-based entity alignment (EEA) methods are friendly for
development and deployment, and have achieved state-of-the-art performance on many benchmarks.

The objective of EA is to maximize the conditional probability p(y|z), where x, y are a pair of
aligned entities belonging to source KG & and target KG ), respectively. If we view z as the input
and y as the label (and vice versa), the problem can be solved by a discriminative model. To this end,
we need an EEA model which comprises an encoder module and a fusion layer (Zhang et al.,[2019;
Chen et al.| 2020; |Liu et al., [2021}; [Chen et al., 2022a3bj [Lin et al.l 2022) (see Figure E]) The encoder
module uses different encoders to encode multi-modal information into low-dimensional embeddings.
The fusion layer then combines these sub-embeddings to a joint embedding as the output.

We also need a predictor, as shown in the yellow area in Figure[I] The predictor is usually independent
of the EEA model and parameterized with neural layers (Chen et al.,[2017; Guo et al.l 2020) or based
on the embedding distance (Sun et al., 2017;2018)). In either case, it learns the probability p(y|z)
where p(y|x) = 1 if the two entities x, y are aligned and 0 otherwise. The difference lies primarily in
data augmentation. The existing methods employ different strategies to construct more training data,
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Figure 1: Ilustration of embedding-based entity alignment. The modules in the blue area belong to

the EEA model, while those in the yellow area belong to the predictor.

e.g., negative sampling (Chen et al.,2017;|Sun et al.| [2017; Wang et al., | 2018)) and bootstrapping (Sun
et al., 2018, [Pei et al., 2019a; |Guo et al., [2022a)).

In fact, entity alignment is not the ultimate aim of many applications. The results of entity alignment
are used to enrich each other’s KGs, but there are often entities in the source KG that do not have
aligned counterparts in the target KG, known as dangling entities (Sun et al.| 2021}, [Luo & Yul [2022).
For instance, a source entity Star Wars (film) may not have a counterpart in the target KG, which
means we cannot directly enrich the target KG with the information of Star Wars (film) via entity
alignment. However, if we can convert entities like Star Wars (film) from the source KG to the target
KG, it would save a major expenditure of time and effort for many knowledge engineering tasks,
such as knowledge integration and fact checking. Hence, we propose conditional entity synthesis
to generate new entities for the target KG with the entities in the source KG as input. Additionally,
generating new entities from random variables may contribute to the fields like Metaverse and video
games where the design of virtual characters still relies on hand-crafted features and randomized
algorithms (Khalifa et al.l 2017} [Lee et al., [2021). For example, modern video games feature a
large number of non-player characters (NPCs) with unique backgrounds and relationships, which are
essential for creating immersive virtual worlds. Designing NPCs is a laborious and complex process,
and using the randomized algorithms often yields unrealistic results. By storing the information and
relationships of NPCs in a KG, one can leverage even a small initial training KG to generate high-
quality NPCs with coherent backgrounds and relationships. Therefore, we propose unconditional
entity synthesis for generating new entities with random noise vectors as input.

We propose a generative EEA (abbr., GEEA) framework with the mutual variational autoencoder
(M-VAE) to encode/decode entities between source and target KGs. GEEA is capable of generating
concrete features, such as the exact neighborhood or attribute information of a new entity, rather
than only the inexplicable embeddings as previous works have done (Pei et al., [2019ab; |Guo et al.,
2022b). We introduce the prior reconstruction and post reconstruction to control the generation
process. Briefly, the prior reconstruction is used to generate specific features for each modality, while
the post reconstruction ensures these different kinds of features belong to the same entity. We conduct
experiments to validate the performance of GEEA, where it achieves state-of-the-art performance in
entity alignment and generates high-quality new entities in entity synthesis.

2 REVISIT EMBEDDING-BASED ENTITY ALIGNMENT

In this section, we revisit embedding-based entity alignment by a theoretical analysis of how the
generative models contribute to entity alignment learning, and then discuss their limitations.

2.1 PRELIMINARIES

Entity Alignment Entity alignment aims to find the implicitly aligned entity pairs {(x,y)|x €
X,y € Y}, where X, Y denote the source and target entity sets, and (z,y) represents a pair of
aligned entities referring to the same real-world object. An EEA model M uses a small number of
aligned entity pairs S (a.k.a., seed alignment set) as training data to infer the remaining alignment
pairs 7 in the testing set. We consider three different modalities: relational graphs G, G,, attributes
A, Ay, and images Z,,, Z,,. Other types of information can be also given as features for X and ).

For instance, the relational graph feature of an entity Star Wars (film) is represented as triplets, such
as (Star Wars (film), founded by, George Lucas). Similarly, the attribute feature is represented as
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attribute triplets, e.g(Star Wars ( Im), title, Star Wars (English)Jor the image feature, we follow

the existing multi-modal EEA works to use a constant pretrained embedding from a vision model as
the image feature dbtar Wars (Im)(Liu et all,[2021} Lin et all, 2022). The EEA moddl takes the
above multi-modal features= (gx; ax; ix;:::) as input, whergy, ax, ix denote the relational graph
information, attribute information and image informatiorxgfrespectively. The output consists of

the embeddings for each modality (i.e., sub-embeddings) and a nal output embed@iag joint
embedding) that combines all modalities:

X = M (x) = Linear(ConcatM 4(g¢); M a(ax); M i(ix);:::)) 1)
= Linear(Concafgy; ax;ix; ::)); 2

whereM 4, M ,, andM ; denote the EEA encoders for different modalities (also see Higugs 1).
ay, andix denote the embeddings of different modalities. Similarly, we obtdigy = M (y).

Entity Synthesis We consider two entity synthesis tasks: conditional entity synthesis and uncondi-
tional entity synthesis. Conditional entity synthesis aims to generate entities in the target KG with
the dangling entities in the source KG as input. Formally, the model takes anxeastinput and
convert it to an entityy, y for the target KG. It should also produce the corresponding concrete
features, such as neighborhood and attribute information speci c to the target KG. On the other hand,
the unconditional entity synthesis involves generating new entities in the target KG with random
noise variables as input. Formally, the model takes a random noise zeatdnput and generate a
target entity embedding,: , which is then converted back to concrete features.

For instance, to reconstruct the neighborhood (or attribute) informati&teofWars ( Im)from its
embedding, we can leverage a decoder module to convert the embedding into a probability distribution
of all candidate entities (or attributes). As the image features are constant pretrained embeddings, we
can use the image corresponding to the nearest neighbor of the reconstructed image embedding of
Star Wars (Im)as the output image.

Generative Models Generative models learn the underlying probability distribugfpn of the
input datax. Take variational autoencoder (VAE) (Kingma & Welling, 2013) as an example, the
encoding and decoding processes can be de ned as:

h = Encode(x) (Encoding) 3)
z= + = Linear (h) + Linear (h) (Reparameterization Trick)  (4)
Xx1 x = Decodefz) (Decoding) (5)

whereh is the hidden output. VAE uses the reparameterization trick to retvigte coef cients

in a deterministic function of a noise variabl N ( ;0; 1), to enable back-propagatiox,
denotes that this reconstructed entity embedding is wib input and fok. VAE generates new
entities by sampling a noise vectoand converting it tox.

2.2 EEA BENEFITS FROM THEGENERATIVE OBJECTIVES

Letx X ,y Y betwo entities sampled from the entity sEtsY, respectively. The main target of
EEA is to learn a predictor that estimates the conditional probalpilifyjy) (and reverselp (yjx)),
where represents the parameter set. For simplicity, we assume that the reverse fpngtjen
shares the same parameter set \witfxjy).

Now, suppose that one wants to Ieazrn a generative model for generating entity embeddings:

logp(x) =log p(x) p (yjx)dy (6)
h ooy
= E5 (0 109 20+ D (p (1) K plyiX)): ™

where the left-hand side of Equatigrj (7) is the evidence lower bound (ELBO) (Kingma & Welling,
2013), and the right-hand side is the Kullback-Leibler (KL) divergence (Kullback & Leibler,/1951)
between our parameterized distributior{yjx) (i.e., the predictor) and the true distributipfyx).

In typical generative learningyyjx) is intractable becauseis a noise variable sampled from a
normal distribution, and thys(yjx) is unknown. However, in EEA, we can obtain a few samples by
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using the training set, which leads to a classical negative sampling loss (Sun et al., 2017; Cao et al.,
2019; Zhang et al., 2019; Chen et al., 2020; Guo et al., 2020; Sun et al., 2020a; Liu et al., 2021; Chen
et al., 2022a;b; Guo et al., 2022a;b; Lin et al., 2022):

X o o 1 X o o
Los= [ log(p (y'ix")P(y'ix N+ o~ log p (y/ X)L p(y’ix)) I ®)
[ NSiei
where(y'; x') denotes a pair of aligned entities in the training data. The randomly sampledygntity
is regarded as the negative entityj are the entity IDSN s is the normalization constant. Heieys
is formulated as a cross-entropy loss with the lad§gl jx') de ned as:

o if 16|
1; otherwise

9)

Given that EEA typically uses only a small number of aligned entity pairs for training, the observation

of p(yjx) may be subject to bias and limitations. To alleviate this problem, the recent GAN-based
methods (Pei et al., 2019a;b; Guo et al., 2022b) propose leveraging entities outside the training set
for unsupervised learning. The common idea behind these methods is to make the entity embeddings
from different KGs indiscriminative to a discriminator, such that the underlying aligned entities shall
be encoded in the same way and have similar embeddings. To formally prove this idea, we dissect
the ELBO in Equation (7) as follows:

h p(X;y) i h i
Ep (yix) l0g 0 (y’jx) = Ep yjx) logp (xjy) D (p (Yix) kp(y)) (10)

The complete derivatiohn in this section can be found in Appendix A.1. Therefore, we have:
|
logp(x) = :Ep (vix) |€gp (ij)} lDKL (P (y{jX) k |0(y)3l + lDKL (p (yj{X) k p(in)i 11)
4 z 4
reconstruction term distribution matching term prediction matching term

p(y! jx') =

The rst term aims to reconstruct the original embeddinbased ory generated fronx, which

has not been studied in existing discriminative EEA methods (Guo et al., 2020; Liu et al., 2021; Lin
et al., 2022). The second term enforces the distribution cbnditioned orx to match the prior
distribution ofy, which has been investigated by the GAN-based EEA methods (Pei et al., 2019a;b;
Guo et al., 2022b). The third term represents the main objective of EEA (as described in Equation (8)
where the targgt(yjx) is partially observed).

Note thatp(x) is irrelevant to our parameter seand can be treated as a constant during optimization.
Consequently, maximizing the ELBO (i.e., maximizing the rst term and minimizing the second
term) will result in minimizing the third term:

Proposition 1. Maximizing the reconstruction term and/or minimizing the distribution matching
term subsequently minimizes the EEA prediction matching term.

The primary objective of EEA is to minimize the prediction matching term. Proposition 1 provides
theoretical evidence that the generative objectives naturally contribute to the minimization of the
EEA objective, thereby enhancing overall performance.

2.3 THE LIMITATIONS OF GAN-BASED EEA METHODS

The GAN-based EEA methods leverage a discriminator to discriminate the entities from one KG
against those from another KG. Supposed #hat are embeddings produced by an EEA model
M , sampled from the source KG and the target KG, respectively. The GAN-based methods train a
discriminatoﬂ:r)1 to distinguishx fromy (and vice versa), with the following objective:

i

argmax Exx logD (M (x))+ Eyy logD (M (y)) (Generator) (12)

Y i
+argmax Exx logD (M (x))+ Eyy log(d D (M (y)) (Discriminator)  (13)

Here, the EEA modeM takes entitiex, y as input and produces the output embeddixgg,
respectivelyD is the discriminator that learns to predict whether the input variable is from the target
distribution. , are the parameter setsidf, D, respectively.
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It is important to note that botk = M (x) andy = M (y) do not follow a xed distribution (e.g.,

a normal distribution). They are learnable vectors during training, which is signi cantly different
from the objective of a typical GAN, where variables likg¢e.g., an image) and(e.g., sampled from

a normal distribution) have deterministic distributions. Consequently, the generator in Equation (12)
can be overly strong, allowing, y to be consistently mapped to plausible positions to dedgive

Therefore, one major issue with the existing GAN-based methadsde collapsé¢Srivastava et al.,

2017; Pei et al., 2019b; Guo et al., 2022b). Mode collapse often occurs when the generator (i.e., the
EEA model in our case) over-optimizes for the discriminator. The generator may nd some outputs
appear most plausible to the discriminator and consistently produces those outputs. This is harmful
for EEA as irrelevant entities are encouraged to have similar embeddings. We argoetieat
collapseis more likely to occur in the existing GAN-based EEA methods, which is why they often
use a very small weight (e.d);001 or less) to optimize the generator against the discriminator (Pei
etal., 2019b; Guo et al., 2022b).

Another limitation of the existing GAN-based methods is their inability to generate new entities. The
generated target entity embedding y cannot be converted back to the native concrete features,
such as the neighborhodgt?; y?; :::g or attributes a'; a?; :::g.

3 GENERATIVE EMBEDDING-BASED ENTITY ALIGNMENT

3.1 MUTUAL VARIATIONAL AUTOENCODER

In many generative tasks, such as image synthesis, the conditional variable (e.g., a textual description)
and the input variable (e.g., an image) differ in modality. However, in our case, they are entities
from different KGs. Therefore, we propose mutual variational autoencoder (M-VAE) for ef cient
generation of new entities. One of the most important characteristics of M-VAE lies in the variety of
the encode-decode process. It has four different ows:

The rsttwo ows are used for self-supervised learning, i.e., reconstructing the input variables:
Xx1 x;2Zxt x = VAEX); Yy yizyr y = VAHY); 8X;8y;x2X;y2Y (14)

We use the subscript  to denote the ow is fronx to x, and similarly fory, y. zy1 «,zy y are

the latent variables (as de ned in Equation 4) of the two ows, respectively. In EEA, the majority
of alignment pairs are unknown, but all information of the entities is known. Thus, these two ows
provide abundant examples to train GEEA in a self-supervised fashion.

The latter two ows are used for supervised learning, i.e., reconstructing the mutual target variables:
Yxi yiZx y = VAEX); Xy x;Zy1 x = VAHY); 8(x;y) 2 S: (15)

It is worth noting that we always share the parameters of VAEs across all ows. We wish the rich
experience gained from reconstructing the input variables (Equation (14)) can be exibly conveyed to
reconstructing the mutual target (Equation (15)).

3.2 DISTRIBUTION MATCH

The existing GAN-based methods directly minimize the KL divergence (Kullback & Leibler, 1951)
between two embedding distributions, resulting in the over-optimization of generator and incapability
of generating new entities. In this paper, we propose to draw support from the latent noise variable
to avoid these two issues. The distribution match loss is de ned as follows:

Lia = Dk (P(zxt x);P(z )) + Diw (P(zyr y)ip(Z )): (16)

wherep(zx: x) denotes the distribution @, «, andp(z ) denotes the target normal distribution.
We do not optimize the distributions af: y, z,1 « in the latter two ows, because they are sampled
from seed alignment s&, a (likely) biased and small training set.

Minimizing Ly can be regarded as aligning the entity embeddings from respective KGs to a xed
normal distribution. We provide a formal proof that the entity embedding distributions of two KGs
will be aligned although we do not implicitly minimize ;. (p(x); p(y)):
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Figure 2: The work ow of GEEA. Top: different sub-VAEs process different sub-embeddings, and
the respective decoders convert the sub-embeddings back to concrete features. Bottom-left: the entity
alignment prediction loss is retained. Bottom-center: the latent variables of sub-VAEs are used for
distribution matching. Bottom-right: The reconstructed sub-embeddings are feed into the fusion layer
in the EEA model to produce the reconstructed joint embedding for post reconstruction.

Proposition 2. Letz , zy, &, Zy1 y be the normal distribution, and the latent variable distribu-
tions w.r.t. X andY, respectively. Jointly minimizing the KL divergerige, (p(zx: x);p(z )),
Dk (p(zy: y);p(z )) will contribute to minimizindd k. (p(x); p(y)):

Dk (P(X);p(Y)) I Dk (p(Zx1 x);p(z )) + Diw (P(2yr y):p(Z ) (17)

Proof. Please see Appendix A.2. O

3.3 PRIOR RECONSTRUCTION

The prior reconstruction aims to reconstruct the sub-embedding of each modality and recover the
original concrete feature from the sub-embedding. Take the relational graph information of ow
x ! yasanexample, we rst employ a SMAE to process the input sub-embedding:

Ox1 y;Z3 y = VAE(0x) (18)
whereVAE; denotes the variational autoencoder for relational graph informagiois the graph
embedding ok, andgy: y is the reconstructed graph embeddingydrased orx. zg, , is the
corresponding latent variable. To recover the original features (i.e., the neighborhoocf/information of
y), we consider a prediction loss de ned as:

Lg,, , = gy logDecodeg(gx: y)+(1 gy)log(l Decodeg(gx: y)) (29)

Here,Lg,, , is a binary cross-entropy (BCE) loss. We employ a dec@dzodey to convert the
reconstructed sub-embeddigg , to a probability estimation regarding the neighborhoog.of

3.4 POSTRECONSTRUCTION

We propose post reconstruction to ensure the reconstructed features of different modalities belong to
the same entity. We re-input the reconstructed sub-embedtiings, ; ax: y; :::g to the fusion layer

(de ned in the EEA modeM ) to obtain a reconstructed joint embedding . We then employs

mean square error (MSE) loss to match the reconstructed joint embedding with the original one:

yxi y = Fusion(fgx y;ax y;:ig); 8(x;y)2S (20)
Ly y = MSHyy: y;NoGradienty)); 8(x;y)2S; (22)
whereL, y denotes the post reconstruction loss for the reconstructed joint embeggding Fusion

represents the fusion layer i , andMSEis the mean square error. We use the copy value of the
original joint embeddingdNoGradienty) to avoidy inversely matclyy: y.
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Table 1: Entity alignment results on DBP15K datasets, without surface information and iterative
strategy.": higher is better#: lower is better. Average @& runs, the same below.

Models DBP15Kz-en DBP15Kuen DBP15K-r.en
Hits@1' Hits@10 MRR" Hits@1' Hits@10' MRR" Hits@1' Hits@10' MRR"
MUGNN (Cao et al., 2019) 494 .844 611 501 .857 621 495 .870 621
AliNet (Sun et al., 2020a) .539 .826 .628 .549 .831 .645 .552 .852 .657
decentRL (Guo et al., 2020) .589 .819 672 .596 .819 678 .602 .842 .689
EVA (Liu et al., 2021) .680 910 762 673 .908 757 .683 _.923 .767
MSNEA (Chen et al., 2022a) .601 .830 .684 .535 775 617 .543 .801 .630
MCLEA (Lin et al., 2022) 715 923 .788 715 .909 .785 711 .909 782
NeoEA (MCLEA) (Guo etal., 2022b) _.723 924 796 721 .909 .789 717 910 787
GEEA 761 946 .827 .755 .953 .827 776 .962 .844

Table 2: Results on FB15K-DB15K and FB15K-YAGO15K datasets.

| #Paras M)/ FB15K-DB15K FB15K-YAGO15K
Models Training time (s)
| Hits@I' Hits@10 MRR' | Hits@T Hits@10 MRR'
EVA 10.2/1,467.6 199 448 283 153 361 224
MSNEA 115/775.2 114 296 175|103 249 153
MCLEA 13.21285.4 295 582 393 254 484 332
GEEAsmaLL 11.2/217.3 322 .602 417 .270 513 .352 . i
GEEA 13.9/252.4 343 661 450 ‘ 298 585 303 Figure 3: MRR results on

FBDB15K, w.r.t. epochs.
3.5 IMPLEMENTATION DETAILS

We take Figure 2 as an example to illustrate the work ow of GEEA. First, the sub-embeddings
outputted byM are used as input for sub-VAEs (top-left). Then, the reconstructed sub-embeddings
are passed to respective decoders to predict the concrete features of different modalities (top-right).
The conventional entity alignment prediction loss is also retained in GEEA (bottom-left). The latent
variables outputted by sub-VAEs are further used to match the prede ned normal distribution (bottom-
center). The reconstructed sub-embeddings are fed into the fusion layer to obtain a reconstructed joint
embedding, which is used to match the true joint embedding for post reconstruction (bottom-right).
The nal training loss is de ned as:

X X X

L= me + |bf} + I-kId;m + ﬁ-i}s (22)
f2F ian g:a;i{:ér g }  post reconstruction ian g;a:i:fz g9 } prediction matching term
| prior reconstru i7on distribution matching term

reconstruction term

whereF = fx! x;y! y;x! y;y! xgisthesetofall ows, andg;a;i;::gis the set of all
available modalities. For more details, please refer to Appendix B.

4 EXPERIMENTS

4,1 SETTINGS

We used the multi-modal EEA benchmarks (DBP15K (Sun et al., 2017), FB15K-DB15K and
FB15K-YAGO15K (Chen et al., 2020)) as datasets, excluding surface information (i.e., the textual
label information) to prevent data leakage (Sun et al., 2020b; Chen et al., 2022b). The baselines
MUGNN (Cao et al., 2019), AliNet (Sun et al., 2020a) and decentRL (Guo et al., 2020) are methods
tailored to relational graphs, while EVA (Liu et al., 2021), MSNEA (Chen et al., 2022a) and
MCLEA (Lin et al., 2022) are state-of-the-art multi-modal EEA methods. We chose MCLEA (Lin

et al., 2022) as the EEA model of GEEA and NeoEA (Guo et al., 2022b) in the main experiments.
The results of using other models (e.g., EVA and MSNEA) can be found in Appendix C. The neural
layers and input/hidden/output dimensions were kept identical for fair comparison.

4.2 BENTITY ALIGNMENT RESULTS

The entity alignment results on DBP15K are shown in Tables 1. The multi-modal methods signi -
cantly outperformed the single-modal methods, demonstrating the strength of leveraging different
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Table 3: Entity synthesis results on ve datasets. PREQ 2), RE ( 10 2) denote the reconstruc-
tion errors for prior concrete features and output embeddings, respectively.

Models DBP15Kznen DBP15Ken DBP15Ker en FB15K-DB15K FB15K-YAGO15K
PREf RE# FID¥ PREf RE4# FID# PRBf RE# FID# PREf RE# FID# PREf RE¢ FID#

MCLEA + decoder ~ 8.104 4218 N/A 7.640 5441 N/A 10578 5985 N/A 18504 inf  N/A 20997 inf  N/A

VAE + decoder 0.737 _0.206 1.821 0542 0.329 _2.184 0.856 0.689 3.083 10.564 11.35410.495 9.645 9.982 16.180

Sub-VAEs + decoder _0.701 0.246 1920 _0.531 0.291 2483 0.514 0.663 2.694 3.557 15589 4.340 2424 5576 5.503

GEEA 0438 0.184 0935 0385 0195 1.871 0451 0121 2422 3.141 6151 3.089 1730 2039 3.903

Figure 4: Entity alignment results on FBDB15K, w.r.t. ratios of training alignment.

resources. Remarkably, our GEEA achieved new state-of-the-art performance on all three datasets
across all metrics. The superior performance empirically veri ed the correlations between the gener-
ative objectives and EEA objective. In Table 2, we compared the performance of the multi-modal
methods on FB15K-DB15K and FB15K-YAGO15K, where GEEA remained the best-performing
method. Nevertheless, we observe that GEEA had more parameters compared with others, as it used
VAEs and decoders to decode the embeddings back to concrete features. To probe the effectiveness
of GEEA, we reduced the number of heurons to construct a GlgrA and it still outperformed

others with a signi cant margin.

In Figure 3, we plotted the MRR results w.r.t. training epochs on FBDB15K, where MCLEA and
GEEA learned much faster than the methods with fewer parameters (i.e., EVA and MSNEA). In
Figure 4, we further compared the performance of these two best-performing methods under different
ratios of training alignment. We can observe that our GEEA achieved consistent better performance
than MCLEA across various settings and metrics. The performance gap was more signi cantly when
there were fewer training entity alignments 80%). For instance, GEEA surpassed the second-best
method by 36.1% in Hits@1 when only 10% aligned entity pairs were used for training.

In summary, the primary weakness of GEEA is its higher parameter count compared to existing

methods. However, we demonstrated that a compact version of GEEA still outperformed the baselines
in Table 2. This suggests that its potential weakness is manageable. Additionally, GEEA excelled in

utilizing training data, achieving greater performance gains with less available training data.

4.3 BENTITY SYNTHESISRESULTS

We conducted entity synthesis experiments by modifying the EEA benchmarks. We randomly
selected 30% of the source entities in the testing alignment sktraggding entitiesand removed the
information of their counterpart entities during training. The goal was to reconstruct the information of
their counterpart entities. We evaluated the performance using several metrics: the prior reconstruction
error (PRE) for concrete features, the reconstruction error (RE) for the sub-embeddings, and Frechet
inception distance (FID) for unconditional synthesis (Heusel et al., 2017). FID is a popular metric for
evaluating generative models by measuring the feature distance between real and generated samples.

We implemented several baselines for comparison and present the results in Table 3: MCLEA with the
decoders performed worst and it could not generate new entities unconditionally. Using Sub-VAEs to
process different modalities performed better than using one VAE to process all modalities. However,
the VAEs in Sub-VAESs could not support each other, and sometimes they failed to reconstruct the
embeddings (e.g., the RE results on FB15K-DB15K). By contrast, our GEEA consistently and

signi cantly outperformed these baselines. We also noticed that the results on FB15K-DB15K and

FB15K-YAGO15K were worse than those on DBP15K. This could be due to the larger heterogeneity
between two KGs compared to the heterogeneity between two languages of the same KG.

We present some generated samples of GEEA conditioned on the source dangling entities in Table 4.
GEEA not only generated samples with the exact information that existed in the target KG, but also
completed the target entities with highly reliable predictions. For example, the StaityVars ( Im)
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Table 4: Entity synthesis samples from the FB15K-DB15K dataset. bbldfaced denotes the
exactly matched entry, while the underlingeinotes the potentially true entry.

Source Target GEEA Output
Entity Image | Image Neighborhood Attribute | Image Neighborhood Attribute
Star W 20th Century Fox, runtime, 20th Century Fox, George Lucas initial release date
Ialr ars George Lucas, gross, Star Wars: Episode |Willow (Im), runtime, budget, gross
(Im) John Williams budget Aliens (Im) , Star Wars: The Clone War imdbld, numberOfEpisodes
. . deathYearbirthYear,
The Beatles, Guitar, birthDate, deathDate| The Beatles n
f;ﬁ;%i Rock music, activeYearsStartYear, The Band Ringo Stary :ig&zss;ggm;
(musician) Klaus Voormann, activeYearsEndYear, Klaus Voormann, ac(iveYearsEndYear‘
Jeff Lynne, Pop music imdbld Jeff Lynne, Rock music imdbld, height netwo’rth
Table 5: Ablation study results on DBP15Kgn.
Prediction  Distribution Prior Post Entity Alignment Entity Synthesis
Match Match Reconstruction Reconstructign Hits@1" Hits@10' MRR" \ PRE# RE# FID#
P " " " 761 946 827 | 0438 0184 0935
p p p .045 .186 .095 0.717 0.306 2.149
p P p .702 .932 .783 0.551 0.193 1.821
p P p 746 .930 .813 inf 0.267 1.148
.750 .942 .819 0.701 0.246 1.920

in target KG only had three basic attributes in the target KG, but GEEA predicted that it may also
have the attributes likendbid andinitial release data

4.4 ABLATION STUDY

We conducted ablation studies to verify the effectiveness of each module in GEEA. In Table 5, we can
observe that the best results were achieved by the complete GEEA, and removing any module resulted
in a performance loss. Interestingly, GEEA still worked even if we did not employ an EEA loss (the
2nd row) in the entity alignment experiment. It captured alignment information without the explicit
optimization of the entity alignment objective through contrastive loss, which is an indispensable
module in previous EEA methods. This observation further validates the effectiveness of GEEA.

5 RELATED WORKS

Embedding-based Entity Alignment Most pioneer works focus on modeling the relational graph
information. They can be divided into triplet-based (Sun et al., 2017; Pei et al., 2019a) and GNN-
based (Wang et al., 2018; Guo et al., 2020). Recent methods explore multi-modal KG embedding
for EEA (Zhang et al., 2019; Chen et al., 2022b; Lin et al., 2022). Although GEEA is designhed
for multi-modal EEA, it differs by focusing on objective optimization rather than speci ¢ models.
GAN-based methods (Pei et al., 2019a; Guo et al., 2022b) are closely related to GEEA but distinct,
as GEEA prioritizes the reconstruction process, while the existing methods focus on processing
relational graph information for EEA.

Variational Autoencoder We draw the inspiration from various excellent works, e.g., VAEs, ow-
based models, GANs, and diffusion models that have achieved state-of-the-art performance in many
elds (Heusel et al., 2017; Kong et al., 2020; Mittal et al., 2021; Nichol & Dhariwal, 2021; Ho et al.,
2020; Rombach et al., 2022). Furthermore, recent studies (Hoogeboom et al., 2022; Li et al., 2022)
nd that these generative models can be used in controllable text generation. To the best of our
knowledge, GEEA is the rst method capable of generating new entities with concrete features. The
design of M-VAE, prior and post reconstruction also differs from existing generative models and may
offer insights for other domains.

6 CONCLUSION

This paper presents a theoretical analysis of how generative models can enhance EEA learning
and introduces GEEA to address the limitations of existing GAN-based methods. Experiments
demonstrate that GEEA achieves state-of-the-art performance in entity alignment and entity synthesis
tasks. Future work will focus on designing new multi-modal encoders to enhance generative ability.
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A PROOFS OFTHINGS

A.1 THE COMPLETE PROOF OFPROPOSITION1

Proof. Letx X ,y Y be two entities sampled from the entity sEtsY, respectively. The main
target of EEA is to learn a predictor that estimates the conditional probapbiligjy) (and reversely

p (Yjx)), where represents the parameter set. For simplicity, we assume that the reverse function
p (yjx) shares the same parameter set \pitfxjy).

Now, suppose that one wants to learn a generative model for generating entity embeddings:

0p(0) = og 500 b Oy (23)
= p (yjx)log p(x)dy (24)
= Ep (yin[logp(x)] (25)
e B2
= Ep i |09W' | (27)
= Ep i l0g ;’((Xy]yx))' + Dy (p (yix) K P(YiX)); (29)

where the left-hand side of Equation (7) is the evidence lower bound (ELBO) (Kingma & Welling,
2013), and the right-hand side is the KL divergence (Kullback & Leibler, 1951) between our
parameterized distributiom (yjx) (i.e., the predictor) and the true distributipfyjx).

The recent GAN-based methods (Pei et al., 2019a;b; Guo et al., 2022b) propose to leverage the entities
out of training set for unsupervised learning. Their common idea is to make the entity embeddings
from different KGs indiscriminative to a discriminator, and the underlying aligned entities shall be
encoded in the same way and have similar embeddings. To formally prove this idea, we dissect the
ELBO in Equation (7) as follows:

h h

px;y) ! p (xiy)p(y)'
E, (vixy IO - = E, (vixy log——————+ 30
p (yix) 109 0 (yix) p (yix) 109 P (yix) _ (30)
= Ep (yix) logp (XI'Y)I + Ep (yix) log Ly-)l (31)
h i p (yix)
= Ep (yjx) logp (xjy) D (p (yix) kp(y)) (32)
Therefore, we have:
h i

logp(x) = :Ep (yix) I{ogp (xjy)} Dk (p (y{JX)kp(y)g+ FKL (p (yJ{X)kp(in)g (33)

z z z

reconstruction term distribution matching term prediction matching term

The rst term aims to reconstruct the original embeddinbased ory generated fronx, which

has not been studied by the existing discriminative EEA methods (Guo et al., 2020; Liu et al., 2021;
Lin et al., 2022). The second term imposes the distribwfi@monditioned orx to match the prior
distribution ofy, which has been investigated by the GAN-based EEA methods (Pei et al., 2019a;b;
Guo et al., 2022b). The third term is the main objective of EEA (i.e., Equation (8) with the target
p(yjx) being only partially observed).

Note that,p(x) is irrelevant to our parameter setand thus can be regarded as a constant during
optimization. Therefore, maximizing the ELBO (i.e., maximizing the rst term and minimizing the
second term) will result in minimizing the third term, concluding the proof. O

12
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A.2 PROOF OFPROPOSITIONZ2

Proof. We rst have a look on the right hand:

DkL (P(zx: x);p(z )+ Dk (P(zy1 y)ip(2 ) (34)

Ideally, all the variablegy: x,zy: y, andz follow the Gaussian distributions withe », yi v,
and y1 x, yi y, asmean and variance, respectively.

Luckily, we can use the following equation to calculate the KL divergence between two Gaussian
distributions conveniently:

2+( 1 2% 1

D z1);p(zz)) =log 2+ L+ 1 2/ = 35
kL (P(21); P(z2)) = log . 22 5 (35)
and rewrite Equation(34) as:
Dke (P(zx1 x)iP(z )) + Diw (P(zyr y)iP(Z ) (36)
20 4 ( 2 1 Jyt( oy )
=(lo + _xtx x! X Y+ (lo + Yy yry ) (37
2 +( 22 4y +( oy )?
=(lo +lo e LN 1 38
(gx!X gy!y)( 20 )2 20 )2 ) (38)
2 4 . 24 2 4 ' 2
=(log +log yo xlax ) Ly (ny 7y (39)
x! x yly 2( )
Takez N (= 0; = 1) intothe above equation, we will have:
Dke (P(zx1 x);P(z )) + Diw (P(2zyr y);P(Z ) (40)
1
= log x!xy!y"'i(f!x*‘ §!y+ foxt ;zlly) 1 (41)
Similarly, the left hand can be expanded as:
. - yly axtCxx  yy)? 1
DL (P(zx1 x);p(zy1 y)) = log + 5 2 > (42)
x! X yly

Thus, the difference between the left hand and the right hand can be computed:

DL (p(zx1 x);P(z )+ Dk (P(zyr y);P(Zz )) Dk (P(zxt x);p(Zy1 y)) (43)
1
= log xi x yryt E( 3! x T 5! y T >2<! x T )2/! y) 1 (44)
2 +( x I )2 1
lo yLy o x!x x! X yly = 45
(g - " ) (45)
=( log w x yry log—>Y) (46)
X: X
1 2 x+ 2 1
T AV AU A R A TRk Py G R (47)
2 2 gy 2
1
= 2log yiy > (48)
)%!X)%!y-" ;/‘!y+ )%!xgly"' §!y§'y )%'x >2<|x §!y+2 X! x yly
25y
(49)
= 2log yi y 5 (50)
( 3! y 1) )%! x+( >2(! x )2/! y)( 5! y 1)+ ;/1! y+2 x! x yly
. ) (51)
23y
1 2 + 2 + 2 )( 2 1)+ 4 +2 | i
— 2Iog oy §+ x! x yly x! x ;! 2y yly X X yry (52)

yty

13
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As we optimizezy; y !z ,i.e., minimizeDy. (p(zy1 y);p(z )), we will have:

log yi y! O 110 xix yry! O 1 (53)

2 4
yly yty

and consequently:

Dkr (P(zx1 x);P(z ))+ Dke (P(zyr y)iP(Z )) Dk (P(zxr x)ip(Zyr y)) ! 0, (54)
Similarly, as we optimizey, x ! z ,i.e., minimizeDg_ (p(zx1 x);p(z )), we will have:

DL (P(zxr x);P(z )) + Dk (P(2zy1 y);p(z )) Dk (P(zyr y)ip(zx x)) ! O (55)
Therefore, jointly minimizindD k. (p(zx: x); P(z )) andDkL (p(zy: y);p(z )) will subsequently
minimizing Dk, (P(zx1 x);P(Zyr y)) andDyke (p(zy1 y);P(Zx: x)), and nally aligning the distri-
butions betweer andy, concluding the proof. O

B IMPLEMENTATION DETAILS

B.1 DEeCODING EMBEDDINGS BACK TO CONCRETEFEATURES

All decoders used to decode the reconstructed embeddings to the concrete features comprise several
hidden layers and an output layer. Speci cally, each hidden layer has a linear layer with layer
norm and ReLU/Tanh activations. The output layer is different for different modalities. For the
relational graph and attribute information, their concrete features are organized in the form of multi-
classi cation labels. For example, the relational graph informagjoior an entityx; is represented
by:

g =0;:5:5m0) ;g = iX|; (56)
whereg, hasjXj elements witHl indicating the connection ar@lotherwise. Therefore, the output

layer transforms the hidden output to the concrete feature prediction with a M&t@xR™ Xi
whereH is the output dimension of the nal hidden layer.

The image concrete features are actually the pretrained embeddings rather than pixel data, as we use
the existing EEA models for embedding entities. Therefore, we replaced the binary cross-entropy
loss with a MSE loss to train GEEA to recover this pretrained embedding.

B.2 IMPLEMENTING A GEEA

We implement GEEA with PyTorch and run the main experiments on a RTX 4090. We illustrate
the training procedure of GEEA as outlined in Algorithm 1. We rst initialize all trainable variables
and the get the mini-batch data of supervised ows y,y! x and unsupervised ows ! X,

y ! vy, respectively.

For the supervised ows, we iterate the batched data and calculate the prediction matching loss which
is also used in most existing works. Then, we calculate the distribution matching, prior reconstruction
and post reconstruction losses and sum them for later joint optimization.

For the unsupervised ows, we rst process the raw feature MtrandVAEto obtain the embeddings

and reconstructed embeddings. Then we estimate the distribution matching loss with the embedding
sets as input (Equation (16)), after which we calculate the prior and post reconstruction loss for each
X and eacly.

Finally, we sum all the losses produced with all ows, and minimize them until the performance on
the valid dataset does not improve.

The overall hyper-parameter settings in the main experiments are presented in Table 6.

C ADDITIONAL EXPERIMENTS

C.1 DATASETS

We present the statistics of entity alignment and entity synthesis datasets in Table 7. To construct an
entity synthesis dataset, we rst sample 30% of entity alignments from the testing set of the original

14



Published as a conference paper at ICLR 2024

Algorithm 1 Generative Embedding-based Entity Alignment

1: Input: The entity sets X, ), the multi-modal information G, A, 7 ..., the EEA model M, and
M-VAE VAE;

2: Randomly initialize all parameters;

3: repeat

4 Bgp « {(z,y)|(z,y) ~ S}; 1 get a batch of supervised training data

5: Bunsup < {(z,y)|x ~ X,y ~Y}; [l getabatch of unsupervised training data

6: for (z,y) € By, do

7.

8

X,y + M(x), M(y); /I obtain embeddings and sub-embeddings
Yooy, Xy—a < VAE(X), VAE(Y); /I obtain the reconstructed mutual embeddings

9: Calculate the prediction matching loss following Equation (8);
10: Calculate the prior reconstruction loss following Equation (19);
11: Calculate the post reconstruction loss following Equation (20);
12:  end for

130 {Xosa, Yyoyl(@,y) € Bungup} < {VAE(M (), VAE(M (y))|(x,y) € Bunsup }; // Obtain the
reconstructed self embeddings

14:  Calculate the distribution matching loss following Equation (16);

15:  Calculate the prior reconstruction loss following Equation (19);

16:  Calculate the post reconstruction loss following Equation (20);

17:  Jointly minimize all losses;

18: until the performance does not improve.

Table 6: Hyper-parameter settings in the main experiments. PM,DM, PrioR, PostR denote prediction
matching, distribution matching, prior reconstruction, and post reconstruction, respectively.

learnin dropout  unsupervised flow loss hidden  latent  900der
Datasets #epoch baich-size  # VAE layers € optimizer PO batihosine weights weights o e hidden
@ ® (XX,yy,Xy,yX)  (PM,DM, PrioR, PostR) stzes sizes
DBPI15Kzi.en 200 2,500 2 0.001 Adam 0.5 2,800 [1.,0. 1.] [300,300] 300 [300,1000]
DBPI15Kjs ix 200 2,500 2 0.001 Adam 0.5 2,800 [1,05,1.,1.] [300,300] 300 [300,1000]
DBP15Kpr 200 2,500 2 0001 Adam 05 2,800 [1,05,1,1.] [300.300] 300 [300,1000]
FB15K-DB15K 300 3,500 3 00005 Adam 05 2,500 [1,05,1,1.] [300,300,300] 300 [300,300,1000]
FB15K-YAGO15K 300 3,500 3 0.0005 Adam 0.5 2,500 [1.,0.5,1.,1.] [300,300,300] 300 [300,300,1000]
Table 7: Statistics of the datasets.
Entity Alignment Entity Synthesis

Datasets

#Entities  # Relations  # Attributes ~ # Images
# Test Alignments  # Known Test Alignments ~ # Unknown Test Alignments

DBPISK 10,500 7,350 3,150 19,388 1,701 8,111 15,912
ZHEN 10,500 7,350 3,150 19,572 1,323 7,173 14,125
DBPISK 10,500 7,350 3,150 19,814 1,299 5,882 12,739
JTHAEN 10,500 7,350 3,150 19,780 1,153 6,066 13,741
. 10,500 7,350 3,150 19,661 903 4,547 14,174
FREN 10,500 7,350 3,150 19,993 1,208 6,422 13,858

10,276 7,193 3,083 14,951 1,345 116 13,444

FBISK-DBISK 10,500 7,350 3,150 12,842 279 225 12,837
8,959 6,272 2,687 14,951 1,345 116 13,444

FBISK-YAGOISK 10,500 7,350 3,150 15,404 32 7 11,194

entity alignment dataset. Then, we view the source entities in sampled entities pairs as the dangling
entities, and make their target entities unseen during training. To this end, we remove all types of
information referred to these target entities from the training set.

C.2 SINGLE-MODAL GEEA

We first remove the image encoder from multi-modal EEA models. The results are shown in Table 11.
Notably, our GEEA without the image encoder still achieves state-of-the-art performance on several
metrics, such as Hits@10.

Then, we conducted new experiments on the OpenEA 100K (Sun et al., 2020b). Although OpenEA
100K does not have a multi-modal version, it is still interesting to explore the performance of
GEEA with single-modal EEA models on it, similar to NeoEA (Guo et al., 2022b). We conducted
experiments following the NeoEA and present the results in Table 12. It is clear that our method can
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