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Abstract

Knowledge graph embedding (KGE) is an efficient and scal-
able method for knowledge graph completion. However, most
existing KGE methods suffer from the challenge of multiple
relation semantics, which often degrades their performance.
This is because most KGE methods learn fixed continuous
vectors for entities (relations) and make deterministic entity
predictions to complete the knowledge graph, which hardly
captures multiple relation semantics. To tackle this issue, pre-
vious works try to learn complex probabilistic embeddings
instead of fixed embeddings but suffer from heavy computa-
tional complexity. In contrast, this paper proposes a simple yet
efficient framework namely the Knowledge Graph Diffusion
Model (KGDM) to capture the multiple relation semantics in
prediction. Its key idea is to cast the problem of entity predic-
tion into conditional entity generation. Specifically, KGDM
estimates the probabilistic distribution of target entities in
prediction through Denoising Diffusion Probabilistic Mod-
els (DDPM). To bridge the gap between continuous diffusion
models and discrete KGs, two learnable embedding functions
are defined to map entities and relation to continuous vectors.
To consider connectivity patterns of KGs, a Conditional Entity
Denoiser model is introduced to generate target entities condi-
tioned on given entities and relations. Extensive experiments
demonstrate that KGDM significantly outperforms existing
state-of-the-art methods in three benchmark datasets.

Introduction
Knowledge graphs (KGs) are a type of multi-relational graph
that stores factual knowledge in the real world. Benefit-
ting from their efficiency in storing and representing fac-
tual knowledge, KGs are essential for many applications
such as question answering (Hao et al. 2017), information
retrieval (Xiong, Power, and Callan 2017), recommender
systems (Zhang et al. 2016), and natural language process-
ing (Yang, Yang, and Cohen 2017). Usually, a KG consists of
enormous factual triplets, where each triplet (h, r, t) includes
a head entity h, a relation r, and a tail entity t. Due to the com-
plexity of the real world, KGs are often incomplete, which
restricts their applications in downstream tasks. Therefore,
knowledge graph completion (KGC) is proposed to complete
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missing facts by inferring from existing ones. Generally, the
KGC task is to make the entity prediction.

Knowledge graph embedding (KGE) is a promising ap-
proach to predicting the missing facts. It learns the embed-
dings of entities and relations of KGs in a low-dimensional
vector space, where the embeddings are required to preserve
the semantic meaning and relational structure. Despite the
success of KGE models, most of them make deterministic
entity predictions in the vector space. So, they can only cap-
ture specific semantics of relations and lack the capability to
deal with relations that contain multiple semantics. Due to
the ambiguity of knowledge in KGs, a relation often has mul-
tiple semantics revealed by the entity pairs in one-to-many
and many-to-many forms. For example, the relation Loca-
tionContains has multiple latent semantics: city-related as
(US, LocationContains, New York), college-related as (US,
LocationContains, Yale University), and company-related as
(US, LocationContains, Google). As shown in Table 1, the
existence of multiple relation semantics is quite common
in knowledge graphs and significantly degrades the perfor-
mance of KGE methods. For example, RotatE (Sun et al.
2019) and SEA (Gregucci et al. 2023) have impressive perfor-
mances on 1-1 and N-1 types, but they perform very poorly
on 1-N and N-N types. Additionally, although TransH (Wang
et al. 2014) and TransG (Xiao et al. 2015) perform well on
the FB15k dataset in tackling the issue of multiple relation
semantics, they still exhibit poor performance on the more
comprehensive FB15k-237 dataset (excluding inverse rela-
tions and having a higher entity-relation ratio (Dettmers et al.
2018)) in the 1-N and N-N types.

Relation Type
&Proportion

Methods

TransH TransG RotatE SEA

1-1 (1.57%) 0.492 0.489 0.487 0.493
1-N (18.60%) 0.077 0.078 0.081 0.087
N-1 (4.60%) 0.449 0.458 0.467 0.470

N-N (75.23%) 0.219 0.228 0.237 0.242
All types (100%) 0.287 0.301 0.338 0.360

Table 1: MRR scores on FB15k-237 by relation types.

To address the above issue, some methods focus on learn-
ing probabilistic embeddings, where the predictions represent
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a specific distribution rather than a deterministic value. For
example, (Xiao et al. 2015; He et al. 2015) and (Feng et al.
2021) proposed density-based embeddings, where each en-
tity/relation is represented by a multi-dimensional Gaussian
distribution and a mixture of Gaussian distributions respec-
tively. They use the mean vector µ to indicate its position and
the covariance metric Σ to represent the corresponding un-
certainty. The prediction results are no longer deterministic
values but a distribution, which allows for the demonstra-
tion of multiple semantic relations and diversity of target
entities. However, learning probabilistic embeddings often
requires calculating the inverse of the large matrix and solv-
ing a linear system, which demands huge memory and is
time-consuming. How to efficiently capture the multiple re-
lation semantics with KG embeddings is still a challenging
problem.

Instead of learning complex probabilistic embeddings, this
paper proposes to model the multiple relation semantics in
prediction for KGE methods. Our key idea is to cast en-
tity prediction into the task of conditional entity generation.
That is, we generate the predicted entities conditioned on
the given entities and relations in the vector space. To this
end, this paper proposes a novel conditional diffusion model,
namely the Knowledge Graph Diffusion Model (KGDM) to
estimate the probabilistic distribution of target entities in pre-
diction. To capture connectivity patterns of KGs, this paper
introduces a Conditional Entity Denoiser module to generate
target entities conditioned on given entities and relations. A
major obstacle to knowledge graph diffusion is that diffu-
sion processes typically operate in continuous space, while
entities and relations are inherently discrete. Though there
are some discrete diffusion-like approaches (Dhariwal and
Nichol 2021), they cannot utilize the guidance, which dras-
tically impresses the diffusion model’s sample quality. To
address this gap, we conduct diffusion directly in a vector
space and define two learnable embedding functions: EMBe,
and EMBr that map entities and relations to vectors. Our
contributions can be summarized as follows:

• We propose a simple yet efficient framework namely
KGDM to capture the multiple relation semantics in pre-
diction for KGE methods. It directly learns the proba-
bilistic distribution of target entities through Denoising
Diffusion Probabilistic Models (DDPM) and casts the en-
tity prediction task into the conditional fact generation
task. To the best of our knowledge, KGDM is the first
attempt to explore the potential of diffusion models in
knowledge graph reasoning.

• A Conditional Entity Denoiser module is proposed to
generate a target entity conditioned on given entities and
relations. Furthermore, two embedding functions for enti-
ties and relations are defined to bridge the gap between
continuous diffusion models and discrete KGs.

• Extensive experiments on four benchmark datasets demon-
strate that KGDM achieves superior performances in KGC
tasks and significantly outperforms all types of state-of-
the-art methods on three datasets. In FB15k-237, KGDM
achieves up to a 25% relative improvement over the state-
of-the-art methods.

Related Work

KG embedding methods: KG embedding, which aims to
encode entities and relations into a continuous vector space.
The general intuition of these methods is to model and in-
fer the connectivity patterns (i.e., symmetry/antisymmetry,
inversion, and composition) in knowledge graphs according
to the observed knowledge facts. Most KGE methods (Bor-
des et al. 2013; Sun et al. 2019; Yang et al. 2014; Cao et al.
2022) focus on defining a relation-dependent scoring func-
tion fr(h, t) in the general or design space to model these
patterns. For example, TransE (Bordes et al. 2013), which
represents relations as translations, can model the inversion
and composition patterns. RotatE (Sun et al. 2019), which
represents entities as points in a complex space and relations
as rotations, can model relation patterns including symme-
try/antisymmetry, inversion, and composition. Meanwhile,
some other works consider how to model the multiple rela-
tion semantics and diversity of target entities to improve the
performance of embeddings. Translation-based model (Wang
et al. 2014) models a relation as a hyperplane to tackle entity
pairs in one-to-many form. However, they can not deal with
the issue of multiple relation semantics. Density-based mod-
els (Xiao et al. 2015) and (He et al. 2015) also use Gaussian
distributions to represent entities while drawing a mixture of
Gaussian distributions for relations to represent the multiple
relation semantics. However, these density-based embedding
methods often make complex designs on embeddings, which
often need to calculate the inverse of the large matrix and
solve a linear system, which requires huge memory and is
very time-consuming.
Diffusion Model: The diffusion model uses diffusion pro-
cesses to model the generation and defines the sampling of
data as the process of gradually denoising it from a complete
Gaussian noise. The forward process gradually adds Gaus-
sian noise to the data from a predefined noise schedule until
the time step T . In recent years, the class of diffusion-based
(or score-based) deep generative models has demonstrated
its outstanding performance in modeling high-dimensional
multi-modal distributions (Ho, Jain, and Abbeel 2020; Sohl-
Dickstein et al. 2015), and the capability of generating high-
quality and diverse samples (Dhariwal and Nichol 2021;
Rombach et al. 2022) on several benchmark generation tasks
in the field of computer vision (Dhariwal and Nichol 2021).
Additionally, to handle discrete data, past works have studied
text diffusion models on discrete state spaces, which defines
a corruption process on discrete data (Austin et al. 2021).
And some works (Li et al. 2022; Gong et al. 2022) focus
on continuous diffusion models for text generation. The re-
verse process uses a neural backbone often implemented as
a U-Net (Dhariwal and Nichol 2021; Ho, Jain, and Abbeel
2020) or transformer (Li et al. 2022; Gong et al. 2022) to
parameterize the conditional distribution p(xt−1|xt). How-
ever, knowledge graphs are often stored in the form of triplets
(h, r, t), which is different from images or text. They have
shorter lengths and less obvious long-range dependencies.
So, in this work, we propose an MLP-based Conditional En-
tity Denoiser (CEDenoiser) for KG data to learn the reverse
diffusion process.
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Methodology
Problem Setup
Let G = (V, E) be an instance of a knowledge graph, where
V is the set of nodes and E is the set of edges. Each edge
e has a relation type r ∈ R. We aim to predict the missing
entities in G, i.e., given an incomplete triplet (h, r, ?), we aim
to predict the missing tail entity t. Noticing that the problem
(?, r, t) is the same, this paper only discusses (h, r, ?). The
traditional KGE methods carry out entity prediction through
a ranking procedure. Specifically, to predict the tail entity of
an incomplete fact triple (h, r, ?), it makes the prediction t̂
by relation-dependent score function fr(h) in vector space.
Then ranking the distance between t̂ and each entity t in
KGs to get the answer. While KGDM uses the Conditional
Entity Denoiser to generate the predicted tail entity Xt con-
ditioned on the given head entity Xh and relation Xr in
vector space. And then, it does the same ranking process to
get the final answer. The following sections will provide a
detailed introduction to the architecture of KGDM and its
training objectives.

The KGDM Architecture
Figure 1 illustrates the architecture of the KGDM. From
a high-level perspective, KGDM can be divided into two
stages: forward process and reverse process with conditional
denoising. Specifically, KGDM learns to model the Markov
transition from Gaussian distribution to the distribution of the
target entities in vector space. In the inference stage, it uses
the known entity and relation to guide the reverse process to
generate target entities in vector space. Next, we will provide
a detailed introduction to these two processes.

Forward Process. To apply a continuous diffusion model
to discrete entities. We define two learnable embedding func-
tions: EMBe and EMBr, which both are linear layers. They
maps each entity and relation to vectors Xe ∈ Re, Xr ∈ Rr.
Then, for the training triplet (h, r, t), given the ground-truth
tail entity embedding Xt and its condition embedding Xh

and Xr. Let q(Xt|Xh,Xr) be the unknown target enti-
ties’ distribution in vector space. First, KGDM defines the
forward diffusion process q(Xt

Tt
|Xt

Tt−1) which maps the
embedding of tail entity to pure noise by gradually adding
Gaussian noise at each time step Tt = i until at diffusion step
Tt = T . The forward transition is parametrized by:

q(Xt
Tt
|Xt

Tt−1) = N (Xt
Tt
;
√

1− βTtX
t
Tt−1, βTtI), (1)

where {βTt
}TTt=1 are forward process variances.

Reverse Process with Conditional Denoising. In the sec-
ond stage, KGDM defines the conditional reverse diffusion
process p(Xt

Tt−1|X
t
Tt
,Xh,Xr) which performs iterative

denoising from pure Gaussian noise to generate target entities
in vector space conditioned on the known entity embedding
Xh and relation embedding Xr:

pθ(X
t
Tt−1|X

t
Tt
,Xh,Xr) =

N (Xt
Tt−1;µθ(X

t
Tt
, Tt,X

h,Xr), σ2
Tt
I), (2)

where σTt
is the constant variance following (Ho, Jain, and

Abbeel 2020), µθ is the mean of the Gaussian distribution

computed by a neural network, and θ is the parameters of the
denoise model. As shown in (Ho, Jain, and Abbeel 2020),
we can reparameterize the mean to make the neural network
learn the added noise at time step Tt instead. In this way, µθ

can be reparameterized as follows:

µθ(X
t
Tt
, Tt,X

h,Xr) =
1
√
αTt

(Xt−

βTt√
1− ᾱTt

ϵθ(X
t
Tt
, Tt,X

h,Xr)), (3)

where Tt is the time step, {βTt
}TTt=1 are forward pro-

cess variances, αTt
= 1 − βTt

, and ᾱTt
=

∏Tt

s−1 αs.
ϵθ(X

t
Tt
, Tt,X

h,Xr) is the designed CEDenoiser to predict
the added noise conditioned on known condition embeddings
at time step Tt.

Conditional Entity Denoiser
Currently, the backbones of most existing denoising models
are designed for image or text data. While knowledge graphs
are often stored in the form of triplets (h, r, t), which have
a short length and their long-range dependencies are not
apparent. So, instead of using transformers, we propose a
simple yet efficient MLP-based Conditional Entity Denoiser
(CEDenoiser). We conduct ablation studies in the following
sections to demonstrate that transformers are not suitable.
The architecture of CEDenoiser is illustrated in Figure 1(b).
Formally, the architecture of CEDenoiser can be described
as follows:

Xc = ScoringModule(Xh,Xr), (4)

E = CEDenoiserBlock(Xt
′

,XTt ,Xc), (5)
ϵ = LinearLayer(LN(E)), (6)

where Xh and Xr are the embedding of entity h and relation
r, Xc is the final condition embedding calculated by Scoring
Module, and Xt

′

is the noised tail embedding. XTt denotes
the timestep embedding at step Tt. E is intermediate feature
calculated by the CEDenoiser block, and ϵ is the noise pre-
dicted by CEDenoiser. Next, we will introduce the Scoring
Module and the CEDenoiser block.

Scoring Module. To generate the target tail entity from
the noise in vector space, CEDenoiser uses the known embed-
dings (Xh,Xr) to guide the generative process in DDPM.
After the vectorization of conditions, most of the previous
works (Li et al. 2022; Ho and Salimans 2022) concatenate the
different conditional embeddings simply and use them as the
final control condition. However, for the triplets in KGs, the
entities and relations that serve as conditions usually have rich
patterns, which are not independent of each other. Inspired by
the existing KGE methods on modeling the patterns among
the entities and relations. By defining the relation-dependent
score functions equation (7) and equation (8) from (Bordes
et al. 2013; Sun et al. 2019), the Scoring Module can better
capture the patterns among conditions and utilize them to
guide the generation process:

ScoringModule(Xh,Xr) = Xh +Xr, (7)

ScoringModule(Xh,Xr) = Xh ◦Xr, (8)
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(a) KGDM Architecture (b) Conditional Entity Denoiser

Figure 1: (a) Architecture of KGDM. It consists of a forward diffusion process and a reverse process modeled by a Conditional
Entity Denoiser. (b) Architecture of Conditional Entity Denoiser (CEDenoiser).

where ◦ denotes the Hadamard product. Noticing that differ-
ent score functions model different patterns among entities
and relations. So, we use the equation (7) in FB15k-237
which contains a large number of composition patterns, and
use equation (8) in WN18RR, Kinship, and UMLS which
contains many symmetry patterns. In the following experi-
ments, we conduct ablation studies to demonstrate that the
performance of simply concatenate conditional embeddings
is far inferior compared to that of using score functions.

CEDenoiser Block. Inspired by the success of the trans-
former encoder (Vaswani et al. 2017) in the e graph data
domain (Hu et al. 2020), the CEDenoiser Block adopts a
similar architecture. It consists of alternating layers of MLP.
Layernorm(LN) is applied before every layer and we employ
residual connections around each of the sub-layers (Wang
et al. 2019). However, since the form of triplets (h, r, t) is
simple, with a short length, and their long-range dependen-
cies are not apparent. CEDenoiser employs simple MLP
layers rather than multiheaded self-attention layers. Further-
more, to make full use of the conditional embeddings to guide
generation, we regress dimension-wise scaling parameters α
which are applied immediately prior to any residual connec-
tions (Peebles and Xie 2022) within the sub-layers as shown
in Figure 1(b).

Training and Inference
Since negative sampling has been proven quite effective for
both learning knowledge graph embeddings (Trouillon et al.
2016) and word embeddings (Mikolov et al. 2013). To train
the model, we use a loss function similar to the negative
sampling loss (Mikolov et al. 2013):

L = −log σ(γ − d1(X
t, Denoise(Xt))−

n∑
i=1

1

k
log σ(d1(X

t, Denoise(Xt
′
i))− γ), (9)

where γ is a fixed margin, σ is the sigmoid function,
and the d1 is the L1 distance. The predicted noise and
the final denoised results can convert to each other (Ho,
Jain, and Abbeel 2020) by Denoise(Xt) = 1√

ᾱTt

Xt
Tt
−

Algorithm 1: Training Stage

Input: (h, r, t), (h, r, t
′
);

Parameters: EMBe, EMBr, CEDenoiser: ϵθ;
repeat

Calculate Xh, Xr, Xt, Xt
′

by EMBe, EMBr;
ϵ ∼ N (0, I);
Tt ∼ Uniform ({1, · · · , T});
Xt

Tt
=
√
αTt

Xt +
√
1− αTt

ϵ;
Denoise(Xt) =

1√
ᾱTt

Xt
Tt
−

√
1

ᾱTt
− 1 ϵθ(X

t
Tt
, Tt,X

h,Xr);

Take the gradient descent step on:
L = − log σ(γ − d1(X

t, Denoise(Xt))−∑n
i=1

1
k log σ(d1(X

t, Denoise(Xt
′
i))− γ);

until converged;

√
1

ᾱTt
− 1 ϵθ(X

t
Tt
, Tt,X

h,Xr). And (h, r, t
′

i) is the i-th
negative triplet for the tail entity prediction on positive sam-
ple (h, r, t). For the head prediction, we replace the corre-
sponding h

′

i. During the inference stage, when predicting
(h, r, ?), KGDM uses the trained CEDenoiser and the corre-
sponding trained conditions (known embedding of the entity
Xh and relation Xr) to perform iterative denoising from
pure Gaussian noise to target entity Xt in vector space. The
training and inference algorithms of KGDM are illustrated in
Algorithm 1 and Algorithm 2 respectively.

Experiment
Experiment Setup
Datasets: We select four typical KGC datasets for evalu-
ation, including FB15k-237 (Toutanova and Chen 2015),
WN18RR (Dettmers et al. 2018), Kinship and UMLS. For
Kinship and UMLS, we use the datasets division in (Qu et al.
2020). Statistics of datasets can be found in the appendix.
Baselines: We compared with the four types of KGC methods
following (Cui and Chen 2022). Knowledge graph embed-
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Algorithm 2: Inference Stage
Input: Incomplete triplet (h, r, ?);
Output: Predicted target entity embedding Xt

0;
Xt

Tt
∼ N (0, I);

Xh ← EMBe(h), Xr ← EMBr(r);
for Tt = T, · · · , 1 do

z ∼ N (0, I) if Tt > 1, else z = 0;
Xt

Tt−1 = 1√
αTt

(Xt
Tt
−

1−αTt√
1−ᾱTt

ϵθ(X
t
Tt
, Tt,X

h,Xr)) + σTt
z;

end
return Xt

0

ding methods: TransE (Bordes et al. 2013), DualE (Cao et al.
2021), DistMult (Yang et al. 2014), ComplEx (Trouillon
et al. 2016), ComplEx-N3 (Lacroix, Usunier, and Obozin-
ski 2018), KG2GM (Feng et al. 2021), KG2E (He et al.
2015), TuckER (Balažević, Allen, and Hospedales 2019),
ConvE (Dettmers et al. 2018), RotatE (Sun et al. 2019),
HAKE (Zhang et al. 2020), ATTH (Chami et al. 2020),
SEA (Gregucci et al. 2023), AnKGE-HAKE (Yao et al. 2023).
Path-based methods: RNNLogic (Qu et al. 2020), Neu-
ralLP(Yang, Yang, and Cohen 2017), DRUM (Sadeghian
et al. 2019), PathRank (Lee et al. 2013), MINERVA (Das
et al. 2017), and M-Walk(Shen et al. 2018). Graph
neural networks methods: NBFNet (Zhu et al. 2021),
COMPGCN (Vashishth et al. 2019) and RGCN (Schlichtkrull
et al. 2018) and Instance-based learning methods: IBLE
and CIBLE (Cui and Chen 2022)
Evaluation Protocols: For each test triplet (h, r, t), we con-
struct two queries: (h, r, ?) and (?, r, t), with the answers t
and h. The Mean Rank (MR), Mean Reciprocal Rank (MRR),
and H@N are reported under the filtered setting (Sun et al.
2019), in line with previous research.
Implementation details: Our model is trained on 2 Nvidia
Quadro RTX 8000 GPU. We describe the hyper-parameter,
architectures, and more experimental details in the appendix.
The source code of this paper can be obtained from https:
//github.com/key2long/KGDM.

Main Results
The main results are presented in Tables 2, and Table 3. We
categorize the existing KGC methods into two main groups,
non-embedding methods and embedding methods. The non-
embedding methods are listed in the upper section of the table,
while the embedding methods are listed in the lower section
of the table. Our observations based on the results are as fol-
lows. First, compared to embedding methods, KGDM shows
remarkable improvement across all metrics on four datasets.
Specifically, it achieves a 15.8% (43.6% relative), 1.6% (3.2%
relative), 13.8% (21.1% relative), and 11.8% (14.9% relative)
increase in MRR scores over the best embedding models
on the FB15k-237, WN18RR, Kinship, and UMLS datasets,
respectively. Second, compared to non-embedding methods,
KGDM achieves better results for all metrics on the FB15k-
237, Kinship, and UMLS datasets. On the WN18RR, KGDM

retains its superiority over other non-embedding methods ex-
cept for the NBFNet. Specifically, KGDM achieves a 10.5%
(25.3% relative), 6.1% (8.3% relative), and 6.7% (8.0% rela-
tive) increase in MRR scores over the best non-embedding
models on the FB15k-237, Kinship, and UMLS datasets, re-
spectively. In conclusion, these results illustrate that by mod-
eling the multiple relation semantics and distribution of target
entities in prediction, KGDM can improve the performance of
embedding methods greatly and explore the potential of em-
bedding methods in KGC tasks. Furthermore, we notice that
the performance improvement of KGDM on the WN18RR
is not significant. We analyze that it is caused by the higher
entity-to-relation ratio (the number of entities/ the number
of relations) on WN18RR(40943/11) than the other three
datasets: FB15k-237 (14541/237), UMLS (135/46), and Kin-
ship (104/25). The larger the entity-to-relation ratio implies
more difficult to model the distribution of target entities.

Next, We break down the performance of KGDM by the
categories of relations (Wang et al. 2014) in the FB15k-237.
Table 4 shows the prediction MRR scores for each category
(the results of tail pred mode can be found in the appendix). It
is observed that KGDM shows a greater relative improvement
in the 1-N and N-N types. Specifically, it achieves a 5.6%
(11.2% relative), 14.8% (56.9% relative), 12.8% (21.3% rel-
ative), and 19.0% (40.9% relative) increase in MRR scores
over the best embedding models on the 1-1, 1-N, N-1, N-N
types. These results also illustrate that the multiple relation
semantics in KGs often degrades the performance of KGE
methods. KGDM can effectively alleviate this issue and per-
form better on 1-N and N-N types.

Ablation Study
Scoring module of the CEDenoiser. As mentioned above,
to better leverage conditions to guide the generative process
in conditional DDPM. We design a Scoring Module to deal
with the embeddings of conditions rather than simply concate-
nating them. In this subsection, we analyze the necessity of
the Scoring Module in the FB15k-237 dataset. We compare
the results between using the Scoring Module and directly
concatenating the conditions without using the Scoring Mod-
ule. The contributions of the Scoring Module are summarized
in Table 5. More details on the ablation study are provided
in the appendix. It can be observed that without the Scoring
Module, the performance of KGDM drops by about 15% on
average, illustrating that the entities and relations in KGs are
not independent of each other. Simply concatenating their
embeddings cannot capture the patterns in the triplets. By
defining the relation-dependent score functions, the Scoring
Module can better utilize the conditional information in the
triplets to guide the generation. The CEDenoiser can gen-
erate higher-quality answers that are more aligned with the
probabilistic distribution of target entities.
MLP-based architecture of the CEDenoiser. Furthermore,
we conduct an ablation study to prove that an MLP-based
architecture is more suitable for KGs in conditional DDPM.
We replace the MLP layers in the CEDenoiser block with
two transformer layers. The results in Table 6 show that the
performance of KGDM decreases by nearly 35% when using
transformer layers in the CEDenoiser block, indicating that
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Model FB15k-237 WN18RR
MRR H@1 H@3 H@10 MRR H@1 H@3 H@10

Non-embedding methods
PathRank 0.087 7.4 9.2 11.2 0.189 17.1 20.0 22.5
M-Walk 0.232 16.5 24.3 - 0.437 41.4 44.5 -

NeuralLP 0.237 17.3 25.9 36.1 0.381 36.8 38.6 40.8
DRUM 0.238 17.4 26.1 36.4 0.382 36.9 38.8 41.0

RNNLogic 0.344 25.2 38.0 53.0 0.483 44.6 49.7 55.8
RGCN 0.273 18.2 30.3 45.6 0.402 34.5 43.7 49.4

COMPGCN 0.355 26.4 39.0 53.5 0.479 44.3 49.4 54.6
NBFNet 0.415 32.1 45.4 59.9 0.551 49.7 57.3 66.6

IBLE 0.284 20.0 31.0 45.2 0.418 40.6 42.2 44.3
CIBLE 0.341 24.5 37.7 53.7 0.490 44.6 50.7 57.5

Embedding methods
TransE 0.294 - - 46.5 0.226 - - 50.1
KG2E 0.108 4.2 11.5 24.9 0.054 0.70 7.70 13.3
ConvE 0.325 23.7 35.6 50.1 0.430 40.0 44.0 52.0
RotatE 0.338 24.1 37.5 53.3 0.476 42.8 49.2 57.1
HAKE 0.349 25.2 38.5 54.5 0.496 45.2 51.3 58.0
ATTH 0.348 25.2 38.4 54.0 0.486 44.3 49.9 57.3
DualE 0.365 26.8 40.0 55.9 0.492 44.4 51.3 58.4

KG2GM 0.168 9.0 18.2 32.5 0.087 0.46 18.2 29.6
SEA 0.360 26.4 39.8 54.9 0.500 45.4 51.8 59.1

AnKGE-HAKE 0.385 28.8 42.8 57.2 0.500 45.4 51.5 58.7
KGDM(Ours) 0.520 42.3 56.6 70.8 0.516 45.7 51.9 59.3

Table 2: Entity prediction results on FB15k-237 and WN18RR. The best results are in bold and the second best results are
underlined.

Model Kinship UMLS
MRR H@1 H@3 H@10 MRR H@1 H@3 H@10

Non-embedding methods
PathRank 0.369 27.2 41.6 67.3 0.197 14.8 21.4 25.2
NeuralLP 0.302 16.7 33.9 59.6 0.483 33.2 56.3 77.5

MINERVA 0.401 23.5 46.7 76.6 0.564 42.6 65.8 81.4
DRUM 0.334 18.3 37.8 67.5 0.548 35.8 69.9 85.4

RNNLogic 0.722 59.8 81.4 94.9 0.842 77.2 89.1 96.5
NBFNet 0.606 43.5 72.5 93.7 0.778 68.8 84.0 93.8

IBLE 0.615 45.9 71.7 92.8 0.816 71.7 90.0 96.1
CIBLE 0.728 60.3 82.0 95.6 0.831 74.9 89.7 97.0

Embedding methods
DistMult 0.241 15.5 26.3 41.9 0.430 39.0 44.0 49.0
ComplEx 0.247 15.8 27.5 42.8 0.440 41.0 46.0 51.0

ComplEx-N3 0.605 43.7 71.0 92.1 0.791 68.9 87.3 95.7
TuckER 0.603 46.2 69.8 86.3 0.732 62.5 81.2 90.9
RotatE 0.651 50.4 75.5 93.2 0.744 63.6 82.2 93.9

KGDM(Ours) 0.789 68.7 87.0 97.2 0.909 87.2 93.7 97.3

Table 3: Entity prediction results on Kinship and UMLS. The best results are in bold and the second best results are underlined.
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Model Head Pred
1-1 1-N N-1 N-N

TransE 0.498 0.079 0.455 0.224
TransG 0.489 0.078 0.458 0.228
RotatE 0.487 0.081 0.467 0.234
WGCN 0.422 0.093 0.454 0.261

COMPGCN 0.457 0.112 0.471 0.275

KGDM 0.554 0.260 0.599 0.465

Table 4: MRR scores by relation category in FB15k-237.

Model FB15k-237 Kinship
MRR H@1 MRR H@1

KGDM w/o
Scoring Module 0.449 35.0 0.635 47.9

KGDM w/
Scoring Module 0.520 42.3 0.789 68.7

Table 5: Ablation on Scoring Module of the CEDenoiser in
FB15k-237 and Kinship.

the MLP layers are more suitable for modeling simple-form
triplets in knowledge graphs.
Hyper-parameters. Next, we conduct ablation experiments
on hyper-parameters, including the number of the CEDe-
noiser block and the hidden size of the MLP layer in the
CEDenoiser block. Figure 2 reports the results on FB15k-
237 in terms of MRR scores. In Figure 2(a), we test the
performance of different numbers of CEDenoiser blocks. It
suggests that a shallow and proper number (3 in this case) is
essential for KGDM. Because the inputs of the CEDenoiser
are relatively simple, a very deep network may suffer from
overfitting and cause performance drops. Figure 2(b) studies
the influence of the hidden size of the MLP layer in the CE-
Denoiser block. We observe that the increase of hidden size
helps to improve the performance of the model, but too large
size (e.g., 2400) will harm the performance.

Case Study
Finally, we explore how KGDM performs better on triplets
of the 1-N category. We provide an example from FB15k-
237. The triplet to be predicted is (road running, /olympic-
s/olympic_sport/country, ?). For this question, there are six
countries as answers in the test dataset. We visualize the true
entity embeddings and prediction embeddings calculated by
the KGDM in Figure 3(a), and prediction results calculated
by trained TransE in Figure 3(b). From this visualization,
we can observe that the embedding predicted by TransE is a
deterministic "point" in the vector space, which is calculated
by fTransE

r (t) = h + r. In fact, the embedding predicted
by TransE can be seen as the "average" of the candidate an-
swers, which neglects the diversity of target entities. So, this
"average result" is usually far away from the truth entities.
However, due to the KGDM models the distribution of target

Model FB15k-237 Kinship
MRR H@1 MRR H@1

KGDM w/
transformer-based 0.334 24.0 0.661 52.2

KGDM w/
MLP-based 0.520 42.3 0.789 68.7

Table 6: Ablation on MLP-based architecture of the CEDe-
noiser in FB15k-237 and Kinship.

entities in prediction, the entities generated based on condi-
tioned entities and relations are not unique and most of them
are closer to true entities.

(a) Num of CEDenoiser Blocks (b) Hidden Size

Figure 2: Hyper-parameters analysis on FB15k-237 (MRR).

(a) KGDM Predictions (b) TransE Predictions

Figure 3: T-SNE visualization to the predictions of ( road
running, /olympics/olympic_sport/country, ? ) calculated by
KGDM and TransE.

Conclusion
To better solve KGC tasks by considering the multiple re-
lation semantics in KGs, this paper proposes a novel condi-
tional diffusion model, namely the Knowledge Graph Dif-
fusion Model (KGDM) that can model the multiple relation
semantics in prediction for KGE methods. Different from ex-
isting methods of learning probabilistic embeddings, KGDM
throws the entities prediction task into the conditional enti-
ties generation task and models the probabilistic distribution
of target entities. Extensive experiments demonstrate that
KGDM significantly outperforms existing state-of-the-art
methods on benchmark datasets for KGC tasks.
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