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Abstract
Knowledge base completion is an important research problem in knowledge bases, which play important roles in question
answering, information retrieval, and other applications. A number of relational learning algorithms have been proposed
to solve this problem. However, despite their success in modeling the entity relations, they are not well founded in a
Bayesian manner and thus are hard to model the prior information of the entity and relation factors. Furthermore, they
under-represent the interaction between entity and relation factors. In order to avoid these disadvantages, we provide
a neural-inspired approach, namely Bayesian Neural Tensor Decomposition approach for knowledge base completion
based on the Stochastic Gradient Variational Bayesian framework. We employ a multivariate Bernoulli likelihood function
to represent the existence of facts in knowledge graphs. We further employ a Multi-layered Perceptrons to represent
more complex interactions between the latent subject, predicate, and object factors. The SGVB framework can enable
us to make efficient approximate variational inference for the proposed nonlinear probabilistic tensor decomposition
by a novel local reparameterization trick. This way avoids the need of expensive iterative inference schemes such as
MCMC and does not make any over-simplified assumptions about the posterior distributions, in contrary to the common
variational inference. In order to evaluate the proposed model, we have conducted experiments on real-world knowledge
bases, i.e., FreeBase and WordNet. Experimental results have indicated the promising performance of the proposed
method.
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Introduction

Knowledge graphs or more generally knowledge bases
provide semantically structured information that can be
interpreted by computers [19]. Such representative knowl-
edge graphs include DBPedia [1], the YAGO project
[24], Freebase [3], NELL, and Google Knowledge Graphs
[7]. Knowledge graphs, representing facts in the form of
binary relationships, in particular the (subject, predicate,
object) triples, where subject and object are entities and
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predicate denotes the relation between them, can be very
useful in a number of intelligent systems including ques-
tion answering, query expansion, and organizing struc-
tured information in search engines, e.g., [22] proposes a
method to enrich SenticNet (a commonsense knowledge
base of concepts) for domain-specific sentiment analysis;
[26] employs common sense knowledge as a new linguis-
tic context in handwritten Chinese text recognition and
the results show that it yields improvements in recognition
performance.

Knowledge graphs are usually incomplete, which are
also referred to as the open-world assumption—existing
triples encode known true relationships while non-existing
triples remain to be unexplored. The problem of completing
knowledge graphs based on existing facts can usually
be addressed by multi-relational learning [19] or tensor
factorization [30, 32–36]. The goal is to predict missing
facts which is true with the supervision of the existing triples
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as discussed in a number of methods shown in literature [7,
9, 16, 21, 23, 27, 28]. Among these methods, in particular,
RESCAL [21] explains triples via pairwise interactions of
latent entity features; Neural Tensor Network (NTN) [23]
imposes more complex interactions between entity pairs,
leading to a combined method between traditional MLPs
and bilinear factor models. Probabilistic Belief Embedding
(PBE) [9] estimates the probability of each candidate
belief to learn the distributed representations for entities
and relations, as well as the words in relation mentions
simultaneously.

Despite the successful applications of these methods in
knowledge base completion, they are not good at modeling
the uncertainty of the output triples and incorporating prior
knowledge in knowledge graphs, since they are not well
founded in a Bayesian manner. However, methods based on
Bayesian learning can explicitly model the uncertainty of
the output triples and learn the interpretable representations
of entities and relations. Another property of these methods
is that they did not explicitly model the correlation
or dependency between the predicate vectors, which
may underestimate the deep correlations of predicates in
knowledge graphs. In order to avoid these disadvantages,
we provide a Bayesian Neural Tensor Decomposition
approach for knowledge base completion, which is based
on the recently proposed Stochastic Gradient Variational
Bayesian (SGVB) framework [12]. In the generative model,
as shown in Fig. 1, in order to describe the entity pair
Yijk (e.g., (tail, gecko) holds the relationship part of ),
we introduce latent factors {ei , ej , rk} (e.g., denoting the
latent representation of (tail, part of, gecko)). To explore
the underlying complex mechanism of generating such
triples, we can employ sufficiently complex functions, such
as Multi-Layered Perceptrons (MLPs) or Convolutional
Neural Networks (CNNs). The output of the neural network,

Xijk , can then be directly linked to Yijk with a Bernoulli
distribution.

The proposed Bayesian neural tensor decomposition
enjoys the following properties:

• Flexible link functions to represent various data types.
In order to embody the existence of a triple in
knowledge graphs, we employ a multivariate Bernoulli
likelihood function to model the existence of facts in
knowledge graphs. Alternatively, we can use Gaussian
likelihood functions to describe confidence levels of
facts being true in certain knowledge graphs.

• Deep modeling on the complex entity/predicate inter-
actions. It can represent more complex interactions
between the latent subject, predicate, and object fac-
tors, by taking arbitrary encoder functions, e.g., MLPs
or CNNs. In particular, in this paper, we propose to use
Multi-layered Perceptron (MLP) to model the interac-
tions between the latent factors due to its convenience.

• Efficient and effective approximate inference. The
SGVB framework can enable us to make efficient
approximate variational inference for the proposed
nonlinear probabilistic tensor decomposition whose
latent factors have intractable posterior distributions.
This is achieved by a novel reparameterization trick to
the variational lower bound, which yields a simple and
differential unbiased estimator of the lower bound; the
so-obtained SGVB estimator can be used for efficient
approximate posterior inference [12]. Then we can
employ standard stochastic gradient ascent to optimize
over the parameters. This way avoids the need of
expensive iterative inference schemes such as MCMC
and does not make any over-simplified assumptions
about the posterior distributions, in contrary to the
common variational inference.

Fig. 1 Overview of our model
which learns vector
representations for entities and
relations in a knowledge base.
Entities and relations take
Gaussian priors. Each triple,
such as (tail, part of, gecko), is
given as input to a neural
network. Latent variable X is
the output of the neural network.
The model predicts if the entity
pair (tail, gecko) holds the
relationship part of (Y)
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In order to evaluate the proposed model, we have
conducted the experiment on real-world knowledge bases,
i.e., WordNet and FreeBase. Experimental results have
indicated the promising performance of the proposed
method.

RelatedWork

Methods for knowledge graph completion usually follow
two lines [19]. The first line of work is based on matrix
factorization [10, 11, 17, 31] and tensor factorization
[6, 15, 29, 30], which formulates the knowledge base
completion problem as a multi-relational representation
learning problem. More specifically, this kind of method
encodes entities and relations in a low-dimensional latent
space by utilizing Bayesian clustering methods [25, 37],
energy-based models [4, 5, 16, 23], and so on. The second
line of work tries to mine observed patterns in the graphs.
For example, path ranking algorithm [13, 14] has been
adopted to predict the links in multi-relational knowledge
graphs by extending the random walks of bounded lengths.

In this paper, we focus on the first line of approach, which
models the interaction schemes of (subjects, predicates,
objects) by latent factors. In the following, we review
standard and state-of-the-art methods, including TransE
[5], TransR [16], RESCAL [21], Probabilistic Belief
Embedding (PBE) [9], and Neural Tensor Network (NTN)
[23].

TransE Model The TransE model is an energy-based model
for learning low-dimensional vector embeddings of entities
and relations. For a given triple (h, �, t), It regards the
relation � as the translation from h to t , such that h + � ≈ t .
In other words, if the relation holds, the difference measured
by fl(h, t) = ‖h + � − t‖2

2 should be small. Naturally, the
embedding can be learned via minimizing the margin-based
loss function:

L =
∑

(h,�,t)∈S

∑

(h′,�,t ′)∈S′
(h,�,t)

[γ + fl(h, t) − fl(h
′, t ′)]+,

where [x]+ = max(0, x) denotes the hinge loss, γ > 0, and
the constructed corrupted triple set is defined as follows:

S′
(h,�,t) = {(h′, �, t)|h′ ∈ E} ∪ {(h, �, t ′)|t ′ ∈ E}.

Here, the corrupted triplet set consists of training triplets
with either its head or tail replaced by an randomly chosen
entity from the existing triple set.

TransR Model Since different relations may reflect various
properties and aspects of entities, it may be inappropriate for
the TransE model to manipulate both entities and relations
into the same semantic space. To address this issue, the

TransR model introduces a projection matrix to map entities
and relations in the same space. First, for each triple(h, r, t),
entities hr , t r ∈ R

k are projected into an r-dimensional
relation space via the projection matrix Mr ∈ R

k×d , i.e.,
hr = hMr , t r = tMr , and then solve the approximation
problem to make hr + r ≈ t r .

RESCAL RESCAL is a relational latent feature model, which
represents the knowledge base as a tensor with each tensor
entry denoting a triple. It explains the score of a tensor entry
xijk as follows:

f RESCAL
ijk = e�

i W
kej =

Ne∑

a=1

Ne∑

b=1

W k
abeiaejb,

where W k ∈ R
Ne×Ne is a weight matrix whose entries

W k
ab specify how much the ath latent feature and bth latent

feature interact in the kth relation, and the weighted sum
over entities ei and ej represents how the latent features
affect the score of xijk for the kth relation.

Probabilistic Belief Embedding (PBE) The PBE model is an
embedding model which estimates the probability of each
candidate belief (h, r, t, m), i.e., Pr(h, r, t, m). Here, m

denotes the words in relation mentions extracted from free
texts.

It is assumed that Pr(h, r, t, m) is computed by
Pr(h|r, t), Pr(t |h, r), and Pr(r|h, t,m), where Pr(h|r, t)
denotes the conditional probability of inferring the head
entity h given the relation r and the tail entity t , Pr(t |h, r)

is considered as the conditional probability of reasoning
the tail entity t given the relation r and the head entity h,
and Pr(r|h, t,m) represents the conditional probability of
predicting the relation r given the head entity h, the tail
entity t and the relation mentions m. Then, Pr(h, r, t, m) is
defined as:

Pr(h, r, t, m) = 3
√

Pr(h|r, t)P r(t |h, r)P r(r|h, t,m).

Meanwhile, based on the assumption that two enti-
ties (h, t) are independent of the relation mention m,
Pr(r|h, t,m) is decomposed into the following form,

Pr(r|h, t,m) = √
Pr(r|h, t)P r(r|m).

Neural Tensor Network Model The Neural Tensor Network
(NTN) model is originally proposed to describe whether
the entities follow in a certain relation in common sense
reasoning. It employs a standard linear neural network
layer to represent the interaction between entities, and uses
a bilinear tensor layer to directly build the connection
between the latent relation factor with the entity factors. In
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detail, the score function for a triple (h, r, t) in this model is
given as follows:

fr(h, t) = μ�
r g(h�Mr t + Mr,1h + Mr,2t + br ),

where μr is a relation-specific linear layer, g(·) is the tanh
function, Mr ∈ R

d×d×k is a 3-way tensor, and Mr,1, Mr,2 ∈
R

k×d are weight matrices, br denotes the bias vector.
Among these methods, the most similar to ours is NTN.

However, it is unable to model uncertainty of relations
between two entities and incapable to incorporate prior
knowledge on entity pairs or relations. In contrast, our
method mainly focuses on modeling the uncertainty of
predicting the relations.

Bayesian Neural Tensor Decomposition

A knowledge base can be represented as a tensor Y ∈
R

N×N×M where each triple (ei , ej , rk) is represented
as a tensor element, where ei and ej denote latent
variables corresponding to the i-th entity and the j-th entity
respectively, rk denotes the latent relationship between ei

and ej , and i, j ∈ {1, . . . , N}, k ∈ {1, . . . , M}. A tensor
element Yijk = 1 denotes the fact that there exists the triple
(ei , ej , rk). Otherwise, for non-existing triples, the element
is set to zero. We use U = {ei , ej , rk}∀i,j,k to denote the
latent variables to be estimated.

In order to fully take the advantages of the complex
interactions between the entities and relations, in this paper,
we propose a Bayesian Neural Tensor Decomposition model
for knowledge base completion. Since the value of a tensor
element is binary, we postulate a likelihood function for
tensor Y conditioned on a latent tensor X as follows,

p(Y|X ) =
N∏

i=1

N∏

j=1

M∏

k=1

Ber(yijk|σ(xijk; α)), (1)

where Ber(yijk|σ(xijk; α)) is a Bernoulli distribution with
the mean of σ(xijk; α), and σ(u; α) = 1/(1 + exp−αu)

is the sigmoid function. The Bernoulli likelihood model
would imply a logistic loss function [20]. In this paper,
we model the latent variable xijk as the output of multi-
layered perceptions (MLPs) whose inputs are the latent
triple (ei , ej , rk), i.e.,

xijk = w�f
(
hA

ijk + h
B1
ijk + h

B2
ijk + h

B3
ijk + b

)
+ b0, (2)

hA
ijk = A[ei; ej ; rk], (3)

h
B1
ijk =

[
e�
i B

[1]
1 ej , . . . , e

�
i B

[K]
1 ej

]�
, (4)

h
B2
ijk =

[
e�
i B

[1]
2 rk, . . . , e

�
i B

[K]
2 rk

]�
, (5)

h
B3
ijk =

[
e�
j B

[1]
3 rk, . . . , e

�
j B

[K]
3 rk

]�
, (6)

where f (·) is the element-wise tanh activation function,
ei , ej , rk ∈ R

d×1, b ∈ R
K×1, w ∈ R

K×1, A ∈
R

K×3d, B
[1:K]
1 , B

[1:K]
2 , B

[1:K]
3 ∈ R

d×d×K . The network
architecture is shown in Fig. 2 omitting the biases {b, b0}
for simplicity. We denote the parameter set W =
{A,B

[1:K]
1 , B

[1:K]
2 , B

[1:K]
3 , b} as the weights and biases

parameters of the MLP.
As shown from the above model, the pairwise inter-

action between (subject, object, and predicate) has been
incorporated, which provides more abundant semantics than
traditional models. Indeed, the proposed model can be seen
as extensions of some previous factor-analysis based meth-
ods, such as RESCAL [21] and Neural Tensor Network
(NTN) [23]. In particular, if we remove h

B2
ijk and h

B3
ijk terms,

our model is similar to NTN, and if we remove hA
ijk , h

B2
ijk

and h
B3
ijk terms, our model degenerates to RESCAL. Another

advantage of employing pairwise interaction tensor over the

Fig. 2 The network architecture
of modeling the latent variable
xijk as the output of
multi-layered perceptions
(MLPs) whose inputs are the
latent triple (ei , ej , rk)
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latent factors is its efficiency in computation. It can maintain
the same level of computation complexity as NTN.

By introducing appropriate prior distributions over U , we
obtain the joint distribution as:

p(Y,X ,U |Θ) = p(Y|X )p(X |U , Θ)p(U). (7)

The inference problem in Eq. 7 is intractable. However,
we can obtain approximate solutions resorting to either vari-
ational inference or Markov Chain Monte Carlo(MCMC)
[2]. In variational inference, to make the inference more
efficient, we have to assign an appropriate prior in order
to conjugate posterior distributions. The choices for cer-
tain priors are usually limited and thus lead to under-
estimated inference. Although MCMC can lead to more
accurate estimation on posterior distributions, they are usu-
ally cost expensive. Recently, The AEVB (Auto-Encoding
Variational Bayes) [12] method simplifies those complex
inference and provides a more powerful way of modeling
the relationships among observed variables, latent vari-
ables, and unknown parameters by introducing a Stochastic
Gradient Variational Bayes Estimator.

Model Inference

Before presenting the inference procedure of Bayesian
Neural Tensor Decomposition model, we first review the
recently proposed Stochastic Gradient Variational Bayes
method.

Stochastic Gradient Variational Bayes

In variational Inference, for a given individual example
x and its parameter θ , its marginal distribution can be
estimated by introducing a latent variable z, as shown in the
following,

log p(x|θ) = KL(q(z|x, φ)||p(z|x, θ)) + L(θ, φ|x), (8)

where KL(·||·) denotes the KL divergence between two
distributions, θ and φ denote the parameters for the posterior
and variational distributions, respectively. Here, the first
term measures the KL divergence between the approximate
posterior distribution and the real posterior distribution,
and the second term is called the Evidence Lower Bound
(ELBO).

Since the first term is always non-negative, maximizing
the marginal distribution is equivalent to maximizing the
second term L(θ, φ|x). In this subsection, a conditional
independence assumption is introduced for the observed
variable x given the corresponding latent variable z. Making

use of the product rule of probabilities, the ELBO can be
further rewritten as,

log p(x|θ)≥L(θ, φ|x) = Eq(z|x,φ)[log p(x, z|θ)−log q(z|x, φ)]
= Eq(z|x,φ)[log p(x|z, θ)]

−KL(q(z|x, φ)||p(z|θ)), (9)

where p(x, z|θ) denotes the conditional likelihood func-
tion, Eq(z|x,φ)[·] denotes the posterior expectation of the
likelihood function with respect to latent variable z, whose
distribution is described as the sought approximate variable
posterior q(z|x, φ) and KL(q||p) denotes the KL diver-
gence between the posterior distribution q(·) and the prior
distribution p(·).

In most scenarios (with non-conjugate setting), the
expectation term Eq(z|x,φ)[log p(x|z, θ)] in Eq. 9 is
intractable. What’s worse, it is hard to derive the gradient
of the lower bound with respect to its posterior parameters
directly. The SGVB in [12] addresses this problem by
reparameterizing the latent variable z ∼ q(z|x, φ) in the
expectation term using a differentiable transformation gφ(ε)

of an additional random noise variable ε,

z = gφ(ε), ε ∼ p(ε). (10)

By employing this reparameterization, we can reformulate
(9) as follows:

L(θ, φ|x) = −KL(q(z|x, φ)||p(z|θ))+ 1

L

L∑

l=1

log p(x|z(l), θ),

(11)

where

z(l) = gφ(ε(l)) with ε(l) ∼ p(ε). (12)

From Eqs. 11 and 12, we can see that the main difference
between SGVB estimator and a naive Monte Carlo estimator
is that the drawn samples of the latent variable z,
employed to estimate the intractable posterior expectation
Eq(z|x,φ)[log p(x|z, θ)], are considered as a transformation
function gφ of the parameters φ at present. Here, the sample
size is denoted by L. Under normal circumstances, we need
to select a large L (for example, L = 20), but experiments
confirmed that we can even select to L = 1 as the number
of drawn samples L per data point used by SGVB, as long
as the minibatch size M is sufficiently large.

It is necessary to know that the reparameterization (11)
of the variational lower bound also can be constructed by an
estimator based on minibatches. Specifically, if we suppose
the minibatch X(M) = {xi}Mi=1 contains M randomly drawn
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data points from the whole dataset X, which comprises N

data points, then we have

L(θ, φ|X) ≈ N

M
L(θ, φ|X(M)). (13)

We can obtain the update rules for θ, φ using stochastic
optimization methods such as stochastic gradient descent
(SGD) or Adagrad [8], to generate an efficient parameter
optimization algorithm.

The architecture shown in Eq. 11 can be regarded as
an Auto-Encoding Variational Bayesian (AEVB) problem.
For each observed variable x, we try to encode it with the
corresponding latent variable z ∼ q(z|x, φ). By updating
q(z|x, φ), the reconstruction loss can be measured using the
second term 1

L

∑L
l=1 log p(x|z(l), θ), and the regularization

can be calculated from the KL divergence term.

SGVB for Bayesian Neural Tensor Decomposition

To perform variational inference for our Bayesian Neural
Tensor Decomposition model, appropriate prior distribu-
tions over the latent entity ei and relationship rk variables
have to be imposed. The Gaussian distribution is useful due
to the central limit theorem, therefore, we employ Gaussian
priors as follows,

p(ei |μE, λE) = N (ei |μE, diag(λ−1
E )), (14)

p(rk|μR, λR) = N (rk|μR, diag(λ−1
R )), (15)

where diag(λ) denotes a diagonal matrix and its elements
are the entries of the vector λ. In practice, the {μE, μR} are
assigned with 0, and the precision {λE, λR} are set as I .

To perform Bayesian inference with AEVB for our
model, we assume that the variational posterior distributions
for latent variable ei , rk are Gaussian distributions which
are usually used in the natural and social sciences to
represent real-valued random variables whose distributions
are not known, as follows,

q(ei |μ̃i , λ̃i ) = N (ei |μ̃i , diag(λ̃
−1
i )), (16)

q(rk|μ̃k, λ̃k) = N (rk|μ̃k, diag(λ̃
−1
k )). (17)

The posterior distributions are governed by the hyper-
parameters denoted by φ = {μ̃i , λ̃i , μ̃k, λ̃k}, which will
be updated in the optimization process. Please note that,
in contrast to the conventional SGVB inference, our model
processes the posterior distributions over the latent feature
vectors ei and rk that are not given by observed data.

The variational lower bound approximation in Eq. 11
of our model can be written as the following form by
combining (1)–(6) and (14)–(17),

L(Θ, 
|Y) = −
N∑

i=1

KL[q(ei |μ̃i , λ̃i )||p(ei |μE, λE)]

−
N∑

j=1

KL[q(ej |μ̃j , λ̃j )||p(ej |μE, λE)]

−
M∑

k=1

KL[q(rk|μ̃k, λ̃k)||p(rk |μR, λR)]

+
L∑

l=1

N∑

i=1

N∑

j=1

M∑

k=1

Iijk

L
log Ber(yijk|σ (l)(xijk; α)),

(18)

where

e
(l)
i = μ̃i + diag(λ̃

−1\2
i )ε

(l)
i ,

e
(l)
j = μ̃j + diag(λ̃

−1\2
j )ε

(l)
j ,

r
(l)
k = μ̃k + diag(λ̃

−1\2
k )ε

(l)
k , (19)

and

ε
(l)
i , ε

(l)
j , ε

(l)
k ∼ N (0, I ), (20)

where Θ = {w, A, B
[1:K]
1 , B

[1:K]
2 , B

[1:K]
3 , b, b0}, 
 =

{μ̃i , λ̃i , μ̃j , λ̃j , μ̃k, λ̃k}, and μE, μR are set as 0, λE, λR

are set as 1 (all one vector) in present paper. By
replacing ei , ej , rk with differentiable transformations as in
Eq. 19, we can optimize the lower bound in Eq. 18 with
stochastic gradient ascent. The pseudo code in Algorithm 1
summarizes the details of the optimization process.

Algorithm 1 Our proposed model

Require: Training set , , , .

1: Initialize parameters, e.g.,

2: repeat

3: Randomly select M datapoints (drawn from

training set )

4: Random sampling of noise distribution

5:

6: Update parameters by using SGD

7: until Meet the convergence criterion of parameters

8: return

Experiments

Our experiments are designed to predict the truth of facts
in the form of (subject, predict, object) of our Bayesian
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Neural Tensor Decomposition model on the available real-
world datasets: WordNet and Freebase. All the experiments
are run on a 12-core server with 2.60GHz Intel(R) Xeon(R)
E5-2630 processor and 64GB of RAM.

We evaluate our model with four baseline models:

• TransE [5]: TransE is a relatively simple model that
only thinks about the distance between entities, and
it does not refer to other information, such as the
interaction of entities.

• TransR [16]: TransR is a development of TransE. In this
model, calculation of the distance between two entities
is established on the basis of them in the same space.
TransR and TransE have the same shortcomings.

• RESCAL [21]: RESCAL is a method that uses a three-
way tensor factorization model that takes into account
the inherent structure of multi-relational data, which is
able to perform collective learning.

• NTN [23]: NTN considers the effect of the linear
representation and the tensor interaction between two
entities. This model doesn’t involve interaction between
each relationship, and each relationship has its own set
of parameters.

Datasets We evaluate our method with two datasets
used in NTN [23], including WordNet [18] and Free-
base [3]. WordNet is a combination of English dicti-
nary and thesaurus. Words are grouped into sets of syn-
onyms. Relations include {has instance, type of, mem-
ber meronym, member holonym, part of, has part, sub-
ordinate instance of, domain region, synset domain topic,
similar to, domain topic}. See example in Fig. 1 (Her-
mann Einstein, has child, Albert Einstein). For Freebase,
it only contains relational triples from People domain
with 13 relations. Relations contain {gender, nationality,
profession, place of death, place of birth, location, institu-
tion, cause of death, religion, parents, children, ethnicity,
spouse}. These two datasets have been divided into train-
ing sets, test sets and verification sets. Statistics of the two
datasets are summarized in Table 1. These datasets also
filters out trivial test triplets, the ones also occurs on the
training dataset in a different relation or order. For instance,
(e1, similar to, e2) is removed from the test dataset if (e2,
similar to, e1) is on the training data.

During the experiments we need to artificially generate
an equivalent amount of negative samples for an adversarial
balance, since the training sets of two datasets only

contain positive instances. In our experiments, we built
the negative triplets following the same procedure used in
NTN. Specifically, the negative triples on the datasets are
constructed by randomly switching entities from correct
triples. For example, given a true triple (David Beckham,
nationality, United Kingdom), the negative example is
(David Beckham, nationality, United States). The metric
used in our experiments is the accuracy that calculated by
the correct predicted number of triples. All the methods use
the same training, validation and test datasets.

Parameter Settings The hyperparameter settings of base-
lines are the default. For convenience purposes, we use
η, γ, d, B to denote the learning rate, margin, embedding
dimension and batch size respectively. For TransE, η =
0.01, γ = 2.0, d = 20, B = 120 on Wordnet; η =
0.001, γ = 2.0, d = 100, B = 30 on Freebase. For TransR,
η = 0.001, γ = 4.0, d = 20, B = 120 on Wordnet;
η = 0.0001, γ = 2.0, d = 100, B = 480 on Freebase.
For NTN, the regularization parameter is set to 0.0001; the
dimensionality of the hidden vector is set to 100 and the
number of slices is set to 3. For RESCAL, d = 100, the
regularization parameter is set to 0 for scalability reasons.

In contrast, for our Bayesian Neural Tensor Decomposi-
tion model, we search the learning rate η in {0.001, 0.005,
0.01, 0,1}, the number of drawn samples L in {1, 10, 20,
30}, the hyperparameter of the sigmoid function α in {0.001,
0.01, 0,1}, the dimensionality of the latent feature vectors
d in {10, 20, 50, 100}, and the dimensionality of the out-
put of multiple-layer perception (MLP) K in {2, 4, 6}. The
optimal configurations of our model are: η = 0.01, L =
20, α = 0.01, d = 20, K = 4 on Wordnet; η = 0.001, L =
20, α = 0.01, d = 20, K = 4 on Freebase. During the
experiments, we find that the results of the experiments are
not sensitive to the dimensionality of the latent feature vec-
tors, and the dimensionality is not the bigger the better. so
we set up the relatively low dimensions. At the same time, it
could have an excellent effect, and the computing complex-
ity is decreased. All these hyperparameters are determined
by cross-validation.

Experimental Results Since the TransE is the simplest
model, which contains the least information, it gets the
worst result. TransR model can outperform TransE model
because of the utilization of projection matrix. Rescal model
has a better accuracy than TransR model. Furthermore,
since NTN thinks about the interaction between entities, it

Table 1 The statistics for
WordNet and Freebase Dataset # Relation # Entity # Train # Validation # Test

WordNet 11 38,696 112,581 2609 10,544

Freebase 13 75,043 316,232 5908 23,733
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Table 2 Comparison of accuracy of different methods on two datasets

Dataset WordNet Freebase Average

TransE 0.682 0.610 0.646

TransR 0.700 0.643 0.672

RESCAL 0.719 0.652 0.685

NTN 0.724 0.664 0.694

Ours 0.741 0.752 0.747

Results of our method are shown in bold

can have a better accuracy than TransR model. Lastly, our
approach is the extension of NTN by taking into account
the cross tensor interaction between entities and relations,
accordingly have a higher performance than NTN on both
datasets. Table 2 shows the average accuracy for all models.
It can be seen that our model achieves 74.1% on WordNet
dataset and 75.2% on Freebase dataset. It outperforms all
the other baselines, which is about 5% higher than NTN on
average.

In order to study the significance of the improvement
of our model over NTN, we concretely compare the two
methods in each relation. We select five relations from each

(a) WordNet

(b) Freebase

Fig. 3 Comparison of accuracy of different relations of our model and
NTN on two datasets

dataset to illustrate the results of the comparison between
our model and NTN in Fig. 3. It can be observed that our
model outperforms NTN in all relations on both datasets.

Since our model embraces the prior knowledge of
entities’ latent features, it could improve the prediction
by the posterior of latent features in the Bayesian
framework. Specifically, on WordNet, we compare five
kinds of relations with NTN, the accuracy varies from 73%
(has instance) to 81% (synset domain topic). In terms of
the domian topic, our model wins NTN with a margin of
15%.

On Freebase, similarly, the accuracy varies from 58%
(institution) to 85% (gender). Although the performance
on different relations varies, our proposed model achieves
generally higher accuracy than NTN. The high precision
about gender and nationality is probably caused by the
facts that the number of triples about them is more than
the number of triples about other relations on the training
data, and the entities related to them change within a small
ranges.

Conclusions and FutureWork

In this paper we have presented a Bayesian approach to
Neural Tensor Decomposition for knowledge base com-
pletion. By encoding the interaction scheme between the
decomposed latent factors of (subject, predicate, object)
triples with multi-layered perceptrons or any other arbi-
trary functions, we can model the deep correlations or
dependence between the latent factors. Furthermore, by
taking advantages of the Stochastic Gradient Variational
Bayes framework, we can make efficient approximate vari-
ational inference for the proposed nonlinear probabilistic
tensor decomposition by a novel local reparameterization
trick. Experimental results on two real-world knowledge
base datasets have indicated that the proposed method
can achieve very promising results in predicting missing
triples compared with state-of-the-art knowledge compari-
son methods.

For the future work, we plan to study online learning and
parallel computing to improve the scalability of Bayesian
Neural Tensor Decomposition. We also plan to explore other
neural networks, e.g., Convolutional Neural Networks, to
model the complex interactions of subject, predicate, and
object factors.
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