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Abstract. Knowledge graph embedding aims to construct a low-dimensional and continuous space, which is able to describe the
semantics of high-dimensional and sparse knowledge graphs. Among existing solutions, translation models have drawn much
attention lately, which use a relation vector to translate the head entity vector, the result of which is close to the tailentity vector.
Compared with classical embedding methods, translation models achieve state-of-the-art performance; nonetheless,the rationale
and mechanism behind them still aspire after understandingand investigation. In this connection, we quest into the essence of
translation models, and present a generic model, namely,GTrans, to entail all the existing translation models. InGTrans, each
entity is interpreted by a combination of two states - eigenstate and mimesis. Eigenstate represents the features that an entity
intrinsically owns, and mimesis expresses the features that are affected by associated relations. The weighting of thetwo states
can be tuned, and hence, dynamic and static weighting strategies are put forward to best describe entities in the problemdomain.
Besides,GTrans incorporates a dynamic relation space for each relation, which not only enables the flexibility of our model, but
also reduces the noise from other relation spaces. In experiments, we evaluate our proposed model with two benchmark tasks -
triplets classification and link prediction. Experiment results witness significant and consistent performance gain that is offered
by GTrans over existing alternatives.
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1. Introduction

Nowadays, artificial intelligence is playing an im-
portant role in real world. Knowledge graph, or knowl-
edge base, as an essential cornerstone of intelligent ap-
plications, finds a wide spectrum of practical appli-
cations in information retrieval, question answering,
knowledge management, etc.

In this research, knowledge graph is constituted of
structured triplets, which is expressed as “(head_entity,
relation, tail_entity)”, denoted by(h, r, t), whereh is
a head entity,t is a tail entity, andr is the relation
betweenh and t. While there are several large-scale
knowledge graphs, for instance,WordNet [14] and
Freebase [2] currently cover billion entities and re-
lations, they are still fairlysparse. The sparse represen-
tation imposes great computational challenges when

evaluating semantic correlation among entities. As a
consequence, series of knowledge graph embedding
models were proposed to resolve the issue [1].Knowl-
edge graph embeddingcompresses a high-dimensional
and sparse knowledge graph into a low-dimensional
and continuous space through representation learning.
The embedding vectors can express the semantic fea-
tures of entities and/or relations in a flexible manner,
and enable quantitative analysis of the semantic corre-
lations among entities.

Among the existing embedding models, atransla-
tion modelTransE [4] stands out for its simpleness and
effectiveness. InTransE, the tail entity embeddingt is
close to the head entity embeddingh adding relation
embeddingr . That is, agolden triangleis established
by h + r ≈ t. While TransE handles simple relations
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well, for complexrelations such as “be_friends_of”
and “language_spoken”, it becomes deficient.

To address the issue of complex relations, several
successors follow.TransH [22] adopts hyperplane pro-
jection rules, which projectsh and t into a relation-
specific hyperplane. Using the normal vectorwr of a
relation-specific hyperplane, it transforms the head en-
tity ash⊥ = h − wT

r hwr ; similarly, t⊥ = t − wT
r twr

for the tail entity. Then,h⊥ + r ≈ t⊥. Concurrently,
TransR/CTransR [13] puts entities and relations into
distinct embedding spaces. Using a mapping matrix
M r , it pursuitshr + r ≈ tr in the relation space,
wherehr = M rh and tr = M r t. Another recent tri-
umph TransD [11] employs two embedding vectors
r p andhp (or equallytp) to construct dynamic map-
ping matricesM rh andM rt for each entity-relation pair,
whereM rh = r phT

p + I andM rt = r ptT
p + I . Again,

hrh + r ≈ trt , wherehrh = M rhh andtrt = M rt t.
While the aforementioned models alleviate the is-

sue, through elaborative investigation we observe mar-
gins for further improvement:

– They underestimate the complicacy of entities,
and hence, the current models are not able tofully
describe entities in the problem domain; and

– They follow similar evaluation rules in the form
of h∗ + r ≈ t∗ for training, and overlook the fact
that a relationr is an abstraction of entity pairs
〈h, t〉, which tends to depict the features that all
entity pairs〈h, t〉 jointly have.

Hence, we argue that the essence of translation-based
knowledge graph embedding is not close to well under-
stood. In this research, we try to address the challenges
by first modeling each entity as a combination of two
states -eigenstateandmimesis, respectively, to reflect
its intrinsic andexogenousproperties, and then, con-
structing adynamicrelation space by assigning differ-
ent weights to different features. The result of the pro-
posed models together constitutes a novel and generic
solution.

In particular, we present a generic translation model
namedGTrans for knowledge graph embedding, the
ideas of which are sketched in Figures 1 and 2. In
GTrans, we define two embedding vectors for each en-
tity h (or t), and three embedding vectors for each re-
lation r. For entities, the first embedding vector rep-
resents the eigenstate features, and the second em-
bedding vector represents the abstract features used
to construct the mimesis space; for relations, the first
two vectors capture eigenstate and minesis features, as
those for entities, and the third vector conveys the dy-
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Fig. 1. Illustration of multi-state entities. [hei (resp.tei ), i = 1, 2,
represent eigenstate embedding of head (resp. tail) entities, andhmi

(resp.tmi ), i = 1, 2, represent mimesis embedding of head (resp.,
tail) entities;α j (resp.β j ), j = 1, 2, 3, 4, represent the weights of
eigenstate (resp. mimesis) embedding;hi (resp.ti ), i = 1, 2, repre-
sents true embedding of head (resp. tail) entities.]

namic weights in relation space on each dimension.
Hence, the true vector ofh (or t) is composed of a lin-
ear combination of eigenstate embedding features and
mimesis embedding features with weightsα andβ, re-
spectively; and the translation mapping can be further
tuned by the dynamic feature weights. We experimen-
tally evaluateGTrans on benchmark tasks of triplets
classification and link prediction. The experiment re-
sults verify that the proposed model enjoys significant
and consistent improvements compared with previous
models.
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Fig. 2. Illustration of dynamic relation spaces. [In relation-specific
spaces, ther1 (resp.r2) space can distinguish the false tail entity
t̄1 (resp.̄t2) and correct tail entityt1 (resp.t2) effectively, although
δi > δ̄i , whereδi = hi + r − ti , δ̄i = hi + r − t̄i , i = 1, 2.]

Contribution. We summarize the major contribu-
tions by the following four ingredients:
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– We propose a generic translation framework
GTrans for knowledge graph embedding, which
considers and models different states of enti-
ties and feature tendencies in different relation
spaces;

– We conceive the embedding features of true en-
tity with a linear combination of eigenstate em-
bedding features and mimesis embedding fea-
tures; besides, we use dynamic and static weight-
ing strategies to set the weights of two states,
such that the flexibility of translation models is
enhanced;

– We construct a dynamic relation space for each
relation so as to provide adaptive relation weights
for each relation embedding space, which im-
proves the capability of relation representation
and reduces the noise from other relations; and

– Through comprehensive experiments on real-
life benchmark datasets,GTrans is empirically
demonstrated to outperform state-of-the-art mod-
els in link prediction and triplets classification
tasks.

Organization. We discuss related work in Sec-
tion 2, and then introduce the proposed model, along
with the theoretical analysis in Section 3. Afterwards,
experimental study is reported in Section 4, followed
by major findings concluded in Section 5.

2. Related work

In this section, we introduce related work from two
aspects - translation models and compositional mod-
els. In terms of performance, the most competitive
ones are involved and compared in Section 4.

2.1. Translation models

Translation models, to which our proposed method
belongs, contend that the tail entity is a translation re-
sult of the head entity. The seminal workTransE [4]
constructs a golden triplet(h, r, t) by taking the rela-
tion r as translation fromh to t. Consequently,h plus
r is close tot, and the corresponding score function is
fr(h, t) = ‖h+ r − t‖2L1/L2

. However,TransE only ap-
plies well to simple 1-to-1 relation, and have troubles
for 1-to-N, N-to-1 and N-to-N relations.

To address the issue of complex relations,TransH [22]
was proposed to enable an entity to have different
representations for different relations. Specifically, it

models the relation as a vectorr on a hyperplane, and
then projects entity vectors (h or t) into a relation-
specific hyperplane (h⊥ or t⊥). The score function is
fr(h, t) = ‖h⊥ + r − t⊥‖2L1/L2

.
Both TransE andTransH observe flaws as they as-

sume that entities and relations are in the same space
R

n, while entities and relations are two distinct con-
cepts that should be represented separately. Inspired by
this idea,TransR sets a project matrixM r to each re-
lation r, which can project entities into relation space.
Its score function isfr(h, t) = ‖M rh + r − M r t‖2L1/L2

,
whereM r ∈ R

m×n, h, t ∈ R
n, andr ∈ R

m. CTransR
is an extension ofTransR, which divides the triples of
each relationr into several triplets subsets according
to AP clustering algorithm, with each triplets having
a sub-relationrs instead of relationr. It alleviates the
semantic ambiguity issue to some extent but does not
solve it completely.

Compared withTransR/CTransR, TransD replaces
the project matrixM r with two vectorsep andhp, in
order to represent entity and relation factors simul-
taneously. The representation method is denoted by
M r = hpep

T , which in fact also describes the function
score ofTransD. Recently, an improvement was made
by TransDR [19], which uses a weight to describe
relation-specific space, and “eigenstate” and “mime-
sis” are incorporated there for explaining the model.

There are some other translation models that also
achieve good results. [6] uses the number of entities
contained in each relation to set the weightwr for each
relation. [12] sets triplet-specific marginγ for each
triplet according to the distribution of entities and rela-
tions. [7] considers that the result of head entity vector
adding relation vector is orthogonal to tail entity vec-
tor, which can be described as(h+ r)T t ≈ 0. [24] uses
the entity description in knowledge graph to enhance
the representation ability.

2.2. Compositional models

In addition to translation models, there are several
other embedding models that are feasible for repre-
senting knowledge graph.

Unstructured model. Unstructured model (UM) [3]
considers that head entityh and tail entityt in each
triplet have semantic similarity, and ignores the rela-
tionship between them. The score function usesL2-
norm to constrain the embeddings, i.e.,fr(h, t) =
‖h− t‖L2

. Obviously, it is of low efficiency to describe
the features between different relations.
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Structured embedding. Structured embedding model
(SE) [5] deems that head entity and tail entity are over-
lapping in a specific relation spaceRn, when the triplet
(h, r, t) exists. It uses two mapping matricesMrh and
Mr t to extract features fromh andt. The score function
can be expressed byfr(h, t) = ‖M rh h − M rt t‖L1/L2

.

Single layer model. Compared withSE, single
layer model (SLM) [16] uses a non-linear activation
function to translate the extracted features, and con-
siders the feature vector after activating is orthogo-
nal with relation feature vector.The extracted features
consist of the entities’ features after mapping and a
bias of its relation. The score function isfr(h, t) =
µT

r tanh(M rh h + M rt t + br ), whereµr is a relation
feature vector,tanh is an activation function,M rh and
M rt are mapping matrix to extract features,br is a bias
of relations.

Neural tensor network. Neural tensor network
(NTN) is a more complex model, in which tensor is har-
nessed as a better feature extractor. The score function
is fr(h, t) = µT

r tanh(hTWr t + M rh h + M rt t + br ),
whereWr is a tensor to extract features from head (tail)
entities, besidesµr , M rh , M rt and br have the same
definition as inSLM.

Semantic matching energy. The basic idea of se-
mantic matching energy (SME) [3,8] is that, if the
triplet is correct, the feature vectors of head entity
and tail entity are orthogonal. LikewiseSLM, the fea-
tures of head (tail) entity consist of the entities’ fea-
tures after mapping and a bias of its relation. The
process of extracting features is implemented by two
methods - linear and nonlinear. The score function of
linear method isfr(h, t) = (Mhh + Mhr r + bh)

T ·
(M t t +M tr r +bt), and fr(h, t) = ((Mhh)⊗ (Mhr r)+
bh)

T · ((M t t) ⊗ (M tr r) + bt) for nonlinear case,
whereMh,Mhr ,M t ,M tr are feature extractors,⊗ is
the Hadamard product,bh andbt are bias of head and
tail entity, respectively. In [8], a new method of feature
extractor is defined to improveSME.

Latent factor model. Latent factor model (LFM) [10,
18] assumes that head entity’s feature vector is orthog-
onal to tail entity’s, when the head entity is mapped in
specific relation space. Its score function is defined by
fr(h, t) = hTM r t.

Complex embedding. Complex embedding model
(ComplEX) [20] predicts the probability of a link
by the logistic inverse link functionP(Yrso = 1) =
σ(φ(r , s, o; Θ)), where Yrso ∈ {−1, 1} is the pre-
dicted fact, r is the relation,s and o are the sub-

ject and object of the relation, respectively.Θ de-
notes the parameters of the corresponding model.σ

is a scoring function that is typically based on a fac-
torization of the observed relations and can be de-
scribed asσ(φ(r , s, o; Θ)) = Re(〈wr , es, eo〉), where
wr = Re(wr ) + Im(wr ), es = Re(es) + Im(es),
eo = Re(eo)− Im(eo), Re(∗) is the real part of feature
vector, andIm(∗) is the plural part of feature vector.
Compared with other models,ComplEX can solve the
symmetric and antisymmetric relations more flexibly.

We are also aware of other models that are demon-
strated with good experiment results. For instance,
DistMult [25] uses a formulation of bilinear model to
represent entities and relations and utilizes the learned
embedding to extract logical rules.HOLE [15] utilizes
a compositional vector space based on the circular cor-
relation of vectors, which creates fixed-width represen-
tations, meaning that the compositional representation
has the same dimensionality as the representation of its
constituents.

3. Proposed model

This section presents the proposed model for knowl-
edge graph embedding.

We first describe the common notations.G is a
knowledge graph constituted of triplets(h, r, t), where
h denotes a head entity,r denotes a relation,t de-
notes a tail entity. The bold letterh, r and t denote
the embedding representations ofh, r and t, respec-
tively. h = (h1, h2, . . . , hn), r = (r1, r2, . . . , rn), t =
(t1, t2, . . . , tn), hi , r i andti are thei-th features ofh, r
andt, respectively, andn is the length of feature vec-
tor. ∆ denotes the set of correct triplets, and∆′ de-
notes the set of incorrect triplets. Hence,(h, r, t) ∈ ∆
implies that the triplet is correct, and(h, r, t) ∈ ∆′

means that the triplet is incorrect.Wr denotes the em-
bedding representations of relation weights, andWr =
(w1,w2, ...,wn). Wα denotes the relation influences on
entities, and

Wα =

















αe1 ,r1 · · · αe1 ,r j · · · αe1,rNr

...
. . .

...
αei ,r1 αei ,r j αei ,rNr

...
.. .

...
αeNe,r1 · · · αeNe,r j · · · αeNe,rNr

















, (1)

whereαei ,r j represents the influence ofj-th relation on
i-th entity. We useE andR to denote the sets of entities
and relations, respectively.
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3.1. Model construction

In the proposed model, we first useeigenstateand
mimesisto construct the entity and relation models,
where eigenstate describes the features that an entity
inherently has, and mimesis describe the features af-
fected by other entities and relations. Then, we use
different weight vectors to construct dynamic relation
spaces for different relations, which enables each rela-
tion to have a specific space description.

Multi-state entity. Two vectors are used to repre-
sent entities: (1) the first one describes the eigenstate
of entities; and (2) the other one describes the abstract
state of entities which can be used to construct the
mimesis matrix of entities. Similarly, such construc-
tion also applies to relations. Thus, we use 6 vectors,
i.e.,ha, he, ra, re, ta andte, to represent a triplet(h, r, t),
and subscriptsa and e are short for “abstract” and
“eigenstate”,ha, he, ra, re, ta, te ∈ R

n.
In addition, for each triplet(h, r, t), we define two

mimesis matricesMh and M t to represent head and
tail entities’ mimesis matrix, respectively. They are de-
fined as

Mh = raha
T
, (2)

M t = rata
T . (3)

The symmetric mimesis matrices are constructed by
abstract vectors of entities and relations, and therefore,
for each triplet(h, r, t), both h and t have its unique
mimesis matrix.

Mimesis matrix is used to project eigenstate into a
mimesis space, and the projected vectors are called
mimesis vectors, which represent the features affected
by “external” factors. Mimesis vectors can be de-
scribed as

hm = Mhhe = raha
The, (4)

tm = M t te = rata
T te. (5)

In fact, the true state of entities is jointly constituted
of mimesis and eigenstate. Thus, an immediate fea-
sible strategy to reflect this idea is to give two static
weights to all eigenstate and mimesis features, i.e.,
static weightingstrategy (SW). To implementSW, we
express true vectors as

h = αhe + βhm, (6)

t = αte + βtm, (7)

where hyper-parameterα andβ are used to trade off the
weight of mimesis and eigenstate such thatα+β = C,
C is a constant,α > 0, β > 0.

Another strategy is dynamically setting the weights,
i.e., dynamic weighting strategy, or DW, which lets
distinct relations have different effects on each entity.
Hence, we take a specialα for each triplet. Particularly,
we set a matrixWα that is obtained by the statistics
of known knowledge graph. For the known knowledge
graph, we count the adjacency matrixM r of entities
setE and relations setR, if we only consider the direct
effect on entities, theWα can be formulated as

Wα = M r + b, (8)

where an entry ofM r is calculated by

Mr(ei , r j) =
tei ,r j

∑

k=1,2,...,Nr
tei ,rk

, (9)

wheretei ,r j denotes thej-th occurrences of relationr
for the i-th entitye, andb denotes the bias ofWα.

If we consider both direct and indirect effects of re-
lations on entities, it is necessary to add adjacency ma-
trix Me of different entitiese. In this case,Wα is for-
mulated as

Wα = (Me + I)M r + b, (10)

where an entry ofMe is calculated by

Me(ei , r j) =
sei ,ej

∑

k=1,2,...,Ne
sei ,ek

, (11)

wheresei ,ej indicates that the entityej hask relation-
ships with the entityei .

Briefly, for each entity, the more occurrences of a
relation, the more important this relation means to the
entity. Thus, the final head entity vector is given by

h = (1− αh,r)he + αh,rhm. (12)

Similarly, the tail entity vectort is

t = (1− αt,r)te + αt,r tm. (13)

Like other translation models,h, r andt together con-
struct a golden triangle, i.e.,h + r − t ≈ 0, where
r = re.

Dynamic relation spaces. We start with analysis
of the score function of translation models, and then
present the construction of dynamic relation spaces.
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The score functionfr(h, t) is expected to minimize
the distance betweenh + r andt. All the above trans-
lation models use Euclidean Distance (ED) as basic
distance metric for scoring, which can be described as
follows:

fr(h, t) = ‖h + r − t‖22. (14)

Equation (14) considers the distribution of each
feature dimension evenly, and hence, cannot distin-
guish the tendency of different relation spaces. In this
connection, we recall two additional distance metrics
- standardized Euclidean distance (SED) and Maha-
lanobis distance (MD), which can set different weights
for different dimensions. Compared withMD, SED in-
cludes the relatedness information of different dimen-
sions. Moreover,SED has lower time complexity and
can be applied in large-scale knowledge representa-
tion. Besides,MD can be described as a non-negative
symmetric matrix, and decomposable byLDL de-
composition [9], whereL denotes the correlation ma-
trix and D denotes the weight diagonal matrix. If we
consider the relatedness of different dimensions, we
can use diagonal matrixD to represent simplifiedMD
which is also referred to asSED. As a consequence,
we adoptSED in our proposed model.

Particularly, we replaceED in Equation (14) with
SED, whereSED is defined as

X∗ =
X − µ

σ
, (15)

whereX and X∗ represent the feature vector before
and after standardization, respectively,µ andσ are ex-
pectation and standard deviation vectors, respectively.
Hence, the distance betweenh + r andt is

fr(h, t) = ‖
h + r − µ
σ

−
t − µ
σ

‖22 (16)

= ‖1/σ⊙ (h + r − t)‖22, (17)

where⊙ denotes element-wise product. Because the
computational efficiency of multiply is higher than di-
vision [9], we takeWr = 1/σ to optimize the algo-
rithm, and thus, the revised score function can be de-
scribed as

fr(h, t) = ‖Wr ⊙ (h + r − t)‖22, (18)

whereWr > 0. In short,SED eliminates the uneven
distribution of features by standardization.

3.2. Model training

To encourage the discrimination between golden
triplets and incorrect triplets, we define the following
margin-based ranking loss function,

L =
∑

(h,r ,t)∈∆

∑

(h,r ,t)∈∆′

[ fr(h, t)+γ− fr (h′, t′)]+, (19)

where[x]+ , max(0, x), ∆ and∆′ are the sets of pos-
itive and negative triplets, respectively,γ is the margin
separating positive and negative triplets,h′ andt′ are
head and tail entities of negative triplet sets.

Note that the original triplet sets only contains posi-
tive triplets. As a result, we have to get negative triplet
sets by corrupting golden the triplets. Akin to existing
work [22], we use “unif” and “bern” sampling strate-
gies to construct negative triplet sets. The “unif” strat-
egy utilizes the same probability to replace the head
or tail entity when corrupting the triplets, while the
“bern” strategy utilizes different probabilities to re-
place the head and tail entity according to the relation
types.

The following constraints are considered when min-
imizing the loss functionL, i.e.,

∀he, te ∈ |E|, ‖he‖ ≤ 1, ‖te‖ ≤ 1, (20)

∀re ∈ |R|, ‖re‖ ≤ 1, (21)

‖h‖ ≤ 1, ‖t‖ ≤ 1, (22)

‖Wr‖ ≥ 1,wi ≥ 0, (23)

wherei = 1, 2, . . .n, n is the length of feature vectors.
The first three constraints are to limit the length of fea-
ture vectors, and the last constraint is to prevent triv-
ial solution. Afterwards, we convert it to the following
loss function by means of soft constraints,

L =
∑

(h,r ,t)∈∆

∑

(h′,r ′,t′)∈∆′

[ fr(h, t) + γ − fr(h′, t′)]+

(24)

+ λ{[Σ‖h‖22 − 1]+ +Σ[‖t‖22 − 1]+} (25)

+ η{Σ[1− ‖Wr‖
2
2]+}, (26)

whereλ andη are two hyper-parameters to weight
the importance of soft constraints.

To solve the model, we utilize the improved stochas-
tic gradient descentADADELTA [26] to train the loss
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function. Comparing withSGD, ADADELTA shrinks
learning rate effectively when the number of itera-
tions increases, that is, it is insensitive to learning rate.
Note that the first two constraints are omitted in Equa-
tion (??); instead, we directly check the constraints be-
fore visiting each mini-batch.

3.3. Comparison with existing models

To better appreciate the proposed model, we com-
pare it with representative existing models. First, we
list the time complexity of models in Table 1, in which
Ne, Nr andNt denote the number of entities, relations
and triplets, respectively,mandn are the dimensions of
entity embedding space and relation embedding space,
respectively,d denotes the average number of clustered
sub-relations of a relation,k is the number of hidden
nodes of a neural network ands is the number of slices
of a tensor.

We summarize the major findings from Table 1 as
follows:

– UM has the least parameters and lowest time com-
plexity; but as a baseline,UM also has lowest ac-
curacy on all datasets (cf. Section 4).

– Compared with other embedding models, trans-
lation models have fewer parameters and lower
time complexity, which means translation mod-
els are guaranteed to have elegant performance on
large-scale knowledge graphs.

– Compared with other translation models, our pro-
posed modelGTrans has even lower time com-
plexity than TransR/CTransR, and is of similar
time complexity asTransE and TransH, which
suggests that our method has potential superiority
on large-scale knowledge graphs while keeping
the model simple.

In addition to low time complexity, compared with
other translation models,GTrans is a generic repre-
sentation method that can encapsulate more complex
models for knowledge graph embedding. From the
model construction ofTransE, we can see that it is
a special case ofGTrans, when the weight of mime-
sis and eigenstate isα = 1 andβ = 0, respectively,
and each dimension ofWr is set equal to 1. Simi-
larly, TransR also serve as a special case ofGTrans,
when the weights of mimesis and eigenstate areα = 0
and β = 1, respectively, ignoring the relation space
distributionWr . It is noted that , compared with our
model, TransR defines a mimesis matrix rather than
vectors multiplication for each relation, which greatly

increases the training time. To better compare with
TransH, we may rewrite our model as

h = αhe + βha
Thera, (27)

t = αte + βta
T tera. (28)

TransH relates toGTrans, when α = β = 1 and
ha = ra = ta; in other words, the mimesis ofTransH
just considers the relation property, but inGTrans, the
mimesis considers both entity and relation property.

In general,GTrans presents a generic model frame-
work to embrace existing translation models, usingα
and β to assign respective weight for eigenstate and
mimesis state, which can describe triplet states more
flexibly; moreover,GTrans builds a special embedding
weight space for each relation, which dynamically rep-
resents the relation features and effectively reduces the
interference from irrelevant dimensions.

4. Experiments and analysis

We empirically study and evaluate our approach on
two tasks - triplets classification and link prediction.
We firstly introduce the data sets, and then analyze the
experiment results.

4.1. Experiment setup

In this paper, we evaluate our model on two popu-
lar knowledge graphs:WordNet 1 andFreebase 2.
WordNet describes semantic information of each
word, and relationships are defined between synset
indicating their lexical relation, such ashypernym,
hyponym, similar, part of, and so forth. Entities are
synonyms which express distinct concepts. We em-
ploy two subsets overWordNet, i.e., WN18 [8] and
WN11 [16]. In Freebase, most triplets are con-
structed by facts in the world, such as “(Barack Hus-
sein Obama, is president of, America)”, and “(Steve
Jobs, founded, Apple Inc)”. We also employ two sub-
sets fromFreebase, i.e., FB13 [16] and FB15K [8].
We list statistics of these data sets in Table 2. From
Table 2, we can see that, compared with WN11 and
WN18, FB13 and FB15K have more entities and
triplets. Besides, FB15K has most relation types and

1wordnet.princeton.edu/wordnet/download/
2code.google.com/p/wiki-links
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Table 1

Model complexity

Model #Parameters Time complexity

UM O(Nem) O(Nt)

SE O(Nem+ Nrn2) O(m2Nt)

SME (linear) O(Nem+ Nrn+ 4mk+ 4k) O(mkNt)

SLM O(Nem+ (2k + 2nk)Nr) O(mkNt)

LFM O(Nem+ Nrn2) O(m2Nt)

NTN O(Nem+ Nr(n2s+ 2ns+ 2s)) O(m2sNt)

TransE O(Nem+ Nrn) O(Nt)

TransH O(Nem+ 2Nrn) O(nNt)

TransR O(Nem+ Nr(m+ 1)n) O(mnNt)

CTransR O(Nem+ Nr(m+ d)n) O(mnNt)

GTrans O(Nem+ 3Nrn) O(nNt)

largest training sets, and hence, FB15K is regarded as
a typical large-scale knowledge graph.

As baselines, several embedding models introduced
in Section 2 are involved, includingSE, NTN, TransE,
etc. These are the classical models that achieve state-
of-the-art results. Note that some models are ignored,
such asTransD andTransDR, which are special cases
of our model. In our implementation ofGTrans, we set
C = 1 andα = 1 − β; in addition, to accelerate the
convergence, we use the results ofTransE to replace
the randomly initiate values ofhe, te andre.

Table 2

Dataset statistics

Dataset |E|/|R| #Train #Valid #Test

WN11 38,696/11 112,581 2,609 10,544

WN18 40,934/18 141,442 5,000 5,000

FB13 75,043/13 316,232 5,908 23,733

FB15K 14,951/1,345 483,142 50,000 59,071

4.2. Triplets classification

Given a triplet(h, r, t), the task of triplets classifi-
cation is to judge whether a triplet is correct or not.
This is a binary classification problem, which has been
explored in [11,13,17,22] for evaluation. In this set of
experiments, we use the same data sets as those in [7],
i.e., WN11, FB13 and FB15K.

Because FB15K does not have negative triplets in
validation and test data sets, we construct the negative
sets following the same method used for FB13 [16].
Firstly, we corrupt the golden triplets in validation and

test sets, for each corrupt triplet, the head entity or tail
entity is replaced by a random entity. If the triplet af-
ter replacement does not exist in all data sets, it is con-
sidered as a negative sample; otherwise, the corrupted
triplet is discarded, and we construct another negative
sample.

For triplets classification, we need to set a threshold
δr for each relationr. For each triplet(h, r, t), if the dis-
similarity score obtained byfr is belowδr , the triplet
is classified into positive set, otherwise negative set.δr
is obtained by maximizing the classification accuracies
on the validation set.

As we experiment on the identical data sets, we ob-
tain the results of various methods from recent litera-
ture [13]. In particular, we select the weightα among
{0.1, 0.3, 0.5, 0.7, 0.9}, the marginγ among {0.5, 1,
1.5, 2, 2.5}, the dimension of the entity and the rela-
tion m, n among {50, 100, 200}, the weightλ andη
among {0, 0.5, 1.0, 1.5}, and the mini-batch sizeB
among {200, 500, 700, 1,000, 2,000}. InGTrans-SW
model (GTrans with static weighting strategy), the op-
timal configurations are, respectively,

– α = 0.5, λ = 1.0, η = 1.0, γ = 1.5, m = n =
100, B = 700 on WN11;

– α = 0.5, λ = 1.0, η = 1.0, γ = 0.5, m = n =
100, B = 1, 000 on FB13; and

– α = 0.5, λ = 1.0, η = 1.0, γ = 1.0, m = n =
100, B = 2, 000 on FB15K.

In GTrans-DW model (GTrans with dynamic weighting
strategy), the optimal configurations are, respectively,

– λ = 1.0, η = 1.0, γ = 0.5, m = n = 100, B =
500 on WN11;
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– λ = 1.0, η = 1.0, γ = 0.5, m = n = 100, B =
200 on FB13; and

– λ = 1.0, η = 1.0, γ = 1.0, m = n = 100, B =
2, 000 on FB15K.

Table 3

Accuracy results of triplets classification (%)

Dataset WN11 FB13 FB15K

SE 53.0 75.2 -

SME (bilinear) 70.0 63.7 -

SLM 69.9 85.3 -

LFM 73.8 84.3 -

NTN 70.4 87.1 68.2

TransE (unif) 75.9 70.9 77.3

TransE (bern) 75.9 81.5 79.8

TransH (unif) 77.7 76.5 74.2

TransH (bern) 78.8 83.3 79.9

TransR (unif) 85.5 74.7 81.1

TransR (bern) 85.9 82.5 82.1

CTransR (bern) 85.7 - 84.3

GTrans-SW (unif) 85.4 80.3 91.1

GTrans-SW (bern) 86.3 81.7 91.8

GTrans-DW (unif) 82.3 83.3 95.1

GTrans-DW (bern) 84.0 87.1 95.5

Table 3 shows the accuracy results of triplets classi-
fication. From Table 3, we read that

(1) On WN11,GTrans-SW outperforms all the other
methods, and its classification accuracy is up to 86.3%.
On FB15K, all the methods we proposed significantly
outperform the baseline methods, especially, the clas-
sification accuracy ofGTrans-DW reaches as high as
95.5%. Similarly on FB13,GTrans-DW also beats al-
most all the other methods, having the same accuracy
asNTN method. However, it brings to our attention that
the time complexity ofGTrans-DW is much lower than
that ofNTN.

(2) GTrans-DW improves by 13.3% overCTransR
on FB15K dataset, which indicates thatGTrans-DW
has obvious advantage in triplet classification task in
complex knowledge graphs. Besides, the experiment
results show that statistical information of knowledge
graph enhances the ability of margin recognition.

Recall that the time complexity ofGTrans-DW
andGTrans-SW are lower thanTransR/CTransR, and
roughly equal to that ofTransE andTransH. As a con-
sequence,GTrans is experimentally demonstrated to
be applicable to large-scale knowledge graphs.

Figure 3 shows the detailed results ofGTrans-DW on
WN11 and FB13. The bar represents the classification
accuracy of each relation, and the red line denotes the
sample distributions of each relation.

From Figure 3(a), we can see that the classification
accuracy ofsynset_domain_topicis as high as 97.3%,
the relation with lowest classification accuracy issim-
liar_to, which also reaches 66.6%, and improves 31%
over other methods.

In Figure 3(b), we can observe that onnationality
relationGTrans achieves the highest classification ac-
curacy, up to 96.6%. The relations having low classifi-
cation accuracy aregenderandcause_of_death, which
can hardly obtain additional features from other rela-
tions. In contrast,institutionhas correlation withpro-
fession, and ethnicity, religion and nationality also
have obvious correlation. These correlations enhance
the representation ability of our model, and improve
the classification accuracy. In this connection, it is ex-
plainable that theethnicityandreligion relations have
low distribution of samples ratio and high classifica-
tion accuracy.

4.3. Link prediction

Link prediction aims to predict the missing head or
tail entity from fact triplet(h, r, t). In this task, for each
missing entity, we first use all the entities in knowl-
edge graph to replaceh or t, and then rank these enti-
ties in descending order according to functionfr(h, t).
Note that the system aims to rank all the correct enti-
ties, rather than giving one best entity.

Similar to [4], we use two measures as our evalua-
tion metric:

– MeanRank: the average rank of all the entities;
and

– Hit@10: the proportion of correct entities in Top-
10 ranked entities.

Intuitively, a good representation model should have
low MeanRank and high Hit@10. In fact, corrupted
triplets may also exist in knowledge graph, which
should be considered as correct triplets. Hence, we
may filter out the correct triplets from corrupted
triplets which actually exist in knowledge graphs. The
first evaluation rule is named asRaw, and the latter
one is named asFilt .

Identical to [16,17], we use two data sets - WN18
and FB15K. We obtain the original results for other
methods from literature [4,13]. On WN18 and FB15K,
we useADADELTA [26] for optimization. For exper-



10

(a) WN11 (b) FB13

Fig. 3. Accuracy results of triplets classification for specific relations

iments ofGTrans-SW andGTrans-DW, we select the
weightα among {0.1, 0.3, 0.5, 0.7, 0.9}, the margin
γ among {1, 1.5, 2, 2.5}, the dimension of the entity
and the relationm, n among {50, 100, 200}, the weight
λ andη among {0, 0.5, 1.0, 1.5, 2.0}, and the mini-
batch sizeB among {200, 500, 1,000, 2,000, 5,000}.
In GTrans-SW model, the optimal configurations are,
respectively,

– α = 0.5, λ = 1.0, η = 1.0, γ = 1.5, m= n = 50,
B = 200 on WN18; and

– α = 0.5, λ = 0, η = 1.0, γ = 0.5, m= n = 100,
B = 200 on FB15K.

In GTrans-DW model, the optimal configurations are,
respectively,

– λ = 1.0, η = 1.0, γ = 1.5, m= n = 50, B = 200
on WN18; and

– λ = 0, η = 1.0, γ = 0.5, m= n = 100, B = 200
on FB15K.

Experiment results on both WN18 and FB15K are
presented in Table 4. From Table 4, we observe that:

(1) On WN18 for MeanRank,GTrans-DW outper-
forms other methods, and for Filt value declines to
166; for Hit@10,GTrans-SW outperforms other meth-
ods, and the accuracies of Raw and Filt improve to
80.2% and 93.5% respectively. On FB15K,GTrans-
SW enjoys a performance gain over other methods
significantly and consistently. Compared with the
Hit@10 of CTransR on Flit, the accuracy ofGTrans-
SW improves by 7.3%, which implies thatGTrans-SW
provides more superior performance on larger scale
knowledge embedding applications.

(2) On link prediction task, Hit@10 ofGTrans-SW
is better than Hit@10 ofGTrans-DW, which suggests
that GTrans with static weighting strategy can better
predict missing entities than with dynamic weighting
strategy.

(3) Compared with other models,GTrans-SW and
GTrans-DW are more exquisite models, which consid-
ers the representation of each relation space and the
weights of different states, and thus, it achieves better
performance while reducing mistakes simultaneously.

Table 5 summarizes the results by mapping proper-
ties of relations on FB15K, from which we read that

(1) In bernsetting, the results ofGTrans-SW are bet-
ter than other models in all types of relations, which
demonstrates thatGTrans-SW have the best capability
of representing knowledge, and can better fit complex
relation structures.

(2) To the task of predicting head entity,GTrans-SW
with uni f setting improves by 33.0% overCTransR in
N-to-1 relations; similarly, for the task of predicting
tail entity, GTrans-SW with uni f setting outperforms
by 34.2% in 1-to-N relations.

(3) The accuracy of N-to-1 relations in predicting
head task and of 1-to-N relations in predicting tail task
is lower than other relations. This is mainly attributed
to the uneven distribution of data sets, and we supply
the analysis results in Figure 5.

The detailed prediction results of WN18 are shown
in Figure 4. In Figures 4(a) and 4(b), “unif_head”
and “bern_head” denote prediction of head entity with
“unif” and “bern” methods, respectively; similarly,
“unif_tail” and “bern_tail” denote prediction of tail
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Table 4

Accuracy results of link prediction

Data sets WN18 FB15K

Metric
MeanRank Hit@10 MeanRank Hit@10

Raw Filt Raw Filt Raw Filt Raw Filt

UM 315 304 35.3 38.2 1074 979 4.5 6.3

SE 1011 985 68.5 80.5 273 162 28.8 39.8

SME (linear) 545 533 65.1 74.1 274 154 30.7 40.8

SME (Bilinear) 526 509 54.7 61.3 384 158 31.3 41.3

LFM 469 456 71.4 81.6 283 164 26.0 33.1

TransE 263 251 75.4 89.2 243 125 34.9 47.1

TransH (unif) 318 303 75.4 86.7 211 84 42.5 58.5

TransH (bern) 401 388 73.0 82.3 212 87 45.7 64.4

TransR (unif) 232 219 78.3 91.7 226 78 43.8 65.5

TransR (bern) 238 225 79.8 92.0 198 77 48.2 68.7

CTransR (unif) 243 230 78.9 92.3 233 82 44.0 66.3

CTransR (bern) 231 218 79.4 92.3 199 75 48.4 70.2

GTrans-DW (unif) 210 197 78.4 92.2 256 147 44.1 63.4

GTrans-DW (bern) 180 166 77.1 90.3 235 126 43.1 60.5

GTrans-SW (unif) 247 234 79.1 92.9 207 66 50.6 75.1

GTrans-SW (bern) 215 202 80.2 93.5 189 85 52.9 75.3

Table 5

Accuracy results on FB15K by different types of relations (%)

Tasks Predict head (Hit@10) Predict tail(Hit@10)

Relation type 1-to-1 1-to-N N-to-1 N-to-N 1-to-1 1-to-N N-to-1 N-to-N

UM 34.5 2.5 6.1 6.6 34.3 4.2 1.9 6.6

SE 35.6 62.6 17.2 37.5 34.9 14.6 68.3 41.3

SME (linear) 35.1 53.7 19.0 40.3 32.7 14.9 61.6 43.3

SME (Bilinear) 30.9 69.6 19.9 38.6 28.2 13.1 76.0 41.8

TransE 43.7 65.7 18.2 47.2 43.7 19.7 66.7 50.0

TransH (unif) 66.7 81.7 30.2 57.4 63.7 30.1 83.2 60.8

TransH (bern) 66.8 87.6 28.7 64.5 65.5 39.8 83.3 67.2

TransR (unif) 76.9 77.9 38.1 66.9 76.2 38.4 76.2 69.1

TransR (bern) 78.8 89.2 34.1 69.2 79.2 37.4 90.4 72.1

CTransR (unif) 78.6 77.8 36.4 68.0 77.4 37.8 78.0 70.3

CTransR (bern) 81.5 89.0 34.7 71.2 80.8 38.6 90.1 73.8

GTrans-DW (unif) 77.4 87.1 23.4 65.6 74.3 32.3 84.4 67.2

GTrans-DW (bern) 76.3 86.0 20.3 61.2 75.6 31.7 83.5 63.9

GTrans-SW (unif) 80.1 93.0 48.4 75.4 79.4 51.8 91.2 77.8

GTrans-SW (bern) 84.9 95.0 39.9 75.9 84.4 47.7 94.5 78.8
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entity with “unif” and “bern” methods, respectively.
From the Figure 4, we can conclude that

(1) Exceptalso_seerelation, almost all the predic-
tion accuracy reaches as high as 90%, which means
our method has the potential to be applied in practi-
cal applications. With analysis, we find that the num-
ber of entity pairs linked by relationalso_seeis only
1,299, which accounts for 0.9% of the train data, and
prediction of the relation needs much more informa-
tion about entities. Therefore, insufficient training data
downgrades the prediction performance.

(2) For all relations, “bern” strategy is superior to
“unif” strategy, which means the distribution of enti-
ties in knowledge graph is asymmetric, and has corre-
lation with the number of entities.

The detailed link prediction results are shown in
Figure 5, which includes four subgraphs, where thex-
axis denotes the prediction accuracy of head entities,
and they-axis denotes the prediction accuracy of tail
entities, the red line denotesy = x and the star de-
notes the prediction results of each relation. Specifi-
cally, Figures 5(a), 5(b), 5(c) and 5(d) depict the results
of 1-to-1, 1-to-N, N-to-1 and N-to-N relations, respec-
tively.

For 1-to-1 and N-to-N relations, the prediction re-
sults are approximately evenly distributed at both ends
of the red line. For 1-to-N relations, almost all the head
entities’ prediction accuracy are better than tail enti-
ties’, similarly, for N-to-1 relations, almost all the tail
entities’ prediction accuracy is better than head enti-
ties’, the experiment results are in line with human in-
tuition. But in all the 211 relations with low predic-
tion accuracy3, 1-to-N relations account for 28.4%,
and N-to-1 relations account for 47.4%. In these re-
lations with low prediction accuracy, 53.75% of them
have low frequency4, which means that the relations
with low frequency lead to poor results of link predic-
tion. N-to-N relations account for 20.3% in all rela-
tions, but the relations with low frequency merely ac-
count for 4.1%. To a certain extent, the uneven distri-
butions also explains that the link prediction results of
N-to-N relations are better than those of 1-to-N and
N-to-1 relations.

3The relations with low prediction accuracy consist of the
relations whose prediction result of head entity or tail entity
is lower than 50%

4Low frequency means the occurrence of relation is less
than 100 times in train data.

4.4. Effectiveness evaluation

To unveil the effectiveness of our model, we further
analyze the experiment results from two aspects, one
is the distribution of the relation space and the other is
the similarity of different relations.

Distribution of relation space. To prove thatGTrans
is better than other translation models, we look into
TransE and GTrans-DW for a case study. In partic-
ular, we extract latent features ofGTrans-DW and
TransE under the same conditions using the same
hyper-parameters. Firstly, we calculate the error of
‖h + r − t‖22 for each triplet(h, r, t) in all data sets,
and obtain standardized error matrix for each relation,
according to sum errors and normalization. Then, we
use singular value decomposition to project standard-
ized error matrix into two-dimensional space - one di-
mension is dimension-x, and the other is dimension-y.
The results ofTransE andGTrans-DW are presented in
Figure 6, where the cyan symbols ’+’ are the feature
distributions ofTransE, and the red symbols ’x’ are
the feature distributions ofGTrans-DW, origin point is
(0, 0) denoted by a black dot. Intuitively, more points
close to the origin, evener distribution of features is.

In Figure 6, we observe that
(1) From the overall point of view , the red symbols

’x’ are more close to the origin than the cyan symbols
’+’, which proves that the distribution of relation space
of GTrans-DW is evener;

(2) In Figure 6(a), the average value of cyan sym-
bols ’+’ and red symbols ’x’ in dimension-x are -0.111
and -0.137, respectively. Compared withTransE, the
error of GTrans-DW drops by 19.2%, which means
GTrans-DW better represents knowledge graph than
other translation models likeTransE.

Relation similarity. Recall thatGTrans is based
on the intuition that each relation has a specific
weight vectorWr . Here we analyze the properties
of Wr and seek the similar objects for a given re-
lation. As FB15K possess the most relations and
triplets among all datasets, it may better convey
the similarities and differences of relations within,
and thus, we employ FB15K as a case study to
analyse the properties ofWr .Table 6 illustrates that,
in general, the same category relations have simi-
lar relation weight vectors. Besides we observe that
/user/szaijan/fantasy_football/player/positionand/amer-
ican_football/football_player/position_shave the high-
est similarity, although they have obvious difference
in the hierarchical structure. After analysing, both
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(a) WN18 - 1 (b) WN18 - 2

Fig. 4. Accuracy results of link prediction on WN18 by specific relations

(a) 1-to-1 relations (b) 1-to-N relations

(c) N-to-1 relations (d) N-to-N relations

Fig. 5. Link prediction accuracy on FB15K by different typesof relations
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(a) WN18 (b) WN11

(c) FB13 (d) FB15K

Fig. 6. Feature distribution ofTransE andGTrans-SW

Table 6

Similar relations by relation weight vectors on FB15K [Cosinesimilarity]

Dataset FB15K

Relation /tv/tv_character/appeared_in_tv_program./tv/regular_tv_appearance/series

Similar relations

/film/film_character/portrayed_in_films_dubbed./film/dubbing_performance/film

/tv/tv_character/appeared_in_tv_episodes./tv/tv_guest_role/actor

/base/schemastaging/tv_star_dubbing_performance/actor

/tv/tv_regular_personal_appearance/person

/tv/tv_character/appeared_in_tv_program

Relation /user/szaijan/fantasy_football/player/position

Similar relations

/american_football/football_player/position_s

/american_football/football_historical_roster_position/position_s

/american_football/football_player/rushing

/american_football/football_player/games

/american_football/football_player/former_teams



15

of them contain similar semantic features, i.e.foot-
ball_player & fantasy_football/player, position & po-
sition_s. In our model, therefore, relations with dif-
ferent categories and similar semantics are deemed of
high similarity, and it captures the sematic features of
the relations accurately.

5. Conclusion

In this paper, we have introduced a generic model
GTrans that embeds knowledge graphs into low-
dimension vector space. Compared with other mod-
els,GTrans is effective at reducing noise of other rela-
tions and enhancing the capability of recognizing mar-
gin. To learn the embeddings for entities and relations,
GTrans uses multi-state entities to construct entity em-
bedding, and an additional external embedding vector
to describe relation space. In experiments, we evaluate
our model on two benchmark tasks including link pre-
diction and triplets classification. Experiment results
indicate thatGTrans outperforms other state-of-the-art
models.

As future work, we plan to further explore the fol-
lowing directions:

– During the research, translation models are not
able to well describe relations, which may be at-
tributed to the design of translation model. We ar-
gue that when relations are properly defined, the
embedding performance can be enhanced. A fea-
sible way is to extract common features from the
whole set of(h, t) pairs, rather than single triplets.

– Lately, research that combines context informa-
tion [23] and first-order logic [21] information
with knowledge graph embedding arose. By do-
ing this, better representation can be obtained for
advanced knowledge-driven applications.
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