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Abstract. Knowledge Graph Embeddings (KGE) have become an im-
portant area of Information Retrieval (IR), in particular as they provide
one of the state-of-the-art methods for Link Prediction. Recent work in
the area of KGEs has shown the importance of relational patterns, i.e.,
logical formulas, to improve the learning process of KGE models signifi-
cantly. In separate work, the role of noise in many knowledge discovery
and IR settings has been studied, including the KGE setting. So far, very
few papers have investigated the KGE setting considering both relational
patterns and noise. Not considering both together can lead to problems in
the performance of KGE models. We investigate the effect of noise in the
presence of patterns. We show that by introducing a new loss function
that is both pattern-aware and noise-resilient, significant performance
issues can be solved. The proposed loss function is model-independent
which could be applied in combination with different models. We provide
an experimental evaluation both on synthetic and real-world cases.
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1 Introduction

Knowledge Graph Embeddings (KGE) have become an important area of infor-
mation retrieval, in particular as they provide one of the state-of-the-art methods
for Link Prediction. Embedding models typically receive Knowledge Graphs as
a set of correct edges , i.e., triples in the form of (subject, relation, object) repre-
senting a fact such as (Student!, isPhDin, Group!). The role of KG embedding
models is to take the symbolic representation (i.e., edges) and embed it into a
vector space. For learning such embeddings, a typical scenario is to use exist-
ing edges as positive samples. Also, negative samples are generated by applying
random corruptions to positive samples. As described so far, we see the ideal
scenario, yet once knowledge graph embeddings are applied in real word set-
tings, we see two factors: the appearance of patterns between relations, and the



2 Authors Suppressed Due to Excessive Length

existence of noise. Let us first consider the former. Recent work in the KGE area
has shown the importance of relational patterns, i.e., logical formulas, to improve
the learning process of KGE models significantly [9]. Relations between entities
of a KG often form particular patterns which can, e.g., be represented as logical
rules. Such patterns can be either stated directly based on domain knowledge
or inferred statistically based on the data. For example, if we know the follow-
ing statistical pattern from the data, namely that (Student, isPhDin, Group) and
(Group, ledBy, Leader) in most cases implies (Student, supervisedBy, Leader), we
may expect our KGE model to infer such a fact as well. Such relational patterns
can be injected into the learning process, or be statistically inferred during the
learning process of a KGE model [7I82T5]. The other factor when we hit the
real world, apart from patterns, is the existence of noise. The role of noise has
been studied in many knowledge-based settings [10], including the KGE setting
[24]. Tt is very hard in reality to distinguish noise (i.e., incorrect edges) from
correct edges [20/12125]. Noise in the presence of patterns in many off-the-shelf
KGE models actually propagates along relational patterns. One of the reasons
for this can be that the original edges are actually not correct, but noise. Another
reason is that noise may, via relational patterns, lead to the creation of edges cre-
ating further contradictions. We frequently encounter situations where we have
a number of such contradictions coming from incorrect triples, i.e., noise, as well
as contradictions coming from edges learned via patterns. So far, very few pa-
pers have investigated the KGE setting considering both relational patterns and
noise, which, allows one to overcome significant problems in the performance of
KGEs. We investigate the effect of noise in the presence of patterns and, specif-
ically, show that, noise on a particular edge (triple) will, via patterns, affect
the score of other edges. We introduce a new loss function UNITE that is both
noise-resilient and pattern-aware, i.e., allows to provide good performance even
in the presence of noise and relational patterns. This new loss function is model
independent and can be employed across KGE models. We provide an experi-
mental evaluation, both on synthetic KGs where noise is explicitly introduced
based on known patterns, and a large-scale real-world evaluation, where noise is
randomly introduced on mostly unknown patterns.

2 DMotivating Example

To directly illustrate the destructive effect of noise in combination with relational
patterns, let us consider an example. In the lower part of Figure [, we see a
Knowledge Graph describing academic research groups (shown in yellow and
marked as “group” in the diagram), students (shown in orange) and group leaders
(shown in blue). We have three relations shown as directed edges, namely that
a group can be led by a group leader, a student can be supervised by a group
leader, and a student can work in, or be doing a PhD in a group. We here zoom-
in into one portion of the graph to highlight typical relationships — other areas
are shown in gray color in the background (for 22 triples in our example).
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Fig. 1. Comparison of scoring triple correctness between RotatE and the UNITE — with
three relational patterns in a KG in presence of noise.

Noise Noise Noise
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Fig. 2. Loss functions and noise with repeated patterns of

The key aspects of the problem are relational patterns on the one hand, and
noise on the other hand. One simple example of noise is shown through the
red edge in Figure |1} which does not hold in the model world, but is present
in our data set. On the upper side of Figure [, we see the relational patterns
of our model world where (a) and (b) are composition, and (c¢) antisymmetry.
shows ranks (Hit@1) of the triples from TransE model for this scenario
with three loss functions including ours. The second and third columns are the
setting without and with noise, respectively. In Figure [2, we see the three edges
marked as noise, i.e., incorrect edges. We record the resulting classification as
correct (blue) and incorrect (red). While there are differences between the scores
for our three noise tuples with the three loss functions, one could still consider
them adequate, as the classification is in all cases negative. That is, for edges that
represent noise, the scores are not truly problematic. The reason for the lower
evaluation metrics becomes apparent on those edges shown in Figure [2| such as
T3 or T16 which do not represent noise, but are related to noise via relational
patterns. We see in these cases that the scores under margin ranking loss are in
most cases the worst, followed by adversarial loss, while UNITE loss is clearly the
least affected. Intuitively, UNITE dampens the effect of noise propagating along
relational patterns. This is in particular highlighted when looking at the lower
left part of Figure [1] (where scores under the adversarial loss are annotated above
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edges) comparing it to the lower right part of Figure [1| (where scores under the
UNITE loss are annotated above edges).

3 Related Work

Here, we review highlights of related contributions considering both the score
and loss functions of models which fall in the same category as ours, namely
distance models, i.e., translation-based, or rotation-based models.

Score Functions. The score function of a KGE model (f,(s,0)) takes the em-
beddings of a triple, i.e., (s,r,0) and returns a value — often denoted as f; , -
indicating the extent to which a triple is plausible in the embedding space. We
consider one baseline (TrasnE) from translation-based embedding model and one
state-of-the-art (RotatE) rotation-based KGE model.

TransE [1] model takes a vector representation of a triple (s, r, 0) and models
its relation (r) as a translation from subject (s) to object (o), i.e., s +r =~ o.
The score function of TransE is formulated as ||s +r — o]|.

RotatE [21] forces s;r; ~ o; to hold for all j € {0,...,d} per each given
triple (s,r,0). The model performs a rotation of the j-th element s; of the
subject vector s by the j-th element r; = ¢ of a relation vector r to get the
J-th element o; of the object vector t, where 6,.; is the phase of the relation r.

Loss Functions. The loss function of a KGE (£) is an optimization to adjust
the embedding vectors. The losses of TransE and RotatE models have been
reported strongly outperforming the other possible KGEs [T9121].

Margin Ranking Loss (MRL) has been primarily designed for training TransE
and its variants. The loss optimization aims to put a margin (inspired by SVM [2])
between each positive sample (s,r,0) and its corresponding negative sample
(s',7,0'), obtained by corruption in s, or o [I]. Let v is a margin and [z] =

max(0, ). MRL is defined as £ = 37, cg+ E(s/,r,o/)es(’s o [v + fr(s,0) —

fr(s',0)]+. Despite the major use of MRL, it suffers from the margin slid-
ing problem [I5]. Therefore, there are many solutions which do not fulfil the
translation, i.e., s + r # o [26]. The loss of the RotatE model is called Ad-

versarial Loss which is defined as £ = —37 o+ (log oy — fr(s,0)) +
2 (s rmonyes- P8’ 0") logo(fr(s',0") — 'y)), where o(.) is the Sigmoid function,

exp(afr(s’,0"))

p(s',r o) = STICTN )] is the probability of the triple (s’,r,0’) to be true
negative, and « is the temperature of sampling. Other loss functions are also
designed for particular usages [T415].

Noise and KGE Models The sensitivity of KG embeddings to sparse and
unreliable data is discussed in [I6] without considering noise and relational pat-
terns. GTransE [I1] deals with uncertainty (meaning triple incorrectness) on
KGs using dynamic and static weighting. In a different work, puTransE [22]
proposes an approach to make KGEs semantically and structurally aware of
noise, but it did not consider loss functions in particular. Node similarity Pre-
serving (NSP) [I7] proposes a loss function without considering multi-relational
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Fig. 3. Learning steps of UNITE. Initial state (left), intermediate state (middle)
and final state (right).

KGs. Graph Denoising Policy Network (GDPNet) [23] focuses on an inductive
approach from reinforcement learning on noise in scholarly KGs. Most of the
other works have been focused on negative sampling, or feature selection for
noise detection [20/T225]. We focus on the role of loss functions in the existence
of incorrect triples as noisy data and considers relational patterns.

Relational Patterns and KGE Models Early literature conjectured KGE
models are evaluated in rules encoding [9J4J3IT]]. Only some rule injection frame-
works such as Ruge [§], KALE [7] and few embedding models such as RotatE [21]
and its special case TorusE [5] have considered the issue of relational patterns.
Specially, a recent work has theoretically and empirically proven that the score
function of the RotatE model is capable of inferring various relational patterns
including symmetric/antisymmetric, inverse and composition patterns. This in-
ference ability is when for any pattern in the form of premise — conclusion,
the model approves correctness of conclusion when the correctness of premise
is confirmed. Overall, the existence of noise in KGs in the context of relational
patterns has not been addressed.

4 Method

Given a KGE model, a typical optimization framework for link prediction con-
sists of the following steps: (1) initialization of embedding vectors, (2) setting
criteria (e.g., margin, square error), and (3) optimizing a loss function in an
iterative way to enforce that embedding vectors satisfy the criteria. In order to
unify the power of implicit patterns shaped inside the underlying KG and miti-
gate the negative effect of noise, we adapt these steps in a proposed optimization
framework named UNITE model.

In step (2), i.e., setting criteria, we consider a point v € [0,1] as discrim-
inator for separation of positive and negative samples. Relative to 7, the cor-
rectness/incorrectness of a triple (s,r,0) is measured by its distance (7{,) to
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the discriminator. Note that 77 , is initialized to zero originally, and during the
learning process will, in general, increase. UNITE aims at adjusting the distance
as well as embedding vectors in an iterative process to reduce the degree of cor-
rectness of implicit noisy triples while the model learns from patterns that the
triple is wrongly labeled as positive or negative.

To illustrate the process of step (3), i.e., optimization, we introduce Figure
which guides us through this method section, and the components of which
we will introduce step by step in this section. Overall, we see three states of
the learning process: On the left side of Figure [3] the initial state, on the right
side the final state and an intermediate state in the middle. The boundary =,
illustrated in each state in the figure, separates positive and negative samples.
The distance to v is given by 77 ,, and illustrated in Figure (3| In the rest of
this section, We first design a loss function and explain the process to perform
optimization for positive samples. This will allow us to understand the areas to
the left of v in Figure [3| The same procedure is explained for negative samples,
providing an intuition for the areas to the right of «. Finally, the two designed
parts are united by proposing the optimization framework UNITE, which allows
us to understand Figure [3]

4.1 UNITE Loss for Positive Samples

As briefly introduced in the previous section, apart from the embedding itself,
the primary values to be optimized during the optimization phase is the distance
74 - We will now describe, bottom-up, how the loss function and the optimization
problem is defined for positive samples. Let us first define domain and range of
Teot S T — [0, 00]. More specifically, by constraints of the optimization problem
introduced later, the effective range of 7¢ , will actually be constrained to be
[0,7]. Within our framework, we will apply a probability function P to 7{ ,, and
use the notation P; , = P(7; ). The specific choice of such a probability function
is up to the user of the framework. In our evaluation, we use a Gaussian function
with the variance optimized as a hyper-parameter. Precise definitions will be
given in the evaluation section, where experiments for particular configurations
of the framework are performed. Intuitively, values P , for positive samples have
the following meaning: 1) a triple with PJ , = 0, has the highest probability of
being correct (“positive”); 2) a triple with Py , = 1, has the lowest probability of
being correct (“unknown”); 3) a triple with PJ, between 0 and 1 describes the
extent to which a triple is considered as positive or unknown. In the beginning of
the learning process, 7; ,s are randomly assigned to a very small value (7] ,s = 0).

» 's,0

Therefore, Py ,s are very high in the beginning of the learning process (P}, ~ 1).
The ultimate objective is to minimize the loss function. The embedding vectors

and 77 s are optimized in an iterative process. We define the loss function as:

ct= 1] P, (1)

(s,r,0)€St

where ST is the set of all triples in the KG. We define the objective function of
the optimization problem as follows:
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min Lt (2)
{(sr0)}est,rr,

where S™ is the embedding of all entities and relations. We apply a second prob-
ability function Q for the purpose of defining constraints for our optimization
problem. The specific choice of such a probability function is again up to the
user of the framework. In our evaluation, we use a Sigmoid function. As be-
fore, precise definitions will be given in the evaluation section. We now give the
constraint of our optimization problem

Qy — fio) = Q1) 3)
Observe that this constraint effectively limits 7, to be no larger than ~, and it
forces the score f{, to be in the range [0,7] as well. This yields the following
optimization problem using the objective function from and the
constraint from

s.6. Q7 = fi,) = Q7s,)-

Considering the fact that min £ is equivalent to minlog(L), the following opti-
mization problem is solved instead of

{min{(s,r,o)}ESJﬂT;U I_I(S,T,O)ESJr Psr,o ) (4)

{min{(s,r,o)}esﬂﬂm Z(s,r,o)es+ log Py, 5)

st Q(y — fi,) = Q(78,)-

This essentially makes the mathematical operations applied simpler, while still
solving the same optimization problem.

4.2 UNITE Loss for Negative Samples

Existing KGE models mostly generate negative samples by corruption of positive
samples. In this paper, we consider one of the simplest corruption techniques
namely uniform negative sampling used in [I]. To this end, either subject (s) or
object (0) of a given positive triple (s,r,0) is replaced by an entity (s’ or o’). A
candidate entity (s’ or o) is selected randomly using uniform distribution. Let
the set .S (_S 7,0) denotes all such corruptions of the triple (s, r, 0), and let S~ denote
the overall set of all the negative samples. Due to randomness of negative sample
generation, there is always uncertainty in the negative samples. The definition
of the optimization problem for negative samples follows similar principles as
the one described before for positive samples: 1) a triple with Py, =0, has the
highest probability of being incorrect (“negative”); 2) a triple with Py, , = 1,
has the lowest probability of being incorrect (“unknown”); 3) a triple with Py,
between 0 and 1 describes the extent to which a triple is considered as negative
or unknown. The constraint for negative samples is Q(fy , —v) > Q(70 )
where S™ is the set of all negative samples and S~ is the set of all embeddings
of entities and relations participating in the negative sample set S—.
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4.3 United Optimization

We now merge the two optimization problems previously formulated for positive
and negative samples, completing the overall situation illustrated in Figure
There are two possible assumptions for uniting the formulations of positive and
negative samples, namely: independent uncertainty and dependent uncertainty.

Independent uncertainty: this assumption indicates that although a negative
sample (s, r,0") is generated by corruption of either subject or object of the pos-
itive sample (s, 1, 0), the degrees of uncertainty for positive and negative samples
are independent (UNITE-I). Therefore, we set two different parameters for the
positive and its negative sample i.e., 77 , for positive and Tgr of for negative sam-
ples. This can be achieved by simply combining the two optimization problems
we introduced so far without any further modification, yielding the following
optimization problems:

min{(s,r,o)}ES‘*’ A(s',r,0’)}yes—,rr

5,00

Z(s’,no’)ES_ log Psr’,o’ + Z(s,r,o)ES‘*’ lOg P;,o (6)
s.t. Q(fgl,o/ - 7) 2 Q(T;Qo’) 7{(Slvrv O,)} € Sia

Qy - fsr,o) > Q(Tsr,o)’ {(877", O)} € St.

’

Dependent uncertainty: we set the same parameters for the positive and
its negative sample to measure the degree of uncertainty dependently. There-
fore, 7{ , is used for both of the positive and its corresponding negative samples
(UNITE-D). The formulation of this optimization is:

min{(svrao)}eer»T;o Z(5,7"70)65"*' IOg P;,o s
s.t. Q(f;,’,o’ - ,7) Z Q(T;n,o)’

{(s,m0")} € S(; .00 {(5,7,0)} € ST,
Qy - f;.,o) > Q(Tsr,o)’ {(877", O)} €St

(7)

For both positive and negative samples, 77, of the positive samples is used.

Finally, in order to solve the optimization problems given by Equations [ and
[7l we bring the constraints to the objectives, as is usually done, and solve the
unconstrained optimization problems using stochastic gradient descent.

The Role of 7. Let us focus on the negative samples in Figure [3| which
are distributed in the right side of ~. This is effectively enforced by the con-
straint introduced in negative constrains which consequently enforce the even-
tual scores of negative samples to be bigger than . To understand the role
of 7 in determining the plausibility of triples in presence of noise, for exam-
ple let r be a symmetric rule in the form of premise <= conclusion, where
premise, (a triple) and conclusion (a triple) have a common relation with differ-
ent entities in head and tail positions i.e. (s,7,0) <= (0,7, s). If we exemplify
this on colleagueOf relation, then (S, colleagueO f,O) <= (O, colleagueO f, S)
In case (S, colleagueOf,O) is a correct triple in a KG, then the plausibility
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of (O, colleagueO f,S) can be defined with different conditions: (a) it is a cor-
rect triple in positive samples, or (b) it is not in positive samples nor in neg-
ative samples, or (c) it is in negative samples (false negative) which creates
a conflict with what the model is enforced to learn. Here we focus on case
(c¢) when (O, colleagueOf,S) is a false negative sample (noise) in the train-
ing set. If we use RotatE for this case (as one of the best reported distance-
based model) with the score function fi, = [[s o e — o| which is proven to
be capable of inferring symmetric relations when 6, = 0 or 7 [21], therefore
the triple (O, colleagueO f, S) will be learned (inferred) as a positive triple. This
poses a conflict between what the model infers about the plausibility of this
triple from the patterns (positive), and what the model sees about the plau-
sibility of this triple in the training set (negative). Here 7 comes into play
with an important role to resolve this conflict by giving the high uncertainty
value to the false negative sample (O, colleagueO f,S). For simplicity of expla-
nation, let Q be a linear function (in negative constraint) and v = 0, so we
have fooltcagueOf - Tcoue)ag“eof Since 6, = 0 or 7 and (S, colleagueOf, O) is

(0,9) (0,8
positive, f(cgllgglg“eof ~ 0 (is positive) , therefore, T(Cgll;;lg“eof is constrained to

be close to zero (is positive). Therefore, the main optimization problem of Equa-
tion [6] considers 7 ~ 0 as an optimal solution. Therefore, the triple gets high
uncertainty value based on 7 i.e. PCOlleagueof ~ 1. Giving such high uncertainty
to (O, colleagueOf, S) enables the model to keep 6, still close to 0 or m which
preserves the ability of inferring a symmetric pattern. The opposite of this sce-
nario is the case where (5, colleagueO f, O) gets the score to be negative by the
model because (O, colleagueOf,S) is in the negative set and r is a symmet-
ric relation (6, = 0,7). However, this scenario is less likely to happen because
there are other patterns and triples that by using them the model recognizes
(S, colleagueO f, O) as positive during learning process.

5 Evaluation

In this section, we evaluate the UNITE framework in the context of two other loss
functions: margin ranking loss (baseline) and adversarial loss (state-of-the-art).

Evaluation Metrics. Three statistic measurement metrics are considered:
Mean Rank (MR), Mean Reciprocal Rank (MRR) and Hits@QK. In order to
calculate MR, a corrupted version of the test set is created: (1) replacing the
subject of triples by possible other entities, and (2) replacing the object of triples
by all possible entities. For each triple (s, r, 0) in the test set S, a sample set .S; for
the i*M test triple is generated such that S§ = (?,7,0),? € KG. The same holds
for the second round. Scores of all the generated triples (including the test triple
(s,r,0)) are computed and sorted in S§ and S?. Let Rank; = (Rank;+ Rank{)/2
denote the general rank of the i-th triples, the Mean Rank (MR) is computed
as MR = 2Bk where n; is the number of test triples. Hits@QK is the rate of
correct trlples appearing in top K position. The filtered setting [I] is used for
evaluation of our model.
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Datasets. We used four standard benchmarks (statistics in with the
assumption that they contain implicit noise. AMIE [6] was used for rule mining.
We contaminate FB15K by more than 100,000 random corrupted triples (about
20% noise) to evaluate the ability of UNITE to recognize and be resilient to noise.
We keep the ratio relatively high (20%) however for other datasets, we stayed
with lower ratio because it was compatible with the statistics of patterns in the
whole dataset. The same ratio of noise is considered for WN18. For FB15K-237,
we generate 5% random noise.

Dataset Inv. Imp. Eql. Sym. ‘#traiﬁ#valid#test
FB15K 67,757 3,259 8,771 7,740 |483,14250,000 (59,071
FB15K-237 4,645 578 861 - 272,11517,535 |20,466
WN18 116,464 - - - 141,442/5,000 {5,000
WN18RR - - - - 6,084 (3,034 (3,134

Table 1. Dataset Statistics. Number of triples and patterns.

Training Setting. We train TransE and RotatE using optimization frame-

work (UNITE-I) and [7] (UNITE-D). In our experiments, we use
P, = exp —07—5702 (Gaussian) and Q(z) = m (Sigmoid). The Sigmoid
function is strictly monotone, therefore we use a linear function (Q) instead to
enforce the constraints. The embedding dimension d is set to be 200 and 10
negative sample are generated (n = 10). The hyper-parameter of the Gaussian
function (o) is fixed to 1000. The batch size is set to 1024 for training on FB15k
and FB15k-237, and 512 for WN18 and WN18RR. The corresponding values for

~ is from the set {0, 5, 10, 15,20, 25, 30}.

5.1 Experimental Results

The results of our experiments have been divided into multiple parts. First, we
evaluate UNITE with and without artificially generated noise. We additionally
report the results of different models/losses with/without pattern injection. We
also inject patterns (only for inverse) by adding a regularization term to the ob-
jective as in [I3]. As shown in UNITE achieves improvements in FB15K

and FB15K-237 in terms of MRR and Hits@10 with and without noise. UNITE
achieves an MRR of 74 for FB15K whereas MRL and adversarial loss achieve
62 and 73, respectively. The relatively good results of adversarial loss is due to
its noise resiliency ability, however our model is particularly designed for be-
ing pattern-aware in presence of noise. In our evaluation setup with randomly
generated noise, UNITE significantly outperforms margin ranking loss by more
than 10%. As visible, the results of the RotatE model when trained with ad-
versarial loss stay very close to UNITE. Our assessment for these results can be
summarized as three points: 1) lack of diversity in types of rules: despite
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Dataset FB15K FB15K-237 WN18
MRR Hits@10 MRR Hits@10 MRR Hits@10

w/  RotatE 73.3 87.9 32.1 50.8 - -
w/o noise inject TransE 66.7 86.3 30.8 50.3 - -
w/o RotatE 72.3 87.8 32.3 51.2 94.9 96.3
Adv. Loss inject TransE 68 86 31.3 51.3 70.7 95.2
’ w/ RotatE 63.3 82.8 31.2 51.1 - -
w/- noise inject TransE 32.3 75.7 30.7 50.2 - -
w/o RotatE 61.2 81.9 32.3 51.2 94.8 96.2
inject TransE 32.2 74.8 31.3 49.8 69.8 94.7
w RotatE 62.3 81.1 - - - -
w/o noise inject TransE 45.8 74.3 - - - -
w/o RotatE 60.8 80.7 27.9 47.3 94.2 94.3
MR Loss inject TransE 46.9 74.3 277 473 50.1 94.8
w/  RotatE 52.3 72.8 - - 91.9 93.8
w/- noise inject TranskE 33.3 61.2 - - 50.4 94.8
w/o RotatE 50.3 72.7 279 46.8 92.3 94.2
inject TransE 32.2 60.1 26.7 47.9 45.2 95.2
w/ RotatE 74.3 88.8 33.3 51.9 - -
w/o noise inject TransE 67.9 86.8 31.1 51.2 - -
w/o RotatE 73.3 88.8 21.2 50.8 95.3 96.2
inject TranskE 69.3 86.3 31.3 51.1 75.9 95.8
UNITE Loss w/ RotatE 64.2 838  33.3 518 - -
w/- noise inject TransE 33.3 76.2 30.9 50.8 - -
w/o RotatE 61.1 83.3 32.2 51.8 94.9 95.8
inject TranskE 32.2 76.2 30.9 51.2 74.8 95.8

Table 2. Evaluation Results. Comparisons of results for Adversarial Loss, Margin
Ranking Loss and UNITE are depicted for FB15k and FB15k-237, and WN18.

the existence of patterns in FB15K, it lacks diversity of patterns; 2) relatively
small ratio of other pattern types to inverse: the majority of the patterns
are inverse relations and the rest belong to symmetric, implication and equiva-
lence patterns 3) test set leakage: not only the diversity but also the
ratio of overall grounding of patterns has dropped dramatically in the case of
FB15K-237. Considering the above points, of particular interest for future work
will be in-depth studies on the existence of complex patterns, and advances in
the area of pattern extraction, especially focusing on complex patterns. Both of
the optimizations, UNITE-I and UNITE-D, perform closely — in all the previ-
ous evaluations, we only reported UNITE-I. UNITE-D gets a lower MR in both
datasets of WN18 and FB15k with same result in Hits@1 on WN18. In FB15k
for Hits@1, UNITE-I gets 82.2% while UNITE-D is performing with 81.7%. In
we reported the relevant results for WN18. TransE trained by UNITE
obtains 76% on MRR, which significantly outperforms TransE with adversarial
loss with MRR of 71%. In the case of WN18RR, as discussed before, the rule
mining system that we used, AMIE, did not extract any patterns. Despite the
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pattern-free characteristic of WN18RR, RotatE trained with UNITE was able to
achieve 57% in hits@10 whereas MRL could only reach 37%.
Correctness Prediction. In
we illustrate the distribution of scores
predicted by UNITE for FB15K. The
X axis shows the index of triples
and the Y axis presents normalized
scores. Predicted correct triples (in
blue) by UNITE are separated on 0.4
from predicted noisy triples (in red).
Out of 483,142 triples in the train set
Fig. 4. Distribution of Scores in FB15K. of FB15k, 101,123 triples have been
made noisy through a random proce-
dure (21%). As shown, our model is
able to assign a low score to most of the 21% generated noise triples. The triples
in the upper right (in blue) are assumed to fall in this category. The lower left
part of the plot shows the existence of noise (in red) in the positive samples. We
manually validated several triples in Table [3]

08

Predicted as

06

04

0.2

0.0

Noise sample  positive sample

Predicted as

0 100000 200000 300000 400000 500000 600000

Triple/Wikipedia Prediction
Harvey_Weinstein(/m/05hjk) isSiblingOf 1.0  (Originally Positive -
Bob_Weinstein(/m/06¢8hf) Identified Positive

- (/m/07s9rl0) hasSameGenre (/m/06 fuvc) 0.169 (Originally Positive -

Identified Noise)

Table 3. Validation test shows correct and noisy triples identified by UNITE.

6 Conclusion

In this paper, we investigated KGE models in the presence of both relational
patterns and noise. We introduced the new loss function UNITE and its varia-
tions UNITE-I and UNITE-D. We evaluated UNITE both within translation-based
models (TransE) and rotation-based models (RotatE), and in synthetic and real-
world scenarios. As future work, we plan to further investigate the effect of non-
uniformly distributed random noise. This will need some advances in the area of
detecting and extracting more complex relational patterns than current methods
can do, but would be able to shed more light on the situation in which noise is
specifically affecting patterns in large real-world scenarios.
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