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a b s t r a c t

To improve the performance of knowledge graph-based question answering system (KGQA), several
approaches have been developed to construct a semantic parser based on entity linking, relation
identification and logical/numerical structure identification. However, existing methods arrive at
answers only by maximizing the data likelihood only on the sparse or imbalanced explicit relations,
ignoring the potentially large number of latent relations. It makes KGQA suffer from a high level of
spurious entity relations and missing link challenge. In this paper, we propose a causal filter (CF)
model for KGQA (CF-KGQA), which performs causal interference on the relation representation space
to reduce the spurious relation representation in a data-driven manner, i.e., the goal of this work is
to comprehensively discover disentangled latent factors to alleviate the spurious correlation problem
in KGQA. The model comprises a causal pairwise aggregator (AP ) and a disentangled latent factor
aggregator (AC ). The former filters out most spurious entity relations inconsistent to their dense groups’
neighborhood, and generates a causal pairwise matrix among all the candidate relations. The latter
learns the latent relation representation via an encoder–decoder on the causal pairwise matrix. It
disconnects the latent factor and the causal confounder beneath the knowledge embedding space by
causal intervention. To prove the effectiveness and efficiency of the proposed approach, we test CF-
KGQA and other state-of-the-art methods on four public real-world datasets. The experiments indicate
that our approach outperforms the recent methods and is also less sensitive to the spurious correlation
problem, thus demonstrating the robustness of CF-KGQA.

© 2022 Published by Elsevier B.V.
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1. Introduction

Due to the increasing size of data, real-world knowledge
raphs often contain millions or even billions of facts, and their
arge volume and complexity have hindered the access of regular
sers [1]. Knowledge graph-based question answering (KGQA)
s proposed to bridge this gap between users’ demands and
complex knowledge graph. With KGQA, users’ natural lan-

uage questions can be automatically translated into structured
ueries such as SPARQL, and answers are returned as entities
r predicates [2–4]. For example, given the question ‘‘Where
as Walter Chrysler born?’’, KGQA identifies its correspond-

ng fact, i.e., (Walter Chrysler, place_of_live, Wamego_US). With
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applications ranging from search engine design to AI-based con-
versational agents, KGQA enables artificial intelligence systems to
incorporate knowledge graphs as a key building block to answer
human questions, as evidenced by a large number of exciting
works in recent years [5–11].

Generally, KGQA can be decomposed into a semantic parsing
problem [12], i.e., translating a natural language question (NLQ)
into an executable representation f . The correct f should sat-

sfy the following conditions: (a) it can accurately capture the
eaning of q; and (b) the execution of f on KG yields the correct
nswer to q [13,14]. The solution of such a semantic parsing prob-
em requires linking entities, detecting predicates and identifying
ogical/numerical operators. Fig. 1 illustrates a general protocol of
he semantic parsing and KGQA process. The topic entity and the
redicate involved in the question are first detected using entity
inking and predicate detection, then the candidate entity with
he highest confidence in the KG is returned as the answer to the
uestion.
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Based on the key steps, we discuss the challenges in terms
of the knowledge expression considering the KGQA’s exclusive
content and structure.

• Predicate expression variety. Predicate expressions often
differ from predicate names in many ways in natural lan-
guage questions. For instance, the predicate person.
nationality can be expressed as ‘‘What is ... ’s’’, ‘‘which
country is ... from’’, etc.
• Entity name ambiguity. Ambiguous entity names and par-

tial names causes difficulties in finding the correct entity, es-
pecially when the number of candidates is large. Moreover,
many entities share the same names, and partial names
could be used in end users’ utterances as well.
• Grounding difficulty. Entity grounding in large search space

may cause the candidate triplet search to be expensive
and even invalid in terms of obtaining executable logic
forms, as hundreds or even thousands of relations could ex-
ist between one entity and other entities in the knowledge
graph.
• Missing link. Some answers may be incorrect due to a

missing link between the entities (often occurs in a sparse
knowledge graph). It blocks the generation of the extracted
question sub-graph and interferes the predicting process. If
the knowledge graph is too sparse, the QA tasks cannot be
undertaken.

Regarding the above challenges, it would be hard for KGQA
to produce reasonable answers for a wide range of questions.
Most of these recent approaches [15–19] obtain executable rep-
resentation f by maximizing the statistical likelihood only on
the sparse already-existing-facts in the knowledge graph, ig-
noring a large number of latent facts. This yields answers far
from the truth for human understanding, especially for complex
questions. In recent years, the latent-factor-based approaches are
considered to be potential to alleviate the difficulty by discov-
ering more latent relations for knowledge completion [20,21].
Unfortunately, when building the syntax trees, there are some
expressions with the same semantics but different syntactic struc-
ture, and some conditional predicates are inconsistent with the
entities. This will further produce a large number of correlations
describing pseudo-facts, leading to more spurious information in
the knowledge representation space.

In fact, the structure hidden in knowledge embedding space
should be fully investigated for modeling the explicit and implicit
relations of KGs. According to Fig. 1 (upper diagram), given an
ideal knowledge graph, the reasoning link is ‘‘United States-House
Committee-Judiciary department-Member-Jerry Nadler’’, and the
answer is found through a 3-hop reasoning propagation. How-
ever, as shown in Fig. 1 (lower diagram), a real-life knowledge
graph is always grounded with spurious relation issues such as
missing links and entity name ambiguity. Due to the missing link
from ‘‘House Committee‘‘ to ‘‘Judiciary department‘‘, the reason-
ing link has changed to ‘‘United States-Congressional Committee-
Judiciary department-Member-Edward Thomas’’, which results in
a wrong answer. However, the real-life evidence (or, common-
sense) implies that there is a subtle correlation between Congres-
sional Committee and House Committee, so the reasoning link
‘‘United States-Congressional Committee’’ should be removed.

Nevertheless, how to identify those truly meaningful latent
relations is definitely not a trivial issue. Intuitively, the relations
that conform the commonsense contain clear semantic meaning.
In a good knowledge representation space, their embeddings
tend to be formed as clusters that can be described by some
certain super-ordinate concepts, while those irrational relations
may deviate from these clusters. In practice, we may first ex-

plicitly indicate all the possible latent relations by syntax tree,

2

Fig. 1. Multi-hop KGQA examples and its key components. We first identify
the topic entity using entity linking and then detect the predicate asked by
the question using predicate detecting. According to the upper ideal knowledge
graph, the reasoning link has 3-hop neighborhood processing. However, the real
multi-hop KGQA still suffers from the problem of missing links and spurious
relations, i.e., United States has settle House Committee and Congressional Com-
mittee, due to the missing link from House Committee to Judiciary department,
the reasoning link will be changed which results in the wrong answer.

and then cluster them to obtain the latent factors and filter out
most of the irrational relations. The process is as shown at the
bottom of Fig. 1. However, the relation clusters may still include
some spurious but seems vital relations that distract the answer
prediction process. Introducing external causal knowledge may
somehow rectify part of these spurious relations, at the cost of
tedious construction of domain-specific causal triplet [22] and
low coverage on the KG. To achieve more generality, one still
needs to go back into the relation representation space, to find
a way to reliably identify those truly informative latent relations.

In this paper, we propose a causal interference-based module
called causal filter (CF) for KGQA. It performs causal interference
on the relation representation space to improve the quality of
KG relations and QA accuracy, by squeezing out those spurious
relations in a data-driven manner. Specifically, it is composed
of causal pairwise aggregator (AP ) and disentangled latent factor
aggregator (AC ). AP filters out most spurious relations that are
inconsistent to their dense groups’ neighborhood, and generates
a causal pairwise matrix among all the candidate relations. AC
learns the representation of the latent relations via an encoder–
decoder on the causal pairwise matrix from AP . It disconnects
the latent factor and causal confounder beneath the knowledge
embedding space by causal intervention.

Compared with the recent methods, CF-KGQA scales up the
statistics likelihood to jointly model the statistics likelihood and
latent causal correlations, and the aforementioned challenges can
be well addressed by our method. First, the causal-enhanced
CF make it easier to filter out the spurious relations brought
by linguistic diversity. The variety of predicate expression and
the ambiguity of entity name can be alleviated, even when the
number of candidates is large. For the problem of grounding
difficulty, we have redesigned the scoring function to quickly
locate the most likely answers. It utilizes the causal information
as judgments without having to explore all the possible forms of
a complex question. Second, we adopt the embedding mechanism
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f the head entity and predicate, and add the causal correlations
erived from the CF. It envelops all the observed and unobserved
inks surrounding each node. Unlike other QA systems, e.g., Pull-
et [23] and GraftNet [24], even if there is no path between the
ead entity and answer entity, our model is capable to answer the
uestion as the KG contains enough information for determining
he path.

The key contributions of our work are as follows:

• We develop a novel causal inference method CF using clus-
tering methods. It filters out most spurious relations incon-
sistent to their dense groups’ neighborhood, and disconnects
the latent factor and causal confounder beneath the knowl-
edge embedding space by causal intervention. The proposed
model can well tackle the spurious entity relations and
missing link challenges in KGQA.
• We design a contextual framework on the basis of causal

relevance for triplet extraction. It learns to represent the en-
tity and predicate of the triplet over embedding knowledge
graphs and disentangled latent factors detected through the
CF module.
• Our method functions in a data-driven manner rather than

being process driven. The model can obtain finer grained
latent relations via clustering algorithms and is capable of
better utilizing the KG sources.
• We devise a new mechanism for the KGQA task on the basis

of their causal relevance probabilities produced by CF, and
experiments on several real-world benchmarks demonstrate
the effectiveness and robustness of our method.

The remainder of this article is organized as follows. The
elated work is briefly summarized in Section 2. Then, the core
elated technique of CF is detailed in Section 3. In Section 4, we
llustrate the framework of our CF-based KGQA model and how
o integrate the causal filter module to KGQA task. In Section 5,
e provide the experimental results and discuss related topics
o support our proposed model. Finally, we conclude and provide
he directions for future work in Section 6.

. Related work

In this section, we discuss some foundation works in the
ield, describing studies on commonsense learning, latent factor
ased learning and causality in QA. Also, we detail some of the
pproaches that are most widely adopted in KGQA.

.1. Commonsense learning

When humans communicate with each other, they often rely
n broad implicit assumptions. Humans learn and use these kinds
f assumptions in everyday life, making their language concise
ithout lacking precision. However, machines by nature do not
ave such background knowledge. We find AI systems currently
re good at expressing ‘‘what’’ (e.g., classification, segmentation)
nd ‘‘where’’ (e.g., detection, tracking), but are not adept at know-
ng ‘‘why’’ [25], e.g., why open umbrellas when raining? which
equires high-level, commonsense reasons, such as ‘‘umbrellas
an prevent humans from getting wet’’. In real situations, it is
ommon that machines make cognitive errors due to a lack of
ommon sense.
Commonsense reasoning (learning) is a long-standing chal-

enge for deep learning, and popular and effective commonsense
earning approaches follow the strategy of applying background
nowledge (corresponds to reasonable common sense) on spe-
ific tasks. These approaches can be grouped into two: (1) data-
entral methods assume that knowledge can be learned directly
rom large corpora in an unsupervised way. These methods use
3

pre-trained language models as an unified knowledge encoder to
solve the question answering task [26,27]. Although they con-
tinue to make groundbreaking advances in relation to various
NLP tasks by training with larger corpora and using more ad-
vanced hardware support and tuning techniques, some works
argue that they are good at memorizing facts and finding ‘‘false
statistical cues’’ as a result of overfitting. However, this kind
of language model is unable to reasoning the process of model
updation, which limits its potential to solve NLP understanding
tasks; and (2) model-central methods still rely on powerful pre-
trained models to learn language semantics [28]. The difference
is that they extend the underlying pre-trained models with struc-
tures which are designed to explicitly incorporate knowledge
that is helpful for specific tasks. However, the model-central
methods face the main challenge, which is how to extract rel-
evant evidence and how to perform reasoning over the extracted
evidence.

When commonsense knowledge outside the given text is
needed to answer the question is called commonsense ques-
tion answering. Therefore, the main focus of the commonsense
learning in QA is how to incorporate commonsense knowledge
and conduct reasoning. Recently, some commonsense question
answering methods have been proposed with quite promising
outcomes [29,30]. For example, [30] proposed an unsupervised
framework on self-talk as a novel alternative to multiple-choice
commonsense tasks and queries language models with a number
of information seeking questions such as ‘‘What is the definition
of ...’’ to discover additional background knowledge. The work
in [29] utilized a novel system for selecting grounded multi-
hop relational commonsense information from ConceptNet via a
pointwise mutual information and term-frequency based scoring
function and the extracted commonsense information is used to
fill the gaps in reasoning between context hops, using a selec-
tively gated attention mechanism which boosts the QA model’s
performance significantly. However, these works still limited to
outer knowledge, and cannot identify the latent causal correlation
beneath the data automatically.

2.2. Latent factor-based learning

Most previous KGQA methods are required to specify the
factors that are considered responsible for the query’s candidate
on a particular class of questions. However, it may causes the
algorithms being generalizable and inadequate, i.e., the factors
responsible for the choice of footwear are different from those
responsible for selecting movies. The latent factor based model is
generalized under the assumption that the factors responsible for
a query’s candidate do not have to be explicitly stated. A query q
can be analyzed by its affinity towards these latent factors, and
the underlying questions can be identified by the latent factor
corresponding to it.

Latent factor-based learning has been studied in combination
with deep learning [20,21,31,32], and has been explored in sev-
eral directions, including disentangled lexicon induction [22,33],
explainability of neural NLP [34,35], text classifying [36] and text
matching [21]. For example, [20] proposed a LEGO framework to
utilize a query synthesizer and a latent space executer to execute
the reasoning action in the latent embedding space to combat
the missing information in the knowledge graph. In addition, [21]
developed a method based on text matching to discover the latent
information for matching both the topical content of confounding
documents and the probability that each of these documents is
treated. However, these methods are still generally unable to
support KGQA tasks well because the latent factors learned from
the syntax tree and the spatial–temporal co-occurrence are still
noisy, and the influence of these latent factors hidden in the
knowledge embedding space has not been fully investigated.
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Inspired by the description above, we propose CF-KGQA to
comprehensively discover the disentangled latent factors and
causal confounders based on the data-driven clustering algorithm
to alleviate the aforementioned drawbacks. It can better purify
the latent factors and better investigate their influence.

2.3. Causality for question answering

Causality can link two phrases representing a cause and its
effect which is viewed as a semantic relation that exists between
different parts of a sentence because causality provides a new
dimension of thinking NLP methods and it plays an major role
in understanding the meaning of natural language text. Several
usages of causal relations have been used in different modules of
QA systems [37–39] and helping to find candidate answers to a
question asked on QA systems. For example, [39] proposed the
use of causality on corpus preparation which extracted sentences
containing cue phrases from the text document and identified
cause and effect parts from the sentence. For example, consider
the sentence ‘‘The sun rises in the east’’ is the cause of ‘‘the earth
rotates around its axis toward the east’’. The sentence helps to
form a question and its answer. It has been stated that cause
part is regarded as an expected answer to a question which can
be automatically extracted from the effect part. Thus, the cause
part ‘‘the earth rotates around its axis toward the east’’ serves as
an answer to the question formulated from the effect part ‘‘Why
does the sun rises in the east?’’

However, this kind of causality usage for QA is still trapped
in the stage of statistics correlation and suffers from the spurious
correlation problem. In CF-KGQA, we inherit the core idea of there
causality usage and propose a more general causality model based
jointly on statistics and causal correlation to address the spurious
correlation problem.

2.4. Knowledge graph based question answering

Question answering through knowledge graph has grown in
popularity as a natural approach to search structured data
sources, with considerable advancements being made over time.
We note that the previous methods fall into three types: (i) text-
matching based; (ii) semantic parsing based; and (iii) seq2seq.

The text-matching-based method is the most common
method, involving multiple components in solving the differ-
ent sub-tasks of KGQA, such as entity detection [5,6], entity
linking [2–4], relation prediction [7,18,19,40] and evidence inte-
gration [15]. With the development of cross domain knowledge,
several information retrieval style solutions have been studied
to assist these sub-tasks, e.g., [16] adopted a two-phase ap-
proach, candidate generation and candidate re-ranking to answer
questions; [14] improved subgraph selection through a rank-
ing method and leveraging the subject-relation dependency by
a joint scoring CNN model. In addition to the retrieval style,
some transition style methods have also been proposed. [10]
developed an unrestricted-hop framework to relax the restriction
(the number of hops in QA is generally restricted to two or
three) using a transition-based search framework instead of a
relation-chain-based search one.

Furthermore, semantic parsing-based methods focus on the
structure of the semantic parser (relationships between entities
and directions of their relations). In semantic parsing, a ques-
tion is converted into query graphs and used to generate logical
queries for further processing [8,9]. For example, [41] encoded
such a complex query structure to be represented as an uni-
form vector sequence which effectively capture the interactions
between individual semantic components and correct answers.
4

Also, [42] proposed to encode the graph structure of the semantic
parse using gated graph neural networks.

Additionally, the seq2seq based methods are proposed due to
the existing semantic parsing approaches in KGQA which mainly
focus on relations rather than the association among relations
[1,11]. [43] proposed an attention seq2seq-based semantic pars-
ing approach to improve the performance of KBQA by convert-
ing the identification problem of question types to a machine
translation problem.

However, these 3-fold models either limited the common
sense to human-annotated knowledge or, essentially, learn from
statistical correlation rather than causality. So, as they are still
trapped in the spurious correlation problem, they do not work
well for selecting reasonable answers to individual queries.
Therefore, we propose to perform causal interference on the
relation representation space in a data-driven manner to address
this gap. CF-KGQA uses two core components AP and AC . The for-
mer component captures the causal pairwise matrix among the
candidate relations by removing the most spurious relations that
are inconsistent with common sense, and disconnect the latent
factor and causal confounder beneath the knowledge embedding
space for intervention. The latter component learns the latent
relation representation via an encoder–decoder on the causal
pairwise matrix. Compared with the recent methods, CF-KGQA
scales up the statistics likelihood to jointly model the of statistics
likelihood and latent causal correlations, and address the problem
of spurious correlation.

3. The Causal Filter (CF)

This section details the core technical contributions of CF-
KGQA and its implementation.

3.1. Problem formulation

We formulate the problem based on the causal structure and
use the language of structural causal models (SCMs) for the basic
statement. The formulation of the model is illustrated in Fig. 2.
SCMs consider a set of observables (or variables) X1, X2, . . . , Xn
with a directed acyclic graph (DAG) and assume that each observ-
able is the result of an assignment: Xi = fi(PAi,Ui), (i = 1, . . . , n)
using a deterministic function fi depending on Xi’s parents in the
graph (denoted by PAi) and on an unexplained random variable
Ui. The unexplained random variable (actually noisy variable) Ui
ensures that the overall object can represent a general condi-
tional distribution P(Xi|PAi), and the set of noise U1, . . . ,Un is
assumed to be independent. Variables in a causal graph may be
unobserved, making the causal inference particularly challenging.

In KGQA, the causal structure needs to be modified. As pre-
sented in this article, the goal of this work is to comprehensively
discover disentangled latent factors to alleviate the spurious cor-
relation and integrate these disentangled latent factors with the
KGQAmodel. Specifically, as shown in Fig. 2(a), the influence from
Z on W is denoted as s(eh, pl, zi) which scores the latent relations’
influences on head entity/predicate representation. However, the
unobserved confounder C causes both the latent relation and the
answer, and eventually creates a spurious correlation. Figure (b)
and (c) illustrate the causal models by blocking the backdoor path
from C to Z, or by intervening on a small set of Z. The disentan-
gling process is denoted as s(eh, pl, g(zi)) which scores the causal
influences, i.e., deliberately forces eh and pl to incorporate every
zi fairly, where g(·) denotes the disentangling process on latent
relations.

The fundamental problem we intend to solve is modeling a
function for disentangling the latent relations g(zi). Here, we
formally define the casual confounder, disentangled latent factors
and some basic definitions to model the entity-predicate causal
interactions based on clustering algorithms.
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Fig. 2. Causal graph for KGQA. The yellow variables are observed. (a) F is the
ariable that generates the head entity and predicate representation illustrated
s W by entity linking and predicate detecting. The unobserved confounder
causes both the latent relation Z and answer Y, which creates a spurious

orrelation between the question X and answer Y. (b) An ideal intervention
locks the backdoor path from C to Z, which produces causal models. (c) In
ractice, we cannot guarantee to intervene on all Z variables. However, by
roperly intervening on even a small set of nuisance factors Zi , the confounding
ias is addressed.

efinition 1. Latent relations: To implement the theoretical and
maginative intervention, we define the latent relations Z among
he KG as the basic form of the causality objects which can be
alculated easily. Note that the acquisition of latent relations is
ased on the knowledge graph embedding (KGE) algorithms. For
xample, rlatent = h− t for TransE.

efinition 2. Informative objects: The object in a dense cluster
= {N1,N2 . . .NK } is defined as the most informative object if

t has the highest neighborhood density in the dense group. The
bjects closer to the most informative object in the same dense
roup are called informative objects.

efinition 3. Causal confounder: some unobserved variables
ause a spurious correlation from question to answer. It should
e noted that not only objects in the KG space are confounders,
ome confounders cannot be observed, e.g., color, attributes, and
uanced scene contexts. In this paper, we propose a novel im-
lementation to disentangle the latent relations from the causal
onfounders are not necessarily restricted to concrete objects.

efinition 4. Disentangled latent factors: The disentangled latent
actor Z ′ = [z ′1, . . . , z

′

N ], disentangled cluster of the latent rela-
ions Z = [z1, . . . , zM ], in the N×dmatrix for practical use, where
is the category size determined by the output of the clustering

lgorithm, M is the number of latent relations we utilize, d is
he feature dimension of the disentangled latent factors. Z ′ is
omposed of g(z1, . . . , zM ), where g(·) refers to the CF process and
is the size of the latent relations utilized.

.2. Model architecture

The architecture of CF consists of four components: Latent
elation Representer RL, Causal Constraint Pairwise Aggregator
P , Disentangled Latent Factor Aggregator AC and Grounding Fact
corer SG:

• Latent Relation Representer RL: obtains the latent relations
representation based on knowledge graph embedding algo-
rithms according to Definition 1.
• Causal Pairwise Aggregator AP : generates a causal pairwise

matrix among all the candidate relations, i.e., Causal Link
(CF), Statistics Link (SL), Non-Link (Non-link), which can re-
move the most spurious confounder beneath the knowledge
embedding space for intervention using both the explicit
and implicit correlation.
• Disentangled Latent Factor Aggregator AC : learns the latent

relation factor representation via the encoder–decoder on

the causal pairwise matrix from AP .

5

Fig. 3. Illustration of the different links. x1, x2, x3 are the most informative
objects of dense group N1,N2,N3 , which are the candidates for the causal-link
and non-link constraints. The informative objects shown by the yellow hexagons
are candidates for the statistic-link constraints in the dense group. For x1, x2, x3 ,
e compute the distinctness and concentration distance for each object pair
nd rearrange them in ascending order of their score. The pair of objects with
maller scores which can form a new dense group N4 is denoted as a causal-link,
hile the other pairs are denoted as a non-link. In this case, x1, x2 denotes a
ausal-link, while x1, x3 denotes a non-link.

• Grounding Fact Scorer SG: learns to score whether a fact
should be candidate from the causal level and statistics level
which is detailed in Section 3.3.3, Eq. (9).

This architecture is implemented through a mixed neural net-
ork model and different components have deviated functions.
oreover, our model is type of a propagation model, i.e., the
utput of AP will be the input of AC .

3.3. Clustering based causal filter model

In this section, we present the details of each components in
CF.

3.3.1. Causal constraint pairwise aggregator AP
We design the causal constraint pairwise aggregator based on

an unsupervised clustering algorithm for two purposes. First, due
to the lack of a ground truth of the latent factors and a cluster
of the latent relations embedded in the knowledge embedding
space, we build a function to classify the unlabeled factors to
purify them to a certain extent. Second, we identify the pairwise
constraints for the next stage, i.e., whether there is causal link
between two entities or only a statistic link among the knowledge
embedding space.

To do this, AP follows a two-stage process. First, it adopts
the K-DBSCAN [44] as the initial clustering and generates dense
groups from the initial clusters based on distinctness and con-
centration to purify them to a certain extent. Second, it selects
causal-link and statistic-link constraints based on the local den-
sity estimation. The key idea of our AP architecture is illustrated
in Fig. 3.

Generating dense groups from initial clusters. We develop a mech-
anism to clarify the outliers of the initial cluster and obtain the
dense clusters based on the concepts of distinctness and concen-
tration distances. G1, G2, . . . , GK is the set of the initial clusters
enerated from an unlabeled latent relation representations by
-DBSCAN and n1, n2, . . . , nK are the number of objects in these
lusters. Given an object xo ∈ Gc for 1 ≤ c ≤ K , its neighboring
bjects are denoted as a set of objects in the initial cluster exclud-
ng itself. We assume that G′ is a set of n′ objects neighboring x .
c c o
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he distinctness distance of xo to G′c is defined as the average of
istances from xo to all objects in G′c , given as:

dxo =
1
n′c

∑
xi∈G′c

d (xi, xo) (1)

Similarly, the concentration distance of xo to G′c is denoted as
the average of the mutual distances among the objects in G′c as:

Cdxo =
1

n′c
(
n′c − 1

) ∑
xi,xj∈G′c ,i̸=j

d
(
xi, xj

)
, (2)

Based on Sdxo and Cdxo defined, the distinctness of xo from Gc
can be measured by the ratio of the distinctness and the con-
centration distance, which is named the group outlier criterion
(GOC):

GOCxo =
Ddxo
Cdxo
=

1
n′C − 1

∑
xi∈G′c

d (xi, xo)∑
xi,xj∈G′c ,i̸=j

d
(
xi, xj

) (3)

For an initial cluster Gc , GOCxo is scored by measuring how far
away object xo is from the dense group of objects in G′c . All objects
in Gc have the GOC scores computed. Then, we arrange them
in ascending order of the GOC scores. The objects with smaller
GOC scores in Gc are denoted as dense groups. According to the
distribution of the GOC scores in Gc , a threshold is set to select
objects into a dense group. For all initial clusters, this process
yields a set of dense groups of objects as candidates for pairwise
constraints.

Selecting causal-link and statistic-link constraints. For a set of
dense groups, we derive the causal-link and statistic-link pairwise
constraints from the dense groups using a local density estima-
tion method based on semi-supervised clustering. It is assumed
that N1,N2 . . .NK represents the set of dense groups of objects
that remain after removing the separate objects from the initial
clusters. These density groups serve to derive the pairwise link
constraints: the causal-link, the statistic-link, and the non-link
pairwise constraints. In the semi-supervised clustering result, on
the one hand, the objects classified with the statistic-link should
be selected from the same dense group, while on the other hand,
the objects classified with the causal-link or non-link should
be selected from two separate dense groups and classified into
different clusters.

Nc =
{
x1, x2, . . . , xLc

}
is a dense group with Lc objects in a

high density neighborhood Nc . We calculate the mutual distances
between the Lc objects using Euclidean distance to generate a
non-negative and symmetric matrix D =

(
dij

)
. Then we compute

the local density for each object xi in the neighborhood Nc as:

LD (xi) =
1
|Nc |

∑
j∈Nc

dij (4)

where xi is the ith object in Nc and LD (xi,Nc) is the local density
of object xi relative to other objects in Nc . In this way, we calcu-
late the local densities for all objects in Nc . A large value of LD (xi)
indicates the high local density of the object xi. Based on the
objects’ local densities, we can rank them in Nc and according to
the assumption that objects with a large LD are more informative,
we identify the most informative object from each dense group.

For a dense group of objects, we calculate the local densities
of all the objects and rank them according to their densities.
The first object with the highest local density is regraded as the
most informative object which is used to generate causal-link
and non-link pairwise constraints. In addition, according to the
ranking list of informative objects, the second and third objects
with the highest local densities are selected as the first pair
of statistic link pairwise constraints. Similarly, the next pair of
6

Algorithm 1 Causal Constraint Pairwise Aggregator AP : unsuper-
vised deep embedded clustering
Require: A high-dimensional unlabeled latent relation embeddings X =

x1, x2, · · · , xn.
Ensure: Call DBSCAN algorithm to produce initial cluster assignments

yini=1;
1: Step 1→ Discover dense groups
2: for iter1 = 1 to N do
3: for iter2 = 1 to M do
4: Compute GOCxo in initial cluster yini=1 by Eq. (3).
5: if GOCxo > threshold1 then
6: yini=1 ← yini=1 − xo
7: end if
8: Nc ← yini=1
9: end for
0: end for
1: Step 2 → Select Statistic-link, Causal-link and Non-link pairwise

constraints
2: for iter = 1 to K do
3: Compute pre-distance matrix D of Lc objects in dense group Nc

with Euclidean distance function.
4: Compute local density LD(xi) for each object xi in the

neighborhood Nc by Eq. (4).
5: Sort the indices of LD(xi) with descending order.
6: for i = 1 to Lc - 1 do
7: if i ̸= 1 then

18: Add the pair of (xi, xi+1) into the Statistic-link set (SL).
9: else

20: Compute GOCxo for each pair objects again and re-arrange
the objects in ascending order.

1: if GOCxo < threshold2 then
2: Add the pair of (xi, xi+1) into the Causal-link set (CL).
3: else
4: Add the pair of (xi, xi+1) into the Non-link set.
5: end if
6: end if
7: end for
8: end for
9: Return the pairwise constraints: Causal-link (CL), Statistic-link (SL),

and Non-link.

informative objects is derived as the second statistic-link pairwise
constraint. The process of dense group selection is continuous
until the required number of pairwise statistical-link constraints
are obtained. We use the same process to obtain the set of
statistic-link pairwise constraints from all dense groups.

Then, we formulate the causal-link and non-link pairwise con-
straints set. For each dense group, we obtain the most informative
object, which is the candidate for the causal-link and non-link
pairwise constraint. Given the K most informative objects from K
dense groups, we compute the GOC for each pair object according
to Eq. (3) and arrange the objects in ascending order of their GOC .
The pair of objects with smaller GOC scores is denoted as causal-
link so we assume there is a latent causal relation between this
pair, while the other pairs are denoted as non-link.

For K objects from different dense groups, any pair of the
causal-link and non-link objects should occur in different clusters,
i.e., the candidate objects should be obtained from two differ-
ent dense groups. Furthermore, any pair of statistic-link objects
should be obtained from the same dense group. We define a
matrix describing the pairwise constraints CL and SL as:

A =

⎡⎢⎢⎣
a11 a12 · · · an1
a12 a22 · · · an2
...

...
. . .

...

a1n a2n · · · ann

⎤⎥⎥⎦ (5)

As xi and xk are assigned to be causal-link pair, aik = 1. If xi and
x satisfy the statistic-link constraints, a k = −1. Other entities in
k i
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Fig. 4. The architecture of AC . We use the encoder layers of a pre-trained SAE
o initialize the DNN structure. The causal pairwise constraints obtained from AP
re added to the embedding layer latent space representation to directly learn
he feature representation where the next block denotes the soft assignment of
ach data point and is used to minimize the KL divergence loss.

his matrix are all set to zero. The pairwise constraint specifies if
wo data examples are causally linked (CL) or statistically linked
SL). The overall process of the AP is listed in algorithm 1.

.3.2. Disentangled latent factor aggregator AC
We design the disentangled latent factor aggregator AC using
semi-supervised clustering algorithm. It aims to use the con-

traints from AP to improve the learning ability and rearrange
he causal clusters. We propose a pairwise constraint based semi-
upervised clustering algorithm inspired by SDEC [45]. Specifi-
ally, AC makes use of the CL and SL constraints in the feature
earning process such that the data samples with the causal-link
hould be enforced closer to each other according to their causal
elevance. While samples with a statistics link are forced far away
rom each other in the learned feature space where the final
luster assignment is conducted. The idea of AC is illustrated in
ig. 4.
AC utilizes the same students’s t-distribution similar to SDEC

45] to measure the similarity between embedded point zi and
enter µj as:

ij =

(
1+

ωi − µj
2

)−1
∑

j′

(
1+

ωi − µj′
2

)−1 , (6)

where ωi = fθ (xi) ∈ ω corresponds to xi ∈ X after embedding,
µj is the center of the jth cluster in the embedded space. mij is
the probability of assigning data point i to cluster j, and mi =

[mi1,mi2, . . . ,mik]
T is a soft assignment of data point i. In each

step, AC matches the soft assignment M to an auxiliary target
distribution N as:

nij =
m2

ij/fj∑
j′ m

2
ij/fj′

, (7)

where fi =
∑

i mij. In AC , KL divergence between the soft assign-
ment M and the target distribution N is minimized to refine the
nonlinear transformation fθ , i.e., the encoder layers of SAE [46].
o utilize the causal constraints obtained from the AP to lead the

direction of clustering and embedding, we define the objective of
AC as:

L = KL(N ∥ M)+ λ
1
n

n∑
i=1

n∑
k=1

aik ∥ωi − ωk∥
2

=

n∑
i=1

K∑
j=1

nij log
nij

mij
+ λ

1
n

n∑
i=1

n∑
k=1

aik ∥ωi − ωk∥
2 ,

(8)

where KL refers to KL divergence, n is the number of data points
and λ is a trade-off parameter which is defined by the user.
7

When λ = 0, the causal constraints influence degenerates to
zero. Actually, minimizing Eq. (8) can minimize the costs of the
violated constraints, thus being able to simultaneously learn fea-
ture representations and perform clustering assignments to favor
the causal-link constraints. The overall idea of the AC is listed in
algorithm 2 and is consistent with the schematic diagram of our
model shown in Fig. 4.

Algorithm 2 Disentangled latent factor aggregator AC : semi-
supervised deep embedded clustering
Require: : Dataset X; coefficient lambda; number of clusters K ; pairwise

constraints matrix A; stopping threshold tol%.
Ensure: : Cluster assignments yini=1; cluster centers µi

k
i=1; deep mapping

fθ
1: Step 1→ Initialization with SAE ▷ SAE: Stacked auto-encoder

refers to [46].
2: Pretrain SAE and obtain K initial centers µi

k
i=1 and cluster

assignments yini=1 from AP in the latent relation space.
3: Step 2→ Clustering with pairwise constraints
4: for iter ∈ 0, 1, . . . ,MAXITER do
5: Choose a batch of samples S ∈ X .
6: if iter%T == 0 then
7: ωi ← fθ (xi),∀xi ∈ X .
8: Compute all mij values according to Eq. (6).
9: Compute all nij values according to Eq. (7).
0: Save old assignments: yoldi ← yi.
1: Update label assignments: yi ← argmaxjmij.
2: if (sumn

i=1yoldi ̸= yi)/n < tol% then
13: Stop training.
14: end if
15: end if
16: Update θ and µi

k
i=1 via Eq. (8).

17: end for

3.3.3. Grounding fact scorer SG
Each sample fact can be measured by a score function s in

terms of the statistics level and causal level. According to the
aforementioned definitions, the joint score function s can be
ecomposed into four scores:

= β1s(eh, êh)+β2s(pl, p̂l)+β3s(eh, pl, êt )+β4s(eh, pl, g(zi))+δ (9)

where s scores a fact which matches the learned entities and
predicates the most in both causal-level and statistical-level;
s(eh, êh) scores the distance between entity representation eh and
ground truth; s(pl, p̂l) scores the distance between predicate rep-
resentation pl and ground truth; s(eh, pl, êt ) scores the similarity
between tail entity, obtained from head entity eh and predicate pl,
and ground truth tail entity êt , and s(eh, pl, g(zi)) scores the causal
influences, i.e., deliberately forces eh to incorporate every zi fairly,
where g(·) denotes the disentangling process on latent relations.
β1, β2, β3, β4 are the scale parameters for weighing these scores,
and δ is used for practical optimization.

4. CF-based KGQA model

In this section, we detail the whole framework of our proposed
model as illustrated in Fig. 5 and supplement the core implemen-
tation of how to integrate the causal filter module with the KGQA
task. The knowledge graph embedding (KGE) algorithm is the
primary method utilized to represent each entity and predicate.
Then, we develop a novel causal inference based module that we
denote as the causal filter (CF) based on the combination of AP
and AC to disentangle the latent factors. In addition, we train a
head entity learning model and a predicate learning model for
forecasting. Lastly, a carefully tailored distance metric (adding
causal scores) is used to search for the candidate entities’ closest
entities in the KG considering causal inference.
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Fig. 5. Overview of the CF-KGQA: The primary process is to obtain the representation of each entity and predicate by KGE algorithms. Then, we develop the core
block CF module to disentangle the latent factors. After this, we train the head entity learning model and predicate learning model for forecasting. Finally, searching
the candidate entities on embedding spaces based on a carefully crafted distance metric (with causal score adding), the predicted entities’ closest entities in KG
which also correspond to the causal inference are identified as the answers.
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4.1. Knowledge graph embedding

CF-KGQA employs the knowledge embedding representations
as the external resources to guide the language model for train-
ing. We utilize an existing KG embedding algorithm TransE [47]
to learn the entities collections E and use pykg2vec [48] as
implementation.

For each triplet in KG, we denote its embedding represen-
tations as (eh, rl, et ), and the knowledge representation learning
algorithm initializes the values randomly or based on trained
word embedding models. Then, a function f (·) is used to define
he relation r1 of a triplet in triplet by eh, et , i.e., TransE [47]
efines the relation as et ≈ eh + rl, rl ≈ et − eh. Finally, the KGE

algorithms minimize the overall distance et between f (eh, rl) and
or all facts and train the method on both positive and negative
amples (facts and synthetic facts that do not exist in KG).

.2. Predicate and head entity learning model

To represent a question, we derive a point in the entity em-
edding space as its head entity representation êh, and a point
n the predicate embedding space as its predicate representation
ˆℓ. A conventional solution is to learn the mapping dependent on
semantic parsing and physically made dictionaries, or basically
consider each kind of predicate as a label class to convert it
into a classification issue. However, since the areas of the end
clients’ inquiries are frequently unbounded, the spurious cor-
relation problem might occur, i.e., the new inquiry’s predicate
ay not be the same as every one in the training data. As a
onsequence, the traditional solutions are not able to handle
his scenario. To address the gap, we apply the global relation
nformation on KGQA and utilize the disentangled latent fac-
ors obtained from CF as compensation. Fig. 6 illustrates the
rchitecture of the proposed predicate and head entity learning
odel.
Given a question with length Lq, we first map its Lq tokens into

sequence of word embedding vectors wj, for j = 1, 2, . . . , Lq.
Then we employ a bidirectional LSTM to learn a forward hidden
state sequence (

−→
h1 ,
−→
h2 , . . . ,

−→
hLq) and a backward hidden state

sequence (
←−
h1 ,
←−
h2 , . . . ,

←−
hLq). The specific calculation process of the

LSTM hidden layer output representation could be referenced
in [12]. We concatenate the forward and backward hidden state
vectors and obtain hj = [

−→
hj :
←−
hj ].

The attention weight of the jth token aj is calculated using the
following formulas:

aj =
exp(q(wj, hj))∑
Lq exp(q(wi, hi))

,

T
(10)
q(wj, hj) = tanh(Wa [wj : hj] + θ ) p

8

Fig. 6. The model for predicate and head entity learning: An attention-based
bidirectional LSTM module for predicate and head entity learning with the
assistance of disentangled latent factors from the CF model.

We apply the attention weight aj to hj and concatenate it with
he word embedding wj, resulting a hidden state sj = [wj; ajhj]. A
ully connected layer is then applied to sj, and its result nj ∈ Rd×1

s denoted as the intermediate variables. Moreover, we utilize the
isentangled latent factors obtained from CF as compensation for
purious correlations, i.e., we calculate the distance dj between
ntermediate variables nj and disentangled latent factor zj ∈ Z ′

nd concatenate them together, resulting another hidden state
j = [nj; dj]. The predicted predicate representation is computed
s the mean of concatenation of sj and vj, that is,

ˆ l =
1
L

L∑
j=1

[sj; vj]
T (11)

ll the weight matrices, weight vector Wa and bias term θ are
alculated according to the training data.
Additionally, for head entity learning, given a question, instead

f inferring the head entity directly, we recover its representation
n the KG embedding space. Similar to the computation of p̂ℓ,
he entity representation êh is computed using the same neural
etwork as shown in Fig. 6. The entity representation êh and
redicate representation p̂ are eventually obtained.
ℓ
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.3. Jointly searching on embedding spaces

This section is the progressive version of Section 3.3.3. For each
ample question we have its predicate, head entity representation
nd disentangled latent factors’ vector centers. Our goal is to
ind a fact in KG that most closely matches these learned rep-
esentations and candidates. We inherit the joint distance metric
efined by [12], however, we add the causal score as an additive
valuation. Mathematically, the proposed joint distance metric is
efined as:

inimize
(h,ℓ,t)∈C

Eq. (9):β1
eh − êh


2 + β2

pℓ − p̂ℓ


2

+ β3
f (eh, pℓ)− êt


2 + β4

pℓ − z ′

2

∥pℓ − z ′∥2 + ∥eh − z ′∥2
− α1 sim

[
n(h),HEDentity

]
− α2 sim [n(ℓ),HEDnon]

(12)

where êt = f
(
êh, p̂ℓ

)
. Function n(·) returns the name of the

entity or predicate. HEDentity and HEDnon denote the tokens that
are classified as the entity name and non entity name by a simple
binary classification model according to TextCNN [49]. Function
sim[·] measures the similarity of two strings. β1, β2, β3, β4 are
the predefined weights to balance the contribution of each term.
α1, α2 are the predefined weights for practical optimization. In
this paper, we utilize the same βn and αn according to [12] for
experiments comparing.

The first three terms in Eq. (12) measure the distance between
a fact (eh, pl, et ) and ground truth in the KG embedding spaces.
We use f (eh, pℓ) rather than et to represent the embedding
vector of the tail entity, because there might be several facts
that share the same head entity and predicate but different tail
entities. Thus, a single tail entity without the pair of head entity
and predicate might not be capable of answering the question.
We tend to select a fact which most corresponds to the causal
correlation. In particular, we assume that a causal fact has to
be closer to the disentangled latent factor embedding vectors.
In this manner, we add the causal score to the distance metric
∥pℓ−z′∥2

∥pℓ−z′∥2+∥eh−z
′∥2

. Meanwhile, the function balance the degree of

the causal effect on predicates and entities. The fact (e∗h, p
∗

l , e
∗
t )

that minimizes the objective function is returned.

5. Experiment

In this section, we demonstrate the effectiveness and effi-
ciency of CF-KGQA in the following three ways: (1) CF-KGQA
has better performance than comparative methods with various
evaluation metrics on four different datasets; (2) CF-KGQA is
less sensitive to the missing link problem among the knowledge
graph; (3) CF-KGQA is more robust and generalized than previous
models on real case studies.

5.1. Datasets

In the experiment, there are two public knowledge graph
subsets and four real-world question answering benchmarks. All
the data are publicly available. Their statistics information are as
shown in Table 1.

• FB2M and FB5M: Since Freebase is primarily collected and
trimmed by community members, it is regarded as a reli-
able knowledge graph. In this paper, we employ two large
subsets of Freebase, i.e., FB2M and FB5M. The number of
predicates and the entities are listed in Table 1 and the
repeated facts have been removed. Freebase’s application
programming interface (API) is not available anymore. For
this reason, we use a mapping tool from [12] to obtain the
entities and their relations.
9

• SimpleQuestions: More than ten thousand simple questions
are presented in SimpleQuestions along with corresponding
facts. All these facts belong to FB2M and all questions are
formulated by English speakers based on their context and
the facts. It has been used for many recent KGQA methods.
• Webqsp: It involves complete semantic parses in SPARQL

query for 4737 questions, and partial parses for 1073 ques-
tions where no valid parse can be found or where the
questions themselves require a descriptive answer. We use
the same train/dev/test splits as GraftNet [24].
• MetaQA: The dataset contains more than 400k movie-

related questions in a multi-hop KGQA context. It contains
1-hop, 2-hop, and 3-hop questions. In our experiments, we
considered full KG to be defined by the MetaQA KG-Full and
half KG to be defined by the MetaQA KG-50.
• OpenBookQA: The dataset involves 5957 multiple-choice

elementary level science questions, with 4957 for training,
500 for validation and 500 for testing, which assess the un-
derstanding of a small ‘‘book’’ containing 1326 core science
facts and the application of these facts to novel situations.

Different datasets for KGQA have varying levels of open-
domain capacity requirement. Webqsp, for instance, can be used
to observe most of the gold test relations during training, thus
some prior works on this task adopted the closed domain as-
sumption as in general relations extraction research, whereas for
data sets like SimpleQuestions, it becomes more important to
support large relation sets and unseen relations. Therefore, we
utilize these four benchmarks to evaluate our proposed model
from different aspects. Additionally, SimpleQuestions has been
rarely used since 2019, and as a result, our model utilizes Webqsp
and MetaQA as alternative datasets to compare with the most
recent models.

5.2. Comparative methods

As described in the previous section, KGQA has grown in pop-
ularity as a natural approach to search structured data sources,
with considerable advancements over time. To evaluate the ef-
fectiveness of CF-KGQA, we include several state-of-the-art KGQA
algorithms (sorted by the timeline below).

• AMPCNN [50]: It adopts a character-level convolutional
neural network for matching the questions and predicates.
• GruQA [51]: It employs a character-level gated recurrent

unit neural network to embed questions and predicates or
entities into the same space.
• StrongBaseslineQA [52]: It converts the problem of pred-

icate prediction into a classification problem and adopts
multiple neural networks as solutions.
• GraftNet [24]: It uses a variant version of the graph con-

volution network (GCN) to execute multi-hop reasoning on
heterogeneous graphs.
• PullNet [23]: It trains the graph retrieval module by utilizing

the shortest path as supervision and complete multi-hop
reasoning on the retrieved sub-graph with GraftNet.
• KEQA [12]: It utilizes a knowledge embedding algorithm

to jointly extract the head entity, predicate from the ques-
tion and tail entity representation in the KG embedding
spaces. Our work is based on this framework and has been
extended.
• KEQA_noEmbed: It is the version of [12] without knowl-

edge embedding. It randomly generates the predicate and
entity embedding representations.
• EmbedKGQA [53]: It conducts multi-hop reasoning by

matching the pre-trained entity embeddings with question
embedding obtained from RoBERTa.
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Table 1
Statistics of knowledge graph based question answering datasets.

FB2M FB5M SimpleQuestions OpenBookQA Webqsp

Training 14,174,246 17,872,174 75,910 4015 2848
Validation N.A. N.A. N.A. 1302 250
Test N.A. N.A. N.A. 640 1639
Predicates 6701 7523 1837 153 N.A.
Entities 1,963,130 3,988,105 131,681 10,973 N.A.
Vocabulary size 1,963,130 1,213,205 61,336 12,839 N.A.

Note: The statistics description of FB2M, FB5M, and SimpleQuestions is according to [12].
• T5-11B [54]: It introduces a unified framework that converts
all text-based language problems into a text-to-text format.
• CBR-KBQA [55]: It employs a neuro-symbolic case-based

reasoning (CBR) approach for KGQA with non-parametric
memory and parametric models.
• NSM [56]: It utilizes a teacher–student method to conduct

the multi-hop KGQA task, where the student network tries
to find the correct answer for the query, and the teacher net-
work tries to perform intermediate supervision to improve
the reasoning skill of the student network.

5.3. Experiment settings

To compare and evaluate the performance of the KGQA meth-
ds, we use the same training, validation, and test splits as in
he original paper and follow the same settings. Either FB2M
nd FB5M is employed as the external knowledge resource, and
knowledge embedding algorithm such as TransE or TransR is
pplied for knowledge representation based on Pykg2vec [48].
e use the same dimension of the knowledge embedding rep-

esentations according to [12]. The initial pre-trained word em-
edding is based on GloVe [57] and we employ the fuzzy wuzzy
lgorithm [58] to measure the similarity of two strings.
The setting of the Statistical analysis and hyper parameters are

s follows. It should be noted that the choices of hyper parame-
ers β1−4 and α1−2 has a very limited impact on the performance
of the whole model.

• Statistical Analysis: The analyzed data are collected from
three separate experiments and express as means ± stan-
dard deviation. We use one-sample t test to determine the
level of significance, and P values < 0.05 are considered to
be significant.
• Hyper parameters Setting: As aforementioned in

Section 4.3, β1−4 and α1−2 are some hyper parameters for
contribution balancing and practical optimization. In this
paper, we utilize the same β1, β2, β3 and αn according
to [12], and β4 is set to 0.43. The dimension of the KG
embedding representations d is set to be 250, and the
hidden size of the model is set to be 300. The max index of
the latent relations is set to be 1000. We use the grid search
to determine the best hyper parameters.

5.4. Evaluation and discussion

We evaluate the recent state-of-the-art KGQA algorithms
listed in Section 5.2 with our proposed model on SimpleQuestion
and Webqsp. The results are detailed in Tables 2 and 3.

On the basis of the results in Table 2, we observe that: first,
the proposed framework CF-KGQA outperforms all the baselines
and obtains a 6.02% improvement compared to accuracy when
SimpleQuestions is released on AMPCNN [50]. Moreover, CF-
KGQA achieves 0.5% higher accuracy compared to KEQA [12].
This demonstrates that the latent relations causally intervene the
head entity and the predicate. It helps narrow the gap between

prediction and the ground truth, and help to select reasonable

10
Table 2
The performance of different methods on SimpleQuestions.

FB2M (Accuracy) FB5M

AMPCNN [50] 68.3% 67.2%
GruQA [51] 71.2% N.A.
StrongBaselineQA [52] 73.2% N.A.

KEQA_noEmbedded 73.1% 72.6%
KEQA [12] 73.8% 73.6%

CF-KGQA_noEmbedded 73.4% 72.9%
Ours (CF-KGQA) 74.4% 74.1%

Note: CF-KGQA_noEmbedded refer to the version of CF-KGQA without knowledge
embedding. It randomly generates embedding representations.

facts in a causal manner. Second, the performance of CF-KGQA
decreases by 0.23% when it is applied to FB5M. This can be
attributed to the same reason as [12], that all the ground truth
facts belong to FB2M, and FB5M has 26.1% more facts than FB2M.
Third, CF-KGQA achieves 0.48% higher accuracy compared to CF-
KGQA without the embedding algorithm. This demonstrates that
the separate task KGE is necessary for CF-KGQA.

By jointly predicting the question’s predicate and head entity
with the help of causal filter, the CF-KGQA achieves an accuracy
of 74.3%, which is 0.502% higher than the baseline model KEQA
on the SimpleQuestions dataset. Table 3 shows that CF-KGQA
still achieves the state-of-the-art on the Webqsp dataset. How-
ever, on the OpenBookQA dataset, our CF-KGQA obtains 79.6%
precision, which is little worse than [60] (80.2%). This suggests
that our framework might be further improved using a more
sophisticated model, e.g., more layers of the proposed CF module;
and deeper neural networks. Fortunately, CF-KGQA still outper-
forms the state-of-the-art on these three datasets, which confirms
the effectiveness of our proposed framework in disentangling
the latent factors to remove the confounding bias among the
embedding search spaces.

5.4.1. Parameter analysis
We now investigate the contribution of each term in the

objective function of CF-KGQA. As shown in Eq. (12), there are
six terms in our objective functions. To study the contribution of
every single term, we validate the performance of CF-KGQA on
SimpleQuestions, Webqsp and OpenBookQA as shown in Table 4.

On the basis of Table 4, there are two significant observations.
First, the predicted predicate representation p̂ℓ has the most sig-
nificant impact in our framework. Only with metric

pℓ − p̂ℓ


2,

does the framework achieve an accuracy of 72.8% on the Sim-
pleQuestions dataset. Second, the disentangled latent factor com-
plements p̂ℓ and êh in the joint learning. The accuracy increases
from 73.8% to 74.3% as causal evaluation ∥pℓ−z′∥2

∥pℓ−z′∥2+∥eh−z
′∥2

is used

which demonstrates the effectiveness of our method.

5.4.2. Ablation study
Furthermore, we test whether the number of latent relations

influences the accuracy of the framework. We validate the perfor-
mance of CF-KGQA w.r.t. three groups of combinations of situa-
tions. To study the influence of the number of latent relations,
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Table 3
The performance of the different methods on Webqsp and OpenBook.
Model OpenBookQA Webqsp

Precision Recall F1-score Accuracy Precision Recall F1-score Accuracy

STAGG [59] 68.5% 67.5% 67.9% 67.3% 65.9% 63.3% 65.6% 63.9%
GraftNet [24] N.A. N.A. N.A. 66.4% N.A. N.A. N.A. 66.4%
PullNet [23] N.A. N.A. N.A. 68.1% N.A. N.A. N.A. 68.1%
EmbedKGQA [53] N.A. N.A. N.A. 70.8% N.A. N.A. N.A. 66.6%
T5-11B [54] 68.8% 67.6% 68.2% 67.5% 62.1% 62.6% 62.3% 61.5%
KEQA [12] 71.8% 73.6% 72.7% 71.2% 71.8% 73.6% 72.7% 69.3%

CBR-KBQA [55] 73.1% 75.1% 74.0% 72.9% 73.1% 75.1% 74.1% 72.0%
QA-GNN [60] 80.2% 75.7% 77.9% 77.6% 73.9% 75.6% 74.7% 72.5%
NSM [56] N.A. N.A. N.A. 74.5% N.A. N.A. N.A. 73.9%
Ours (CF-KGQA) 79.6% 77.8% 78.7% 78.5% 75.6% 74.3% 74.9% 74.3%
Table 4
The performance of CF-KGQA with different objective functions on three
datasets.

SimpleQuestions Webqsp OpenBookQApℓ − p̂ℓ


2 72.8% 68.3% 73.2%eh − êh


2 73.4% 70.6% 75.4%f (eh, pℓ)− êt


2 73.4% 71.9% 75.4%

sim [n(h),HEDent] 73.5% 72.3% 75.4%
sim [n(ℓ),HEDnon] 73.8% 72.5% 76.5%
∥pℓ−z′∥2

∥pℓ−z′∥2+∥eh−z
′∥2

74.4% 74.3% 78.5%

Fig. 7. Accuracy curves of CF-KGQA on SimpleQuestions. (a) Comparison of the
accuracy of detecting the head entity in three situations, e.g., without CF, AP
odel only, integrated AP and AC model; (b) Comparison of the accuracy of
etecting the head entity and predicate in three situations; (c) Comparison of
he overall accuracy of the whole model. CF is short for causal Filter and the X-
ay corresponds to how many latent relations we utilize, e.g., if the max index
f the latent relations is 100, the total number of relations is 9900; (d) the
tatistics analysis of the three settings. ∗ refers to at the 0.05 level, the level of
tatistics significance is considered to be significant.

n the first group, i.e., without CF, we only use the raw la-
ent relations generated from the knowledge graph without the
ausal filter for purification; in the second group, i.e., only AP ,
e only use the causal pairwise aggregator AP and neglect the
airwise constraint influences; in the third group AP&AC , we use
he integrated causal filter to disentangle the latent factors. The
xperiment results are illustrated in Fig. 7.
As shown in Fig. 7, we have three observations: (1) Our pro-

osed CF module can well compensate the lack of strength of the
atent factors and further explore the influences of latent factors
11
Table 5
Ablation over CF-KGQA model size on three datasets. #E = the dimension of
the KG embedding representations; #H = hidden size.
#E #H SimpleQuestions Webqsp OpenBookQA

50 150 61.8% 62.3% 64.2%
100 150 65.5% 65.7% 67.4%
150 150 71.4% 69.5% 74.4%
200 300 73.5% 72.9% 76.4%
250 300 74.4% 74.3% 78.5%
300 300 74.3% 74.5% 78.5%

Table 6
Different KG embedding algorithms on MetaQA.
KG embedding MetaQA KG-Full MetaQA KG-50

CF-KGQA_TransH 97.4% 83.4%
CF-KGQA_TransR 97.2% 83.3%
CF-KGQA_TransA 97.6% 83.5%
CF-KGQA_TransE 97.7% 83.6%

Note: We only report the performance of 1-hop question results here.

hidden in knowledge space. Without CF module, the accuracy of
head and predicate accuracy is limited from 0.60 to 0.62. (2) The
more latent relations we utilize, CF-KGQA is more accurate and
the trend gradually slows down. This is because our model is
data-driven based which means the more high-quality data is fed
in, the more accurate model can be constructed. (3) The results
of using CF are significantly different from the other two settings
which demonstrates the significance of the improvements.

Also, we test the sensitivity of the model size hyper parameter
as shown in Table 5. It demonstrates that the model relies on
some hyper parameters of the model size, especially when the
hidden size and KG embedding dimension is lower than 150 and
300. It should be noted that the values of the model size are
determined by the utilized dataset.

5.4.3. Robustness analysis
To further validate the robustness of CF-KGQA, we reshuffle

the MetaQA KG-Full and MetaQA KG-50 randomly. The perfor-
mance of CF-KGQA with different KG embedding algorithms on
MetaQA is shown in Table 6.

According to Table 6, we observe that CF-KGQA could still
achieve an accuracy of 83.6% using TransE method. And the
difference between KG embedding algorithms has little impact
on our proposed method. Furthermore, we test the capability of
CF-KGQA. We remove all triples from the KG which can be used
to answer all questions in the validation set of the MetaQA 1-
hop dataset. For instance, given a question ‘‘Which artist created
the city horizon? [Hans Hofmann]’’, we intentionally remove the
triple (Hans_Hofmann, artist_create, city_horizon) from the KG.
We also remove all the paraphrases of the same question in
the validation set since we are only interested in evaluating
the KG completion property of our model instead of linguistic
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Table 7
Case study of CF-KGQA, comparing predictions by KEQA and our model (CF-KGQA). Our model causally corrects some triplet changes.
Question (Originally taken
from SimpleQuestion Dev)

Science fact KEQA (baseline) prediction Our prediction

Where was Walter Chrysler
born?

Triplet: (people, person, place
of birth) Answer: Wamego,
Kansas, United States

Triplet: (people, person, place
of live) Answer: Ellis, Kansas
× (misunderstand the live
and birth)

Triplet: (people, person, place
of birth) Answer: Wamego, US
√

Which artist created the city
horizon?

Triplet: (visual art, artwork,
artist) Answer: Hans
Hofmann

Triplet: (visual art, artwork,
artist) Answer: Hans
Hofmann

√

Triplet: (visual art, artwork,
artist) Answer: Hans Hofmann
√

In which European nation
was the Fit of Passion filmed?

Triplet: (film, film, country)
Answer: Russia

Triplet: (film, film, country)
Answer: Los Angeles ×
(lacking the hint European
nation)

Triplet: (film, film, country)
Answer: Belgium fairly×
(Belgium is a European nation
but not the correct answer)

Who is one of the members
of the United States House
Committee on the judiciary?

Triplet: (us congress, house
committee, current members)
Answer: Jerry Nadler (D)
Since January 3, 2019

Triplet: (US,
house-committee, members)
Answer: James Buchanan ×

Triplet: (us, house committee,
current members) Answer:
Jerry Nadler

√

generalization. In such a setting, it is expected that models relying
only on sub-graph retrieval achieve 0 hits1. However, our model
still has a 69.3% hits1. This demonstrates that our model is able to
capture the KG completion property of complex embedding and
answer questions that would have been impossible otherwise.

5.4.4. Case study
To further validate the robustness and generalizability of CF-

GQA, we perform a case study on SimpleQuestions as shown
n Table 7, which demonstrates that our CF-KGQA outperforms
ts baseline model KEQA in four cases; specifically, CF-KGQA can
apture the latent/vague hint embedded in the questions, e.g.,
he third question has a preliminary constraint that the nation
hould be in Europe, however both KEQA and our proposed model
ll give the wrong answers, but our model chooses a European
ation as the candidate. Moreover, for the fourth question, the
reliminary constraint is the tense which will determine whether
he current members or previous members is the correct an-
wer. CF-KGQA captures this subtle difference and returns the
orrect answer. These cases illustrate the superiority of removing
ausality confounding bias in our CF-KGQA.

.5. Knowledge graph with missing-link evaluation

Some state-of-the-art KGQA models like PullNet [23] and
raftNet [24] require a path to be presented in the KG between
he head entity and the answer entity for question answering.
or example, in PullNet, the answers are restricted to contained
ithin one of the entities from the extracted question subgraph,

imiting the number of questions the model can answer in the
etting. The CF-KGQA model, in contrast, inherits the idea of
mbeddedKGQA [53] and uses KGE algorithms instead of a lo-
alized sub-graph to answer the question. It adopts the head
ntity embedding and predicate embedding, which implicitly
nvelops all observed and unobserved links surrounding each
ode. Unlike other QA systems, even if there is no path between
he head entity and answer entity, the CF-KGQA in other words
hould be able to answer the question if the KG contains enough
nformation to determine where the path will lead (addressing
he missing links of the KG).

Table 8 shows that our model reaches the state-of-the-art
or 1-hop and 3-hop questions and performance is close to the
tate-of-the art for 2-hop questions on MetaQA KG-Full setting.
F-KGQA achieves the SOTA performance in the 1-hop situation
ecause there is a direct connection between the answer entity
nd the head entity. The model can learn the corresponding rela-
ion embedding from the question easily and selects the correct
12
Table 8
The performance of different methods on MetaQA.
Model MetaQA KG-Full MetaQA KG-50

1-hop 2-hop 3-hop 1-hop 2-hop 3-hop

STAGG [59] 95.9% 91.4% 83.1% N.A. N.A. N.A.
GraftNet [24] 97.0% 94.8% 77.7% 64.0% 52.6% 59.2%
PullNet [23] 97.0% 94.8% 91.4% 65.1% 52.1% 59.7%
EmbedKGQA [53] 97.5% 98.8% 94.8% 83.9% 91.8% 70.3%

Ours (CF-KGQA) 97.7% 98.3% 95.1% 83.6% 92.5% 73.8%

Note: We have considered both full KG (MetaQA KG-Full) and 50% KG (MetaQA
KG-50) settings. All baseline results were taken from [53].

answer easily. On the other hand, the performance on 2-hop and
3-hop questions indicates that CF-KGQA can deduce the correct
relation from the node’s neighboring edges as KG embeddings are
able to capture the composition of relations. Pullnet and GraftNet
are also effective since the answer entity is generally found in the
question sub-graph. Moreover, our model performs better than
EmbedKGQA which is due to the usage of disentangled latent
factors. Our causal inference-based module reduces the spurious
relation representation and improves the effectiveness of the
multi-hop QA task.

Moreover, we find that there is a significant reduction in the
accuracy of all baselines compared to the full KG setting on the
incomplete KG setting (MetaQA KG-50, which only contains 50%
of the whole KG), while EmbedKGQA and CF-KGQA still perform
well. This is because MetaQA KGs only involve 135k triples for a
total number of 43k entities, which is fairly sparse. So, as 50% of
the triples are removed, the graph becomes very sparse, causing
many head entity nodes of questions to have much longer paths
to their answer nodes, i.e., more than three. As a consequence,
models which require the construction of a question-specific
sub-graph do not involve the answer entity in their generated
sub-graphs, and leads to poor performance. However, Embed-
KGQA and our CF-KGQA, utilizing the link prediction properties
from the KG embeddings instead of limiting themselves to a
sub-graph, are able to infer the relation on missing links. With
CF utilized, our CF-KGQA overcomes the spurious correlation
problem and performs better than EmbedKGQA on 2-hop and
3-hop.

5.6. Multi-hop question answering evaluation

Single-hop questions often have relatively simple structures
and can be answered using information contained in one sub-
graph. The transformation from the single-hop questions to multi-
hop questions means the model need to manage to achieve close
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Fig. 8. Analysis of multi-hop question answering on MetaQA. We illustrate F1
score of CF-KGQA on MetaQA w.r.t. number of the hops (K).

to human performance. When generalizing such methods into the
multi-hop area, we have to deal with two major challenges:

• Complex questions, particularly those with multiple ques-
tion words, challenge the model’s ability to understand the
query correctly.
• Long context, which contains relevant information and noise,

requires the model to identify noise, establish inference
among multiple relevant sub-graphs, and process long se-
quence effectively.

Why Causal Filtering? Figure Fig. 8 shows that CF ensures
he results remain stable across multi-hop questions, and can
ell trackle the two aforementioned challenges. Embedding-
ased model is well-known for being able to detect long-range
ependencies. The multi-hop reasoning by matching the pre-
rained entity embeddings with the queries embedding in the
G embedding spaces largely reduces the operation time for
equentially executed operations, and makes it easier to learn
ong-range dependencies because each token is connected to each
ther token. However, this method struggle in dealing with noise.
ecause of the large number of connections in the multi-hop
uestions, which are not all sequential, it will be thrown off by
rrelevant data strongly. Thus, when the number of hop increases,
he performance of the model without CF declines significantly.
n general, the model without CF may not be optimal to multi-
op reasoning tasks because these tasks usually involve hopping
ver portions of data that are noisy and irrelevant-including
heir attention is detrimental to the model. However, with CF,
he model can eliminates the effect of noise on the attention
echanism. It filters out the irrelevant confounding information
ccording to the subtle correlation between the un-sequential
ulti-hop relations. With the CF module, the model can still
chieves a high performance when K = 3 with only a limited
ecline.
Impact of Number of Hops (K). We evaluate the impact

f number of hops in the query on MetaQA. As shown in Fig-
re Fig. 8, the CF module reduces the F1 score by 19.4% compared
o the original method by the increase of K . The impact of the
ops not only involves the inference paths but also the number
f tokens from each queries. We illustrates the average length of
he each hop questions. It can be found that the average length
f the 3-hop questions tokens is 18.9. With the increase of the
umbers of the inferential chain, it will also have some impact

n F1.
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6. Conclusion and future work

Due to the increasing size of data, real world knowledge
graphs often contain millions or billions of facts. KGQA suffers
from the spurious correlation brought by entity name ambigu-
ity, predicate expression variety, grounding difficulty and miss-
ing links. However, traditional solutions construct the relation
embeddings based on a syntax tree and spatial–temporal co-
occurrence by only maximizing the data likelihood. The learned
relation representation contains a high level of spurious corre-
lation. In this paper, we propose a causal filter based on the
combination of a causal pairwise aggregator and disentangled
latent factor aggregator to alleviate the challenges of the KGQA.
Experiments show that our model (CF-KGQA) performs much bet-
ter than the state-of-the-art methods on four public real-world
datasets. In addition, CF-KGQA can effectively reduce the spurious
correlations, demonstrating the robustness of our method.

It should be noted that the causal filter is a general causal
inference-based model which can be applied to scale up the
statistical likelihood to combine with the causal correlation. How-
ever, our CF-KGQA only handle the KGQA from the knowledge
graph alone rather than using both the KG and text information,
which is called the fusion model. Some fusion methods utilizing
the combination of a KG and entity-linked text may be more
appropriate when an incomplete KB is available with a large text
corpus. Also, our model performs the causal filter and knowledge
graph embedding based on pre-trained methods, and we intend
to study how to jointly conduct the KG embedding, causal fil-
tering, and question answering in an end-to-end manner in the
future. Moreover, we plan to further extend the causal utility
from the intervention level to the counterfactual level.
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