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Knowledge Graph Reasoning with Reinforcement Learning for Ex-
plainable Fact-checking

Abstract:
Manual fact checking can not keep up with the pace at which false claims are pro-
duced and spread across the web. Computers are much faster at checking facts than
humans. Automated fact checking usually involves comparing a fact claim to some set of
knowledge. This comparison is oftentimes carried out by a machine learning algorithm.
An effective way of representing knowledge that is also highly machine-readable is
Knowledge Graphs. This study frames the problem of computational fact-checking as a
reinforcement learning based knowledge graph reasoning problem. The experimental
results reveal that reasoning over a knowledge graph is an effective way of producing
human readable explanations in the form of paths and classifications for fact claims.
The paths may aid fact-checking professionals with highly readable clues, improving
trust and transparency in AI systems. The artificial intelligence aims to compute a path
that either proves or disproves a factual claim, but does not provide a verdict itself. A
verdict is reached by a voting mechanism which utilizes paths produced by the artificial
intelligence. These paths can be presented to a human reader so that they themselves
can decide whether or not the provided evidence is convincing or not. Understanding
between AI and humans makes for trust and cooperation.

Keywords:
Explainable Machine Learning, Fact-checking, Knowledge graph, Reinforcement learn-
ing

CERCS:
P176 Artificial intelligence

Seletatav faktikontroll tugevdusõppepõhise teabegraafi-arutluskäiguga

Lühikokkuvõte:
Faktide käsitsi kontrollimine jääb valeväidete tootmise ja levitamise väledusele alla.
Arvutid suudavad fakte inimestest palju kiiremini kontrollida. Automatiseeritud fakti-
kontroll tähendab faktiväite kõrvutamist asjakohaste teadmistega. Kõrvutamisega tegeleb
tihti masinõppe algoritm. Teabegraafid esitavad teadmisi efektiivselt ja need on ka masin-
loetavad. Käesolev uurimus sõnastab arvutusliku faktikontrolli probleemi tugevdusõppe
põhise teabegraafil arutlemise probleemina. Katsetulemused näitavad, et teabegraafil
arutlemist saab kasutada, et kontrollida fakte ja seletada kontrolli tulemust inimesele
mõistetaval viisil arutluse teekonnana. Teekonnad võivad aidata faktikontrolli spetsialiste
lihtsasti loetavate juhtnööridega, mis parandab tehisintellektisüsteemide läbipaistvust
ja seega ka usaldust saavutatud otsuste vastu. Tehisintellekti ülesanne on leida teekond,
mis lükkab ümber või kinnitab faktiväidet, ent tehisintellekt ei anna ise tõesusotsust.
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Tõesusotsuseni jõutakse hääletusmehhanismiga, mis kasutab tehisintellekti toodetud tee-
kondasid. Saadud teekondi võib esitleda inimesele, et ta saaks nende põhjal ise otsustada,
kas esitatud tõendid on veenvad või mitte. Tehisintellekti ja inimeste vaheline mõistmine
aitab kaasa usaldusele ja koostööle.

Võtmesõnad:
seletatav masinõpe, faktikontroll, teabegraaf, tugevdusõpe

CERCS:
P176 Tehisintellekt
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1 Introduction
Social media has been used by billions to communicate and millions of people get their
news from social media as well [1]. However, this high level of communication has also
brought forth a high number of misinformation spread on social media [2].

In the past, a lot of work has been done to combat misinformation using machine
learning techniques. The majority of such techniques handles the context of the misinfor-
mation, e.g what kind of users propagate the misinformation, or processes the content
with NLP techniques to derive clues from the way the misinformation is written. Only
a small proportion of misinformation detection is concerned with checking the facts.
Some of this work is done with knowledge graphs (KG), structured representations of
knowledge, to also explain the results of the fact checking, such as [3–5].

In this thesis, we have employed a reinforcement learning (RL) agent to produce
explanations in the form of relevant knowledge from the KG in the form of a path. The
paths are arrived at by a technique from the field of KG reasoning known as multi-hop
reasoning where an RL agent hops over facts in an attempt to connect two nodes that
correspond to real world entities. The path describes the relation between those two
entities and this path is used to classify a factual statement as true or false and also
provides as a human readable explanation to the classification result. We use two KGs
that are commonly used in multi-hop reasoning tasks to evaluate the performance of
our proposed model. The KGs represent real world relationships, sets of true facts
are gathered from these KGs and corresponding subsets of false facts are generated to
simulate false facts. The results show that a multi-hop reasoning model can successfully
check facts and provide highly human readable explanations to the classifications.

The major highlights of this work are:

1. We are the first to consider a multi-hop reasoning agent for explainable fact
checking.

2. The reasoning Agent finds explanations and basis for classification from a struc-
tured knowledge representation which is not directly tied to any specific fact
checking task.

The rest of the thesis is organized as follows:

1. Chapter 2 Preliminaries discusses the major concepts and keywords used within
the thesis.

2. Chapter 3 Related Works gives a comprehensive overview of KG reasoning and
fact checking, KG-related and explainable.

3. Chapter 4 Methodology formulates the implementation of the reinforcement learn-
ing technique and KG based environment and the Beam search based voting
mechanism.
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4. Chapter 5 Dataset describes the KGs used in the work.

5. Chapter 6 Evaluation describes the experimental setup, parameters and evaluation
protocol, and discusses the results of the experimentation.

6. Chapter 7 Conclusion summarizes the method and results of the work and intro-
duces directions for future work.
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2 Preliminaries
This section gives an overview of the main concepts. It covers relevant aspects of
explainable fact-checking, knowledge graphs (KG) and reinforcement learning (RL).
Explainable fact-checking is the field of study that this thesis is situated in, a combination
of KG and RL is proposed as a contribution to the field of explainable fact-checking.

The task of fact-checking aims to provide a veracity verdict to a fact claim by
comparing the claim to relevant existing knowledge. In this work, KGs are used to
represent existing knowledge and RL is the means of extracting the relevant knowledge
subset from the KG. The subset (a path) is specified as an ordered set of KG nodes and
edges or entities and relations. The path can in turn be interpreted as an explanation for
the veracity verdict as it is highly human readable and the basis of the verdict.

2.1 Explainable Fact-checking
Explainable fact-checking is the process of providing a verity verdict to a given claim
with an explanation to the verdict. This paper deals with the notion of automated fact-
checking which means the fact-checking and explaining is done computationally and not
by a human.

2.1.1 Fact-checking

The task of fact-checking is to arrive at a veracity verdict for a given claim by refering
to relevant existing knowledge. For example Putin is the president of the USA is a false
claim. To disprove this claim, one would go on Wikipedia and find the relevant article
about Putin, where it states that Putin is the president of Russia.

2.1.2 Explainability

Explainability aims to overcome the machine learning (ML) black box problem. Different
methods have been explored to explain the workings of fact-checking ML, the main two
being 1) explaining the working principles of the ML model in human readable terms,
2) using the ML model to generate an explanation (e.g with summarization algorithms).
The work at hand provides an explanation in the form of the side product of the ML
model’s work procedure - the paths used to arrive at the veracity verdict. For the example
of Putin’s claimed presidency of the USA an explanation for the veracity verdict of one
such claim would be Putin is the president of Russia.
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2.2 Knowledge Graph
Knowledge graphs represent relations between real world entities like people, institutions,
dates and places in the form of a directed graph. The graph nodes represent real world
entities and edges connecting the nodes represent the relations between the entities.

The main concepts of a KG from the respect of the work at hand are entities, relations,
triples and embeddings.

2.2.1 Triple

A triple represents a real world fact. It consists of two entities and a connecting relation.

< JoeBiden, presidentOf, USA >

< source, relation, target >

The two entities are referred to as the source entity and target entity, subject and object,
head and tail. In graph terms the entities are referred to as nodes and the relation as the
edge. In the context of KG specific RL tasks, such as the work at hand, the term action
will oftentimes refer to relation.

2.2.2 Embeddings

An embedding represents the semantic features of a KG entity or relation in the form of a
vector. To produce an embedding for each entity and relation in a KG a scoring function
is used. Embeddings are generated randomly and negative examples - triples that contain
KG elements, but do not belong to KG - are produced. Positive and negative examples
are scored by the scoring function to predict whether a given example triple belongs to
the KG. Embeddings are then fitted according to the accuracy of the scoring function.

ComplEx embedding ComplEx embedding introduced in [6] maps the entities and
relations into complex vector space. The scoring function:

Re(< wr, es, ēo >)

Real part of the hermitian dot product of the three vectors of a triple: the relation, the
subject and objects entities. For the object entity, the conjugate vector is used. This is
done to capture the anti-symmetric relationship of knowledge graph triples. For example
the true triple

< Tallinn, capital, Estonia >

is antisymmetric in the sense that

< Estonia, capital, Tallinn >
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is false. Estonia is not the capital of Tallinn.
During training of the KG embeddings, the ComplEx score for a triple is mapped to a
sigmoid function and the result is used to predict whether the input triple belongs to the
KG or not.

2.2.3 KG example

An example KG used for movie recommendations. Relationships between movies, actors,
directors and genres are used to arrive at movie recommendations for people.

Figure 1. Example KG for movie recommendation [7]

2.3 Path
A path is a collection of entities and the interconnecting relations. This work assumes the
notion that a simple claim can be expressed as an and-compound statement or in other
words: a path can express the same knowledge that a triple can.
R(esource, etarget) ⇐⇒ R1(esource, einter) ∧R2(einter, etarget)
For example the claim "Oona Chaplin is the granddaughter of Charlie Chaplin" or
< OonaC., grandDaughter, CharlieC. >
Can also be expressed as the combound
< OonaC., daughter,GeraldineC. > ∧ < GeraldineC.,Daughter, CharlieC. >
A path then is a chain of such triples connected triples.
The reason for using paths for verdicts and explainability instead of triples is that KGs
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are incomplete which means many real world relations will be missing from a KG, but
these same relations can be proven to be true or false by a path within the KG.

2.4 Reinforcement Learning
Reinforcement learning (RL) provides a means with which to extract relevant knowledge
from the knowledge graph. In this work a reinforcement learning agent (the Agent)
operates within the knowledge graph hopping from one node to another via connecting
edges and records the traversed nodes and edges in the form of a path.
[8] provides a formalization of the RL problem: "The general RL problem is formalized
as a discrete time stochastic control process where an agent interacts with its environment
in the following way: the agent starts, in a given state within its environment s0 ∈ S,
by gathering an initial observation ω0 ∈ Ω. At each time step t, the agent has to take an
action at ∈ A. [...] It follows three consequences: (i) the agent obtains a reward rt ∈ R,
(ii) the state transitions to st+1 ∈ S, and (iii) the agent obtains an observation ωt+1 ∈ Ω."
The action taken by the Agent is chosen by a policy function. This work utilizes the
policy gradient method which means that the policy function is parametrized by a neural
network known in this context as a policy network. Environment and policy network are
elaborated on below.

2.4.1 Environment

In RL it is common to model the environment as a Markov decision process (MDP) which
controls the interaction between the Agent and the knowledge graph. In accordance
with [8] The environment of an RL model is represented by a 4-Tuple < S,A, T ,R >
which corresponds to the state space, the action space, the transition function and the
reward function. One iteration of the Agent’s work process is called an episode.

State space The state space is a collection of all the possible states in which a RL
model can be at in any given time step. State space can be fairly simple like all of the
possible combinations in a game of tic-tac-toe or complex such as all possible game
states on a chess board.

Action space The action space is a collection of all possible actions that the Agent can
take. It is not the case that any action can be taken at any state. For example, in a game
of tic-tac-toe one can not draw their symbol onto an already occupied square. There are
two main ways of dealing with this: one is to give a large negative reward if an "illegal"
move is attempted to discourage such moves in the future, the other way is to mask all
"illegal" actions at a given time step making the Agent unable to choose those actions.
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Transition function The transition function is what takes the state and action as input
and outputs a new state. The transition function updates a state according to the action.
In a game of tic-tac-toe this will be drawing a symbol into a chosen empty square and, if
it was a winning move, drawing a line through three consecutive identical symbols. In a
game of chess it might be moving the knight piece and checking the queen.

Reward function The reward function is what takes the state as input and outputs a
number. This number is used to inform the Agent’s decisions for future iterations. A
reward is formally given at each time step, but in many problems, the reward is given
only at the end and is then distributed over all preceding steps. For example in a game of
chess the reward is given in the end (e.g 1 for a win, 0 for a tie and -1 for a loss) and once
the game is through and it is time to analyze the importance of individual moves towards
the result, each action, with respect to the state it was taken in, is either encouraged if it
lead to a win or discouraged if it lead to a loss.

Episode In the beginning of an episode the Agent receives a state and reward as input,
outputs a chosen action and the environment updates the state and reward.

2.4.2 Policy Gradient

Policy gradient methods optimize the parameters of a policy function to maximize the
expected reward. The reward is produced by the reward function given the environment
state. The gradient of the reward function is calculated with regard to each parameter
and the parameter is adjusted by a learning rate to maximize the reward functions output.
Incrementally adjusting the parameters of the policy function increases the likelihood of
receiving a higher reward. The policy’s function is to generate a probability distribution
over the action space for a given state. The goal of the parameter update is to reduce
the resulting probabilities of actions that lead to a negative result and increase the
probabilities of actions that contributed to a positive result.
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3 Related Work
This section describes related work the fields of multi-hop reasoning (Section 3.1) and
fact-checking (Section 3.2). The multi-hop reasoning section gives an overview of the
emergence of reinforcement learning techniques for relation and entity prediction in KGs.
The fact-checking section introduces fact-checking works that employ knowledge graphs,
explain the fact-checking model or do both. A figure 2 is provided in the Appendix that
depicts the dynamics between the RL Agent and the environment.

3.1 Multi-hop reasoning
Knowledge graph reasoning (reasoning) infers new knowledge from existing knowledge
in the knowledge graph, and detects errors in the knowledge graph. Large scale knowl-
edge graphs are inherently incomplete. The main effort in reasoning research is to "fill
in" the missing knowledge. This is done by either knowledge graph traversal known as
multi-hop reasoning [9–25], or by mining logic rules based on KG semantics and using
those rules for reasoning. [26–36] In this section we will have a closer look at major
research in multi-hop reasoning as it is closely related to this thesis’ method due to its
traversing the knowledge graph. There are two main postulations in multi-hop reasoning:
entity prediction and relation prediction. The former looks for a tail entity for a head
entity and relation pair

< eh, r, ? >→< eh, r, et >

and the latter looks for a missing relation between two entities.

< eh, ?, et >→< eh, r, et >

The task of looking for a missing tail entity is more similar to this thesis’ task of finding
a path that leads from a given head entity to the desired (true) tail entity. The major
difference is that this thesis’ model receives the claimed tail entity as an input as well.
The field of multi-hop reasoning began by building upon the Path Ranking Algorithm
(PRA) introduced in [37] which ranks paths based on prior probabilities for a relation R
connecting two entities x and y: p(R(x, y)). PRA gathers relational data from a graph
using random walk and inputs the data as features to regularize a probability function
using Logistic Regression. [20] Utilized this algorithm in a KG-specific entity prediction
task. [21] argues that this approach is not suited for large scale knowledge bases due to the
vast number of distinct paths and proposes operating on embedded vector representations
of relations: training a recurrent neural network (RNN) to approximate a vector from
an input of a relation path’s vector representation. This proposal rests on research in
embedding models like [38] where the vector embedding of a relation between two
entities approximates the difference between the embedding of the two entities. In
addition to reducing the scale of preprocessing the proposed method allows to predict
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relations unseen during training time. [22] incorporates entities to the reasoning process
and utilizes attention mechanisms to reason with multiple paths and for the first time
proposes a single model that can reason for multiple relations unlike previous relation-
per-models. [23] proposes reasoning in the continuous vector space of KG embeddings.
Compared to [20–22] which rely on PRA to produce the initial paths, [23] utilizes a
policy based reinforcement learning algorithm REINFORCE to learn paths in the KG. It
takes in states as vector representations and outputs an action, a relation, to further the
agents path towards the target entity.This approach opened up the floodgates in RL based
multi-hop reasoning. The first of the following papers being [9] which builds on [23]
by directing the task from relation prediction to link prediction, a more complicated
task, and also building a model that can handle multiple reasoning entities, [23] being a
model-per-relation task. Further work involves the problem of sparse rewards in complex
KG environment with [10] introducing M-Walk, a method that combines Monte Carlo
Tree Search with Q-learning enhanced RNN-s, [11] training a onehop embedding model
to estimate the reward of unobserved relations, [17] providing reward supervision with
rules generated by symbolic-based methods. Another issue that has been researched
is KG incompleteness: Meta-KGR proposed in [12] generalizes meta-parameters of
high-frequency relations to be adapted to less frequent relations. Another approach is to
"fill in" the KG on the go. [14] generates missing relations on the fly from a background
text corpus, [18] accomplishes this by leveraging embedding models’ functionality.

3.2 Fact-checking
The need for computational fact-checking arises from the fact that false claims are
generated and spread at an unprecedented level and human fact-checkers cannot keep
up with this onflow of false claims. Computational fact-checking generally utilizes
machine learning techniques and recently the field has diverted attention towards the
interpretability of such machine learning solutions’ predictions asking the question
"Why?" to combat the machine learning black-box problem.
For the sake of brevity the overview of fact-checking related work is limited to fact-
checking that utilizes knowledge graphs or attempts to explain the fact-checking process
or result.

3.2.1 Fact-checking with knowledge graphs

[39] frames the problem of fact-checking as finding a connection between the subject and
object of a fact statement: if the statement exists as an edge or a short path between the
entities in a KG then the statement is true and false otherwise. The method utilizes a truth
valuation function which takes into account the length of the path between the two entities
and the generality of intermittent entities, generality meaning how many statements it
participates in. [40] builds upon the notion of generality of intermittent entities but
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considers multiple paths between the subject and object entities as a knowledge stream.
Some of the work is concerned with mining the KG for patterns to be used in classifying
a fact statement. [41] mines the KG for patterns associated with specific relations. For
example if a city is the capital of a country then very often the parliament will be situated
in that city. These patterns are used to classify the fact statement. [42] uses a supervised
pattern discovery algorithm to find patterns relevant to training data. [43] builds upon
this work by also taking into account the ontological closeness of entities, for example:
"logician" and "theologician" are ontologically close to "philosopher" and this should be
taken into account in pattern mining.

3.2.2 Explainable fact-checking

[44, 45] both formulate the task of explanation generation as a extractive-abstractive
summarization task using transformer models introduced in [46]. [44] deals with a
political news dataset from [47] and [45] explores facts that require specific expertise
with a public health related dataset. Both datasets are annotated with gold standard
justifications by journalist. [48] evaluates health related claims against scientific articles
using transformer models.

3.2.3 Explainable fact-checking with knowledge graphs

[3] refers to knowledge graphs to assess claims and accompany these with human
readable explanations. This is achieved through a combination of logical rule discovery
and probabilistic answer set programming (ASP). The KG is mined for rules in the
form of triples associated with specific relations and these relations’ negations. For
fact assessment the heads of these rules are replaced by claim values and the KG is
scavenged for corresponding triples. Explanations and an assessment is derived from
these triples through ASP. [4] uses rules to extract explanations from KGs and text
resources. [5] mines for patterns for fact-discovery in the biomedical domain to produce
human readable explanations to professionals for drug or treatment discovery.
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4 Methodology
This section describes the Reinforcement Learning framework. The framework is com-
posed of an environment in the form of a Markov decision process and a policy network.
A figure (figure 2) is presented in the appendix, which depicts the dynamics between the
Agent and the environment.

4.1 Reinforcement Learning Agent
4.1.1 Goal and means of the Agent

The Agent has one goal: to reach a specified target entity. This target entity is un-
known to the Agent. What is known to the Agent is a fact claim in the form of a triple:
< subject, relation, object > or < source, claimedRelation, claimedTarget >.
The ground truth < source, claimedRelation, trueTarget > is stored within the envi-
ronment as a triple. The true target being the aforementioned target entity for the Agent.
The Agent also has intelligence in the form of a policy network that guides its actions
towards reaching its goal. The policy network is regularly updated based on the feedback
that the Agent receives from the environment based on its performance.

4.1.2 The Agent’s strategy for reaching its goal

Knowledge graph traversal The Agent traverses the knowledge graph moving from
one entity node to another with the goal of reaching the aforementioned true target.
Since the true target is unknown to the Agent, then the task is not to predict which
neighboring entity to move to, but rather which edge to follow, edge meaning action,
meaning relation.
The Agent starts from the source entity presented within the fact claim triple. At each
step, it considers the fact claim triple and the path traversed thus far and predicts which
action will lead it towards the true target. More specifically, the policy function maps the
environment state to a probability distribution over the action space, the distribution is
masked according to which actions are available at the current state (meaning the Agent
only considers edges that connect the current entity node) and a top probability action is
chosen to update current state.
Since the policy function is initialized with random parameters, the Agent will start out
making a lot of mistakes and mostly failing to achieve its goal. Luckily, the Agent has
the ability to learn from feedback.

Updating the policy network Each time the Agent ends an episode of KG traversal,
the final entity it arrives at is compared to the true target and the Agent receives a reward
based on its performance. This reward is used to update the policy function. The idea
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behind updating the policy function is to encourage the actions that lead to a high reward
and discourage actions that lead to a low reward taking into account the states in which
these actions were performed.
Since the action decisions are based on the output probability distribution of the policy
function, then the policy function is the object of the updating process. More specifically,
the parameters of the the policy function are updated. The mathematical decision made
in the updating process is: with all other parameters and the input state being fixed values,
how should each parameter be changed to increase the value of the reward function?
This is calculating the gradient of the reward function with respect to a given parameter.
Updating all parameters, according to the reward function’s gradient and a specified
learning rate which controls how big the parameter change should be, is known as
gradient ascent.

4.2 Policy
The policy function is parametrized by a fully-connected neural network (NN). The
NN is composed of one hidden layer with Rectified Linear Unit (ReLU) serving as the
activation function and an output layer normalized by a softmax function. A stochastic
gradient-based method is used for optimization (Adam) introduced in [49]. The policy
function takes an environment state as input and maps it to a distribution over the entire
action space. The goal of training is to optimize the parameters of the policy function in
order to maximize the expected reward of the Agent.

4.3 Environment
The environment is modeled as a Markov decision process (MDP) which controls the
interaction between the reinforcement learning agent (the Agent) and the knowledge
graph. A 4-tuple < S,A, T ,R > represents the MDP. Each element is elaborated below.

4.3.1 State

The state consists of entities and relations. Two representations of the state are operated
with in parallel: 1) a human readable collection of real world elements: entities and
relations, and 2) a corresponding collection of embeddings - vector representations which
capture the semantic information of the state elements.
The state contains the fact claim, traversed path and current location of the Agent
which is itself an entity. The initial state consists of an input triple which is the fact claim.
This triple is reversed so that

<JoeBiden, presidentOf, USA >

<USA, presidentOf, JoeBiden > .
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Thus the initial state can be thought of as constituting

<claimedTarget, claimedRelation, beginningOfPath, ... > .

The embedded state is padded with zero vectors since the state is used as input to the
policy network which requires a fixed size input. These zero vectors are incrementally
replaced by relation-entity embedding pairs during the Agent’s path traversal process.
The final entity in the set of these pairs is of particular importance: this is the entity that
is used to give a veracity verdict for the fact claim. So in essence, once the path traversal
is completed then the veracity verdict stands as:

claimedTarget == finalEntity

4.3.2 Action

Not only is the input size of the policy network fixed but so is the output size - it is
always the same size as the action space. The policy network takes the state as input and
computes probabilities for each action in the action space. This can be thought of as the
Agent making an estimate: which actions are most likely to take me from the current
entity to the desired final entity?
During training time, one of the top 3 most probable actions are chosen for each transition.
The choice is random with a distribution that is calculated from the output of the policy
network to fit the new sample size (3). The random choice is introduced in order to
reduce the likelihood of the Agent getting stuck looking for sub-optimal paths brought
forth by the local minima problem. In other words, the random choice is introduced to
encourage the Agent to explore a bit more.

4.3.3 Transition

Choosing a new action entails a transition of state. The transition itself is a function
T : SXA → S which means that performing an action at a given state produces a new
state. This new state is the input triple, a traversed path plus the choice action and a
new current entity. The new current entity is a node in the KG that is connected to the
previous current entity by the choice action.
It is not uncommon for an entity to have multiple neighbors that are all connected to it via
the same relation. For example, the entity The Beatles will have 4 neighbors connected
to it via the relation memberOf. Most previous literature concerning multi-hop reasoning
picks a neighboring entity at random, the focus being on the performance of the RL
agent, unsuited for the task of choosing a candidate from a variable size set of entities. In
this work a heuristic is proposed for choosing a most likely entity to extend the path in
the following subsection "Beam search and voting".
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4.3.4 Reward

The agent is given a reward once the path traversal is complete. The reward is 1, if the
final entity in the found path is equal to the true target. Otherwise, the reward is 0.

reward =

{
1, if final entity = true target
0, otherwise

For example, if the fact claim is

< JoeBiden, presidentOf,Russia >

then the Agent is given a reward of 1 if it arrives at USA and a reward 0 for anything else.

4.4 Beam search and voting
The accuracy of the RL model are heightened by combining it with the beam search
algorithm (Beam search). This allows the Agent to traverse multiple paths stemming
from one source entity. These paths are then compared in regard to which final entity
they arrive at. A voting mechanism counts the final entities over all produced paths and
uses the counts to arrive at a veracity verdict. The intuition behind this is that there are
many ways to arrive at a true conclusion but incorrect (misleading or uninformative)
paths tend to arrive at a different target each.

Beam numbers The beam numbers used in experimentation are 3, 5 and 10 with 10
yielding the highest accuracy scores for all fact checking task sets.

Heuristic The beam search algorithm makes use of the heuristic

π(a|s, θ) +Re(< r, es, ēc >)step

where the first part of the addition is the policy network’s probability for the chosen
action and the second part is the ComplEx embedding’s score function for input relation,
source entity and the candidate entity. [6]
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5 Dataset
In this section, we describe two widely used datasets, which we have used for our
analysis.

5.1 FB15K-237
This dataset, a knowledge graph, introduced in [50] is derived from the FB15K dataset
introduced in [38] which in turn is derived from the Freebase dataset introduced in
[51] which combines structured databases with the diversity of collaborative wikis like
Wikipedia.
The dataset was chosen because it appears in many multi-hop reasoning papers such
as [9, 11–13, 15–19].
FB15K limits the number of entities just under 15000 most frequent entities. FB15K-237
further limits the number of relations to the 401 most frequent relations and decreases
that number to a further 237 by removing duplicate and inverse relations.
For training three reasoning relations were used: origin, nationality and language. The
train and test sets were prepared in [23]. All of the KG triples containing the specified
triple were extracted from the knowledge graph. Based on these triples, a set of negative
examples were formed by removing the initial tail entity from the triple and replacing it
with a random entity of the same type. For example:

< Putin, president, Russia >→< Putin, president, USA > .

This yields in 9 negative examples per 1 positive example.

5.2 NELL-995:
The dataset was introduced in [23]. A subset of the 995th iteration of the Never-ending
Language Learning dataset introduced in [52], [23] removes relations with no reasoning
value and keeps the triples with the top 200 most frequent relations to form the final
dataset. The NELL-995 is often experimented on alongside FB15K-237. It has been
used in the works This dataset has been used in [9–13, 16, 17, 19, 23] work.
The preprocessing for the NELL-995 dataset follows the same pipeline as for FB15K-237.
The three chosen relations are: athleteplaysinleague, athleteplaysforteam, worksfor.

Table 1. Datasets

Dataset #Ent #Rel #Fact
FB15k-237 14,505 237 272,115
NELL-995 75,492 200 154,213

The statistics for both the KGs are displayed in Table 1.
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6 Evaluation
In this section, we first describe experimental settings (Section 6.1), followed by results
of our evaluations in Section 6.2

6.1 Experimental setting
The model is evaluated on two equal magnitude knowledge graphs: FB15K-237 and
NELL-995. NELL-995 has 5 times as many entities as FB15K-237 (75K to 15K)
and FB15K-237 contains twice as many triples as NELL-995 (300K to 150K). This
means FB15K-237 is a much denser graph than NELL-995 in the sense that it contains
many more triples per entity. 1-20 vs NELL-995’s 1-2. The number of relations is
roughly the same. For each KG, 3 reasoning relations were chosen. These reasoning
relations were origin, tvLanguage, nationality for FB15K-237, and athletePlaysInLeague,
athletePlaysForTeam, worksFor for NELL-995.
"We use the TopK negative mode to generate negative samples for both train and test
samples. For each positive samples, there are approximately 10 corresponding negative
samples. Each negative sample is generated by replacing the true target entity t with a
faked one t0 in each triple (h, r, t)."

Embeddings were trained for both datasets using ComplEx embedding from [6].
Training the embeddings was in 1000 epochs and produced vectors with length k = 40.
[23] performed experiments on a fact prediction task. It is not specified what subsets
resulted in the presented numbers. Still this could be considered as one Baseline to
compare our results to.

6.1.1 Implementation Details

The knowledge graphs, train and test sets are from [23]. Relations that are present in the
train or test sets are removed from the action space for the Agent. This is to keep the
Agent from picking the exact same relation as in the input triple each time.

6.1.2 Hyperparameters

The embedding size for the KG models is set to 20. Xavier initialization from [53] is
used for the KG embeddings and NN layers. The number of steps is set to 3. This
number is arrived at after extensive manual and Agent explorations on the dataset -
informative reasoning paths do not contain more than 3 relations in the given datasets.
Adam optimization [49] is used for both the policy network and the KG embeddings.
Learning rate for embeddings: 1e-4 Each KG was trained for 1000 epochs Learning
rate for policy network: 1e-5 Each dataset was trained for 100 000 input triples. Three
different Beam numbers were considered [3, 5, 10]
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6.1.3 Evaluation protocol

The model receives an input fact claim in the form of a KG triple, based on the input
triple, the Agent builds a path stemming from the source entity of the input triple, and the
performance is evaluated by whether the path reached a desired target entity, the target
entity is and Environment variable and the performance is evaluated once the Agent is
finished with traversing the path.

6.2 Results
This section discusses three main points: 1) what are the parameters that are considered
in interpreting the results, 2) how the results are formatted and 3) interpreting results for
the two main tasks of the model: fact checking and explainability.

6.2.1 Basis for interpreting the results

In interpreting the results presented in tables 2-5, the relationships between different
properties of the datasets and their respective results will be taken into account. The two
KGs used in experimentation are different. The most prominent difference being how
densely the KG entities are connected to each other. This is apparent from the ratio of
triples per entity in the dataset statistics table 1.

1. FB15K-237 contains 18.8 triples per entity,

2. NELL-995 contains 2 triples per entity.

The density feature might have an influence on have raising the beam number for the
search algorithm will result in accuracy.

The subsets that have been formed from these datasets are also different. The size
of the input datasets range from 614 to 12660 triples. This might influence the Agent’s
ability to generalize knowledge from the presented knowledge.

The tasks contained within the subsets. For both KGs there are 3 single relation tasks
which means the Agent only has to work with figuring out paths for one single relation.
For each KG there is also a combined subset which combines all three relations. For
example, the FB15K-237 Combined subset contains the relations "origin", "tvLanguage"
and "nationality". In a sense, this diversity makes the Agent’s task assignment more
complicated, but it seems from the result that complexity actually assists the Agent. It
might be so, because the input triple’s relation acquires a meaning for the agent. In single
relation tasks, the input triple’s relation does not ever change thus does not inform the
Agent’s actions.

An important parameter to be considered is the beam number for the Beam search
algorithm. An intuitive argument for raising the beam number might be that the number
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of paths increases and thus the results will be more varied. This is not always the case.
It is apparent in voting mechanism that more votes is not always better. And even in
some cases for just finding one informative path that arrives at the correct target (search
accuracy) more paths does not lead to an increase in accuracy but even a decrease. This
might be attributed to the fact that the more paths the Agent considers, the more paths
it also has to discard. For each step of the search mechanism, all paths that have been
collected thus far are compared to each other.

6.2.2 Formatting the results

The results are expressed as four tables that are divided by the KG used and two accuracy
metrics: search accuracy and voting accuracy.

Search accuracy Search accuracy considers all paths found by the beam search algo-
rithm for a given beam number (b). This metric expresses the proportion of input triples
for which at least one path reached the desired target entity.

Naturally, the higher the beam number, the more unique paths are considered for an
input triple and the higher the probability that a true target will be reached. This is clearly
expressed in table 2: considering a higher number of paths for an input triple increases
the result of atleast on arriving at the target entity.

Voting accuracy Voting accuracy expresses the proportion of input triples for which
the true target was predicted correctly. This is the proposed veracity verdict method’s
accuracy.

Beam number Three different beam numbers are considered: 3, 5 and 10. The beam
number states how many paths are considered for one input triple.

6.2.3 Fact checking

The FB15K-237 dataset’s results for search accuracy in table 2 seem to confirm intuitive
conclusions: a larger input dataset and higher beam number result in higher accuracy.
For each subset, the highest beam number (10) achieves the highest accuracy and and as
a rule the larger datasets also have higher accuracy. The exception being "origin" and
"tvLanguage". "origin" being the slightly larger dataset that achieves a lower accuracy.
The anomalous nature of the "origin" dataset is further examplified by the fact that in the
"voting" task, it is the only FB15K-237 subset that receives a lower accuracy for beam
number 10 than for the other beam numbers.

Concerning the difference in results between search accuracy and voting accuracy, it
is apparent, that voting for a a chosen target entity has a payoff in accuracy. A notable
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subset is the combined dataset for FB15K-237 in table 3 where increasing the beam
number has a significat positive impact for voting accuracy. This is a positive indicator
for the models scalability.

The results of the overall path accuracy show that given a high enough beam number,
the method will find a path to the true target with high probability. After voting, these
results drop by a small margin. This is because a verdict must be reached from the
found paths and sometimes, even though the correct target has been found, it might be
undermined by a higher majority of an entity in the vicinity of the source entity.

The most apparent result is that voting on an answer reduces the accuracy: the correct
target entity and path may have been arrived at, but it must also be found out, which
one the correct path is. This has a toll on accuracy. This can be seen most obviously for
FB15K-237’s "origin" dataset which did not have a very good search accuracy to begin
with and lost more than half of the correct results as a consequence of the voting.

Table 2. Search accuracy for FB15K-237

input dataset size accuracy, b=3 accuracy, b=5 accuracy, b=10
origin 852 0.464 0.53 0.661
tvLanguage 614 0.52 0.659 0.894
nationality 7134 0.866 0.907 0.921
combined 8600 0.807 0.886 0.943

Table 3. Voting accuracy for FB15K-237

FB15K-237 input dataset size accuracy, b=3 accuracy, b=5 accuracy, b=10
origin 852 0.357 0.369 0.292
tvLanguage 614 0.463 0.472 0.642
nationality 7134 0.727 0.75 0.765
combined 8600 0.252 0.602 0.727

Table 4. Search accuracy for NELL-995

NELL-995 input dataset size accuracy, b=3 accuracy, b=5 accuracy, b=10
athleteplaysinleague 12660 0.919 0.971 0.994
athleteplayssport 6781 0.903 0.853 0.868
worksfor 9669 0.748 0.78 0.825
combined 29110 0.485 0.575 0.611
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Table 5. Voting accuracy for NELL-995

NELL-995 input dataset size accuracy, b=3 accuracy, b=5 accuracy, b=10
athleteplaysinleague 12660 0.858 0.938 0.875
athleteplayssport 6781 0.871 0.828 0.83
worksfor 9669 0.604 0.59 0.509
combined 29110 0.45 0.467 0.464

6.2.4 Explainability

For explainability, for each KG, examples for a single relation task are discussed with
examples of good and bad performance. In addition the results of one combined subset
are discussed.

The following paths are the result of the NELL-995 Combined dataset consisting of
relations “worksfor”, “athleteplayssport” and “athleteplaysinleague”. These are followed
by two examples from the FB15K-237 "origin" subset. Six examples are presented in
total:

1. the Agent arrives at the desired target entity with an informative path. This
conclusion and the presented ground truth are actually false. The KG contains
outdated information,

2. the Agent uses good reasoning, but arrives at a false conclusion, giving a true
verdict for a false claim. The path itself is inconclusive and should be followed by
further investigation,

3. the Agent finds a complex path that is both informative and arrives at the true
target,

4. the Agent stays on the fence, not moving from the source entity for the entirety of
the path.

5. the Agent finds two paths that could be considered true, but only on is considered
correct by the ground truth interpretation.

6. the Agent finds two paths, one being the correct interpretation, the other supporting
the claim indirectly, but being considered incorrect according to the ground truth.

KG contains outdated information
Claim: Dick Cheney works for retailstore Halliburton
Path: Dick Cheney –leads organization→ retailstore Halliburton

The Agent has found a correlation between a person leading an organization and
working for the organization. This is an interesting successful case, since Dick Cheney
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stopped leading Halliburton the day George W. Bush took him on as vice president
candidate for the 2000 US presidential elections. This means that the ground truth
presented by the dataset is actually false.

Inconclusive path
Claim: Coach John Gruden works for sportsteam Buccaneers.
Path: Coach John Gruden <–organization hired person– sportsteam Buccaneers

The Agent attempts to find a solution by considering the relation “organization hired
person”. In fact Tampa Bay Buccaneers had hired John Gruden in 2002 and Gruden
worked for the team until 2008. Thus, the claim that John Gruden works for the Buc-
caneers was true from 2002-2008, but is not true any more. The Agent has learned a
correlation between the relations “worksfor” and “organizationhiredperson inv” meaning
if an organization has hired a person then the person works for that organization. For this
path, it might be reasonable for the Agent to also look for a relation between Gruden and
the Buccaneers such as “organization fired person” or “contract ended” to further check
the claim.

Informative path with complex reasoning
Claim: Coach Brendan Shanahan plays Hockey.
Path: Brendan Shanahan –plays for team→ the Devils –team plays sport→ Hockey

This is a good example of the Agent finding a path which does not just contain a
(near) synonym for the claimed relation (like works for and leads organization), but
finding a more complicated path. The Agent finds that Brendan Shanahan plays for the
Devils hockey team and then the Agent finds out that the Devils play hockey.

Agent stays on the fence
Claim: Journalist Amir Taheri works for Los Angeles county.
Path: Amir Taheri → Amir Taheri A path like this is possible because of three reasons:

1. The length of the path is fixed to three relations, no more, no less.

2. The Agent must have the possibility to decide upon a target entity and “stick with
it”

3. The Agent can decide to stay put at an entity for all three transitions.

Since most resultative paths only take one or two hops from entity to entity, then the
action of staying put is very common, thus it’s always one of the top actions to choose
for any state. With beam search also in place, it is very common that one path will result
in the Agent staying put for the entirety of the path.

Two true paths with only one interpreted as correct
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Claim: Ben Folds originates from Nashville.
Path 1: Ben Folds –place of birth–> Winston-Salem
Path 2: Ben Fold –location–> Nashville

These paths state that Ben Folds was born in Winston-Salem and that he is located
in Nashville. For this specific case, the ground truth is that Ben Folds originates from
Winston-Salem, so the first path leads to the true target and the second path reinforces
the "false claim". The majority of explainable paths for the "origin" subset consist of one
of two (near) synonymous relations: "place of birth" and "location". It is also common
for one of the path relations to lead to a correct target entity and the other to lead to an
incorrect one, the meaning of "origin" staying quite ambiguous. The subset is concerned
with musical artists, so sometimes "origin" will mean the artists place of birth, other
times it will mean the city in which they became established as a musician which will
often coincide with the "location" relation.

Two true explainable paths with only one being considered as correct
Claim: Kylie Minogue originates from Australia.
Path 1: Kylie Minogue –place of birth→ Melbourne
Path 2: Kylie Minogue –place of birth→ Melbourne ←contains– Australia

The claim that Kylie Minogue originates from Australia is true in real life, but in
regard to the ground truth, it is considered false. The example claims that Kylie Minogue
originates from Australia which is true, but the ground truth is that Kylie Minogue
originates from Melbourne, which is a city in Australia. Due to the setup of the veracity
verdict mechanism, a path that concludes that Kylie Minogue originates from Australia
is be considered false even though the path contains Melbourne and is very explainable.

6.2.5 Results discussion

The results show that deciding upon an entity to be considered for the veracity verdict
has a trade-off in accuracy, since the correct entity may have been reached by the search
algorithm, but not chosen by the voting mechanism. The trade-off is not a linear function,
meaning tasks that receive a lower accuracy in finding a correct path suffer more severely
from the results of voting.

Analysing common patterns in paths found by the Agent some issues arise to be
considered in further research into the problem: 1) It is important to use an up to date
KG to arrive at correct fact classifications, since some of the knowledge contained in a
KG might be out of date and thus produce false results, 2) the verdict mechanism would
improve by identifying and complimenting inconclusive paths, 3) the Agent should be
higher motivated to move away from the source entity, 4) paths that do not end with the
desired entity, but do support the ground truth should also be exploited to arrive at a
correct conclusion, 5) classification could improve from learning to deal with ambiguous
relationships like "origin".
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7 Conclusion
This work proposed a combination of reinforcement learning and knowledge graphs
to provide explainable fact classifications. The problem was formatted as a multi-hop
reasoning problem enhanced by a beam search based voting mechanism, which uses the
paths produced by a graph hopping reinforcement learning agent to vote on the veracity
of a claimed fact statement. The results show that this sort of approach can be used for
fact classification with varying accuracy dependent on the nature of the input claims, and
it produces highly human readable explanations for classifications. Future directions
should make use of more massive KGs and extract facts-to-check from Fake News
datasets to provide a highly usable framework for real world misinformation detection
tasks.
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Appendix

I. Figures

Figure 2. Agent-environment dynamics
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