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Fast And Comprehensive Dependency Scanner
Using Clang

Junyang Zhang
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1: The Bytedance office building in Beijing, 2022.
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Dependency scanning of C/C++ projects can be acheived by using the compiler’s preprocessor op-

tions. However, turning on these options will require the full execution of the frontend, which is time

consuming for large projects consisting of hundreds of thousands lines of codes. In this paper, a fast

dependency scanner using the features of the LLVM-Clang 15 frontend is proposed. By bypassing the

syntax actions and reconstructing the preprocessor, our scanner can acheive more than 50x speed ad-

vantage compared to traditional methods. We also constructed a production-ready development tool

to demonstrate the performace of our scanner in industrial scenarios.

X H2I1A:

compiler frontend  preprocessor

1 Introduction

Despite the introduction of modules in the
C++20 standard, the most common and suggested
way to share code between compilation units in
C/C++ projects is to use the #include preprocessor
directive[1]. When using the include directive in a
C++file, it is effectively the same as replacing the di-
rective with the full content of the included file. Due
to its simple behavior, the processing of the include
directives can be done without semantic analysis,
and it is often delt by the preprocessor. However,
the simplicity causes some problems since it allows
the headers to recursively include each other. The
size of the compilation units tend to grow faster than
the size of the project even if the code are reasonably

dependency

15

scanning  llvm-clang

seperated in many source files and headers. The be-
havior of the include directive leads to long compile
time of large projects and also long processing time
of various development tools, such as Doxygen[2]

and clang-tidy[3].

From the software configuration management
perspective, there is a need of sorting out the depen-
dencies of a project when it contains over ten thou-
sands of lines of code. Many development tools such
as Microsoft Visual Studio and Doxygen included
features such as dependency view and XML gen-
eration. These features relies on the preprocessor
options of the compiler. For example, using -E -M
options of GCC can produce the full dependency
of a file[4]. While the -E option tells the compiler
to stop after the preprocessor, the compiler is not
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smart enough to bypass the time consuming lexi-
cal analysis of the preprocessor. This problem is
addressed by Lorencz et al.[5] and handled in the
LLVM version 15 release. However, the new imple-
mentation, clang-scan-deps lacks a important fea-
ture. It makes dependency scan fast by bypasssing
the lexical analysis of the file except the preproces-
sor directives. But it won’t expand the include direc-
tives to fulfill the recursive inclusion feature, thus
tooling develpers must implement their own recur-
sive inclusion scanning logic. Considering the limits
of clang-scan-deps, we present a dependency scan-
ner that can handle recursive inclusion, while much
faster than vanilla approaches.

This work is produced during the author’s in-
ternship at Bytedance Inc. All materials shown in
this paper is desensitized and shall not have public

usage.

2 Overview

In this paper, we firstly introduce Clang and the
Clang LibTooling API, which is the basis of our scan-
ner. Secondly we present our ideas of constructing
the new scanner. Thirdly we make comparisons of
our scanner and the vanilla approaches in the terms
of speed and accuracy. Finally we briefly showcase
our Proto Auto Cut tool as a case of actual applica-
tion of our scanner.

The following reference of Clang or LLVM
components is under the LLVM 15 context, other-
wise noticed. The features that this paper mentions
may change in future stable releases.

3 Clang LibTooling API

Clang is a project under the LLVM monorepos-
itory, which provide the frontend for C, C++ and
Objective-C languages. Clang is open, modular and
effective. Utilizing the power of LLVM, clang can
basicly outperform gcc as a generic compiler.

LibTooling is a library to support writing stan-
dalone tools based on Clang[6]. The LibTooling API
is built around the concept of “FrontendAction”.
Using a “ClangTool” class instance, one can run
any predefined or custom frotend actions over code.
Also, the standalone tool can be linked with any
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LLVM or Clang libraries including AST, driver,
rewriter, static analyzer, compilation database, etc.
Clang also provided common tools like clang-
format, clang-fuzzer, clang-tidy, which is developed
upon the tooling APIs. Our scanner is a standalone
tool using the LibTooling API and other necessary
Clang APIs.

However, not everything is exposed through
Clang APIs, such as “HeaderSearch”, which is es-
sental in finding headers using the directory argu-
ments and default paths. Handing header searching
without any APIs would cause different behaviors
of the tool and actual build, thus making the tool
unreliable. We adopted to copy the source code of
the Clang preprocessor implementation and make
necessary refactors to ensure consistency in header

searching order, which will be discussed later.

invocation

Clang Tool

target file &
compilation database

Dependency Scan Action

;TN

PrintDependencyDirectivesSourceMinimizerAction

Header
Search

S ~/

dependency graph

[&] 2: The scanner architecture.

4 Scanner Architecture

In this section we describe our implementation
of our scanner. Figure 2 shows the architecture of
our scanner in the aspect of the execution order. The
scanner has an instance of ClangTool and can be in-
voked through the command line. The ClangTool
will run a “Dependency Scan Action” over the des-
ignated file, and produce a dependency graph. We
will explain the details in this order.
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4.1 Invocation

The scanner can be invoked in two ways: 1.
with a compiler invocation of a single file; 2. with
a compilation database. The first way requires the
full arguments to compile the file, for the scanner
to properly find the headers and opt the designated
standard of the language. With the first way, only
the dependency of this single file will be found. The
second way is use to scann all the dependencies in a
single project. And the second way requires a com-
pilation database.

The compilation database is a JSON format file
containing the information of a build. Build sys-
tems such as CMake[7] and Bazel[8] runs a set of
commands to process, compile and link the whole
project. Such build system can be configured to
write a compilation database to record the build.
And Clang has a API for accessing the compilation
database to analyze the build, which is used in our
work. With the compilation database, the scanner
can be run multiple times over all the files of the
project and avoid unnecessary filesystem invoca-
tions.

Next, the instance of ClangTool will pro-
cess the invocation and run the customized
DependencyScanAction over the file. While running
the action, not only the target file and the database
could be accessed, but also a bunch of Clang class
instances including the driver and the compiler in-

stance.

4.2 Dependency Scan Action

This action is the key part of our scanner, which
includes the header search and a scanning action.
Header searching begins when a valid include direc-
tive is read by the preprocessor, and the preproces-
sor raises a preprocessor callback. The registered
header scan instance then searches for headers se-
quentially from a list of directories or checks, which

contains:

(1) the current path of the includer;

(2) the suggested module if the includer is a sys-
tem header;

(3) user designated paths using the commandline;

(4) system default paths, usually set by the gcc

driver;
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The
mizerAction is also a key part of the dependency

PrintDependencyDirectiveSourceMini-

scan action. This lengthy-named action Is intro-
duced in LLVM 15, which is the basis of the clang-
scan-deps tool. This action will read but not to-
kenize the input stream, consuming only the pre-
processor directives. Listingl is an example of a
scanned source file, in which the highlighted lines
are the lines that is processed by the action. Since
the amount of directives in a file is usually small
compared to other code, this action can speedup the
preprocessing phase by a large fraction.

The action nontheless cannot recursively pro-
cess the included headers, thus it needs to do header
search when it is necessary. Fortunately the ac-
tion can have regular preprocessor callbacks, thus
we shall register the header search function as the
callback. In the perspective of control flow, the ac-
tion and the header search function will repeatedly
call each other until the last header is processed.

With the completion of the preprocessing, the
dependency of the file is available. Due to the be-
havior of the include directive, the output should be
a directed graph with nodes representing files and
edges representing inclusions.

5 Implementation and

Evaluation

We implement the scanner as a standalone tool
and tested over some internal projects at bytedance.
The testing environment is a 96 core intel physical
server equipped with 1T DDR4 memory, and we use
32 cores locked at 2.5 GHz. The operating system
is Debian 10 buster with Linux kernel 5.15.86. We
use llvm 11 toolchain to compile all the tools that
are used in the evaluation, and we link our scanner
with LLVM 15.0.3 libraries.

To evaluate the scanner we take our target
project and build it using bazel, the build system, for
the compilation database. And then use the compi-
lation database as the input for the scanner to scan
the project. We compare the performace of the scan-
ner with both gcc 8.3.0 and clang 11 solutions. The
solution using these compilers is a python script that
pipes the output of each command in the compila-
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tion database, appended with “~E -M” options. The
script will record the processing time of the sub-
processes as the execution time, instead of the total
completion time.

We choose 4 typical large C/C++ project as
the target project for evaluation, and their charac-
teristics are listed in Table 1. Pred,, Predgz and
Parse are internal projects of Bytedance thus we use
pseudonym here. These projects can represent ac-

tual industrial use cases.

Project LoC Description

Linux ~28 million  For reference

Pred,  ~17 million A datacenter application for prediction
predg ~2 million A datacenter application for prediction
Parse  ~16 thousand A parsing library

% 1: Characteristics of the target projects.

Figure 3 shows the result of our experiment
using our scanner and the selected projects. For
each project, the processing time of the scanner
and the compiler scanning solutions are recorded,
along with the compilation time using clang 11 for
comparison. The result meets our expectation that
our dependency scanning time is significantly lower
than that of the compiler solutions, and is a frac-
tion of the full compilation time since most proce-
dures such as syntax analysis, code generation and
optimization are ignored. Our scanner outperform
general solutions by around 6x, bringing significant
improvement to the development tools that need de-
pendency scanning.

4500 4270.5

2000 o Linux 3830.2)

Pred_A
3255.2
Pred_B

£ Parse

867.1

622.9
3183
1084 892 519 g4 11
0 —

Our scanner gec

630.2 5713
281.1

. o7

clang compile

[] 3: The result of the experiment.

For the accuracy part of the evaluation, our test
examples covered system libraries, #include_next
directives, sophisticated compiler options, custom
default paths and preprocessor macros. We con-
clude that the output of our scanner is topologically
identical with the general solutions.

The compatibility of our scanner is good, for it
only needs the compilation database, which is sup-
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ported by most of the build systems. However, con-
figurations or scripting jobs are needed when han-
dling GNU Make projects like Linux. The automa-
tion of our tool is even better than the general de-
pendency scanning tools in the terms of user expe-

rience.

6 A Use Case

In this section a use case of the scanner is pro-
posed, to elaborate the significance of a fast scanner
in industrial applications. We designed Proto Auto
Cut, which is an automation tool to accelerate com-
pilation for large projects using protocol buffers[9].

Protocol buffers is a mechanism for serializing
structured data, with similar goal as XML. But proto-
col buffers encode data into byte streams rather than
text streams, making it smaller, faster and efficient,
only compromising human readability. To use pro-
tocol buffers, one should install the library for the
language the user selected, and write a “.pb” file con-
taining the classes that need to be serialized, and the
instances of the classes are called “messages”. The
“pb” file is written using protocol buffer’s interface
description language (IDL).

Protocol buffers is widely used at Bytedance,
and some legacy code contains discouraged usage
of protocol buffers. There are some projects sharing
a “.pb” file which has a super long message consist-
ing of nearly ten thousand fields. The problem then
raises. The C++ layer for protocol buffers trans-
late the “.pb” file into C++ classes, an a super long
message will lead to a parsing function containing
a switch argument of ten thousand cases. Such a
C++ function stressed the compiler’s register alloca-
tion pass and prolonged the file’s compilation time
to nearly 40 minutes.

The way we takle this problem is to shrink the
size of the “.pb” file. Because the number of the fields
that the projects is using is around 20, far less then
that in the “.pb” file, and protocol buffers allowed un-
defined fields in the wire, we can remove the fields
that are not used in the project. We developed an
auto tool for this shrinking process, the Proto Auto
Cut. Using our dependency scanner, Proto Auto Cut
can tell the files that referenced generated protocol
buffer headers, and do semantic analysis over these
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files to extract the fields that are actually used. With
the power of the protoc library, we can remove the
unnecessary fields in the file and do the compilation.

In practice, the Proto Auto Cut tool boost the
compilation speed of the legacy projects up to 60x,
which massively reduced the workflow of the de-
velpers and loosen the stress on our compilation
cluster. The dependency scanner in this case re-
duces the processing time of our tool by 5x, making
it possible to be merged into our build process.

22 3CHR
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Efficient Embeddings of Logical Variables for
Query Answering over Incomplete Knowledge
Graphs

Dingmin Wang, Yeyuan Chen, Bernardo Cuenca Grau

mE

The problem of answering complex First-order Logic queries over incomplete knowledge graphs is
receiving growing attention in the literature. A promising recent approach to this problem has been
to exploit neural link predictors, which can be effective in identifying individual missing triples in the
incomplete graph, in order to efficiently answer complex queries. A crucial advantage of this approach
over other methods is that it does not require example answers to complex queries for training, as
it relies only on the availability of a trained link predictor for the knowledge graph at hand. This
approach, however, can be computationally expensive during inference, and cannot deal with queries
involving negation.

In this paper, we propose a novel approach that addresses all of these limitations. Experiments on

established benchmark datasets demonstrate that our approach offers superior performance while

significantly reducing inference times.

1 Introduction

Knowledge graphs (KGs) are graph-structured
knowledge bases where nodes and edges represent
entities of interest and their relations (Hogan et
al.2021; Heist et al.2020). Formally, a KG can be seen
as a set of triples (or logical facts) and can be rep-
resented in standard formats such as the Resource
Description Framework (RDF). KGs are increasingly
been used in a wide range of applications, such as
Web search, question answering in digital assistants,
recommender system, scientific discovery, or data
2020; Xu et al. 2020; Noy
et al. 2019). Many largescale KGs used in appli-

integration (Li et al.

cations, however, are highly incom- plete; as a re-

sult, knowledge graph completion—the problem
of completing a KG with missing facts that are likely
to hold in the domain of interest—has received a
great deal of attention in recent years (Rossi et al.
2021).

Link predictors are ML models that can pre-
dict whether individual missing facts hold in an in-

complete KG. These models can be very effective
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for KG completion tasks. They typically work by
first learning vector representations of the entities
and relations in the KG during training, and then
exploiting these embeddings to predict individual

facts.

In recent years, however, there has been grow-
ing interest in going beyond the prediction of sim-
ple logical facts and tackle the more general problem
of answering complex FOL queries over incomplete
KGs. Roughly speaking, given a query Q(z) with an-
swer variables x and a KG X', the goal is to compute
the answers to Q(z) with respect to the (unknown)
completion X* of K. One possible solution to this
problem is to exploit the availability of a neural link
predictor to first compute the complete KG X* and
then evaluate Q(xz) directly over X™* using standard
query answering technology in data management.
This solution, however, can be problematic in prac-
tice as it may require an unmanageable number of
link prediction tests and may involve the materiali-
sation of a large number of facts in the KG.

As a result, research has focused on techniques
for answering queries without the need of complet-
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ing the graph first. Query embedding methods,
such as box embeddings (Ren, Hu, and Leskovec
2020), beta embeddings (Ren and Leskovec 2020),
and cone embeddings (Zhang et al.2021), compute
vector embeddings for the queries and then treat
query answering as a nearest-neighbor search prob-
lem in the latent space. Training such models is,
however, problematic, as they can only deal with
query patterns seen during training, and hence
training typically requires the availability of an-
swers to a wide variety of queries.

To address this limitation, Arakelyan et al. pro-
posed the CQD model, which relies only on the
availability of vector embeddings provided by a
trained neural link predictor and hence does not re-
quire example answers to complex queries for train-
ing (Arakelyan et al.2021).

ever, also comes with a number of limitations. First,

This approach, how-

it is restricted to a subclass of positive existential
queries—FOL queries constructed using only con-
junction, disjunction and existential quantification;
thus, it cannot handle queries involving other im-
portant constructs such as negation. Second, CQD
relies on a computationally expensive combinatorial
optimisation problem to search for likely query an-
swers using the embeddings provided by the neural
link predictor; this can lead to slow inference times
and limit the applicability of CQD to scenarios with
low latency requirements.

In this paper, we propose a novel approach
to query answering over incomplete KGs that ad-
dresses these limitations. Our approach extends the
query language of CQD to support negation while
at the same time significantly reducing the computa-
tional resources needed for both the training and in-
ference stages. Furthermore, similarly to CQD and
in contrast to query embedding methods, our ap-
proach relies solely on the availability of a trained
neural link predictor and hence does not require ex-
ample answers to complex queries for training. We
have implemented our approach in a system called
Var2Vec. Our extensive experiments on three stan-
dard benchmark datasets show that Var2Vec can de-
liver superior performance while significantly im-

proving both training and inference times.(1)

(MCode available at https://github.com/wdimmy/Var2Vec.
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2 Background

Knowledge Graphs.A knowledge graph X
over a vocabulary consisting of pairwise disjoint
sets of entities ¢ and relations X is a finite set of
triples (e, r, e5) where e;, e, € £ and r € R.A triple
(e1,7,e5) is equivalent to a fact r(eq, e,5), and hence
a KG R can also be equivalently seen a FOL knowl-
edge base consisting of a finite set of facts.

Queries.We consider the subclass of FOL
queries defined next. Consider a vocabulary consist-
ing of entities £ and relations R,and let 1 be a set of
variables pair-wise disjoint with £ and & . A term
is either an entity in € or a variable in V. An atom
is a formula r(¢,,t,) where r € R and each ¢, is a
term. A literal is an atom or the negation of an atom.
The subclass of FOL formulasy that we consider is
then inductively defined according to the following
grammar, where [ is a literal and x is a variable:

(1)

pu=llpANplpVe|Iz.p.

Variable occurrences in the scope of a quanti-
fier are bound, whereas other variable occurrences
are free. A query is a formula with a single free vari-
able, called the answer variable.

Note that we consider an extension of the class
of monadic positive existential queries (i.e.,FOL
queries with a single answer variable constructed
using only conjunction, disjunction and existential
quantification) where, in addition, we allow for a
restricted form of negation occurring only in front
of atoms. This is in contrast to previous works, in
which queries were typically restricted to monadic
positive existential queries in disjunctive normal
form.

The dependency graph of a query Q(z) is a di-
rected graph where the nodes are the terms occur-
ring in the query and where there is a directed edge
from term t1 to term ¢, whenever an atom of the
form r(t,,t,) occurs as a sub-formula in the query.
Following the literature, we restrict ourselves to
queries where the dependency graph is connected
and acyclic, and where the answer variable is the

single sink node and each source node in the graph
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is an entity (and thus not a variable). In what fol-
lows, we will refer to the FOL queries satisfying all
the aforementioned syntactic restrictions as admis-
sible. To the best of our knowledge, the class of
admissible queries covers all types of queries sup-
ported by existing embedding-based query answer-
ing approaches in the literature, as well as all types
of queries in existing benchmarks. An example ad-
missible query and its corresponding dependency
graph are shown in Figure 1.

Qz) = Hy.(located(Eu-rope‘ y) A —held(WorldCup, y)
A president (y, ©))

log,
Europe “ed
President

x
WorldCup \_M
1: Formalisation of the query
"list the presidents of FEuropean countries
that have mnever held the World Cup"
and the corresponding dependency graph. The

sink node corresponding to the answer variable is
depicted in green, whereas the source nodes (also
called anchor nodes in the literature) are entities
depicted in purple.

The semantics of query answering is standard.
We say that an entity e € £ is an answer to query
Q(x) with respect to a KG X if X |= Q(e), and we
denote the set of answers to Q with respect to X" as

Q-

Neural Link Predictors. In the context of this
paper, we define a neural link predictor M for a fi-
nite vocabulary of entities E and relations R as a pair
enc,,dec,, consisting ofan encoding function enc,,

and a decoding function dec,,,

respectively. The encoding function maps each
entity e€ to a k-dimensional real-valued vector and
each relation r® to a k -dimensional real-valued
vector, where k and k" are hyper-parameters of the
model representing the dimensions of entity and re-
lation embeddings, respectively. In turn, the decod-
ing function dec,, is a function mapping each triple

’

of vectors in R* x R¥ x R* to a real value between
0 and 1. The vector components in the encoding of
each entity and relation of the vocabulary constitute

the learnable parameters of the model, whereas the
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decoding function is used to assign to each possible
fact r(e;,e,) in the vocabulary a probability dec,,
(encyp(er), encyp(r), ency(esy)).

t-norms and t-conorms. Triangular norms (or
t—norms) are generalisations of the logical conjunc-
tion operator that are typically adopted in fuzzy log-
ics (Héajek 2013; Gupta and Qi 1991). Formally, a
t-norm is a binary operation T on [0, 1] satisfying
the following properties:
o T(x,y) = T(y,z)(commutativity);
e T(z, T(y,2))
oy < z— T(x,y) < T(x,z)(monotonicity); and

T(T(z,y), z)(associativity);

e T(x,1) = z (neutral element 1).

Examples used in practice include the Gédel t-norm
T(z,y) =min(z,y), the product t-norm T (z,y) = z-y
and the Lukasiewicz t-norm T(z,y) = maz(z +
y—1,0). The notion of a t-cornorms is dual to that
of a t-norm and is used to generalise logical disjunc-
tion. Formally, a tconorm is a binary operation |
on [0, 1] satisfying the aforementioned communati-
tivy, associativity and monotonicity properties and
where the neutral element is 0 instead of 1 (that is,

1 (x,0) = z). Examples of t-conorms used in prac-

tice are the Godel t-conorm L (z,y) = max(z,y),
the product t-conorm 1 (z,y) = = + y — x - y and the
Lukasiewicz t-conorm | (z,y) = min(z + y, 1).

r1

—( U Ys
r3

| Y2

e1 y1=W-[eg :rq]
W T W.lea:r
ya = [y1 2]42“ [e2:rs]

€2

T ys=W-lyz:rq

2: An example about how each intermediate vari-
able (y;,y, and y3;) node embedding in a complex
logic query is calculated. Note that source nodes
el and e2 and all relation nodes (ry, 75,75, 7, and ;)
could be obtained di- rectly from the trained neural
link prediction model.

3 Method

In this section, we present our approach
Var2Vec to query answering over incomplete KGs.
Our model relies on the availability of a trained neu-
ral link predictor M for a fi- nite vocabulary of enti-
ties £and relations R; it is compati- ble with most
transductive link prediction methods proposed in
the literature, such as TransE (Bordes et al. 2013),
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DistMult (Yang et al. 2015), ComplEx (Trouillon et
al. 2016), RotaFE (Sun et al. 2018), and QuatE (Zhang
et al. 2019). Indeed, the only requirement is that M
can provide vector embeddings for each entity and
relation in the vocabulary as well as a probability
for each candidate fact. Then, given any admissible
query Q(z) and any KG X" mentioning only relations
from R and entities of £, our model estimates the set
of answers to Q(z) with respect to the completion
X* of facts predicted to hold by M.

At training time, we first train M in the usual
way (or take a pre-trained link predictor instead);
then, using the embeddings provided by M, we train
a weight matrix W that will be used to generate
vector embeddings for the existentially quantified
variables of any admissible input query at inference
time.( The training of W is described in Section.

At inference time, we first traverse the input
query Q(z) to generate, using W and M, vector em-
beddings for each existentially quantified variable;
this is described in Section . Subsequently, as de-
scribed in Section , we score each entity e in & to
provide a likelihood of Q(e) being true in X*; this
allows us to rank the possible answers to the query.

3.1 Learning the Weight Matrix

Although a trained neural link predictor M can
calculate a score for any fact r(e,, e5) over its vocab-
ulary, it cannot provide a score for atoms involv-
ing variables, such as r(e;,y) or r(y;, ), unless we
first embed these variables as vectors. To this end,
we propose to train and exploit a weight ma- trix
W € U%UCM/)X"’, where k and k" are the dimensions
of the entity embeddings and the relation embed-
dings in M, respectively. For instance, given an
atom r(e,y), the embed- ding of variable y is y =
W-[ency,(e) : encyp(r)], where [:] is the vector con-

catenation operation.

Given a set of training facts of the form r (e, e5),
with e;,e, € Candr € R, we minimise a L2-norm
loss given next, where the elements of W are the

only parameters:

L= | (W-[ency (e;) : ency(r)]) — encyy (es)) |-

@)

(2Here and in the rest of the paper we omit bias terms for clarity
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Intuitively, W is trained to transform the embed-
dings of the first argument of a training fact and
the fact’s relation into the embedding of the fact’s
second argument. Note that, to train W, we only
require a set of training facts, which could be the
same facts used to train M; this is in contrast to
query embedding models such as GQE (Hamilton et
al. 2018), Query2Box (Ren, Hu, and Leskovec 2020),
BetaE (Ren and Leskovec 2020) and ConE (Zhang
et al. 2021), which usually require large amounts
of training queries and answers in order to achieve

good performance.

3.2 Generating Variable Embeddings

Given an admissible query Q(z), a trained neu-
ral link pre- dictor M, and a trained weight matrix
W, we can generate vector embeddings for all exis-
tentially quantified variables in Q(z). To this end,
we traverse the query as described next where G,
is the dependency graph of Q(z). First, we mark the
source terms t of G as visited; these are entities
be- cause the query is admissible, and hence we can
obtain their embedding t = enc,,(t); we also obtain
the embedding of all relations r in the query as r =
enc,,(r). Then, we repeat the following process un-
til all existentially quantified variables in Q(x) are
marked as visited.

o Iterate through each unvisited existentially quan-
tified variable y such that each atom in Q(z) involv-
ing y is of the form r, (¢,,y) where each such ¢, ..., ¢,
is an entity or an existentially quantified variable

marked as visited.

—compute the embedding y of y as

Z?:l W [t; : 1]

n

mathbfy =

(3)

where ¢; and r; are the embeddings of term ¢, (which
is available at this stage due to admissibility of the
query) and the relation r;, respectively.

—Mark y as visited.

the admissible

Example 0.1. Consider query

Q(z) = FyyIyoTFys - (r1(eq, y1) Arzleq, yg)A @)

T2 (Y1,Yo) ATy(Yas y3) A75(ys, ).

It’s dependency graph is provided in Figure 2. We

——
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start by computing the embeddings e; and e, of en-
tities e, and e, and the embeddings r,, ...r; of rela-
tions ry, ..., 75 using the link predictor M. We then
process variable y; and obtain its embedding y, as
W [e
we obtain its embedding y2 as the average of W -

: 7,]. The next variable to process is y, and

[es : 5] and W » [y, : r5]. Finally, we can now obtain

the embedding y, of variable y; as W« [y, : 7,].

The process is clearly linear in the size of the
query as each atom is considered only once. Note
also that, to obtain variable embeddings at this stage,
we do not define a special treatment of negation or
disjunction as the query is traversed according to its
dependency graph only.

3.3 Scoring for Query-Entity Pairs

Once we have obtained vector embeddings for
all entities and existentially quantified variables
mentioned in the input query Q(z), we can exploit
the decoding function dec,, to compute a score for
each entity e € & estimating the likelihood of Q(e)
being true in the completion X™*. For each entity
e, the computation of the score is performed induc-
tively on the structure of Q(e). Formally, let us fix
a t-norm function T and a t-conorm function L.
Then, the scoring function ¢ maps each admissible
FOL sentence ¢ constructed according to the gram-
mar in Equation (1) over the relevant vocabulary
to a real-valued score o(p) € [0, 1] as given next,
where for a term ¢ (constant or existentially quanti-
fied variable) and relation » occurring in ¢, we use ¢
and r to respectively denote their vector embedding
computed as described in Section.

o if ¢ is an atom of the form r(¢,,t,), for ¢; and ¢,
terms, then o () = dec,, (¢;,7,%,);

e if ¢ is a negative literal of the form "r(¢,,¢,), then
o(p) =1—o(rt;,tz));

e if o = ¢, A oy, then o) = T(o(i21),7(py));

e if o= Vi, , theno(p) = L(o(p),0(p,)); and
e if © is of the form Jt.;,then ().

Note that the computation of the score for a
given entity is linear in the size of the query; further-
more, answering the query requires a score compu-
tation for each entity in the KG. Once, all scores have
been computed, the possible answers can be ranked

before they are returned to the user.

4 Experiments

We have implemented our Var2Vec model and
evaluated its performance against state-of-the-art

baselines.

In this section, we describe the results of our
evaluation on a suite of an established benchmark
for query answering over incomplete KGs.

Datasets and Queries We consider the query
answering benchmark proposed in (Ren, Hu, and
Leskovec 2020).
standard KGs commonly used in the KG comple-
tion literature: FB15k (Bordes et al.2013), FB15k-
237 (Toutanova and Chen 2015), and a subset of the
NELL995 KG (Xiong, Hoang, and Wang 2017). The

benchmark splits the facts in each KG into training,

The benchmark provides three

validation and testing subsets, where the training
subset is contained in the validation subset and the
validation subset is in turn contained in the testing
subset. Given a query @ and a benchmark KG X,
let us denote with [Q]i7*™", [Q]y¢! and [Q]%*! (where
) the set of answers to Q with respect to the training,
validation, and testing subsets of K, respectively. We

evaluate on

Training Validation Test

KG 1p others 1p others 1p others

FB15k | 273,710 | 273,710 | 59,097 | 8,000 | 67,016 | 8,000

FB15k-237 | 149,689 | 149,689 | 20,101 | 5,000 | 22,812 | 5,000

NELL995 | 107,982 | 107,982 | 16,927 | 4,000 | 17,034 | 4,000

% 1: Number of training, validation, and test
queries gen- erated for different query patterns.

the simplest pattern and it corresponds to facts,
whereas the remaining patterns represent increas-
ingly complex query structures. The queries used
for training, validation, and testing are obtained by
instantiating each query pattern multiple times for
each benchmark KG; this is done by choosing suit-
able relations and entities from the KG. Table 1 sum-
marises the number of instantiations of each query
pattern and each KG provided by the benchmark.
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Method Supported Operators

GQE (Hamilton et al. 2018) 3,A
Query2Box (Ren, Hu, and Leskovec 2020) I,A,V
BetaE (Ren and Leskovec 2020) AV,
MLP (Amayuelas et al. 2021) I,A,V, -
ConE (Zhang et al. 2021) AV,
CQD (Arakelyan et al. 2021) I,A,V
FuzzQE (Chen, Hu, and Sun 2022) AV,
Var2Vec AV,
% 2 Considered baselines and our approach
Var2Vec.
Baselines We compare Var2Vec against the

state-of-the- art baselines indicated in Table 2. To
perform the experiments, we used the code for the
relevant baseline provided by the authors; the only
exception was FuzzQZ (Chen, Hu, and Sun 2022),
where we reported the results provided in their pa-
per since the code for the system is not publicly
available. All baselines support only admissible
queries as described in the preliminaries; however,
GQE, Query2Box and CQD are restricted to admis-
sible queries without negation. We did not include
the beam search scheme of CQD scheme as a base-

line in our experiments since, as show in Figure 4, it

is computationally too expensive; for example, a sin-
gle 12GB Titan X GPU returned a memory error for a
5000-batch query inference on NELL995; as a result,
we used only the continuous optimisation scheme of
CQD. It is worth reiterating that both our approach
and CQD require only facts (i.e.,queries of pattern
1p) for training, whereas training for the remaining
baselines also requires the complex queries and their
answers in the benchmark.

Model Details
a link predictor (ComplexE) only using the 1p

For each dataset, we pretained

queries from their training dataset. The number
of training epochs was 100 and the embedding size
of both the entity and the relation was 2000. The
dimension of W was 4000 x 2000. We used the
Adam Optimizer (Kingma and Ba 2014) with learn-
ing rates 1r=0.1/0.01/0.001 to optimize W and used
the best one on the validation set. The batch size was
1000. In our experiments, by default, we use prod-

uct T-norm (L (z,y) = z - y) and product T-conorm
(T@y) =z+y—=-y).

Negation-free Query Patterns.

- ’
-0 000 000 :3 :E :3 @ pe: : . : %
Ip 2p 3p 2i 3i ip pi up 2u
o ° o o o
! \ @ -l ~—
o o— o s 3
pt o .
2in 3in inp pni pin
Query patterns with negation.
@ Entity Quantified Variable Answer Variable ~ 1ntersection  Union Negation
_ s === L >

3: Query patterns considered in the experiments. In the naming of query structures, p,i,u and n stand
for Projection, Intersection, Union and Negation, respectively.

Evaluation Metrics Following prior work
(Ren, Hu, and Leskovec 2020; Ren and Leskovec
2020), we adopted the Mean Reciprocal Rank (MRR)
metric for our evaluation, which is calculated as
given next for a test query @ and a test KG X, where
rank, denotes the rank of entity e as a query answer

amongst all entities in the KG:

25

Main Results.Table 3 summarises the results of
our evaluation on all three benchmark KGs, where
Avg, (respectively, Avg,) represents the average
MRR for all queries in the benchmark correspond-
ing to negation-free patterns (respectively, queries
corresponding to patterns with negation). Over-

all, the performance of our approach is highly com-
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petitive. Compared with GQE, Query2Box and Be-
taE, our method achieves an average improvement
on MRR of 37.7%, 22.9% and 46.2% respectively for
queries without negation, and also outperforms sig-
nificantly all of these approaches for queries with
negation. Our approach also outperforms ConE and
MLP both for queries with and without negation, es-
pecially for complex query patterns such as ip and
pi, which are patterns unseen during training for
all models; this suggests that our approach gener-
alises better to new query patterns than the base-
lines. Compared to CQD, our approach also displays
better average performance for all three benchmark
KGs. Finally, we compared our approach to FuzzQE,
which also exploits the availability of a neural link
predictor; we observe that our approach also outper-
forms FuzzQE in most cases, with the only exception
of queries with negation on NELL995.

Figure 4 provides training and average infer-
ence times for all the evaluated approaches on
FB15k. We can see that our approach can be trained
and applied very efficiently. In particular, our ap-
proach is 12/46 times faster than CQD- CO/CQD-
Beam during inference and significantly faster than

embedding-based models during training.

60
20 I I
0 [ ==

4: Training and inference times on FB15k. In-
ference time refers to the average time per query.
From left (brown) to right (blue), it represents GQE,
Query2Box, BetaE, MLP, ConE, CQD-CO, CQD-
Beam and Var2Vec, respectively.

=

Training Time (h)
=
Inference Time (ms)

O == —'I —

Method  Avge Avgn 1p 2p 3p 2i 3i

ip pi 2u up 2in  3in  inp pin  pni

NELL995
GQE 18.6 - 328 119 96 275 352 144 184 85 838 — — - - —
Q2B 229 - 422 140 11.2 333 445 168 224 113 103 — — - - —
CQD-CO 2838 - 60.8 183 13.2 41.0 415 225 303 176 137 — — - = —

BetaE 24.6 59 530 13.0 114 37.6 475
ConE 27.2 6.4 531 16.1 139 40.0 50.8
MLP 25.0 6.0 527 154 14.0 364 454
FuzzQE 27.1 73 57.6 17.2 133 38.2 415
Var2Vec 30.1 75 60.8 180 119 422 522

143 241 122 85 5.1 78 100 3.1 35
175 263 153 113 57 81 108 35 39
158 221 132 10.0 5.1 80 100 36 36
27.0 194 169 127 9.1 83 89 44 56
227 309 192 122 68 88 106 54 59

FB15k-237

GQE 16.3 — 350 72 53 233 346
Q2B 20.1 — 406 94 68 295 423
CcQDb-CO 21.8 — 467 95 63 31.2 406
BetaE 20.9 54 390 109 10.0 288 425
ConE 23.2 59 423 127 107 32.6 469
MLP 221 6.7 414 11.7 99 321 446
FuzzQE 21.8 6.6 440 108 86 323 414
Var2Vec 234 64 467 108 84 335 465

10.7 165 82 57 — — - = —
126 212 113 76 — — - - —
236 160 145 82 — — - - —
126 224 124 97 5.1 79 74 36 34
136 252 142 106 54 86 78 40 3.6
130 245 126 93 64 106 80 46 44
227 151 135 87 7.7 95 7.0 41 47
163 225 166 88 54 105 62 44 53

FB15k

GQE 28.0 —_ 546 153 108 39.7 514
Q2B 38.0 — 68.0 21.0 14.2 551 665
CcQDb-CO 48.6 — 89.4 275 15.0 769 80.8
BetaE 41.6 11.8 65.1 25.7 247 558 66.5
ConE 49.7 148 73.2 33.7 29.0 646 73.6
MLP 41.6 139 669 293 244 56.1 66.2
FuzzyQE* — — —_ - - = =
Var2Vec 51.0 189 894 26.0 16.6 79.0 82.6

19.1 27.6 221 116 — — - - —
26.1 394 351 167 — — - - —
351 464 427 235 — — - - —
28.1 439 401 252 143 147 115 65 124
355 509 553 314 179 187 125 9.8 15.1
26.7 448 335 264 160 173 132 83 146

342 46.0 628 221 236 314 98 98 197

X 3: MRR results (%) of baselines and our model on

benchmark queries grouped by query pattern. Avge

and Avgn denote the average MRR on queries with and without negation, respectively.
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Ablation Studies.We first analysed the influ-
ence of the chosen link predictor on our results. Our
system uses ComplexEx by default. If we choose
DisMult instead, we can observe in Table 4 a slight
decrease in performance. This is unsurprising given
that ComplexEx ourperforms DistMult in link pre-

diction tasks over the benchmark KGs.

We also analysed the influence of the choice of
t-norm and t-conorms, which play an important role
in computing the scores for query answers. Our sys-
tem uses product t- norms and t-conorms by default,
and we also experimented with G"odel t-norms and
t-conorms. Table 5 shows that using product t-
norms and t-conorms leads to superior performance

on all benchmark KGs.

Finally, we explored the possibility of replacing
the weight matrix W with a fully-connected neural
network equipped with ReLU activations. We con-
sidered architectures with one and two hidden lay-
ers in which ReLU is applied following matrix appli-
cation in each hidden layer. The results we obtained
on the FB15k KG are summarised in Table 6. We
can observe that, as the number of layers increases,
the training times increase significantly but the per-
formance of the model does not show a noticeable
improvement. These results thus speak in favour
of using a simple weight matrix instead of a more
complex neural architecture for computing variable

embeddings.

Case Study. In this section we discuss the vari-
able embeddings obtained by our approach. We
chose as a case study the test query in the NELL995

4

benchmark listing ” all countries where an official

language of the country is used for teaching

Method Avg 1p 2p 3p 2i 3i ip pi 2u  up
NELL995

DisMult  28.1 58.6 139 103 40.7 51.0 189 289 187 115

ComplexE 30.1 60.8 180 119 422 522 227 309 19.2 128
FB15k-237

DisMult 21.6 454 8.0 6.6 315 440 132 210 162 8.1

ComplexE 232 467 103 7.1 335 465 163 225 166 88

FB15k
DisMult  41.8 734 17.6 154 60.5 688 30.1 39.5 505 20.5
ComplexE 51.0 894 260 16.6 79.0 826 342 460 628 221

Z 4: MRR results (%) with DisMult and ComplexE.
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Method Avg 1p 2p  3p 2i 3i ip pi 2u  up
NELL995

MM 259 608 180 7.1 397 464 158 138 199 113

PP 30.1 608 180 119 422 522 227 309 192 128
FB15k-237

MM 194 467 88 69 309 396 115 6.7 172 6.5

PP 232 46.7 103 7.1 335 46,5 163 225 166 838

FB15k
MM 45 894 168 114 805 841 218 105 741 164
PP 51.0 89.4 260 16,6 79.0 826 342 460 628 221

2R 5: MRR results (%) with different T-norms. MM
represents the Min-Max G“odel combination and
PP for the Product-Product combination.

Divinity at universities” . This is a conjunctive
query written as follows, with Divinity an entity
NELL995:

Q(z) = Jy; 3y, - ( CourseOf (Divinity, y;) A

TeachLanguage (yq,y5) A Of ficial Language (y,, x))

()

An answer to this query can be obtained
by matching the answer variable z to US and
the existentially quantified variables y, and y, to
HarvardUniversity and English, respectively. In-
tuitively, we would expect the embedding of vari-
ables y, and y, obtained as described in Section to be
close to the embeddings for university entities and

language entities, respectively.

5: Visualisation of entity and variable embed-
dings for the case study. Th black and yellow points
represents the embedding of variable y; and y,, re-
spectively; and the purple and green clusters denote
the embeddings of university entities and language
entities, respectively.

To verify this intuition, we have performed
a Principal Component Analysis (PCA) (Abdi and



Journal of Zhufeng

Williams 2010) on the embeddings. The results are
depicted in Figure 5. Going from left to right, the
first cluster of points represents the embeddings of
University entities (in purple) and the embedding
of variable y, (in black), whereas the second clus-
ter of points represent embeddings of language en-
tities (green points) and the embedding of y, (yellow
point). We can observe that variable embeddings
show strong correspondence with the embedding of
their representative entities in terms of their rela-
tive positions in Figure 5. This illustrates that the
learnt weight matrix W is able to adequately embed

variables in queries with joins.

5 Related Work

Knowledge graph completion is the problem of
completing a KG with missing facts that are likely
to hold in the domain of interest. Neural link pre-
dictors are models capable of scoring the likelihood

of a particular fact and/or ranking the most likely

answers to an atomic query of the form Q(x)
r(e,)orQ(x) = r(xz,e) for r a relation and e an en-
tity in the KG. Knowledge graph completion has re-
ceived a great deal of attention in recent years and a
wide range of neural link predictors have been pro-
posed. Prominent examples include TransE (Bor-
des et al.2013), DistMult (Yang et al.2015), Com-
plEx (Trouillon et al.2016), and RotaE (Sun et al.
2018). We refer the readers to (Rossi et al.2021) for
It
is worth mentioning, however, that the neural link

a more detailed discussion about these models.

predictors that are compatible with our approach are
transductive—that is, they score individual facts by
first learning embeddings for entities and relations
in the KG and as a result they can only make pre-
dictions for entities seen during training. In recent
years, however, there has also been increasing in-
terest on inductive link predictors, which are able
to make predictions for KGs involving arbitrary en-
tities (Hao et al. 2020; Teru, Denis, and Hamilton
2020; Liu et al. 2021).

In this paper, we focus on the query answer-
ing problem over incomplete KGs, which gener-
alises link prediction to FOL queries that go be-
yond simple facts. This problem is receiving in-
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creasing attention, and prominent approaches in-
clude GQE (Hamilton et al.2018), Query2box (Ren,
Hu, and Leskovec 2020), BetaE (Ren and Leskovec
2020), MLP (Amayuelas et al.2021) and ConE (Zhang
et al.2021).
liest approaches supporting only admissible con-

Specifically, GQE is one of the ear-

junctive queries. Query2Box further supports dis-
junction by representing queries as a box in a la-
tent space; box embeddings, however, cannot sup-
port negation since the complement of a box in the
Euclidean space is no longer a box. Beta embed-
dings (Ren and Leskovec 2020) were later proposed
so address this limitation and support admissible
queries involving all four Boolean operations. Sub-
sequent approaches, such as ConE and MLP, im-
proved model performance by introducing increas-
ingly complex architectures; these query embed-
dingbased approaches are, however, data hungry
and usually require millions of training queries to
achieve a satisfying performance. CQD (Arakelyan
et al.2021) exploits trained neural link predictors to-
gether with fuzzy logic operators to avoid the need
for complex queries during training. CQD requires
only facts for training and displays improved out-of-
distribution generalisation. CQD, however, does not

support negation and has low inference efficiency.

6 Conclusion

We have presented a novel approach to query
answering over incomplete KGs that addresses some
of the key limitations in prior work. First, we sup-
port admissible queries involving all Boolean op-
erators. Second, we require only facts for train-
ing, and training can be performed very efficiently.
Finally, our approach displays superior accuracy
while at the same time significantly reducing infer-

ence times.
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