
World Wide Web (2023) 26:2855–2886
https://doi.org/10.1007/s11280-023-01166-y

An empirical study of pre-trained languagemodels in simple
knowledge graph question answering

Nan Hu1 · Yike Wu1 · Guilin Qi1 · Dehai Min1 · Jiaoyan Chen2 · Jeff Z Pan3 ·
Zafar Ali1

Received: 20 October 2022 / Revised: 18 February 2023 / Accepted: 12 March 2023 /
Published online: 17 May 2023
© The Author(s), under exclusive licence to Springer Science+Business Media, LLC, part of Springer Nature 2023

Abstract
Large-scale pre-trained language models (PLMs) such as BERT have recently achieved great
success and become a milestone in natural language processing (NLP). It is now the con-
sensus of the NLP community to adopt PLMs as the backbone for downstream tasks. In
recent works on knowledge graph question answering (KGQA), BERT or its variants have
become necessary in their KGQA models. However, there is still a lack of comprehensive
research and comparison of the performance of different PLMs in KGQA. To this end, we
summarize two basic KGQA frameworks based on PLMs without additional neural network
modules to compare the performance of nine PLMs in terms of accuracy and efficiency. In
addition, we present three benchmarks for larger-scale KGs based on the popular Simple-
Questions benchmark to investigate the scalability of PLMs.We carefully analyze the results
of all PLMs-based KGQA basic frameworks on these benchmarks and two other popular
datasets, WebQuestionSP and FreebaseQA, and find that knowledge distillation techniques
and knowledge enhancement methods in PLMs are promising for KGQA. Furthermore, we
test ChatGPT (https://chat.openai.com/), which has drawn a great deal of attention in theNLP
community, demonstrating its impressive capabilities and limitations in zero-shot KGQA.
We have released the code and benchmarks to promote the use of PLMs on KGQA (https://
github.com/aannonymouuss/PLMs-in-Practical-KBQA).
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1 Introduction

As a milestone work in the field of NLP, substantial work has shown that the pre-trained
language models (PLMs) with self-supervised learning on large-scale corpora have learned
the rich semantic knowledge that facilitates a variety ofNLP downstream tasks [54].Manning
[1] explains that PLMs learn the meaning of words because meaning can be considered as a
connection of linguistic forms, and PLMs have seenmany connections ofwords to understand
the meaning of words. For example, PLMs understand the word “Washington, D.C.” by these
two sentences “Washington, D.C. is the capital city and federal district of the United States”
and “Washington, D.C. is located on the east bank of the Potomac River”. As a result, PLMs
significantly improve the performance of most NLP tasks through such learning.

Today, it has become a consensus to use PLMs, through fine-tuning or prompting, as the
backbone of downstream tasks. With the proposed initial PLMs BERT [20] and GPT [49],
the PLMs community began to flourish. Subsequently, various PLMs are proposed to address
different needs and tasks. For example, some works propose knowledge distillation models
such asDistilBERT [48] andTinyBERT [47] to reduce the number of parameters in PLMs and
to increase the speed of training and inference. Some works present knowledge-enhanced
models such as ERNIE [35] and KEPLER [36] to address knowledge-driven downstream
tasks. However, there is a lack of a comprehensive study of the application of these PLMs to
an important sub-task of NLP, namely knowledge graph question answering (KGQA).

KGQA aims to find answers to natural language questions from the knowledge graph
(KG) which is typically store structured knowledge in the form of triples, denoted as (subject,
relation, object). The study of various PLMs applied to KGQA is valuable for the following
reasons.

1. The general domain KGQA is difficult to use in practice because of the efficiency issue.
The huge size of the general domain KG 1 leads to a large training and inference time for
the KGQA system. SomeKGQAworks limit the search range in KG to reduce complexity
[40–42], yet the training time for a well-performing KGQA model [40] still exceeds 2
weeks. Without this search limitation, the model [40] would even take a few months to
train as noted in [41]. Several works have attempted to reduce complexity by optimizing
KGQA approaches [43–45], but at the expense of performance. In the recent KGQA
system, PLMs have become a regular component of the system due to their obvious gains
in performance. However, the application of powerful but large PLMs further increases
the difficulty of using KGQA systems in practice. Therefore, it is necessary to explore
the trade-off between performance and efficiency of PLMs on KGQA.

2. KGQA is a knowledge-intensive task and involves several common NLP subtasks2 such
as mention detection, entity disambiguation and relation detection as shown in Figure 1.
There are substantial works to tackle these subtasks using PLMs as the cornerstone and
with success [28–32]. Moreover, several works utilize structured knowledge to enhance
PLMs formore than just self-supervised training on the large-scale corpus,with significant
improvements in mention detection [33] and relation detection [34–37] tasks. Neverthe-
less, there is lack of work on making a comprehensive comparison on each subtasks from
the perspective of PLMs. Therefore, exploring the use of PLMs for KGQA is also
instructive for these subtasks.

1 Freebase [38] contains over 3 billion triples across over 100 domains, while Google Knowledge Graph [39]
has amassed over 500 billion triples.
2 These tasks are similar to named entity recognition, entity linking and relation extraction.
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Figure 1 The general structure of KGQA

This work aims to evaluate the overall performance of various PLMs on KGQA compre-
hensively.We not only examine the accuracy and efficiencymetrics of KGQA systems based
on different PLMs, but also study their scalability3. Specifically, we designed four KGs of
increasing size to explore the variation of these KGQA systems.Three classes of nine PLMs
are used for evaluation, including the common PLMsBert [20],Roberta [21],XLnet [50]
and Gpt2 [49], the lightweight PLMs ALbert [22], DistilBert [48] and DistilRoberta

[48], and the knowledge-enhanced PLMs Luke [33] and Kepler [36]. As common models
serve as the backbone models for lightweight PLMs and knowledge-enhanced PLMs, we
follow [54] to further classify them according to pre-trained task categories, namely, masked
language modeling (i.e.,Bert and Roberta), language modeling (i.e.,Gpt2), and permuted
language modeling (i.e.,XLnet). The investigation focused on the simple but common Sim-
ple KGQA task, which can be answered by a triple in KG. Moreover, we summarize two
basic KGQA frameworks from previous works for the experiment. These two frameworks are
vanilla without additional neural network modules except for PLMs and simple linear layers.
It allows us to focus on comparing PLMs instead of various KGQA approaches with complex
neural network modules. We also conducte experiments to compare the performance of these
PLMs under fine-tuning with ChatGPT under zero-shot settings on the KGQA task.

In summary, our main contributions are as follows.

1. To the best of our knowledge, this is the first attempt to comprehensively study the overall
performance of various PLMs in KGQA tasks. For this purpose, we summarize two basic
KGQA frameworks from popular simple KGQA approaches to exclude the interference
of complex neural network modules. We have implemented 18 KGQA systems based
on these two basic KGQA frameworks using a total of nine PLMs. Further, we propose
three KGQA benchmarks based on the popular SimpleQuestions benchmark. These four
benchmarks have a linearly increasing KG scale.

2. We conduct comprehensive experiments to evaluate the overall results of all imple-
mented KGQA systems on all benchmarks. We make detailed analyses regarding overall
accuracy, efficiency and scalability from the perspective of different PLMs and KGQA
frameworks. In addition, we further analyze the overall performance of the sub-modules
of the KGQA systems to investigate the impact of the different PLMs and KGQA
frameworks on these subtasks. We also compare the performance of these PLMs under
fine-tuning with ChatGPT under zero-shot settings on three KGQA datasets.

3. We find that knowledge-distilled lightweight PLMs and knowledge-enhanced PLMs are
promising for use in KGQA. This leads us to delve into this direction in the future to
explore practical KGQA systems. Besides, we observe that ChatGPT has an excellent

3 Scalability is the measure of a system’s ability to increase or decrease in performance and cost in response
to changes in system processing demands. In our work, we explore the variation in accuracy performance and
time cost with increasing KG size.
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performance in KGQA tasks, while there are still some limitations. Section 7 summarizes
all the important findings. Our KGQA frameworks based on PLMs provide new strong
baselines of simpleKGQA.Wehave released code and benchmarks as publicly accessible
resources to help the future development of the KGQA community.

The rest of the article is structured as follows. In Section 2, we introduce related works on
simple KGQA and PLM Applications On KGQA. In Section 3, we present the preliminary
knowledge of this work. In Section 4, we summarise the existing simple KGQAmethods and
describe the two summarised KGQA basic frameworks in detail. In Section 5, we introduce
four benchmarks and evaluation metrics. In Section 6, we describe the results and analysis
of the experiment. Finally, Section 7 concludes this work and introduces future works.

2 Related works

2.1 Simple knowledge graph question answering

Knowledge graph question answering (KGQA) aims to find answers to natural language
questions from the knowledge graph (KG). Simple KGQA means that a natural language
question can be answered by a triplet in KG. The two mainstream branches of the current
KGQA methods are information retrieval (IR) and semantic parsing (SP) [51–53]. The for-
mer attempts to retrieve answers directly from a subgraph centred on the topic entity and then
models answer features for ranking. The latter tries to train a semantic parser to transform the
question into intermediate logical forms and then execute it against KG. In simple KGQA,
the IR method employs various neural networks to score the similarity between the question
and each candidate fact in the subgraph and then find the best match. It follows the process of
retrieving question-specific subgraph and then ranking the facts in it. Bordes et al. [24] used
a memory network to encode questions and facts into the same vector space and score their
similarity. Dai et al. [15] proposed a two-step conditional probability estimation problem and
adopted a BiGRU network as an encoder. Yu et al. [7] designed two independent hierarchi-
cal residual BiLSTMs to represent questions and relations with different granularities. Yin
et al. [11] used two independent models, a character-level CNN and a word-level CNN with
attentive max-pooling. Lukovnikov et al. [9] proposed an end-to-end word/character-level
encoding network for ranking subject-relation pairs and retrieving relevant facts. In simple
KGQA, the SP method is simplified to a classification model because only a relation or a
predicate needs to be generated. Ture and Jojic [6] employed a two-layer BiGRU model as
a classifier. Petrochuk and Zettlemoyer [5] used a BiLSTM to classify relations and achieve
state-of-the-art performance. Mohammed et al. [2] only adopted simple neural networks (i.e.
LSTMs and GRUs) or non-neural network models (i.e. CRFs). In Section 4, we name IR
method and SP method as the retrieval and ranking-based method and the classification-
based method to show the differences more clearly.

2.2 PLM-basedmethods for KGQA

Pretrained language models have been widely served for various downstream tasks, includ-
ing KGQA, due to the powerful representation capabilities learned from large-scale text
corpora. For the IR method, PLMs provide a unified way to model unstructured text
and structured KG information in a unified semantic space, which facilitates question-
specific subgraph reasoning. Zhang et al. [59] trained a PLM-based path retriever to retrieve
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hop-by-hop question-related relations. At each step, the retriever ranked the top-k relations
based on the question and the relations selected in the previous step. Hu et al. [58] introduced
PLM to help align questions and paths in a step-wise reasoning manner from explicit text
semantic matching and implicit KG structure matching. Luo et al. [14] proposed a BERT-
based model to preserve the original question-fact interaction information and reduce the
semantic gap. For the SP method, PLMs significantly improve the understanding of ques-
tions, especially complex ones. Lukovnikov et al. [3] made the first attempt to use PLMs
as classifiers to predict relations, with a significant performance improvement over shallow
neural networks. In addition, Lukovnikov et al. demonstrated the greater advantage of PLMs
on limited training data. Someworks [60, 61] used PLMs to directly generate executable pro-
grams based on a given question and other relevantKG information. Substantial improvement
in model performance demonstrates the effectiveness of such usages of PLMs. However, few
KGQA works have taken into account the efficiency of PLMs. This is crucial for KGQA,
which is inherently difficult to apply in practice.

3 Preliminaries

In this section, we introduce the definition of simple KGQA task (Section 3.1) and large-scale
pre-trained language models (PLMs) (Section 3.2).

3.1 Task definition

This work focuses on evaluating PLMs on simple knowledge graph question answering,
where the natural language question can be answered by a triple in KG. Simple questions are
frequently queried in search engines and question-answering robots. The 100most frequently
asked questions on Google search engines in 2021 are simple questions4. and most of them
can be answered by the KGQA system.

For ease of understanding, we define some notations used in this paper. Formally, a
knowledge graph (KG) is typically a collection of subject-relation-object triples, denoted
by G = {(s, r , o)|s, o ∈ E, r ∈ R}, where (s, r , o) denotes that relation r exists between
subject s and object o, E and R denote the entity set and relation set, respectively. Given the
available KG G, KGQA aims to answer natural language questions Q = {w1, w2, ..., wn}
in the format of a sequence of words with the answers Aq ⊂ E. For simple KGQA task, the
answers directly connect to the topic entity and a KGQA system is trained using a dataset
D = {Q, 〈s, r〉}, where 〈s, r〉 refers to a subject-relation pair.

In inference stage, given a natural language question Q “The film Forrest Gump is directed
by who?” as shown in Figure 1, the KGQA system can answer this question by the answer
Robert Zemeckis which is retrieved by the subject-relation pair 〈Forrest Gump, directed_by〉
in the KG G.

3.2 Large-scale pretrained languagemodels

Neural network-based language models represent everything through vectors of real num-
bers. They can learn better representations on a large corpus by back-propagating from the
language model prediction task to the representation of words. Early work on language

4 Available online: https://keywordtool.io/blog/most-asked-questions/ (accessed on 12 April 2022)
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models trained shallow networks to capture the semantic meaning of words, such as
Word2Vec [25] and GloVe [26]. However, they suffer from the drawback of not being able
to represent polysemantic words in different contexts.

Since the introduction of Transformer [17], it has become feasible to train deep neural
models for NLP tasks. Transformer is a more complexmodel than the simple neural networks
previously explored by humans for word sequences. One of its main ideas is the attention
mechanism, by which the representation of one location is computed as a weighted combi-
nation of representations from other locations. With Transformer as the architecture, various
PLMs trained on large-scale corpora such as BERT [20] and RoBERTa [21] have been pro-
posed with the goal of languagemodel learning. Large-scale PLMswith hundreds of millions
of parameters can learn polysemantic words as well as factual knowledge from contextual
semantics. Furthermore, numerous works have proposed the use of structured knowledge
to enhance PLMs, such as KEPLER [36], and others have used distillation techniques to
reduce the number of PLM parameters, such as DistilBERT [48]. Most of them are based
on improvements of the primary PLMs, i. e., BERT and RoBERTa. One such large-scale
pre-trained language model can be deployed for many specific NLP tasks, requiring only a
small number of further instructions. A standard approach is to fine-tune the model with a
small amount of additional supervised learning. By fine-tuning large-scale PLMs, the rich
linguistic knowledge of PLMs shows great performance on downstreamNLP tasks. Recently,
ChatGPTPLM, released byOpenAI, has gained huge attention from theNLP community and
many other fields. ChatGPT is fine-tuned from the GPT-3.5 series models through reinforce-
ment learning from human feedback [65]. Several works [62–64] have shown that ChatGPT
demonstrates powerful capabilities on a lot of NLP tasks, but testing in knowledge-intensive
downstream tasks is lacking. This work aims to explore the practicability of various PLMs on
knowledge-intensive downstream tasks, i.e., knowledge graph question answering, to help
researchers select the appropriate PLMs according to their needs. Unfortunately, ChatGPT
currently only supports limited access ways and times, limiting our testing. We will leave
more work about ChatGPT for the future.

4 Two basic KGQA frameworks

4.1 Summary of the framework

To analyze the practicality of PLMs applie d to KGQA.We summarise several simple KGQA
approaches and propose two basic KGQA frameworks for evaluation5, a classification-
based KGQA framework (KGQAcl) and a retrieval and ranking-based KGQA framework
(KGQArr). Previous works [2–6] belonging KGQAcl designed various deep neural net-
works to encode the question and thenmap the question vector to theKG relational dictionary.
Previous works [7–16] belonging KGQArr first retrieved adjacent relations (one-hop)
of linked entities and then designed new network architecture or introduced contextual
information to rank these relations. Some works also propose approaches such as utilize
relation detection models to reorder entities [7] or adopt a joint training strategy [10, 13] to
improve performance butmake theKGQA frameworkmore complex. Our frameworks do not

5 There is an existing KGQA approach based on KG embedding, which introduces knowledge representation
learning, is proposed by [23] and is not included in our frameworks. This work focuses on comparing various
PLMs, so the discussion of the effect of different KG embedding methods is reserved for future work.
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consider these approaches as improving the performance of KGQA is not the purpose of this
work.

Both basic frameworks consist of four modules, including (1) Mention Detection, (2)
EntityDisambiguation, (3)RelationDetection and (4)AnswerQuery. Themaindifference
between these two basic frameworks is the relation detection module. For KGQArr, this
module is intended to to rank candidate relations (i.e. information retrieval). For KGQAcl,
this module aims to map question intent to KG relations (i.e. semantic parsing). Mention
detection and entity disambiguation are also regarded as two steps of the entity linking task.
Existing studies on KGQA typically treat entity linking as an individual task to be handled in
advance [53]. While KGQAcl usually treats entity linking and relation detection as separate
modules,KGQArr considers the whole process as a pipeline, with relation detection coming
after entity linking.

4.1.1 Mention detection

Given a natural language question, the model will first find the mention representing the
entity’s name in that question. Previous works usually treated mention detection as a named
entity recognition task and employed various models such as RNN, CNN and their variants
[2, 5, 6, 12] or BERT [14] to solve it. Other work regards it as span detection task [3] or
adopts CNN-LSTM as an encoder-decoder to generate entities directly [4].

4.1.2 Entity disambiguation

The detected mentions will be used to collect candidate entities, and these candidates will
then be ranked. Several works employ n-gram heuristics approaches [2, 3, 6] to collect entities
efficiently, and then different methods such as character similarity [2–4], TF-IDF scores [6]
are employed for entity disambiguation. [5] disambiguate candidate entities by such a simple
method as the score of connected relations. Our frameworks have adopted this simplemethod.

4.1.3 Relation detection

This module aims to obtain the correct relation in KG corresponding to the question. We
summarise the two mainstream approaches, viz., KGQAcl and KGQArr in this work.
The former is based on the idea of classification and maps the questions directly into the
KG relational dictionary as being independent of the previous modules. Previous works use
variousmodels like RNN [6], LSTM [2, 4, 5] andBERT [3] to encode sequences of questions,
which are then classified intoKG relation categories. The latter can be regarded as a similarity
matching task, which will use linked entities to retrieve a set of candidate relations and then
select the one with the highest similarity to the question. Various models [7, 8, 14, 15, 24],
attention mechanism [11, 12] and external features such as context [16] and type [10] are
designed to enhance the performance.

4.1.4 Answer query

Candidate entities and candidate relations with scores will be combined into pairs to query in
KG to get the answers. The combination with the highest total score of the weighted sum of
entities and relations is considered the correct pair [2–6]. Some works [9, 10, 12, 13] jointly
train entity disambiguation and relation detection to select the pair with the highest model
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Figure 2 The basic classification-based KGQA framework

score. However, this approach cannot be implemented in our PLMs-based frameworks due
to the limitations of the GPU6. So we do not consider this approach, which is difficult to
ground because of its excessive hardware requirements.

Note that the two basic KGQA frameworks we summarised are vanilla and contain only
PLMs and simple linear layers. This makes sense as it allows us to focus on comparing PLMs.
Except for answer query, other modules are implemented based on PLMs. In addition, the
modules are identical in both frameworks, excluding the relation detection. Next, we will
detail these two PLMs-based KGQA frameworks.

4.2 The basic classification-based KGQA framework

The basic CLassification-based KGQA framework (KGQAcl) is shown in Figure 2.
It consists of four modules described in Section 4.1, namely Mention Detection, Entity
Disambiguation, Relation Detection and Answer Query.

4.2.1 Mention detection

Given a question Q, the goal of mention detection is to identify the subject mention m. For
instance, the subject mention of the question in Figure 2 is “washington”. We treat this
task as a common PLMs-based named entity recognition task. The sequence of question is

6 Our basic frameworks are trained using an NVIDIA GeForce RTX 2080 TI
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encoded by PLMs and will then be fed into a linear classification layer. It will assign a label
for each word in the question sequence, B for the beginning of mention, I for intermediate of
mention, and O for non-mention. As PLMs adopt different tokenization methods for words,
we only annotate the first token of each word and fill in the rest using the special character
〈pad〉.

4.2.2 Entity disambiguation

The mention m representing the entity name will be used to link to the grounded nodes in
the KG. We pre-generate an inverted indexed dictionary which establishes a mapping of
mentions to entities. We use m to look up the corresponding KG entities in the inverted
index dictionary, which are regarded as candidate entities Ec. For instance, we obtain a set of
candidate entities according to themention “washington”, including the capital of theUnited
States “Washington, D.C.”, the state “Washington” and the person “George Washington”.
Besides, the adjacent relations rei for each ei ∈ Ec retrieved from KG will be used for
disambiguation. For example, the adjacent relations of the person “George Washington” are
“born_in”, “died_in”, “ f ounded_organisation”, etc.

Various PLMs are employed to score the entity ei ∈ Ec, and the formula is Sei =
gPLM(Q|ei |rei ), where | refers to the connection symbol, gPLM() represents an PLM encoder.
The loss function of the entity disambiguation model based on PLM is:

LED = − log P(y = ek), (1)

P(y = ek) = eSek

eSek + ∑N
j=1 e

Se j
, (2)

where ek denotes the gold entity, N indicates the number of negative samples, e j represents
negative entities and P(y = ek) is the probability of ek . In addition, we adopt a simple
linguistic approach, fuzzy string matching, to initially rank Ec to select more challenging
negative sample entities to train the model. We initial rank Ec according to the Levenshtein
Distance score between the entity name and the mention m.

The entity set Ec with scores is obtained at the inference stage.

4.2.3 Relation detection

Relation detection is a PLMs-based classification task in this framework. Since simpleKGQA
only considers one-hop relations, a question Q corresponds to only one relation in KG. The
model aims tomap Q to a KG relation r ∈ R. For instance, the question “where is washington
locate” in Figure 2 corresponds to the relation “located_in” in KG. Specifically, PLMs are
employed to encode the question sequence to obtain the vector h, and then h is fed into the
linear classification layer to obtain the probability distribution of relations7. The goal of the
model is to minimize:

LRD = −logP(y = r̂ |Q), (3)

P(y = r̂ |Q) = ehr̂
∑M

j=1 e
hr j

, (4)

7 The dimension of h is 1 × 1. Different PLMs obtain h in different ways, e.g. h = w · hT[CLS] in BERT.
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where r̂ refers to the gold relation, P(y = r̂ |Q) represents the probability of r̂ and M denotes
to the number of relation categories. Finally, the relation set Rc with scores is obtained.

4.2.4 Answer query

This module does not involve any neural networks and aims to query the answer in KG using
entity-relation pair. Given the set of candidate entities Ec and the set of candidate relations
Rc obtained by the entity disambiguation and relation detection modules, we combine them
into (e, r) pairs to be queried in KB, where e ∈ Ec and r ∈ Ra . We rank each (e, r) pair,
whose score is the weighted sum of its component scores, i.e., the entity disambiguation
score and the relation detection score. The score of the (e, r) pair is

S(e,r) = λSe + (1 − λ)Sr , (5)

where λ ∈ (0, 1), tuned according to the result of validation set. Se and Sr are normalized
entity score and relation score, respectively.

Note that the (e, r) pair may be invalid because such a combination does not exist in KG.
We remove these pairs by querying and verifying them in KG. In addition, the popularity of
entities is applied to further prune pairs for the same score. In our work, the popularity is
derived from FACC18 and the degree of entities.

4.3 The basic retrieval and ranking-based KGQA framework

The Retrieval and Ranking-based KGQA framework (KGQArr) is shown in Figure 3. It
is a pipeline structure and consists of four modules, of which mention detection, entity
disambiguation and answer query are identical to KGQAcl, differing only in the relation
detection module.

Different fromKGQAcl, the aim of relation detection inKGQArr is to select the relation
in candidate relations Rc that has the highest semantic similarity score to the question pattern
p. Rc consists of all adjacent relations searched by candidate entity Ec in KG. The question
pattern p is obtained by using a special token 〈e〉 by mention m to replace the mention m in
the question q ,

Following the way of Sentience-Bert [27], we employ two PLMs that share parameters
to encode questions pattern and relations, respectively. This way of encoding significantly
improves efficiency compared to cross-encoding. For each relation ri ∈ Rc, we compute their
similar score Score(p, ri ). The final predicted relation r̂ is given by the following formula:

r̂ = argmaxri∈Rc
Score(p, ri ), (6)

Score(q, ri ) = cos(Pool(h p), Pool(hri )), (7)

where h p and hri are both obtained by PLMs, Pool() refers to the pooling layer. During
training, we adopt the hinge loss to maximize the margin between the gold relation r+ and
the negative relation r− in Ec.

LRD =
k∑

i=1

max
{
0, γ − Score(p, r+) + Score(p, r−

i )
}
, (8)

8 http://lemurproject.org/clueweb12/FACC1/
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Figure 3 The basic retrieval and ranking-based KGQA framework

where γ is a constant parameter, where k is the number of negative relations. As with the
KGQAcl framework, the candidate relations Rc with scores and the candidate entities Ec

with scores will be fed into the answer query module together.

5 Benchmarks

In this section, we will describe the four benchmarks utilized for the experiments and the
method for constructing the benchmarks (Section 5.1). In addition, we introduce accuracy
and efficiency evaluation metrics, as well as the method for evaluating the scalability of the
KGQA system based on PLMs (Section 5.2).

5.1 Construction of the benchmarks

We construct experiments on four benchmarks. Apart from the popular simple KGQA bench-
mark SimpleQuestions [24], we construct three more benchmarks to explore the scalability
of PLMs onKGQA. In particular, we increase the scale of the original KG of SimpleQuestion
and propose the three KGQA benchmarks to investigate the performance changes of PLMs
as the KG size increases. Note that the question-answering datasets of the four benchmarks
are the same.

123



2866 World Wide Web (2023) 26:2855–2886

Table 1 The overall comparison of the KG for the four benchmarks

Entities Relations Triples Average Degree

SQs 1,951,909 6,701 7,188,636 88

SQm- a 61,558,084 11,127 105,003,132 176

SQm- b 90,282,560 12,227 202,002,048 293

SQl 108,183,882 12,794 292,088,464 407

Average degree represents the average number of adjacent relations of the entities appearing in the dataset

(a) The original SimpleQuestions with small-scale KG (SQs) [24]. The original bench-
mark contains more than 100,000 questions, divided into train/validation/test on a 7/1/2 split.
The KG resource of this benchmark is FB2M, denoted as GS , which contains 2M entities
and 6.7K relations. Some previous works pre-pruned KB to fit their methods because they
assumed all questions were known. We do not preprocess KG to do experiments with all
comparison models.

(b) SimpleQuestions with large-scale KG (SQl). Benchmark SQl requires getting a triple
in a large-scale KG to answer questions. For the construction of the KG of SQl, denoted as
GL , we retrieve all one-hop triples of the entities in FACC1 in the Freebase dump9. FACC1
provides the common names and the popularity of the entities. We then mergeGFACC1 with
GS to obtain the KGGL :GL = GFACC1

⋃
GS .GL contains 108M entities, 12.7K relations

and 292M triples, which completely covers GS .
Additionally, we construct two more benchmarks with KGs asGM−A andGM−B respec-

tively. Their number of triples is between that of GS and GL , and the number of triples of
these four KGs grows uniformly.

(c) SimpleQuestions with medium-scale KGA (SQm- a). The KG GM−A of SQm- a

includes 61M entities, 11.1K relations and 105M triples, which also completely covers GS .
(d) SimpleQuestions with medium-scale KGB (SQm- b). The KG GM−B of SQm- b

includes 90M entities, 12.2K relations and 202M triples, which also completely covers GS .
The overall comparison of the KG for the four benchmarks is shown in Table 1. Apart from

the number of entities, relations and triples for the KG of each benchmark, we also count
the average degree, i.e., the average number of adjacent relations of the entities appearing in
the SimpleQuestions dataset. Average degree can reflect the challenge of the benchmark to
some extent.

5.2 Evaluationmetrics

We evaluate the overall performance of KGQA in terms of accuracy and efficiency. The
accuracy metric follows the common evaluation method for SimpleQuestions, where we
calculate the accuracy of inferred (s, r ) pairs. Only a fact matching the ground truth answer
in both subject ŝ and predicate r̂ is correct.

accuracy =
∑N

i=1 1[(ŝi ,r̂i )=(si ,ri )]
N

, (9)

where N refers to the number of questions.

9 https://developers.google.com/freebase
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We calculate the average training and test time of all KGQA systems to evaluate their
efficiency. For a fair comparison, we set the same batch size and negative sampling number
for each PLM in the same basic framework.

Additionally, we defined the Variation in Accuracy (VA) and the Variation in average test
Time (VT) to evaluate the scalability of the KGQA system.

Definition 1 (VA) VA of a KGQA system on a benchmark represents the variation in the
accuracy of the system on that benchmark compared to the accuracy of the system on the
benchmark KGs. VA of a KGQA system in a benchmark KGx represents the gap between
the accuracy of the system on KGx and the accuracy of the system on small-scale KG
benchmarks KGs. VA = accuracyKGs − accuracyKGx , where KGx represents one of our
four benchmarks. A higher VAmeans that the system performs worse in terms of scalability.

Definition 2 (VT) VT of a KGQA system on a benchmark KGx represents the change in the
average test time of the system on KGx compared to the average test time of the system on
small-scale KG benchmarks KGs. VT = timeKGx − timeKGs, where KGx represents one
of our four benchmarks. A higher VT means that the system performs worse in terms of
scalability.

6 Experiments

In this section, we first present all the PLMs-based KGQA systems (Section 6.1) and the
experimental setup (Section 6.2). We then show the overall experimental results and discuss
the results in light of the three research questions (Section 6.3). We further explore the
sub-modules of KGQA and discuss them according to the three new research questions
(Section 6.3). Besides, we also evaluate all systems on two other KGQA datasets apart from
the SimpleQuestions family (Section 6.5). Finally, we compare the performance between
ChatGPT and other PLMs on datasets SimpleQuestions, WebQuestionSP and FreebaseQA
(Section 6.6).

6.1 All KGQA systems based on PLMs

In this work, 18 KGQA systems (9 PLMs * 2 basic KGQA frameworks) were imple-
mented for evaluation. Three classes of nine PLMs were used for evaluation, including
the common large-scale PLMs Bert10, Roberta11, XLnet12 and Gpt2

13 , the lightweight
PLMsALbert14,DistilBert15 andDistilRoberta16, and the knowledge-enhanced PLMs
Luke

17 and Kepler
18. As common models serve as the backbone models for lightweight

PLMs and knowledge-enhanced PLMs, we follow [54] to further classify the common PLMs

10 https://huggingface.co/bert-base-uncased.
11 https://huggingface.co/roberta-base.
12 https://huggingface.co/xlnet-base-cased.
13 https://huggingface.co/gpt2.
14 https://huggingface.co/albert-base-v2.
15 https://huggingface.co/distilbert-base-uncased.
16 https://huggingface.co/distilroberta-base.
17 https://huggingface.co/studio-ousia/luke-base.
18 https://github.com/THU-KEG/KEPLER.
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according to pre-trained task categories, namely, Masked Language Modeling (MLM, i.e.,
Bert and Roberta), Language Modeling (LM, i.e., Gpt2), and Permuted Language Mod-
eling (PeLM, i.e., XLnet). Parameters of these PLMs19 are shown in Table 2.

BERT BERT is the most representative pre-trained language model that uses the encoder
of the deep Transformer as its backbone. BERT uses Masked Language Modelling (MLM)
and Next Sentence Prediction (NSP) as self-supervised tasks for pretraining.

RoBERTa RoBERTa has almost the same architecture as BERT, while it differs in the
parameter settings and training objectives. RoBERTa removes the NSP loss and creates the
dynamic MLM mask instead of the static mask used in BERT to train a larger scale and a
longer sequence model.

GPT2 Unlike BERT and Roberta, which are all masked language models, GPT2 is an
autoregressive language model predicting one token at a time from left to right (i.e. LM).
GPT2 is often used for natural language generation, whereas BERT and Roberta are mainly
used for natural language understanding.

XLNET XLNET is known as an permuted language model [54]. Unlike GPT2 can not
utilize the context from the backward side, XLNET resolves this problem by adopting a
new objective called Permutation Language Modeling (PeLM), enabling the model to take
advantage of both forward and backward contexts.

ALBERTALBERT is a lite version of BERT. All its Transformer blocks share parameters
and its embedding matrix is decomposed into two smaller matrices. Thus ALBERT has a
much smaller number of parameters than BERT. Instead of NSP, Albert predicts the order of
two consecutive text segments.

DistilBERT DistilBERT is a distilled version of BERT that is pre-trained on the same
corpus in a self-supervised manner, using the BERT model as a teacher. This means that it
only pre-trains on raw texts, with no humans labeling them in any way.

DistilRoBERTa DistilRoBERTa is a distilled version of RoBERTa. It follows the same
training procedure as DistilBERT.

LUKELUKE is based onRoBERTa and adds entity embeddings aswell as an entity-aware
self-attention mechanism. The entity-aware self-attention mechanism is an extension of the
self-attention mechanism of the Transformer and considers the types of words or entities
when computing attention scores.

KEPLER KEPLER is a unified model for knowledge embedding (KE) and PLM rep-
resentation. It encodes textual entity descriptions with a PLM and then optimizes KE and
language modeling objectives jointly.

6.2 Experimental setup

All KGQA systems were trained using an NVIDIA GeForce RTX 2080 TI. We performed a
grid search for all KGQA systems, choosing the hyperparameter configuration that achieves
the highest final accuracy. We adopted an early stop strategy in training and set the patience
to 3. Because the PLMs-based entity disambiguation model is too large, the batch size can
only be set to 1. Nevertheless, this may cause some PLMs to be difficult to converge, so we
used the gradient accumulation method to increase the gradient accumulation step instead
of increasing the batch size. Note that the value of the batch size multiplied by the gradient
accumulation step is the same for all PLMs in the same sub-module task to ensure a fair com-
parison of their training times. In addition, KGQA systems output Top-50 results for entity
disambiguation and Top-5 results for relation detection to combine (subject, relation) pairs.

19 These data are from https://huggingface.co/.

123

https://huggingface.co/.


World Wide Web (2023) 26:2855–2886 2869

Ta
bl
e
2

Pa
ra
m
et
er
s
of

va
ri
ou
s
PL

M
s

PL
M
s

B
e
r
t

R
o
b
e
r
t
a

X
L
n
e
t

G
p
t
2

A
L
b
e
r
t

D
is
t
il
B
e
r
t

D
is
t
il
R
o
b
e
r
t
a

L
U
k
e

K
E
p
l
e
r

Pa
ra
m
et
er
s

11
0M

12
5M

11
7M

12
5M

11
M

66
M

82
M

25
3M

12
5M

123



2870 World Wide Web (2023) 26:2855–2886

6.3 Overall results and discussions

In this section, we show the overall results of the 18KGQA systems based on various PLMs in
terms of accuracy and efficiency (i.e., average training time and average testing time). Based
on these experimental results, we will discuss three questions: (1) What PLMs have the best
accuracy or efficiency performance? (2) What are the differences in accuracy and efficiency
between the two basic KGQA frameworks? (3) How scalable are the various PLMs, i.e., how
do their accuracy and efficiency vary as the size of KG increases?

6.3.1 Discussion on the accuracy of KGQA systems

The accuracy performance of all the studied PLMs-based KGQA frameworks and bench-
marks are summarised in Table 3.

The bold numbers in Table 3 represent the highest accuracy of all KGQA system results
using one benchmark. Roberta and the two knowledge-enhanced PLMs Luke and Kepler
achieves the best accuracy results. Both Luke andKepler are based on Roberta for knowl-
edge augmentation. The results demonstrate the powerful performance of Roberta and that
knowledge enhancement is beneficial for knowledge-intensive tasks, i.e., KGQA. Luke and
Kepler perform better on small-scale KG benchmarks while Roberta perform better on
large-scale KG benchmarks. This may be due to the fact that the introduction of additional
knowledge-enhancing pre-training objects affects the robustness of the model itself. Com-
paring the performance of the same PLM on the two basic frameworks, we found that the
KGQArr framework significantly outperforms the KGQAcl framework on small-scale KG
benchmark SQs. However, as the size of KG increases, the accuracy of KGQArr becomes
inferior to that of KGQAcl. We will investigate the reason for this in Section 6.4 by ana-
lyzing the performance variation of their submodules. In addition, we noted that XLnet
and Gpt2 are worse than the other PLMs in terms of accuracy in almost all settings, even
for the three lightweight PLMs. In particular, the Gpt2-based KGQArr system performed
extremely poorly in all benchmarks. We believe that the modelling way of PLMs influences
it. All PLMs are modelled by the auto-encoding way (i.e. MLM) except XLnet and Gpt2.
Gpt2 is modeled via auto-regressive way (i.e. LM), while XLnet combines the idea of auto-
encoding with auto-regressive modeling ((i.e. PeLM)). Auto-encoding modelling is skilled
in solving natural language understanding (NLU) tasks, while auto-regressive modelling is
proficient in solving natural language generation (NLG) tasks. Therefore, XLnet and Gpt2
perform poorly on KGQA because traditional approaches treat it as an NLU task to solve.
There has been some recent work [46] to convert KGQA to the NLG task for handling, and
we will explore this approach in the future.

We investigated the scalability of the KGQA systemwith twometrics, VA andVT, defined
in Section 5.2. As shown in Figure 4, the VA of all PLMs-based KGQA systems under both
basic frameworks shows an increasing trend, indicating that scalability gradually worsens as
KG size increases. We excluded the analysis of Gpt2 due to its terrible accuracy. Among
the KGQAcl and KGQArr frameworks, XLnet exhibits the worst scalability performance,
especially for the benchmark SQl with the largest KG size. In addition, the knowledge-
enhanced PLMs Luke and Kelpler perform inferiorly to other PLMs in terms of scalability
on the larger scale KG benchmarks (SQm- b and SQl). In contrast, the lightweight PLMs
ALbert,Distilbert andDistilrobert are more robust to KG scale variations and perform
better in terms of scalability. We will further analyze which sub-modules in the framework
primarily affect scalability in Section 6.4.
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Table 3 Overall accuracy (%) of different PLMs-based KGQA systems on four benchmarks

Frameworks KGQAcl KGQArr

PLMs
Benckmarks

SQs SQm- a SQm- b SQl SQs SQm- a SQm- b SQl

Common PLMs

Bert(MLM) 74.79 68.02 66.03 64.81 76.76 67.75 66.54 65.39

Roberta (MLM) 75.32 68.97 66.33 65.63 77.12 68.20 66.81 65.66

XLnet (PeLM) 74.30 66.47 65.31 59.92 76.26 66.41 65.40 58.55

Gpt2 (LM) 73.39 66.52 64.53 64.30 23.18 20.04 19.88 19.75

Lightweight PLMs

ALbert 74.26 67.01 65.37 64.66 76.20 66.80 65.60 65.10

DistilBert 74.29 67.87 65.45 64.36 75.11 68.07 65.55 64.46

DistilRoberta 74.04 67.32 64.67 64.39 73.24 67.37 65.48 64.00

Knowledge-enhanced PLMs

Luke 75.67 69.25 65.26 64.86 77.00 67.97 65.11 64.26

Kepler 74.87 68.41 65.23 65.15 77.41 68.41 66.20 64.94

Bolded numbers indicate the highest accuracy

Figure 4 Scalability of all KGQAcl frameworks (a) and KGQArr frameworks (b) in terms of accuracy
variation

Figure 5 Scalability of all KGQAcl frameworks (a) and KGQArr frameworks (b) in terms of average test
time variation
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6.3.2 Discussion on the efficiency of KGQA systems

The efficiency performance of all the studied PLMs-based KGQA frameworks and bench-
marks are summarised in Table 4. We set the same patience for all KGQA systems so that
each model was trained to converge. Due to the different convergence rates of the different
PLMs, the variation of the training time of the PLMs did not coincide with the variation of
the testing time.

As shown in Table 4, the two lightweight PLMsDistilBert and DistilRoberta exhibit
the highest efficiency in training and testing. DistilBert is up to 3.1x faster than XLnet

on training (2325.5 ms vs. 749.7 ms), and DistilBert is up to 3.2x faster than XLnet on
testing (85.3 ms vs. 26.3 ms). Another lightweight model, ALbert, has the least number of
parameters, but its efficiency does not have any advantage over other PLMs. Therefore, the
knowledge distillation approach is an effective way to improve efficiency, while the matrix
parameter sharing strategy only reduces GPU memory consumption, with no improvement
in efficiency. In addition, the time consumption of all PLMs tends to increase as the size of
KG increases. Comparing the efficiency of different basic frameworks for the same PLM,
KGQArr is always more time-consuming than KGQAcl. According to the analysis in
Section 6.3.1, the KGQArr framework is only more accurate than the KGQAcl framework
for small-scale KG benchmark SQs. Therefore, the KGQAcl framework is a better choice
for large-scale KG benchmarks.

The efficiency scalability of all PLMs based on both frameworks is shown in Figure 5. All
PLMs showan increasing trend inVTas theKGsize increases.Among them,DistilRoberta
has the best scalability as it has the smallest VT on all benchmarks. Another lightweight PLM,
DitilBert, also shows good scalability. Section 6.3.1 also demonstratesDistilRoberta and
DitilBert have the equivalent accuracy performance as the other PLMs on large-scale KG.
These findings indicate that the two knowledge distillation PLMs have excellent scalability.
The knowledge distillation is a promising approach for PLMs applied to KGQA.

6.3.3 Summary and new research questions

Some important conclusions can be drawn from the above discussion. Roberta, Luke and
Kepler perform best in terms of overall accuracy. Nevertheless , Luke and Kepler have
slightly poorer scalability, with a greater variation in accuracy as the KG size increases.
The two lightweight PLMs DistillBert and DistilRoberta exhibit the best scalability in
accuracy and efficiency. Their accuracy on large-scaleKG is the same as other PLMs, and their
inference time is up to 3.3x faster than other PLMs. For the KGQA framework, theKGQArr
framework is significantly less efficient than the KGQAcl framework. Furthermore, the
higher accuracy of KGQArr-based systems than KGQAcl-based systems is only at small
KG scales. As the KG size increases, the KGQAcl-based system gradually outperforms the
KGQArr-based system, which indicates the poor scalability of the KGQArr framework.

These findings lead us to explore the following questions further. (1) What sub-modules
of the KGQA system are primarily responsible for the differences in accuracy and efficiency?
(2) What sub-modules in the KGQA system are most susceptible to the variation in the size
of KG? (3) Why does the KGQArr framework have worse scalability? We explore these
three questions by examining the performance of the submodules of all KGQA systems.
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Table 5 Results of mention
detection of all PLMs-based
KGQA systems

PLMs Precision Recall F1 Te

Common PLMs

Bert (MLM) 95.12 95.50 95.31 2.50

Roberta (MLM) 94.62 95.77 95.21 2.27

XLnet (PeLM) 95.05 95.28 95.16 4.00

Gpt2 (LM) 85.85 88.15 86.98 0.73

Lightweight PLMs

ALbert 94.32 94.68 94.51 2.43

DistilBert 94.58 95.37 94.97 1.15

DistilRoberta 94.41 94.92 94.66 1.18

Knowledge-enhanced PLMs

Luke 94.02 94.40 94.21 1.22

Kepler 94.60 95.01 94.80 2.63

Te refers to the average test time (ms). Bolded numbers indicate the best
performance and underlined ones indicate the shortest time spent

6.4 Study of the KGQA sub-modules

6.4.1 Results and discussion on KGQA sub-modules

We further compared the sub-module performance of each KGQA system in this section to
explore the primary influencers of accuracy and efficiency for each PLMs. Additionally, we
compared the two KGQA base frameworks to explore the reasons for their large variability.

Tables 5, 6 and 7 show the overall results for Mention Detection (MD), Entity Disam-
biguation (ED) and Relation Detection (RD) respectively. For efficiency, we only compare
the average test time. We do not analyze Anwer Query further as it is irrelevant to PLMs.
The final result of MD is not affected by the KGQA basic frameworks and benchmarks, and
it is only relevant to PLMs. Table 5 shows that all PLMs except Gpt2 have similar accuracy
and efficiency on MD. It indicates that Gpt2, based on auto-regressive modelling (i.e. LM),
is not good at solving NER tasks. Bert has the highest F1 value but poor efficiency. Notice
that Bert’s distilled version DistilBert improves efficiency by almost double and has only
a slight performance penalty.

The ED of both frameworks is the same. As shown in Table 6, RoBerta exhibits the best
accuracy performance, and DistilBERT and DistilRoBERTa have the shortest test time.
It is worth to note that the accuracy and efficiency of all PLMs in the ED task are greatly
affected by the KG size. This is because as the KG size increases, the number of candidate
entities and the degree of entities increases, as shown in Table 1. But, as the KG size gets
larger, the impact on accuracy becomes smaller. XLnet shows the most severe decrease in
accuracy (27.59% decrease), and ALbert shows the most significant increase in test time
(50.3ms increase).

As shown in Table 7, there are significant differences in performance on RD between
the two KGQA frameworks, which leads to differences in the final accuracy and efficiency
of the two frameworks. All rows in Table 7 show that the KGQAcl is more efficient than
the KGQArr because KGQArr needs to encode all candidate relations to and questions to
calculate similarity, whereas KGQAcl only needs to encode questions. This is also why the
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Table 6 Results of entity disambiguation of all PLMs-based KGQA systems on four benchmarks

PLMs Benchmarks
SQs SQm- a SQm- b SQl

Common PLMs

Bert (MLM) Top@1 82.26 73.58 72.79 71.39

Te 41.8 67.6 80.2 72.1

Roberta (MLM) Top@1 82.57 75.32 73.85 71.80

Te 42.0 65.8 69.3 87.3

XLnet (PeLM) Top@1 82.46 69.12 67.75 54.87

Te 78.5 107.6 136.8 87.3

Gpt2 (LM) Top@1 80.17 71.49 69.4 69.18

Te 46.5 70.4 77.0 81.5

Lightweight PLMs

ALbert Top@1 82.0 73.21 71.3 71.43

Te 50.6 74.3 86.9 100.9

DistilBert Top@1 81.80 72.59 70.41 67.7

Te 24.3 41.1 39.0 61.6

DistilRoberta Top@1 81.59 72.75 68.76 69.14

Te 26.0 44.5 42.7 42.6

Knowledge-enhanced PLMs

Luke Top@1 81.85 74.27 67.45 69.08

Te 38.9 74.5 80.6 83.9

Kepler Top@1 82.53 74.43 69.59 71.33

Te 44.0 69.2 74.5 81.6

Top@1 denotes top-1 recall. Te refers to the average test time (ms). Bolded numbers indicate the best perfor-
mance and underlined ones indicate the shortest time spent

increase in KG size significantly affects the accuracy and efficiency of KGQArr, yet it does
not affect KGQAcl. Although the accuracy of KGQArr is significantly higher than that
of KGQAcl on small-scale KG benchmark SQs, the former is less scalable than the latter.
In addition, the knowledge-enhanced PLMs Luke and Kepler show the highest accuracy
performance, which indicates the effectiveness of the knowledge-enhanced approach.

In general, both ED and RD modules significantly impact the final accuracy. ED and RD
based on the KGQArr framework have a primary effect on the final efficiency, and they are
most susceptible to changes in KG size. KGQArr has worse scalability than KGQAcl due
to their different approaches to solving RD.

6.4.2 Entity disambiguation using the vanilla method

The analysis in Section 6.4.1 demonstrates that PLMs-based entity disambiguation takes
up the most time in the whole KGQA system. Given the high computational complexity of
PLMs, we attempt to solve entity disambiguation using a vanilla method without any neural
networks. We use only a simple linguistic approach, fuzzy matching, to rank all candidate
entities (mentioned in Section 4.2.2). Specifically, we rank all candidate entities according
to the Levenshtein Distance score between the entity name and the subject mention.
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Figure 6 Comparison of top-1 recall of entity disambiguation and final accuracy results for various PLMs
(a-i) based methods and vanilla method. Van ED and Van Acc denote entity disambiguation and the whole
KGQA system using vanilla method, and ED denotes entity disambiguation and the whole KGQA system
using PLM

Table 6 shows the comparison results regarding the performance of vanilla methods and
PLMs on entity disambiguation on all benchmarks, and their impact on the final accuracy.
Compared to the vanilla method, all PLMs significantly improved the performance of entity
disambiguation on all benchmarks (Van ED vs. ED). However, the improvements in the final
accuracy of PLMs are not as significant in most cases (Van Acc vs. Acc). This is because the
answer query module performs a weighted combination of candidate entities with scores and
candidate relationswith scores, which also screens out ambiguous entities to some extent. It is
worth noting that XLnet improves entity disambiguation on the large-scale KG benchmark
KGl (Figure 6(c)), yet is worse than the vanilla method in terms of final accuracy. This
is because the large-scale KG contains too many noisy relations, leading the XLnet-based
entity disambiguation model to assign a lower score to the ambiguous entities that some
answer query modules can filter out. In addition, Figure 7 shows the efficiency of the vanilla
method compared to that of PLMs on entity disambiguation, the vanilla method takes much
less time than PLMs. Therefore, PLMs-based entity disambiguation is time costly and has
limited improvement in the final accuracy of KGQA. More importantly, using the XLnet-
based entity disambiguation model can even reduce the final accuracy on large-scale KG
benchmark KGl.
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Figure 7 The average test time of the various PLMs-based methods compared to the vanilla method used to
resolve entity disambiguation in all benchmarks

Table 8 Overall accuracy and
efficiency of different
PLMs-based KGQA systems on
WebQuestionSP (WB) and
FreebaseQA (FBQ)

Frameworks KGQAcl KGQArr

PLMs
Benckmarks

WQ FBQ WQ FBQ

Common PLMs

Bert (MLM) Acc 61.76 40.12 64.11 41.48

Te 44.5 44.9 72.2 72.4

Roberta (MLM) Acc 62.32 40.40 64.59 41.97

Te 44.4 44.9 72.2 72.3

XLnet (PeLM) Acc 61.46 39.80 63.87 41.15

Te 85.1 85.1 119.8 117.7

Gpt2 (LM) Acc 60.49 39.03 18.11 5.09

Te 48.3 48.5 76.3 76.5

Lightweight PLMs

ALbert Acc 61.47 39.83 63.89 41.16

Te 55.1 55.3 104.9 104.9

DistilBert Acc 61.49 39.84 63.59 40.88

Te 26.7 26.9 48.4 48.5

DistilRoberta Acc 61.05 39.43 62.57 39.36

Te 28.9 28.0 43.2 43.0

Knowledge-enhanced PLMs

Luke Acc 62.31 40.62 64.52 42.08

Te 41.2 41.3 67.5 67.7

Kepler Acc 62.02 40.29 64.46 42.02

Te 48.8 48.8 68.8 69.0

Acc denotes accuracy (%). Te refers to the average test time (ms). Bolded
numbers indicate the highest accuracy. Underlined ones indicate the
shortest time spent
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6.5 Validation beyond the simple questions benchmarks

In addition to the four benchmarks of the SimpleQuestions family (Section 5.1), we evaluated
the accuracy and efficiency of all systems on the WebQuestionSP [57] and FreebaseQA [56]
datasets. Both datasets adopt the large-scale KG, Freebase, as the resource and include a high
proportion of simple questions (71.3% inWebQuestionSP and 66.4% FreebaseQA). As these
two datasets include numerous questions with multi-hop paths or multiple constraints, such
as “What character did Natalie Portman play in StarWars?”, we followed [55] to pre-process
these two datasets20. Specifically, we kept only simple questions that can be answered by a
triple and questions with entities or predicates within FB2M.

Table 8 demonstrates the overall accuracy and efficiency results for all systemsonWebQes-
tionSP and FreebaseQA.Based on these results, we get similar conclusions to the experiments
on SimpleQuestions.Roberta and Luke have the best performance.Gpt2 perform theworst
in terms of performance, especially in the KGQArr framework. Almost all PLMs based on
theKGQArr frameworkhave higher accuracy performance than those based on theKGQAcl
framework but are more time-consuming. The two distillation-based PLMs,DistilBert and
DistilRoberta, are far more efficient than the other PLMs. Furthermore, all systems per-
formed poorly on FreebaseQA, with even the best, Luke, only achieving 42.08% accuracy.
After performing an error analysis, we found that FreebaseQA contained many mislabelled
and unanswerable questions.

6.6 ChatGPT for zero-shot KGQA

We conducted experiments to compare the performance betweenChatGPT21 and other PLMs
on 300 sampling questions from SimpleQuestions, WebQuestionSP and FreebaseQA. Note
that ChatGPT was under the zero-shot KGQA setting, while other PLMs were fine-tuned
using the training set in a better-performing framework (KGQAcl framework with GPT2
and KGQArr frameworks with the other PLMs). The input of ChatGPT consists of the
instruction (“Please answer the given question based on the context. The answers should be
factual answers.”) and the question, inspired by [62]. After reading the entire input, themodel
generates the answer in the form of a piece of text22. For each question, the answers generated
by ChatGPT were evaluated and cross-validated by two professionals with reference to gold
answers.

Table 9 demonstrates that ChatGPT outperforms other PLMs by up to 12% on WebQues-
tionSP and far surpasses other PLMs by up to 54% on FreebaseQA. However, ChatGPT
performs miserably on SimpleQuestions with an accuracy of only 29.3%. We speculate that
the discrepancy is caused by the different construction methods of these datasets. WebQues-
tionSP was derived from Google Suggest API, while FreebaseQA was scraped from trivia
and quiz-league websites, which are still accessible. In contrast, SimpleQuestions were con-
structed by humans based on Freebase triples. Therefore, it is possible that ChatGPT has
seen these questions or related texts due to its extremely large training corpus.

We further categorized the error cases of ChatGPT on SimpleQuestions as shown in
Table 10. We consider the Enumeration type questions, which account for 38.2%, as a

20 The pre-processed datasets are available at https://github.com/aistairc/simple-qa-analysis.
21 The version of ChatGPT is Jau 30 Version, and the user’s access times are limited. We have released the
script for accessing ChatGPT.
22 We have also tried to generate concise answers like entity names by specific instructions, but it leads to
worse performance.
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Table 9 Accuracy (%) of
ChatGPT, KGQAcl framework
with GPT2 and KGQArr

frameworks with the other PLMs
on SimpleQuestions (SQ),
WebQuestionSP (WB) and
FreebaseQA (FBQ)

PLMs Benckmarks
SQ WQ FBQ

Bert 76.7 68.7 41.7

Roberta 77.7 69.0 42.0

XLnet 75.7 68.0 41.0

Gpt2 72.7 64.3 39.0

ALbert 76.3 66.7 41.3

DistilBert 76.7 67.7 41.3

DistilRoberta 76.0 67.0 40.3

Luke 78.0 68.3 42.0

Kepler 77.3 68.7 41.7

ChatGPT 29.3 76.3 93.7

Bolded numbers indicate the highest accuracy

category of errors due to the difficulty of verifying that all enumeration items are correct. Note
thatwhen enumeration items include the gold answers,we consider the answer as correct. That
is, In type1Enumeration, ChatGPT’s answer does not contain a golden answer.Even though
we regard all the questions of Type 1 as correct, the accuracy of ChatGPT on SimpleQuestions
is 56.3%, which is still significantly inferior to other PLMs.Wrong Answers (account for
26.9%) indicate that ChatGPT answers differ from gold answers. Besides, we noticed that
ChatGPT even generates incorrect facts, also known as the hallucination problem [63]. For
example, in the second example in Table 10, this politician and revolutionary is actually Felix
Dzerzhinsky rather than Ivan Dzerzhinsky. In addition, 22.6% of the error cases are due to
a lack of knowledge about the subject entity (i.e. Lack of Knowledge), and 10.0% of
the error cases are due to a lack of additional information to disambiguate the subject entity
(i.e. Ambiguous Entities). 1.4% of the errors are due to ChatGPT misunderstanding the
semantics of the question (i.e.Misunderstanding). The poor quality of the question itself
causes 0.9% of the errors (i.e. Dataset Problem). These cases demonstrate that ChatGPT
may generate factual errors and still lacks extensive factual knowledge since many subject
entities cannot be identified.

7 Conclusion and future works

Due to the improved performance of PLMs on most NLP tasks, it has become a consensus
to use PLMs as a skeleton to solve NLP tasks. In this paper, we investigate the application
of PLMs to solve a knowledge-intensive task, namely knowledge graph question answering.
We conduct comprehensive experiments to explore the accuracy and efficiency performance
of PLMs on KGQA, as well as the scalability of PLMs as KG size increases. In addition, we
compare the performance between ChatGPT and other PLMs on three KGQA datasets. We
present a detailed analysis of these experimental results and draw some important conclusions
regarding the use of PLMs in KGQA.

1. Roberta and the knowledge-enhanced PLMs Luke and Kepler achieve the highest
accuracy performance in theKGQAtask.Luke andKeplerperformedbetter on the small-
scale KG benchmarks, andRoberta performed better on the large-scale KG benchmarks.
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Table 10 Six error types of ChatGPT on SQ

1. Enumeration (38.2%)

Question: what album is from the dance music genre?

ChatGPT: There are many albums that belong to the dance music genre, as it is a broad and diverse
genre. Some popular dance music albums include: * Da f t Punk − Homework (1997) *
The Chemical Brothers − Dig Your Own Hole (1997)...

Gold: love’s crazy

2. Wrong Answers (26.9%)

Question: what is ivan dzerzhinsky profession ?

ChatGPT: Ivan Dzerzhinsky was a Soviet statesman and Bolshevik revolut i onar y...

Gold: composer

3. Lack of Knowledge (22.6%)

Question: which country does elizabeth larner have nationality in?

ChatGPT: I’m sorry, but I don’t have any information on an individual named Elizabeth Larner and their
nationality. Can you provide more context or details?

Gold: kingdom of great britain and northern ireland

4. Ambiguous Entities (10.0%)

Question: who is the lyricist of forever?

ChatGPT: Forever is a popular song and there are several songs with the title "Forever." Can you provide
more context or specify which "Forever" you’re referring to? This would help me better answer your
question.

Gold: ferr

5. Misunderstanding (1.4%)

Question: who plays defender in soccer?

ChatGPT: In soccer, players who play in the defensive positions are referred to as defenders. The main
responsibility of a defender is to prevent the opposing team from scoring goals by blocking shots,
tackles, and interceptions...

Gold: bogdan bucurică

6. Dataset Problem (0.9%)

Question: what is book was published by ?

ChatGPT: I’m sorry, but you haven’t specified which book you are referring to. Can you please provide
the name of the book so I can assist you better?

Gold: thirteenth tribe

2. Lightweight PLMs DistilBert and DistilRoberta with knowledge distillation tech-
nology significantly improve efficiency and have lower accuracy than other PLMs on the
small-scale KG benchmarks. However, DistilBert and DistilRoberta exhibit the best
scalability. As KG size increases, the gap between their accuracy and that of other PLMs
is gradually eliminated.

3. The accuracy of XLnet with permuted language modelling and Gpt2 with language
modelling is worse than that of PLMs with masked language modelling, especially the
KGQArr framework based on Gpt2.

4. The combined overall accuracy and efficiency results of KGQA show that PLMs-based
entity disambiguation has no advantage over fuzzymatching-based entity disambiguation.
Although the former is significantly better than the latter in the performance of entity
disambiguation, the gap in accuracy between the two KGQA systems based on them is
insignificant because the answer queryf module has the ability to disambiguate.
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5. ChatGPT shows superior performance on zero-shotWebQuestions and FreebaseQA, even
significantly outperforming other PLMs with fine-tuning. We speculate that this is due to
the fact that ChatGPT has seen a similar corpus during training, as it performs extremely
poorly on manually constructed SimpleQuestions. The error case analysis suggests that
ChatGPT may generate answers with incorrect facts and still lack knowledge since many
subject entities cannot be identified.

Further, we examine the overall results of the various PLMs on the subtasks of KGQA and
obtain similar conclusions. Roberta and Bert exhibit the best performance on the entity
detection and entity disambiguation tasks, while the knowledge-enhanced PLMs Luke and
Kepler show strong capabilities on the relation detection task. DistilBert and Distil-

Roberta have a clear efficiency advantage and perform well on all tasks except for the
entity disambiguation task, which is slightly inferior. In addition, we find that the KGQArr-
based systems are significantly less efficient than theKGQAcl-based systems. Furthermore,
the higher accuracy of KGQArr-based systems than KGQAcl-based systems is only when
the KG scale is small. As the KG scale increases, the former is gradually inferior to the latter,
which indicates the poor scalability of the KGQArr framework.

In future work, we will extend the proposed simple KGQA framework to the multi-hop
complex KGQA framework. We will also keep investigating the application of knowledge
distillation and knowledge-enhanced PLMs in KGQA, as our experiments show them to
be promising. In addition, we will follow up with artificial general intelligence models like
ChatGPT and test them more carefully, especially in terms of efficiency.
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