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ABSTRACT

In this paper, we introduce LiteratureQA, a large question answer-
ing (QA) corpus consisting of publicly available academic papers.
Different from other QA corpus, LiteratureQA has its unique chal-
lenges such as how to leverage the structured knowledge of ci-
tation networks. We further examine some popular QA method
and present a benchmark approach of answering academic ques-
tions by combining both semantic text and graph knowledge to
improve the prevalent pre-training model. We hope this resource
could help research and development of tasks for machine reading
over academic text. !
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1 INTRODUCTION

With the rapid development of artificial intelligent in recent years,
the number of published papers shows an astonishing upward trend
(62,300 published in 2018, 84,600 published in 2019 and 92,400 pub-
lished in 2020)%, which requires researchers to spend a large amount
of time reading innumerable academic papers for the purpose of
research, e.g., for literature survey. Although many paper-reading

10ur corpus are publicly available for non-commercial use at Google Drive:
https://drive.google.com/drive/folders/1Fk978PaBIKGrICMdYHqllgg3ohj-CdhS?
usp=sharing, and our code can be found on https://github.com/lzhou1998/literatureQA
2Sources from https://scholar.google.com
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groups have been formed to help highlight the most critical in-
formation in research papers, time-consuming human efforts are
inevitably needed, motivating us to design an intelligent system as
an alternative.

Machine reading comprehension (MRC) systems, which enable
machines to answer questions about a certain document with a thor-
ough understanding of it, have become an accessible and productive
substitute for human labor[7]. Application of MRC to academic pa-
pers can save researchers much time on reading papers as well as
sorting out papers that meet their requirements.

Many pre-training models such as ELMo [11], BERT [3] and XL-
Net [26] have achieved great success in several NLP task including
MRC and QA. Some researchers use the entity recognising and
linking methods to enhance the pre-trained models, such as ERNIE
[30]. However, above methods all ignore the graph information
among the input academic paper[21], e.g., papers relation in aca-
demic social networks for academic paper reading comprehension,
which entails the latent graph knowledge and improve the language
understanding for tasks such as MRC.

In this paper, we introduce LiteratureQA, the corpus of question
answering on academic text, focus on utilizing the enhanced aca-
demic paper reading comprehension model with graph information
[5] as well as highlighting the essential information in academic
paper abstracts in certain topics and mining the latent information
in academic social networks. To achieve this goal, we present the
paper reading and comprehension dataset (LiteratureQA) which we
start with pre-training our model with both textual and structural
information and then fine-tuning for the specific question answer-
ing task, using the accuracy of answers to represent how machines
read and comprehend.

Existing QA datasets, such as SQuAD [12, 13], CNN/Daily Mails
[6] and MS MARCO [10] mostly concentrate on general content
such as news articles and stories. An alternative and distinctive
dataset focusing on academic literature is strongly needed. Inspired
by this, we construct a novel QA dataset on academic papers called
LiteratureQA, which consists of over 150k question-answer pairs
based on a set of over 10k abstracts from artificial-intelligent related
papers. These papers are all published on top-tier conferences.
The questions are proposed according to the specific context in
each abstract, asking about the paper’s objective, method, model,
experiment and others. Answers to these questions, consisting
of spans, i.e., sequences of words, in the corresponding abstract,
are annotated by students with artificial intelligent background.
The reasons why LiteratureQA corpus is constrained to research
paper abstracts are twofold. First, since an abstract summarizes the
main content of a paper, it precisely provides the most concerned
information required by researchers, while neglecting trivial details
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that one normally shows minor interest in at the very first glimpse
of the paper. Second, the long content of academic papers would be
very different in structures and presentation of formulas, figures and
tables, making it difficult to extract useful and concise information
for further use.

Figure 1 shows an example of LiteratureQA corpus. The upper
part in light blue includes the metadata information, which is title,
author names, institutes, venue, topics, references and abstract. The
bottom part in light green consists of 19 questions given to workers,
and the answers they made after read the abstract. For the academic
entities such as author, institutes, venues, etc., we normalize and
distinguish so the same entities are linked by the unified id. For
the question “What problem does this paper study?”, the answer is
highlighted in the text and presented below as well. Typically, there
are several question-answer pairs for a piece of abstract. From this
figure, we can see that LiteratureQA has three major characteristics
that make it challenging and distinguishing. (1) It is a question
answering dataset based on the corpus of academic abstracts. (2)
Most of the questions require deep comprehension and reasoning
beyond simple word matching or extraction. (3) The answers may
contain sophisticated terminology. Such entities require external
knowledge to recognize.

To tackle the challenging task and assess the difficulty of Liter-
atureQA, we benchmark some existing machine comprehension
models and propose an intuitive pre-training model, leveraging
both text and knowledge graph information to enhance QA perfor-
mance on our dataset as a benchmark.

Our model mainly consists two modules: (1) the textual encoder
(T-Encoder), which encode the textual information by capturing
the lexical and syntactic information from the input paragraphs or
sentences. (2) The graph information encoder (G-Encoder), which is
designed to integrate the structural information of each paragraph
in KG corresponding to the textual input with the underlying layer,
so that we can combine the heterogeneous information of both plain
text and graph information into the representation. Furthermore,
the T-Encoder and G-Encoder have N and M layers respectively.

Empirical results on LiteratureQA corpus show that leveraging
knowledge of academic network improves the performance of the
prevalent pre-trained language model.

The contributions of our paper are as follows:

e We provide a human-labeled machine reading corpus over
150k question-answer pairs focusing on over 10k academic
text, quite different from other existing question answer-
ing datasets such as SQuAD [13]. The text in LiteratureQA
include metadata such as paper title, authors, normalized
institutes, venues and linked references, so every text is build
into the academic graph.

We propose a novel language understanding model as a
benchmark method for further comparison by integrating
both textual corpora and structural knowledge of academic
graph, which outperforms the state-of-the-art pre-training
model BERT on the studied tasks.

2 RELATED WORK

Benchmarking Datasets Reading Comprehension datasets re-
quire systems to identify a span in a text to answer a given question,
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Abstract:

Multiple instance learning (MIL) is a variation of supervised
learning where a single class label is assigned to a bag of
instances. In this paper, we state the MIL problem as learning
the Bernoulli distribution of the bag label where the bag label
probability is fully parameterized by neural networks.
Furthermore, we propose a neural network-based permutation-
invariant aggregation operator that corresponds to the attention
mechanism. Notably, an application of the proposed attention-
based operator provides insight into the contribution of each
instance to the bag label. We show empirically that our
approach achieves comparable performance to the best MIL
methods on benchmark MIL datasets and it outperforms other
methods on

without sacrificing interpretability.

Question 1: What problem does this paper study?

Answer 1: Multiple instance learning

Question 2: What approach does this paper propose?

Answer 2: a neural network-based permutation-
invariant aggregation operator

Question ...
Answer ...
Question 18: What dataset does this paper use?

Answer 18: a MNIST-based MIL dataset and two real-
life histopathology datasets

Figure 1: An illustration of LiteratureQA corpus.

which typically involves extracting relevant entities and reasoning
based on rules. There have been several reading comprehension
datasets up to present. MCTest [14] contains 660 stories. Most of the
stories and sentences are short, and the size of vocabulary is quite
small as well. SQuAD [12, 13], the most famous challenge in the
field of question answering, contains about 100K question-answer
pairs from 536 articles, where the context for each question is a
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single paragraph in these articles. CNN and Daily Mail QA datasets
[6] are two large-scale cloze datasets which contain numerous doc-
uments. MS Marco [10] is another MRC dataset sampled from real
web documents and user queries. Close scrutiny of existing reading
comprehension datasets, however, reveals that these datasets do not
get involved in the corpus of academic papers. Such corpus presents
a more challenging task demanding higher-level intelligence for
machines.

At present, there have been several works focusing on the do-
main of academic literature. The PubMed 200k RCT [2] is a pub-
lic large-scale dataset for sequential sentence classification built
upon academic abstracts. However, this task is simple without re-
quirements for machine comprehension and reasoning. [1] summa-
rizes scientific papers to abstracts and provide two datasets derived
from Arxiv and PubMed. However, abstractive summarization is
more like information retrieval and lack of comprehension. DL-
Paper2Code [15] extracts and understands deep learning design
flow diagrams and tables in a research paper and converts them
into execution ready source code. SCI TAIL [8], also focusing on
scientific QA task, treats multiple-choice question-answering as an
entailment problem. It is constructed solely from natural sentences,
which is quite different from our reading comprehension dataset. To
the best of our knowledge, LiteratureQA is the first dataset bringing
machine comprehension into the corpus of academic abstracts.

Question Answering Models A great number of end-to-end
neural network models have been investigated to tackle the task
of machine reading comprehension, including R-Net [23], DCN
[25], ReasoNet [16], GA Reader [4] and QANet [27]. They typically
consist of an embedding layer, an encoding layer to integrate con-
textual information, an attention layer to incorporate query and
context, a decode layer and an output layer which varies according
to the specific QA task. However, in terms of our dataset, empirical
observations indicate that word and pattern similarity often mis-
leads the model, contributing to the answer located in a sentence
with semantic correlation, which is not supposed to be the location
for the right answer. Question understanding and adaption [29]
explores different question encoding, but it doesn’t adapt to our
dataset due to the questions’ simple pattern in our dataset. DCR
[28] extracts and ranks a set of answer candidates, while we take
advantage of semantic information in the sentence level. S-Net [17]
and [20] takes advantage of joint learning, inspiring us to design a
similar framework [20] for end-to-end training.

3 CONSTRUCTING THE CORPUS

In this section, we introduce the process through which we select
and clean the publications of the corpus, propose questions and
collect answers via crowdsourcing. Then we introduce the way we
used to link the entities of the corpus to build the academic graph.

3.1 Document Selection

The recent several years have witnessed an astounding growth in
the field of artificial intelligent, especially deep learning in natural
language processing and computer vision The number of publi-
cations in this field shows an astonishing upward trend (62,300
published in 2018, 84,600 published in 2019 and 92,400 published
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Figure 2: System demonstration for interactive abstract in-
puts.

in 2020)%, which requires researchers to spend a large amount of
time reading innumerable academic papers for the purpose of re-
search, so it is very helpful if machine can read papers and answers
our questions. Moreover the frontier technologies produced in the
field of artificial intelligent are broadly used in other filed such as
genetics, geology and etc. The researchers especially in the other
field are urgently using the frontier artificial intelligent techniques
while it is hard to read so many unfamiliar publications. Therefore
it is meaningful establish a brand new question answering corpus
focusing on artificial intelligent papers. In addition, papers from
different fields vary a lot in structures, contents, objectives, etc.
Such distinctions make it hard for machines to learn multifarious
patterns. Papers on artificial intelligent share similar patterns, en-
suring that the task is learnable. Under these considerations, we
sample papers in the field of artificial intelligent published in the
last 10 years, mainly sourced from prevalent conferences, including
NIPS, ICML, ICLR, AAAI, ACL, and CVPR. Although all of the cor-
pus are related to artificial intelligent, the publications are diverse
in terms of topics such as natural language processing, computer
vision, neural network theory and etc. Considering the literature
in close topic have similar structure of abstract content, and have
similar no-answer questions. And the answers to the same question
may have similar way of expression. Therefor, it is meaningful
for question answering task to consider the topic, keywords and
published venues which provide hidden information to a better
answer. Moreover, publications written by one author may share
some similar expression skills. Leveraging the author information,
we can understand the text more easily and precisely and give a
better answer. In our corpus, we disambiguate the authors share
the same name and normalize the varieties of the author names.
For each publication, we use only metadata i.e. title, abstract, au-
thors, institutes of the author, year of publish, topics and references
which is no infringement of copyright. We regard title and abstract
as pure text for natural language understanding and take author,

3Sources from https://scholar.google.com
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institutes, topics and references as unified entities, so we build the
academic graph using entity linking methodology. We collect the
open access metadata from academic publisher such as ACM Digi-
tal Library? and IEEE Xplore®,where the metadata can be accessed
online by anyone, free of charge and without having to go through
any registration.

3.2 Question Posing

We establish a question base composed of a finite number of ques-
tions, to be exact, 19 different questions as shown in table 1. Ques-
tions are rendered through empirical observation of hundreds of
abstracts, ensuring that they can be applied to numerous abstracts
rather than only a few of them. The questions in the question base
are divided into several types of semantic heading as Dernoncourt
and Lee’s background, objective, methods, results, conclusions and
others which are finite and general. This form of question posing is
due to the fact that the more general questions we ask, the deeper
comprehension of the abstract is needed. On the contrary, specific
and non-unified questions focus on details related to the context,
and answers can be retrieved using merely lexical or syntactic
variation but not understanding of the academic knowledge. Thus,
specific and non-unified questions do not distinguish our datasets
from others like SQuAD [12, 13] in that they do not ask about more
abstruse academic knowledge, and do not require deeper under-
standing as well. An example of a question set that we provide
according to a specific abstract is shown in Table 1, which is a
set of the question base. All of the abstract are asked the same 19
questions, but some of the questions may have no answers.

3.3 Answer Sourcing

We create an interactive crowdsourcing website as shown in figure
2, which randomly presents a paper abstract in our corpus follow-
ing with several questions to the abstract need to be answered. We
invite over 500 crowdworkers to assist in building this dataset. Our
crowdworkers are college students majoring in computer science
who have taken artificial intelligent courses before. Students are
awarded bonus according to their performance. Each student pro-
vides answers in approxiamately 20 abstracts on average, and the
maximum number of question-answer pairs provided by a single
student is about 200. For each The workers are well payed above the
local average incomes. Specifically, the workers was payed about
6 dollars for 20 effective reading and answering. Crowdworkers
answer questions after acquiring a thorough understanding of the
abstract presented. For a given abstract, all the 19 questions are
shown on the webpage and the student should read the abstract and
answer all of the questions or label as no-answer. They may render
the answer null if the abstract contains insufficient information.
That is, crowdworkers select questions that they can answer from
the prepared question base, thus constructing a specific question set
for each abstract as shown in figure 5. Answers can only be attained
by highlighting and copying continuous words (i.e. span) from the
abstract. We provide our crowdworkers with detailed instructions
as well as examples of good and bad answers. The answers selected
by crowdworkers can then be stored into our dataset. For each

“https://dl.acm.org/
Shttps://ieeexplore.ieee.org/
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Table 1: The question set for a specfic abstract.

Category | Question
Objective | What is the objective/aim of this paper?
Objective | What problem(s) does this paper address?
Objective | What are proposed in this paper?
Model What method/approach does this paper propose?
Model What is this method based on?
Model What model does this paper propose?
Model What is this model based on?
Model How does the proposed model
differ from previous models?
Model How does the proposed method
differ from previous methods/approaches?
Algorithm | What algorithm does this paper propose?
Algorithm | What is this algorithm based on?
Algorithm | How does the proposed algorithm
differ from previous algorithms?
Framework | What framework does this paper propose?
Framework | What is this framework based on?
Framework | How does the proposed framework
differ from previous frameworks?
Experiment | What experiment does this
paper carry out to evaluate the result?
Result How does this result outperform existing work?
Result What does the result of this paper
show (demonstrated by the experiment)?
Dataset What dataset does this paper propose?

abstract, it costs about 2 - 10 minutes for workers to read and an-
swer 19 questions. The final clean-up step is done through human
efforts as well. To ensure the quality of this dataset as well as eval-
uate human performance, each answer is scrutinized by at least
two crowdworkers. Crowdworkers examine whether the answer is
valid, e.g., whether the answer makes sense, serves as an answer
to the specific question and is of proper length. Valid answers are
maintained. Answers that are entirely nonsense are discarded and
re-supplied by our crowdworkers. Moreover, abstracts that has less
than five valid answers are discarded.

3.4 Graph Construction

For each publications in the LiteratureQA corpus, it contains not
only pure text such as title and abstract. Some accessory informa-
tion are also included such as authors, institutes, published venues,
topics and references papers. Intuitively, when we read and com-
prehend a academic literature, it is helpful if we are familiar to
this author and his research interests. We can understand his idea
effective and efficient. Moreover, the reference papers may share
some common features in the model proposed, the algorithms and
the research problem. Therefore, it is essential to leverage the acces-
sory information to understand the academic literature and answer
questions. Specifically, there are 5 entities can be used as acces-
sory inforamtion, i.e., author, institute, topic, venue and references.
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For human readers, we can tell which Micheal Jordan the author
is, and what venue such as CIKM is short for The Conference on
Information and Knowledge Management. However, the author
name disambiguation and variations of entity name normalization
is needed for building the corpus. We proposed the novel model
leveraging graph knowledge of academic network to improve the
performance of machine reading on academic text, while it was
ignored by almost all of the prevalent pre-trained language models.
In this task, we construct our graph using the method as AceKG
[22] dataset. It covers necessary properties of papers, authors, fields
of study, venues and institutes, as well as the relations among them.
We select several nodes and relations that can reveal the structural
information of the whole graph. Paper nodes are the basic frame of
the graph, and each paper node is related to corresponding author
node, venue node, field node as well as its abstract node. Selected
relations include paper cite paper, paper is published on, paper is
written by, paper is in field and field is part of. Finally, we give each
entity an unified ID such as shown in figure 1.

3.5 Dataset Analysis

In total, we collect 10,128 abstracts and 153,900 question-answer
pairs after final clean-up step. Table 3 counts the number of QA
pairs according to question types. Our dataset mainly contains QA
pairs focusing on Objective, Method and Results, accounting for
28.5%, 37.4% and 22.1% of the total respectively. Others include QA
pairs about datasets and experiments. Thus, types of questions are
not that unbalanced in number, but they mainly address questions
that researchers may develop most interest in. Furthermore, we
split our datasets into 2 parts as train/test in an approximate ratio
of 6: 1.

4 THE JOINT MODEL

In this section, we present the framework of our model and the
detailed implementation. Firstly, we introduce the architecture of
our model. Secondly, we elaborate the detail of graph knowledge
encoding. Then, we describe the procedures of pre-training and
fine-tuning respectively. The code of proposed joint model is part
of our resource.

4.1 Notations

We denote our constructed corpora knowledge graph as G = (V, E),
where V is the node set that includes nodes represent Papers,
Authors, Venues, Affiliations and Fields, and E ¢ V X V is the
edge set that stand for their relations. For every input paper ab-
stract p;,, m = 1,..., M, we consider the input to be a set of
text tokens Trn = {t(1,m)s---»t(n,m)}> Where M is the total num-
ber of input papers, n is the length of the each abstract. If the
abstract p,,; has a corresponding paper node in G, then we denote
it as v(p, 1) and its one-hop neighbors as v(3 1), . - 3 O(M ) +1,m)
where M, is the number of neighbors of p;,. Because the num-
bers of neighbors of each paper node are various, so we only
choose fixed m’ — 1 neighbors for every paper node to keep the
model stable, and in this way, we can define the abstract-graph
alignment function as f(pm) = {v(1,m), - - -»9(m/,m) }> and denote
Vim = {o(1,m)> - - -» 9(m,m) }- We will explain how to select m” — 1
neighbors in the experiment section.
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Deeper neural networks are more difficult to train. We present a residual learning framework to ease the training of networks that are substantially deeper
than those used previously. We explicitly reformulate the layers as learning residual functions with reference to the layer inputs, instead of learning
unreferenced functions. We provide comprehensive empirical evidence showing that these residual networks are easier to optimize, and can gain accuracy
from considerably increased depth. On the ImageNet dataset we evaluate residual nets with a depth of up to 152 layers—8x deeper than VGG nets [40] but
still having lower complexity. An ensemble of these residual nets achieves 3.57% error on the ImageNet test set. This result won the 1st place on the
ILSVRC 2015 dlassification task. We also present analysis on CIFAR-10 with 100 and 1000 layers. The depth of representations is of central importance for
many visual recognition tasks. Solely due to our extremely deep representations, we obtain a 28% relative improvement on the COCO object detection
dataset. Deep residual nets are foundations of our submissions to ILSVRC & COCO 2015 competitions1, where we also won the 1st places on the tasks of
ImageNet detection, ImageNet localization, COCO detection, and COCO segmentation.
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Figure 3: A case study of our system’s performance on pa-
pers accepted in CVPR.

Considering the abstracts usually not include the text form of
entities such as author and venue, so it is hard to directly fuse
the information. To solve this problem, we propose anchor to-
kens to link abstract and those graph entities. For any graph node
list v = {v1,02,...,0}, we introduce the corresponding anchor
tokens list a {a1,az,...,an}, where the alignment function
[ (v;) = ai(i = 1,2,...,n"). Due to the number of different nodes
in KG is much larger than the number of different tokens, it is
impossible to assign a separate anchor token for each entity, so
here we let the entities of the same types correspond to the same
anchor token. According to our KG, here we introduced 5 anchor
tokens corresponding to Paper, Author, Institute, Venue and Field
respectively, and randomly initialize their token embeddings. In
this way, for an abstract p,,, the anchor tokens of it can be derived

by I(f(pm)) = {a(l,m)> B a(m’,m)} =Am

4.2 Model Architecture

The model we proposed consists of two modules: (1) the textual
encoder (T-Encoder), which encode the textual information by cap-
turing the lexical and syntactic information from the input para-
graphs or sentences. (2) The graph information encoder (G-Encoder)
which is designed to integrate the structural information of each
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Figure 4: The left part is the framework of our model. The right part is the detail of the knowledge fusion layers for integrating
the input text and anchor token embeddings and the corresponding graph embeddings. For each iterations, it outputs the to-
kens embeddings and graph embeddings for the next layer. Mention that i represent iteration, which means input embeddings
through i layers of T encoder and G encoder. You will find the embeddings from (i-1)th transit to the ith on the right part of
the figure should actually go through at least 2 iteration, so we use prime symbols to annotate the embeddings in the middle

to distinct.

paragraph in KG corresponding to the textual input to the under-
lying layer, so that we combine the heterogeneous information
of both plain text and graph information into the representation.
Furthermore, the T-Encoder and G-Encoder have M and N layers
respectively.

Specifically, given an abstract p,, with its text tokens sequence
Tm = {t(1,m)> - - -» {(n,;m) }» anchor tokens sequence Ap, = I(f(pm))
and graph nodes sequence Vp, = f(pm), the input of the T-Encoder
is the sum of token embeddings, the segmentation embeddings and
the position embeddings for both text and anchor tokens sequence.
Utilizing the multi-layer Bi-directional Transformer encoder, we
get the lexical and syntactic features Trn = {£(1,m), - - -» E(n,m) } and
Am ={a,my-- > 4(m,m)} as follows:

{Tm + A} = T-Encoder ({T;, + Am}) . (1)

where the addition symbols means concatenate.

Considering the module of T-Encoder is almost identical to the
model proposed in BERT that is so prevalent, we do not describe
too much detail information of textual encoder and refer readers in
need to Devlin et al., Vaswani et al..

Given the textual embeddings T}, and A;, from the T-Encoder,
the G-Encoder integrate them with the graph knowledge repre-
sent Gm = {g(1,m)>--->&m,m)} that is generated from Vi by
fast and effective graph knowledge embedding model TransE[9].
Then, textual token embeddings T, and Ay, and graph embed-
dings G, will be inputted into the G-Encoder iteratively to fuse
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information from both plain text and the corresponding knowledge

graphs before we get the final output T9, = {t(()l,m)’ e t‘(’n’m) I8

AY = {a‘(’l)m), e a‘(’m,’m)} and GY, = {g‘(’l’m), w8l m) for
downstream tasks.
{T%, + AS,}, GY, = G-Encoder({Tp, + Am}, Gm). (2)

4.3 Graph-knowledge Encoder
As shown in figure 4, the right part is the module of Graph-knowledge
Encoder which is composed of stacked aggregators following the
Textual Encoder. For the purpose of integrating both plain text and
graph knowledge, the G-Encoder fuses the tokens and the graph
nodes heterogeneous features simultaneously. For the i-th itera-
tion, the input text token and anchor token embeddings T(,,l;_l)
and A,(,l;_l) are firstly fed into a multi-head self attention layer, and
graph node embeddings are fed into another one:

2 (D)

{Tf,? + A, } = Multi-Head Attention( {T(,,l;_l) + Aﬁ,i_l)}) . (3

4)

Then, the text token and anchor token embeddings after multi-

{é,(,ll)} = Multi-Head Attention( {Gﬁ_l) }) .

head attention are integrated with the graph embedding Gﬁ,l;_l)
that generated from the last iteration in the information fusion
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layer. In this process, for each anchor token embedding d; ,,,) and
its aligned graph embedding g ; ), we fuse their information as
follow:

(i) < (i) - 50

hj.m) —U(Wa Gy *Wg 9y +P )
@ _ (i) (1)

a(;.,m) =0 (Wal h(j,m) +bal )’ ©)
i (i) (i)

9Gim = (W5 hiim +87).

where 1 < j < m’,h(; ) is the hidden state fusing both the anchor
token and the graph information. o(+) is the non-linear activation
function, which is GELU function in our model.

For the text tokens, the information fusion layer computes the
output embedding considering only tokens information as follows:

b Gimy =0 (Wﬁi)i(” +5'(i)) :

(1) (1) . (1) ©
L 1 1
t(j’,m) =0 (Wt h’(j’,m) +b, ) .
where 1 < j/ < m.
Simply, we denote the i-th aggregator operation as follows,
{T(,,',) + A,(,?} , {G,(,?} = Aggregator (
in i 7)
1 45). fa))

After the process in the layers of T-Encoder and G-Encoder, the
output embeddings of both tokens and graph computed by the
last aggregator would be the final output embeddings of the graph
knowledge encoder G-Encoder.

4.4 RePre-training

For the purpose of integrate graph knowledge with plain text into
language representation, we propose a new pre-training task for
our model, which randomly masks some node in the graph that
aligned to the anchor tokens and then the system will predict all
corresponding nodes based on the abstracts. To do this, we train
a denoising auto-encoder similar to Vincent et al. as a node de-
noising auto-encoder. Considering the size of the whole graph G
corresponding to the corpora is quite large for the softmax layer,
the system only predict the node embedding corresponding to the
given abstract in stead of all nodes in the knowledge graph. Given
the text token embedding sequence T9,, anchor token embedding
sequence A9, and node embedding sequence G5, from the encoders,
denote Wy, = Ty, +AY,, and we define the aligned node distribution
for the token w; as follows:

exp ( linear (w;) ~gj)

p(gjlwi) = 8)

ZZ‘;I exp ( linear (w;) - gi)’
where linear(-) is a linear layer. Then, we use Eq. 8 to compute the
cross-entropy loss function for the denoising auto-encoder.
Similar to BERT, we adopts both masked language model(MLM)
and next sentence prediction(NSP) as pre-training tasks to train
learn the lexical and syntactic information from tokens in the input
corpora. Anyone in need can also refer BERT to get more detail
information. Furthermore, we mask the graph embeddings to cap-
ture the graph information for denoising auto-encoder as follows:
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(1) We mask 15% of graph nodes aligned to the anchor tokens, in
the aim of training our model to learn the graph knowledges. (2)
We let 5% of graph nodes align to the wrong anchor tokens, to
make the model robust. (2) For the rest of the data, we keep the
alignments between tokens and the graph embeddings, which aims
to enhance our model to fuse both the graph information and token
representations for a better language understanding.

4.5 Fine-tuning

For the downstream tasks, we use the same architectures for both
pre-training and fine-tuning except for the output layers. Similar to
BERT, the pre-trained model parameters is used to initialize models
for downstream tasks. There are straightforward ways to fine-tune
the pre-training models by applying the fully-connected layer to
the final output embeddings of the given inputs. Therefore, we use
the similar method to fine-tune our model, which is inexpensive
than pre-training.

5 EXPERIMENTS

In this section, we describe the details for graph construction, pre-
training and fine-tuning our model on the dataset which contains
both plain text and corresponding graph information and bench-
mark our method on LiteratureQA dataset.

5.1 Parameter Settings and Training Details

In the training process, denoting the hidden dimension of token
embeddings and corresponding graph embedding as H.,,, Hy respec-
tively, and the number of self-attention heads as A,,, we set N = 6,
M =6, Hy, = 768, Hy = 100, Ay, = 12, A, = 4.

Comparatively, the additional knowledge infusion module of
the model we proposed has much fewer parameters than BERT,
which has about 110M parameters for base model. Therefor, we
pre-train our model for only one epoch based on the parameters of
well trained BERT model. We deploy most of pre-training hyper-
parameters for the textual encoding as same as BERT, except for
setting the learning rate as 3¢™>. The fine-tuning step shares most
of the hyper-parameters for pre-training, except that we set batch
size as 16 and training-epochs as 3 respectively.

For neighbor nodes chosen, we set m’ = 8, and the nodes selected
are one Paper node itself, one Author node that represents the
First Author, one Institute node that represents the First Author’s
institute, one Venue node that the paper belongs to, and four Field
nodes that stand for fields related to the paper. More than 4 fields
related to the paper will be reduced to exactly 4 fields according
to the correlation between paper and fields from AceKG. For the
situation that selected nodes less than 8, we will pad empty nodes
with zero vector embeddings.

Because nearly 3000 abstracts and their Q&A pairs are collected
and cleaned after our experiment. So, in our experiment, we use
part of the final version of LiteratureQA dataset that includes 7000
abstracts with 140000 Q&A pairs, and train/test set is also in an
approximate ratio of 6 : 1.

5.2 Evaluation

We provide benchmark methods of several prevalent machine read-
ing models on Academic Reading dataset.
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Table 2: The comparison among RNET, QANet, BERT and our framework on a sample abstract.

Abstract  We investigate the potential of a restricted Boltzmann Machine (RBM) for discriminative representation learning.
By imposing the class information preservation constraints on the hidden layer of the RBM, we propose a Signed
Laplacian Restricted Boltzmann Machine (SLRBM) for supervised discriminative representation learning. The model
utilizes the label information and preserves the global data locality of data points simultaneously. Experimental results
on the benchmark data set show the effectiveness of our method.
Question  What model does this paper propose?
R-NET a Signed Laplacian Restricted Boltzmann Machine (SLRBM) for supervised discriminative representation learning
QANet The model utilizes the label information and preserves the global data locality of data points simultaneously.
BERT a Signed Laplacian Restricted Boltzmann Machine (SLRBM)
Our Model a Signed Laplacian Restricted Boltzmann Machine (SLRBM)

Table 3: Number of answered QA pairs according to question
types.

Type Objective Method Results Others  Total
#(Number) 43,772 57,480 33,922 18,506 153,900
5.2.1 R-NET. R-NET [24] is an end-to-end neural network model

for question answering task with the formulation of MRC. R-NET
first matches the question and the passage with gated attention-
based recurrent networks to obtain question-aware passage repre-
sentation. Then a self-matching attention mechanism is employed
to refine the representation by matching the passage against itself.
Finally, the pointer networks are applied to locate the positions of
answers from the passages. We use the NLPLearn implementation®.

5.2.2 QANet. QANet[27] is a Q&A architecture which takes first
place in SQUAD leaderboard”. The encoder of QANet consists exclu-
sively of convolution and self-attention, where convolution models
local interactions and self-attention models global interactions. We
use NLPLearn implementation®. with 740k trainable parameters.

5.2.3 BERT Fine-tune. BERT[3] is the prevalent pre-training mod-
els which achieved the state-of-the-art results in several NLP tasks.
We use pytorch BERT® with default parameters to fine-tune on the
LiteratureQA.

5.2.4 Human Performance. We evaluate human performance on
LiteratureQA’s dev and test sets. Recall that answers are scrutinized
by at least two crowdworkers during the cleanup stage. We regard
answers provided by crowdworkers in the clean-up stage as ground-
truth answers, and treat original answers as human predictions.
To evaluate the performance of different models on proposed
dataset, we use two metrics. The Exact Match (EM) metric measures
the percentage of predictions that match the ground truth answers
exactly. The F1 score metric is a less strict metric measuring the
overlap between the prediction and the ground truth answers. Both
two metrics ignore punctuations and articles(such as a, an and the).

®https://github.com/NLPLearn/R-net
https://rajpurkar.github.io/SQuAD-explorer
8https://github.com/NLPLearn/QANet
https://github.com/huggingface/pytorch-transformers#Fine- tuning-
with-BERT-running-the-examples
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Table 4: Experiment Results.

Model EM F1

R-NET 11.28 31.69
QANet 18.19 51.26
BERT 66.42 71.28
Ours 67.63 72.75
Human Performance | 73.76 86.98

Table 4 illustrates the performance of our model and the afore-
mentioned baseline models on the test set, as well as human per-
formance. Our model achieves EM scores of 67.63 and F1 scores
of 72.75 on test set respectively, which beats all the other baseline
models. However, there is still a significant gap between our model
and human performance. We do notice that EM scores are generally
much lower than F1 scores. This is because entities in academic
abstracts are often modified by several complex words and clauses,
which increases the difficulty of discriminating boundary words
and presents a huge challenge of our dataset.

One point of interest is to examine how the performance of our
model varies across the lengths of predicted answers. As is shown
in Figure 5(a), our model performs stably and well in a wide range of
answer lengths. We also note that there is performance degradation
when the answer is either too short or too long. This is partly due
to the intuitive nature of the evaluation metric.

Moreover, we observe how the performance of each model varies
with respect to question types. In Figure 5(b), the height of each
bar represents the F1 score. Our model, outperforming the other
baseline models in each type except Results, is adept at Objective and
Method questions but struggles with Results and Others questions.
QANet is skilled at Objective and Results but surprisingly takes a
poor performance on Method. The performance of R-NET is fairly
balanced.

Furthermore, in order to get a further understanding of three
models’ robustness and generalization, we collect some latest paper
abstracts from Arxiv!® and run the pre-trained models. Our hands-
on evaluation indicates that, typically, all three models can catch
the core entities. As the result shown in Table2 , all three models

10https://arxiv.org


https://github.com/NLPLearn/R-net
https://rajpurkar.github.io/SQuAD-explorer
https://github.com/NLPLearn/QANet
https://github.com/huggingface/pytorch-transformers#Fine-tuning-with-BERT-running-the-examples
https://github.com/huggingface/pytorch-transformers#Fine-tuning-with-BERT-running-the-examples
https://arxiv.org
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Figure 5: Performance of our model across lengths of an-
swers and question types.

seem to predict the answers with semantic correlation. However,
the answer of QANet is only supplementary information introduc-
ing the model’s feature and advantage, not the model itself. This
indicates that QANet might be fooled by the word model. In fact,
same as QANet, sequence tagging module of our model also marks
the whole sentence as a candidate answer. However, the sentence
ranking module gives the previous sentence a higher matching
score, leading to dispose of this candidate answer. Both our model
and R-NET catch SLRBM, the name of the proposed model, while
R-NET supplies more details.

5.3 Error Analysis

We analyze 50 error examples generated by our model from the
test set. We identify four key factors in causing the errors, which
are elaborated as below.

5.3.1 Incorrect Sentence. In 16% of the examples, the predicted best-
matched sentence is incorrect due to semantic-level similarity with
the target sentence. For example, as is shown in Table 2, QANet
generates a wrong sentence, and our model also makes similar
mistakes in some cases.

5.3.2  Syntactic Complications and Ambiguities. In 38% of the exam-
ples, our model generates sequences containing the same entity as
the one that may exist in the correct answer. For instance, for the
question “What method does this paper propose?”, some spans con-
tain words like approaches and methods etc, which do not exactly
refer to the real methods proposed in the papers, but are sometimes
marked as answers as well.

5.3.3 Imprecise Boundaries. The rest of errors consist of imprecise
boundaries where one or more words are either missed or appended
at the edge of the correct span. The majority of cases contain an
extraneous verb such as propose and present. In other cases, the
entire phrase/clause after a conjunction (e.g., and / or) is lost. For
instance, for the question “What method does this paper propose?”,
the correct answer is “a method for object detection and recognition”.

6 CONCLUSION

We introduce LiteratureQA, the largest publicly-available corpus of
question answering on academic papers. LiteratureQA consists of
over 150k question-answer pairs posed by crowdworkers on a set
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of over 10k papers. We aggregate metadata including paper title, au-
thors, topics, abstract, normalized institutes, venues and linked ref-
erences from multiple sources. Therefore, LiteratureQA can be used
effectively for downstream tasks such as constructing academic
knowledge graph in academic paper analysis. Moreover, we evalu-
ate several baseline methods including the prevalent pre-trained
models, and proposed the state-of-the-art joint model leveraging
academic networks to improve the performance as a benchmark
approach. We hope LiteratureQA could benefit researchers in auto-
matic paper reading, and the release of our dataset will encourages
further exploration.
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