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Spatial-Semantic Collaborative Graph Network for
Textbook Question Answering

Yaxian Wang*', Bifan Wei, Jun Liu™, Qika Lin™, Lingling Zhang™, and Yagiang Wu

Abstract— Textbook Question Answering (TQA) task requires
answering questions by reasoning based on both the given
diagrams and text context. There are mainly two challenges
for the task. First, the diagrams are different from the natural
images. Similar shapes or color blocks may express different
semantics and there is also a large intra-topic variation for
diagrams. Hence, the characteristics of visual semantic ambiguity
and variable visual appearance make the diagram understanding
more challenging. Second, for the text, the specific education
domain with terminologies exists a great gap with the gen-
eral domain. Therefore, it is difficult to represent the text
semantics effectively using a text encoder pretrained in the
general domain. In this paper, we propose a Spatial-Semantic
Collaborative Graph Network (SSCGN) for TQA task, which
can help enhance the diagram and text understanding and
facilitate multimodal reasoning. Specifically, the Spatial-guided
Semantic Enhancing (SSE) module fully exploits the spatial and
semantic relationships between visual objects and OCR tokens
to collaboratively enhance the diagram semantic understanding.
Moreover, based on the semantically enhanced region repre-
sentations of the SSE module, the Fine-grained Spatial-Aware
Graph Network (FSA-GN) can help obtain richer relation-aware
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region representations for joint reasoning by capturing more
fine-grained spatial relationships. We further propose multiple
self-supervised auxiliary tasks to enhance the initial diagram and
text semantic representations by pretraining the diagram encoder
and text encoder. Extensive experiments and ablation studies are
conducted to validate the effectiveness of SSCGN.

Index Terms— Textbook question answering, multi-modal

machine comprehension, diagram understanding.

I. INTRODUCTION

ULTI-MODAL Machine Reading Comprehension
(M3C) [1] is a new challenging and interesting task

that has received growing attention from both the natural
language processing (NLP) and the computer vision (CV)
communities. Different from some mainstream multi-modal
tasks, such as visual question answering [2], [3], image
captioning [4], [5] and image-text matching [6], [7], M3C
aims to answer questions according to a multimodal context
including the textual context and images. Textbook Question
Answering (TQA) [8] is a concrete M3C task in the field
of education. The multiple modalities including text context
and diagrams for TQA task are all from a specific education
domain such as middle school science. Specifically, a diagram
question in TQA task consists of a diagram, text context,
a question about the diagram, and several candidate answers.
There are mainly two challenges for TQA task. First,
the visual modality in textbooks is mostly in the form of
diagrams, which demonstrate the complicated phenomena
involving life sciences, earth sciences, physical sciences, etc.
Existing natural image understanding methods (2], [3], [4], [5],
[6], [7] cannot be directly applied to understand this type of
diagram due to the following two reasons: (1) Visual semantic
ambiguity. Diagrams are usually an abstract expression of
knowledge. They are mostly composed of simple shapes and
color blocks, which omit or suppress information such as
background, textures and shadings [9]. Similar shapes or color
blocks may express different semantics in different topics
or even within the same topic. For example, as shown in
Fig. 1, in different topics, a circle can represent multiple
objects including the earth, moon or an electron, and the
yellow blocks can represent objects such as the sun or Na™
in Fig. 1(b) and (c). In the same earth moon phases topic,
the same shape can represent the earth or the first quarter
phase. (2) Significant intra-topic variation. Diagrams from
the same topic may have large visua differences. In Fig. 1,
we display three topics of diagrams including earth moon

1051-8215 © 2022 |EEE. Personal use is permitted, but republication/redistribution requires |EEE permission.
See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: Xian Jiaotong University. Downloaded on November 05,2023 at 10:10:50 UTC from IEEE Xplore. Restrictions apply.


https://orcid.org/0000-0003-3193-3658
https://orcid.org/0000-0002-6004-0675
https://orcid.org/0000-0001-5650-0600
https://orcid.org/0000-0001-8136-8795
https://orcid.org/0000-0001-8830-8250
魏
Highlight


WANG et al.: SPATIAL-SEMANTIC COLLABORATIVE GRAPH NETWORK FOR TEXTBOOK QUESTION ANSWERING

Fig. 1. Examples of diagrams from three different topics in the TQA task
demonstrate that (1) similar shapes or color blocks may express different
semantics, such as circles and yellow blocks; (2) diagrams in the same column
have significant intra-topic variation.

phases, photosynthesis and chemical bonding ionic. It is
obvious that the diagrams of the same topic (in the same
column) have a significant intra-topic variation in the expres-
sion form. Specifically, the same objects in natural images
such as dogs always have similar characteristics to each other,
although they have different appearances. Thus, their visual
representations can express explicit semantics. Conversely, the
same objects in diagrams such as earth may have significantly
different visual appearances in an abstract form, leading to a
larger gap between their visual representations and semantics,
which conveys more irregular and elusive knowledge than
natural images. In summary, due to visual semantic ambiguity
and variable characteristics of visual objects in diagrams, it is
difficult to convey explicit semantics with only their visual
appearance. However, most existing diagram understanding
methods only consider the visual appearance information of
objects, which may have certain limitations.

Second, the textual modality in the textbooks is about a
specific education domain, which exists a great gap with
the general domain. Therefore, it is insufficient to represent
the knowledge using a text encoder pretrained by a large
dataset from the general domain, such as English Wikipedia
For example, the terminologies waxing crescent and waning
gibbousin Fig. 1(a) arerare and obscure in the general domain.
The TQA task requires understanding the text semantics,
including questions, answers, the text context and even the
OCR tokens in the diagram. It is necessary but challenging to
obtain effective text semantic representations.

To address the above challenges, we propose a new model,
Spatial-Semantic Collaborative Graph Network (SSCGN) for
the TQA task. Regarding the problem of diagram understand-
ing, we find that visual objects are semantically related to spa-
tially adjacent OCR tokens, which can transmit richer semantic
information to humans when combined with visual appearance
features. Inspired by that, we design a Spatial-guided Seman-
tic Enhancing (SSE) module to enhance diagram semantic
understanding, which exploitsthe spatial relationships between
visual objects and OCR tokens to generate a spatial relation
graph. The spatia relation graph acts as the surrogate ground
truth to supervise the generation of the semantic relation
graph. In the training process, we design a relation graph
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consistency loss to constrain the feature propagation between
visual objects and OCR tokens, which enables fusion and
exchange of multi-modal information. Moreover, we fully
exploit spatial relationships to progressively enrich the region
representations for joint reasoning. Specifically, based on the
semantically enhanced region representations of the SSE mod-
ule, the Fine-grained Spatial-Aware Graph Network (FSA-GN)
can help obtain richer relation-aware region representations by
capturing more fine-grained spatial relationships.

For the great gap between the education domain and the
general domain, we also propose multiple self-supervised aux-
iliary tasks including two diagram auxiliary tasks to pretrain
the diagram encoder and a text auxiliary task to pretrain the
text encoder. Importantly, our proposed new self-supervised
text auxiliary task, QA-Text Infomax maximizes the mutual
information between the question-answer and summarized text
context to force the model to incorporate the text context into
the decision process, by which the pretrained language model
helps bridge the semantic gap between education and general
domains and obtain more robust text representations for the
education domain.

Our main contributions can be summarized as follows:

« We propose a novel model for the TQA task, in which the
gpatial and semantic relationships between visual objects
and OCR tokens are fully exploited to enhance the under-
standing of diagram semantics collaboratively. Moreover,
the more fine-grained spatia relationships enable us to
progressively enrich the visua representations for joint
reasoning.

o We propose three specialized self-supervised auxiliary
tasks, in which the first two for diagrams and the latter for
text, which aim to enhance the initial semantic represen-
tations of diagrams and text effectively in the education
domain, and lay an essential foundation for subsequent
guestion answering.

« Extensive experiments show that SSCGN achieves state-
of-the-art performance on the TQA task compared to
baselines. Furthermore, ablation studies are conducted to
verify the effectiveness of each module in SSCGN.

The rest of the paper is organized as follows. Section 1l
introduces the related work about diagram understanding,
self-supervised auxiliary task and textbook question answer-
ing. We present the details of our model in Section IlI.
In Section 1V, we anayze the results for experiments and
ablation studies on TQA task. Finally, we conclude our work
and make a plan for future work in Section V.

Il. RELATED WORK

Our work is closely related to diagram understanding, self-
supervised auxiliary task and textbook question answering.

A. Diagram Understanding

Diagram understanding [10], [11] has received great interest
in recent years. The work can be divided into the following
three categories according to the types of objects in diagrams:
scientific-style objects based, geometric objects based and
natural-style objects based.
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Scientific-style objects based work is about line plots,
dot-line plots, vertical and horizontal bar graphs, or pie charts.
Kafle et al. [12] presented a DVQA dataset to solve the
problem of bar chart understanding. The work proposes a
multi-output model for DVQA to generate generic answers
using classification sub-network and chart-specific answers
using OCR sub-network, and proposes a stacked attention
network with a dynamic encoding model to handle chart-
specific words. Kahou et al. [13] presented FigureQA, which
focuses on scientific-style figures from five classes including
line plots, dot-line plots, vertical and horizontal bar graphs, and
pie charts. The work [13] takes al pairs of object presentations
concatenated with the question as input to perform relation
reasoning with a relation network [14].

Geometric objects based work is about visual elements
such as points, lines, circles. Seo et al. [11] presented a
dataset of high school plane geometry questions where every
question has a textual description in English accompanied
by a diagram. The work proposes G-ALIGNER for diagram
understanding by discovering visual elements such as lines,
circles, polygons and aligning them with their corresponding
textual mentions. However, it does not identify geometric
relations and does not solve geometry problems. Therefore,
Seo et al. [15] presented GeoS, the first automated system to
solve unaltered SAT-level geometry questions, which parses
the question text and the diagram into a logical representa-
tion. However, it is only examined in a small dataset with
185 problems. Chen et a. [16] proposed a geometric question
answering dataset GeoQA with 5,010 geometric problems and
a neural geometric solver to address geometric problems by
parsing multimodal information and generating interpretable
programs.

Natural-style objects based work involves the edu-
cation domain such as geography, biology, and physics.
Kembhavi et al. [9] presented Al2 Diagrams (Al2D) of over
5,000 grade school science diagrams and proposed Diagram
Parse Graphs (DPGs) to model the structure of diagrams,
in which nodes correspond to the constituents including blobs,
text boxes, arrows and arrowheads, and edges denote the rela-
tionships between the constituents. Kim et al. [17] proposed
a unified diagram parsing network (UDPnet) to solve object
detection with the SSD model [18] and relation matching with
an RNN-based dynamic graph generation network (DGGN).
Kembhavi et a. [8] transated DPGs into factual sentences
through several trandation rules to describe the graph.

In general, the diagram style in the TQA dataset is closest
to that of Al12D but more complex and rich, hence the existing
methods for Al2D are not sufficient to solve the TQA task.
In addition, the TQA dataset contains extratext context, which
requires joint reasoning over diagram and text context.

B. Self-Supervised Auxiliary Tasks

Self-supervised pretraining [19], [20], [21] has attracted
great attention, which is widely used to avoid the cost of anno-
tating large-scale datasets and improve model performance by
designing auxiliary tasks. Auxiliary tasks act as an important
strategy to learn representations of the data using pseudo
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labels [22]. The work can be divided into the following two
categories according to the modalities: visual self-supervised
auxiliary tasks and text self-supervised auxiliary tasks.

1) Visual Self-Supervised Auxiliary Tasks. There has been
some work to enhance visual features including patch-based
spatial composition prediction tasks [23], [24], [25], [26] and
rotation prediction tasks [27]. The jigsaw puzzle [23], [24]
was designed to recover the positions of shuffled segments
of an image. Relative position prediction [25] was proposed
to predict the relative position of two patches randomly
sampled from a single image. Selfie [26] is a method used to
determine the correct patch to be filled in the masked location.
Rotation [27] was designed to infer the rotation angle’'s degree
of an image. All these typical methods are for spatial relation
contrast.

2) Text Self-Supervised Auxiliary Tasks:  For  the
self-supervised methods in NLP, the core idea is to
improve the text representation by pretraining the text
encoder. The transformer is pretrained on a large-scale text
corpus via various self-supervised tasks, such as predicting
the random masked tokens in Bert [28], predicting whether
two augmented sentences originate from the same sentence
in CERT [29] and reconstructing the corrupted text in
BART [30]. Wang et al. [31] proposed three self-supervised
pretraining methods, including mask, replace and switch to
capture the document-level context and improve the extractive
summarization task. Vu et a. [32] formulated a probe task to
measure the extent to which the sentence content property is
captured in a paragraph embedding, which can help increase
the downstream classification accuracy.

Inspired by these works, we design three self-supervised
auxiliary tasks for diagram and text context.

C. Textbook Question Answering

In recent years, there have been some works on TQA task,
which can be roughly divided into the following three cate-
gories. graph-based [8], [33], [34], [35], [36], [37], pretraining-
based [38], [39], [40], and interpretability-based [41].

1) Graph-Based Methods: This type of method has been
proven to be powerful for describing and modeling com-
plex information, which has been widely used in various
tasks [42], [43], [44]. Many existing methods also utilize
graph-based methods to solve textbook question answering
task. MemN+DPG [8] adopts memory networks to encode
text and exploits the diagram parse graph based on DSDP-
NET [9] to represent the diagram. EAMB [33] proposes an
essay-anchor attentive multi-modal bilinear pooling method
to address the long essay and multi-modal issues of the
TQA task, which first uses GraphSAGE [45] to encode the
essay information by learning the essay-anchor embeddings
and then uses the bilinear pooling method MFB for muilti-
modal fusion. MoQA [34] proposes selecting the set of top-k
supporting sentences/graph nodes of text and diagram for a
certain question and comparing the performance of different
knowledge representations. IGMN [35] utilizes semantic rules
and spatial analysis rules to comprehend large contexts and
diagrams respectively via a contradiction entity-relationship
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Fig. 2.
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Overdl framework of Spatial-Semantic Collaborative Graph Network (SSCGN) which consists of four modules: a feature embedding module,

a spatial-guided semantic enhancing module, a joint reasoning module and an auxiliary tasks module.

graph. F-GCN1+SSOC [36] suggests a fusion GCN [46] to
extract knowledge about textual context and diagrams from
the multi-modal context graph as background knowledge
related to the question. In addition, the work introduces a
novel self-supervised learning process into TQA training to
tackle out-of-domain issues. RAFR [37] proposes a relation
extraction method to construct a relation graph based on
semantic dependency relations and relative positions between
nodes to understand diagrams, which only considers the text
information and ignores the visual information in the diagram.

2) Pretraining-Based  Methods: Gomez-Perez  and
Ortega [38] proposed pretraining the models in a multistage
process, finetuning them on TQA dataset and finally
performing ensemble learning. The work presents an
intelligent system for automatically answering textbook
guestions (ISAAQ) to overcome critical challenges such as
the complexity and relatively small size of the TQA dataset
or the scarcity of large diagram datasets. MHTQA [39]
proposes a multi-head TQA architecture to address al types
of questions and a contextualized iterative dual fusion network
to learn a contextualized diagram representation. WSTQ [40]
applies text matching and relation detection to deepen the text
understanding and learn the diagram semantics respectively.

3) Interpretability-Based Methods. XTQA [41] generates
span-level evidence based on a coarse-to-fine algorithm while
answering the question, which can provide textual explanations
for question answering to achieve interpretability to some
extent.

The existing TQA models do not take full advantage of
the OCR tokens in the diagram and the interaction of the
visual objects and OCR tokens for diagram understanding.
We explore and solve TQA task from this perspective.

I1l. PROPOSED METHOD

In this section, we start with the problem definition of TQA
task. Given adiagram d, text context ¢ and a question g about

the diagram d, our task aims to select an answer & amongst
the candidate answer set A, which can be defined as follows:

a=agmax p(ald, c, q; 6a), D
acA

where 6y is the trainable parameter, A is the candidate answer
set and & € A best matches the ground-truth answer. This type
of questions about diagrams is called diagram multiple choice
(DMQ). In addition, there is also a subset of text questions
without the above-mentioned diagram d, which includes text
true/false (T/F) and text multiple choice (TMC) questions.

A. Overview

In this work, we propose a novel Spatial-Semantic Collab-
orative Graph Network (SSCGN) as shown in Fig. 2, which
is mainly composed of the following four modules:

1) A feature embedding module extracts a set of visual
regions including visual objects and OCR tokens, and then
obtains their representations.

2) A gpatia-guided semantic enhancing (SSE) module
exploits the spatial relationships between visual objects and
OCR tokens to enhance the region semantic representations
and diagram understanding.

3) A joint reasoning module exploits twelve fine-grained
spatial relationships to model the interaction between the
regions under the guidance of questions and the text context,
and generates a joint embedding to predict the final answer.

4) An auxiliary tasks (Aux) module helps to pretrain the
diagram and text encoders to provide more robust features for
the downstream TQA task.

For convenience, the explanations for some important nota-
tions are summarized in Table I.

B. Feature Embedding

Since both the visual objects and OCR tokens are significant
constituents in the diagram, we first obtain a set of visua
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TABLE |
IMPORTANT NOTATIONSAND EXPLANATIONS

Notations Explanations
vf,fj , v the feature of m — th visual object, n — th OCR token.
{viti=1: M4 N the region feature set for M visual objects and N OCR tokens.

V4 the initial feature of ¢ — th region, which can be object feature vfrlfj or OCR feature vo°".
v} the enhanced feature of ¢ — th region, obtained by SSE module.
A the spatial relation matrix.
S the semantic relation matrix.
Ck text guidance, encoded by RoBERTa with text context C, question g and one of the answers aj as input.
gi the ¢ — th initial node feature for FSA-GN, obtained by concatenating v, and Cp.
gi the relation-aware feature of ¢ — th region, obtained by FSA-GN.

regionsincluding visual objects and OCR tokens by employing
an object detector YOLOvV3 [47] and an external Optical
Character Recognition! (OCR) detector.

1) Embedding for Visual Objects. First, we adopt a pre-
trained ResNet-101 [48] backbone to embed the visua
objects detected by YOLOv3 to obtain M appearance features
{v8}m=1.m. Each visual object is represented by the combi-
nation of appearance feature v2 and the positional feature
(bounding box feature) vf. We first project the above two
types of features into a dn-dimensional space. The final visual
object feature is computed as follows:

o) = FLN(W23), LN(WPoR)), &)

where oy = [xTin ymin ymax ymax] js the top-left and
bottom-right coordinates of the m — th bounding box, W2 ¢
Rdxda gnd WP e R%>d gre learnable linear projection
matrices, and f (-) is afeature fusion scheme, which can be an
equal weighted sum, adaptive weighted sum or concat+MLP
(the details can be found in Section IV-D). A layer normal-
ization (LN) operation is applied to ensure that the feature
representations are the same scale.

2) Embedding for OCR Tokens. By adopting an OCR
detector, we can obtain the OCR tokens and their bound-
ing boxes in the diagram. Since OCR tokens contain not
only visual appearance information but also textual semantic
information, we adopt the same embedding method as visua
objects to obtain N appearance features for the OCR tokens
{08} h=m+1:M+N. For the text feature, we use a pretrained
language model ROBERTa [49] to embed the text. Then we
combine the appearance feature »g, positional feature o and
text feature of,, which is computed as follows:

02 = fF(LN(W33), LN(WPoR), LN(W'o)),  (3)

where W2 and WP are the same as the parameter matrices in
Eq. 2, W' € R%*% s also alinear projection matrix, 0% e
R% and f(.) is the same as the feature fusion scheme for
visual objects. Given the representations of visual objects and
OCR tokens, we can denote the region set as {vj}i—=1:M+N,

Ihttps://ocr. space/

where v; represents the feature embedding of a visual object

v or an OCR token v .

C. Spatial-Guided Semantic Enhancing

The visua objects are semanticaly related to the
gpatially-adjacent OCR tokens, which can transmit richer
semantic information to humans combined with the visua
appearance feature. Inspired by that, we consider enhancing
the representation of the visua objects with the help of
surrounding OCR tokens. There are mainly two steps. The first
step is to generate a spatial relation graph GSP for the visual
objects and OCR tokens. We can regard the generated spatial
relation graph as atype of prior knowledge to act as a surrogate
ground truth. The second step is to generate a semantic relation
graph GS€ under the supervision of the surrogate ground truth
to constrain the consistency between GS€ and GSP by arelation
graph consistency loss. We yield supervision for relation graph
generation process. The additional supervision helps constrain
the feature propagation between visual objects and OCR
tokens, enabling fusion and exchange of multi-modal infor-
mation to optimize the construction of the semantic relation
graph and further enhance the region semantic representations.

1) Generation of Surrogate Spatial Relation Graph for Dia-
gram: We first construct a spatial relation graph GSP = {N, E}
according to the spatial relationships between the visual
objects and OCR tokens, where N and E denote the node
and edge set. The node set N includes two types of nodes,
the visual objects N, = {uiOb‘}i=1;M and the OCR tokens
Nt = {02 }i—1:n. The edge set E includes the edges between
the visual object and the OCR token Eopj_ocr . IN Other words,
we only reserve the relationships between the heterogeneous
nodes. In addition, the presence or absence of edges depends
on the distance between the nodes. Specifically, the distance
between two nodes is computed by:

d = VW24 H2
dob = /(X — x©)2+ (v — y©)2/dh, @

where W and H are the width and height of adiagram, (x°, y)
and (x¢, yjc) are center point coordinates for the i — th and
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j — th bounding boxes. The distance dpp is normalized to the
diagonal length of the diagram d; .

The normalized distance is used to generate the spatial
relation graph based on a threshold T as follows:

L dp=T
Aij = [0, dpp > T. ®)

When Aj; = 1, there is an edge between the node i and
node j . The distances between all pairs of nodes are computed.
In this way, we can obtain a sparse spatial relation matrix
A = {A j}ﬂjﬁ:ﬂ as the surrogate ground-truth. The spatial
relation using a hard mask is one-to-one, in which each visual
object has an edge only with the spatially nearest OCR token.

2) Generation of Semantic Relation Graph for Diagram:
The semantic graph is formalized as G*¢ = {N, Es}. Edges
in GS® represent the similarity between visual objects and
OCR-tokens. Instead of the hard binary masks [0, 1] in the
spatial relation graph GSP, we adopt soft masks to build the
semantic graph. Hence, we first project the embeddings of
each visual object viObJ and OCR token 9" into the same
embedding space. Then we compute the similarity between
the node representations as follows:

(6)

where WebI Wwoer ¢ RYbxdh gre transformation matrices.
After operating on all heterogeneous gre'x\Ph nodes, we can
obtain a relation matrix S = {§; }i‘:fj,\,I as the semantic
relation graph. The semantic relation using a soft mask is one-
to-al. The higher the similarity score is, the more related the
visual object and OCR token become.

3) Relation Graph Consistency Loss. We hope to encourage
the semantic relation graph to be consistent with the spatial
relation graph, so that the model achieves feature propagation
between the visual objects and OCR tokens in close proximity
and obtains the enhanced region representations {v; }i—1:m+N.-
The relation graph consistency loss is designed as follows:

Sj = sigmoid(W o) - (W p8)),

M N
Lsup = — > > (Ajj -logSj + (1— Ajj) -log(1 — S))).

i=1j=1
()

D. Joint Reasoning

In this module, first based on the semantically enhanced
region representations {v{}i—1.m+n Of the SSE module, the
Fine-grained Spatial-Aware Graph Network (FSA-GN) is
designed to help obtain richer relation-aware region represen-
tations and then the multimodal fusion is performed to predict
a final answer.

1) FSA-GN: Unlike the only considered spatial relative
distance in the SSE module, inspired by the work [50],
[51], we consider more aspects, such as the relative distance,
relative angle and Intersection over Union (loU) to further
exploit fine-grained spatial relationships between the regions.
Specifically, we exploit twelve relatively complete spatia
relationships (C1: inside, C2: covering, C3: overlap with loU
above 0.5, C4-C11: relative angle relation and an overlap with
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loU below 0.5, C12: self) to establish the connection between
the regions. Relationships are middle-level representations that
connect local regions and the global understanding of images.
To take full advantage of the fine-grained spatial relationships,
we proposed a text-guided spatial-aware multimodal graph
network to learn a more holistic view of the visual scene in
the diagram, which mines the interactions between the regions
in the diagram under the guidance of the question and text
context. In the graph network, we encode the different types
of spatia information into the edges by modifying the atten-
tion mechanism, named Spatial-Aware Multi-Head Attention
(SA-MHA).

First, we use ROBERTa [49], a transformer language model
to encode the input s = seq(C, [q, ak]), where C is the text
context, q is the question and ax is one of its possible answers.
In this way, we obtain a representation Cy of s¢ as our text
guidance. Then by concatenating the text guidance Cy with
each region representation v, we introduce the text guidance
into the relation learning process:

g = [vi: C«l, (€)
where [;] denotes the concatenation operation.

By computing the twelve relative spatial relationships,
we build a fine-grained spatial relation graph G with the
visual objects and OCR tokens as nodes, in which the edges
are aware of the direction and spatial relation types. The visual
objects and the OCR tokens are initidlized as {gj}i=1:M+N-
Then we adopt a graph attention network with SA-MHA to
obtain relation-aware node representations by capturing the
spatial relationships. The update method is given by:

9 =0 ( > aij (W9 + Drypeci)),
jeN()
= S?Ltmgx((WQgi/)T ' (Wd}?r(ii)gﬁ) + b{ype(ij))’ ©)

where WQ, WK and WV denote the transformation matrices,
and the subscript dir (ij) indicates the direction of edgeij,
which is used to select the transformation matrix related to
the edge direction. Specifically, there are three edge directions
including “fromi to j”,“from j toi” and “fromi toi". The
subscript type(ij) represents the label of edge ij, which is
is used to select the bias terms brype(ij) and by ;) related
to twelve edge types, corresponding to twelve fine-grained
gpatial relationships. And N(i) represents the node set in the
neighborhood of nodes i. Additionally, aj; acts as a gate
to measure the relation between the nodes and control the
contribution of node j to the feature representation of nodei.
Specifically, the stronger the relationship, the more informa-
tion of node | is transmitted to the receiver node i. In this
way, we can obtain the relation-aware region representation
g{, which implies spatial and semantic relations that are useful
for question answering.

2) Answer Prediction: We first perform multimodal fusion
following [3]. Specificaly, for each choice ax, we concatenate
the region representation g/ with the text representation Ck.
The attention weight B on each region and the whole
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representation of the diagram §x are calculated by:

Bki = softmax(wa - tanh([g/; Ck])),
M+N

&= > Aad,
i—1

where w;, is a learned vector.

Finaly, we compute the final probability of the candidate
answer ax by jointly embedding the text representation and
diagram representation:

(10)

Yk = softmax(we(Ck - Ok)). (11)

where we is a learnable parameter vector.

Algorithm 1 Spatial-Semantic Collaborative Graph Network

(SSCGN)

Input: Embedding for regions {v; }i—1:m+n including embed-

ding for visua objects {v3}m=1:m and embedding for OCR

tokens {v@}n=1:N.

Output: SSCGN model Ey.

1: for number of training iterations do

2. for each batch in training set do

3 A <« generate a spatial relation graph by EQ.(4)(5).

4 S <« generate a semantic relation graph by Eq.(6).

5: {v{}i—1:m1N < update Swith the supervision of A via
supervision loss Lgyp by Eq.(7).

6: {g{}i=1:m+N < learn more robust region representa-
tions by EQ.(8)(9).

7: Ok <« generate attended region representations by
Eq.(10).

: Calculate question answering loss Lga by Eq.(12).

o L < aweighted sum of Lga and Lgyp by Eq.(13).

10: Update model parameters 8 through back propagation:
0«0 — 77%.

11:  end for

12: end for

13: return Ey.

We regard the TQA task as a multi-class classification
problem. Therefore, SSCGN is optimized by minimizing the
standard cross-entropy criterion Lga, which can be denoted as
follows:

K

Lga = — Zak -1og Yk,
k=1
where ax = [0, 1](k € [1, ..., K]) and the candidate answer
set includes a correct answer.

The loss for the SSE module between the surrogate spatial
relation graph and the semantic relation graph predicted by
SSCGN and the loss for question answering are balanced by
a multiplicative factor y as follows:

(12)

The learning process of the proposed Spatial-Semantic
Collaborative Graph Network (SSCGN) is summarized in
Algorithm 1.
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In fact, the modules corresponding to the two parts of
loss are complementary to each other: the spatial-guided
semantic enhancing module learns robust representations good
for question answering, while the question answering task is
used for testing the effect of the region representations and
reasoning ability of the whole model.

E. Auxiliary Tasks

It is well known that self-supervised pretraining is an
effective way to deal with data scarcity and enhance the model
representation ability. Here, we design three self-supervised
auxiliary tasksincluding two self-supervised diagram auxiliary
tasks and a self-supervised text auxiliary task to pretrain
our diagram encoder and text encoder offline. Note that the
module is independent of the other three modules, which is a
pretraining process.

1) Salf-Supervised Diagram Auxiliary Task: Although the
spatial-guided semantic enhancing module and fine-grained
spatial-aware graph network can contribute a lot, a powerful
diagram encoder is till necessary to improve the diagram
understanding and question answering accuracy. To obtain
diagram features of higher quality, we design two auxiliary
tasksto pretrain the diagram encoder, including Diagram Topic
Classification and Relative Position Prediction.

a) Diagram topic classification (DTC): First, we regard
the prefix name of each diagram as a topic, and each topic
contains multiple diagrams. After de-duplication, we obtain
the diagram topics, including 102 classes. Then we further
collect diagrams for each topic from the Google website.
Finally, approximately 20,000 diagrams of higher quality were
obtained by manual screening and filtering. Compared with the
3,455 diagramsin TQA dataset, we greatly expand the dataset
with only diagrams, which do not have any other annotations.
We regard it as a multi-class classification task using the image
topic automatically generated by data as the label and use
cross-entropy loss as the loss function to train the diagram
encoder.

b) Relative position prediction (RPP): In this task,
we first crop a diagram to 9 blocks and select the center block
asthetarget. Then we train the diagram encoder with arandom
block and the target block as input to predict their relative
position using a cross-entropy loss. Additionally, there are only
eight possible relative positions for a pair of samples, meaning
the output is a simple eight-way softmax classification.

2) Self-Supervised Text Auxiliary Task: We hope to bridge
the gap between the education domain and general domain
and learn text representations that are more suitable for
the education domain, so we propose a new self-supervised
text auxiliary task, QA-Text Infomax (QTI) to incorpo-
rate as much text context information as possible into the
guestion and answers. The model focuses on the relation
between the question-answer and text context and forces the
guestion-answer representation to carry information shared
with the text context. The maximization of mutual information
(MI) [52] needs to extract positive samples and negative
samples. Specifically, a positive sample is obtained by pairing
the question and answer with the corresponding text con-
text, which is represented as (fqa, ft). A negative sample is
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TABLE Il
DATASET OVERVIEW

Question Candidate Total Dataset Split
Type Number  Train Val Test
T/F 2 5,400 3,490 998 912
TMC 4-7 8,293 5,163 1,530 1,600
DMC 4 12,567 6,501 2,781 3,285
All - 26,260 15,154 5,309 5,797

obtained by pairing the question and answer with the random
sampling text context in a batch represented as ( fqa, ft) or
pairing the text context with random sampling question and
answer in a batch represented as (E, ft). Here, we maximize
the mutual information between the question-answer fqa and
summarized text context f; to force the model to incorporate
the text context into the decision process, by which the
pretrained language model can help obtain more robust text
representations. The objective for the fqa, i, fga and f; is
given by:

N
1 _
Laux = N E (log(g(fga, ft)) +10g(1 — g(fga, )
i=1

+log(1 — g(fga. fi))),

where N is the batch size and g(-) denotes the bilinear oper-
ation function to score the question-answer and text context.

(14)

IV. EXPERIMENTS

In this section, we first briefly introduce the TQA dataset
in Section IV-A. Then, we demonstrate the implementa
tion details and experimental setup in Section 1V-B. Subse-
guently, we analyze the experimental results for SSCGN in
Section IV-C, evaluate the effectiveness of SSCGN based on
severa ablation studies and conduct a simple hyperparameter
analysis in Section 1V-D. Finadly, in Section IV-E we make
some case studies to demonstrate the ability of SSCGN.

A. TQA Dataset

We evaluate our proposed SSCGN on the TQA dataset [8],
which consists of 1,076 lessons containing 78,338 sentences
and 3,455 diagrams from life science, earth science and
physical science textbooks of middle school science curricula.
Table Il demonstrates the question types, the corresponding
number of candidate answers and the dataset split.

B. Implementation Details

In this work, our proposed SSCGN is based on the Pytorch
platform. The diagram encoder is implemented by the pre-
trained ResNet-101 backbone. The object detector YOLOv3
was pretrained on the AlI2D datasets [9]. The text encoder is
implemented by the RoBERTa large [49], which is pretrained
on a collection of scientific MC question datasets follow-
ing [38]. The long text context provided by TQA contains
only limited content relevant to the question. Therefore, we can
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adopt three methods, namely Information Retrieval (IR), Next
Sentence Prediction (NSP) and Nearest Neighbors (NN), asthe
text background retrieval methods to retrieve the text that
is most relevant to questions and answers, and an ensemble
method for them following the work [38]. For a fair compar-
ison with baselines, we adopt IR as the fina text background
retriever in most experiments. We set the maximum length of
the input text sequence to 180 and the OCR token sequence
to 30. All the inputs are truncated or padded to the same
length. In addition, we set the maximum number of visual
regions as 32 and the maximum number of OCR tokens to 20.
The feature fusion scheme f (-) adopts an equal weighted sum
(weight=1). Thethreshold T for spatial relationship generation
is set to 0.3. For the joint reasoning module, we empiricaly
set the head number for attention to 16 and the number of
layers to 2. The multiplicative factor y for the loss function is
set to 0.3. Theinitial learning rate is set to 1e~> for T/F, 25
for TMC and 3e® for DMC. For optimization, Adam [53]
with a linearly decayed learning rate and warm-up is used.
To avoid overfitting, we choose a dropout value of 0.1.

C. Experimental Results and Analysis

We compare our proposed SSCGN with several exist-
ing methods including six graph-based methods, three
pretraining-based methods and one interpretability-based
method, which were introduced in Section 11-C. Note that
most of the methods only report the results on the validation
set. Therefore, we compare SSCGN with ten of them on the
validation set and four of them on the test set. For a fair
comparison, we also adopt IR as the text background retriever
to extract text that is most relevant to questions and answers
from the long text context, the same as ISAAQr [38] and
WSTQir [40]. Table I1l and Table IV show the experimental
results on validation set and test set of TQA dataset respec-
tively. From the two tables, we make the following three
observations:

o For al questions (All), SSCGN achieves the best perfor-
mance on both the validation and test set. Specifically,
SSCGN attains 0.90% higher accuracy than the SOTA
baseline MHTQA on the validation set and 2.65% higher
accuracy than ISAAQiRr on the test set. It indicates that
SSCGN is effective in solving all types of questions.

o For all text questions (Text All), SSCGN obtains 1.49%
and 2.27% accuracy improvement over MHTQA and
ISAAQir on the validation and test set respectively.
Among them, for T/F questions, SSCGN has a lower
performance than the previous best model MHTQA on
the validation set, but is able to outperform it on all other
question types. We analyze that the multi-type question
learning strategy in MHTQA may be more suitable for
T/F questions, however our method takes the performance
of both types of text questions into account and achieves
better performance on al text questions. In addition, for
T/F questions, SSCGN outperforms ISAAQ|r by 1.42%
on the test set. For TMC questions, SSCGN improves
the best baseline MHTQA by 3.36% on the validation
set and outperforms ISAAQRr by 2.74% on the test
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TABLE Il

EXPERIMENTAL RESULTS (% ACCURACY) OF DIFFERENT TYPES OF QUESTIONS ON VALIDATION SET FOR TQA TASK. WE PRESENT THE ACCURACY
OF TEXT TRUE/FALSE QUESTIONS (T/F), TEXT MULTIPLE CHOICE QUESTIONS (TMC), ALL TEXT QUESTIONS (TEXT ALL = T/FU TMC),
AND DIAGRAM MULTIPLE CHOICE QUESTIONS (DMC) AND ALL QUESTIONS(ALL = TEXT ALL U DMC)

Model T/F T™MC Text All DMC All
MemN+DPG (2017) [8] 50.50 30.98 38.69 32.83 35.62
EAMB (2018) [33] 55.31 33.27 41.97 35.10 38.37
MoQA (2018) [34] 61.90 36.20 46.40 33.40 39.56
IGMN (2018) [35] 57.41 40.00 46.88 36.35 41.36
f-GCN1+SSOC (2019) [36] 62.73 49.54 54.75 37.61 45.77
XTQA (2020) [41] 58.24 30.33 41.32 32.05 36.46
ISAAQrr (2020) [38] 78.26 67.52 71.76 53.83 62.37
RAFR (2021) [37] 53.63 36.67 43.35 32.85 37.85
MHTOQA (2021) [39] 82.87 69.22 74.61 54.87 64.27
WSTQrr (2022) [40] 77.15 56.80 64.87 50.92 57.17
SSCGN 81.50 72.58 76.10 55.24 65.17
TABLE IV

EXPERIMENTAL RESULTS (% ACCURACY) OF DIFFERENT TYPES
OF QUESTIONSON TEST SET FOR TQA TASK

Model T/F TMC  Text Al DMC All

XTQA (2020) [41] 56.22  33.40 41.67 3334  36.95
ISAAQrr (2020) [38] 77.74 68.94 72.13 50.50  59.88
RAFR (2021) [37] 52775 3438 41.03 30.47  35.04
WSTQrr (2022) [40]  77.28  58.27 65.15 4428 53.24
SSCGN 79.16  71.68 74.40 5346  62.53

set. This indicates that SSCGN has great potential for
robust text understanding to comprehensively improve the
performance for al types of text questions.

o For DMC questions, SSCGN achieves the best perfor-
mance whether on the validation or test set, significantly
improving the accuracy on the test set by 2.96%, which
indicates that SSCGN can effectively alleviate visual
semantic ambiguity and enhance the diagram understand-
ing in TQA task.

To sum up, we believe that our proposed SSCGN can work
well on TQA task.

To further fully compare the performance of ISAAQ and
SSCGN, we have conducted multiple experiments on the
setting of w/o pretraining and w/ pretraining. The setting w/
pretraining refers to using the multi-stage pretrained ROBERTa
on a collection of scientific MC question datasets. The set-
ting w/ pretraining refers to using the multi-stage pretrained
RoBERTa on a collection of scientific MC question datasets.
The setting w/o pretraining refers to using RoBERTa without
the above pretraining. Note that besides the above pretraining
on a collection of scientific MC questions, ISAAQ [38] uses
additional AI2D [9] pretraining for the whole model and
SSCGN uses additional auxiliary tasks. Therefore, for equality,
we eliminate al pretrainingsin SSCGN and ISAAQ, and then
compare them under our settings. Due to the different settings,
we rerun the ISAAQ to obtain results for comparison.

Table V showsthe individual results of each text background
retrieval method including IR, NN and NSP and their ensemble

results. Experimental results on DMC demonstrate that our
proposed SSCGN significantly outperforms ISAAQ on the
same setting whether on the validation set or test set. In gen-
eral, we improve the overall DMC performance of SOTA by
3.96% and 3.85% on the validation set and test set respectively
on the setting of w/o pretraining. We also obtain 1.20% and
1.11% accuracy improvement on the validation set and test
set respectively on the setting of w/ pretraining. We find that
SSCGN has a more significant effect on the setting of w/o
pretraining. It is speculated that ISAAQ may rely more on the
representation ability of the language model, and our SSCGN
has a stronger diagram understanding ability.

D. Ablation Studies

To analyze the contribution of each designed module,
we conduct ablation studies on the validation set for the TQA
task, as shown in Table VI and Table VII. Here, we verify
the effectiveness of each module by adding each module or
module combination to the Baseline. The Baseline uses a
pretrained Resnet-101 backbone to encode the regions, a multi-
stage pretrained RoBERTa on a collection of scientific MC
guestion datasets to encode the question and text context and
then performs mutimodal fusion [3] for answer prediction.

1) The Effectiveness of the Main Modules: We report the
ablation results for main modules, as shown in Table VI. The
specific analyses are as follows:

« W/ SSE. This method aims to verify the effectiveness of
introducing OCR tokens to enhance the region represen-
tations for diagram understanding. We see that Baseline
w/ SSE increases by 1.69 % in row 1 of Table VI,
which proves that OCR tokens are good complements
to the semantic features of visual objects. Compared
with only the visual appearance or only text semantics,
the integration of the semantically high-level OCR token
features and region features can help aleviate visua
semantic ambiguity in diagramsto some extent and obtain
richer and more comprehensive visual representations.

o W/ SA-MHA. This method aims to verify the effec-
tiveness of introducing spatial location into the atten-
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TABLE V

EXPERIMENTAL RESULTS (% ACCURACY) OF DIAGRAM QUESTIONS ON VALIDATION SET AND TEST SET FOR TQA TASK, WHICH ARE MAINLY
COMPARISONSOF | SAAQ AND OUR MODEL SSCGN ON DIFFERENT SETTINGS. IR, NSPAND NN ARE THREE TEXT
BACKGROUND RETRIEVERS, AND ALL |STHE ASSEMBLING OF THEM

Setting Model Dataset bme
IR NSP NN All
ISAAQ val 4434 47.79 44.08 47.82
. test 38.93 41.67 41.28 43.20
wlo pre-training 1 524 51.92 5037 5178
SSCGN va . . . .
test 45.72 44.98 43.32 47.05
ISAAQ val 52.64 51.35 50.31 53.07
. test 51.02 49.86 48.46 51.72
W/ pre-training I 5412 53.86 5193 5427
SSCGN va . . B .
test 52.18 51.32 50.68 52.83
TABLE VI
MODULES ABLATION RESULTS (% ACCURACY) OF DIAGRAM QUESTIONS
ON VALIDATION SET FOR TQA TASK
# SSE  SA-MHA FSA-GN Aux DMC A
Baseline 52.37 -
1 v 54.06 +1.69
2 v 53.13  +0.76
3 v 53.38  +1.01
4 v 5372 +1.35
5 v v v 53.89  +1.52
6 v v v 5428 +191
7 v v v 5436 +1.99 Fig. 3. ISAAQ)r Evolution vesions for DMC which add different auxiliary
8 v v v 5440 42.05 task or their combinations.
SSCGN v v v v 5524  +2.87
for diagram questions. In row 3, Baseline w/ FSA-GN
TABLE VII

AUXILIARY TASKS ABLATION RESULTS (% ACCURACY) OF DIAGRAM
QUESTIONSON VALIDATION SET FOR TQA TASK. ROw 7 OF THE GRAY
COLOR HAS THE SAME SETTING AS ROW 4 IN TABLE VI

# DTC RPP QTI DMC A
Baseline 52.37 -

1 v 53.12 +0.75
2 v 53.05 +0.68
3 v 53.38 +1.01
4 v v 53.49 +1.12
5 v v 53.63 +1.26
6 v v 53.54 +1.17
7 v v v 53.72 +1.35

tion mechanism for diagram understanding and joint
reasoning. In row 2, Baseline w/ SA-MHA obtains
a 0.76% performance improvement, which proves that
introducing spatial relationships into multi-head attention
mechanism can help enrich the region representation and
enhance their spatial expressive ability to help answer the
gpatia type questions involving reasoning about relative
positions.

o« W/ FSA-GN. This method aims to verify the effective-
ness of our relation-aware region representation method

increases by 1.01%, which indicates that message passing
in the form of the spatial-aware graph network can help
enrich visual representations and is effective for joint
reasoning to obtain better performance.

o W/ Aux. This method aims to demonstrate their effec-
tiveness in improving the representation ability. In row 4,
Baseline w/ Aux increases by 1.35%, which demonstrates
that our diagram and text based pretraining methods can
help obtain more robust visual and text representations
for the education domain.

In rows 5-8, any three modules are combined based on
Baseline, which is equivalent to removing one module from the
full model SSCGN. We can observe that compared with Base-
line, the module combinations can have higher performance
improvement than the individual module, which indicates
that different modules can complement each other to boost
model performance. The combination of al modules forms
SSCGN in the last row, which obtains the best performance.
Consistently, compared with SSCGN, the performance of these
ablation models in rows 5-8 all degrades. In summary, each
module has a positive effect on model performance.

2) The Effectiveness of Auxiliary Tasks. To evauate the
contribution of each auxiliary task, we conduct some ablation
studies by adding each of the auxiliary tasks or their combi-
nation to Baseline as shown in Table VII.
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Fig. 4. Accuracy of DMC using spatia relation graphs constructed by using
different thresholds T.

« W/ DTC. This method aims to verify the effectiveness of
DTC for the visua representation. In row 1 of Table VII,
Baseline w/ DTC obtains a 0.75% increase, which proves
that the DTC task can enhance visua representation
ability by improving the diagram classification accuracy.
Intuitively, the higher the classification accuracy is, the
better the diagram representation ability will be. In this
case, the pretrained diagram encoder can contribute to the
diagram representation, which isimportant to the question
answering task.

« W/ RPP. This method aims to verify the effectiveness of
RPP for the visual representation. In row 2, Baseline w/
DTC increases by 0.68%, which indicates that the feature
representation learned through the within-diagram context
can capture visual characteristics. The method can help
enhance the visual representation ability by exploring to
use spatial context as a source of the free and plentiful
supervisory signal and lay a good foundation for our
downstream task.

o W/ QTI. This method aims to verify the effectiveness of
QTI for obtaining useful text features to help text under-
standing. In row 3, Baseline w/ QTI increases by 1.01%,
which proves that the pretrained language model on our
task can help obtain more robust text representations. QTI
can help bridge the gap between the education domain
and general domain and learn text representations that
are more suitable for the education domain.

In rows 4-7, different combinations of the three auxiliary
tasks on Baseline can achieve a performance improvement
and outperform the performance when the auxiliary tasks are
adopted aone. All three auxiliary tasks are combined together,
which achieves the best gain.

3) The Scalability of Auxiliary Tasks: The auxiliary task
moduleis scalable, which can also be used in ISAAQ. To eval-
uate the scalability of each auxiliary task, we conduct some
studies by adding different auxiliary tasks or their combination
on ISAAQr with IR as the text background retriever. The
results of ISAAQ|r gradualy evolution versions for diagram
multiple choice questions are shown in Fig. 3. For ISAAQIR,
the accuracy gains of DTC, RPP, QTI, DTC+RPP and the
combination of all three tasks are 0.33%, 0.25%, 0.38%,
0.51%, and 0.66% respectively on the validation set, and
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TABLE VIII

DM C PERFORMANCE OF DIFFERENT FEATURE FUSION SCHEMES
FOR INITIAL REGION FEATURES

Method DMC

Equal Weighted Sum (weight=1) 55.24
Adaptive Weighted Sum 54.88
Concat+MLP 54.63

0.51%, 0.30%, 0.58%, 0.61%, and 0.82% respectively on the
test set.

4) Different Thresholds for Spatial Relation Graph Con-
struction: We conduct a set of experiments using the IR
as the text background retriever to analyze the effect of
threshold T for the construction of the spatial relation graph
and question answering. Specifically, we keep all other set-
tings the same and only modify the threshold T within
{0.2,0.3,0.4, 0.6, 0.8}. As shown in Fig. 4, it is obvious that
T = 0.3 is the best choice for SSCGN, which can bring the
best performance and best generalization.

5) Comparison of Different Feature Fusion Schemes. We
choose different fusion schemes to control the fusion of mul-
tiple features, forming initial region features including visual
object features and OCR token features. Here, we compare
three different fusion schemes as follows:

o Equal Weighted Sum: This method considers that each
type of feature contributes equally to the initial region
feature, then carries a weighted sum on them to form the
initial region feature.

« Adaptive Weighted Sum: This method learns different
weights for the different types of features and carries a
weighted sum on them to form the initial region feature.

o Concat+MLP: This method combines the multiple fea-
tures by a concatenation operation, and then uses an MLP
to encode the concatenated features.

We evaluate their performances on the validation set of the
TQA dataset, and the performances are shown in Table VIII.
We can observe that the equal weighted sum method achieves
the best accuracy with aminor increase. Surprisingly, although
using the adaptive weighted sum method to combine multiple
features performs better than the concat+MLP method, it fails
to achieve better performance compared to the equal weighted
sum method. We speculated that due to the small amount of
data, the adaptive weighted sum method is difficult to optimize
for better results.

6) Comparison of Different Maximum Numbers for Visual
Objects and OCR Tokens: We set the maximum number based
on the percentage of diagrams that contain visual objects or
OCR tokens less than the set threshold (the percentage = the
number of diagrams containing visual objects or OCR tokens
less than the set threshold / the number of all diagrams).
Specifically, according to different percentages, we set dif-
ferent maximum numbers for visual objects and OCR tokens
to analyze their impact on our model. As shown in Table IX,
we can make the following three observations as follows:

o« When the setting for the maximum number of visual
objects and OCR tokens is small (e.g. row 1 and row 5),
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Fig. 5. Examples from the validation set for case studies. The text context is most relevant to the question and answers, which is obtained with IR as the
text background retriever. The spatia relation graphs are constructed by SSCGN. The success and failure cases of our proposed SSCGN, the baseline ISAAQ
and the ground truth (GT) are compared.

many diagrams need to truncate the input visual objects of which may have low confidence, leading to introducing
and OCR tokens, leading to necessary information |0ss. noisy information in the question answering process.
Thus, the model cannot learn effective diagram represen- e When M = 32 and N = 20 in row 3 and row 7, this
tation, which further results in degraded performance of setting can achieve the best performance.

guestion answering. To sum up, the OCR tokens and visual objects are the

o When the setting for a maximum number of visual objects important elements, it is necessary to set an appropriate
and OCR tokens is large enough as shown in row 4 and maximum number for them.
row 8, although all visual objects and OCR tokens for any 7) Comparison of Different Detectors for Visual Objects
diagram are taken into account, the model performance and OCR Tokens. For object detection model of visual
drops dlightly. We analyze that for these diagrams, too objects, besides YOLOvV3 [47], we select the classic Faster
many visual objects or OCR tokens are detected, some R-CNN [54] and recent mainstream SAM-DETR [55] as

Authorized licensed use limited to: Xian Jiaotong University. Downloaded on November 05,2023 at 10:10:50 UTC from IEEE Xplore. Restrictions apply.



3226

TABLE IX

DM C PERFORMANCE WITH DIFFERENT MAXIMUM NUMBERS M
FOR VISUAL OBJECTS OR DIFFERENT MAXIMUM
NUMBERS N FOR OCR TOKENS

# Percentage M DMC
1 60% 12 54.01
2 N=20 80% 16 54.53
3 98% 32 55.24
4 100% 123 55.02
# Percentage N DMC
5 60% 8 53.48
6 M=32 80% 12 54.13
7 98% 20 55.24
8 100% 61 54.89
TABLE X

DM C PERFORMANCE WITH DIFFERENT DETECTORS FOR
VISUAL OBJECTSAND OCR TOKENS

# Object Detectors OCR Detectors DMC
1 EasyOCR 54.67
2 YOLOV3 PaddleOCR 55.06
3 OCRSpace 55.24
# OCR Detectors Object Detectors DMC
4 Faster RCNN 54.74
5 OCRSpace SAM-DETR 54.93
6 YOLOv3 55.24

two variants. For OCR detectors of OCR tokens, besides
OCRSpace!, we select two popular detectors PaddleOCR? and
EasyOCR? as two variants. As shown in Table X, we observe
that these results just fluctuate slightly. We analyze that current
object and OCR token detection tasks have been widely
explored and achieved satisfactory performance, which can
provide good foundations for our downstream TQA task by
detecting relatively accurate visual objects and OCR tokens.
Thus, the task performance is still dominated by the TQA
model design. Moreover, compared with existing models,
the better performance demonstrates better representation and
reasoning ability of our model.

E. Case Sudies

To better analyze our model, we select four success exam-
ples and two failure examples as shown in Fig. 5. We present
the spatial relation graph generated by SSCGN besides the
text context, diagrams, questions and answers. For the spatial
relation graphs, the green boxes indicate the visual objects
detected by YOL Ov3, the blue boxes indicate the OCR tokens
detected by the OCR detector, and the red lines represent the
relation generated by our spatial relation algorithm. In the
top four rows are success examples, we can conclude that
SSCGN can mostly generate an ideal spatial relation graph as

2t t ps://github. con Paddl ePaddl e/ Paddl eOCCR
Shttps://github. com Jai dedAl / EasyOCR
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the surrogate ground truth to supervise the generation of the
semantic relation graph. For example, the OCR tokens “Gas”,
“Liquid” and “Solid” can connect to the most related visual
objects, and further enhance their representations. In addition,
we find that the extraction of accurate relevant text context
is also important for question answering. For the third and
fourth rows, the questions are related to the relative position
such as “between”, our fine-grained spatial relation graph can
help with joint reasoning. For the first wrong example, failure
to match the meaning “is directly connected to” with the right
spatial relationship may be the cause of this incorrect answer.
The reason is that SSCGN cannot understand this implicit
positional relationship. In addition, the relevant textual context
isaso not extracted accurately. For the second wrong example,
fallure to count is the main cause of the incorrect answer.
In fact, numerical reasoning and counting are key points we
need to improve further. Compared with ISAAQ, it is obvious
that SSCGN can perform better on the questions related to
spatial relationships and questions requiring a robust diagram
understanding.

V. CONCLUSION

In this paper, we propose a novel model Spatial-Semantic
Collaborative Graph Network (SSCGN), which explores the
spatial and semantic relationships between visual objects and
OCR tokens in a diagram for textbook question answering.
To enhance the representation of the visual objects via sur-
rounding OCR tokens, we devise a spatial-guided semantic
enhancing module to establish a semantic relation graph under
the supervision of the generated surrogate spatial relation
graph. We also design a fine-grained spatial-aware graph
network to learn richer relation-aware region representations.
Furthermore, we design three self-supervised auxiliary tasks
to enhance the diagram and text semantic representations.
Experimental results on TQA certify the effectiveness of each
proposed module, and SSCGN achieves the SOTA perfor-
mance compared with all other baselines.

In the future, we will explore the following directions:
(1) We are going to realize the interpretability of textbook
guestion answering tasks. (2) We are going to further study
the self-supervised diagram understanding methods.
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