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Abstract

Higher education plays a critical role in cultivating talent, preserving culture,
and promoting social progress. However, current challenges, such as inef-
ficient information dissemination and low problem-solving efficiency among
students, highlight the need for intelligent question-answering systems. These
systems, leveraging artificial intelligence and natural language processing
technologies, enable rapid and accurate responses to student queries, thereby
providing intelligent support for higher education management. This study
introduces the ATT-MR-WL model, a generative Al system integrating Mask
R-CNN and Word2Vec+LSTM to enhance intelligent question-answering
functionality. The model, customized to handle both text and visual data, is
evaluated using the established VQA v2.0 dataset and a specially developed
EM dataset reflecting university management scenarios. The ATT-MR-WL
model demonstrates a 3% accuracy improvement over traditional meth-
ods and enhances its ability to handle multimodal queries. This research
provides important insights for enhancing the efficiency and quality of
higher education management and advancing the process of educational
informatization.

Keywords: Intelligent question-answering, higher education management,
Mask R-CNN, Word2Vec+LSTM, ATT-MR-WL.

Journal of Web Engineering, Vol. 23_7, 973-1002.
doi: 10.13052/jwe1540-9589.2373
© 2024 River Publishers



974 Ying Ba

1 Introduction

Contemporary education is no longer merely about imparting knowledge, it
faces complex and evolving challenges. Education aims to cultivate students’
comprehensive qualities and promote their holistic development [1]. How-
ever, at present, educational systems universally encounter a range of issues.
These issues include, but are not limited to, unequal distribution of educa-
tional resources, uneven teaching quality, challenges in meeting personalized
student needs, and insufficient integration of educational technologies [2].
Traditional teaching methods often struggle to meet diverse learning needs,
prompting educators to urgently seek new approaches and tools to address
these challenges. The swift advancements in artificial intelligence and deep
learning technologies have led to their increasing adoption in the education
sector to address various challenges [3, 4]. Deep learning is extensively
used in educational research as a subset of artificial intelligence. Through
deep learning techniques, researchers can better analyze educational data,
uncover hidden patterns within them, and provide a scientific basis for
educational decision-making. For example, deep learning can be used in
course recommendation systems, intelligent teaching aids, and other areas,
bringing new possibilities to educational practice [5]. In current educational
research, intelligent question-answering technology is increasingly valued
and considered one of the effective approaches for addressing educational
challenges. Intelligent question-answering systems can utilize deep learning
and other technologies to automatically understand users’ questions and
provide accurate, timely answers or suggestions. This technology not only
helps students better understand knowledge but also provides personalized
teaching support for educators [6, 7]. The application of intelligent question-
answering systems will introduce novel approaches to educational activities,
fostering continuous innovation and progress in the education sector.

There has been a series of studies in the education field aiming to solve
various problems and promote innovative development using technologies
such as deep learning. This article will introduce four representative stud-
ies and outline their models and existing shortcomings. In the first study,
researchers developed a “knowledge graph-driven personalized learning rec-
ommendation system” [8]. This system utilizes deep learning technology
to construct a knowledge graph to capture information such as students’
learning interests, knowledge levels, and learning paths. Based on this
knowledge graph, the system can provide personalized learning resource
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recommendations for each student. However, the system still has limitations
in understanding and responding to students’ personalized needs, requiring
more data and algorithm optimization to improve accuracy and intelligence.
The second study involves the development of a “virtual teacher intelli-
gent question-answering system” [9]. The research team used deep learning
models to construct a virtual teacher capable of understanding students’
questions and providing corresponding answers or explanations. By engaging
in real-time interaction with students, the system offers personalized teaching
assistance. However, due to limited training data for the virtual teacher
model, the system performs poorly in answering complex questions and
requires more real-world data for training. Another study focuses on a “deep
learning-based essay evaluation system” [10]. This system utilizes deep
learning technology to automatically score and evaluate students’ essays.
By analyzing aspects such as the language structure, logical thinking, and
expressive ability of essays, the system provides corresponding evaluations
and suggestions. However, due to limitations in understanding essay content
and context, evaluation results may contain subjective biases, necessitat-
ing further research to enhance objectivity and accuracy. The last study
is a question-answering system based on generative adversarial networks
(GANSs), which proposes a novel method to expand training data in the edu-
cation field [11]. By generating question—answer pairs through a generative
adversarial network, the system can better train intelligent question answering
models and enhance its effectiveness in the educational domain. Howeyver,
this method may encounter the problem of training instability in specific
scenarios in the education field. In summary, although these related studies
have propelled the development of the education field using technologies
like deep learning, they still have some shortcomings, such as insufficient
training data and limited ability to handle complex problems. Therefore,
future research needs to further refine models, enhance system performance,
and improve intelligence to better serve educational practices and teaching
needs.

Based on existing shortcomings, we propose the ATT-MR-WL net-
work, which integrates an image feature extraction module (Mask R-CNN),
a text feature extraction module (Word2Vec+LSTM), and multiple atten-
tion units. The ATT-MR-WL network comprehensively understands and
represents multimodal information, providing richer features for answer
reasoning. Compared to traditional intelligent question-answering systems,
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it possesses stronger expressive and reasoning capabilities, enabling more
accurate responses to user queries. This opens up new possibilities for the
application of intelligent question-answering systems in higher education
management, offering more accurate and convenient management tools and
decision support.

In our research, we propose an intelligent question-answering system that
contributes to higher education management in the following three aspects:

* We have proposed a novel intelligent question-answering system model,
namely the ATT-MR-WL model. This model integrates natural language
processing and deep learning technologies, achieving a more accurate
understanding and processing of questions in the education domain
through multimodal information fusion.

* We thoroughly validated the effectiveness and performance of our pro-
posed model through extensive experiments. Training and testing on
a large amount of real education data demonstrated that our model
has significant advantages in addressing intelligent question-answering
problems in the education domain, exhibiting higher accuracy and
stronger generalization capability.

* We successfully applied our model to practical education scenarios
and achieved remarkable results. Through collaboration with educa-
tional institutions, our intelligent question-answering system provides
educators and learners with more convenient and efficient teaching
tools, fostering further development and application of educational
informatization.

The rest of this paper is structured as follows. Section 2 reviews the
related work in the field of intelligent question-answering systems and
educational management. In Section 3, we describe the proposed ATT-MR-
WL model, detailing its architecture and components. Section 4 presents
the experimental setup and evaluation, including datasets and performance
metrics. The results and comparative analysis are discussed in Section 5.
Finally, Section 6 concludes the paper and outlines future research directions.

2 Related Work

2.1 Progress in Intelligent Assisted Teaching on Online
Learning Platforms

Intelligent assisted teaching systems are gradually becoming an integral part
of the education landscape on today’s online learning platforms [12, 13].
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These systems utilize advanced technologies such as artificial intelligence,
machine learning, and data analysis to offer customized learning support and
teaching assistance for students and educators. Their key features include
individualized learning support, instant feedback and guidance, a variety of
learning resources, and teaching aids [14]. By evaluating students’ learning
behaviors and performance, these systems can personalize learning paths and
resources for each student, providing targeted advice and assistance. Addi-
tionally, the systems provide teachers with the ability to monitor students’
learning progress and performance in real-time, helping them adjust teaching
strategies and course design accordingly.

These systems have made significant contributions to enhancing the flex-
ibility and efficiency of learning and teaching methods. By collecting and
analyzing large volumes of educational data, they also contribute to decision-
making processes and instructional improvements, fostering educational
innovation. While these systems offer many benefits, there remains room for
further development, particularly in expanding their ability to process diverse
types of educational data.

In summary, the application of intelligent assisted teaching systems on
online learning platforms offers students and teachers more flexible and effi-
cient learning and teaching methods. This contributes to improving learning
outcomes and teaching quality, ultimately driving progress and development
in education.

2.2 Research on Personalized Education Models Based on Big
Data Analysis

Research on personalized education models based on big data analysis is
currently a key focus in education. These models utilize advanced data
analysis techniques to collect and process large amounts of student learn-
ing data, aiming to achieve a deep understanding and precise analysis of
each student’s individualized learning needs [15, 16] In this model, data
on students’ learning behaviors, study habits, progress, interests, and hob-
bies are collected and recorded, and then subjected to in-depth analysis
through data mining and analysis algorithms. Through the examination of
this learning data, personalized education models can discover each student’s
learning characteristics and needs, thereby providing personalized learning
paths and resources [17]. For example, for students who enjoy reading, the
system may recommend more reading materials and related learning activ-
ities; for students who struggle in certain subjects, the system may provide
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more targeted practice questions and problem-solving techniques [18]. Addi-
tionally, personalized education models can provide important reference
information for teachers. By analyzing students’ data, educators can gain a
deeper understanding of each student’s progress, quickly identify learning
challenges, and implement appropriate teaching strategies. This approach
enhances teaching effectiveness and improves students’ learning experiences.

While these models have made significant progress in personalizing
learning experiences through big data, there remains potential for further
refinement, particularly in enhancing real-time data processing and adapting
to students’ changing learning needs more dynamically.

2.3 The Latest Research on Multimodal Information Fusion
Techniques in Educational Intelligent Question-answering
Systems

Recent research has been dedicated to integrating information from different
modalities to enhance the performance of educational intelligent question-
answering systems. These studies focus on designing text and image fusion
models to enable systems to comprehensively understand questions [19].
These models are capable of simultaneously processing textual descriptions
and related images, thereby providing more accurate and comprehensive
answers. Additionally, audio and text fusion models have also been developed
to better understand the semantics and tones of students’ inquiries [20].
By combining audio information with textual content, systems can better
comprehend students’ questions and provide more suitable responses. These
studies not only concentrate on model design but also explore a range of
optimization methods to improve system performance [21]. For instance, the
introduction of attention mechanisms allows systems to pay more attention to
important information segments [22, 23]. Moreover, the application of feature
fusion techniques effectively integrates features from different modalities,
thereby enhancing the accuracy and efficiency of systems.

These advances represent important contributions to the develop-
ment of intelligent question-answering systems in education. By lever-
aging multimodal fusion, these systems are better equipped to meet the
demands of educational management and provide robust learning support.
Future research may continue to explore optimization strategies to further
improve the capabilities of multimodal systems in complex educational
environments.
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3 Method

3.1 Overview of Our Network

The intelligent question answering system we propose is based on the fusion
of multimodal information, aiming to enhance the ability to answer and
solve questions in educational scenarios. This system adopts a comprehensive
framework called the ATT-MR-WL network, which integrates both image
and text data and utilizes multiple attention units for deep interaction and
information fusion, achieving more precise answer reasoning. Here’s a brief
description of the model. Image feature extraction module (Mask R-CNN):
This module employs the Mask R-CNN model to extract rich visual fea-
tures from input images, capturing objects and scene information crucial for
understanding the context and answering questions. Text feature extraction
module (Word2Vec+LSTM): This module utilizes Word2Vec to convert tex-
tual questions into word vector representations. It then employs an LSTM
model to capture semantic information and contextual relationships within
the text sequences, generating text features essential for understanding the
meaning and intent of questions. The attention mechanism module introduces
multiple attention units, including multi-head attention and guided attention,
to perform weighted fusion of image and text features, facilitating interaction
and information exchange between different modalities.

Our network construction process involves utilizing a pre-trained Mask
R-CNN model to extract image features and convert the textual data into
word vectors using Word2Vec. Next, we input the image features and text
features into an LSTM model to obtain the textual feature representation of
the question. Then, through multiple attention units, we perform weighted
fusion of the image and text features to obtain a richer feature representation.
Finally, we input the fused features into the answer reasoning module, where
the model conducts reasoning and answers the questions. Figure 1 is the
ATT-MR-WL model framework diagram.

Our model holds significant importance for intelligent question-
answering systems in higher education by integrating image and text data,
which achieves a comprehensive understanding of educational scenarios and
improves the accuracy of responses. Moreover, the attention mechanism
within our model effectively orchestrates interaction and information flow
among different modalities, facilitating profound information fusion and
endowing the intelligent question-answering system with robust reasoning
capabilities. Most notably, our model stands poised to provide more effective
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Figure 1 ATT-MR-WL multimodal network model diagram.

support for higher education management by furnishing personalized, real-
time question answering, and learning guidance to both students and edu-
cators. Consequently, this advancement is expected to elevate teaching
standards and learning outcomes.

3.2 Image Feature Extraction Module: Mask R-CNN

Mask R-CNN (Mask region-based convolutional neural network) is an
advanced deep learning model used for object detection and image segmen-
tation tasks. Its principle is based on Faster R-CNN, but it introduces an
additional segmentation branch, allowing the model not only to accurately
detect objects in images but also to generate precise pixel-level segmentation
for each object [24]. In Mask R-CNN, convolutional neural networks (CNNs)
are first used to extract image features. The extracted features are passed to
the region proposal network (RPN) to generate candidate object bounding
boxes. The Rol (region of interest) align layer then accurately crops and
aligns these features for the classification and segmentation branches. The
classification branch is responsible for determining the category of candidate
objects, while the segmentation branch applies convolution and upsampling
operations on the Rol Align outputs to create binary masks for each object,
achieving pixel-level semantic segmentation [25]. The model schematic is
presented in Figure 2.

The Mask R-CNN model equations are formulated as follows:

Given an input feature map F, the region proposal network (RPN)
proposes candidate object bounding boxes:

RPN(F) — {B}. (1)

The Rol Align process extracts a small feature map for each object
proposal, aligning the features precisely with the object:

Rol Align(F,B) — Fp. ()
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Figure 2 The architecture of Mask R-CNN.

The classification head outputs a probability distribution over C classes
for each proposed box:

Classification head(Fg) — p. 3)
The regression head outputs bounding box refinements:
Bounding box regression head(Fg) — AB. 4)

The segmentation head outputs a binary mask that indicates the pixel-wise
position of the object within the bounding box:

Segmentation head(Fp) — M. 5)

The Mask R-CNN employs a loss function L, aggregating L.qs for clas-
sification, Ly for bounding box adjustments, and Ly ask for binary mask
Cross-entropy.

L= Lcls(pa u) + LbOX(ABa V) + Lmask(M7 W) (6)

where u is the ground truth class, v is the ground truth bounding box, and w
is the ground truth mask.

In the field of education, the Mask R-CNN model can be utilized to
identify objects and scenes within educational contexts, such as classrooms,
blackboards, and books. This capability aids intelligent question-answering
systems to better understand the context of questions. For instance, by
recognizing objects within a classroom, the system can more accurately com-
prehend questions related to the classroom environment and provide more
appropriate answers. Additionally, Mask R-CNN can be employed to identify
students’ behaviors and emotions, such as attentiveness or confusion. This
functionality enables the system to personalize responses and offer tailored
learning support more effectively.
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The integration of Mask R-CNN in educational intelligent question-
answering systems enriches the system with detailed contextual information,
enhancing both its understanding capabilities and overall effectiveness in
delivering personalized education.

3.3 Question Text Feature Extraction Module: Word2Vec+LSTM

The Word2Vec+LSTM model is a deep learning architecture that combines
word embedding and long short-term memory (LSTM) networks for feature
extraction and semantic modeling of text sequences. Word2Vec is a widely
used word embedding technique that maps vocabulary into a continuous
low-dimensional vector space, capturing the semantic relationships between
words [26]. Conversely, LSTM is a unique form of RNN that efficiently han-
dles extended dependencies in text sequences, thereby enhancing the under-
standing and modeling of textual data [27]. In this model, input text sequences
are first transformed into word vector representations using Word2Vec. These
word vectors are then passed into the LSTM network, which extracts features
and models the semantics of the text. Through its continuous update and
forget gate mechanisms, the LSTM network captures long-term dependen-
cies in the text, generating hidden representations that contain semantic
information and contextual relationships. These hidden representations offer
rich semantic features for subsequent question-answering tasks. The overall
structure of the Word2Vec+LSTM model is shown in Figure 3.

Word2Vec includes two main models: the continuous bag-of-words
model (CBOW) and the continuous Skip-gram model [28]. CBOW predicts
the current word t from the surrounding context, while Skip-gram predicts
context words using the current word t. Both models feature an input layer, a
projection layer, and an output layer, as shown in Figure 4.

input layer

Word2Vec

word vector 2
output layer
word vector ... sentence
vector
word vector
n

Hidden layer

Sentencence

i &

word vector n

Figure 3 Word processing structure diagram.
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Figure 4 Word2Vec model.

In the CBOW model, context words are first transformed into vector
representations, which are then averaged to predict the target word. The
formula for the CBOW model is:

1
Vcontext = % Z (Vw(t—i—j) © O'(WflVW(t+j) +bg)) @)
€ —e<j<e#0
eXp((V:;V(t) - W + bo) : Vcontext)
ZWEW exp((vév - W, + bo) : Vcontextg)

P(w(t)|w(t —c),...,w(t +c)) =

where vy, (t + j) is the vector representation of a context word, vy (t)' is the
“output” vector representation of the target word, Veontext 1S the averaged
context vector, W is the vocabulary, W¢l and W, are learnable weight
matrices, bl and b, are bias terms, o is a non-linear activation function, ©®
denotes element-wise multiplication, and c is the size of the context window.

For the Skip-gram model, the objective is to predict the surrounding
context words based on a given target word w(t). The formula for the
Skip-gram model is:

Pw(t—c),...,wt+o)|wt) = J[ Pwt+jlwt) ©
—c<j<c,j#0
exp((v(N(tﬂ.) “W1+b1) - (V) - W2 + b))
> wew eXP((viy - Wi +b1) - (Vi) - Wa + b2)210)

P(w(t +j)w(t)) =
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where vy (t) is the vector representation of the target word, vy (t + j)’ is the
output vector representation of a context word, W; and Wy are learnable
weight matrices, by and by are bias terms, and c is the size of the context
window.

A recurrent neural network (RNN) can add memory units to the original
neural network to have a memory function for history. It can theoretically
handle sequences of any length and can handle sequence-related problems
better than ordinary neural networks. However, in practice, it is impossible
to memorize information with a long time span. The RNN variant LSTM
model can learn long-term dependencies. LSTM allows information to pass
through selectively through the structure of the gate. The LSTM unit con-
sists of several gates that control the flow of information, as depicted in
Figure 5.

To provide a more detailed understanding of the training and optimization
process of LSTM, we introduce the following core formulas and calculations:

Loss function: For a sequence prediction task, the cross-entropy loss L is
used to measure the difference between the predicted output ¥, and the actual
target y,:

K
L==Y" vixlog(Fei (11)

t=1 k=1
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Gradient for the forget gate: The gradient for the weight matrix W¢ of the
forget gate is computed as follows:

L
e > o, - [ht_l@Xt]T. (12)

t=1

Error term for the output gate: The error term for the output gate O, is
given by:
oL
5Ot = GT ® tanh(Ct) ®0;® (1—Ot). (13)
t
Error term for the input gate: The error term for the input gate I. is

computed as:
oL

0, = 220G oL o ((1-1). 14
I ac, OCoLo( t) (14)
Gradient for the cell state: The gradient for the cell state is calculated by:
oL oL oL
— = — 00, ® (1-tanh?(C Fit1. 15
aC, — oy © 0 O ( anh“(Cy)) + 9t (Of ' %] (15)

Weight update for the forget gate: The weight update for the forget gate is
performed as follows:

oL
Tow;

In these formulas, 7 represents the learning rate, W denotes the weight
matrices. The o function is the sigmoid activation, tanh is the hyperbolic
tangent function, € signifies concatenation, and G denotes element-wise
multiplication (Hadamard product).

The Word2Vec+LSTM model is vital to our intelligent question-
answering system. By processing question text sequences, the model effec-
tively extracts semantic features and converts them into continuous vector
representations. These representations encapsulate the semantic information
and contextual relationships of the questions, helping the system to better
understand and answer even complex natural language questions by grasping
both intent and context, thus improving reasoning accuracy.

In educational settings, the Word2Vec+LSTM model can analyze the
semantic relationships and logical sequences of questions posed by students,
allowing the system to better understand their learning needs. Additionally,
the model can assess students’ learning behaviors, such as identifying their

Wf — Wf— (16)
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interests and difficulties. This enables educators to provide personalized
teaching suggestions and learning guidance. Consequently, applying the
Word2Vec+LSTM model enhances the system’s ability to meet students’
needs and deliver tailored educational support.

3.4 Attention Mechanism Module

The attention mechanism is a powerful tool in neural networks, especially
useful in processing sequential data in fields like natural language process-
ing and computer vision [29]. Its principle involves dynamically adjusting
attention weights for different positions based on current input and con-
textual information at each computational step. This allows the network
to focus more closely on information relevant to the current task while
disregarding irrelevant parts, which improves the model’s ability to handle
sequences of varying lengths and complexities, thus enhancing performance
and generalization.

In our intelligent question-answering system, we utilize both multi-
head attention and guided attention mechanisms to significantly improve
the model’s performance. Multi-head attention enables the model to focus
on information from multiple subspaces simultaneously, helping capture
complex relationships between features and improving feature representation.
Additionally, we have introduced the guided attention mechanism for guid-
ing interactions between different modalities, facilitating the integration and
communication of information. The guided attention mechanism enables the
system to better leverage multi-modal information, promoting interaction and
fusion of information between different modalities, thus further enhancing
the system’s performance and effectiveness. The model can better explore the
internal correlations between image and text features, enhancing sensitivity
to detail and thereby strengthening the system’s representational capacity.
Meanwhile, the guided attention mechanism further enhances interaction
between different modalities, enabling the model to comprehensively utilize
multi-modal information, thus improving the system’s overall performance.
By using these attention mechanisms, the model can better understand the
internal correlations between image and text features, increasing sensitivity
to details and improving its representational capacity. In turn, this allows the
system to generate more accurate answers in educational contexts, providing
smarter and more efficient solutions for higher education management.

Attention mechanisms have become integral components in various deep
learning architectures for tasks involving sequential or relational data. At
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its core, attention mechanisms enable models to concentrate on particular
sections of the input when making predictions or generating outputs.

Softmax attention mechanism: The softmax attention mechanism com-
putes attention weights through a scaled dot-product between the current
input and a context vector. The scaling factor, derived from the dimensionality
of the key vectors, aids in stabilizing the gradient during the learning process.
The mathematical formulation is expressed as follows:

Attention(Q, K, V)
QKT + diag(Q)K — Kdiag(Q)
Vdi + €

where Q) is the query matrix, K is the key matrix, V is the value matrix,
and dy represents the dimensionality of the key vectors, used to scale the
dot-product, and hence stabilize training dynamics.

Multi-head attention mechanism: This mechanism enhances the tradi-
tional softmax attention by parallel processing information across various
representation suhspaces, allowing the model to capture multi-dimensional
data features more comprehensively.

= softmax ( + M> A\ amn

Multi head(Q, K, V) = Concat(heady, ... heady, )W

where head; = attention(QWE, KWK, VWY) W2 WK WYV are lin-
ear transformation matrices for each head, and Wé is the final linear
transformation matrix to combine heads.

Guided attention mechanism: Guided attention incorporates additional
guidance signals to modulate the attention mechanisin’s behavior, enhancing
interpretability or direc:ting attention based on specific criteria.

Guided attention(Q, K, V, G)

Q((K+aG)Wy)T + BGW,
Vi

where G is the guidance signal, « is the weight. parameter for the guidance
signal, 3 is another weight parameter for the guidance influence, Wy and W
are learnable weight matrices for the keys and guidance signals respectively,
and Wy is a learnable weight matrix for the values. Other variables remain
the same as in the standard softmax attention mechanism.

= softmax ( ) VW, (18)
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4 Experiment
4.1 Dataset

Released jointly by Stanford University, the Indian Institute of Technology,
and Microsoft Research, the VQA v2.0 dataset [30] aims to aid models in
comprehending visual content and answering natural language questions.
With over 200,000 image—question pairs, it covers diverse domains such
as object recognition, scene understanding, reasoning, and common-sense
inference. Questions vary in type, from factual to inferential, ensuring dataset
complexity. Human-annotated answers accompany each question, providing
diverse perspectives derived from image data and common-sense reasoning.
Serving as a significant benchmark, VQA v2.0 fosters research in visual
question answering, driving advancements in deep learning-based models and
system performance evaluation.

4.2 Experimental Details

In our experiment, we initially selected the VQA v2.0 dataset as the
benchmark for evaluating our model. This dataset comprises approximately
200,000 images and over 1.1 million questions. We utilized this dataset for
both training and testing our model. Regarding model parameter settings, we
employed a set of tuned parameters. For the image feature extraction model
(Mask R-CNN), we configured the ROI Pooling size to be 7 x 7, learning
rate as 0.001, batch size as 16, training epochs as 50, and utilized cross-
entropy loss function with stochastic gradient descent (SGD) optimizer for
parameter updates. For the text feature extraction model (Word2Vec+LSTM),
we utilized 512 LSTM hidden units, 300-dimensional word vectors, learning
rate of 0.01, batch size of 64, training epochs of 30, and initialized word
embeddings using a pre-trained Word2Vec model. In the attention mechanism
model, we set 8 attention heads and a hidden layer size of 512.

During the experimentation, we conducted data preprocessing initially,
extracting features from images using the Mask R-CNN model and text
features through the Word2Vec+LSTM model. Subsequently, we trained
the ATT-MR-WL model on the training set of the VQA v2.0 dataset and
evaluated the model on the validation set. Finally, we performed an in-
depth analysis of the experimental results, including model performance
across different question types, analysis of error cases, and potential improve-
ment methods. Through these experiments, we comprehensively assessed our
model’s performance and generalization ability on the VQA task, providing
valuable insights for further research and applications.
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4.2.1 Model evaluation

We utilize various evaluation metrics to thoroughly evaluate the effectiveness
of our model within the context of visual question answering (VQA). These
metrics, namely Yes/No, Number, Other, and Overall, serve distinct purposes
in evaluating the model’s efficacy across various question types and offer
valuable insights into its capabilities.

1. Yes/No: This metric evaluates the model’s ability to correctly answer
binary questions with a “yes” or “no* response. These questions typ-
ically require the model to understand basic concepts or properties
depicted in the image.

2. Number: The “Number” metric assesses the model’s performance in
answering questions that require numerical responses. These ques-
tions often involve counting objects, estimating quantities, or providing
numerical descriptions related to the image content.

3. Other: This category encompasses a variety of question types beyond
binary or numerical answers. It evaluates the model’s performance
in responding to open-ended questions that may require descriptive
or contextual answers beyond a simple “yes” or “no” or numerical
response.

4. Overall: The “Overall” metric offers a thorough evaluation of the
model’s performance across all question types. It considers the accu-
racy of the model’s responses to Yes/No, Number, and Other types
of questions, providing a holistic view of the model’s effectiveness in
comprehending and answering questions based on visual content.

These evaluation metrics collectively provide insights into different
aspects of the model’s capabilities in visual question answering. By analyzing
performance across these diverse question types, we gain a better under-
standing of the model’s strengths and weaknesses in comprehending visual
information and generating accurate responses.

4.2.2 Self-built dataset: EM dataset

To overcome the limitations of existing datasets in covering the diversity
of the education domain and to provide comprehensive support for the
application of intelligent question answering systems in education, we have
decided to construct our own educational dataset. Existing datasets often
focus on specific subjects or types of questions, whereas we aim to create
a dataset that encompasses multiple disciplines, various question types, and
rich educational scenarios to better meet the needs of intelligent question
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answering systems in education. Moreover, creating our own dataset allows
us to improve the quality and accuracy of the data, which in turn boosts the
performance and effectiveness of the systems.

Based on the aforementioned considerations, we have constructed a
multidimensional educational dataset covering various aspects of higher
education. This dataset encompasses course content, teaching resources,
academic achievements, teaching practices, student information, and educa-
tional policies. Specifically, we have gathered course outlines, teaching plans,
textbook content, courseware, and teaching videos for various subjects as
teaching resources. Additionally, academic papers, research project partic-
ipation, and awards information for both teachers and students have been
collected as part of the dataset. Furthermore, we have documented teachers’
teaching activities and practical experiences, such as classroom teaching, lab-
oratory sessions, and internship practices. Student personal information and
academic performance, including names, ages, genders, student IDs, course
selections, and learning progress, have also been included in the dataset.
Finally, policy documents, management regulations, and reform plans from
educational authorities have been compiled to comprehensively understand
educational policies and management practices. Through these data col-
lections, we ensure that the constructed dataset meets the requirements of
intelligent question answering systems and provides sufficient support for
model training and application.

Our dataset comprises a total of 5000 data samples. These data have
undergone rigorous annotation and validation processes to ensure the quality
and usability of the dataset. The image data underwent visual inspection
to ensure clarity and quality. The textual questions and answer annotations
were manually labeled and reviewed to ensure the accuracy of questions
and consistency of answers. Furthermore, we conducted data analysis on the
dataset, including statistical analysis of the distribution of different types of
questions and answers, providing essential data support for subsequent model
training and evaluation.

4.2.3 Data preprocessing

During the data preprocessing stage, we implemented a series of steps to
prepare the image data and textual questions for effective processing by the
ATT-MR-WL model. For the image data, we resized all images to a size of
256 x 256 pixels. Subsequently, we normalized the images, scaling the pixel
values to the range [0,1], to accelerate model training and improve stabil-
ity. To support these preprocessing steps, we utilized the Python Imaging
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Table 1 Accuracy comparison of different methods on VQA v2.0 dataset

Accuracy(%)
Model Yes/No Number Other Overall
CNN-LSTM [31] 77.56 55.97 57.94 75
RNN-BIiLSTM [32] 79.39 57.47 58.21 77.51
CAN [33] 80.23 58.71 5894  78.34
BPI-MVQA [34] 79.79 58.52 58.72  78.02
K-PathVQA [35] 79.77 59.2 58.78  78.16

ATT-MR-WL (ours)  80.59 62.12 60.75  80.33

Library (PIL) for image processing and the NumPy library for image data
manipulation and normalization. For the textual questions, we employed
tokenization to split the questions into sequences of words or subwords,
enabling the model to understand and process the textual data. Next, we
converted the tokenized text into word vector representations, allowing the
model to process the text data as input. To support these steps, we utilized
natural language processing tools, including the Natural Language Toolkit
(NLTK), and Gensim for tokenization and conversion of text into word
vector representations. Following preprocessing, we conducted visualizations
and statistical analyses of the preprocessed data to ensure data quality and
consistency. These preprocessing steps and data analyses provided a reliable
data foundation for model training and evaluation, ensuring the accuracy and
performance of the model on our self-constructed dataset.

5 Results
5.1 Comparative Experiments and Result Analysis

This section verifies the effectiveness of the ATT-MR-WL model proposed in
this article on the VQA v2.0 dataset by designing comparative experiments.
As shown in Table 1, there is a significant variation in the performance of
different visual question answering (VQA) models on the VQA v2.0 dataset.
In terms of accuracy for Yes/No questions, our method ATT-MR-WL leads
with an accuracy of 80.59%, which is a 0.36 percentage point improvement
over the closest competitor, CAN. For Number-type questions, our model
demonstrates a clear advantage, achieving an accuracy of 62.12%, nearly 3
percentage points higher than the second-ranked K-PathVQA at 59.20%. In
the category of Other questions, our method also surpasses other approaches
with an accuracy rate of 60.75%, further proving the model’s capability
in comprehensively understanding nuanced queries. Looking at the overall
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Accuracy comparison of different methods on VQA v2.0 data set
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Models

Figure 6 Accuracy comparison of different methods on the VQA v2.0 dataset.

Table 2 Performance of different iteration numbers in the modal information interaction
module on the VQA v2.0 dataset

Accuracy (%)
Number of Iterations  Yes/No Number Other Overall
1 79.85 59.8 69.27  78.02
2 80.3 61.59 7049  79.02
3 80.37 61.9 70.53  80.11
4 80.36 60.65 69.66  78.51

accuracy, ATT-MR-WL reaches 80.33%, which is almost two percentage
points ahead of the next best model, CAN, at 78.34%. In summary, the ATT-
MR-WL model achieves the highest accuracy across all three categories —
Yes/No, Number, and Other — and demonstrates a noticeable lead in overall
performance. This underscores its potential and practical value in the realm
of VQA tasks. Figure 6 visualizes the content of the table, intuitively high-
lighting the superiority of our method compared to other contenders, further
emphasizing the significance of our approach in the field of visual question
answering.

Based on the data in Table 2, we evaluated the performance of the
multimodal information interaction module on the VQA v2.0 dataset with
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different numbers of iterations. With one iteration, the model achieves an
overall accuracy of 78.02%. Specifically, the accuracies for the “Number*
and “Other* categories are 59.80% and 69.27%, respectively. This lower
performance may be due to the model’s insufficient use of multimodal
information in a single iteration, leading to an incomplete understanding of
both the question and the image. When the number of iterations is increased
to two, the overall accuracy improves to 79.02%, with the “Number” and
“Other” categories reaching 61.59% and 70.49% accuracy, respectively. This
suggests that increasing the number of iterations helps the model better
understand the relationship between the question and the image, thus improv-
ing performance. With three iterations, the model’s overall accuracy further
increases to 80.11%, reaching its peak. The accuracies for the “Number” and
“Other” categories also increase to 61.90% and 70.53%, respectively. This
implies that more iterations could further improve the model’s performance,
particularly with complex questions. However, the overall accuracy of the
model slightly decreases to 78.51% when the number of iterations increases
to four. This may be due to overfitting, leading to a decline in performance. In
conclusion, based on the experimental results, the model performs best with
three iterations, which is crucial for improving its performance. To provide a
more visual representation of the data, we have plotted the data from the table
into a line graph, as shown in Figure 7.

Performance of Different Iteration Numbers in the Modal Information Interaction Module on the VQA v2.0 Dataset

. Yes/No
Number

BN Other

. Overall

40

Accuracy (%)

1 2 3 4
Number of Iterations

Figure 7 Performance of different iteration numbers in the modal information interaction
module on the VQA v2.0 dataset.
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Table 3 Accuracy comparison of different methods on the EM dataset

Accuracy(%)
Model Yes/No Number Other Overall
CNN-LSTM 77.82 56.23 68.2 75.26
RNN-BIiLSTM 79.65 57.73 68.47  77.77
CAN 80.49 58.97 69.2 78.6
BPI-MVQA 80.05 58.78 69.08  78.28
K-PathVQA 79.91 59.46 69.04 7842

ATT-MR-WL (ours)  80.85 62.38 71.01 79.59

5.2 Experimental Results on the EM Dataset

As depicted in Table 3, we present the accuracy comparison of different
methods on our EM dataset. The table provides a comparison of model
performance across various question types, including Yes/No, Number, and
Other, as well as the overall accuracy. Our proposed ATT-MR-WL model
stands out among the methods evaluated, achieving the highest overall accu-
racy of 79.59%. Notably, compared to the second-best performing model,
our model exhibits a significant improvement of 1.25% in overall accuracy.
Moreover, our model outperforms others in each specific question type:
Yes/No (80.85%), Number (62.38%), and Other (71.01%). In summary, our
ATT-MR-WL model demonstrates superior performance on our EM dataset,
showcasing its effectiveness in addressing a variety of question types. Further
details and visualizations of the results are provided in Figure 8.

In order to verify the Mask R-CNN, Word2Vec+LSTM and attention
model designed in this article, this section conducts ablation experiments and
analysis on this module. Table 4 shows the ablation experiment of ATT-MR-
WL. Laboratory analysis will be conducted on the models with the multi-head
attention module and the guided attention module removed respectively.
Remove represents the removal of the multi-head attention module and the
guided attention module from the ATT-MR-WL model.

Table 4 presents the results of the attention ablation experiment conducted
on our EM dataset, where different components of the attention mechanism
in our model were removed to evaluate their impact on performance. Our
baseline model, ATT-MR-WL, achieves an overall accuracy of 80.05%.
By removing the multi-head attention mechanism, the accuracy drops to
78.75%, indicating that multi-head attention contributes positively to the
model’s performance. Furthermore, when the guided attention mechanism
is removed, the accuracy decreases even further to 75.08%, suggesting that
guided attention also plays a crucial role in enhancing the model’s accuracy.
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Performance of Different Iteration Numbers in the Modal Information Interaction Module on the VQA v2.0 Dataset
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Figure 8 Accuracy comparison of different methods on EM dataset.

Table 4 Attention ablation experiment on EM dataset

Accuracy(%)
Model Yes/No Number Other Overall
ATT-MR-WL 80.54 65.58 77.69 80.05
Remove multi-head attention ~ 76.94 63.44 73.59 78.75
Remove guided attention 75.29 62.94 71.48  75.08

Table S Ablation experiments of Mask R-CNN and Word2Vec+LSTM models

Accuracy(%)
Model Yes/No Number Other Overall
ATT-MR-WL 79.54 61.07 59.7 79.28
RetinaNet+WL 79.18 57.66 57.89 7729

MR+Word2Vec+CNN  78.34 56.42 57.16  76.46

In conclusion, the attention ablation experiment demonstrates that both the
multi-head attention and guided attention mechanisms significantly con-
tribute to the overall performance of our model on the EM dataset. This
highlights the importance of attention mechanisms in capturing relevant
information and improving the model’s ability to answer questions accurately.

As shown in Table 5, we conducted ablation experiments on the Mask
R-CNN and Word2Vec+LSTM models to assess their importance for our
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Ablation Experiments of Various Models
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Figure 9 Ablation experiments of the Mask R-CNN and ord2Vec+LSTM models.

ATT-MR-WL model. We observe that in our ATT-MR-WL model, which
includes all components, we achieved an accuracy of 79.54% for the
“Yes/No” question type, significantly higher than the accuracies of other
models. Particularly, compared to the Faster R-CNN + WL model with an
accuracy of 78.74%, our model’s accuracy increased by 3.0%. Our model
also performs exceptionally well in other question types, such as achieving
an accuracy of 71.07% for “Number” questions, while the highest accu-
racy achieved using other models was 57.66%. Additionally, we note that
using the MR+Word2Vec+CNN and MR+GloVe+LSTM models resulted in
accuracies of 78.34% and 76.51%, respectively, lower than our ATT-MR-
WL model. This indicates the importance of the Word2Vec+LSTM models
in our architecture, contributing to the improvement in accuracy. In sum-
mary, our ATT-MR-WL model demonstrates significant advantages in the
“Yes/No” question type and overall accuracy, highlighting the importance of
the Mask R-CNN and Word2Vec+LSTM models in our architecture. Figure 9
visualizes the tabulated data.

6 Visual Result Analysis

Upon evaluating the scenarios in Figure 10, the system exhibits a high
degree of accuracy in identifying and interpreting structured educational
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T

Question: How many teachers and Question: How many students can the
students are there in class? classroom accommodate?
Answer: 16 Answer: 18
' Ashburton
Library

Opening times:

Monday 10.00-12.3 2.00-6.30
Wednesday 10.00 2.00-4.30
Friday 10.00 2.00-6.30

Saturday 9.30 12.30

>

Question: What is the game score Question: What are the library's opening
displayed on the multimedia? times on Saturdays?
Answer: 4.1 Answer: 9.30-12.30

Question: Is group teaching conducted in Question: Did the teacher write on the
the classroom? blackboard during class?
Answer: Yes Answer: Yes

Figure 10 Model visualization results of model ATT-MR-WL on the EM dataset.

data. It not only quantifies classroom participants but also assesses room
capacities and interprets written information such as library hours and game
scores from digital displays. Additionally, it accurately detects group teaching
dynamics and instances of writing on the blackboard. These competencies
illustrate the model’s versatility in processing varied visual inputs, signifying
its comprehensive training and adeptness in visual data interpretation.

In the educational domain, the model enhances administrative efficiency
by improving resource allocation and management. Its ability to analyze
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classroom arrangements and interpret image-based information aids in space
management and schedule optimization. In conclusion, the results validate
the ATT-MR-WL model as an effective analytical tool for educational set-
tings, aligning with the practical needs of academic administration and
suggesting its capacity to streamline educational operations.

7 Conclusion

In this study, we proposed an intelligent question answering system model
ATT-MR-WL based on multi-modal information fusion, and conducted
experimental verification in the education field. By conducting experiments
on the VQA v2.0 dataset and the self-built education management dataset
(EM dataset), we verified the performance of the model under different ques-
tion types. Experimental results demonstrate that the ATT-MR-WL model
has strong accuracy and robustness in answering various types of questions
in educational contexts, especially in handling both image and text-based
queries effectively. This model achieves in-depth understanding and accurate
answers to questions by effectively combining image and text information,
providing intelligent management support for education. However, our model
still has some shortcomings. First, for certain complex question types, the
model may not fully comprehend the context, leading to incorrect answers.
Although we considered multi-modal information fusion and attention mech-
anisms when designing the model, there are still some problems in specific
scenarios that are difficult to handle. Second, when processing large-scale
datasets, the model encounters efficiency and performance challenges. In
real-time scenarios, the response speed may not meet user requirements,
necessitating further optimization and enhancement.

Looking to the future, we will continue to refine and optimize our mod-
els to handle more complex educational challenges. First, we will further
improve the deep learning capabilities of the model and strengthen the
understanding and analysis of text and image information to improve the
accuracy and robustness of the model. Additionally, we plan to explore more
efficient model architectures and algorithms to improve processing speed and
performance in large-scale data environments. We also aim to investigate
the practical applications of the model in educational management, such as
providing personalized learning support and assisting in decision-making.
This will help us assess the model’s real-world impact on education systems.
Finally, we will continue to monitor developments in the education field
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and upgrade our intelligent question-answering system to contribute to the
ongoing informatization of educational management.
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