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Abstract

Online education has been widespread in worldwide uni-
versities and educational institutions. Lecture slides, a fun-
damental component of online education, contain a wealth
of information, playing a crucial role in learning. How-
ever, previous works have not yet paid sufficient attention
to understanding lecture slides, including the absence of
the large-scale dataset and comprehensive understanding
tasks. To facilitate the research about lecture slides un-
derstanding, we establish the LecSlides-370K, which con-
sists of 25,542 lectures with 370,078 slides across 15 ar-
eas. We also introduce two comprehensive tasks, Lecture
Summary and Lecture Question Answering (QA), for pro-
viding different perspectives of slides understanding. Fur-
thermore, complex and flexible text relations can hinder the
understanding of the internal logic of slides. To address this
challenge, we propose a novel method, named SlideParser,
which includes an auxiliary branch to predict text relations
within slides and enhance attention between related texts,
thereby improving slides understanding. With extensive ex-
periments, we show the superiority of our proposed method
on both LecSlides-370k and SlideVQA. Dataset and Codes
are avaliable at https://github.com/zamling/
LecSlides_370K

1. Introduction
With the rapid progress in online education, an increas-
ing number of universities and educational institutions have
adopted online learning in many platforms [20, 21, 25].
Among diverse online education formats, such as lecture
videos and live streams, slides often serve as a key medium
for conveying significant knowledge. Consequently, more
researchers have turned their attention to this field. How-
ever, there are two obstacles to understand lecture slides:
1) Texts in slides are often conclusive and headline-style
statements, which complicate the task of providing detailed
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content. 2) The complex text relations pose additional chal-
lenges for models attempting to grasp the internal logic and
generate reasonable responses.

Recently, several works [4, 5, 7, 14, 17, 27] have no-
ticed the importance of lecture slides and introduced cor-
responding datasets , such as text detection in slides [5],
slide segmentation [7] and image-text retrieval for slides
and corresponding speech [14]. However, none of them has
yet paid attention on comprehensive understanding slides.
SlideVQA [27], a recent slides dataset, provides a Question-
Answering (QA) benchmark for slides, yet it still overlooks
the global understanding task, such as generating a detailed
summary for a complete set of slides. Additionally, the re-
stricted scales and limited number of lecture areas also con-
strain the development of lecture slides understanding.

Aiming to address the limitations in the lecture slides
dataset, we establish a large-scale and multi-task dataset
for comprehensive slides understanding, named LecSlides-
370K. Specifically, we collect 25,542 lectures composed of
370,078 slides. These lectures span 15 lecture areas, includ-
ing business, natural sciences, computer sciences, and so
on, significantly surpassing previous datasets in both scale
and diversity, as shown in Fig. 1 (a). Furthermore, we intro-
duce two tasks based on our dataset, termed Lecture Sum-
mary and Lecture Question Answering (QA). These two
tasks represent the most frequently utilized functions for
students, offering varied perspectives for slides understand-
ing. Specifically, Lecture Summary focuses on extract-
ing key information and fostering a global understanding,
while Lecture QA focuses on locating problems and under-
standing fine-grained content. Finally, our dataset includes
114,472 summary annotations and 259,461 QA pairs.

Based on LecSlides-370K dataset, we evaluate the exist-
ing NLP methods [15, 22], document understanding meth-
ods [10, 28, 32, 33] and vision-language models [16, 34].
The results reveal the inferior performance of these meth-
ods. We argue that this inferiority can be attributed to the
fact that these methods have not yet adequately considered
the unique characteristic of lecture slides, that text relations
in slides are complex and contain a wealth of logic and rel-
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Figure 1. LecSlides-370K is a large-scale and multi-task lecture slides dataset. It contains 25,542 lectures and 370,078 slides across 15
lecture areas, which has around 9.7 times lecture numbers and 7.1 times slide numbers compared with SlideVQA [27]. (a) A comparison
between LecSlides-370K and other slides dataset in terms of the number of lectures, slides and lecture areas. The detailed information is
shown in Table 1. (b) An example of LecSlides-370K, including Lecture Summary and Lecture QA tasks.

evance. For instance, as shown in Fig. 1 (b), texts displayed
in the upper left corner indicate detailed requirements for
forecasting, while texts on the right side of each block ex-
plain each stage in the flow chart. Therefore, understanding
complex text relations in slides can grasp the internal logic,
and is the key part of understanding slides.

To extract the complex text relations and enhance slides
understanding, we propose a novel method called Slide-
Parser. The key of SlideParser is how to effectively pre-
dict and utilize complex text relations in slides. Specifically,
we propose an auxiliary branch, termed Text Relation Pre-
diction Module, comprising the Relation Prediction Head
(RPH) to predict relations among texts and the Relation At-
tention Layer (RAL) to leverage predicted text relations,
enhancing attention between related texts while reducing it
between unrelated texts. Additionally, to enhance the qual-
ity of predictions, we build a weak supervision framework
for RPH with a pseudo relation label generation pipeline,
named DL-Cluster, which considers both text spatial and se-
mantic relations, yielding superior text relation labels com-
pared to traditional clustering methods [2, 6, 9].

In our experiments on LecSlides-370K, related baselines
struggle to extract the main point of lecture slides and pin-
point the correct content corresponding to the question, re-
vealing the challenges of our dataset. By effectively pre-
dicting and utilizing text relations, SlideParser outperforms
all the related methods in the LecSlides-370K Lecture Sum-
mary and Lecture QA benchmarks. Additionally, we evalu-
ate SlideParser on the SlideVQA [27] dataset, further vali-
dating the effectiveness of our text relation design.

In conclusion, our contributions are:
• We establish a large-scale and multi-task slides un-

derstanding dataset, termed LecSlides-370K, compris-
ing 25,542 lectures across 15 lecture areas and 370,078

slides. We also introduce two comprehensive tasks, Lec-
ture Summary and Lecture QA.

• We propose a novel method, SlideParser, including an
auxiliary brach to effectively predict and utilize complex
text relations in slides, enhancing slides understanding.

2. Related Work

2.1. Lecture Slides Datasets

Recently, several datasets based on lecture slides have been
proposed, which are most relevant to our current work, in-
cluding the LectureBank Dataset [17], ALV [7], Lecture-
VideoDB [5], LPM Dataset [14], M3AV [4] and Slide-
VQA [27], as shown in Table 1.

LectureBank [17] is annotated for prerequisite relation-
ships among topics, providing a structure of connected
knowledge. ALV dataset [7] primarily focuses on segment-
ing the entire video lecture. LectureVideoDB is formu-
lated to investigate text detection and recognition in video
lectures. Furthermore, LPM [14] attempts to explore the
retrieval of spoken words with corresponding visual cues.
SlideVQA, a recent work for slides, proposes a Visual
Question Answering (VQA) task on it.

In summary, previous datasets contain two primary lim-
itations: 1) Most of datasets do not pay sufficient attention
to slides understanding, and the tasks they define also do
not provide multiple perspectives for understanding. 2) The
limited data scale hinders the advancement of understand-
ing lecture slides. Therefore, a substantial requirement in
the research community emerges for a large-scale slides
dataset with comprehensive understanding tasks.
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Dataset Size Annotation Task
Lectures Slides OCR QA Summary

LectureVideoDB [5] 24 5,000 ! - - Text Detection
LectureBank [17] 1,352 51,939 ! - - Prerequisite Chain
ALV Dataset [7] - 1,498 % - - Slide Segmentation
LPM [14] 334 9,031 ! - - Image Retrieval
M3AV [4] 1113 24,956 ! - - ASR & TTS
SlideVQA [27] 2,619 52,380 ! 14,500 - QA

LecSlides-370K (Ours) 25,542 370,078 ! 259,461 114,472 QA & Summary

Table 1. Data scales, annotations and tasks for different lecture slides datasets. LecSlides-370K contain the largest data scale, the most
comprehensive annotations and two understanding tasks to evaluate slides understanding from multiple perspectives.

2.2. Slides Understanding Methods
Although there is a lack of specific methods for slide un-
derstanding, other area methods can be used in slide un-
derstanding, mainly including three categories: vision-
language methods [16, 31, 34, 36], NLP methods [15, 22],
and document understanding methods [10, 28].

Vision-language methods typically begin with large-
scale pre-training tasks and then fine-tune on downstream
multi-modal understanding tasks. These methods often in-
tegrate a vision-language fused transformer encoder [16,
31, 36]. NLP methods provide a plain text solution, such
as T5 [22] and BART [15], following an encoder-decoder
architecture to process textual contents and generate tex-
tual outputs. Furthermore, inspired by NLP approaches,
document understanding methods replace traditional trans-
former encoder to multi-modal encoder, processing and fus-
ing textual and visual content. For example, LayoutLM se-
ries [10, 32, 33] integrate text, image features, and 2D posi-
tional embeddings in the multi-modal encoder.

However, these related methods do not consider the com-
plex text relations in slides, a crucial part of slides under-
standing, thereby yielding inferior performance.

3. LecSlides-370K Dataset

3.1. Data Collection
To build a large-scale and multi-modal lecture slides
dataset, we collect slides from Slideshare*. Our raw data
consists of 720,673 slides from 39,784 lectures at the be-
ginning. However, some of these slides are irrelevant to
the lecture content, such as advertisements, or contain ex-
traneous information, which is not essential for comprehen-
sion. Thus, we filter these slides by their contents. Finally,
LecSlides-370K contains 370,078 slides from 25,542 lec-
tures across 15 areas, such as computer science, marketing,
medicine, and so on. As shown in Table 1, compared with

*https://www.slideshare.net

the previous largest datasets, SlideVQA [27], LecSlides-
370K has around 9.7 times lecture numbers and 7.1 times
slide numbers. The superiority of data scale and diversity
renders our dataset more comprehensive and challenging.

Moreover, since the length of these raw lecture slides
varies widely, from a few to hundreds, which makes it dif-
ficult for researchers to use them, we segment these raw
slides into 114,472 lecture chunks, following the principle
that each chunk belongs to the same sub-topic. For instance,
if one slide initially displays the first point of a list, and the
subsequent slide reveals the following points, these slides
should belong to the same chunk. The distribution of slides
number in each lecture chunk is shown in Fig. 2 (b). Ad-
ditionally, we annotate the positions of texts, illustrations,
and tables in slides to facilitate the study and encourage re-
searchers to focus more on developing new methods rather
than information extraction and data processing. Further-
more, we also annotate the textual contents in slides, which
can be utilized by the models to understand slides better.

3.2. Task Definition

We define two tasks: Lecture Summary and Lecture QA.
These two tasks not only involve most application scenar-
ios, but also take into account the global and detailed under-
standing of slides, fully reflecting the understanding ability
of models. In the context of Lecture Summary, given a lec-
ture chunk I = {I1, I2, ..., Ij}M , comprising M slide im-
ages, the model’s objective is to analyze the content of each
slide, integrate contextual information, retain key details,
and eliminate redundancies. Finally, the model outputs a
summary of all slides. Contrary to the global scope of Lec-
ture Summary, Lecture QA primarily concentrates on lo-
cating and comprehending specific content within a lecture
chunk. Given a lecture chunk and a query q, the model need
to identify the slide corresponding to the question and then
provide an answer based on the content of that slide. QA
serves to assess the model’s fine-grained understanding of
slides. In total, We annotate 114,472 summary labels and
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Figure 2. Examples and statistics of LecSlides-370K. (a) Lecture numbers in each discipline for LecSlides-370K, SlideVQA [27] and
LPM [14]. (b) The number of slides for each chunk. (c) The distribution of OCRs in slides. (d) The distribution of summary length. (e)
The percentage of each QA type.

259,461 QA pairs.

3.3. Dataset Statistics and Analysis
In this section, we aim to provide a comprehensive analysis
and understanding of the LecSlides-370K dataset.

3.3.1. Lecture Diversity
We collect slides from various disciplines, as shown in
Fig. 2 (a). There are 15 disciplines, and the highest propor-
tion of data pertains to business, while law and marketing
lectures constitute a relatively small percentage. Compared
with previous slides datasets, such as SlideVQA [27] and
LPM [14], LecSlides-370K contains more disciplines, such
as marketing, agriculture, and so on. The diversity of dis-
ciplines contains rich teaching content, bringing challenges
that models need to handle more diverse scenes.

3.3.2. Professionalism
Lecture slides usually contain specialized knowledge and
terminologies, bringing more challenges. Therefore, we use
the Flesch Reading Ease (FRES) score [13] to evaluate the
difficulty of contents and get an average score of 34.3 under
this metric. This indicates that the content of our dataset
is on ‘Hard to Read’ level. Moreover, we also use the
Flesch–Kincaid Grade Level [13] to reflect which education
level our dataset is appropriate for and obtain a 14.1 grade
on average. These show there is a professional difficulty in
our dataset.

3.3.3. Slide Image
For LecSlides-370K, there are 114,472 lecture chunks cor-
responding to 370,078 slide images. Each chunk contains
a varying number of slide images, with an average of 3.2
images per chunk. The distribution of chunks containing

different numbers of slide images is shown in Fig. 2 (b),
and most chunks contain two slide images. Moreover, slide
images are rich in visual information. By our count, there
are 94,906 diagrams, 34,562 illustrations, and 18,938 tables
in LecSlides-370K dataset. We further show the statistics
for textual content in slides. We totally annotate 28,220,274
words, with an average of 76.2 words. The size of the vo-
cabulary for our dataset is 84,630. In Fig. 2 (c), we show the
distribution of texts across slides, revealing that the majority
of slides contain fewer than 100 words.

3.3.4. Characteristics of Annotation
For summary annotations, Fig. 2 (d) illustrates the length
distribution of the annotations. The average length of the
summary is 124.6 words. We further comprehensively ana-
lyze QA annotations, including four distinct question types:
binary choice, visual analysis, data interpretation and tex-
tual reasoning. As shown in Fig. 2 (e), the highest pro-
portion of question types is textual reasoning, while binary
choice constitutes the smallest percentage. This diverse set
of question types covers the whole slide content, enabling
a comprehensive evaluation of the model’s QA capabilities.
In addition, the average length of answer is 4.1 words.

3.4. Evaluation Protocol
LecSlides-370K dataset contains 109,472 slide chunks for
the training set, 2,000 chunks for the validation set and
3,000 chunks for the test set. We adapt the ROUGE-1,
ROUGE-L [18] and METEOR [3] as evaluation metrics
for Lecture Summary task. These metrics are widely used
in image caption and text generation, as they consider the
quality of generated texts in different aspects. Following
SlideVQA [27], we choose EM (Exact Matching) and F1
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score as evaluation metrics for the Lecture QA task.

4. Method
As shown in Fig. 3 (a), SlideParser consists of a Trans-
former Encoder, a Text Relation Prediction Module, and a
Text Decoder. Texts and image patches from slides are fed
into the Transformer Encoder, and the output text embed-
dings are forwarded to the Text Relation Prediction Module
to predict text relations and utilize them to update text em-
beddings. Finally, updated text embeddings combine with
output image embeddings and are fed into the Text Decoder
to generate the summary or answer.

4.1. Input Schema
SlideParser is built on a unified text-image multi-modal
Transformer Encoder to learn cross-modal representations.
Similar to previous document understanding works [10,
28], the Transformer Encoder adopts a multi-layer struc-
ture, with each layer primarily comprising multi-head self-
attention and feed-forward networks. The input of Trans-
former Encoder consists of text embeddings X = x1:L

and image embedding V = v1;M , where L and M are
sequence length of textual and visual embeddings respec-
tively. Specifically, for text embedding X, L text tokens
{si}Li=1 are encoded by word embedding with 1D position
and 2D layout position embedding [28]. Meanwhile, the
slide image I ∈ RH×W×C is divided into M = H

P × H
P

image patches. These patches are then processed through
Patch Embedding to generate the image embeddings, V.

4.2. Text Relation Prediction Module
In Transformer Encoder, 2D position embedding, which
can be used to comprehend layout and text relations, has
been demonstrated in previous document understanding
works [10, 28]. However, in the context of slides, text rela-
tions tend to be more complex compared to traditional doc-

uments, such as examples in Fig. 2. Merely incorporating
2D position embeddings into the transformer encoder may
not suffice for comprehensive relation comprehension and
could potentially introduce inaccuracies.

To address this issue, we introduce the Text Relation
Prediction Module, including the Relation Prediction Head
(RPH) with weak supervision and the Relation Attention
Layer (RAL), as shown in Fig. 3 (b). This module predicts
text relations by RPH and utilizes relations to enhance atten-
tion between related texts while reducing attention between
unrelated texts by RAL. Additionally, to improve the qual-
ity of predicted relations, we establish a weak supervision
pipeline. We will introduce each block in detail.

4.2.1. Relation Prediction Head

To predict the accurate text relations, inspired by [30], RPH
leverages text position and semantic information to predict
text relations. Given text bounding boxes {bi}Li=1, we de-
fine the box delta as:

∆(bi, bj) = {(xctr
i − xctr

j )/wi, (y
ctr
i − yctrj )/hi,

log(wi/wj), log(wi/wj)}
(1)

where xctr
i and yctri represent the position of the cen-

ter point for bounding box, and w and h are the
width and height of box respectively. Moreover, we
present the spatial relation of two boxes as: rbi,bj

=
{∆(bi, bj),∆(bi, bij),∆(bij , bj)}, which is a 12-D vector.
Specifically, bij is a union bounding box for bi and bj . Then,
we employ an MLP layer and integrate all box relations to
get the spatial relation matrix Rspa ∈ RL× L. In addition,
RPH also considers semantic relations. Given output text
embeddings from Transformer Encoder, ET ∈ RL×D, we
compute the semantic relation between two texts as

Rsem = (WqET ×WkE
T
T)/

√
D (2)
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The predicted relation matrix M̂R ∈ RL×L is computed as

M̂R = Sigmoid(Rspa +Rsem) (3)

4.2.2. Weak Supervised Label Generation
In our experiment, we find that the RPH struggles to gener-
ate reasonable text relations without the presence of relation
supervision. As a solution, we introduce a weak supervi-
sion pipeline to enhance the quality of predictions. Previ-
ous works [1, 8] rely on traditional cluster methods [6, 9] to
predict text relations. However, these traditional methods
can not handle diverse layout format in slides effectively.
Moreover, our observations suggest that both spatial and se-
mantic relations play crucial roles in slides.

Thus, we introduce a dual-stream pseudo relation label
generation pipeline, termed DL-Cluster (Dynamic Layout
Cluster), as shown in Fig. 4. To obtain spatial relations, we
first sample N reference points as cluster points for each
text box. Because of the diverse nature of text relations in
slides, a predefined number of clusters may not be ideal for
accurate relation predictions. Hence, we opt for a dynamic
approach to determine the cluster number for each slide.

Specifically, based on Kmeans++ [2], we iterate over the
number of cluster k from 2 to K and determine the optimal
cluster number by Silhouette method [24]. Silhouette ana-
lyzes the distances of each cluster point to its own cluster
and its closest neighboring cluster. The optimal k is ob-
tained when the average distance of a cluster point to all the
other points in its own cluster is minimum, while the aver-
age distance of a point to the nearest neighboring cluster’s
points is maximum. In our experiment, K = 8.

Subsequently, we assign a cluster ID to each box through
a voting mechanism among reference points. Then, the spa-
tial relation score sspa is computed as.

sspa =

{
1− 1

N

∑N
ε=1 ||xi,ε − µj ||, when Ci = Cj

0, when Ci ̸= Cj

(4)
where Ci and Cj are clusters and µj is cluster centroid of
Cj . Specifically, scores are assigned based on the average
distance between reference points and the cluster centroid

when these texts are deemed related and are placed within
the same cluster. Conversely, when texts are considered un-
related, the score is set to zero.

Simultaneously, to obtain semantic relation, we extract
textual contents in each text box, and compute the seman-
tic similarity by the cosine distance of Sentence Trans-
former [23] and get the semantic relation score ssem. These
two relation scores are combined as

s = β1Norm(sspa) + β2Norm(ssem) (5)

we set the default values of β1 = 0.7, β2 = 0.3. Finally,
the relation matrix MR = {sij}L×L is binarized with 0.5
threshold. Then, the text relation loss can be calculated as

Lrel = BCELoss(M̂R,MR) (6)

4.2.3. Relation Attention Layer
With the predicted text relations, we utilize relations by Self
Attention [29], as shown in Fig. 3 (b). Specifically, for pre-
dicted relation matrix M̂R, we generate attention mask by
assigning −∞ when mij < 0.5,mij ∈ M̂R. Subsequently,
the output text embedding ET are fed into N-layer self-
attention blocks with this attention mask, resulting in the
updated embeddings, E′

T. It enhances attention between
related texts and isolates attention between unrelated texts.
Finally, we combine ET and E′

T by residual connection.

4.3. Text Decoder
Following previous work [28], we adapt a T5 decoder as
our text decoder, a uni-directional Transformer decoder that
performs the next prediction task to generate texts, such as
summary or answer. We choose Cross Entropy loss to su-
pervise text generation. The total loss of SlideParser is

L = Lce + Lrel (7)

5. Experiments
5.1. Implement details
For SlideParser, both the Transformer Encoder and the Text
Decoder are initialized from the pre-trained UDOP [28]
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Method #Params val test

R-1 R-L METEOR R-1 R-L METEOR

BART-base [15] 217M 33.1 21.1 21.9 32.8 20.1 21.5
BART-large [15] 509M 35.9 21.9 24.2 35.0 21.0 22.9
T5-base [22] 272M 34.6 21.6 22.8 34.3 20.7 22.4
T5-large [22] 803M 36.2 22.1 24.9 35.1 21.3 23.2

Vid2Seq [34] 314M 16.0 11.8 12.9 17.8 13.1 14.1
mPLUG-base [16] 350M 27.1 19.0 21.6 27.6 19.3 21.7
mPLUG-large [16] 600M 30.0 20.5 24.0 29.8 20.3 23.6
Donut [12] 543M 27.4 18.6 21.3 27.6 18.5 21.1
LayoutLMv3-base [10] 533M 33.6 21.0 23.8 31.7 19.8 22.6
LayoutLMv3-large [10] 768M 34.6 21.6 24.8 33.9 21.0 23.2
UDOP [28] 794M 36.1 22.1 26.4 35.3 21.5 25.6

SlideParser (Ours) 810M 42.2 25.3 31.3 41.7 24.7 30.4

Table 2. Performance on Lecture Summary in LecSlides-370K

Method #Params val test

EM F1 EM F1

BART-base [15] 217M 18.9 25.1 18.5 24.7
BART-large [15] 509M 20.6 27.1 19.8 26.3
T5-base [22] 272M 19.1 26.0 18.7 25.3
T5-large [22] 803M 20.9 27.4 20.0 27.1

Vid2Seq [34] 314M 7.0 14.3 6.7 13.6
mPLUG-base [16] 350M 8.4 10.9 8.5 10.1
mPLUG-large [16] 600M 9.5 14.3 9.5 14.2
LayoutLMv3-base [10] 533M 12.5 15.8 12.4 15.1
LayoutLMv3-large [10] 768M 13.6 19.3 13.5 19.1
UDOP [28] 794M 19.2 26.0 18.7 25.6

SlideParser (Ours) 810M 23.7 33.0 23.6 32.1

Table 3. Performance on Lecture QA in LecSlides-370K

model weights. We adapt AdamW [19] optimizer with β1

of 0.9, the β2 of 0.999, and the weight decay of 0.02. We
use the cosine learning rate scheduler and the initial learn-
ing rate is 4× 10−5. The total number of iterations is 41K.
Moreover, we choose a simple concat operator for encoder
outputs to handle multiple slide situations for all models.

To provide a full view of LecSlides-370K, we evaluate
other related methods from various domains: NLP models
such as T5 [22] and BART [15], vision-language models
such as mPLUG [16] and Vid2Seq [34], and document un-
derstanding models such as LayoutLMv3 [10], Donut [12]
and UDOP [28]. Specifically, LayoutLMv3 lacks a text de-
coder, which is unable to handle text generation tasks. To
address this limitation, we incorporate the same text de-
coder as our proposed method.

5.2. Results

5.2.1. Performance on LecSlides-370K
At the beginning, we analyze Lecture Summary task in
LecSlides-370K. As shown in Table 2, SlideParser achieves
notable scores of 42.2 in ROUGE-1, 25.3 in ROUGE-L, and
31.3 in METEOR. This performance surpasses other base-
line methods, attributed to its effective understanding text
relations. Specifically, the methods without processing tex-

Model Name dev test

EM F1 EM F1

VinVL [36] 9.4 11.4 10.7 13.5
PreasM [35] 36.3 41.9 30.7 38.2
T5 [22] 35.2 41.3 31.0 39.7
LayoutT5 [26] 38.9 44.8 31.7 39.9
LayoutLMv2 [33] 26.5 33.4 21.4 29.3
FiD [11] 37.6 42.9 30.4 38.9
M3D [27] 41.3 47.1 33.5 41.7

SlideParser (Ours) 44.1 49.8 37.5 43.9
SlideParser (Ours)† 49.8 53.9 42.4 47.7

Table 4. Performance on SlideVQA benchmark. † represents pre-
training on LecSlides-370K and fine-tuning on SlideVQA.

tual modality, including Vid2Seq [34], mPLUG series [16]
and Donut [12], exhibit the worst results. We argue that
only processing visual modality may lead to a lack of de-
tailed content extraction in slides. In addition, NLP meth-
ods, such as T5 [22] and BART [15], perform relatively well
but still lag behind our proposed method, containing excel-
lent multi-modal fusion and text relation utilization.

In contrast to Lecture Summary, which primarily evalu-
ates global understanding of slides, Lecture QA task mea-
sures methods for in-depth understanding of specific con-
tent. As shown in Table 3, SlideParser achieves superior
performance compared to other baselines. Furthermore,
visual-language models such as mPLUG and Vid2Seq still
perform the worst among all baselines. It shows that de-
tailed text information is still crucial for QA task.

5.2.2. Performance on SlideVQA
To further evaluate our proposed method in QA task, we
also fine-tune and evaluate SlideParser on SlideVQA, a
VQA benchmark in multi-image slides. As shown in Ta-
ble 4, SlideParser achieves the best performance compared
with other methods, which further demonstrates the effec-
tive designs of SlideParser. In an extensive experiment, we
pre-train SlidePraser in our dataset and fine-tune on Slide-
VQA, denoted as SlideParser†. Results show that large-
scale and comprehensive LecSlides-370K yield a great per-
formance enhancement, demonstrating our dataset can also
serve as a valuable large-scale pre-training dataset.

5.3. Ablation Study
To gain a deeper analysis of SlideParser, we conduct abla-
tion experiments in LecSlides-370K Lecture Summary task.

5.3.1. Effect of Text Relation Prediction Module.
We first evaluate the impact of incorporating the Text Re-
lation Prediction Module. As shown in Table 5, results
demonstrate the removal of the entire Text Relation Predic-
tion Module (in r1) yields the poorest performance. Further-
more, as we add RPH and RAL to predict and utilize rela-
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Origin Prediction

Figure 5. Visualization of predicted text relations in RPH

RPH RAL Pseudo Label R-1 R-L METEOR

r1 % % % 36.3 22.6 26.9
r2 ! ! % 37.5 23.2 27.7
r3 % ! ! 41.8 25.0 30.8
r4 ! ! ! 42.2 25.3 31.3

Table 5. Ablation on Text Relation Prediction Module

Cluster Type R-1 R-L METEOR

Kmeans (k=3) 40.9 24.8 29.8
Kmeans (k=4) 40.7 24.7 29.6

HAC(n=3) 41.0 24.8 30.1
DBSCAN 41.3 24.8 30.6

DL-Cluster 42.2 25.3 31.3

Table 6. Ablation on cluster types in pseudo label generation

tions without any supervision (in r2), the performance only
has a slight improvement. It demonstrates the RPH strug-
gles to converge effectively in generating reasonable text re-
lations. In addition, we also explore the approach of directly
feeding pseudo relation labels generated by DL-Cluster into
the subsequent RAL, instead of utilizing learnable relations
(in r3). Although it exhibits substantial improvement, yet
it continues to fall short in comparison to leveraging learn-
able text predictions and establishing weak supervision (r3
vs r4). It shows that learnable relations could be refined
during the training process.

Moreover, we provide visualization results in Fig. 5. We
assign the same color for two texts if their relation score
is larger than 0.5. The results illustrate that the RPH can
predict reasonable text relations under weak supervision.

5.3.2. Different Methods for Pseudo Label Generation.
Traditional cluster methods are widely used in previous
works for relation prediction [1, 8]. Therefore, we com-
pare our proposed DL-Cluster with other cluster methods.
As shown in Table 6, DL-Cluster surpasses clustering tech-
niques with predefined cluster numbers like K-means and
Hierarchical Agglomerating Clustering (HAC). Addition-
ally, DL-Cluster outperforms methods without specified
cluster numbers, such as DBSCAN [6], due to its capacity
to consider spatial and semantic aspects concurrently.

Q: what are the 
potential characteristics 
for both disadvantages 
and advantages?

GT:  Diversity, Regional

T5:  Credibility, Diversity

UDOP: Credibility, Logistics

mPLUG: Diversity

Ours: Diversity, Regional

Q: what is the percentage 
of respondents who 
believe data center power 
consumption and cooling 
is a way to lower cost?
GT:  29%

T5 :  15%

UDOP:  15%

mPLUG:  40% and 50%

Ours:  29%

Figure 6. Qualitative results of Lecture QA in LecSlides-370K.

Spatial Semantic R-1 R-L METEOR

% ! 38.3 23.7 28.5
! % 41.4 24.8 30.7
! ! 42.2 25.3 31.3

Table 7. Ablation on designs of DL-Cluster

5.3.3. Design of DL-Cluster.

We further investigate the impact of text relations repre-
sented in spatial and semantic dimensions. As shown in
Tab. 7, removing either of these dimensions leads to a de-
cline in performance, and spatial relations have a larger im-
pact. The best results are achieved when both aspects were
used simultaneously, indicating that both dimensions com-
plement each other to enhance overall performance.

5.4. Visualization

In a side-by-side qualitative analysis for Lecture QA in
LecSlides-370K, we compare our proposed method with
other baselines in related fields. As shown in Fig. 6, re-
sults show that other methods face two challenges: 1) They
can not grasp correct internal logic due to the complex
text relations. 2) As the number of diagrams on slides in-
creases, other methods struggle to pinpoint the correct dia-
gram corresponding to the question. In contrast, SlideParser
excels in accurate responses by comprehending text rela-
tions effectively and easily determining the answer’s loca-
tion within the slides.

6. Conclusion

In this work, we introduce a large-scale and multi-task lec-
ture slides dataset, LecSlides-370K, which has a larger data
scale and more diverse disciplines. Furthermore, consider-
ing the pivotal role of text relation prediction and utiliza-
tion for slides understanding, we propose SlideParser. The
results demonstrate the effect of enhanced text relation de-
sign, and our method outperforms other models. We believe
LecSlides-370K and SlideParser can prompt lecture slides
research.
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