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Abstract. The scientific investigation of geoscience includes data collection, sample classification
and semantic, consisting of a large number of images. An image-text search model that can well
assist the research work of geoscience. However, the existing image-text datasets are mainly in the
field of daily life and lack academic image-text datasets. In order to help geoscience researchers to
investigate through the image and text, and to provide a new benchmark for researchers in the fields
of data mining and information retrieval, this paper proposes a novel parallel material of geoscience
academic illiustrateion and caption (GSAIC) based on GAKG, which contains over 900,000
illustrations of earth science papers and the corresponding captions. GSAIC filters out high-quality
illustrations and captions through a classifier, and with the support of experts annotations. The
GSAIC will support several tasks Including text search for images, retrieving corresponding images
or papers based on academic image descriptions and academic illustration classification tasks, for
geoscience scenarios Finally, both the GSAIC benchmark and classifier are publicly accessible.

Keywords: Enter key words or phrases in alphabetical order, separated by commas.

1. Introduction

In real-life scenarios, we need to search for pictures by text and search text by pictures.
Furthermore, these two tasks rely on the machine's understanding of text and pictures. In
understanding the text, the natural language large model like BERT[1] and Transformer[2] has
derived much work to embed text into space for representation so that the coordinates in the semantic
space represent the inherent semantics of natural language information. In the understanding of
images, from the earliest CNN [3] to the later large-scale pre-trained image feature extraction models
VGG [4] and ResNet [5], characterizing the picture. Therefore, matching the semantics of the text
with the features of the images is the core idea of retrieving between these two modes. This image-
text matching problem is a classic multimodal information retrieval and feature engineering problem.
As a result, many multimodal datasets have emerged [6-15]. These datasets are roughly divided into
large-scale cross-domain datasets, small-scale single-domain datasets, and datasets with special
processing for specific domains. And GAKG [49] has the potential to contribute the multimodal
community, setting a multimodal knowledge graph for academic scenarios.

A large-scale cross-domain dataset is a dataset that includes various small objects in life. Such
datasets are large in number, easy to obtain, and more suitable as benchmarks. The following are
widespread examples:

Recipel M+ [7] contains 1 million recipes and 1,300,000 food images, and labels dishes from the
perspectives of ingredients and processes. It is widely used as a benchmark, including image retrieval
tasks [21, 22, 23] (especially food image retrieval tasks) and text generation tasks [24].

MSCOCO [6] contains 91 object categories, 328K images, and 2.5M instances with labels. It pre-
positions and segments objects in images, and is used in a variety of multimodal tasks. Among them,
some works use it to train generative models [16] over it, while others use it as a benchmark for
horizontal baselines comparison [17, 18]. In retrieval tasks [19, 20], most of the comparisons are
based on precision, recall.

The AIC-ICC [8] dataset consists of an image dataset ICC with Chinese descriptions (including
300K images) and corresponding Chinese explanations. At present, it seems that most of the models
using this dataset are generative task scenarios in the Chinese [25, 26] and serve as benchmarks. Not
only that, it also drives more research on Chinese multimodal datasets [27].
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MIT _STATE[9] contains 63440 pictures and 245 types of objects, each type of object has an
average of 9 adjectives to describe, these adjectives emphasize the state of the object and the state
transformation between pictures of similar objects, such as "old" and "new". According to the
citations, most of the ones exploiting this dataset are image retrieval models [28, 29, 30], which are
used as benchmarks to compare with other models on R@k.

Conceptual Captions[10] contains 3.3M pairs of pictures and descriptions, in which the description
is generated from the Alt-text of the original image, so the style is changeable. Conceptual Captions
are mainly used as a result benchmark for text generation models [31, 32, 33].

A small-scale single-domain dataset can be obtained by simply extracting and crawling a certain
dataset for a specific life scene. This kind of dataset is more suitable for large-scale training before
the project is implemented for a specific small-scale field application. Three common examples are
listed:

Oxford 102 Flowers [12] contains 8189 images of 102 kinds of flowers. The poses and lighting of
the flowers in the images vary. On this dataset, many multimodal tasks including image generation
tasks [16, 38], text generation tasks [35, 39] and retrieval tasks [36, 40] are benchmarked and
compared with each other.

CUB-200-2011 [11] contains 11,788 photos of 200 bird species, all images are annotated with
bounding boxes, bird body part locations and attribute labels. This dataset has been widely used in a
variety of multimodal scenarios, including image generation [16, 17, 18], text generation [34, 35] and
retrieval tasks [36, 37].

Stanford Online Products [13] contains 120k pictures of online products in 23k categories. At
present, it appears that the models using this dataset mostly retrieve scenes [37, 41, 42, 43] as result
benchmarks.

Datasets that are specially processed for specific fields are the most difficult and professional
datasets to acquire. The process and goal of acquisition are to solve specific problems in typical
scenarios, which are rare at present.

The WIT [14] dataset is derived from Wikipedia and contains 11.5M images involving 37.6M
entities and 108 languages. This dataset is mainly used for benchmarks [44, 45] for retrieval tasks.

CoDraw [15] contains 138k pieces of information, forming 10k dialogues and cartoon images
corresponding to each sentence. This dataset is mostly used in picture generation scenarios, especially
in the task of “generative visual painting” (GeNeVA) [46, 47, 48].

It is easy to find that the most suitable scenarios for this type of dataset are in life, but in academic
life, there is also a great demand for searching images by text and text by images. In the process of
reading the paper, we can understand the picture through the accompanying text and better understand
the things stated in the paper through the picture. Although we can search for pictures by text, we can
search by retrieving the description text of the pictures, but when we want to understand the pictures
in detail, the obscurity of these words will cause certain obstacles. Graph, the function of returning
related graphs to solve the system of finding related work in scientific research. Of course, when we
get a picture of an article, we want to understand the picture's information. If we have a system that
can express the textual information of this picture, then our scientific research efficiency will be
significantly improved.

In response, we constructed the GSAIC dataset for the geoscience academic community, a
rigorously screened and categorized dataset of matching images and captions in geoscience academic
papers. We further enhance the influence of GAKG in the earth sciences by searching GAKG and
constructing GSAIC and also provide a service for the earth science community to search for text by
image and image by text. And our main contributions can be listed as follows:

The GSAIC dataset is proposed. To our knowledge, this is the only dataset currently used for
academic multimodal information mining, and we will update this dataset regularly.

The current mainstream multi-modal datasets are listed and counted to facilitate the selection of
datasets by various multi-modal researchers.
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We provide a three-label classifier for the classification of the illustration after doing the OCR
over research papers’ PDF.

The rest of the paper is organized as below. In section 2 we introduce the benchmarks exist
currently and point out what gap the GSAIC has filled up. In section 3, we will introduce the
construction of GSAIC and conclude the whole paper in the final section.

2. Dataset Overview

For the current mainstream multimodal datasets, we have made an overall summary:
Table 1. Introduction of text-image benchmarks.

Dataset name Scale(image numbers) Object classes Object numbers
ms coco 328,000 - 2,500,000
CUB-200-2011 11,788 200 200
Oxford 102 Flowers 8,189 103 103
Multi-Modal-CelebA-HQ 30,000 - -
CoDraw ~10,000 - -
Recipel M+ 13,000,000 - -
Flickr30k 31,000 - -
AIC-ICC 300,000 - -
Fashion200K 200,000 5 200,000
MIT STATE 63,440 245 -
MIRFLICKR 25,000 24 -
NUS WIDE 269,648 81 -
Visual Genome 100,000 - 2,100,000
ImageNet 3,200,000 5247 -
wIT 11,500,000 - -
Conceptual Captions 3,300,000 -
. 120,053
Stanford Online Products 120,053 22,634
CARS196 16,185 196 16,185
LAION-400M 400,000,000 - -
GSAIC ~900,000 3 -

For these datasets, we quantified from dataset size, image complexity, and text complexity. We
abstracted each complexity into a numerical value of -5~+5, and invited several companions to make
a qualitative evaluation together. The evaluation criteria are as follows:

Dataset size: The larger the dataset size, the higher the evaluation value. For example, the scale of
the LAION-400M dataset has reached 100 million levels, and the scale evaluation is the highest (point
5); Oxford flowers only have more than 8,000 images, and the scale evaluation is the lowest (point -
5). In general, the larger the dataset size, the larger the divided training set, the more multimodal
features contained in the training set, and the less likely the trained model is overfit.

Image complexity: The more entity classes and entity features contained in the image, the higher
the evaluation of image complexity. Images of multi-entity categories can allow the model to learn
the main features of entities more accurately because the multi-entity image analysis process
implicitly distinguishes between entities; multi-feature images allow the model to learn more detailed
features of entities. In the evaluation process, the number of entities takes precedence over the number
of entity features because the model trained on a single entity dataset is less generalized. For example,
each image in MSCOCO specifically contains multiple entities and is pre-segmented, which can train
a model with good generalization performance; when using CUB simultaneously, it is often necessary
to fine-tune the model.
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Text complexity: The more the text matches the image, the higher the text complexity evaluation.
The text that matches the image can accurately describe the image, more comprehensively include
the entities and features in the image so that the model can better correspond to the feature information
of the image and text, and better realize multimodal learning. The primary way we evaluate match is
to look at the text and then try to find the corresponding image in a set of images. For example, our
MSCOCO contains five paragraphs of description text to describe a picture, and the matching is
strong, while a flower name in Oxford flowers corresponds to the pictures of all such flowers, and
the matching is weak.

After quantification, we get the following two distribution maps—qualitative comparison results
of the complexity of 20 graphic multimodal datasets, including GSAIC. The abscissas of the two
figures are the scale of the dataset, and the ordinates are the image complexity and text complexity,
respectively.
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As can be seen from the above coordinate diagram, the large-scale and complex multimodal
datasets of graphics and text in the first quadrant are scarce. This kind of phenomenon mainly results
from high-complexity datasets often needing to label text and filter images manually, so the scale of
the model is limited. At the same time, due to the large scale of large-scale datasets, it is not realistic
to manually label text and filter images, which limits the complexity of the dataset. Spend.

It can be seen from the above analysis that high-complexity and large-scale datasets are beneficial
to the development of multimodal models, but the current real-life datasets have the disadvantage of
being extensive but not precise or precise but not big, so based on geosciences. The emergence of
multimodal image and text datasets in scientific research papers has filled this gap very well. The
illustrations in earth science research papers are of high pixel quality, rich in scientific information,
and come with explanatory text that closely describes their content without manual annotation.
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Table 2 Some examples in GSAIC, including their images and descriptions, are not exhaustive due

to space limitations.
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At the same time, the scale of data can also be massive in the way of crawling, so we believe that
the geography graphic dataset has great application potential.

3. Construction of GSAIC

In this section, we will detail the construction of GSAIC, and all the data will be share on the final

draft:
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3.1 Data preprocessing:

We crawled a lot of illustrations and descriptions on the release pages of geoscience papers from
the paper website, and also referred to the GAKG dataset, and then divided out clear pictures through
crowdsourcing methods such as human annotation, and obtained 15,260 pairs of illustration and
captions. Since these data are extracted by OCR, there are still invalid data such as plain text after
removing the low-pixel data, so we decided to design a classification model to assist us in
classification.

The data we obtained above can be divided into three parts: GeoScience domain illustrations,
charts, and plain text. Plain text pictures need to be eliminated because their literal content is basically
the same as the description, and lack of multimodal information; GeoScience domain illustrations can
match their descriptions well, and they also have multimodal research value in other fields; as for
charts, its statement in captions and diagrams also needs the relevant mathematical knowledge base.
Concequently, it is of significance to divide them into a separate category. According to the above
analysis, we will classify these 15,260 image-text pairs into the above three categories, so as to
improve the validity of the dataset. In this way, it can help researchers studying multimodal model to
train their models for. Based on the experimental experience, we decided to use VGG as the backbone
of the classification model.

3.2 Classification:

In image classification, we choose to use an image classification mechanism based on VGG. The
VGG model is a commonly used model for image classification. This article uses VGG16 because it
has a simpler architecture and better performance than other versions of VGG. It has 13 convolutional
layers, 5 pooling layers, and 3 fully connected layers. The convolutional layer and pooling layer are
partly responsible for feature extraction, and the fully connected layer is responsible for classification.
The dimension of feature extraction is up to 4096 dimensions. We use VGG trained on ImageNet for
the pretrain model, and use two 2-class models for classification, the first model classifies text/invalid
images from useful illustrations like GeoScience domain illustrations and charts, and the second
model make GeoScience domain illustrations and charts as two parts. Experiments show that this
classification method is more accurate than three-classification model.

Information about the classification model

Input and Output of VGG:

The VGG input is the image of GSAIC, which is converted to 224*224 size using torch.resize, for
the purpose of matching ImageNet-based pre-training model.

VGG outputs two 2-dimensional vectors [01, 02]/[03, 04], which represent their results on two 2-
classification tasks, respectively, and merges them into a 3-dimensional vector [x1, x2, x3], each
numerical value represents the likelihood that the graph belongs to three categories.

The specific combination method is as follows:

(01, Os] = soft max([o1, 09])
(03, O4] = soft max([os, 04])
|21, 29, 23] = (01,02 * O3, 05 % Oy

Where o1, 02 are the outputs of the first binary classification model, and 03, 04 are the outputs of
the second binary classification model.

After merging in this way, the relative size of each output is preserved. The second value of the
first model is equivalent to the weight of the data classified as valid. If a picture is invalid data, its ol
is more significant, and 02 is smaller. x2 and x3 will also be smaller, thus realizing the fusion of the
two-category results into the three-category results.

Loss function

In general, the model, first calculate the loss of each image corresponding to the two outputs in
each batch:
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loss(o,class) = — log % = —olclass| + IOE(Z exp(olj]))
— i
j (1)

In the above equation, o is the value output by VGG, and class is the category number. First, use
the internal softmax method of logarithmic symbols to convert the two values into a probability form
with a sum of 1, without changing the relative size, and then take the negative logarithm, so that the
larger the numerator, the smaller the loss.

loss = §; * loss(o;, class;)[2]

Where ¥ is the one-hot code of the current image category. Among the losses of the three
categories in expression [1], we only select the loss of the corresponding category

1 k=l
L= N Z; lossy.

Finally, the N losses of N pictures in a batch are averaged to get the total loss of this batch.

By building a three-label classifier, we can well judge which illustrations from the PDF should be
keep and which should not be preserved so that the illustrations quality can be guaranteed. Finally, it
is shown that the accuracy rate of our classification model is 86.03%, and the accuracy rate of
separating invalid data is 98.30%. The main errors are concentrated in the classification between
GeoScience domain illustration and charts because small charts or chart elements often appear on
geoscience images. Under this circumstance, we manually reclassify or mix this two-class
illustrations in practical work. At the same time, the accuracy of direct three-classification is 84.34%,
it is evident that the accuracy of classification invalid data also decreases simultaneously. So, in the
end, we use two binary classification models.

4. Conclusion

Based on GAKG, this paper proposes a novel GeoScience illustrations and captions parallel
resource benchmark named GSAIC, which contains 15,620 geoscience paper illustration data and
corresponding captions. To our knowledge, this is the first parallel material, used for academic
multimodal data mining, and we will update this dataset regularly. The current mainstream
multimodal datasets are introduced and counted to facilitate the selection of datasets by various
multimodal researchers. We believe that the GSAIC dataset will support the community of
GeoScience and the researchers in CV, since the dataset with complex captions and professional
illustrations are rare, which sets a strong stumbling block to the existing methods.
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