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Abstract
Text visualization is a complex technique that helps in data understanding and insight, and may lead to loss of informa-

tion. Through the proposed low-dimensional vector representation learning method, deep learning and visualization

through low-dimensional vector space construction were simultaneously performed. This method can transform a task-

oriented dialogue dataset into low-dimensional coordinates, and based on this, a deep learning vector space can be con-

structed. The low-dimensional vector representation deep learning model found the intent of a sentence within a dataset

and predicted the sentence components well in 3 out of 5 datasets. In addition, by checking the prediction results in the

low-dimensional vector space, it was possible to improve the understanding of the data, such as identifying the structure

or errors in the data.

Category: Natural Language Processing
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I. INTRODUCTION

Natural language understanding (NLU) is a technology

that represents the meanings of natural language in a

structured form so that the machine can understand them.

NLU is used in various fields such as dialogue systems,

sentence structure analysis, and context analysis. In

particular, NLU is one of the core technologies of

conversational user interfaces, which are more widely

used thanks to the prevalence of mobile phones and smart

speakers. Recently, deep learning using various kinds of

representation learning [1] has shown good performance

in NLU.

High-quality data is essential for high-performance

deep learning, including vector representation learning.

Recently, a lot of raw-level natural language data has

been collected through web crawling. The various deep

learning models using this raw data show high perfor-

mances. However, Well-tagged and processed data are

needed for diverse NLU technologies, such as chatbots,

dialog agents, and question answering.

Constructing well-tagged data requires a high-level
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insight and understanding of data. Moreover, construction

and processing of natural language data are complicated

due to the ambiguity of the language and domain porta-

bility, and there is no large corpus that can be used as a

standard benchmark [2]. For this reason, data construction

takes time and is costly.

Data visualization can be helpful in these situations.

Visualization gives the insight to identify data charac-

teristics and patterns within a short time, even by those

who have no expertise in the domain. The insight enables

the relevant persons to see the information that could not

be known previously and helps them define new hypo-

theses, questions, and learning model structures for the

data [3]. For visualization, the data needs to be trans-

formed into low-dimensional coordinates in two or three

dimensions. However, it is challenging to transform data

with a large amount of information, and it is even more

difficult to set specific transformation standards for natural

language. To solve this problem, research using the vector

space constructed through deep learning for visualization

is being conducted.

In general, deep learning models show high performance

only when a high-dimensional vector space is built and

utilized. Therefore, the approach used in the existing

studies for visualization of vector space is indirect

visualization through dimensionality reduction techniques

such as UMAP [4] or t-SNE [5]. However, dimensionality

reduction methods are challenging to control and can

differ from human intuition.

Therefore, we propose a low-dimensional semantic

vector space construction method using semantic frames

to parallel deep learning and visualization (Fig. 1). If a

low-dimensional vector space is designed from the human

point of view and deep learning is performed based on

this space, it can help intuitive understanding of data

information and deep learning operations. The core

elements of the vector representation in this study are as

follows.

● Recognizability: Low dimension vector spaces that

can be recognized by humans.
● Controllability: Humans can easily control.
● Interpretability: Humans can intuitively understand

and interpret semantic information.

To construct the interpretable, controllable, and recog-

nizable low dimension semantic vector spaces, first,

heuristic knowledge is grasped from the semantic frame

mainly used in NLU. After that, the semantic frame is

transformed into low dimension coordinates through a

coordinate transformation algorithm reflecting the grasped

heuristic knowledge to construct the correct answer vector

space. Finally, the predicted semantic vector of each

sentence calculated through the text reader and the correct

answer coordinates are compared using a regression

method to learn the model

II. RELATED WORK

A. Vector Representation Learning

Most NLU technologies such as semantic role deter-

mination and syntax analysis can show performance-

improving effects if only the input data are well embedded.

Therefore, vector representation learning in NLU focuses

on embedding technology that effectively vectorizes

words and sentences [1].

In [6], the authors attempted to parse the semantic

system by utilizing semantic and syntactic structures of

sentences in learning. Kim et al. [7] attempted to represent

the semantic by applying a method to inserted external

data such as WordNet [8] and Macmillan dictionaries1 to

the amount of information in the input data.

ELMo [9] proposed a method to obtain vector repre-

sentations according to sentences through word embedding

reflecting contexts using recurrent neural network with a

pretrained language model.

BERT [10] learns using sentence data easily obtained

from the web for masked language modeling and next

sentence prediction. It was proved that the model is able

to learn those sentence vector representations that apply

to natural language processing in various fields.

In [11], the author modeled the co-semantic vector

representations of sentences and semantic frames by

actively modeling the correspondence between the

sentences and the semantic frames in the NLU domain. In

addition, using previous data, it successfully carried out

an intent classification to classify sentences by measuring

similarities between sentences and slot labeling to predict

sentence components, thereby showing that it can be

applied to various tasks of NLU [11].

Fig. 1. Human interpretable low-dimensional semantic vector
space construction method using semantic frames to parallel
deep learning and visualization framework.
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B. Vector Space Visualization

Recently, various text visualization methods have been

studied. In [12], the authors surveyed and classified text

visualization research papers according to criteria, and

through this, it can be seen that there are text visualization

studies of various purposes and methods.

Among the various text visualization methods, this

paper focuses on visualizing a vector space embedded

with data. In general, a high-dimensional vector space is

visualized by transforming it into a low-dimensional

space through a dimensionality reduction technique. In

the past, dimensionality reduction techniques such as

DBSCAN [13] and MDS [14] were mainly used, but

recently, UMAP [4] or t-SNE [5], which can effectively

reduce high-dimensional information through mathematical

techniques, are mainly used.

In order to gain insight into the vector space in which

document information is embedded, the authors of [15]

utilizes a dimensionality reduction technique to reduce a

high-dimensional vector space to a low-dimensional one,

enabling visual exploration. It visualizes neural document

embeddings as configurable document maps, helping

identify semantic features of data and semantic analysis.

Park et al. [16] proposed a visual analysis system to solve

false-positive errors due to polysemy of natural language

during text analysis. Using principal component analysis,

they reduced the high-dimensional word embedding vector

space to two dimensions and utilized it for concept-based

document analysis.

III. DATA ANALYSIS

For the low dimension visualization proposed in this

study, insights and understanding of data should be

enhanced through structural and statistical analyses. In

the case of low-dimensional spaces, the axis to express

data information is quite limited compared to high-

dimensional spaces. Therefore, only the core data infor-

mation should be expressed through the axis, and other

pieces of information should be expressed using distance,

directions, and angles between data.

This paper used five datasets consisting of three datasets

in Korean (Weather, Navi, and Restaurant) and two

datasets in English (ATIS and SNIPS). Weather is a

collection of speeches about weather, such as temperature

and fine dust. Navi is a collection of speeches that can be

requested to navigation devices, such as directions and

search for nearby facilities during driving. Restaurant is a

collection of speeches related to restaurants searching and

reservations. ATIS is a collection of speeches regarding

aircraft travel situations, such as flight reservation numbers

and flight schedules. SNIPS is a collection of speeches

that can be requested by an artificial intelligence assistant,

such as music playback, restaurant reservations, and

weather forecast information requests.

A. Data Structure

A dataset that is mainly used in NLU is called a task-

oriented dialogue dataset, and it consists of intents, slot

tags, and slot values called semantic frames. The intents

are the subjects of the sentences, the slot tags are the

names of the elements constituting the sentences, and the

slot values are the actual values of the elements constituting

the sentences.

Table 1 is an actual sentence appearing in the ATIS

data set and the semantic frame of the sentence. There is

one intent representing the sentence that exists, and there

are many slot tags and slot values. In a semantic frame,

the slot tags are subordinate to the intent, and slot values

are subordinate to the slot tags. In addition, even if the

same slot tags and slot values exist in two sentences, the

semantic frames may differ according to the order in

which individual slot values appear in the sentence.

B. Data Statistics

Data visualization is the visual representation of various

numerical values based on statistical information. When

data have been visualized, the statistical value such as the

density, grouping, and distances can be seen directly. So,

statistical information such as the distribution, composition,

and scale of data should be understood first. To that end,

statistical analysis was conducted to determine the

distribution and density of data used in this study.

Table 2 shows the statistical distribution indicating how

many slot tags are composed of Slot Tag Combinations

(STC) in each dataset. STC are generally composed of 2–

7 slot tags. One slot tag combination comprises many slot

tags, which means that the amount of information is

Table 1. Example of semantic frame

Text Find a flight from Memphis to Tacoma dinner

Semantic frame atis flight (fromloc.city name=memphis, toloc.city name=tacoma, meal description=dinner)

Intent atis flight

Slot tags fromloc.city name, toloc.citiy name, meal description

Slot values memphis, tacoma, dinner
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large, and is relatively difficult to learn. On reviewing the

distribution chart, it can be seen that the amounts of

information of ATIS and SNIPS are larger than those of

other data.

Fig. 2 shows the statistical distribution indicating how

many slot tags are composed of STC in each dataset. It

can be identified that the STC are generally composed of

2–7 slot tags. The more slot tags in the slot tag combi-

nation, the greater the amount of information, making it

more difficult to learn. On reviewing the distribution

chart, it can be seen that the amounts of information of

ATIS and SNIPS are larger than those of other data.

The fact that the distributions and characteristics of the

data are diverse despite being expressed in the same

structure, semantic frame, means that diverse visualization

results can appear depending on the dataset. A visualization

method that is effective for one dataset may not suit the

other datasets. In addition, in cases where the distribution

is excessively concentrated on a specific value as with

ATIS or SNIPS, the visualization may not be carried out

properly, and quite biased visualization results may be

produced. Given such facts, various visualization algorithms

were proposed in this study, and attempts were made to

find visualization methods suitable for individual datasets

by comparing experimental performances.

IV. COORDINATE TRANSFORMATION 
ALGORITHMS FOR VISUALIZATION

For data visualization, understanding and insight into

the relevant data are necessary. However, since visualization

is performed in situations where data insight is insufficient,

the characteristics or patterns that should be recognized

cannot be identified. That is, there is a contradiction that

visualization is performed for insight into data, but

visualization is difficult due to lack of insight [3].

The three low-dimensional coordinate transformation

algorithms proposed in this paper can be applied to all

task-oriented dialog datasets with intents and slots.

Because the data is transformed according to a consistent

algorithm, the overall and detailed distribution of the data

can be accurately identified, and comparisons between the

data are possible. As this algorithm was developed based

on the human point of view, it can help data set analysis

by identifying outlier data or unusual data distributions

that are not revealed in statistical data analysis.

A. Linear Coordinate Transformation

The first coordinate transformation algorithm is a linear

coordinate transformation. This method converts all data

into linear forms and is the most intuitive and suitable for

human viewing among the three coordinate-transformation

algorithms, but poses difficulties in predicting STC because

the density of slot tags combinations is very high.

This method uses only two s; the x-axis and the y-axis.

The number of all intents appearing in the data set is

called n, the number of all STC is called m, the gap

between intents on the x-axis is called xgap, and the gap

between slot tags on the y-axis is called ygap. The y-

coordinates of all intents are fixed at ygap, and the x-

coordinates are arranged at intervals of xgap so that all

intents can be placed between 0 and 1. After that, the x-

coordinates of the STC belonging to individual intents

become the x-coordinates of the relevant intents, and the

y-coordinates are arranged at intervals of ygap so that all

STC can be arranged between 0 and 1.

(1)

Table 2. Dataset statistics

Weather Navi Restaurant ATIS SNIPS

Number of trains 6,993 5,601 23,500 4,478 12,658

Number of tests 2,998 2,402 2,937 882 685

Number of intents 14 8 4 21 7

Number of slot tags 24 4 12 79 39

Number of slot tags combination 121 7 44 1,238 1,494

Fig. 2. Distribution of slot tag combinations.
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Fig. 3. Examples of coordinate transformation visualization (ATIS dataset). (a, c, e) Linear, circular, and spiral coordinate transformation
visualization 1. (b, d, e) Linear, circular, and spiral coordinate transformation visualization 2.
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(2)

In Fig. 3, it can be seen that the intents are at the

locations where the y-coordinate is 0, and below them,

the STC belonging to individual intents are arranged. The

parts with empty spaces in the middle are the locations of

STC that appear in other intents but do not appear in the

relevant intent. These parts are seen in other coordinate

transformation algorithms.

B. Circular Coordinate Transformation

The second coordinate transformation algorithm pro-

posed is a circular coordinate transformation. It is a

method that transforms all data into circular forms and

has intermediate intuitiveness and density among the

three coordinate transformation algorithms.

This method utilizes all three-al coordinates of the x, y,

and z-axes. The number of all intents appearing in the

data set is called n, the number of all STC is called m, the

gaps between intents on the x-axis is called xgap, the

radius of the circle is called r, and the angle between STC

is called a. The y- and z-coordinates of all intents are

fixed at 0.5, and the x-coordinates are arranged at

intervals of xgap so that all intents can be arranged between

0 and 1. After that, STC are arranged at angles of a at the

circumferences of the circles centered around individual

intents and of which the radius is r.

(3)

(4)

(5)

It can be seen that there are intents at the center of

Fig. 3, and STC are arranged at the circumferences of the

circles that are centered around individual intents.

C. Spiral Coordinate Transformation

The last coordinate transformation algorithm is a spiral

coordinate transformation. This method converts all data

into spiral forms. It has the lowest intuitiveness among

the three coordinate transformation algorithms, and also

has the lowest density of STC.

Similar to the circular coordinate transformation

algorithm, this method utilizes all three-al coordinates on

the x, y, and z-axes. The number of all intents appearing

in the data set is called n, the number of all STC is called

m, and the gaps between intents at the x-axis is called

xgap. The number of STC to be arranged on the

circumference of a spiral circle is called rc and initial rc

is fixed at 16, called rcinit. The gap between spiral circles

is called rgap and can be obtained using the arithmetic

progression summation formula. Since the rcinit. The gap

between spiral circles is called rgap rcinit is 16, STC are

not arranged as much as the sum of 1 to 15. Therefore,

120, which is the sum of 1 to 15, is added in the

arithmetic progression summation formula. The y- and z-

coordinates of all intents are fixed at 0.5, and the x-

coordinates are arranged at intervals of xgap so that all

intents can be arranged between 0 and 1. After that, as

many STC as the rc are arranged on the circumferences

of the spiral circles, which are centered on individual

intents and of which the radius is r. The r increases by

rgap/rc each time STC are arranged one by one. The p in

the r formula increases by 1 each time STC are arranged

on the spiral circle one by one. The rc increases by 1

when all the STC in the number equal to the rc have been

arranged on one spiral circle.

(6)

(7)

(8)

(9)

(10)

(11)

The first slot tag combination is arranged at the

distance of radius rgap, and the 17th slot tag combination

is arranged at the same angle as that of the first slot tag

combination and at the distance of radius 2rgap. After that,

the 34th slot tag combination is arranged at the distance

of radius 3rgap, and all the STC to the last slot tag

combination are arranged using the previous rule.

● 1st STC : radius = r, angle = 0
● 2nd STC : radius = r + r/rc, angle = 0 + 360/rc
● 3rd STC : radius = r + 2 r/rc, angle = 0 + 2 360/rc
● ...
● 17th STC : radius = 2r, angle = 0
● 18th STC : radius = 2r + r/rc, angle = 0 + 360/rc

It can be seen that there are intents at the center of the
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Fig. 3, and STC are arranged at the circumferences of the

spiral circles that are centered around individual intents.

V. EXPERIMENT

The goal of the experiment is to confirm whether the

vector expression learning using the low-al vector space

shows satisfactory performance and improves the under-

standing of the experiment and data by visually confirming

the experimental results. In order to verify the utility of

the proposed methodology, an experiment corresponding

to the following questions was performed.

● Do low-dimensional vector representation learnings

show good performances?
● Can data be intuitively understood through visuali-

zation?

A. Model Structure

Fig. 4 is the diagram of the entire structure of the model.

The model consists of a text reader and a coordinate

transformation algorithm. The coordinate transformation

algorithm converts all sentences into coordinates, and the

Text Reader receives each sentence and outputs it in a 3D

vector format. The Text Reader receives the sentence and

outputs vs, a 3D vector.

Two loss functions, the Euclidean distance and the

cosine distance, were used. Euclidean distance measures

distance in the vector space, and cosine distance measures

direction in the vector space. When these two are used

together, a more detailed vector space configuration is

expected to be possible because both distance and direction

are considered. Le calculates the Euclidean distance between

vs and the coordinates. Lc calculates the cosine distance

between vs and the coordinates. In this case, the origin r

of the cosine distance calculation is the intent coordinate

of the relevant sentence. The sum of Le and Lc is the final

loss.

English and multilingual pretrained BERT models were

used in the experiments. All models were fine-tuned for

30 epochs with batch size 32. The learning rate was set to

1e-5, and the maximum length of the input token was set

to 40.

B. Sentence Search Performance

Table 3 shows the sentence search performance of all

corpus and coordinate transformation algorithms used in

this study. Sentence search measures the accuracy by

comparing the intent and STC of the train sentence closest

to the test sentence in the vector space. The distance

between the train and test sentences was sorted in

ascending order, and the accuracy was measured by

selecting the top 1, 3, and 10 in the closest order among

the sorted sentences.

Although excellent performances are shown in the case

of intents, different results are shown depending on data

and coordinate transformation algorithms in the case of

STC.

The intent accuracy of Weather, Navi, Restaurant, and

SNIPS shows over 90% performance in all coordinate

transformation algorithms. ATIS shows more than 90%

of linear coordinate transformation algorithm performance

but less than 90% in circular and spiral.

The STC accuracy of Weather, Navi, and Restaurant

has a coordinate transformation algorithm that shows a

performance of more than 90%. On the other hand, in the

case of ATIS and SNIPS, the performance is relatively

low, and the performance deviation is huge depending on

the coordinate transformation algorithm.

These results mean that appropriate coordinate trans-

formation algorithms are different depending on the data

and that the current coordinate transformation algorithms

are insufficient to express all data or that changes in the

composition of the data may be necessary.

C. Analysis with Visualization

In the visualization of Fig. 5, the blue dots are the

coordinates calculated with the coordinate transformation

algorithm, and the red dots are the vs predicted by the

deep learning model.

In the case of Weather, which showed high performance

Fig. 4. Model structure.
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Table 3. Top-N sentence search performance
Intent accuracy (%) STC accuracy (%)

Top 1 Top 3 Top 10 Top 1 Top 3 Top 10

Weather Linear 99.30 99.60 99.87 76.52 94.06 98.17

Circular 98.70 99.23 99.83 87.83 96.00 98.07

Spiral 98.27 99.50 99.87 94.96 96.76 97.50

Navi Linear 99.83 99.96 100 99.67 99.75 100

Circular 99.75 99.92 100 99.58 99.71 100

Spiral 99.83 99.96 100 99.67 99.79 100

Restaurant Linear 97.31 97.51 99.35 91.93 95.44 97.14

Circular 97.48 97.65 99.63 94.21 95.85 97.34

Spiral 97.48 97.79 99.63 95.13 95.74 96.66

ATIS Linear 92.06 92.74 94.67 20.41 31.52 46.83

Circular 85.60 88.32 91.50 3.74 12.02 37.19

Spiral 83.90 89.12 92.18 18.93 39.46 47.17

SNIPS Linear 98.25 99.27 100 16.64 41.90 65.40

Circular 98.10 99.12 100 14.89 35.91 59.42

Spiral 95.77 96.93 98.83 40.29 53.58 60.29

Fig. 5. Visualization of the correct answer (blue) of the coordinate transformation algorithm and the predicted value (red) of the model.
(a) Weather spiral 1, (b) Weather spiral 2, (c) ATIS spiral 1, and (d) ATIS spiral 2.
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in Table 3, it can be seen that the prediction was well

made through Fig. 5(a) and 5(b). Although some errors

are visible, most red dots are well clustered around the

blue dots.

On the other hand, ATIS predicted intents well but did

not correctly predict STC. On reviewing Fig. 5(c) and 5(d),

it can be seen that many STC of ATIS is concentrated on

some intents, and the data density is relatively high

because the number of STC is large. This is assumed to

be the reason why the performance of ATIS to predict

STC is shown to be quite low.

On reviewing the predicted visualization results, it can

be seen that data can be well predicted when the data

density is low and the data are evenly distributed. In

addition, differences in performance are large among the

types of coordinate transformation algorithms. So,

appropriate coordinate transformation algorithms must be

selected or developed according to data, and various

coordinate transformation algorithms that can reflect the

characteristics of data well are necessary. In addition, by

checking the visualization results, whether predicted data

are concentrated on some intents or STC, and which tags

cannot be appropriately predicted can be directly identified.

VI. DISCUSSION

According to the experimental results, high performance

and intuitive visualization are possible at the same time if

a low-dimensional vector expression learning method is

suitable for the dataset. However, there is a limitation that

a coordinate transformation algorithm suitable for the

dataset needs to be developed manually, and the proposed

coordinate transformation algorithm lacks generalization.

Nevertheless, the low-dimensional vector representation

learning method proposed in this study is expected to

have high utility in data-related tasks. The experiments

demonstrate that the composition and distribution of data

can be checked, and normal and erroneous data can be

easily distinguished. It is also expected to group new

labels based on data distribution or verify errors in new

data. Such usability is expected to help data augmentation

or integration.

VII. CONCLUSION

In this study, we proposed constructing a low-

dimensional semantic vector space using semantic frames

to combine deep learning and visualization. Three coordinate

transformation algorithms were proposed, which can be

applied to all Task-Oriented Dialogue datasets with intents

and slots. The proposed methods showed good sentence

search performance, meaning sentence intent and slot

information were found well. After learning, it was possible

to understand and analyze the experimental results by

visualizing the predicted results.

As a future study, we plan to study visualization technology

that can reflect both human heuristic in- formation and

machine coordinate space configuration technology by

applying deep learning technology to the coordinate trans-

formation algorithm. In addition, we intend to develop

and proceed with a method that can increase versatility and

conduct research to apply it to understanding, analyzing,

and augmenting various data.
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I. APPENDIX. VISUALIZATION 
OF EXPERIMENT RESULTS

The Figure A.1, A.2, A.3, A.4 and A.5 are experiment

results such as the Figure 5.

Fig. A.1: Visualization of the correct answer(blue) of the
coordinate transformation algorithm and the predicted value(red)
of Weather dataset.

Fig. A.2: Visualization of the correct answer(blue) of the
coordinate transformation algorithm and the predicted value(red)
of Navi dataset.
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Fig. A.4: Visualization of the correct answer(blue) of the
coordinate transformation algorithm and the predicted value(red)
of Snips dataset.

Fig. A.3: Visualization of the correct answer(blue) of the
coordinate transformation algorithm and the predicted value(red)
of Restaurant dataset.
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Fig. A.5: Visualization of the correct answer(blue) of the
coordinate transformation algorithm and the predicted value(red)
of ATIS dataset.
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