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Abstract
Natural language understanding (NLU) is a core technology for implementing natural interfaces. To implement and sup-

port robust NLU, previous studies  introduced a neural network approach to learn semantic vector representation by

employing the correspondence between text and semantic frame texts as extracted semantic knowledge. In their work,

long short-term memory (LSTM)-based text and readers were used to encode both text and semantic frames. However,

there exists significant room for performance improvement using recent pretrained transformer encoders. In the present

work, as a key contribution, we have extended Jung's framework to work with pretrained transformers for both text and

semantic frame readers. In particular, a novel semantic frame processing method is proposed to directly feed the struc-

tural form of the semantic frame to transformers. We conducted massive experiments by combining various types of

LSTM- or transformer-based text and semantic frame readers on the ATIS, SNIPS, Sim-M, Sim-R, and Weather datasets

to find the best suitable configurations for learning effective semantic vector representations. Through the experiments,

we concluded that the transformer-based text and semantic frame reader show a stable and rapid learning curve as well as

the best performance in similarity-based intent classification and semantic search tasks.

Category: Natural Language Processing
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I. INTRODUCTION

Natural language understanding (NLU) is a primary

technique for implementing natural user interfaces, such

as chatbots, mobile secretaries, and smart speakers. NLU

extracts meaning from natural language and infers the

user’s intention.

In addition to developing NLU systems, many assistant

tools are required for building and maintaining these robust

systems. For example, semantic search utility facilitates

the acceleration of data processing at the collection and

annotation stages. Re-ranking multiple NLU systems are

crucial for maintaining stable performance over various

types of input.

Jung et al. [1] demonstrated the importance of semantic

vector representation in implementing key utilities around

NLU systems. They introduced a neural architecture for

embedding the correspondence between a text and a

semantic frame. In their embedding semantic correspondence

learning framework, correspondence (distance between

projected vectors from a text and a semantic frame) was

used as an objective score, whereas reconstruction (intent

and slot-tag) was used as a generation cost.

In study of Jung [2], long short-term memory (LSTM)-
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based readers were used to encode sentences and semantic

frames. However, there exists a significant room for

performance improvement using recent pretrained encoders.

In this work, as a key contribution, we extended Jung’s

framework to work with combinations of LSTM and

pretrained transformers for both text and semantic frame

readers. Recently, [3-5] proposed text and semantic frame

reading methods have used BERT to construct semantic

vector representations; while they used bidirectional

encoder representations from transformers (BERT) [6]

only readers. In the present work, we propose an integrated

framework that combines LSTM and transformers to find

the best configurations for learning effective semantic

vector representations. We conducted various experiments

by combining different types of text and semantic frame

readers.

The remainder of this paper is organized as follows:

Section II describes the overall architecture and semantic

frame input processing methods for transformers. Section

III presents the experimental results. Section IV discusses

the related studies. Finally, Section V discusses the

conclusions.

II. SEMANTIC VECTOR LEARNING WITH A
PRETRAINED TRANSFORMER

Our framework comprises a text reader, semantic frame

reader, and semantic frame writer [1, 2]. The text reader

embeds a sequence of tokens to a distributed vector

representation. The semantic frame reader reads the

structured texts and encodes each text to a vector. Finally,

the semantic frame writer generates a symbolic reduced-

semantic-frame from a vector representation.

In this study, to encode a text and a semantic frame, we

employed BERT and its variations as well as LSTM-

based readers for semantic vector learning. To take

advantage of pretrained transformers for semantic frame

encoding, the sentence form of the semantic frame

components is devised. In this work, we devised a

semantic frame sentence and reduced semantic frame

sentence.

A. Semantic Frame Sentence

Semantic frames are one of the most widely used

structured representations of semantics in NLU and

comprise intent and slots. The intent represents the

sentence role in the target domain, whereas the slots

represent domain-specific named entities or keywords.

For example, “Please list all flights from Dal las to LA”

can be represented by the following semantic frame:

● Intent tag: flight
● Slot tag: from.city, to.city
● Slot values: Dallas, LA

Semantic frame sentence: sentence form of a semantic

frame with intent (slot_tag=slot_value, slot_tag=slot_value,
... ) format. Its form is similar to that of user action [7]. A

semantic frame sentence of the example above is expressed

in the sentence form – “fl ight(from.city=Dallas, to.city=LA”.
From the semantic frame sentence, a reduced semantic

frame is created by excluding the slot values from the

corresponding semantic frame, which was first introduced

by [1].

B. Text Readers

In this study, a transformer-encoder-based text reader

was used instead of the LSTM-based text reader of [2, 4].

Transformer text reader: Input text is tok-enized by a

subword, and the tokens are fed to the transformer

encoder (TRE). A sentence embedding vector from a

[CLS] token is extracted from the final layer and linearly

projected to the semantic vector dimension. The text

encoding process can be defined as

where  is the sentence embedding vector from TRE; tk
is a token at step k; [CLS] and [SEP] are class and

separation tokens, respectively; WT is a linear projection

weight; and vt is a semantic vector derived from the text.

In this research, we use 100 as the final semantic vector

dimension.

C. Semantic Frame Reader

Jung et al. [1, 2] introduced an LSTM-based hierarchical

semantic frame reader that can capture structural infor-

mation using multiple LSTM and multilayer perceptron.

In our work, we introduce a simpler semantic frame

reader using TRE, which directly encodes the sentence

form of semantic frame components, such as reduced

semantic frame and semantic frame sentences.

Similar to a text reader, a semantic frame sentence is

tokenized by a subword tokenizer, and the tokens are fed

to TRE. Tag symbols such as “weather.general” or

“depart_date’’ are tokenized in a subword manner without

considering semantic segmentation. For example,

“depart_date’’ might be tokenized as [“depart_da’’, “te”]

if “depart_da’’ is a more statistically common pattern in

the dataset. A sentence embedding vector from the [CLS]

token is extracted from the final layer and linearly

projected to the semantic vector dimension.

The semantic frame sentence encoding process can be

defined as

ht TREtext CLS[ ], t1, t2, ..., tk, SEP[ ]( )=

vt sigmoid WTht( ),=

ht

hs TREsf CLS[ ], s1, s2, ..., sk, SEP[ ]( )=
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where  is the semantic frame sentence embedding

vector from TRE; sk is a token at step k; WS is a linear

projection weight; and vs is a semantic vector derived

from the semantic frame.

D. Semantic Frame Writer

To prevent zero-vector convergence, Jung et al. [1]

proposed semantic frame writing to learn robust semantic

representation. They introduced a simple linear-projection-

based intent writer and a recurrent neural-network-based

slot-tag writer to decode a reduced semantic frame,

which is created by excluding the slot values from the

corresponding semantic frame (more details in [2]). We

used the same semantic frame architecture of [2]. The

overall neural network architecture is depicted in Fig. 1.

E. Combinations of Text and Semantic Frame
Readers

Herein, we propose transformer-based text and

semantic frame readers. We can easily plug any type of

transformer-based readers, such as ALBERT [8] and

RoBERTa [9] into our framework.

Moreover, we employed the LSTM-based text and

semantic frame reader of Jung et al. [1, 2] and combined

transformer-based readers. For example, a BERT-based

text reader and an LSTM-based semantic frame reader

can be plugged into learn about semantic vectors. Herein,

we denote the semantic vector learning model name as

“[text reader] × [semantic frame reader]”. For example,

model LSTM × BERT denotes a semantic vector learning

model using LSTM and BERT for text and semantic-

frame readers, respectively. A summary of the tested

readers is shown in Table 1.

F. Objective Functions

The same objective functions of [2] were used in this

research. Our objective is to learn semantically reasonable

vector representations of text and a related semantic

frame with the proposed properties. The loss functions

are defined to satisfy these properties.

The loss for “embedding correspondence” Property

Distance loss measures the dissimilarity between the

encoded semantic vectors from the text reader and those

vs sigmoid WShs( ),=

hs

Fig. 1. Overall neural network architecture.  is a reference intent tag vector and  is a reference slot tag vector at time m. vt

represents the text vector, and vs represents the semantic frame vector to the corresponding text.
ŷintent ŷslot

m

Table 1. Descriptions of models used for text and semantic frame reader

Name Language Pretrained Parameter size

LSTM English/Korean - 460K

BERT English BERT-base-uncased 109M

ALBERT English albert-base-v2 11M

RoBERTa English RoBERTa-base 124M

BERT Korean BERT-base-multilingual-cased 177M

KoBERT1 Korean Pretrained BERT on large Korean data 92M
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from the semantic frame reader in the vector space. The

loss is defined as

where the dist function is the cosine distance (=1.0 –

cosine similarity).

The loss for “reconstruction” Property Content loss

provides a measure of the amount of semantic information

in a semantic frame vector. The reconstruction losses can

be defined using the cross-entropy between the generated

and reference tag vectors as

where  and  are the reference and predicted

intent tags, respectively, and M is the number of slots in a

sentence.

.

With the combination of intent and slot losses, the

content loss (Lcontent ) to reconstruct a semantic frame

from a semantic vector v can be defined as follows:

Finally, the total loss value L for learning the semantic

frame representation is defined by integrating all losses

by summation.

.

III. EXPERIMENTS

We conducted experiments to determine whether the

proposed pretrained transformer-based encoders contribute

towards learning meaningful semantic representations

and to determine the best text and semantic frame reader

configurations.

For training and testing, we used four English

datasets—ATIS2 [10], SNIPS [11], Simulated dialogue

(Sim-R and Sim-M; https://github.com/google-research-

datasets/simulated-dialogue), and one Korean dataset,

Weather. The internally collected Weather dataset is

relatively simple and comprises short sentences in terms

of weather information. The information in the dataset is

summarized in Table 2.

A. Sentence Search with Similarity

In our framework, instances having different forms

(text or semantic frame) can be compared directly on a

semantic vector space. Therefore, we can easily search

similar sentences containing similarities between either

texts or semantic frames. The sentence search performance

improves with the learning of semantic representations

by the model. To prove the effects of the proposed

methods, we conducted sentence search experiments with

the precision at K measure over different datasets.

Table 3 shows semantically similar sentence pattern

search with both text and semantic frame as queries.

From the experiments, it is clear that the best-performed

models are somewhat different according to the query

types. In the case of text-as-query, heavy pretrained

transformer-based text readers (BERT, RoBERTa, and

KoBERT) show good performance. Mostly, LSTM-based

text readers showed lower performance. Meanwhile, in the

case of semantic-frame-as-query, relatively light models

(LSTM and ALBERT) show competitive and sometimes

better performance. Note that pretrained transformer-based

models showed much better performance especially in

slot-tag pattern matching than LSTM based models.

B. Similarity-based Intent Classification

Pretrained transformer-based semantic representation

learning is also helpful for the NLU task. To verify it,

similarity-based intent classification experiments were

conducted. Similarity-based classifiers estimate the class

label of a test sample based on the similarities between

the test sample and a set of labeled training samples, and

the pairwise similarities between the training samples [2,

12]. When a sentence is provided, it is projected to vt by

the text reader. Subsequently, the intent tag i j is sorted in

an ascending order of distance score  for all j

Ldist dist vt, vs( ),=

Lintent CrossEntropy ŷintent, yintent( )=

Lslot

1
M
----- CrossEntropy ŷslot

m
, yslot

m
( ),

m 1=

M

∑=

ŷintent yintent

Lcontent Lintent Lslot+=

L Ldist Lcontent+=

dist v̂t
j
vt( )

Table 2. Statistics of datasets

ATIS SNIPS Sim-M Sim-R Weather

Number of trains 4,475 11,973 3,321 10,653 6,993

Number of dev. 499 685 1,032 2,442 3,009

Number of test 882 685 2,286 5,707 2,998

Avg. number of words 11.27 9.07 8.37 8.17 4.80

Per sentence number of intents 19 8 22 27 15

Number of slot tags 80 40 6 10 25
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Table 3. Same sentence pattern (intent and slot tags should be matched) search performance (Precision@K) over various models and datasets

Model

Precision@1 Precision@5

Text as query SF as a query Text as query SF as a query

I S J I S J I S J I S J

ATIS

LSTM × LSTM 0.959 0.653 0.645 0.995 0.802 0.800 0.976 0.744 0.728 0.998 0.802 0.800

LSTM × BERT 0.950 0.662 0.650 0.990 0.709** 0.709** 0.975 0.749 0.732 0.994 0.779** 0.778**

BERT × LSTM 0.986** 0.766** 0.763** 0.999 0.770** 0.770** 0.988* 0.786** 0.781** 0.999 0.799 0.799

BERT × BERT 0.980** 0.769** 0.766** 0.998 0.778** 0.778** 0.989* 0.790** 0.787** 0.998 0.791** 0.791*

LSTM × ALBERT 0.955 0.651 0.642 0.984** 0.694** 0.693** 0.980 0.748 0.738 0.992 0.780** 0.778**

ALBERT × LSTM 0.978** 0.678* 0.678** 0.999 0.753** 0.753** 0.984 0.741 0.738 0.999 0.798 0.798

ALBERT × ALBERT 0.976* 0.696** 0.693** 0.999 0.748** 0.748** 0.984 0.759 0.754** 0.999 0.786** 0.786**

LSTM × RoBERTa 0.960 0.670 0.661 0.983** 0.690** 0.686** 0.977 0.748 0.737 0.988** 0.786* 0.778**

RoBERTa × LSTM 0.981** 0.761** 0.756** 0.999 0.799 0.799 0.988* 0.788** 0.782** 0.999 0.800 0.800

RoBERTa × RoBERTa 0.975* 0.768** 0.763** 0.999 0.761** 0.761** 0.985 0.790** 0.783** 0.999 0.788** 0.788**

SNIPS

LSTM × LSTM 0.994 0.474 0.474 1.000 0.848 0.848 0.997 0.692 0.692 1.000 0.851 0.851

LSTM × BERT 0.985* 0.501 0.501 1.000 0.634** 0.634** 0.994 0.674 0.674 1.000 0.788** 0.788**

BERT × LSTM 0.991 0.816** 0.816** 1.000 0.829** 0.829** 0.994 0.835** 0.835** 1.000 0.842* 0.842*

BERT × BERT 0.991 0.800** 0.800** 1.000 0.853 0.853 0.993 0.820** 0.820** 1.000 0.853 0.853

LSTM × ALBERT 0.987 0.469 0.469 1.000 0.590** 0.590** 0.994 0.648** 0.648** 1.000 0.769** 0.769**

ALBERT × LSTM 0.981* 0.740** 0.740** 1.000 0.847 0.847 0.991 0.804** 0.804** 1.000 0.850 0.850

ALBERT × ALBERT 0.987 0.701: 0.701** 1.000 0.853 0.853 0.991 0.791** 0.791** 1.000 0.853 0.853

LSTM × RoBERTa 0.988 0.467 0.467 0.999 0.591** 0.591** 0.994 0.672 0.672 1.000 0.758** 0.758**

RoBERTa × LSTM 0.985 0.793** 0.793** 1.000 0.137** 0.137** 0.994 0.822** 0.822** 1.000 0.188** 0.188**

RoBERTa × RoBERTa 0.988 0.791** 0.791** 1.000 0.853 0.853 0.994 0.828** 0.828** 1.000 0.853 0.853

Sim-M

LSTM × LSTM 0.687 0.679 0.580 0.994 0.987 0.985 0.859 0.805 0.712 0.995 0.993 0.985

LSTM × BERT 0.825** 0.771** 0.692** 0.959** 0.911** 0.897** 0.936** 0.898** 0.836** 0.983** 0.960** 0.943**

BERT × LSTM 0.958** 0.927** 0.899** 1.000** 0.361** 0.361** 0.980** 0.964** 0.946** 1.000** 0.501** 0.501**

BERT × BERT 0.955** 0.935** 0.899** 1.000** 0.980** 0.980** 0.980** 0.964** 0.943** 1.000** 0.984** 0.984

LSTM × ALBERT 0.759** 0.703** 0.615** 0.958** 0.868** 0.857** 0.898** 0.835** 0.753** 0.983** 0.933** 0.923**

ALBERT × LSTM 0.946** 0.895** 0.866** 1.000** 0.366** 0.366** 0.975** 0.944** 0.921** 1.000** 0.432** 0.432**

ALBERT × ALBERT 0.931** 0.886** 0.839** 1.000** 0.976** 0.976** 0.973** 0.949** 0.925** 1.000** 0.981** 0.981*

LSTM × RoBERTa 0.801** 0.748** 0.654** 0.957** 0.876** 0.864** 0.910** 0.863** 0.789** 0.984** 0.944** 0.932**

RoBERTa × LSTM 0.955** 0.935** 0.901** 1.000** 0.395** 0.395** 0.979** 0.963** 0.944** 1.000** 0.490** 0.490:

RoBERTa × RoBERTa 0.964** 0.940** 0.914** 1.000** 0.979** 0.979** 0.980** 0.962** 0.945** 1.000** 0.983** 0.983

Sim-R

LSTM × LSTM 0.914 0.851 0.798 0.999 0.993 0.993 0.966 0.931 0.905 0.999 0.993 0.993

LSTM × BERT 0.896** 0.850 0.792 0.992** 0.967** 0.962** 0.959** 0.938* 0.907 0.996** 0.984** 0.980**

BERT × LSTM 0.950** 0.943** 0.905** 1.000 0.354** 0.354** 0.976** 0.978** 0.958** 1.000 0.446** 0.446**

BERT × BERT 0.950** 0.951** 0.911** 1.000 0.993 0.993 0.976** 0.981** 0.961** 1.000 0.993 0.993

LSTM × ALBERT 0.900** 0.837** 0.779** 0.994** 0.967** 0.963** 0.960* 0.931 0.897** 0.997** 0.983** 0.980**

ALBERT × LSTM 0.941** 0.927** 0.884** 1.000 0.957** 0.957** 0.973** 0.973** 0.950** 1.000 0.961** 0.961**

ALBERT × ALBERT 0.944** 0.935** 0.894** 1.000 0.993 0.992 0.976** 0.972** 0.952** 1.000 0.993 0.992

LSTM × RoBERTa 0.909 0.861* 0.806 0.994** 0.959** 0.955** 0.961* 0.942** 0.910 0.997** 0.981** 0.978**

RoBERTa × LSTM 0.946** 0.948** 0.907** 1.000 0.308** 0.308** 0.977** 0.978** 0.958** 1.000 0.337** 0.336**

RoBERTa × RoBERTa 0.950** 0.944** 0.902** 0.999 0.992 0.992 0.978** 0.979** 0.959** 0.999 0.993 0.992

Weather

LSTM × LSTM 0.995 0.710 0.708 1.000 0.981 0.981 0.997 0.917 0.914 1.000 0.981 0.981

LSTM × BERT 0.995 0.724 0.721 1.000 0.883** 0.883** 0.997 0.920 0.916 1.000 0.948** 0.948**

BERT × LSTM 0.996 0.970** 0.967** 1.000 0.055** 0.055** 0.998 0.975** 0.973** 1.000 0.112** 0.112**

BERT × BERT 0.996 0.969** 0.966** 1.000 0.981 0.981 0.997 0.975** 0.972** 1.000 0.981 0.981

LSTM × KOBERT 0.994 0.685* 0.683** 1.000 0.861** 0.861** 0.995 0.911 0.906 1.000 0.942** 0.942**

KOBERT × LSTM 0.996 0.971** 0.969** 1.000 0.292** 0.292** 0.997 0.976** 0.973** 1.000 0.514** 0.514**

KOBERT × KOBERT 0.996 0.969** 0.967** 1.000 0.967** 0.967** 0.997 0.975** 0.973** 1.000 0.980 0.979*

A model identifier indicates [text reader] × [semantic frame reader]. For example, BERT × LSTM represents a model with a BERT-based text reader

and LSTM-based semantic frame reader. I, S, and J represent the intent, slot-tag, and joint of intent and slot-tag matching, respectively. SF denotes the

semantic frame.

*p<0.05, significantly different significantly different from the baseline - LSTM × LSTM [2].

**p<0.01, significantly different significantly different from the base line.
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where  is the jth text vector in the training set. From the

top-K list of the intent tag, the most frequently appearing

intent tag is selected as the intent tag for the provided

sentence.

Tables 4 and 5 show the similarity-based intent

classification results. The proposed models were found to

be effective in capturing intent information into vector

representations. BERT-based text readers (B×L, B×B)

showed the best performance over all English datasets

except Sim-R. Note that in most of the cases, transformer-

based semantic frame readers showed much better intent

classification performance (ex: L×L vs. L×B). This

implies that the pretrained transformer contributes to

better semantic vector learning even though they are

pretrained on raw texts and not on structured semantic

frames.

In the case of the Korean dataset, all models showed a

good performance of over 0.99. This is because the

v̂t
j

Table 4. Similarity-based intent classification results (accuracy): English data

k L×L L×B B×L B×B L×A A×L A×A L×R R×L R×R

ATIS

1 0.927 0.937 0.981** 0.969** 0.926 0.967** 0.971** 0.938 0.969** 0.973**

3 0.931 0.937 0.980** 0.972** 0.925 0.966** 0.971** 0.943* 0.969** 0.973**

5 0.929 0.937 0.980** 0.972** 0.921 0.966** 0.971** 0.946** 0.969** 0.972**

10 0.924 0.935 0.978** 0.972** 0.920 0.966** 0.968** 0.939* 0.969** 0.972**

40 0.905 0.918 0.955** 0.933** 0.900 0.922* 0.916 0.915 0.920 0.939**

SNIPS

1 0.981 0.981 0.987 0.990** 0.981 0.985 0.988 0.982 0.987 0.990**

3 0.981 0.982 0.987 0.990** 0.980 0.987 0.988 0.981 0.987 0.990**

5 0.981 0.981 0.987 0.990** 0.980 0.987 0.988 0.981 0.987 0.990**

10 0.981 0.981 0.987 0.990** 0.980 0.987 0.988 0.984 0.987 0.990**

40 0.981 0.981 0.987 0.990** 0.982 0.987 0.988 0.984 0.987 0.990**

Sim-M

1 0.673 0.807** 0.961** 0.961** 0.762** 0.939** 0.936** 0.792** 0.964** 0.959**

3 0.710 0.828** 0.966** 0.965** 0.784** 0.945** 0.941** 0.814** 0.965** 0.965**

5 0.717 0.832** 0.964** 0.967** 0.784** 0.946** 0.940** 0.828** 0.963** 0.964**

10 0.716 0.839** 0.966** 0.966** 0.786** 0.944** 0.943** 0.828** 0.964** 0.964**

40 0.705 0.834** 0.955** 0.959** 0.765** 0.937** 0.939** 0.799** 0.960** 0.955**

Sim-R

1 0.890 0.877** 0.935** 0.932** 0.870** 0.925** 0.917** 0.883 0.931** 0.936**

3 0.900 0.883** 0.933** 0.937** 0.879** 0.924** 0.921** 0.894 0.933** 0.938**

5 0.905 0.886** 0.934** 0.937** 0.882** 0.924** 0.923** 0.894** 0.933** 0.939**

10 0.906 0.882** 0.936** 0.937** 0.879** 0.927** 0.921** 0.898** 0.934** 0.938**

40 0.908 0.872** 0.932** 0.937** 0.877** 0.927** 0.923** 0.896** 0.936** 0.939**

From the top-K list of the intent tag, the most frequently appearing intent tag is selected as an intent tag for the provided sentence. L, B, A, R, and K

represent LSTM, BERT, ALBERT, RoBERTa, and KoBERT, respectively. 

*p<0.05, significantly different from the baseline - L×L [2]. 

**p<0.01, significantly different from the baseline.

Table 5. Similarity-based intent classification results (accuracy):
Korean data

k L×L L×B B×L B×B L×K K×L K×K

1 0.996 0.996 0.998 0.997 0.995 0.997 0.997

3 0.996 0.995 0.997 0.997 0.995 0.997 0.997

5 0.996 0.995 0.997 0.997 0.995 0.997 0.997

10 0.995 0.996 0.997 0.997 0.995 0.997 0.997

40 0.995 0.995 0.997 0.997 0.994 0.997 0.996

From the top-K list of the intent tag, the most frequently appearing

intent tag is selected as an intent tag for the provided sentence. L, B, A,

R, and K represent LSTM, BERT, ALBERT, RoBERTa, and KoBERT,

respectively. 
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Weather dataset consists of much shorter sentences and a

small number of intent-tags; all models including LSTM

successfully capture the intent-level semantic information.

Note that the reported LSTM × LSTM performance of

the ATIS domain in Tables 3–5 is different from that of

[1, 2]. While they used word-level tokenization, in this

work, we used sub-word-level tokenization for a fair

comparison with other transformer models that use

subword-level tokenization.

C. Learning Curves

The effect of pretrained transformers can be confirmed

by examining the training loss curves from Fig. 2. The

losses from the models that use transformer-based text

readers decrease and reach the lowest value much faster

than the models using LSTM-based text readers. Note

that the lowest loss values of each model are not similar.

The lowest loss values of LSTM-based text readers are

Fig. 2. Training losses over  steps in each dataset: (a) ATIS, (b) SNIPS, (c) Sim-M, (d) Sim-R, and (e) Weather.
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always larger than the values of the models using the

transformer text reader. For example, in the case of ATIS,

the lowest loss value of LSTM × BERT (0.2133) is larger

than the value of BERT × BERT (0.08129).

IV. RELATED WORK

Recent studies have focused on enriching the

representations for neural architectures to implement NLU.

For example, Chen et al. [13] focused on leveraging

substructure embedding for joint semantic frame parsing.

Kim et al. [14] utilized several semantic lexicons, such as

WordNet, PPDB, and the Macmillan dictionary, to enrich

word embedding, and they subsequently used them in the

initial representation of words for intent detection.

Furthermore, many structured text-to-vector techniques

have been introduced recently. A. Preller [15] introduced

a logic formula embedding method, while A. Bordes et al.

[16] and K. Do et al. [17] proposed translating symbolic-

structured knowledge, such as WordNet and freebase.

Recently, Jung et al. [1, 2] introduced a semantic frame

embedding method by simultaneously executing the raw

and structured text-to-vector methods in a single framework

to learn more semantic representations. In their framework,

the text and semantic frames are each projected onto a

vector space, and the distance loss between the vectors is

minimized to satisfy the embedding correspondence

Recently, contextual sentence modeling has been

introduced in contextual language models, including ELMo

[18], GPT [19], BERT [6], and XLNet [20]. In particular,

BERT uses a different pretraining objective, masked

language model, and the next sentence prediction task

that jointly pretrains text-pair representations.

V. CONCLUSION

Herein, we have proposed an extended framework for

learning semantic vector representation following [1–4].

The framework enables combining both LSTM and

transformer-based readers to learn representations. Through

experiments with the ATIS, SNIPS, Sim-M, Sim-R, and

Weather datasets, we found that the proposed methods

could successfully learn semantic vector representations.

In most cases, the proposed models that use the transformer-

based text and semantic frame reader show better

performance in semantic search and intent classification

as well as faster training speed. However, in the case of

semantic frame readers, LSTM-based models showed

competitive results over transformer-based semantic frame

readers. It appears that the semantic frame format is

already simplified and well-structured; thus, lightweight

LSTM is sufficient to learn the semantic representation.

Based on the results of the proposed research, various

research directions can be considered in the future.

Semantic operation or algebra on a vector space is a

promising research topic. Furthermore, we will study the

shared semantic vector space between multiple datasets

or the general domain datasets.
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