What Changes Can Large-scale Language Models Bring?
Intensive Study on HyperCLOVA: Billions-scale Korean Generative
Pretrained Transformers

Boseop Kim*! HyoungSeok Kim*!

Sang-Woo Lee*!'? Gichang Lee!

Donghyun Kwak! Dong Hyeon Jeon® Sunghyun Park? Sungju Kim!?

Seonhoon Kim?

Dongpil Seo’ Heungsub Lee! Minyoung Jeong' Sungjae Lee!

Minsub Kim' Suk Hyun Ko! Seokhun Kim! Taeyong Park'! Jinuk Kim'
Soyoung Kang' Na-Hyeon Ryu' Kang Min Yoo!? Minsuk Chang? Soobin Suh'?
Sookyo In'® Jinseong Park!® Kyungduk Kim'? Hiun Kim' Jisu Jeong'?
Yong Goo Yeo! Donghoon Ham'! Dongju Park! Min Young Lee! Jaewook Kang!
Inho Kang!® Jung-Woo Ha'? Woomyoung Park! Nako Sung'

NAVER CLOVA! NAVER Al Lab?> NAVER Search?® Search Solutions, Inc.*

Abstract

GPT-3 shows remarkable in-context learning
ability of large-scale language models (LMs)
trained on hundreds of billion scale data. Here
we address some remaining issues less re-
ported by the GPT-3 paper, such as a non-
English LM, the performances of different
sized models, and the effect of recently in-
troduced prompt optimization on in-context
learning. To achieve this, we introduce Hy-
perCLOVA, a Korean variant of 82B GPT-3
trained on a Korean-centric corpus of 560B
tokens. Enhanced by our Korean-specific to-
kenization, HyperCLOVA with our training
configuration shows state-of-the-art in-context
zero-shot and few-shot learning performances
on various downstream tasks in Korean. Also,
we show the performance benefits of prompt-
based learning and demonstrate how it can
be integrated into the prompt engineering
pipeline. Then we discuss the possibility of
materializing the No Code Al paradigm by
providing Al prototyping capabilities to non-
experts of ML by introducing HyperCLOVA
studio, an interactive prompt engineering inter-
face. Lastly, we demonstrate the potential of
our methods with three successful in-house ap-
plications.

1 Introduction

Due to its remarkable zero-shot and few-shot per-
formances, GPT-3’s in-context learning has gained
significant attention in the Al community (Brown
et al., 2020). In the in-context learning approach,
discrete prompts that consist of a natural language
task description and few-shot examples control

*Equal contribution.

large-scale language models (LMs) to infer pre-
dictions for the target task. Using OpenAl’s GPT-3,
studies have proposed methods that can further
boost in-context learning performance of GPT-3
(Zhao et al., 2021; Liu et al., 2021a). Recently,
prompt-based learning methods have been reported
to improve the performances of BERT, GPT-3, and
TS without any parameter updates of the main
model (Liu et al., 2021b; Lester et al., 2021; Shin
et al., 2020).

We consider the three following practical issues
of using GPT-3. First, the language composition
of the training corpus is heavily skewed towards
English with 92.7%. This makes it difficult to ap-
ply it to tasks in other languages. We also know
little about how to train similar models in another
language with different linguistic properties, and
where the originally proposed methods will be nat-
urally applied and where they might fail. Second,
while it is pragmatic and useful to know the ca-
pabilities of various sized models considering the
operation costs of using large-scale LMs, we only
have access to a thorough analysis of models of
13B and 175B (Brown et al., 2020) but none in
between. Lastly, advanced prompt-based learning
methods that require backward gradients of inputs,
including continuous prompt-based tuning, have
not yet been experimented for an in-context large-
scale LM learner.

Here we address these issues by introducing a
non-English GPT-3 with various parameter sizes
and intensively investigating their capabilities on di-
verse real-world classification and generation tasks
under in-context few-shot learning and prompt-
based optimization. We introduce a Korean in-
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context large-scale LM with 82B parameters, i.e.,
HyperCLOVA. This is the first discovery on near
100B-scale non-English LM. We present the cor-
pus composition of Korean datasets used for Hy-
perCLOVA, and describe how we crawl and re-
fine such data to collect 561B tokens of Korean
corpus (§3.1). We also design a new Korean tok-
enization method based on the agglutinative prop-
erty for HyperCLOVA. We use byte-level BPE
(Kudo and Richardson, 2018) with a morpheme
analyzer (§3.3). Our results show that such tok-
enization strategy is important for the performance
of downstream tasks in large-scale in-context learn-
ing (§4.4).

We report the state-of-the-art in-context learn-
ing performance of our model on Korean datasets
in zero and few-shot settings (§4.2). In addition,
we are the first to discovery the applicability of
the continuous prompt-based optimization tech-
niques, such as p-tuning (Liu et al., 2021b), to large-
scale LMs. HyperCLOVA leveraged by p-tuning
achieves outstanding results for both classification
and generation tasks. Also, we investigate the ef-
fects of p-tuning on two mid-size HyperCLOVA
(§4.3).

Subsequently, we illustrate the versatility of op-
erating a single large-scale LM in the Al industry.
Developing an Al product involves heavy collab-
oration among non-technical experts. This incurs
substantial communication overhead because the
level of technical abstraction varies across job func-
tions.

We introduce HyperCLOVA Studio, an inter-
active prompt engineering interface which pro-
vides GUI and API interfaces like the OpenAl
playground'. The interactive interface helps non-
experts of ML to easily use HyperCLOVA for pro-
totyping Al products. We also share three in-house
application scenarios using HyperCLOVA Studio
as novel task environments. With minimal efforts of
a domain expert in these scenarios, HyperCLOVA
presents performances qualitatively comparable to
human experts, despite their difficulty in designing
their objective function and training data (§5.2).

We then discuss how the functionality of Hy-
perCLOVA Studio can be extended. For example,
HyperCLOVA Studio can provide input gradient
functionality, to fine-tune small prompt encoder
with few number of instances, thus enabling any
user to achieve state-of-the-art performance using

"https://beta.openai.com/

HyperCLOVA (§5.3). Finally, we discuss the possi-
bility of No/Low Code Al paradigm using Hyper-
CLOVA Studio, in which one large LM empowers
people to create Al systems with no need for train-
ing individual deep learning models or collecting
and labeling suitable datasets (§5.4).

Our contributions are summarized as:

1. We introduce HyperCLOVA, a large-scale
Korean in-context learning-based LM with
nearly 100B parameters, by constructing a
large Korean-centric corpus of 560B tokens.

2. We discover the effect of language-specific
tokenization on large-scale in-context LMs
for training corpus of non-English languages.

3. We explore the zero-shot and few-shot capabil-
ities of mid-size HyperCLOVA with 39B and
82B parameters and find that prompt-based
tuning can enhance the performances, out-
performing state-of-the-art models on down-
stream tasks when backward gradients of in-
puts are available.

4. We argue the possibility of realizing No Code
Al by designing and applying HyperCLOVA
Studio to our in-house applications. We will
release HyperCLOVA Studio with input gradi-
ents, output filters, and knowledge injection.

2 Previous Work

2.1 Prompt Optimization

Prompt-based approaches involve constructing op-
timal prompts for language models to best elicit
knowledge and maximize prediction performances
(Radford et al., 2019; Brown et al., 2020; Schick
and Schiitze, 2020). As the scale of language mod-
els grows, the potential of replacing the full fine-
tuning paradigm with the prompt-based approach
has been reported (Reynolds and McDonell, 2021;
Li and Liang, 2021), as learning via prompts is ef-
ficient regarding time and space complexity. How-
ever, language models are highly sensitive to the
prompt design, motivating methodologies for opti-
mizing prompts.

Prompt optimization can be categorized into dis-
crete and continuous approaches. The discrete ap-
proach optimizes directly on the token space (Ben-
David et al., 2021; Shin et al., 2020) and has the
advantage of transferability. However, Shin et al.
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(2020) showed that the discrete space has poor in-
terpretability and can be suboptimal. These limita-
tions spurred a new direction that aims to optimize
prompts in the continuous space. Recent work (Li
and Liang, 2021; Hambardzumyan et al., 2021;
Liu et al., 2021b; Lester et al., 2021) proposed op-
timizing the contextualized token spaces without
fine-tuning the main LM parameters. Notably, Liu
et al. (2021b) found that p-tuning for autoregressive
LMs outperforms MLM-based fine-tuning in cer-
tain downstream tasks. Lester et al. (2021) further
showed that well-optimized prompt-based learn-
ing achieves state-of-the-art performance on key
benchmarks.

2.2 Language Models

Although multilingual language models have been
publicly available (Devlin et al., 2019), language-
specific language models are still in demand, as
they provide an edge over language-agnostic mod-
els (Martin et al., 2020; Nguyen and Nguyen, 2020;
Delobelle et al., 2020). However, due to high cost,
language-specific language models other than En-
glish are limited in availability.

As such, the community has an untapped un-
derstanding of non-English in-context learners. To
the best of our knowledge, multilingual in-context
learners are not even explored yet, and the research
on in-context learners is focused on few major
languages. Recently, a GPT-like language model
trained on Chinese corpora is being actively re-
searched concurrently with our work (Zeng et al.,
2021). They successfully trained LMs of 2.6B and
13B parameters using a Chinese corpus. They also
share their on-going work for training the 207B
model, the corresponding infrastructure, and the
training techniques.

3 Pre-training

3.1 Data Description

The ratio of Korean data for OpenAl GPT-3 is
very small, with less than 0.02% by character
count.? Therefore, it is crucial to construct a large
Korean-centric corpus in advance to training Hy-
perCLOVA.

The major corpus used for pre-training Hyper-
CLOVA is listed in Table 1. To build a large-scale
corpus comparable to that for training OpenAl

*https://github.com/openai/gpt-
3/blob/master/dataset_statistics/languages_by_word_count.csv

Name Description Tokens
Blog Blog corpus 273.6B
Cafe Online community corpus ~ 83.3B
News News corpus 73.8B
Comments Crawled comments 41.1B
KiN Korean QnA website 27.3B
Modu Collection of five datasets 6.0B
WikiEn, WikiJp Foreign wikipedia 5.2B
Others Other corpus 51.5B
Total 561.8B

Table 1: Descriptions of corpus for HyperCLOVA

# Param Niayers dmodel Nheads dhead Ir

137M 12 768 16 48  6.0e-4
350M 24 1024 16 64  3.0e-4
760M 24 1536 16 96  2.5e-4
1.3B 24 2048 16 128  2.0e-4
6.9B 32 4096 32 128 1.2e-4
13B 40 5120 40 128  1.0e-4
39B 48 8192 64 128  0.8e-4
82B 64 10240 80 128  0.6e-4

Table 2: Detailed configuration per size of Hyper-
CLOVA

GPT-3, we gathered all available text data includ-
ing user-generated content (UGC) and contents pro-
vided by external partners, with no violation of le-
gal issues, from both diverse services of NAVER?
and external sources.

We refined the datasets and collected a total of
561B tokens as the final corpus. The corpus was
randomly sampled for pre-training. Appendix A.1
describes the detailed data description and discus-
sion. Appendix A.2, A.3, and A.4 thoroughly de-
scribe how to clean, anonymize, and preprocess the
crawled raw data, respectively.

3.2 Model and Learning

We employ the same transformer decoder architec-
ture as GPT-3 of OpenAl (Brown et al., 2020). Ta-
ble 2 describes the detailed configurations of differ-
ent model sizes. We make our model design similar
to GPT-3, and we set near exponential interpolation
from 13B to 175B OpenAl GPT-3. In particular,
we aim to explore the capability and representa-
tion power of the models with mid-size parameters,
which have not yet been addressed by other studies
on large-scale LMs (Brown et al., 2020), but practi-
cally useful in many applications. These mid-size
models can contribute to not only understanding
the model properties with several tens of billion

3https://www.naver.com/
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parameters, but also practical usages in real-world
applications due to their more plausible sizes.

Our model is based on megatron-LM (Shoeybi
et al.,, 2019) and trained on the NVIDIA Su-
perpod, which includes 128 strongly clustered
DGX servers with 1,024 A100 GPUs. We use
AdamW (Loshchilov and Hutter, 2019) with co-
sine learning rate scheduling and weight decay as
an optimizer. All models use the mini-batch size of
1,024 and the minimum learning rate is 1/10 of the
original learning rate. It takes 13.4 days to train a
model with 82B parameters with 150B tokens. For
experiments in Section 4, the model trained with
150B is used for fair comparison, because not all
models are finished training at the same iteration.
However, experiments in Section 5.2 use the model
trained with 300B tokens, as HyperCLOVA Stu-
dio provided the 39B and 82B models trained with
300B tokens.

In our test loss from the encyclopedia corpus not
included in HyperCLOVA corpus, we also observe
the scaling law, as discovered in previous research
(Brown et al., 2020; Kaplan et al., 2020). Figure
2 in Appendix B shows that increasing model size
and training longer give advantage.

3.3 Korean Tokenization

Korean is an agglutinative language where noun is
followed by particle and stem of verb or adjective
is followed by endings, expressing various gram-
matical properties. Properly tokenizing noun and
particle, and stems and endings clarifies the seman-
tics of each token. Park et al. (2020) introduce an
empirical report that tokenization influences on per-
formances of Korean LM. Overall, we need to de-
sign a sophisticated tokenization strategy suitable
for Korean LM, different from its English counter-
part.

We use morpheme-aware byte-level BPE as
our tokenization method. GPT-2 and GPT-3 use
byte-level BPE. However, unlike in English, non-
English characters like ‘5 °, ‘S}°, or ‘S}F are all
split into three different unicode bytes. We alle-
viate the problem of byte-level BPE by applying
morpheme analyzers. See Figure 5 in Appendix E
for motivation and detail.

We pre-split sentences by using space and mor-
pheme obtained by an in-house morpheme analyzer.
Our morpheme analyzer excludes most of non-
Korean characters. Using parts of the sentence pre-
split by our morpheme analyzer, our morpheme-

aware byte-level BPE learns the sentence in which
most non-Korean characters are expressed as single
byte characters. We use HuggingFace’s tokenizers
library.*

4 Experimental Results

4.1 Experimental Setting

We mainly use five datasets for evaluating in-
context few-shot learning performance. Two of the
five datasets come from KLUE (Park et al., 2021),
which is a massive benchmark of Korean NLU
tasks and a work concurrent to our paper. We also
use one additional in-house dataset for evaluating
prompt-based optimization performance.

NSMC is a movie review dataset from NAVER
Movies.’ It contains 150K of training data and 50K
of test data. For few-shot experiments, we generate
12 sets, and each set consists of 70 examples ran-
domly sampled from the training set. We average
the test accuracies of 12 in-context 70-shot learning
models. The schema of NSMC is similar to SST-2
(Socher et al., 2013).

KorQuAD 1.0 (Lim et al., 2019) is a Korean ver-
sion of machine reading comprehension dataset.®
It consists of 10,645 training passages with 66,181
training questions and 5,774 validation questions.
The format of the dataset is similar to SQuAD 1.0
(Rajpurkar et al., 2016). We follow the evaluation
scheme of SQuAD v2.0 used in Brown et al. (2020),
which uses test paragraph, corresponding sample
four question-answer pairs, and test question as
the input to GPT-3. In other words, our model is a
zero-shot learner in the perspective of passage, but
a four-shot learner in the perspective of question.
We performed a single trial for each model size.
Al Hub Korean-English corpus consists of
Korean-English parallel sentences from news, gov-
ernment websites, legal documents, etc.” The cor-
pus consists of 800K sentence pairs, and we ran-
domly sample 1K pairs for evaluating on Ko — En
and En — Ko translation tasks. We performed three
random trials for each translation task. Our model
is evaluated in four-shot learning and we use four
different examples for each trial. We use BLEU
score for evaluation, where Moses and MeCab are
used for comparison with the result of Park et al.
(2020).

*https://github.com/huggingface/tokenizers
Shttps://github.com/e9t/nsmc
®https://korquad.github.io/KorQuad%201.0/
"https://aihub.or.kr/aidata/87
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NSMC  KorQuAD AIHub (BLEU)  YNAT KLUE-STS

(Acc) (EA/F1) Ko—En En—Ko (FI) (F1)
Baseline 89.66  74.04 86.66  40.34 4041  82.64 75.93
137M 73.11  8.87 2392  0.80 278  29.01 59.54
350M 7755 2766 4686 144 8.89 33.18 59.45
760M 77.64 4580 6399  2.63 1689  47.45 52.16
1.3B 83.90 5528 7298  3.83 2003  58.67 60.89
6.9B 83.78 6121 7878  7.09 2793  67.48 59.27
13B 87.86  66.04 8212 791 2782 6785 60.00
39B 87.95 6729 8380  9.19 31.04 7141 61.59
82B 88.16 6927 84.85 1037 31.83 7266 65.14

Table 3: Results of in-context few-shot tasks on question answering, machine translation, topic classification, and
semantic similarity per model size. As baselines, we report the results of BERT-base for NSMC and KorQuAD,
and Transformer for AI Hub from Park et al. (2020). mBERT is used for KLUE-YNAT and KLUE-STS from Park

et al. (2021).

YNAT (Yonhap News Agency Topic Classification
or KLUE-TC), one of the KLUE Benchmark tasks,
is a topic classification problem with seven classes
(Park et al., 2021). It consists of 45K, 9K, and 9K
annotated headlines for training, valid, and test sets,
respectively. We average the test accuracies of 3
in-context 70-shot learners.

KLUE-STS, another KLUE benchmark task, is a
task to predict a sentence similarity between each
pair of sentences, where the similarity score has a
value between 0 and 5 (Park et al., 2021). We use
F1 score after binarizing the real-valued similarity
as suggested in the KLUE paper. We average the
test accuracies of 3 in-context 40-shot learners.
Query modification task is a query modification
task for Al speaker users. The task targets the case
where a single-turn FAQ system is already operat-
ing in Al Speakers. With the query that requires
understanding of multi-turn information, the goal
of the task is to convert the multi-turn query to a
single-turn query, which can then be understood
by a single-turn Al speaker. There are 1,326 test
instances in total. See Appendix C.3 for detail.
Baseline We use the scores for baseline models,
BERT and Transformer from Park et al. (2020),
and mBERT from Park et al. (2021), for in-context
learning experiments in Table 3, whereas BERT-
Multilingual (Devlin et al., 2019) and RoBERTa
(Kang et al., 2020) are also used for p-tuning ex-
periments in Table 4.

4.2 In-context Few-shot Learning

Table 3 presents the results of few-shot learning
on six tasks. In particular, we explore the perfor-
mances of HyperCLOVA with mid-size parameters
including 39B and 82B, which is not addressed in

OpenAl GPT-3 paper (Brown et al., 2020) but can
be more practical for real-world applications. Ap-
pendix C.1 and C.2 further explains more results of
standard deviation and max performance of trials.

Table 3 shows that the performances of various
in-context learning tasks monotonically increases
as the model size increases. However, in-context
learning ability of Ko—En translation and KLUE-
STS is much lower than baseline. Especially for
translation, we conjecture the poor performances
on Ko—En might result from lack of English ratio
of our corpus. Also, more sophisticated prompt
engineering might improve the results, which is
future research direction.

4.3 Prompt-based Tuning

Table 4 shows the results of prompt-based tuning (p-
tuning) (Liu et al., 2021b) on NSMC. Although in-
context few-shot learning has already achieved near
state-of-the-art performance on NSMC, p-tuning
enables HyperCLOVA to outperform comparatives
with no parameter update of the main model. It
is worth noting that p-tuning with only 4K exam-
ples only provides comparable results to ROBERTa
fine-tuned on 150K data. Considering the results in
Table 3 and Table 9 in Appendix C.1, we conjecture
that p-tuning significantly enhances the robustness
of HyperCLOVA as well as the accuracy.
Furthermore, we explore the effects of p-tuning
at the input side on performances for generation
tasks with the experiments on our in-house query
modification. As shown in Table 5, p-tuning en-
ables HyperCLOVA to consistently improve the
input query qualities with a significant margin for
both zero and three-shot scenarios. In larger mod-
els, the influence of the discrete prompt seems to be
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Methods Acc

Fine-tuning
mBERT (Devlin et al., 2019)  87.1

w/ 70 data only 57.2
w/ 2K data only 69.9
w/ 4K data only 78.0
BERT (Park et al., 2020) 89.7
RoBERTa (Kang et al., 2020) 91.1
Few-shot
13B 70-shot 87.9
39B 70-shot 88.0
82B 70-shot 88.2
p-tuning
137M w/ p-tuning 87.2
w/ 70 data only 60.9
w/ 2K data only 77.9
w/ 4K data only 81.2
13B w/ p-tuning 91.7
w/ 2K data only 89.5
w/ 4K data only 90.7
w/ MLP-encoder 90.3
39B w/ p-tuning 93.0

Table 4: Comparison results of p-tuning with fine-tuned
LMs and in-context few-shot learning on NSMC. MLP-
encoder means the result of replacing LSTM with MLP
as the p-tuning encoder on 150K NSMC training data.

Model sizes  Few-shots  p-tuning BLEU
X 36.15
zero-shot o 58.04

13B
3-shot X 45.64
(0] 68.65
ero-shot x 47.72
z 0 73.80

39B
3-shot X 65.76
~Sho o) 71.19

Table 5: Results of p-tuning on in-house query modifi-
cation task.

less. This result is similar to the trend discovered
in (Lester et al., 2021), that as the scale of LM in-
creases, competitive performance can be obtained
even if the discrete prompt is not used at all. To
the best of our knowledge, this is the first report
of applying input-side p-tuning to generation tasks
with an in-context LM learner.

These results also imply that when the backward
gradients of GPT-3-scale model on input data are
accessible, prompt optimization methods are feasi-
ble alternatives for enhancing representation power
of large-scale LMs for NLP researchers and practi-
tioners without large-scale GPU clusters.

4.4 Effect of Tokenization

We analyze the effects of morpheme-aware byte-
level BPE, our tokenization method considering
Korean linguistic characteristics, on KorQuAD and
two Al Hub translation tasks. As baselines, we em-
ploy byte-level BPE and char-level BPE, two preva-
lent tokenization methods for pre-training LMs
with English-centric corpora. It is noticeable that
char-level BPE refers to the original BPE. It yields
out-of-vocabulary (OOV), and some Korean char-
acter like ‘&)’ is not included in char-level BPE
tokens. The other two tokenization strategies do
not make OOV tokens. We use models of 1.3B
parameters, which is a relatively small size, consid-
ering the heavy computation time of pre-training.
Nevertheless, it is enough to find evidence of tok-
enization effects.

As shown in Table 6, our method improves the
performance of most tasks compared to the base-
lines. However, in Ko—En task, morpheme ana-
lyzer makes the performance worse. On the other
hand, char-level BPE makes much lower perfor-
mance than byte-level BPE in YNAT. It is because
that char-level BPE makes some OOV tokens, and
some important words in a headline of YNAT data
become hard to understand. For example, a char-
acter ‘A]” (jec) in a word ‘X 2 E” (project in
English) is an OOV token in char-level BPE, which
makes the test headline including ‘X2 A E’ in-
comprehensive. Overall, it is worth noting that care-
fully designing language-specific tokenization is
essential for training large-scale LMs for languages
quite different from English in terms of their lin-
guistic properties.

S Discussion on Industrial Impacts

What change can large-scale LMs bring? We claim
“accelerating the life-cycle of NLP ML operation”
as one of the possible answers. Unlike the protocol
of most deep learning research where a model is
trained with a well-collected dataset by ML experts
and its corresponding well-defined objective func-
tion, there are several additional steps to make an
Al product in a production-level pipeline, which
yield tremendous communication overhead and
costs. A platform with large-scale LMs may make
huge progress by allowing only one non-developer,
such as a service designer, to build the prototype
system.

Section 5.1 introduces HyperCLOVA Studio as
our distribution method of HyperCLOVA. Section
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KorQuAD AIHub (BLEU)  YNAT KLUE-STS

(EA/F1) Ko—En En—Ko (F1) (F1)
Ours 5528 7298  3.83 2003  58.67 60.89
byte-level BPE 5126 7034  4.61 19.95 4832 60.45
char-level BPE 4541 66.10  3.62 1673 23.94 59.83

Table 6: Effects of tokenization approaches on three tasks. HyperCLOVA-1.3B is used for evaluation.

5.2 introduces our three in-house usages of Hy-
perCLOVA Studio. Section 5.3 discusses possible
extensions of HyperCLOVA Studio, prompt-based
optimization, input module, and output module.
Using the evidence above, Section 5.4 discusses
No/Low Code Al paradigm.

5.1 HyperCLOVA Studio

HyperCLOVA Studio is the place for building and
communicating the shared artifact generated by
HyperCLOVA. HyperCLOVA Studio serves two
functions, 1) it can provide a GUI interface, like
the OpenAl Playground, and 2) support API end
point in which the output can be easily acquired by
an API call with diverse functions, including ones
not yet provided by OpenAl Playground. These
advanced functions are specified in Section 5.3.
Figure 3 in Appendix D shows our GUI interface.
The biggest advantage of HyperCLOVA Studio is
that it allows rapid prototyping of Al-based ser-
vices while minimizing the involvement of ML
engineers.

5.2 Case Studies on HyperCLOVA Studio

This section shares three in-house applications pow-
ered by HyperCLOVA Studio, which are novel
tasks with a large-scale LM as illustrated in Figure
1. The three in-house usages share three properties
below. First, it is non-trivial to define the objective
function or to evaluate the models automatically.
Second, the style of the inputs and outputs is eas-
ily controlled. Lastly, a product designer, without
programming skill nor knowledge of Al, can easily
make PoC systems within few hours.

5.2.1 Rapidly Prototyping Chatbots with
Personalities

This subsection discusses rapid prototyping of chat-
bots with personalities (Smestad and Volden, 2018)
using HyperCLOVA. Our chatbot designers found
that HyperCLOVA allows them to build a chatbot
with the persona of a specific character using one or
two lines of description on the character property
and few dialog examples. This process can be used

Zero-shot (Acc)
# of augmented samples (k)

n 5(1) 102)  15(3) 25(5) 125(30)
0(0) 60.89.3 68940 71927 74825 78.02.3
Few-shot (Acc)
# of original samples (n)

k 1(1) 2(1) 3(1) 4(1) 5(1)
0(0) 26.86.0 52.029 64752 76544 83.030
25(5) 79225 81225 82.626 83419 84320
125(30) 80.72.2 82719 83.721 86.315 87217

Table 7: Zero-shot and few-shot performances in zero-
shot transfer data augmentation. n denotes the number
of original training (validation) instances per class, and
k denotes the number of generated instances for train-
ing (validation) per class. Subscripted values are stan-
dard deviation.

for producing many bots in metaverse applications.
Figure 1 (a) shows an example.

The style of the character can be controlled
easily by changing a few dialog examples in the
prompt. Knowledge in HyperCLOVA can also be
implicitly extracted using the beginning of the
prompt. For example, the knowledge of the famous
can be reflected. Detailed discussion can be found
in Appendix C.4.

Proof-of-Concept (PoC) can be easily available,
and the following human-in-the-loop process can
accelerate making a bot. Based on these functions,
it is possible to quickly build a dialogue system of
various characteristics. HyperCLOVA Studio also
supports these functionalities.

5.2.2 Zero-shot Transfer Data Augmentation

The task is to build utterances tailored to user in-
tent. Given the natural language name of the user’s
intent, corresponding utterances are generated. For
example, if you give “reservation query with one
person” as the user intent name, HyperCLOVA
will output sentences like “Is it OK for reserva-
tion with one person?” We formulate this problem
as in-context zero-shot transfer data augmentation.
We give source-domain classes and correspond-
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(a) Character bot

Child: How about Penguin?
Penguin: Hey, I'm the best, ahem.

(.) #1: Will it be reserved for a room?
#2: If you don't have a seat, it's okay to sit

Child: I'm happy because | didn't go to outside.
school because of corona

Penguin: Still, you have to study
because you're young! That way, you
will be cool like me!

Child: Did you eat tuna yester?
Penguin: Ah~ That's a secret...

dinner?

(b) Zero-shot transfer data augmentation

intent: Reservation inquiry

#3: Is it possible for a group seat?
#4: What is the most common menu for

#5: You want to make a reservation for the
weekend, but do you have a lot of customers?
#6: Do | have to order by number of people?

(c) Title of promoting event

tag: Toggle Bar Necklace, Half and Half
Chain Necklace, Cubic Earrings,
Gemstone Earrings, Drop Earrings, One
Touch Ring Earrings, Chain Silver Ring,
Onyx Earrings, Pearl Earrings, Heart
Earrings

time: December 19th

Title: Jewelry for you who shines brightly

Figure 1: Examples generated by HyperCLOVA with the prompts under three different tasks. Italic implies given
prompts and non-italic corresponds to generated outputs. The examples are translated into English.

ing examples for each source-domain class to the
prompt. Source-domain classes are different from
target-domain classes.

The name of intent can be simple, like “reserva-
tion inquiry” or complex, like “Complaints about
the degree of steak doneness”. In in-house usages,
a team for managing the quality of the product uses
this function to make diverse utterances to vali-
date the dialog system. The team reported that they
could easily make diverse utterances of a intent
with the complicated situation using HyperCLOVA
Studio.

We design a simple experiment to obtain quanti-
tative results. We select 20 classes in an in-house
intent corpus as the target domain and 6 classes
with 5 examples each for the source domain. Quan-
titative results using the 39B model are illustrated
in Table 7. See the details and discussions in Ap-
pendix C.5.

5.2.3 Event Title Generation

Event title generation is to generate the titles of
an event for enhancing product advertisement in
our e-commerce platforms. Similar to the signif-
icant effect of the product titles on CTR and rev-
enue (Zhang et al., 2019), the product event title
has a crucial influence on the product’s success.
Event title generation is formulated as a sequence-
to-sequence task to transform keywords describing
the product characteristics into an impressive event
title.

For achieving this, we ask an event designer to
prepare five examples including event date and key-
words as a prompt to HyperCLOVA. Within less
than 10 minutes of designers’ effort, HyperCLOVA
Studio was able to generate the candidates of sales
event titles with high quality. Table 8 presents the
quantitative results of the event title generation. We
employ mT5-base (Multilingual T5) model (Xue
et al., 2020) as a baseline. mT5-base has a size of

BLEU Win  Lose Tie
mT5 vs. GT 1328 0311 0.433 0.256
HyperCLOVA vs. mT5 - 0.456 0350 0.194
GT vs. HyperCLOVA 566 0311 0.333 0.356

Table 8: Results of event title generation. GT denotes
the ground truth title written by human experts. Win
means X wins against Y under X vs. Y. BLEU is the
BLEU score of each model with its corresponding GT.

580M and is fine-tuned with 400K training data.
For human evaluation, we asked nine human ex-
perts to pick the best expression among the titles
generated by GT, mT5, and KoGPT3. As shown
in Table 8, HyperCLOVA can yield high-quality
titles comparable to GT. Interestingly, we find that
higher BLEU scores with respect to GT do not guar-
antee higher qualities (Mathur et al., 2020). On the
contrary, it is worth noting that lower BLEU of
HyperCLOVA implies that it can generate more
creative titles, not using the exact words of GTs yet
satisfying their qualities. Our system is also easy
to control the theme that each designer wants to
emphasize for the same keyword, such as discount-
ing promotion, item brand, and product values. The
detailed results are presented in Appendix C.6.

Unlike fine-tuned models, HyperCLOVA is easy
to be adapted to the events of other domains by
modifying the prompts. We also share usage of
the advertisement headline task in the Appendix
C.6, where few training examples are available,
but the prompt similar to the event title generation
task achieves 99% of appropriateness for the real
service.

5.3 Opportunity of HyperCLOVA Studio

HyperCLOVA Studio can boost the ability of Hy-
perCLOVA by multiple additional Al functions.
First, input gradient API, which gives input gradi-
ent of HyperCLOVA can be applied to enhance the
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performance of local downstream tasks. Even for
the downstream task that the in-context learner per-
forms well, prompt-based optimization can further
boost the performance. Section 4.3 shows the pos-
sibility. Our studio can be extended to supply input
gradient function to support prompt-tuning in local
machines. Then each developer can also train their
own prompt encoder using prompt-optimization
methods, such as Autoprompt (Shin et al., 2020), p-
tuning (Liu et al., 2021b), or prompt tuning (Lester
et al., 2021).

Second, prompt injection module can be applied.
HyperCLOVA can be used for an open-domain
QA reader by using adequate documents retrieved
by a retriever. In general, retrieving knowledge or
similar examples can boost the performance of Hy-
perCLOVA.

Finally, filters for input and output are helpful
for preventing misuse of HyperCLOVA. OpenAl
API also provides a filter to monitor generations of
sensitive or ethically inadequate sentences.

5.4 No/Low Code AI Paradigm

A typical machine learning development pipeline
involves (1) problem definition and user research,
(2) data gathering and annotation, (3) training and
validating models, (4) operating machine learning
systems (MLOps), (5) error analysis and user mon-
itoring. It is an iterative process where any issue
in one step propagates to other steps, and the need
for revisiting the steps for revision and update con-
stantly arises even after the model deployment.

This is especially tedious and resource-heavy,
not only because this pipeline involves different
expertise and different roles, but also because there
is not a shared grounded artifact to facilitate the
communication between the experts.

A single large-scale LM with GUI interfacing on
a prompt, like HyperCLOVA Studio, can remark-
ably alleviate this problem. Specifically, the 2 ~
4th steps of the previous five processes can be com-
bined into one step. In the unified phase, curating
examples, prompt design, API parameter tuning,
and API integration can take place at once.

It is notable that an approach with a single large-
scale LM makes communication costs of experts
be dramatically reduced. Through this, the proto-
type of desired Al product can be created within
few hours. Though many companies want to use
Al technology, it is costly to make the companies
and teams to use Al techniques and gather data for

Al Therefore, there have been several discussions
about strategies for adopting Al technology (Raffel
et al., 2020). An approach with a single large-scale
LM provides a novel paradigm to research commu-
nities and industries.

No Code Al approach is powerful when fast iter-
ation on Proof of Concept is beneficial or when ser-
vices can be solely built with pure generation ability
of large-scale model. Low Code Al approach can
be used where it uses some training dataset (Liu
et al., 2021a) following by pre-processing code or
input/output modules are required.

We discuss the challenges of achieving No/Low
Code Al paradigm with large-scale LMs in Section
F of the Appendix with detail.

6 Conclusion

We present HyperCLOVA, various billions-scale
Korean-centric LMs. In particular, HyperCLOVA
with 82B parameters shows state-of-the-art in-
context zero-shot and few-shot performance and
can further be boosted by prompt-based learning
method. We will share our model by HyperCLOVA
Studio where non-developers can easily build their
own Al-backed products. We argue that a frame-
work like HyperCLOVA Studio can potentially
achieve No Code Al paradigm and hope that cases
of such paradigm become popular, although oppor-
tunities and challenges coexist.

Our goal is to create an ecosystem using Hy-
perCLOVA studio in Korea and help people not
familiar with machine learning make their own Al
models.
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Broader Impact Statement

Since GPT3 was released, NLP and Al communi-
ties were impressed by the capability of its variants
remarkably overwhelming the previous work. De-
spite their great success, these superscale pretrained
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LMs raise several severe concerning issues, which
may harm the sustainability of Al and society.

Misuse of large-scale LMs: The case of Tay,
the chatbot developed by Microsoft in 20168, is
one of the most well-known misusing examples.
Recently, Luda, a Korean chatbot developed by a
Korean startup, suffered from serious sexual abuse
by malicious users’. This situation brought a fun-
damental and social problem of whether Al can
be an abused target to the surface. In Luda service,
privacy issues were more critical from a legal per-
spective caused by incomplete data preprocessing
for privacy-preserving. In addition to private infor-
mation, hate speech data can lead to malicious mis-
use of language models when used as training data.
Several GPT3 API applications also have reported
these malicious usages and problematic generation
results'?,

Fairness, Bias, and Representation: Another
critical problem of Luda was biased and repulsive
responses on various sensitive social values includ-
ing gender and racism. Many studies have already
reported that these biases from training data have
significant influences on large-scale language mod-
els as well (Abid et al., 2021; Garrido-Muiioz et al.,
2021; Shwartz and Choi, 2020). To overcome these
issues, many researchers argue the necessity of
controllability when generating sentences such as
filtering and investigate how to more effectively
refine the data for debiasing (Tamkin et al., 2021).

Excessive Energy Consumption: Many re-
searchers have serious concerns about too heavy
energy consumption for training large-scale mod-
els, which have been recently reported by several
analysis papers (Patterson et al., 2021; Bender et al.,
2021). Scaling raw presents more parameters and
training data are essential for better performance,
which inevitably makes the energy issue worse. A
plausible alternative is to use energy-efficient hard-
ware such as FPGA.

Efforts for Positive Directions: Despite all
these concerns and side effects, large-scale LMs
can provide significant and innovative benefits
which cannot be expected from previous Al tech-
nologies. One of the most valuable functions of
large-scale LMs is the possibility of No/Low Code
Al Despite many open-source Al libraries, devel-
oping Al systems and models with a certain level

8https://bit.ly/3b6bL30

*https://bit.ly/3tpIRjs

https://www.wired.com/story/ai-fueled-dungeon-game-
got-much-darker/

of quality still requires considerable effort, experi-
ence, and corresponding data, which are an entry
barrier for AI democratization. However, No/Low
Code Al allows industrial engineers and online
service designers not familiar with machine learn-
ing to make a simple Al system or its prototypes
rapidly. This contribution is a similar case to the
success of office programs such as Microsoft of-
fice. We provided our HyperCLOVA Studio for
our platform service designers, who showed sur-
prising results and performances using our Studio
with their creativity. The outputs and data gener-
ated by HyperCLOVA Studio are applied to our Al
services. From this result, we found the possibility
of No/Low Code Al with our HyperCLOVA, which
is a meaningful step to realize Al democratization.
Therefore, we need strong efforts to alleviate the
problematic issues while benefiting from the values
that large-scale LMs can provide.
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A Details on Data

A.1 Data Description

As shown in Table 1, 49%, 15%, and 13% of the
corpus come from blogs, community sites, and
News corpus, respectively. 7% of the corpus con-
sists of comments from various websites mentioned
above. We will release more descriptions with the
link to the above data in the final manuscript. 5% of
the corpus comes from KiN'!, which is an online
social QnA service similar to Reddit. KiN corpus
consists of open questions and answers written by
users. Note that our corpus also includes Korean
Wikipedia, but the portion is very small (0.04%).
We also use Wikipedia for English and Japanese to
enhance the ability of foreign languages. Modu-
corpus'? is a collection of various datasets col-
lected by National Institute of Korean Language
(NIKL). We use five datasets, including messenger,
news, spoken language corpus, written language
corpus, and web corpus from Modu-corpus. The
data ratio per language is 97%, 2%, 0.5%, 0.5%
in Korean, English, Japanese, and other languages,
respectively.

A.2 Data Cleaning

In a similar way to the work of Brown et al. (2020),
we train a logistic regression model that can mea-
sure the quality of each document. BERT feature
of the document is used as an input. We assume
high-quality encyclopedia documents as positive
examples and crawled web documents as negative
ones. We exclude the documents predicted as low-
quality. To remove duplicated documents, we cal-
culate the similarity of the documents with a hash
function. We also utilize an in-house spam filtering
technique to remove undesired advertisements and
documents. Moreover, we exclude low-quality doc-
uments too short in length or too repetitive at levels
of graphemes, numbers, or special characters. In
particular, we observe the review-type documents
often contain too repetitive expressions because
there is a policy on the length of writing a review.
Also, if the document contains too many swear
words and slang, it is excluded. Within the doc-
ument, we remove duplicated sentences between
title and content. In the case of KiN corpus, if multi-
ple answers are registered for one question, only the
answers adopted by the questioner or the answers
from certified experts, such as doctors or lawyers,

"hitps://kin.naver.com/
Phttps://corpus.korean.go.kr/

Mean  Std Max
137M  73.11  3.11 77.19
350M 7755 4.68 8293
760M  77.64 725 85.03
1.3B 83.90 190 86.03
6.9B 83.78 276 87.62
13B 87.86 0.52 88.79
39B 8795 0.54 88.87
82B 88.16 0.75 89.16

Table 9: Mean, standard derivation, and max accuracy
on NSMC.

were used. Even if the answer was adopted, it was
excluded if the author’s reputation score was low.
We parse the HTML source code and use only
meaningful parts of the HTML page for training the
model. For news-type documents, we remove typi-
cal parts that have insignificant information, such
as the first line and the last phrase for affiliation.

A.3 Data Anonymization

We mask the personal information such as resident
registration number, email address, phone number,
bank account number, credit card number, passport
number, driver’s license number, etc. However, We
remain non-critical parts of the numbers that can’t
be used to identify a person. For example, we ex-
tract the age and gender from resident registration
number, location information from driver’s license
number, dialing code from a phone number, and
domain address from email.

A.4 Data Postprocessing

For preprocessing, we also add prefix on the
document like “Web, Title: ${title_name}, Body:
${body_text}”, following the CTRL paper (Keskar
et al., 2019).

B Scaling Law

Figure 2 shows the training and test loss patterns
from a Korean encyclopedia corpus of Hyper-
CLOVA. The results of HyperCLOVA are consis-
tent to the scaling law pattern of GPT-3 (Kaplan
et al., 2020; Brown et al., 2020).

C Details on Experiments

C.1 NSMC

Table 9 shows the statistics on the performance of
HyperCLOVA in NSMC.
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Figure 2: Scaling law (Kaplan et al., 2020; Brown et al., 2020) in training HyperCLOVA models with various
parameters. The left figure presents the training and the right graph shows the loss on the testset of a Korean

encyclopedia not contained in the training corpus.

Ko—En En—Ko

Mean  Std Max  Mean  Std Max
137M 080 0.06 0.87 278 035  3.09
350M 1.44 006 1.52 8.89 037 9.24
760M  2.63 0.10 2.75 16.89 0.83 17.80
1.3B 3.83 008 392 20.03 0.13 20.15
6.9B 7.09 020 729 2793 058 2842
13B 791 033 819 27.82 025 28.10
39B 9.19 026 949 31.04 0.78 3193
82B 10.37 0.22 1053 31.83 0.70 32.63

Table 10: Mean, standard derivation, and max accuracy
on Al Hub translation tasks.

C.2 Al Hub Translation

Table 10 shows the statistics on the performance of
HyperCLOVA in Al Hub translation tasks.

C.3 Query Modification Task

Table 11 and Table 12 show the example and the
prompt for the query modification task.

C.4 Discussions on Making Persona Chatbot

Recent chit-chat with the neural model, like Meena
and Blender, shows impressive conversational per-
formance (Humeau et al., 2020; Adiwardana et al.,
2020; Roller et al., 2020). However, such a con-
versation system uses a lot of data, and it cannot
make a new style of conversational system in an
instant. There are also plenty of researches on style
transfer. However, these methods do not control the
detailed style of the conversational system (Smith
et al., 2020).

Example 1:

82} ofel s Lo So1H

(User: Play IU’s track)

AT S AT,

(AI Speaker: I am playing the track.)

AP & o[oF

(User: How old?)

AFEAFS] 2% O|%: ofol % @ Aolof

(Modified query: How old is IU?)

Example 2:

gAY AT o ]

(User: Who invented airplane?)

A 07 o] EFA Q.

(AI Speaker: Wright brothers did.)

AP 57 ol HIoF

(User: What is the younger’s name?.)

AR 0] 2% o|: Bfo|E BA] 5/ o1 Hop?
(Modified query: What is the younger one’s name of
Wright brothers?)

Table 11: Examples of user query modified by Hyper-
CLOVA. English sentences are translated by a human
expert.

There also exist some hallucination issues. Re-
trieved knowledge can alleviate this problem (Shus-
ter et al., 2021). A pre-trained reader can also get
advantages if the pre-trained LM itself also per-
forms well for open-domain QA, as shown in T5
and FiD in open-domain question answering (Raf-
fel et al., 2020; Izacard and Grave, 2020).

C.5 Zero-shot transfer data augmentation

HyperCLOVA does not always make sentences
which is fit to the target intent class. However,
even when people simply fill in the utterances that
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[PI[PI[PI[P][P][P][P][P][P][P]

# o A1

(# Example 1)

A8} ofo] - A Fglo]

(User: What are the names of some albums of IU?)

A1 7]: oto]7-2] t)E WY © 2= ove poem, Palette,
CHAT-SHIRE~Z} gJo] Q.

(AI Speaker: IU’s signiture albums include Love poem,
Palette, and CHAT-SHIRE.)

AL8AF: 7P Atk o] Fof

(User: Which one is the most exciting album?)

[P1[P][P] AF-&2}F2] [P][P] 2] % Love poem, Palette,
CHAT-SHIRE 5 7} Altt= A o] gof

([P][P][P] User’s [P][P] intent: Among Love poem,
Palette,and CHAT-SHIRE, which one is the
most exciting album?)

# o A2

(# Example 2)

gAY T BALY T Wdo] Foi?

(User: When did the PyeongChang Olympics take place?)

A7 2018 F Yt

(AI Speaker: It is 2018.)

ALgAF: Tuf 1) )5 o] Yo

(User: Who was the president of the United States at that
time?)

[_P][P] [P] AF-&219] [P[P] ]k 2018'A m]= T 57 o]
o}

([P][P][P] User’s [P][P] intent: Who was the president of
US in 2018?)

# A3

(Example 3)

A2} AL A F7} ufol

(User: What is Samsung Electronics’ share price?)
21 7): v d Ay ot

(AI Speaker: It is 82,000 Won.)

A8 LGRAR =

(User: How about LG Electronics?)

[_P] [P1[P] AF-8-2F€] [PI[P] €)%k LG A} =71 Gulof
([P][P][P] User’s [P][P] intent: What is LG Electronics’
share price?)

# ol A4
(Example 4)

Table 12: Used prompts of query modification task. [P]
denotes a token for continuous prompt.

fit their intent, it is difficult to create various pat-
terns, and data collectors struggle to make many
utterances because of this problem. Data collec-
tors can easily make a corpus by selecting sentence
candidates created by HyperCLOVA. Our corpus
designer also found that generating dialect or con-
verting standard language to dialect is also easily
available, showing the capability of data augmenta-
tion with HyperCLOVA.

Note that this experiment is zero-shot transfer
data augmentation, and examples of a different

class from target classes are used as in-context ex-
amples. We use a total of 30 examples from six
source classes and randomly sample three source
classes and corresponding 15 examples to put into
the prompt. For classification, an in-house BERT-
based model is used.

In our experiment, sentences for 18 classes are
generated well (like 80% ~ 90%), whereas sen-
tences for 2 classes are not generated well (like
10% ~ 20%).

Similar concurrent works are conducted from
Schick and Schiitze (2021). However, their study
can only be applicable for NLI, which is a well-
defined task, has good datasets, and has pre-trained
models for the task.

C.6 Advertisement Design

Table 14 and 18 show the example prompt for the
event title generation task. Table 17 shows a quali-
tative comparison between mT5 and our model.

Similar to the event title generation task, the
product designer also does the advertisement head-
line generation task in a similar way. In this task,
there is no training data which could be used due
to data privacy issue. Nevertheless, HyperCLOVA
with a similar style of event title generation task
successfully generates an advertisement headline.

Table 15 shows the prompt. Three different
prompts are used for advertisement headline gen-
eration, and the generated sentence which is most
similar to the product name, which is an input of
the task, is selected. A similarity score is calculated
by the cosine similarity score using a feature of
the in-house BERT. The product designer evaluates
that 99% of generated sentences are appropriate for
the real service.

D Details on Studio

Figure 3 shows the GUI interface of HyperCLOVA
Studio. Figure 4 illustrates No Code Al paradigm
in HyperCLOVA Studio.

E Motivation of Tokenization

Figure 5 shows our motivation and importance of
morpheme-aware tokenization. Though we used an
in-house morpheme analyzer, an alternative open-
source morpheme analyzer like Mecab-ko'* can
also be used.

https://bitbucket.org/eunjeon/mecab-ko
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Figure 3: An example interface of HyperCLOVA Studio.
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Figure 4: No Code Al paradigm in HyperCLOVA Studio.

F Challenges of No/Low Code Al
Paradigm

Some researchers doubt the performances of GPT-
3 less competitive than existing finetuning-based
LMs for various downstream tasks. For example,
task-specific neural structure like FiD (Izacard and
Grave, 2020) achieves state-of-the-art open-domain
QA, whereas GPT-3 does not. It is still under-
discovered that a prompt-based method makes
large-scale LMs competitive. To resolve this prob-
lem, further discovery on general large model capa-
bility and prompt-based optimization is required.
There also exists a problem with dependency on
pre-training data. If the corpus does not contain
code generation, it is unfair to expect the LM gen-
erates source codes, even where a prompt-based

optimization is applied. The maintainer of Hyper-
CLOVA Studio may discover many requirements
of users and further train corpus with common
needs. To incorporate these corpora, research on
pre-training under continual learning setup (Bang
et al., 2021) is required.

Though we mentioned No Code Al earlier, pro-
gramming further the functions of HyperCLOVA
Studio still exists for the remaining part of com-
plete Al system. Also, knowledge of ML is still
required implicitly to design an effective prompt
and few-shot examples. An easier guideline for Stu-
dio and incentives on sharing user’s own prompts
can boost to spread the ecosystem.

In order to support a full-fledged ML develop-
ment, we also need additional features for Hyper-
CLOVA Studio - experimentation and user feed-
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Character-level Byte Pair encoding:

Byte-level Byte Pair encoding:

iKHerjiicelk (TAL)

Morpheme-Aware Byte-level Byte Pair encoding:

KHEMI ik (T2tA =)

—o =1
AT iKHerjile G (ZZATL) KRBk 8°G (T=A 7))
HEHAE fiai—& Kiielk fi%n— & %ila el
HEHAIL . AE AT i4n—g yime g —— 1ol (&), li%h—g %ee — » EK(S),
FIEIZA| A= 1" ThGé ¥ TNieTK e G (A7) 1" {hGé ¥ Tl 1K &G (7h
FHELZA| 27t 1" 1hGe ¥ e "6 1 ThGe ¥ il 8°G
UAre= &' giiaik &gl eIk
HEST &'giipe-g g'gieég
HESS faletliet=1] 4 AN &K
HESE faletlie-N¢ AT 8°G
tokenized by Character-level BPE Tokenizer
['OFYOl</w>', "Bl <iw>', ' QHE M </, @', PR O <pw>, 1@ 12
T H<w S W D>, S A 10| Bh<pw>!, Of, <unk>, 'E<iw>, /L,
Zl<pws>, SFR| b I =<', B ER 1 Q </w>]
sentence tokenized by Byte-level BPE tokenizer

A

Zt o} N0 otote e'v’vé i"',"i ',"i-él Al ,v‘iﬂ,'-- s i‘”,"i_é HEG, 'e,
Orzho| & QA PH20| otatey 88T, &L, 'Gitl', 'GikTe1iHD, 'Gill L", 'GikI&§l', iLG', &

2 m& 7 5 M0|2} o ® 4 g7l SHX| o I = 'Geqil,, 'ikTe, "GIERIAT, L '8L Y, 'Gik 1OK!, 'GiIl', 'GILT, '8, ", 'Gikli§ GesT,
EELR. 'GekerH, Gitl', hG', 1K, '

tokenized by Morph Aware Byte-level BPE tokenizer
T [§TeeIr, L, 'Gill, 'GikTesiHD, 'Gilll, 'SGETH, L, 'GikT, 6§ LG, '&T,
'Geqil ), 'ixTe, "GILOIAT, L "8L Y, 'Gik iOK', 'GiIl', 'Gil T8, ", 'Gikii§GasT,
'GekT, e, 'Gill, ihG, K, '

tokenized by Character-level BPE Tokenizer

[0t Ol</w>, B </w>, ' QPN M </, 'R, " 2 Ol <w>, R, B2,
Al S U D<pw>, Bl 10| Bh<pw>, Of, '<unk>', ' <iw>', B
2>, SER| Bljw> I E</w>', B ER R </fw>")

sentence tokenized by Byte-level BPE tokenizer

=

OZH0| % otsjAf @ E0| pigre > [OF, 2Ol Eh, Qe AP, &, R O] Dbk, 12, S g,
SHYD LMol O + T BB A, 0|2, of A, gl 2, Rk, T, 2 ek

HetR.

tokenized by Morph Aware Byte-level BPE tokenizer
A [Op2, 10| Bh 1 OLEf AJ v A "?‘L‘E",'Ol', =TT TR s UL S
%)ﬂ‘l-’ vol EIJ,V 011%1-’ " _J'k_"v ‘31-7_“, ' o}xll}!_'-v, ' |1Hv’ va, ' Xé-v, th VRV’ vAv]

Figure 5: Motivation of our morpheme-aware byte-level BPE tokenization. (Top) A conceptual example of making
subword from three tokenization methods. (Middle) An example of tokenization, where subword from byte-level
tokenizer is represented as a byte. (Bottom) The same example of (middle), but subword from byte-level tokenizer
is represented as a character.

back. In this function, a user can easily distribute
PoC service by an appropriate interface, like a text
editor or messenger, and make the user can feed-
back on responses of HyperCLOVA. For example,
user can rate the response of the chatbot turn by
turn.

Expensive inference or prompt-based optimiza-
tion costs are still an obstacle for using large-scale
LMs. However, there is a trade-off on costs between
training many small-scale LMs and inferencing one
large-scale LM. The outputs by one large-scale LM
can also be input to small-scale LMs (Yoo et al.,
2021). Research on distilling generative transform-
ers or energy-efficient hardware is essential for sus-
tainability. Further discussion several issues are in
Section 6.
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AFEAF TRIES] FE T 5= WEA S,
(Create five sentences which match the user intent.)

@ AHAIE : B 75 RO
(@ User intent: Inquiry on takeout)

of| A s}

(Example utterances)

L2 Bk e S AR EAE a2

(1. Can I get food like Kalguksu or pork cutlet to go?)
2. &3 Hlo| Aok H&?

(2. Excuse me, can I takeout this?)

3. vl 24 Huhe?

(3. Can I get this menu to go?)

4. ofo] 223 HANEA

(4. I"d like to get this ice cream to go.)

5. FoAME B & QA T FAGR?

(5. Can I get this menu to go so I can eat this at home?)

@ AHGAIEE : g4 T

(@ User intent: refund on delivery food)

of| AT e}

(Example utterances)

L. Hago A Al Seh dAZ ved e R EEd Y

(1. Bossam smells sour, please give me a refund.)

2. vl 7F A5 e H sy SEREEd YT

(2. The menu was delivered incorrectly. Please give me a)
refund.)

3. P8 A Bho] o)4fsl 8. 2HE 7Hs 9tka?

(3. Soy Sauce Marinated Crab tastes weird. Can I get a
refund?)

4. 2)710] U= Aol gfol s, g REE g

(4. The chicken is too cold. I'd like a refund, please.)

5. Ao A He7F i 8. ghE s Al

(5. There’s a bug in the food. Please give me a refund.)

@ ALEARIHIE ; o of 244 £ol

(@ User intent: Inquiry on seat reservation)

of| A] T}

(Example utterances)

1. 207 o] 7=t A7t FRe7ra?

(1. There are 20 people going, is there enough room?)

2. 28] ARSI 420 28 AHel7} e7hR?

(2. I'd like to have a quite meal, is there a quiet table?)

3. fFRALE 7FA| AL S0 7kA] ofo] 5 lEal A2
uret 227} 987192

(I"d like to take the stroller in and put the child down, is
there a suitable seat?)

4. 1S9 A Q1eHA| 75 DA S} op| B2kA) Gkt
22|32 79

(4. Is there a place for 15 people to have a first birthday)
party with their family and relatives?)

5. 22| ofepdo] 987ta?

(5. Is there a separate reserved seat?)

@ AYSARIBNE : {intent-name}
(@ User intent: {intent-name})

oA A 5}

(Example utterances)

1.

AT YYOLE, TN, TGS
ZolA] 2%

(Tags: daengdaeng-i'® clothes, Christmas, warm puppy
clothes, puppy costume)

97 129 23

(Date: December 23)

A= AAIE G0l S Fdl

(Title: For puppies in the winter season)

Hit#

B L et &, AAAE, A E, AH 2 AE,
ofo| Y7 E, ALAE, FSAE,
ZHIANAE, A2HEAE

(Tags: blackout curtains, bedroom curtains, cold protection
curtains, interior curtains, children’s room curtains,
living room curtains, windproof curtains, blind
curtains, small window curtains)

dak 119 1Y

(Date: November 1)

A e B A E

(Title: Cold protection curtains for blocking cold winds)

Hit#

B L ST AR, AT

(Tags: luxury shoes, women’s dreams, summer shoes)

g 747

(Date: July 7)

A% 57| S PR B E

(Title: Luxury shoes that make you happy
just by looking at them)

Hit#

oL fOFEE, FU 0|47 B, ol n 2,

obg =, of-FHA], of-F 7] 2, of-FRAY,
ots 7P otEdE, oF s

(Tags: children’s clothes, junior shopping mall, children’s
dresses, children’s sweatshirts, children’s pants,
children’s leggings, children’s hats, children’s bags,
children’s socks, children’s shoes)

gzt 29 26

(Date: February 26)

A B FEARE A15H7] F Aok

(Title: New semester style suggestion for attracting
attention)

Hi#

B 71 AUFE 9], AnEWE, o] 2] Er]ufo] A

(Tags: Smart watch, smart band, wearable device)

93129 7Y

(Date: December 7)

A& A A &= 20FESHA ARg-sljit

(Title: Try to use your watch smartly)

Hit#

B 21 A AL o 22w 4], 7 o o] 7]

(Tags: coffee machine, espresso machine, coffee maker)

g 49 13

(Date: April 13)

A% 5] 5 2] of -2 9Ig 7|5 m 4]

(Title: Coffee machine for relaxing with a cup of coffee)

Table 13: A prompt for zero-shot transfer data augmen-

tation.

Table 14: Prompt for title of online special sales event.
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EH: OFAE UFA
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gt 20219 39 299
7He| ie]: 7 etotz /iS58

Baie: isdr) wojde

) 11: 72993 N SFA RHE 7164225\ T - A diyl 189638 A
o] 4 2] E1139746 A U] F 2] 7HS 7] 11983351

T A7) 2 21379365 A ST €| 2] o] ] A4

EV

ZE A A HAEE

3
oy e HaL |

HHHHIH

AFET: LYNN © Zfolu} 1 Bebg s

Ut 20214 39 299

FH| e S A/ =

=L A==l

B

&4 IAZ| 2R IHEAR AT EH AL E/Z EZI1F 7N
7| B/ LIS R ATPAE 2] of| AH| 2l AT 7 GATHE:

FAEF: gAY 2 S2eA

HHHHHH

AET: o ofo] A9 1.5

Yt 20214 39 29

Z}e| 1 E]: ofo] A=

HaE: W

] 1: 75984 N B2 Z 2176503 L EF 7| E2(281615
AZFAA A - 1240838A A] &8 221235326 A
HEQlE AZ£1665375ATHE T 2]11228492A
B = 29 A2 7H836046 AR} A B9 A 1 7]15279A
A o] 2 Q17809 N 27

EA: NG S/HEFINFEAZTEGIAL-SUAH
MFEAZEINL ST FAEEIADERIAGA
SEIF QA EEAAN T AR GAG I EAZEAA
EASARAZEANE JSIFAABEEAIA

=
=
i

=

5o gl A ek IR A 21T A EE A A
A%

WL g A A 2y

HHHHHIH

AER: Alo] 2 obFotelx o] 22 W B g A4

=] Ao SS,Q
gt 20213 059 17Y
Zhel|ate]: s 2] o
BT ssTHU A
L Aol 2 AR A 2 AR AL
L ANA S RIS HAENZ )
71715 A FroflE @A L Y A A 2 g
2411 5554855641
FAwT QR A2 AR 24 e Ho

Table 15: Prompt for advertisement headline design.

Product name: Diffuser flower diffuser stick air
freshener reed stick mustard 7 kinds

Date: March 29, 2021

Category: other aroma/candle supplies

Brand: Candlenalda maylily

Tag: 72993 Amaking air freshenerl64225 Adiffuser diyl
189638 Adiffuser reedl139746 Amaking diffuser!
198335Adiffuser making materiall
379365 Ainterior diffuser

Attribute: |

Ads. headline: The scent of calling spring

HHHHEE

Product name: LYNN lynn china frill blouse

Date: March 29, 2021

Category: blouse/shirt

Brand: Lynn

Tag: |

Attribute: fitAbasic fitlpattern/Aplainldetails Afrill/ruffiel
legnthAbasic/halflmaterial APolyesterlsleeve Ashort

Ads. headline: Feminine frilled blouse

HHHHHE

Product name: Mac eye shadow 1.5g

Date: March 29, 2021

Category: eye shadow

Brand: Mac

Tag: 75984 Agood for gifts|76503 Agood for pointsl
281615Anatural colorl240838 Along lasting|
235326 Apoint makeupl665375 Afoundaryl
1228492 Asoft feelingl836046 Anatural smokeyl
5279 Apure makeupl78091Agift wrapping

Attribute: form/Acompressed/fact-typeldetailed features
Afine particlesldetailed features Asubtletyl
detailed featuresAwarm tonelcolorAgold|
main featuresAhigh colorlcolorApinkldetailed
features/\eye makeupldetailed featuresApearll
main featuresAsoft applicationlcolor Abrownl
type/singlelmain featuresAlong lasting

Ads. headline: Matte texture and vivid color

HHHHE

Product name: Case aquatex easy-clean fabric
low-rise family bed SS,Q

Date: May 17, 2021

Category: family bed

Brand: ssfurniture

Tag: size/Asuper single+queen|Additional function
Ainclude a safe guardlframeAlow-risel
material grade AEO(eco)ladditional functionA
block harmful substancesl|frame material Afabric

Attribute: 5554855641

Ads. headline: Low-rise family bed made of safe materials
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Table 16: English translation for Table 15.



Models Product event titles
- E ool QTe[elof WolE LS A
(Interior foot-mat event for spring season.)
841 2.9)7]2 v} ofol ]
= =2 1= = L=
HyperCLOVA (Items that can change bathroom mood.)
EREEER =
mT5 (Tiny love bouncer.)
041:]—9} 0}7]2 _?4—8]— 1 o}a}
= =2 QERRR T = |
HyperCLOVA (Comfort for mommy and baby.)
s <7 Ao Fael v
(A meal, stew, semi-cooked.)
HvyvperCLOVA ;qlél Z:l];(é E“'E'T‘ Z_]-ﬁj?_ﬂ- %Ra
yp (No worry on dinner!
Simple semi-cooked stew.)
s FFSarel A% 7157
(Interview fashion event for fall season.)
HypercLova T8 T & £ S} mhae

(No worry on your fashion
for the interview.)

Table 17: Examples of product event titles generated by
mT5 and HyperCLOVA. English phrases in parenthesis
are translated by human experts for preserving their nu-
ances and semantics.

= A, L =5 o] A= oA,
tholoprlEd, R AZE R o], sHEH o],

StEZ o]

(Keywords: candy jewelry, proposal necklace, coupling,
silver ring, diamond guard ring, rose gold necklace,
heart earring, heart necklace

4 2021397

(Date: March 7, 2021)

A= sfo| Edlo] AZF A AY

(Title: White Day Couple Jewelry Sale)

ZI9E: $JIR, RIE A 5, Hadn], S HA E,
e, AEZEH

(Keywords: imported bowl, vintage bowl, enamel pot,

spoon and chopsticks set, strong cup, retro pot

7t 202004921

(Date: April 21, 2020)

A2 FE o9 N7 gl

(Title: Kitchenware overseas direct purchase

discount exhibition)

71 E: DM A, A F-GRAEEA A ], M-8,
e A-g-3, A EE, AT A A,
2Rt Ate], =a B, A-s Aot AlArE

(Keywords: fine dust, mobile phone holder for vehicles,

car washing products, automobile supplies, vehicle
supplies, vehicle wireless charging cradle
vehicle accessories, non-slip pads, car accessories)

gk 20219491

(Date: April 1, 2021)

A% 4 F AEE 9 2

(Title: Collection of discounts on various vehicle supplies)

719 E: g2, Ay-g< o, AA7-852, stold,
BAVGA B ofdseln, of Y&,

o stold, ofAtslol &

(Keywords: slippers, indoor slippers, office slippers, high
heels, spring new arrival shoes, spring shoes, women’s
slippers, female slippers, women’s high heels,
female high heels)

2 20213391

(Date: March 1, 2021)

A& & o AFF-§ S8 sho]d SALE

(Title: Spring women’s office slippers high heels SALE)

71 = FA, HEAIAE, Al e,
BE71™, e, GAA]

(Keywords: spring new arrival, luxury accessories, ring
earrings, flower headbands, luxury key ring, headband,
accessories)

2 20209848

(Date: August 8, 2020)

A= oAl AT 2] Q17 A& 2ol

(Title: Accessory popular products discount exhibition)

Table 18: Controlling style by change in-context exam-
ples for title of online special sales event.
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