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[Abstract]

Data augmentation is an effective strategy to address the challenge of insufficient domain-specific data in the field of Korean
named entity recognition(NER). In this study, we developed a method for improving the Korean NER model in the e-commerce
domain using character-level begin inside outside(BIO) sentence tagging and a same-tag replacement algorithm. This method
involves splitting sentences into character units and then attaching BIO tags. Subsequently, words belonging to the same entity
type are randomly replaced to augment the data. Experimental results revealed that the weighted-average Fl-score improved by up
to 50% when small datasets(N=500) were augmented. This method is expected to be recognized as a practical and effective

strategy for enhancing the performance of language processing models in the e-commerce domain.
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Table 1. EDA techniques and examples applied to Korean

language
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O8 1. BIO EfZel of. (a) ¥ ClolEf (b) BIO Ef1E HIOIH (c) & 2I2 &&tt = BIO Ef 2% ol
Fig. 1. Example of BIO tagging (a) original data, (b) bio tagged data, (c) BIO tagged data with algorithm for syllable-level

segmentation
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Table 2. Examples of back translation applied to Korean
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The weather is beautiful today, and I'm
enjoying a walk in the park.
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Back translation Today’s weather is so nice, and I’'m enjoying
sentence a walk in the park.
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§ WyS sk HAEZ A= o Aewd) 1 1: function DataPreprocessing(df )
. . 2: text:
GPT(Generative Pre-trained Transformer)} 22 ARd N :IZSS : [[]]
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KX @—_9_:-]_0:] FHA O] HlA~E AMMEZOo. /g/\-];],—/ o]i =] o] 13 9 if value /= None then
= =0 orH SRS B== e fereor = T 10: entity start < find start position(text, value)
Foll &-&sh= vlole T4 V&S At vhdst &7 2 11: if entity start ~ —1 then
QoA 71Ee] HAE T2 7Rt 1 Hold S B 12: entity end «— entity start + length(value)
Foth B 13: tag listlentity start : entity end| —
['B-"+entity type] + ['I-° + entity type] * (length(value) - 1)
14: end if
15: end if
. & Ei3 WA Clolg 32 7Y 16: end for
17: end for
3o A= &4 ©e 49 BIO I 7S Aokt 18: texts.append(tokenize(text))
g EAo] ouE GXFHA AR HolHE A= 19: tags.append(tag_list)
- _ 20: end for
59 vl WA el EE Ak,
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22: end function
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Table 3. Example of data augmentation
Type Example
Original ct of = _ =l @& 2] 7t _ el 7 7t _ o oh e
Sentence B-LOC I-LOC -LOC 0] B-PROD |-PROD I-PROD O O O 0 0 0 0
Label-wise o x| B o = ] 7t B ol 7] 7t B =13 ot Q
R Tag B-LOC -HLOC O B-PROD |I-PROD |-PROD O O O O 0 0 O 0
eplacement
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1:function Same Tag Replacement(text, tags, ratio)
2: argument_text < text.cop)()
3: argument_tags «— tags.copy()

4: num_tokens «— sum(l for tag in tags
if tag.startswith(‘B-"))
5: num_replacement_tokens
«— max(l,int(num_tokens *ratio))
6: non_O tags < [tag for tag in argument tags
if tag.startswith(‘B-°)]
7: idx_pairs = random.choice(list(combinations

(range(len(non_O_tags)), num_replacement_tokens)))
8: tag pair = [non_O_tags[idx] for idx in idx_pairs)
9: for idx, tag in idx_pairs, tag pair do

10: entity_type — tag.split(—)[1]
start_idx «— argument_tags.index(tag)
11: end _idx «— idx +1
12: while end idx < len(argument tags) and
argument_tags[end _idx).startswith(I-") do
13: end_idx «— end idx + 1
14: end while
15: del argument text[start idx : (end idx — 1)]
16: del argument tags[start idx : (end _idx — 1)]
17: random entity «—
random.choice(entity_dict.get(entity_type, [UNK))
18: argument _text[start_idx : start idx] «—

list(random entity.replace(’ ', ' ")
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19: argument_tags.insert(start_idx, B — entity_type)
20: for _ in len(random_entity) - 1 do
21: argument_tags.insert(start _idx +1,
f’I-entity type’)
22: end for
23:  end for
24:  return argumented_text, argument tags
25:end function
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S o BlaES} AA GHEe] Y AEE AlFsIRt &
W H}h Seqevalo] ARE-Sh= A2 ofgfje}l om, o714 tp
= true positives, fpx false positives, fne false
negativesE YERHATEH
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4-37|2 2244

A58 913 KoELECTRA E2[10]S 7|2 2dl2 M
3139tk KoELECTRA E9-2 transformer ©}781xE 7]k
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Table 4. Number of tags in the training dataset

Entity Tag Count
B-DAT 8,058
Date
[-DAT 24,919
B-MNY 5,329
Product Price
[-MNY 18,841
) B-NOH 12,134
Product Quantity
[-NOH 16,820
B-PNT 15,290
Product Size
[-PNT 50,546
B-ORG 10,308
Brand
[-ORG 22,689
B-PROD 44,857
Product Name
I-PROD 168,785

E 5. gh=20l M8&l EDA 7|1t of
Table 5. EDA techniques and examples applied to Korean

language
Type Sentence
Model KoELECTRA
Learning Rate 3e-5
Weight Decay 0.01
Num Train Epochs 5
Train Batch Size 8
o el Adies Suiskel] flall, thdet S Fal A4
o] slols stehvlelS WAsL) & 5 AHgE R wd
o] F2 3|5 sepug ol

Ly 2 oo

E 6. tlo|e 3% 7|#HS ALSE KoELECTRAS| Ms. N2 Hlo[EAl 37|
Table 6. Performance of KOELECTRA model by using data augmentation method. N is the size of the dataset.

gslst, 1 25 ﬁﬂﬂr EE Jax}~ . 6ol
ot WolN WE W FE

A re dolEl A o] A5 Aol S

=

=
sfelg
AN PHES A8

ojgiy, A% A,

Weighted Average F1-Score(%)

Method KoELECTRA-Small Dialog—KoELECTRA-Small KoELECTRA-Base
Small Medium Large Small Medium Large Small Medium Large
(N=500) (N=2,500) (N=5,000) (N=500) (N=2,500) (N=5,000) (N=500) (N=2,500) (N=5,000)
Without Data | o | 453+ 03 | 604407 | 201403 |546+26|645+24|412+01|681+23|732+25
Augmentation
Same-Tag 492 +21|642+36|635+25|502+29|582+3.1|657+28)|606+08]|683+21]687x22
Replacement (+49.2) (+18.9) (+3.1) (+30.1) (+3.6) (+1.2) (+19.4) (+0.2) (-4.5)
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Fig. 5. Performance of KoOELECTRA-base by number of

data augmentation
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Fig. 4. Performance of dialog KoELECTRA-small by number Fig. 6. Performance of KOELECTRA models by number of

of data augmentation
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O|7{HA ZelofAe] S e wH| Ho|& B2 7S 288 7HAY ¢l4
E 7. NZZQ| Ho[EMlel of
Table 7. Examples of low-quality datasets.
Type Example
Original Sentence 1 0 0 ol x| _ i A = 2 _ Al kS| _ 7t 5
True Label 0 0O 0] 0] 0] 0 0 O B-PROD |I-PROD I-PROD |I-PROD O 0 0
Prodicted Label |B=PNT I-PNT I=PNT |-PNT I-PNT O 0 0 0 0 o o 0o o
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