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Abstract

Named Entity Recognition (NER) in the food domain is essential for accurate information extraction, but the low
frequency of sparse entities makes training challenging. This study compares the performance of transformer-based
models (BERT, ELECTRA) and large language models (LLMs, GPT-3.5-turbo, LLaMA 2 7B) to find the optimal
combination. ELECTRA combined with CRF and bi-LSTM showed strong performance for sparse entities, while
LLaMA 2 7B was effective in providing contextual support. ELECTRA+CRF achieved an Fl-score of 0.89 for sparse
entities, which improved to 0.91 when combined with LLaMA 2 7B using weighted voting. For general entities, the
Fl-score reached 0.93. The results demonstrate that combining transformer-based models with LLMs effectively
enhances NER performance in the food domain.
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Tag(Label) Counts
B-FOOD 3,245
B-QUANTITY 3,108
Olothers) 2945
B-UNIT 2625
[-FOOD 1,851
[~FQUANTITY 336
B-PART 48
I-UNIT 29
I-PART 7

BIO Tag Distribution

3000

2500

2000

Count

1500

1000

500

BIO Tag
a8 2. Ho|eAM Bx
Fig. 2. Dataset distribution

84 e AR HolEAeA AHsk W&ol
1% wgoz v$ vol, o] Y AAFL &
SHoz S58A B Helr B8 Tl
a3 HolHolAl A2 el At olF A
7] Slal, Bl ehlle] T AT Ak AL
2% ¥, HolHE $usd
o) AA HAL Fal, melo] YnkA2l )
Agee ohet 34 AAYE ERHOR H5T
£ doly w32 24N, HolgAe
A e 2095700l o] % B e xF
e 730, Q% 2P T3 B4 20m
el

O

Mz

9 oy
0 3o
it

M F

52 EffiAzo] 7|8t JHAY ol mH S

o>

B AFoMes ERAZH 1w AAAE Q4 =
92 BERT ¥ ELECTRA 2E¥& &3t 7§44
14& FEAT. F 2de Ado] AT (NLP)ol
A e AgE, B ojsist AAHEE
Ela=a Y. B3

3t AeAo]l B AoE 4#A glon e

JHEE ¥ S 24T

=

p
l-ﬂ l:bll o

4

O

o
=
/\C-}o

=

A=A

¥ 2 BERT 2% M5 H|W
Table 2. BERT model performance comparison

Label Precision Recall F1-score
B-FOOD 0.84 0.83 0.83
B-PART 1 05 0.67

B-QUANTITY 0.87 09 0.88
B-UNIT 0.88 0.88 0.88
I-FOOD 0.79 0.76 0.78
I-PART 0 0 0

[-FQUANTITY 0.82 0.85 0.84
I-UNIT 1 0.33 05

0 0.82 0.86 0.84
macro avg 0.8 0.66 0.71
weighted avg 0.83 0.84 0.83
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Label Precision Recall F1-score
B-FOOD 0.87 0.85 0.85
B-PART 0.7 08 0.74
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B-UNIT 091 091 091
I-FOOD 083 0.86 0.84
[-PART 0 0 0

I-QUANTITY 0.88 0.85 0.86

I-UNIT 0.33 0.33 0.33

) 0.82 0.86 0.83

macro avg 0.69 0.7 0.7

weighted avg 0.86 0.75 0.87
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Model Label | Precision | Recall | F1-score
Sparse 0.34 0.37 0.35
BERT General 0.86 0.87 0.87
Al 0.8 0.66 0.71
Sparse 0.52 0.58 0.55
ELECTRA | General 0.86 0.87 0.87
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Table 5. Macro Average Performance Comparison of
Sparse and General Labels in BERT and ELECTRA with
CRF and bi-LSTM

Model Label | Precision Recall F1-score
BERT Sparse 082 0.56 0.51
\CRF General 092 0.90 0.90
Al 0.87 0.73 0.70
BERT Sparse 0.31 0.56 0.38
+bi-LSTM General | 093 0.93 0.93
Al 062 0.74 0.65
ELECTRA Sparse 0.93 0.86 0.89
General| 0.92 0.93 0.92

+CRF

All 0.92 0.89 0.90
ELECTRA Sparse 083 0.57 064
bi-LSTM General | 091 0.93 0.91
Al 0.87 0.75 0.78
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Table 6. Macro average performance comparison of sparse
and general labels in GPT-35-turbo and LLaMA 2 7B

Model Label | Precision | Recall | Fl1-score

Sparse 0.31 0.24 0.27
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Al 0.49 048 048
Sparse 0.75 0.42 042
LLE%A 2 |"General | 078 075 076
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Table 7. Weight allocation for sparse and general labels
in the final ensemble model

Label w, (ELECTRA+CRF) w,(LLaMA 2 7B)
Sparse 0.85 0.15
General 0.75 0.25
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Table 8. Macro average performance comparison of
sparse and general labels in the final ensemble model

Model Label | Precision Recall F1-score
Sparse 093 0.86 0.89
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Sparse 0.75 0.42 0.42
LLa%A 2 [Goreral | 078 075 076
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Ensemble | General 0.93 0.94 0.93
All 0.92 0.91 0.92
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