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ABSTRACT

The Korean construction order volume in South Korea grew significantly from 91.3 trillion won in public orders in 2013 to a total
of 212 trillion won in 2021, particularly in the private sector. As the size of the domestic and overseas markets grew, the scale and
complexity of EPC (Engineering, Procurement, Construction) projects increased, and risk management of project management and ITB
(Invitation to Bid) documents became a critical issue. The time granted to actual construction companies in the bidding process following
the EPC project award is not only limited, but also extremely challenging to review all the risk terms in the ITB document due to manpower
and cost issues. Previous research attempted to categorize the risk terms in EPC contract documents and detect them based on Al, but
there were limitations to practical use due to problems related to data, such as the limit of labeled data utilization and class imbalance.
Therefore, this study aims to develop an Al model that can categorize the contract terms based on the FIDIC Yellow 2017(Federation
Internationale Des Ingenieurs-Conseils Contract terms) standard in detail, rather than defining and classifying risk terms like previous
research. A multi-text classification function is necessary because the contract terms that need to be reviewed in detail may vary depending
on the scale and type of the project. To enhance the performance of the multi-text classification model, we developed the ELECTRA
PLM (Pre-trained Language Model) capable of efficiently learning the context of text data from the pre-training stage, and conducted
a four-step experiment to validate the performance of the model. As a result, the ensemble version of the self-developed ITB-ELECTRA
model and Legal-BERT achieved the best performance with a weighted average F1-Score of 76% in the classification of 57 contract terms.
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Table 2. Experimental Environment

Source Data Descriptions List Descriptions
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Fig. 3. Fine-tuning Data Preprocess
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Generat | Discrimi

Parameters Descriptions

or nator
attention_probs | Attention probability 0.1 0.1
_dropout_prob dropout ratio ) ’
embedding_ Input token's
size embedding size 128 256
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hidden_act activation function gelu gelu
Embedding, encoder,
hidden_dropout | and pooler's individual 0.1 0.1
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dropout ratio
Encoder and pooler's 256 512

Number of Dimensions
Model's maximum 512 1024

hidden_size

max_position_

embeddings sequence length that
can be processed
num_attention_ | Number of attention 4 3
heads heads in the encoder
num_hidden_ Number of attention 12 12
layers heads in the encoder

vocab_size Number of Tokens 32200 | 32200
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Ddg vw AFYt AF Ao 2 7] AES A9
A small F#729] RS H TP = Google-base ZEH
ot 50l BE X HoA 43t Ao Z YEltt £3] Macro
B+ Recallof|Al 43%=2 o2 X HHETE 253 A50] YEhY
=), °o]& EPC A% EAo| E5td PLMe] Fine-tuning®l
Al Blagt AL HolHE AgeH] A&d AR sjAH
o 2 A9 A 94 A¥E B3l EPC Ak Ao E3E
PLMo] 7]& AFNA a/ie EdET Ad50] 432 &9l
e 4= AT olof wEt B AG9] AF Hdlo] 85| 1%
SHE £ Q1SS ERlsha, the Ao A¥S APt

5.2 Legal BERT A&
= A Ao ML baseline B XS 93 Fine-tuning
St Legal-BERT 243} ITB-ELECTRAE v APt

Table 4. ITB-ELECTRA small++ Model Experimental Result

. _ ITB-
Metric/Models Google Google small++
small base G
Weighted Average | ¢ 000 | 70.01% | 71.90%
F1-Score
Weighted Average | 7090 | 7236 | 73.92%
recision
Weighted Average | g 5o | 69139 | 71.22%
Recall
Macro Average o o o
F1-Score 25.29% 31.53% 37.17%
Macro Average o o N
Precision 22.47% 34.36% 36.06%
Macro Average Recall 29.63% 34.70% 43.23%
Accuracy 66.52% 70.41% 70.86%
Table 5. Legal-BERT & ITB-ELECTRA
Metric/Models Legal-base ITB (ours)
Weighted Average F1-Score 72.62% 71.90%
Weighted Average Precision 75.18% 73.92%
Weighted Average Recall 72.37% 71.22%
Macro Average F1-Score 38.21% 37.17%
Macro Average Precision 31.82% 36.06%
Macro Average Recall 39.72% 43.23%
Accuracy 72.41% 70.86%
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5.3 HO|H 3% & Top—K &3

ITB-ELECTRA®} Legal-BERTS] dHlo]E] Z7}(Data Aug-
mentation) -8 A3= Table 63 Zt}. o)A Table 59 2
e} o] Legal-BERT RE9| 450 $5HA Uehston,
E3] 71 B Recalld} Macro A EA & 59 FFAto]
ATt ol= I AT} upAY o] &S Fet Holy 34
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Table 6. Data Augmentation

Metric/Models bi:sig A IE‘(])S;]?)A
Weighted Average F1-Score 75.26% 75.49%
Weighted Average Precision 77.96% 78.24%

Weighted Average Recall 74.56% 73.42%
Macro Average F1-Score 41.46% 40.88%
Macro Average Precision 45.05% 42.68%
Macro Average Recall 42.63% 41.02%
Accuracy 74.69% 73.16%

Table 7. Top-5 Hit Ratio Evaluation Result

Metrics/Models bi:fi]l)_ A I'{(])BL]?)A

Top-1 Hit Ratio 74.69% 73.16%

Top-2 Hit Ratio 83.28% 82.82%

Top-3 Hit Ratio 86.81% 88.04%

Top-4 Hit Ratio 88.65% 89.72%

Top-5 Hit Ratio 89.42% 91.10%
5.4 -x-|2§ A DY AN

4HA AFo|A 9] FFE A A= Table 83 ZT} 2
A9 4‘%751] AY A3 vwsty| YeiA Fig. 4ol4d= BE
Ae &4 2AE TEUH. ZEHCoE BE AHOYA ITB-
ELECTRAS} Legal-BERTS] Ol mdlo] 92agt Ao 1}
Elict. &3] Macro Recall ¥ Precision A4 &2 A5
2 7153, ol 2 A9 SAE Tdo] SA Ex ]—
olof| A5k, EPC AFA 2 E7ol HEAQl 852

AT AT & 5 e & AFE 53 EPC A% 24 l
3t PLMI HE B HAE Ho|HE 8FeR g
Legal-BERT 2 4l9] o]l 7]Z0] AolstHAE AlS H YA
S & 4 Aot FAEAHo 7 (oA A% AAEHR 2 dJ1=
ITB-ELECTRA ¥ Legal-BERTY] JAE Hd-& AFALt.

n9 rsh Jlm )

Table 8. Ensemble Model

Legal- ITB+
Metric/Models ITB+DA basetDA Legal+DA
(ours)
Weighted Average |25 yoo | 7526% | 76.27%
F1-Score
Weighted Average | 7g2m | 77.96% | 78.43%
recision
Weighted Average | 93 oo | 7456% | 75.90%
Recall
Macro Average 40.88% | 41.46% | 41.96%
F1-Score
Macro Average o 0 0
Precisi 42.68% 45.05% 46.13%
recision
Macro Average Recall | 41.02% 42.63% 43.63%
Accuracy 73.16% 74.69% 76.38%
Top-1 Hit Ratio 73.16% 74.69% 76.38%
Top-2 Hit Ratio 82.82% 83.28% 84.18%
Top-3 Hit Ratio 88.04% 86.81% 89.42%
Top-4 Hit Ratio 89.72% 88.65% 90.69%
Top-5 Hit Ratio 91.10% 89.42% 93.03%
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Fig. 4. 4-Step Experimental Result
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Appendix
Number Terms
1.4 Law and Language
1.5 Priority of Documents
1.7 Assignment
1.9 Errors in the Employer's Requirements
1.15 Limitation of Liability
2.1 Right of Access to the Site
4.2 Performance Security
4.4 Subcontractors
4.6 Co-operation
4.10 Use of Site Data
4.12 Unforeseeable Physical Conditions
8.1 Commencement of Works
8.2 Time for Completion
8.5 Extension of Time for Completion
8.8 Delay Damages
8.9 Employer’s Suspension
8.10 Consequences of Employer’s Suspension
811 Payment for Plagt and Materials after
Employer’s Suspension
8.12 Prolonged Suspension
9.1 Contractor's Obligations
9.3 Retesting
9.4 Failure to Pass Tests on Completion
Completion of Outstanding Works and
111 Remedying Defects
11.2 Cost of Remedying Defects
11.3 Extension of Defect Liability
11.4 Failure to Remedy Defects
11.9 Performance Certificate
13.1 Right to Vary
13.2 Value Engineering
13.3 Variation Procedure
13.6 Adjustments for Changes in Laws
13.7 Adjustments for Changes in Cost
14.2 Advance Payment
14.7 Payment
14.8 Delayed Payment
15.2 Termination for Contractor's Default
153 Valuation after Termination for
Contractor's Default
Payment after Termination for Contractor’s
15.4
Default
15.5 Termination for Employer's Convenience




480 HEXZ|SE[=EX/ATEYN L Ho[H I8 M127 H115(2023. 11)

Number Terms

15.6 Valuation after Termination for Employer’s
Convenience

157 Payment after Termingtion for Employer's
Convenience

16.1 Suspension by Contractor

16.2 Termination by Contractor

16.3 Contractor’s Obligations After Termination

16.4 Payment after Termination by Contractor

17.1 Responsibility for Care of the Works

17.2 Liability for Care of the Works

17.3 Intellectual and Industrial Property Rights

17.4 Indemnities by Contractor

17.5 Indemnities by Employer

18.1 Exceptional Events(Force Majeure)

18.2 Notice of an Exceptional Event

18.3 Duty to Minimise Delay

18.4 Consequences of an Exceptional Event

18.5 Optional Termination

20.2 Claims For Payment and/or EOT

21.6 Arbitration
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