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[ Abstract] The civil engineering industry faces with a vast array of unstructured textual information during its digital transformation.
Large language models ( LLMs) provide a new opportunity for the intelligent transformation of the industry because of its powerful natu-
ral language processing capability. A systematic literature review approach was employed, and based on the technical framework of
LLMs and the current state of research in vertical domains, four major application scenarios for LLMs in civil engineering were sugges-
ted, along with corresponding technological approaches, challenges faced, and research trends. It is found that exploratory research
and application of LLMs in civil engineering have been conducted, primarily focusing on content creation, intelligent Q & A, text sum-
marization, and analytical reasoning, covering the entire lifecycle of civil engineering projects and featuring interdisciplinary and multi-
modal integration. However, the utilization of LLMs struggles with low specificity of knowledge, poor timeliness of information, and in-
ferior data quality and interactivity. Based on this, a series of future research opportunities were proposed to enhance the breadth and
depth of LLMs application in the field of civil engineering by using parametric efficient fine-tuning technology to inject expertise in mod-

el optimization. Combined with knowledge graph, LLMs can improve the accuracy, interpretability and timeliness of answers. Multi-
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modal data types were integrated to expand the application scenarios of LLMs in civil engineering. Appropriate model evaluation meth-

ods were developed to quantify the value and performance of LLMs applications in civil engineering. In terms of application scenarios,

combined with the characteristics of LLMs and civil engineering fields, the application of LLMs in complex tasks such as document gen-

eration, question and answer system, information extraction and compliance review can be expanded, and the interaction efficiency be-

tween practitioners and data can be improved. The purpose of the study is to provide reference for the academic and business circles to

further apply LLMs in the field of civil engineering.
[ Keywords ]
gence (Gen-Al)

TARTRITZE S ETHEE G RER K
TS it At 8 B R W S5 0 22 BT 1 Y 2
Pafm B o 80% {5 B LA SCATE 24 LA T
WHA S5 s BT HE DL S B = A A
H i3 [ AR F AL HE (natural language processing,
NLP ) HARFZ 8 47 75 33 26 SCAR B oA (6 1 15
KA B S e R A A

RS NLP 2 AR 53 32 225 T 1F W) 3R 58 5k
DG Fict i ) U DC 1 ol 8 8 e L ) B 2
PEFITE 5 3k 1Y 226 VA A5 HOXE LT 35 e iR
MG, Kk, FE T HLAS 2= 2 W i Fah Bt 3
AT AR AR N SCA BT R TE R, R ge it
AL 0 B /R A] KA Y (hidden Markov model
HMM) Bl K ¢ 4B ( K-nearest neighbor, KNN) ol Fn
ZAEBEALY ( conditional random field, CRF) Z517) A]
IR SCARAR B 2 20 i & BB B (H 3 AL
AT G TR RLAT) ME LA PR ) R IR 2 TR

FEL o TREES ) UL RS NLP IF 5 EA T
— BB, A R TR, 4 B 2 M 45 (con-
volutional neural networks, CNN) P 2 ) % (re-
gression neural network , RNN) ST L A AR e
7% (Transformer ) 34 SRR 1) 5 | AFR R IR 2T T
U N B SRR AL BT 5 B PR RE R HERR PE T

2022 AFJE, HE T RIEFH R (LLMs ) # ChatGPT
I HTRE7R T LLMs 738 450 K 0 3 SR 18 75 L
FAEREEE F M e R T ARSI b, BRI
AU 9T 5 0 i b TR A8 B B, (B 2 7 SCA A
T SO AN A 43 45T 2 NLP AT 55 Hh s
THREN AT,

S FE AR R AL PG AL S PRAR, N £
KIFE LLMs BF9Y 5 & J | R B 46 1 1) SC ik [l Jisi
el Ml BRI A LT LLMs 78 K TR AT N
(R0 RIS, 4% BE N FH 3 55 43 ol 88 26 i 8 g
[ SCAE B A3 BT i BR DU S, X b 17288 5
BHE, IR Y LLMs 78 AT Ml b FH T i 9 3k A, e
Je BRI BE DL Ak A0 S8 bR 3 FH 37 5% 00 90 o 9 1> 4
JE B T ORI B Ty 18], B AE iR A X
BRI S % 5185,

civil engineering; large language models ( LLMs) ; natural language generation ( NLG) ; generative artificial intelli-

1 KIESEREMBEARRERFE
Kk 5 7 (large language models, LLMs ) J&—
P TRt SCA KU I 25 9 NLP AR A0
FEIL T AR 28 ( Transformer ) 2244 (18 1) X
TAEGE NLP #5502 K58 & A, LLMs H A 5L
ARAYEROE S G
TEANTE A NLP AT 55 5 5w, LLMs 712570512 |
SERUTE SN FH AR R B B Sk ) 2R AR L
ARZEFIAR], LLMs 7] RLo3 o =26 AUt 88 K=
i (encoder-only LLMs) 2 A a8 K i 5 B8 (en-
coder-decoder LLMs ) FI i 2% KiE 5 518 (decod-
er-only LLMs) , #2804 A QR MM BT 0
LLMs A& FEIFTRIZ AN 2 firs , BAfE BNk 1 s,
1 EARKREMNKESEEEARAEE—R

Table 1 Basic information of existing mainstream LLMs

BARIZFR RN BORZM KRR SH/10°
BERT Google {Umi%es  2018-10 0.11
ERNIE Baidu WmILEE 201903 0.114
ALBERT Google X isgs  2019-09 0.235
ELECTRA Slaf'foré INmIDEs 202003  0.025~0.3

University
DeBERTa  Microsoft U Gifi%e%  2020-12 0.9~1.5
GPT=2 OpenAl {URASEE 201902 1.17 ~15.77
XLNet Google/CMU (W2 201906  0.11 ~0.34
Galactica Meta IS ES  2019-08 6.7
GPT-3 OpenAl LSt gs  2020-06 175
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Fig. 3 Technology roadmap for generating application
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Fig. 4 Technology roadmap for quention-answering application
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Fig. 5 Technology roadmap for summary application
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