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Abstract: [ Purpose/Significance] Theory is an essential component in the construction and development of the disci-
pline of information science. Organization and Analysis of theories not only help understand the origins and developmental
trajectories of the discipline but also predict the development of emerging technologies. Efficient and accurate identification
of theoretical entities plays a crucial role in deepening theoretical research. [ Method/Process| This paper proposed an in-
formation science theory extraction algorithm that collaborates between large and small language models, including modules
for enhanced word embedding vectors, sample difficulty assessment, and a theoretical identification model. Initially, the
paper used large language models to pre—identify theoretical entities. These pre—identified entities, combined with the orig-
inal word embeddings, formed the enhanced word embeddings. The training process of domain—specific small models was
optimized through these enhanced word embedding vectors. Additionally, the paper used large language models to assess

the difficulty of samples and adjusts training strategies accordingly to improve model performance. The proposed algorithm
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fully integrated the large language models’ powerful semantic understanding capabilities and the professionalism of domain—

specific small models. [ Result/Conclusion] Experiments conducted on a dataset for the extraction of theoretical entities in

information science show that the algorithm proposed in this paper effectively improves the performance of theoretical entity

extraction, achieving the best results in the metrics of precision, recall, and F1 score.

Key words: large language model; information science theory; entity recognition; sample learning difficulty; model

collaboration
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A TR R WA M RR R T, IR IAA SO
T ELA e 5 O M 538 P, BB AN ]/ NS 7Y
FIRAE I A FRE R HEAEH .

N T BAEA SR P A B R AR, TR
Llama-3-8B fEH KAEEAL | BERT-LSTM~CRF £
AR HEAT T USRS, AR ANER 4 R, ML
FA SO BEARAEAY | ASEA TR 7] 2 1 SR AT B (1)
BOAIERG A% . A FLAE 3 MER L5
BT 0.42% . 0.79% ., 0.60% ., AHLHFA AL AR
R ARRAFEAME AR ARG B 2% . A Il
F1{H 3 MER L5 R T 0.53% . 0.59% ., 0.56%.,
H T ALSE IR AT DL, SRl A T S 1 S A R A
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FEVERE . TRl 1] o 3 i AR E RS T 56 T3 = 1 Y
FAIER R, (AL AR SRS B 1l B o2 TR Y
FAIE, BEACXEEE R B YN ZRREAS (X 5 R JEE 1
TR GBR P EEA, “FHE AR, BB
A EERAIARIERE ), SCRA A ZRRE AL
i, TS T PERERY R T

x4 HBXEE
Tab. 4 Ablation Study
B R KR BNhE  Fl
Our Model+BERT-BiLSTM-CRF  0.7239 0.7487 0.7361
Our Model w/o Tt A EIEH 0.7197 0.7408 0.7301
Our Model w/o FEASMERE 0.7186 0.7428 0.7305
BERT-BiLSTM-CRF 0.7171 0.7348 0.7259

AN AW B RAE RS A 70 20 B 5
OB BT AT T A, A5 R R 5 R,
KM Llama—2-13B fE A KREARIES, ZEMNAEE B, K
WK . AR F1435108 0.4454 0 0.5629, 0.4973,
K Llama—3-8B AE R RBHIMS , 7ED4R B, K
W AR F1 435008 0.4613, 0.5783, 0.5132,
A A] WL, EOR IR YT 5 B R A 1 4l B 52
RPN PERE R AE . 37T BB FR TR AUIE SRR R
SR SR = BRI AN 2 RN, (HEH
TEARE E U (AN o2 480 1Y L L RN 5247
FECHAEIZ T IR S AT B BEAI R A 2

x5 KREESEBERTEIRZIMEEE
Tab.5 Performance of LLMs in Theory Entity Recognition

(| i PN mp:o F1
Llama-2-13B 0. 4454 0. 5629 0.4973
Llama-3-8B 0. 4613 0.5783 0.5132

4 REERE
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SRR A W T8 A, R A TR, 1L
Hb, IR, RERIRREAE B PPl 77
FERE KRS, AR SR FH R RRUIE 75 B B T 25 SR
SRR (AN T A AR AR A R, 408 I 78 25 )1 5 5 s
DA SRR HIVERE AR SORE AT A ) S SR AR LRI
AR HEFEPPAT A R 5 28 B 1) iy 44 SRR SR iR A T 2
G, FRAFHT KENEF AR KME S Fon 5
fEREST, ARSI/ IME R b M P R Eie
FARE R HEA TN, S5 SRR AR SR A
AHARTE T IS ST B TR RE , FEREER . AW
P IEbs BT B Aigh R
FEASKEBYREFE Y, K25 FE AN o] 53 g b 1) FH R Y
T H AR R RS B AR S MR PR R
Z5G SR LA HA B RN E A 7 R0 S,
MRS, FHE RIS AN, % kAR Y
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