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Large language model based on sent @gnularity prompts
for temporal knowledg’ &WA approach

Li Zhidong, L@ Qiao Silong

(Big Data R&D Center, North China Institut@yof Gémputing Technology, Beijing 100083, China)

in the field of natural language processing, and temporal knowledge

Abstract; Knowledge Q&A is one of the hot resea@
Q&A is a difficult area of Q&A reasoning beca

needs to consider the temporal relationship of knowledge. Today's re-
search usually focuses on the word vector simila etween knowledge and questions as an important basis for answering, while

ignoring the sentence granularity semanti

infogfiration embedded in the knowledge. In this paper, we propose a method of tempo-
ral knowledge Q&A for large langua based on sentence granularity prompts. Firstly, by improving the sentence granulari-
ty prompts, the large language

knowledge Q&A ability of 1

an learn the sentence granularity semantic information efficiently, and then the temporal
uage models under Zero-shot, Few-shot and weakly-supervised fine-tuning is verified. The ex-
periments are conducted on the [CEWS05-15 dataset , and the accuracy of answers is significantly improved, which demonstrates
the effectiveness of the temporal knowledge Q&A method for large language models based on sentence granularity prompts.

Key words: temporal knowledge graph question-answering; large language models; prompt learning; natural language process-
ing
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2 A \ ' Prompt F5 #z
o Respond to the user’s “ased on the content of the known information. The answer must be 1 word from the known information.
SRR , o o
Known informai atext| , Question is: {question|, Answer:
Respond tg t r's"question based on the content of the known information. The answer must be 1 word from the known infor-
mation.
One-shot . .
" Known information 1: ---. Question 1: ---. The answers 1; ---
learning #5 4z
Now we give the last known information and ask you to answer the questions based on the known information
Known information: {context}, Question is: | question|, Answer:
Respond to the user’s question based on the content of the known information. The answer must be 1 word from the known infor-
mation. There are 5 examples:
Known information 1: ---. Question 1: ---. Answers 1 ---
Few-shot Known information 2; ---. Question 2 ---. Answers 2 ---
learning #ifly ~ -e-ee
Known information 5; ---. Question 5 ; -+ . Answer 5; ---.
Now we give the last known information and ask you to answer the questions based on the known information
Known information: {context} , Question is; | question|, Answer;
" Respond to the user’s question based on the content of the known information. The answers must come from known information.
A BR i A5 75 .
N o Please output all possible answers.
i > EOE AR

Known information: {context|, Question is: {question}|, Answers:

2023 4FES 12 W (45 42 M55 560 #0) | 11



#¥ M. www. pcachina. com

Y FRUR T B LUK G R R R MEAT N, R T
TEBEAL AT DA G B i TKG B 23 1915 B, A SOk TKG
AT T AR SRR g . e ¢ [k R Bk m
)] PUTCEH i R SEAR R [ Z AT “on”, 38
PWIRHBUR T RIE, WE T -7 C 7 FRREk
FF.
3.2 EMELR
258 KGQA T 55 % I B PEAN #8532 MRR (Mean Re-
ciprocal Rank) , +B& AKX T .

mm:;Li ! (1)
Q

4~ rank,

b, Q SRR, rank, 55 @ A [R) A 55 — S X L2
FOHE(E, WARIEHAERZRNAERESZEST,

IRt 0.
rank,

B MRR J5 AT X3 3208 00 28 2 EAT 174G, KR
TR DL A B IR GR MU, AR SR — R
g A MRR 773, ic 8 MRR-relax, i+8ARXUF .

0

MRR-relax = 162 rank, (2)

a0 Bsf ] 2250 A5 7R 3R [ A 4 R PR L A R
PR AR, HEE N ank, 14530 1, EMAF5H 0,

R 2 AN GAEEAE LI R

)KL E bRy L 11 A
MRR-relax
IRAEENEIE 7 B B )
5 0 1 0.291 6
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