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Abstract

Evaluation on Commonsense Reasoning and Moral Understanding in Children’s Stories
(CRMU), aims to evaluate the commonsense reasoning and story comprehension abil-
ities of Chinese pre-trained language models and large language models from multiple
perspectives, focusing on both Commonsense Reasoning (CR) and Moral Understand-
ing (MU). This task tests the models’ ability to retain commonsense knowledge and
their deep understanding of textual content, making it extremely challenging. With
the development of large language models, their excellent instruction-following capa-
bilities have significantly improved the efficiency and effectiveness of natural language
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processing tasks. However, this also raises the bar for prompt design, as the quality of
the prompts directly affects the model’s performance and the accuracy of the predic-
tions. Therefore, designing effective prompts has become crucial, requiring not only an
understanding of the specific task requirements but also an in-depth knowledge of and
flexibility in using language models. In this paper, we propose a prompt construction
method based on prompt engineering for the two tasks in Track 1 of the Children’s
Story Commonsense Reasoning and Implication Understanding Evaluation. First, we
introduce a general prompt construction framework that integrates prompt engineering
and chain of thought reasoning. Then, we adjust the corresponding prompt templates
for each specific task. Finally, we use these prompts in conjunction with the language
model to generate prediction results. In this evaluation, our method achieved third
place under the closed data conditions of Track 1, demonstrating the effectiveness of
our approach and its potential applications in the field of natural language understand-
ing.

Keywords: Prompt Engineering , Chain of Thought , Few-shot Learning ,
In-context Learning
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AT LS TE B A A2 S R R 55 B IR AR, RS 78 B2 [ /RS Re X SE /R VR R &S B
N Ling% A (Ling et al., 2023)52 8| AR RN IR AR A, 8 HE S B 52 AU R
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AR SO~ AR AR DL R 2B, S5 EMIFIEES PREEEMEL, ORKE EE
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ST (Al ) & RO ATIR AR AT, DU E R IRRIA R RS R0« &%, IR T
REMESR, BT R R SRR R AT 75 S, DUMRGEBRL AL s BAS TR E 2 - X
MTTEADER R T ERINERR, RIE T EROBAMENE, BETESEMLES 1 T1E-

SRR LERCR FRIE 5 B R E AR EE — R MESS, R T —METIRR IR
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B A P S IR AN A R AN R B, R A A W 4 2 A A R S SE A PR « Moghimifarg
A (Moghimifar et al., 2020)# H 4 B 77 V2 TH R DL id B AT TE 1R R B 2 R AL RS &+ LR
FZR, NMTEE T IEREE RS . R T —M4 HCOSMO (Conditional SEQ2SEQ-
based Mixture model) HIZRHFFFNEIFFINRE SRR, ZETGEW I SHAE M EZ LN, I
TR Bsh SRR E R, PSR IRTER - Sap&5 A (Sap et al., 2019)f9% T ATOMIC,
PoE— MR AR E R, EFrER Lif-then BN EIE A - OIS AEZ
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LA Open AL wIHE H FIGPT-4 0, X CREAL AN (A SUAAE BTSRRI T EAR IR, el
FENLAT B - an & SEUUBI A SRS (2 55 P R T IR FH RtERE . £T I, AR E%E
TR T IR BLE S B 58 D3Ot IR AR SE &, TR0 FEE J ARSI AT BB IR -

3 fESSHA

JUBE R AR 5 B R E AR O BRI A E B A TR, BTN
HOREE S R ATRE S - BURRAIAR R RS

AR FARE g Bt
HIHEF (CR) 400 1692 2092
HE M (MU) 252 1056 1308
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4.3 AEFSPrERE X
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FREEGEERCEE N ERFAER . BT, RFRH#E— RN REN AT RIAE T Z
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B RRRE TR, IR G BRI OR 52 T A HE B SR « OpenATRIHE 50 A 51 & I K HE
BRI GE T REAS E o AR B R BRI, fES5mshBE RAVH RS £ 2 7 B 4EHE
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5 S5
5.1 ot 5EAER

BA VB FARRRMA T, SRR A S B X B MMESS, WO T AN Y
PRt . HTRATER RO REL T BEREROR, BT p0 AR T — € i 2K
RIEWei%E N (Wei et al., 2022b)FIA I, BYERER R & —FEUR TR R E FITHILEE S (Wei
et al., 2022a) - N T REZHSHE /D TI0BR/NEIEE , B4R RS S EEEERNINE -
AEESSHERRNIEE —REAN A2 EMRER A - T 1E— SRR 3T T3, 8
FEERNIE-speed-128k ~ deepseek-chat ~ Yi-34B-chat « glmd-air A X GPT-4 . FATHISEEG 45 R a0
IR

NG HARNER HEHR BT
Baseline 0.688 0.561 0.612
Team-1 0.865 0.744 0.793
Team-2 0.834 0.734 0.774

RENIE-speed-128k 0.657 0.562 0.600
deepseek-chat 0.826 0.645 0.717
Yi-34B-chat 0.727 0.602 0.652
glm4-air 0.768 0.412 0.554

Our Method (GPT4) 0.869 0.708 0.773

Table 2: 3P K FEE — PSR ST 45 R0 HL

MR Table 20T IR EORUE, GPT-4EALILE & AR M BT IR AETEE — HIR 755 R
BT IRFFRIERE - FFRIRAF RIEEES L, JATGEETHE — LIRG T E RIS, X
FESHAUER T FA TR T IER AR -
5.2 SEESEERHT

T RARIAEARB T TR AR R 1A R R LB 2E il o X AR S5 TR REBR BB ROM, ARHE5T
PE— P IT R T IHRESEAS - %K B E RGO PAG A LB N R 7 RS M BE A BLAR TR -
THRLSER S T LU RBEER. £S5/ (TR)  1FERES (DG) - EEHRE (CT)
PARAESIREA (SL) « DUNRHRSER LS R

FE/NIA| IR R it
Our Prompt 0.869 0.708 0.773
-TR 0.861 0.721 0.777
-DG 0.856 0.705 0.766
-CT 0.865 0.715 0.775
-SL 0.832 0.688 0.745

Table 3: JHEISZESEFATH

FiTable 3§0S00%5 5, RATIHEIT LI FL4L:

(1) P EREEAESS, AR BOTRIoRIAE LT RE T 2ENE S, X—5RKY, B
BT R R A BERS B RO R A R RG H R AR B AR AN R« $&om i BT AR TR AN
FORAER RS R RE 1 T T A% T SRR

(2) EEEHMBES L, ABHRBOTRRIAFIRIET TR L “CT” « L0487, X—HF
AIREIR T IR A B AP PR E SO TR, SERBERER S ETEENTHEZ
B CHOZERE, TROAE T HAERER I

(3) AEH IR E @M T ES5H, “SL B EmERMR, X—4RRE T ERRFF
R AAESSFE G AL B o R, ARSSEEFIRIINAS THRARILAEM RS LRRIAR
BT -
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AR, BATH AR E — E AEIE S TS TR =24 0MST, M TIX AR
E -l XIS, BAER TR DREARI KE SRR T E R, JTTHEAEL
HERBRIESHBESN - oL, FATRITEADGRR T iomimsit Bt LR T &
SERR L FH AT S5 75 SRS TR IR AR % B AT R 502 A B2 - IR, Sl T B R B = i
RN TR AR RRVE, TTHEAEREANTOTER LS BREOVEB BT . RER
K, FAPTRIREEBOHR R IAF 27 VE, DUHSCEE @) B s L st i e - Ry, Ff T
FRX—TENATE R ERESLABES T, DIRREEFTAN AR - TAITHEE,
BEEBOR BB PRI SR, $&om TRERE Oy B ORI 5 A0 AT o B 2 QBT AN 2R -
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