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Abstract

Despite the impressive performance of existing language models in natural language
processing tasks, there remains significant potential for improvement in deep seman-
tic understanding and commonsense reasoning. This study investigates methods to
enhance model capabilities in complex tasks by evaluating their performance on the
Children’s Story Commonsense Reasoning and Moral Understanding Dataset (CR-
MUS). For Track 2 of this task, we employed several open-source models with fewer
than 7 billion parameters (e.g., Qwen, InternL.M) for zero-shot reasoning, and selected
the best-performing model for instruction fine-tuning using LoRA to enhance its per-
formance. Additionally, we conducted a thorough analysis and enhancement of the
dataset. Our findings demonstrate that designing effective instruction formats and
adjusting LoRA fine-tuning parameters significantly improves the accuracy of models
in commonsense reasoning and moral understanding. Consequently, we achieved first
place in Track 2, with an evaluation metric (Acc) score of 74.38, representing a notable
advancement.

Keywords: Children’s story question answering , Large language model ,
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1. BERTE, WiREET S FRESREBETSREE IR, NS amPEtiEsER; B
HENRETHEME TR, k&S A 1577 Bk -

EE_FET, KARZHZMARAAESELY, @ AR EREZRT RN,
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2.2 LoRA
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BEFERHIEEOSE TIRLEFTE, id- title~ domain%, AR EEHFE (MU)
WIREHIT THRE , R Estory - question ~ optionsSanswer7 B - fHILZ T, H iR
(CR) RS K E A H IR, MAERE A FEEM L, BIMRFtypeF B, TR
TR GEARIE H TR AR (L B G T A A Y,
TR AT j§f§TGrAOKAO-Bench(Zhang et al., 2023) FIRAY, B2 E I RITE SR
B LE2 -

3.4 HUEMETE

BTHAENE RS L RE R DA EE, AR5 ARG R A T LN
o RUBRTAEREJHHERE, TSN, FES5YHETDFde REY IR . R
FEFFRE ERESRER, EAERE - ZR5HEFEIHFRRE, HENREFE TS xR
FIBGER B 5 . A, AR E LG ChatGPTA AU 20055 7 IRTEF R, FHEA T/™%
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AR ARl HEY)ER B5f [8] 1 Z3 8] H iR PP E AR
IR E 196 90 67 37 37
Table 1: &% F&FIREEOEE
BRRA HSEIR EWEIR REEIR O FEER R
IR E 212 138 110 51 67

Table 2: ¥ 7 LZHEE&FHRBFEE
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4.1 ERSEKE

AR AL SR E 1Y) T 3R3 - 1A L5 K Py Torchif & 22 ST HEZEHUAT, A0 TAE
KFETLLaMA Factory(Zheng et al., 2024)HEZE, HAERL#—5K40905 —7KA40MIREFEA5E B
7o

RASEL ZHUE
IR AL 5
)R 5e-5
1| 1536
Batch size 1
Optimizer AdamW
Warmup ratio 0.1
Lr scheduler Cosine
Gradient accumulation steps 8

Table 3: SEEGZ4Y

4.2 BAEERE

N ORAEPE BEDU B AR T BL il BT R ORI 5 Bk T Baichuan2-Chat-7B(Yang et
al., 2023) ~ Qwen-Chat-7B~ Qwen1.5-Chat-7B ~ Yi-Chat-6B(Young et al., 2024)5InternLM2-
Chat-7B, 7EJRIAFF AL (E4005%F RHEHE [CRIEUE 52525 B B EMEMUEEE) EHATER
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AN . RIS AREY, PUENREEIECRSMUES FMACRRIBIE N i
BB . S AS A MACTISE, B InternLM2-Chat-TBIER B T (Er0 i
.

kit CR MU Overall
Baichuan2-Chat-7B 43.5 42.8 43.1
Qwen-Chat-7B 45.5 40.4 42.4
Qwenl.5-Chat-7B 62.5 38.0 47.8
Yi-Chat-6B 50.3 44.4 46.8
InternLM2-Chat-7B 65.7 52.7 57.9
Baseline 31.2 33.2 32.4

Table 4: RERIAETT 4 8 T REARHEIL AR

4.3 LoRAZHEEFE

LoRAWIHE Z HUX E X KIHA B A BE M - KRS BLoRAW STEW, TR
RE P EZEBSEOE, FEMRE IR, B LES. EF, Wokvib s & AR
AR . SEESEOR, M Ranki% 464 - Alpha H16AT, ALK E, HEELoRAL LR
fJRank: Alphaltffl1: 2/5, BAEREEZERA - JLH HRank% 7256 « Alphai% & F512f,
TSR 2 T -

Fr7EInternLM-Chat-7B_ E IR R E M SESN, KFFR IR HQwenl.5-Chat-7BTE R I FF & £
EHITZ RS, W E RS RS T %6 . 254 % ElnternLM-Chat-7B5 Qwen1.5-Chat-
TBSEZREL, 2R E R Rank=256 « Alpha=512fFC & -

Rank Alpha Target CR MU Overall
64 16 Wakv 65.90 52.75 58.01
256 512 Wakv 70.39 71.21 70.88
512 512 Wakv 69.73 71.40 70.73
512 1024 Wqkv 69.56 70.45 70.09

Table 5: InternLM-Chat-7BRJ/N[FLoRABEZEUXE

Rank Alpha Target CR MU Overall
32 64 Wakv 34.86 67.04 54.17
64 128 Wqkv 64.42 68.46 66.84
128 256 Wakv 65.95 69.31 67.97

256 512 Wakv 65.36 69.6 67.9

Table 6: Qwenl.5-Chat-7BAINELoRAESEL E

4.4 LoRASEAMEHERE

K PE4.35 47 ik E M B ILLoRAME S 8, AR #F — P HERAFEETEAH S I
R o InternLM2-Chat-7B A a] SR B E A B Waky ~ W1~ W2+ W3~ Wo, HAWqkvi
MM ERGURREER, E N R alE M IR o B Wqkv 5 —FIMESR B RS THOASEER, By
B F s R TR .

HMERTAT LI, WokvEWIRA AR H KA - ETERE Nl H Y H0E 2 200
1B, M SRR EE, AP ARG R —HER, MHAWqkvBCAEWL ~ W2RIRUR - MM 4553
MR T3S -
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Rank Alpha Target CR MU Overall
256 512 Wakv 70.39 71.21 70.88
256 512 Wakv,W1 72.1 71.78 71.91
256 512 Wakv,W2 71.21 72.15 71.77
256 512 Wakv,W3 70.68 72.34 71.68
256 512 Wakv,Wo 70.98 72.15 71.68

Table 7: 7EFIGTF & & LA B — I REIHUA

Rank Alpha Target CR MU Overall
256 512 Wakv,W1,W2 72.87 71.78 72.22

Table 8: 7EJRIAH A% EIIAWL - W2

WA AEREW2)E, BRI EER, Xt RME T E S ERAGHRR . A
WF A TR BER S L AT T 2R HROR LR - RIERIT FIRRLE R, AR R
FECRAESS HIRIAMS T NP, HHRFF T MUMEFSHIMERE - I, CRIESS I KRR
NER, WEEREIENEREE RN ELISEEIRERESRR, ik, MUESMETERMN
SURHREUE SR, FHit, #3pCREEERMIRL T MUK FICRHIERZIX -

Rank Alpha Target CR MU Overall
256 512 Wakv,W1,W2 69.9 74.14 72.44
256 512 Wakv,W2,W3 70.8 74.9 73.26
256 512 Wakv,W1,W3 70.56 75.38 73.45
256 512 Wakv,W2,Wo 71.57 72.91 72.37
256 512 Wakv,W1,W2,W3 71.04 72.25 71.76
256 512 Wakv,W1,W2 ,Wo 71.74 72.15 71.99
256 512 Wakv,W2,W3,Wo 67.96 71.02 69.8
256 512 Wakv,W1,W2,W3,Wo 71.74 71.59 71.65

Table 9: 7 FLJ5 HIJT & 5 LRUA B SR

XA RIS AT SRS b, R B AL M REH R BE A SR E g N #5482 L7+
L NBINRE, HETE AR RIS, AR T - BT, AT RHRZRYN
TRSPIDEKMIRMCRET R, LURIPISIRIGREMULR, BEAREFZIELL0.

CR MU Overall
72.87 75.38 74.38

Table 10: HiESEHEHE

5 &5

A FREA DTG T 78 S BT A AL B S 0 SR, AR R S R A
SIFHIBE R T EE - AR T IERIEFR A, FATT%ERE T Qwenl.5-Chat-7B5 InternLM2-Chat-
TBERAE NI RN R « @S HAMN S EIRIEEEARKINMA, & FnternLM2-Chat-7BfE L.
P IUESS AR I B PR RE - SERRRIESE , A5 DT BFR R 45 & LoR AT 2 X0 B2
FAEEESR NG, fE B 5 AL )RR B B K, B Rt TR S A
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