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Abstract: Current large language models often lack personalization when generating writing feedback, making it difficult to provide differentiated
responses tailored to students' writing characteristics and skill levels. This limitation hampers their application effectiveness in educational contexts.
Therefore, exploring how to leverage large language models to accurately identify and adapt to different students' writing abilities has become a critical
challenge for advancing personalized teaching in intelligent education. To address this, this study proposes a dialogue chain-of-thought instruction
fine-tuning strategy based on large language models such as Qwen, GLM, and Llama model. This approach integrates individual differences in writing
skills to enhance the performance of large language models in generating feedback. Results demonstrate that proposed method significantly outper-
form traditional two-stage training methods and single-turn instruction fine-tuning approaches, achieving state-of-the-art results in the generation
evaluation and semantic evaluation Furthermore, a comparative study reveals that the model-generated feedback effectively follows instructions in
terms of emotional tone, information richness, and coherence while reflecting differentiation in students' writing skills. However, due to misjudgments
of writing techniques and generation limitations, discrepancies in accuracy remain when compared to human feedback. From the perspective of
language teaching, incorporating individualized information into the training process of large language models. It provides empirical references for
intelligent applications that enable teachers to conduct "targeted teaching" and students to engage in "personalized learning".
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Table 3 The evaluation results of large language models in the task of generating comments

e S RIUb e B-1 B-2 B-3 B-4 R-1 R-2 R-L D-3 D-4 BertS

T i LongLM 33.40 26.16 2298 2113\ \ \ 6.05 7.39

A ACG 36.16 2832 2487 2286 \ \ \ 1225  16.90
Qwenl-7B 24.40 18.01 12.24 14.01 32.88 19.44 26.65 65.07 71.50 96.92
R Qwen2-7B 27.83 13.09 7.11 4.48 30.19 7.85 19.47 91.61 96.12 96.79
e Llama3-8B 37.48 25.87 21.21 18.96 41.68 22.34 32.34 91.82 95.83 97.83
Wit GLM4-9B 42.75 36.39 33.58 31.99 55.24 41.72 45.24 85.15 89.78 97.31
Qwenl-14B 42.76 36.64 33.66 32.10 55.32 42.22 45.73 82.37 87.20 96.91
Qwenl-72B 43.36 37.05 34.24 32.65 55.47 42.35 4591 84.33 88.87 96.95
Qwenl-7B 76.74 73.56 71.83 70.66 80.48 74.92 78.22 91.69 94.79 98.44
Qwen2-7B 77.63 74.58 72.92 71.80 80.90 75.47 78.96 93.19 95.84 98.41
?Eg Llama3-8B 75.63 72.07 70.21 68.97 78.33 72.26 76.05 93.03 95.82 98.40
VN GLM4-9B 76.73 73.56 71.85 70.69 80.97 74.39 77.77 91.82 94.60 98.46
e Qwenl-14B 69.81 66.41 64.65 63.48 75.36 69.03 72.20 89.65 92.47 98.01
Qwenl-72B 77.23 74.25 72.64 71.53 81.24 75.83 78.91 92.96 95.8 99.48
Qwenl-7B 77.42 74.23 72.71 71.55 80.99 75.38 78.86 92.85 95.64 99.48
i Qwen2-7B 77.94 74.76 73.04 71.88 81.12 75.55 78.93 93.09 9591 99.35
Y Llama3-8B 75.66 72.18 70.40 69.22 78.39 72.58 76.35 93.28 95.98 99.40
YN GLM4-9B 77.77 74.70 73.06 71.94 80.86 75.49 78.89 93.12 95.91 99.40
3 Qwenl-14B 77.59 74.41 72.71 71.55 80.99 75.38 78.86 92.85 95.64 99.48
Qwenl-72B 78.45 75.29 73.59 72.44 81.27 75.75 79.16 93.23 96.08 99.51

4.2 RRERIERF

SRk — 5 B AIE X 5 JE 4 BE 4R S 0 G A R
M, AWFFEIFRTEE M. R85 2 50 5 ik B 4R BE T
SR, A2 PSR 2% TR AR AT 25 N B 1.45%,
ST HESFE A IO R X N AL R AE A, X
[R]85 N 22 A0 5 /R SCARRFE e 8 1 A1 70 A
FRATE I ROCR, B RO B R SC B . Hk
e BRI RS, SUKEER A B 1 e AT 4
AVEEA R, SRR I T i —5 N . 5%
T B YEBE O SRS AL B, BT R A HEF AR B VR
BARFERR T FI% T 32%. 7E 10B DL RAEAL A,
Qwenl Fl Qwen2 7EZFFEAHEHE A1 oK GE 6 B AL S BT
BRI LI, Llama3 7€ BLEU2. BLEU3. BLEU4
WAL TERs B AR g/ MERIEE R, 7E 10B DL
B, Qwenl-72B A BUHR AR T Qwenl-14B,
H s SR AR T R B E R

EZHEMKT 10B WA F, Qwen2-7B Al
GLM4-9B R A THE R T Qwenl-14B #:4Y, JFH
I LA/ Z BE 2T Qwenl-72B (45 B, XKW, £%
FEARY ST, B Z B0 SCRE IR B E AR R AT A2 B
Re 177 THAFAE R AN 2 o TIOR SRS AVX B8 15 35 42 T+
BRI B AR SCARHAE I HE 66 77, IOTE VB 2B I vt
Wt — SR e T T R HE TR .

4.3 A\THEER

R 4 RARWT IR MR SRR, i
AR . N SSHUR AT EL i BRI L ST R 1
Borbe o, BERIES A B AR . FES N
Fleiss” s kappa REETE 0.6<k<0.8 Ju[H R~ TFAh
H 2 B B S B, SR R R N A
ok S FCAR [ IR LA, BB A &% b
TR R PR, RBUR,

4 BRUE T N TIHN

Table 4 Human Evaluation of generated comments

ERTE (k) B (k) BB (k) THEE (k) T
PR R R
A AT Jey 1 e T AP Jay /2 T AT Jey /2 JEER A JR /2 JHEFI /A7 o /5 e

SR Vs AKHOT 36/19/45 (0.78)
SRR Vs 4L O

SR Vs A BIER

37/40/23 (0.76 )
47/31/22 (0.79)

47/36/17 (0.87)
41/39/20 (0.81)
41/27/32 (0.82)

35/37/28 (0.74) 39.50/30.25/30.25

36/38/26 (0.73)
38/37/25 (0.71)

40/29/31 (0.81)
38.25/38.00/23.75
43.25/32.25/24.50

39/35/26 (0.70)
47/34/19 (0.85)
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SRR, B, MR EEREROR B 5 N KH
JIARLE, fEfEEE. ETE, HREEYERE FE R
/Ny UEBIHLES 2B BRPPAE RERS A AR BE 4R & B0 N 2K
AR A ROPPi o AEIERATEDT T, A SRBUMAE I 1k
PRAG R R, LA A PR AR IR 7 1 5 N2
FEAFAEZE R, NSRHUMAE A A ) HER % B 5 B AT IR
Ho WA EAREG) R, IERHPEIERRAR 3 AR
FEMAN T, — SRR F R ER 1R AT S 1R
Ty T A AR, T H ORI SR 5 R
IARIEN ARARER GRS 5 — D RKIE S HA
1T A PR 2 DL PP IR AT LR, DA RS
FEARSEI H IARE AN IE . JLUk, 0l SRR
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M 5te e, SSRGS 845 i i
BRI IEMA ., ([FE R BT #8220 T R
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e 5 5 e A Bov P I S AR B s T 0 A1 A
MERE W W3R 5 s, SR JE B RERE IR S E
MR RGZE, B CEIFERRGI AN dRER
AERIRL, IR MR Sk . AR KT I,
AR LR B Pk, A PP B =2 6 B 0 17 JK
R, BOESESE AR RIS . SR A RS >
T NEET 5 R T7 sAE 5 M, i anfE i

CEI R CARE AR 7 S, EPRIETER
Y AR

5 HLAFES N TR R

Table 5 Performance comparison between model-generated feedback and human feedback
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Fig.2 Evaluation results of different fine-tuning strategies

4.5 BERITIRA

B AEHIG R )R VE AR RO AR IS R 22 S 1
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SR> SRR 4400 LR B RGE I A
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6 LT RIEF B SR IO S
Table 6 The writing skill detection with fine-tuned LLMs

Qwenl-7B Llama3-8B GLM4-9B Qwen2-7B Qwenl-14B Qwenl-72B
Model P R F1 P R F1 P R F1 P R F1 P R F1 P R F1
O 712 647 531 71.0 669 687 874 892 883 820 8.6 822 687 586 626 8.0 8.0 826
F 56.7 728 687 858 83 8.6 9.6 910 908 879 8.0 879 745 701 722 822 879 88.0
RUEZPS 0.136 0.055 0.043 0.056 0.129 0.056

K3 RSN RIESBRE R EER T BT
AL F1 A . 45 R BoR, A B HAE B (58 AT 51 5L
fERIER T RIF R ASUR . EBRETFRIRAIT I,
GLM4-9B £ A, F1 fHEH] 98.52%, 1fi Qwenl-
7B FEX —4EEE IR AR, FLAE N 85.79%. Hii
5 F LU AR AE BT A R B AR 855, GLM4-9B 1)
F1 1N 78.30%, ifii Qwenl-7B iR I ZA A 50.72%.
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Fig.3 The writing skill detection performance of LLMs
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Fig.4 The Hamming loss results of LLMs for writing tech-
niques detection
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