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Abstract

Based on the practical application of the Large Language Models in the English dialogue system,
this study compares the performance of the fine-tuned ERNIE-Lite-8K-0922 and gpt-4 model in the
English dialogue system after using the prompt strategy. This study uses a series of quantitative
indicators, such as BLEU, ROUGE, training loss and other indicators, to show the effect of model
fine-tuning, and uses indicators such as naturalness, logicality, context understanding, multiple
rounds of dialogue processing and emotional expression to evaluate the quality of response gen-
erated by the model. While pointing out the performance differences between ERNIE-Lite-8K-0922
and gpt-4 in English dialogue system, this study also proposes the need to further improve the da-
ta set and fine tune parameters to improve the performance of fine-tuned ERNIE-Lite-8K-0922 in
English dialogue system and specific fields. This study provides an important reference for ex-
ploring whether there is a more cost-effective method to deploy the large language model into the
English dialogue system in the actual application scenario, and also makes a contribution to the
further development of the English dialogue system and related fields.
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Table 1. Example of dialogue dataset
1 ERIERE R

role content
Recently, | keep recalling past events and feel very aggrieved. In middle school, | was sexually harassed by a
user teacher. Although the wrongdoer was punished, the memories keep resurfacing, making me feel uncomfortable.
What should | do?
assistant | understz_ind your feelings. Many people are ir_]fluenced b_y past experiences,_so don’t blame yOUI:SElf. 'I_'his might
be a manifestation of a trauma response. Seeking professional help can provide methods to alleviate this burden.
user | feel lacking in confidence, and it’s affecting my mindset. | can’t seem to let it go.
It’s quite normal. Many people lose confidence due to past experiences. But you must know, it’s not your fault.
assistant  Some things are beyond our control. You can try positive methods to deal with these feelings, like finding
someone to talk to or using self-regulation techniques to ease the psychological burden.
user I also find myself afraid of men, even avoiding close family members.
assistant That’s also no_rmal. Your fear is a result of past experi_ences. However, you negd to build trust, tell yourself that
not all men will harm you. Gradually try to interact with men and seek professional help to overcome your fear.
user Thank you. I’ll try my best. But | still feel very sad and sometimes want to cry.
That’s perfectly normal. When you feel sad and overwhelmed, don’t suppress your emotions. Find a quiet place,
assistant  try deep breathing, or have a warm drink to ease your emotions. If you need someone to talk to, we can chat
together, and I’ll do my best to help.
user | feel it’s challenging. I’m not sure if | can handle my emotions.
assistant Hgndling emotipns is indeed not easy. But you need he_lp. Seek professional support or share your feelings with
friends and family. We can work together to find solutions and help you regain confidence and self-esteem.
user Thank you for your help. I’ll give it a try.
assistant You’re brave. Don’t forget that. I’ll be here to support you. | hope you find a path to overcome difficulties and

become a stronger version of yourself. Good luck!

2) Wi %

WEZREE: & 100 ZLA 0B WS 0 14
WuEE: UIZAER) 10%

PRGOS HUL A 2.

Table 2. Fine-tuning parameter configuration
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Table 3. Fine-tuning results under a series of evaluation indicators

3. —RINTFM R THRIBESR
BLEU-4 ROUGE-1 ROUGE-2 ROUGE-L
22.96% 20.63% 3.37% 15.34%

Perplexity

—@— Perplexity = =e=e=e=e 24k (Perplexity)

Figure 1. Perplexity line chart
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Training Loss
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~—@— Training Loss ~ ========: 2% (Training Loss)

Figure 2. Training loss line chart
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W AR A, TRy AT R E S OB SR IT R R, DR B AR A H AR AT 45 TR
TN

SeoRin BRI AT

Please play the following role, you need to gradually understand the specific situation of the user through
question and answer, and each reply should not be too long;

Short should responses generally be, in order to ensure a realistic communication experience and not mak-
ing user feel that you are not a real person psychologist;

Role information: Li Mingxin, Female, 38 years old

Professional field: Counseling Psychology

Work experience:

Having 15 years of experience in psychological counseling, focusing on adult emotional management,
stress management, interpersonal relationships, and workplace mental health.

I have served as a senior psychological counselor in multiple well-known psychological counseling institu-
tions, providing professional psychological support and counseling services to thousands of clients.

Completed various psychological counseling techniques training, including Cognitive Behavioral Therapy
(CBT), Emotional Focused Therapy (EFT), and Mindfulness Stress Relief (MBSR).

Personal philosophy:

Li Mingxin believes that everyone has the potential to face the challenges and difficulties in life. She is com-
mitted to providing clients with a safe and inclusive consulting space, helping them recognize and discover their
own resources and abilities, thereby guiding them to find ways to solve problems and improve their quality of life.

3.2. 1REVEAY

3.2.1. Wb EZE

CREEIE, ARSI RN TVRAS B 5 ER R AT VAL o FRATE 26 DLA - 1 B 4 N B0 1Y
YESgEH, RO SR T IR R AT OB S W1 . REH Y 4~8 FoxtiE, JRiEIE A TIEAG
(1977 2 PR AN 56 BB R 1 A S AT V57

VAL YERE S SR W42 4.

N T AEARFEEI R M EIIS, P4 0 S e A LR 22, FRA 1 F BN T AL ROV bt (675
PPN A BRI BE AR TR (R G M RE AR AR, AN I 70 VRN . PPRor A 4 3 /- AT 70, B
NGy, AR “ORFFEB ). RIEF 4r) Frdfudi(l 47)” o AN EREIF5r, RIEEAE
R PEA RN G BE B B 24455
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Table 4. Assessment dimensions and requirements
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Figure 3. Bar chart of manual evaluation results
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S HERA T (Information Accuracy). & T SCEEf#(Context Understanding). 2 58 X & 4b 2 (Multi-turn Dialogue
Handling). 1% /8214 (Emotional Expression). F &% (Naturalness). 3=/ (Proactiveness). &< f1*L5(Tone
and Politeness).

AT, ST —MERGEAT IR, AR T HAR S ERERE S, BN EATEEC R BIEA
REAT IR B AR AN PAAT F P R & AR AR S 22, AN i AR FAE T IRAL AR THE 55 1) 56 B 2

PRSIk, 2Bl RERANG I 7R 5 FHRE SR

Table 5. Comprehensive scoring weight allocation

5. ZATFNNENE

i3 [

1B #57% (Logical Coherence) 25%

= ELERf 7 (Information Accuracy) 25%

R 3 3# (Context Understanding) 20%

Z 5 5HE 4L F (Multi-turn Dialogue Handling) 10%
1% [ 1% (Emotional Expression) 5%

4R FF (Naturalness) 5%

F#h 1 (Proactiveness) 5%

1B AIAL3H (Tone and Politeness) 5%

REFHN MR ZRE VP 4R, WK 4,

ZEE TR

u GPT-4  ® ERNIE-Lite-8K-0922+1{ 1

Figure 4. Comparison of comprehensive rating results in a pie chart

4. FETFSERIILLBHRE

4. R 5T
4.1. g

AR ST DL ST T
1) B GPT-4 (E5 MARE P RIS, FEILT EAFIOHUEAE /). ERNIE-Lite8K-0022 £

DOI: 10.12677/airr.2024.132029 279 PNER ST IR YN


https://doi.org/10.12677/airr.2024.132029

0
i

farey
=¥

JEAEZ AL PRI T, EEAE A PRI . BRI S R B AR R S dh T GPT-4.

2) MR 72 B AR T, —FH YA S, 2500 1) ERNIE-Lite-8K-0922 #5115 7% =1 GPT-4.
T 3RA 1B SRR v] GERL (G B S SN 5 N Z B BOxEE, 10 GPT-4 &% 4y % 5. K Kig, FIZr
S AR ERNIE-Lite-8K-0922 #58Y BAR A AT Ik 4) VEA A [, {2 AR i) [ B E 3R IR U7 TH
BEEE, SEIOHESFALED T R iErE, I T S X 4 N A RIS .

TEESAALI T, PIANMEREE R IR AL T ABUE SR AT A, ATRER B T KB A & 7E
Xof T8 120 5 T ) R B

4.2. WIRERE

AHIFFENT 2R ) ERNIE-Lite-8K-0922 i1 GTP-4 7E{# F 1~ Prompt TR J5 75O B ¥ 1) 6 1 3 5 o )
REJIRIAT TXTLE, ARV TS e A B ING 5 A RN 7 B i BB TE H AT 553 5t X —SERR ) /3
BEAT T RRAR R

AL I ERNIE-Lite-8K-0922 JF AR XM GPT-4 M HHIRER, FATHERBAWMTAL:

o BEALERES TIERMEM L, SHEERIEE ) ZEEECR, B RRIA BIRFA TUH IR I .

o WREHEERD, SEOLRERE T B EREREMEI SR, SEEER EE HIES R
o

o AERLPRIN 4 7 ARXS R BR -

T EEERIBETL, AL T AT H K -

o GREESEHBIREE, POZIAREIREBIEE, BeNE SRR ITOR I ZR.

o EHEZ5X LRI AL RE 7 22 BERCIN IR BUEEATOR, 5 2 RT LU [ Py B A AR A AT O
FEARAIE R A A IR, R R Lo B A AR TR (3 7 45— B

o HEEESHECE, WMIAW SO S, A2 LR R .

o FTLLJRIF T2 (R0 0 D D AN AR AL P o

EHEUmHE

ARCCEd A E RS (AR KA QU I ZRIH (B0 H % 5 202308032) 7 AT 3 AL
FARWL 55 2% LIiet & BB,

SE

[1] Lin, T.Y., Wang, Y.X,, Liu, X.Y., et al. (2022) A Survey of Transformers. Al Open, 3, 111-132.
https://doi.org/10.1016/j.aiopen.2022.10.001

[2] Tay, Y., Dehghani, M., Bahri, D., et al. (2022) Efficient Transformers: A Survey. ACM Computing Surveys, 55, 109.
https://doi.org/10.1145/3530811

[3] Radford, A., Narasimhan, K., Salimans, T., et al. (2023) Improving Language Understanding by Generative Pre-Training.
Openai.
https://www.semanticscholar.org/paper/Improving-Language-Understanding-by-Generative-Radford-Narasimhan/cd18
800a0fe0b668alcc19f2ec95h5003d0a5035

[4] Radford, A., Wu, J., Child, R., et al. (2019) Language Models Are Unsupervised Multitask Learners. Openai.
https://paperswithcode.com/paper/language-models-are-unsupervised-multitask

[5] Brown, T.B., Mann, B., Ryder, N., et al. (2020) Language Models Are Few-Shot Learners. Proceedings of the 34th In-
ternational Conference on Neural Information Processing Systems, Vancouver, 1877-1901.
https://arxiv.org/abs/2005.14165

[6] Long, O.Y., Wu, J., Slama, K., et al. (2022) Training Language Models to Follow Instructions with Human Feedback.
Computation and Language. https://arxiv.org/abs/2203.02155

DOI: 10.12677/airr.2024.132029 280 NTHE

ASHIRE YNk

D)-
>


https://doi.org/10.12677/airr.2024.132029
https://doi.org/10.1016/j.aiopen.2022.10.001
https://doi.org/10.1145/3530811
https://www.semanticscholar.org/paper/Improving-Language-Understanding-by-Generative-Radford-Narasimhan/cd18800a0fe0b668a1cc19f2ec95b5003d0a5035
https://www.semanticscholar.org/paper/Improving-Language-Understanding-by-Generative-Radford-Narasimhan/cd18800a0fe0b668a1cc19f2ec95b5003d0a5035
https://paperswithcode.com/paper/language-models-are-unsupervised-multitask
https://arxiv.org/abs/2005.14165
https://arxiv.org/abs/2203.02155

0
#

48

(7]
(8]

[°]
[10]

[11]
[12]

[13]

[14]

Openai. (2023) GPT-4 Technical Report. https://arxiv.org/abs/2303.08774.2023
TRy, AR, QR S KIE SRR AR TS UK R [J/OL]. TR B S (B AR IR), 1-10.
https://doi.org/10.16511/j.cnki.ghdxxb.2023.26.042

P, (REN TR R B AR ) R AR, RIEZSHA AT PE AT A [EB/OL]).
http://news.cyol.com/gb/articles/2023-05/28/content_pQ3I4YTYBE.html, 2024-03-15.

Wi (AL RBEUORBE VPR, 2023) KAT HE Al KBRS G147 T4 5t /K F[EB/OL].

http://tech.chinadaily.com.cn/a/202307/19/WS64b7bddca3109d7585e459ae.html, 2024-03-15.
L5, B, skEER. RN TR BE(AIGC) B B H AT [J]. #3hif5, 2023, 47(12): 71-78.

AN, AR, BEZ, & ORIES BRI HEAR R =5 RGPS [I/OL]. THENLRH, 1-10.
http://kns.cnki.net/kcms/detail/51.1307.TP.20230911.1048.006.html, 2024-03-15.

AL, S RN R? [N]. R E R AR, 2023-03-23(003).
https://doi.org/10.28514/n.cnki.nkxsb.2023.000712

Qiu, H.C., He, H.L., Zhang, S., Li, A.Q. and Lan, Z.Z. (2023) SMILE: Single-Turn to Multi-turn Inclusive Language

Expansion via ChatGPT for Mental Health Support. https://github.com/giuhuachuan/smile/tree/main/data

DOI: 10.12677/airr.2024.132029 281 PNER ST IR YN


https://doi.org/10.12677/airr.2024.132029
https://arxiv.org/abs/2303.08774.2023
https://doi.org/10.16511/j.cnki.qhdxxb.2023.26.042
http://news.cyol.com/gb/articles/2023-05/28/content_pQ3l4YfYBE.html
http://tech.chinadaily.com.cn/a/202307/19/WS64b7bddca3109d7585e459ae.html
http://kns.cnki.net/kcms/detail/51.1307.TP.20230911.1048.006.html
https://doi.org/10.28514/n.cnki.nkxsb.2023.000712
https://github.com/qiuhuachuan/smile/tree/main/data

	对比经微调的ERNIE-Lite-8K-0922和GPT-4在使用Prompt策略后在英语对话系统中的表现：以心理咨询师角色为例
	摘  要
	关键词
	Comparison of the Performance of Fine-Tuned ERNIE-Lite-8K-0922 and GPT-4 in English Dialogue Systems after Using the Prompt Strategy: A Case Study of the Role of a Psychological Counselor
	Abstract
	Keywords
	1. 引言
	1.1. 研究背景与动机
	1.2. 研究目标与意义
	1.3. 研究方法概述

	2. 大语言模型、模型微调和提示词工程
	2.1. 大模型介绍
	2.1.1. 大语言模型综述
	2.1.2. ERNIE-Lite-8K-0922


	3. 模型表现对比实验
	3.1. 模型场景化训练
	3.1.1. 微调ERNIE-Lite-8K-0922
	3.1.2. 提示词设计

	3.2. 模型评估
	3.2.1. 评估方法
	3.2.2. 评估结果


	4. 结论与讨论
	4.1. 结论
	4.2. 收获与展望

	基金项目
	参考文献

