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Relative Entropy Text Generation Based on the Large Language Model of
Psychological Counseling

ZHOU Yanci, YANG Junwen, LI Yijin, ZHU Guohua
(College of Artificial Intelligence , Jianghan University , Wuhan 430056, China)

Abstract: At present, the field of general large models is facing the problems of insufficient specific knowledge and uncontrollable content
generation. To solve the above problems, a parameter efficient fine—tuning method is used to train the large language model Psh—-LLaMA3,
which has knowledge in the field of psychological counseling. Then, based on the relative entropy control text generation algorithm CTGRE,
the controllability of the model is achieved. The results of various task tests and text generation tasks show that Psh—-L.LaMA3 outperforms the
benchmark model in generating text quality in psychological counseling tasks, with a 4% improvement in the ROUGE-1 evaluation index com-
pared to the benchmark model. Combined with the CTGRE algorithm, it further improves by 2%, demonstrating the effectiveness of the CT-
GRE algorithm in optimizing text generation attribute control and improving emotional expression accuracy.
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Fig.1 Overall structure of the Llama3 model
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Fig. 2 Datasets construction flow
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Table 1 Experimental environment configuration

F1 TWINEEE

g AEZH
ARG Ubuntu 18.04
CPU Ab S Intel (R) Xeon(R) Platinum 8457C
GPU #5 1.20(40 GB)*3
GPU N ## 120 GB
WAF 128 GB
CUDA 12.1
TR 2 S HE SR Pytorch 2.0.1
Python 3.10
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iy 55 B 1 R0 0] 2085040, FH T ASE 0L 35 0 R o BT 55
FEEAESS , IR B AE L 50 F i il AL R 30
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AOPERE , Horp LLaMA3 i Instruct BRAS
24 MHBETTEEIERR
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241 fmE
YA iff 258 2 Al 5t A5 TR A 22 TR 5wl 40 AT 55 h R I
TSGR , Fn AL AR 25 A LB AR
Accuracy = T A A AR AR L (4)
SR
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FEA 2] (few—shot) 55t o 3K A EU41 £ LA O—shot | 1-shot
F1 5—shot 1% # T W HERH ZAE R PEIFE bR , DAL AE A
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SE R PERETEAS F5 4
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S L] 2 38 2 3 53 AR B SCAR 5 2 2% SCAR 22 (8] ) n—gram
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2.5.1 MMLU # 3% & 45 £ 547

S AL AE MMLU 35048 55 b i vERf R an & 2 fir s . Al
I H, LLaMA3—Chinese 5 1 8 R 6 B o H 6, . HLAK
K, 1A Y BE A% b EE A R A BEOR 3OS TR AT R £
TE/DEAS 2 2 I S v i R A e, ANUAT ATE A AR 1Y)
T 00T SEATHESEL, i HL AT AR 2D a8 491 S PR e A ik 2
TV, 7R T B R N 2 AT 55 g e R AR R .

Table 2 Accuracy of each model on the MMLU dataset

&2 HEBEMMLUSESE EMAEBR (%)
. 0-shot 1-shot 5-shot
Accuracy Accuracy Accuracy
LLaMA3 62.1 62.4 63.7
LLaMA3-Chinese 62.9 63.8 64.1
Psh-LLaMA3 61.8 62.0 62.5
Psh-LLaMA3-CTGRE 61.2 62.0 62.5
LLaMA3-CTGRE 61.5 62.4 63.7
LLaMA3-Chinese-CTGRE 62.3 63.8 64.1

2.52 CMMLU # 38 & 4 R 547

AR AE CMMLU S04 42 1 A HERR R IN L 3 s . 1l
LI i, LLaMA3—Chinese 7£ CMMLU £ 1-shot % & h {7 4%
i, X5 48 T HA T BAR 2z 5 T SGER T 2k
1555 o Z A AE I Zhoad A v e RS (1Y o SCSCAR B i
el , T B4 T 2 & Y R0 A R4 AY5E W P . LLa-
MA3-Chinese—~CTGRE 7E 0—shot 5 5-shot H {54345 5% , & B
5 B3 AR TR R A XA TR By R R S | R L EH BRIk R
.
2.53 C-Eval 83 E 2 R 547

BALRIAE C-Eval B4 L HER R IFR 4R, 7]
LI H, LLaMA3—Chinese & 81 A5 I 7 28 35 v SCSCAR YN 2k
Jei s AMNFAS T A SR B S A e ), i L HER R
IR 2L JFR LLaMA3 B 7Y 22 51 405 3% ~4% o 0> PRI BH
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Table 3 Accuracy of each model on the CMMLU dataset
3 SBEEECMMLUHiRSE FMETRR (%)
" 0-shot 1-shot 5-shot
B
Accuracy Accuracy Accuracy

LLaMA3 50.9 50.9 51.9
LLaMA3-Chinese 529 54.4 53.3
Psh-LLaMA3 48.8 51.5 522
Psh-LLaMA3-CTGRE 49.2 51.5 52.3
LLaMA3-CTGRE 48.9 49.0 49.9
LLaMA3-Chinese-CTGRE 533 54.2 53.8

IR f 3 FH R RE A5 Bh A B, O—shot 18 & AR R g
A T, {O7E 5—shot 35t FfliRiE M. CTGRE 2 H T
1 2E B, HAE Psh—Lllama3 ) 1-shot b % J5 ik LLaMA3 #571

AR
Table 4 Accuracy of each model on the C—Eval dataset
F4 BB C-Eval iR s LHERHR (%)
0-shot 1-shot 5-shot
A
Accuracy Accuracy Accuracy

LLaMA3 50.1 49.7 50.2
LLaMA3-Chinese 53.9 53.4 54.6
Psh-LLaMA3 49.7 50.5 522
Psh-LLaMA3-CTGRE 50.4 523 51.3
LLaMA3-CTGRE 50.4 49.7 49.8
LLaMA3-Chinese-~CTGRE 53.9 53.3 54.7

2.5.4 LongBench 3% 4 45 X o #7

S AR TE LongBench £ 4l 5 b A9 HERA 28 4136 5 K .
ATRLE W, R A0 A LLaMA-3-Chinese~CTGRE, H:
LEA Py ik B 42,21, ZERLE B CTGRE A3 R4 il e 5
Sy (AR I R R e I 2, PR A 22 SORY I 3 ARG

PR MZE ARG T R REFBEWES Lk, &
25 T S R A %, LLaMA—-3—Chinese—CTGRE 7£
LongBench £ 45 42 (1) 22 80 h SCFAT 55 v HAag RAR L H, /L
SR 50 SR IR LLaMA =3 A b, JH7E 0% S BRSO i 152 TR
Ui fR A5 3 s g AT €, {E B AR M A

Table 5 Accuracy of each model on the LongBench dataset

%5 KA LongBench HIIEEE MR (%)

o PSR R M PSS AU AR EY

LLaMA3 52.1 13.1 0.1 22.0 51.3 94.5 38.85

LLaMA3-Chinese 19.9 28.5 244 27.6 59.0 91.9 37.70

Psh-LLaMA3 23.6 31.7 253 254 52.3 87.9 41.00

Psh-LLaMA3-CTGRE 24.3 32.6 253 254 50.9 89.3 41.30

LLaMA3-CTGRE 52.1 16.4 0.3 22.0 49.2 94.5 39.00

LLaMA3-Chinese—-CTGRE  22.1 30.3 244 27.4 57.3 92.0 42.21
255 SHEIBELERIN

O BRI A Sy 1 AR AR L A O B R ) 2R
O R A SCAR N Y . B U json 1B H, A
BRG] a2 6 TR

TER B B instruction 5 input B9 N B IEATPHEAE N
g NGRS ARG U & I, batch_size=64 , max_tokens
=512, temperature=0.3, 25 F AR 7E O PUECIE £ b 1 R 2 4
RTHR . ATLUE M, Psh-LLaMA3 55 CTGRE 414 4518 )
AR O B U 4 U H R O I R RN
ROUGE-1 48 #5 AHAL T LLaMA3 #5780 3K 51 4% /2 47 iy 42 71
X & B T Psh-LLaMA3 A5 4 (8 Il 253 B2 AT 1 #F X PEAL
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Table 6 Single data example
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Table 7 The performance of each model on the psychological dataset
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A ROUGE-1 ROUGE-2 ROUGE-L BLEU-1 BLEU-2 BLEU-3 BLEU-4
LLaMA3 22.15 4.87 14.63 19.37 7.28 2.98 1.29
LLaMA3~-Chinese 26.02 591 14.49 23.49 9.43 4.11 1.84
Psh-LLaMA3 26.50 7.69 15.86 15.65 7.26 3.85 2.18
Psh-LLaMA3-CTGRE 28.31 7.42 16.94 17.83 8.75 3.96 2.73
LLaMA3-CTGRE 23.78 5.63 15.24 20.94 8.11 3.52 1.68
LLaMA3-Chinese-CTGRE 27.17 6.49 15.38 24.12 9.85 4.32 2.35
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