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Abstract: Large language models (LLMs) are often trained with instruction fine-tuning to adapt to downstream
tasks to enhance their generalization ability, but this method has certain performance limitations for LLMs’ clas-
sification tasks, and sometimes cannot meet the task requirements. To address this issue, a global feature extrac-
tion classification large model framework is proposed. This framework uses the global feature extraction en-
hancement method proposed in this paper to release global features in the attention layer, then enhance the fea-
tures, and apply the depth low-rank fine-tuning optimization loss proposed in this paper during fine-tuning. Final-
ly, a global feature extraction classification large model is constructed. Compared with the baseline model Ro-
BERTa, the accuracy on the general sentiment analysis dataset SST-2 and AGNews was improved by 1.44 and

0.95 percentage points, respectively. Compared with the baseline model PIQN, the F score on the general named
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entity recognition (NER) dataset OntoNotes and CoNLL2003 was improved by 0.79% and 1.99%, respectively.

The experimental results show that, under the condition of not requiring complex prompt engineering or external

knowledge, the performance of the large model using this framework is significantly better than that of its sever-

al times larger LLMs.
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Fig.2 Large model framework for global feature extraction
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Tab.1 Experimental results of multi-category text classification %
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L SR IES ST E S SRS E S SRS E S

LLaMA-2-7B ( A ) 76.24 73.36 37.06 36.67 23.29 21.65 38.82 36.91
LLaMA-2-13B ( EH:A) 69.14 67.23 59.82 58.25 27.96 27.93 37.14 36.13
LLaMA-2-7B (#5847 )  91.85 89.17 52.19 51.72 69.15 66.97 42.61 42.12
GPT-3-175B (FHA) 54.30 51.80 43.90 42.20 - - - -
GPT-3-175B (/HA) 93.40 91.40 84.30 82.60 - - - -
BERT-Base 92.78 90.78 94.51 91.51 88.19 86.44 55.07 54.09
BERT-Large 92.86 91.54 94.45 92.34 88.74 86.33 55.79 55.12
RoBERTa-Base 94.61 92.61 94.70 91.70 90.32 88.57 58.46 55.74
RoBERTa-Large 96.10 93.21 94.78 92.96 90.95 89.35 59.64 58.96
gMLP-Large 94.80 92.72 93.41 91.56 89.11 87.94 57.25 56.24
AGN 93.27 91.27 93.82 92.42 - - 55.72 55.36
FSLLMs-ChatGLM-2-6B 96.10 93.47 94.95 93.97 90.23 88.64 59.87 59.01
FSLLMs-Qwen-1.5-7B 95.13 92.25 94.13 93.11 89.14 87.41 59.21 58.25
FSLLMs-LLaMA-2-7B 97.54 94.36 95.73 94.44 91.42 89.79 60.82 59.79
FSLLMs-LLaMA-2-13B 92.94 91.16 95.42 93.57 87.77 86.45 52.70 51.42
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b AT e PO SR R R e U, 13B B R & 4
JEE 3k v B ME LA AT 55 R e A 2, AR SO A
FSLLMs-ChatGLM-2-6B il FSLLMs-Qwen-1.5-7B
A PERER T 108 J5 19 RoBERTa-Large, [A]FE 2 H1 T
SRt K T RoBERTa-Large, B A W S AU A= , fiE
WA EE R RECCR ., HX WL 2E
KOG A . IR 78 50 Hal Be gl ZrieAs
P S a2

T Ao e 1 5 4 SRy R B A 0 IS KA AU AE
B A SCRR T AR AR 22T 55 i PERE I W P T
A (82 TR D7 i, JUHAE 77 SR Sl R )
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Tab.2 Named entity recognition task F; scores %

B CoNNL2003 OntoNotes V5
B W% F K% F
LLaMA-2-7B (EHA)  1.86 135 1.63  1.20
ChatGPT (EHEA) 69.71 6720 5185 51.10
GPT-3.5-Turbo (EFA) - - 2039 1822
BERT-Base 9291 9240  88.90 88.88
RoBERTa-Base 92.64 9213  91.13 91.55
PIQN 9329 9278  91.43 90.96
FSLLMs-ChatGLM-2B 93.19 9227  93.57 91.56
FSLLMs-Qwen-1.5-7B 9220 91.11  92.05 90.20
FSLLMs-LLaMA-2-7B 94.08 93.51  94.66 92.77
FSLLMs-LLaMA-2-13B 9228 9132  92.14 91.41

Notes V5 #0845 I 19w 24 SEAAR 5] (NER ) AT 55 5K
IaE R, 5 PIQNAAAH L, FSLLMs-LLaMA-2-7B
TEF o0 80 4y B4R 8 T 0.79% (CoNLL2003) Al
1.99%(OntoNotes V5), X245 50 FSLLMs £
NER {F:55 H 2A i R H

HEFEREARBE T, LLaMA-2-7B R 422, F,
IR M 1.35%F011.20% , 1% F6 W LLaMA-2-7B 7
VAT B R B (48 B R XE LA 35 Ab BE NER AT 55
M2, FSLLMs-LLaMA-2-7B 15 5 75 AH [F] 5 B
T F 53K 0 93.51% 1 92.77% , i F 4T
BERT-Base Il RoBERTa-Base % PIQN {4 5 5 |
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{H R AERT R 5] 13B MBS, HERE R 2B T F
R, 302 Fh T 2o B DR SR A AT I, A 7R 7 2 X ]
RS, X — o B 2R U . 13B AR
LIPS 2 Gy NI B €7 N AR = P Sy U A O
TRV SO B AT A8 AT I A6 AN ) DG AR I 25
Je W B AU B

FSLLMs [ f 3 n] J5 PR F L3 530 42 )=y R iF 7
2, 2 A R X a) R AILEE RO AR IC )
SRR, URRb 1 R SRRl o B4R B BR
LSRR [, FSLLM s fE % 58 I b 4l 412 ) 1
)42 R SR 8., NI 55 17 7 NERAE 55 iy 3%
¥ . FSLLMs- ChatGLM- 2- 6B #1 FSLLMs- Qwen-
1.5-7B fE Vg i 2 3% L T BERT-Base #1l RoBER-
Ta-Base 5L GBI, iX FE 43R B T A SC 5 vk 38
FHPE S &
34 HERSCIG
341 E RGBT RS g

R T BRUEA SO A A TR E 5y AT 55 Th Y

AR A SRR B AT AR 55 TR R 2L
T ARSI B A4k . SEE8CR AN 3 A A 4~
6 JUT 7 o “wio FS” Fem ANl FH 4 R FRIE BT 15,
TE I BRI R 7S SCHY FSLLMs #5858 il P g p= A= 17—
s A, FSLLMs 7£ SST-2 Fil AGNews |- # 2L
F FSLLMs(w/o FS) ,{H7E Twitter-Fin F1 SST-5 |- 1}
PERE S A QB BRI B o A ST B
LR/ ] LIAS s 22 S JE R, SST-2 Al
AGNews W] i [t Twitter-Fin F1 SST-5 H A7 T K 95X
P FBL , A SCH BT A [/] K/ N i 48 vh T fig
LA M7EFSLLMs(w/o FS) Hi%x —id # A
a2, RO E A LA EAEA S — il Sk i 47145
FAT55 . 13B BRI E R BRI R BB AR S T,
& T M FSLLMs S R 1 4 Jm Re e Bl 2
TSI 2 T 22 A I R A ok o e S i A I 25
(i) 9 B ek ) 245, BT 0 P B 4R N e A, A 2
DIt e PR S A T oK o A SCH A A58
FSLLMs (w/o FS) 0] AR 38 i /N LA KR B 45 | i
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Tab.3 Ablation study on sentiment analysis tasks %
fm SST-2 AGNews Twitter-Fin SST-5
Riggx AR ORER fJR RIRR AR OREERR fRR

LLaMA-2-7B 76.26 73.36 37.39 36.67 23.40 21.65 39.05 36.91
LLaMA-2-13B 69.77 67.23 59.56 58.25 28.36 27.93 36.89 36.13
FSLLMs-LLaMA-2-7B (w/oLS)  77.84 74.40 38.50 39.95 25.67 22.67 42.26 38.84
FSLLMs-LLaMA-2-13B (w/oLS)  73.39 69.06 63.88 60.94 31.14 32.90 39.59 38.19
FSLLMs-LLaMA-2-7B ( w/o FS) 96.71 93.67 95.51 94.17 91.63 90.51 62.61 60.26
FSLLMs-LLaMA-2-13B (w/o FS) 96.77 94.21 95.43 94.23 91.12 89.58 62.44 59.23
FSLLMs-LLaMA-2-7B 97.54 94.36 95.73 94.44 91.42 89.79 60.82 59.79
FSLLMs-LLaMA-2-13B 92.94 91.16 95.42 93.57 87.77 86.45 52.70 51.42
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Fig. 4 Training loss comparison chart for SST-5
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Fig. 5 Assessment losses comparison chart for SST-5
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Tab.4 Ablation study on named entity recognition

experiments %
” CoNNL2003 OntoNotes V5
e :
R F OREEEF
LLaMA-2-7B 1.86 135 1.63 1.20

FSLLMs-LLaMA-2-7B 16.15 16.36 15.50 20.68
(w/oLS)

FSLLMs-LLaMA-2-13B  25.56 24.37 23.73  22.62
(w/oLS)

FSLLMs-LLaMA-2-7B 77.07 7442 78.67 7777
(w/oFS)

FSLLMs-LLaMA-2-13B  75.77 74.21 79.83  77.52
(w/o FS)

FSLLMs-LLaMA-2-7B 94.08 93.51 94.66 92.77
FSLLMs-LLaMA-2-13B 9228 91.32 92.14 9141
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Fig. 7 Training loss comparison chart for CoNLL2003
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