ISSN 1004-9037, CODEN SCYCE4 http:// sjcj. nuaa. edu. cn
Journal of Data Acquisition and Processing Vol. 40,No. 1,Jan. 2025, pp. 230— 246 E-mail:sjcj@nuaa. edu. cn
DOI:10. 16337/j. 1004-9037. 2025. 01. 018 Tel/Fax: +86-025-84892742

ET S IEMBES IR A B &R & LR 7
/d\:b 12’ l:(/ijj\ Hﬂl,Z

(1. B KA BEBE, B 20130652, Al AT 38 ol A5 B £ 505 =, 1 201306)

W B AMELEI SRR SRR, BB Bk iR & %’Lﬁié’]fu SHE AT B E
AR AR HEZ RN RE AT IR ERRAN-BRSE S RABY T £, P LA
FSFDAI'TMRD., £ % 4 4E ¥ B 20 7 @& , ﬁé"3>’(va@5>'1£%9%41£7‘¢~1§]%579“ RH . BN Em
¥ B 49 BMES(Begin-middle-end-single) i 4. & J& T 4F ¥ BIO(Begin-inside-outside ) i 44 $iwk 47 i , Lk
BRREMGBESMESFHEAX B FREBTARIF AR B E LTI, EBERES S LRBT
m,ALZERNTHERESZEANN ., ALRITEEGF Hofe b RGN S KX ZEE, 2L KA A A8 8 3t
AT S R AR AR AT AR T A LA S 3 F S MR R R g b M AR AE, R, A SLE R T A HHEE A AL
BB TR RBF T X, mBRFIELEFTRFFHALF SHMEmR, 5 TR, K
Ly E BaEfe LMo RIA T 0.45%.3.96% #= 2.28% , 3 B A#h AL b1 42 3 3.01% , 4
A A RIAE S5 ) 94.86 % o
KR iR B SR L FARRA] 3B G A5 SR E AR AR S
FESES: TP311 MR ERD A

Named Entity Recognition of Fish Disease Based on Multi-feature and Cross-Modal
Knowledge Distillation
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of Agriculture and Rural Affairs, Shanghai 201306, China)

Abstract: In order to solve the lack of reasonable arrangement of multi-modal fish disease knowledge, and
at the same time reduce the redundant data in the knowledge distillation process, so as to deploy a
recognition model with low storage, small samples, and high accuracy, this paper proposes a new method,
named as FSFDAI"'TMRD. In terms of multi-feature collaborative prediction, this paper focuses on
improving the original multi-feature collaborative multi-feature prediction architecture of multi-tasks.
Firstly, the finer-grained begin-middle-end-single (BMES) method is used instead of the rough labeling of
the begin-inside-outside (BIO) method in the original work. Secondly, the formula for calculating the joint
probability distribution of the original architecture is modified, so that the model can better recognize the
nested noun entities. In terms of cross-modal multi-head distillation, this paper proposes to employ a cross-
modal attention mechanism. Firstly, it calculates the multi-head relationship matrix after merging,

splitting, and dot product, and secondly, it utilizes the relative entropy for knowledge distillation, so that
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the model can better align the intermediate features between heterogeneous teachers and students.
Meanwhile, this paper also applies the biaffine attention and adversarial weight perturbation function to
enhance the learning of multi-feature knowledge such as semantic phonology and word form word meaning.
Compared with the mainstream model, the precision, recall and F, value of the FSFDAI-TMRD method
are improved by 0.45%, 3.96% and 2.28% , respectively. The storage optimization ratio is improved by
3.01% and the model parameter size is reduced by 94.86%.

Key words: knowledge distillation; fish disease named entity recognition; adversarial training; biaffine

attention; model compression
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KL AU, Loss by B 45 2% sREL, Z7 0 Z° 43 591 XoF 17 2200 I R 2 74 A5 AR e 1 1) 3B B8, RS, RN 2256
AT Key Key 56 R B RS, 878 24 58 j 4> e 51 89 Query-Query 56 R FE , R Tgen,; %
TR G Sk BT Value-Value 56 R . [FH, RS . 3875 B W45 j A S 38155 19 Key-Key %
R, R e TR WS A3 B3 19 Query-Query 36 MR, RYY, e, T E AR j A S 5T 511
Value-Value 5 & 0 B .

R} = Softmax (19)

LKLZKL<log(Softmax(ZS)), Softmax(ZT)> (20)
1
I‘KK ?RI‘K] (Rgludgnl ]HRTLd( 1cr]) (21>
QQ 1
L 77]4}(1 (RSludenl j”RTeamer]) (22)
LYW= 1 — Lyt (Regen IR Yicher,) (23)
~ H <KL Sludenl}” Teacher, j
Loss =L 4 L9+ LYY (24)
2 XWE5SM ®2 ZRUEHERE

Table 2 Experimental hardware and software

2.1 LR EHF

configuration

R30S 56 il S A 35 GPU 40 £ NER AT 55 iF K i SH
AT R ok, S 0 T AR 2 P o HE Python 3.6

HY T £ B4 iﬂiﬁﬁkzﬁzﬁﬂ 4 T H. 5 K Y - 787 Pytorch 1.13.1
SCAR TR A AR S AR S B R L RIE R R I % Pycharm
W, , %% 1] 8 BaF SR Ml s — i 7R £ £ 00 1 Sl AR IR R RTX 3080
JZ WCHE R B R SOAS A4 N R 18 S HERE B A A LB o i7-10780H
AR S A5 Ll Linux M2 UHL 58 5032 I BRAT $fF, it e 32GB
35 e GRAEAT N TRR U M 0 T 2 A 0 4 B SSD2TB

B2 1 R R -

R B WG IS B R AR B RS AR A TR S B 1 i BMIES AR i vk R EE 17 Fhak
PRI (18 6221 92K 244 978 AT AT (4 585 R AEAR | F0 70 3 4 400K JBE 1) 0005 S (AR 6 20 . I R4 ik
A8 AR R 2 L Ry 8: 1= 1, g B R A [A) S AR 2 BU RN S8 373 M 4n 6 3 s
2.2 HEERSSHIEE

A S 7 5 35 bR Ok FL 48 bR (F) score) | i % (Precision) Al 4 [8] % (Recall) , 11 5% (25~27)
B 3028
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Table 3 Entity types and mathematical statistics of fish disease dataset
TR UERS R HIUREWE S it
UL 25 1065 132 135 1332
9o B TR 44 R 1638 205 205 2048
95 J5 TR AR 310 38 40 388
ZFLE AR 200 25 25 250
A LE HURRAE 188 23 24 235
G347 X 985 123 124 1232
P RRAIE 687 85 87 859
9 [543 B 758 94 96 948
i AT N 1865 233 234 2 332
fiff )95 £ 1166 145 147 1458
S 24 FR 400 50 51 501
25 i 24 PR 2105 263 268 2636
S5 7 5 141 18 17 176
2577 K 931 116 117 1164
43 2R 625 78 78 781
252550 i 798 100 100 998
T B 45 it 1027 128 129 1284
it 14 889 1856 1877 18 622
Precision = %EFP X 100% (25)
Recall =P LFN X 100% (26)
2 X Precision X Recall
F = (27)

Precision + Recall

Frf TP B0 IE A ) D5 A A A 28 K05 FP Ol 00 IE 8 B9 B0RE AR AR 28 550 FN O TI0I0 5 R A9 TR AS

AR SR I Rk B R B R FE I SO0 R B Ak Adam B3, 2 IZ& M A & (Linear warmup) #E 17 1%
PRI S U 4 Y SE B 25 R R E SRR 4 TR .

x4 THSHERE
Table 4 Experimental parameter settings

240 =1 24 H
Learningrate(RoBERTa-wwm) 2e—5 train_epochs 15
Learningrate(BiILSTM .MLP) 2e—3 eval batch size 32
T 3 dropout 0.3
max_grad _norm 1 dropout_probability 0.1
warmup _proportion 0.1 max_seq_len 128

weight_decay 0.01 swa_start 3
adam _epsilon le—38 Istm _hidden 128

train_batch _size 16 Istm_num _layers 1
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Fig.8 Comparison results of experimental parameters

2.3 HNEEBERANERS ST

HY T A0 I 1 U AR R 2 S RS IR VE R AL A SCLU BERT M CRF S B A, % 48 FSF-
DATZUR LM S M . Xl Rz S5 n . HESTTLUE M (1) 5 K7 /i H AR TS0 F
T T I XS SRR S AR BN [ . BILSTM-CRE 52 FR T 0 2% 45 4 FI R AF [ = RS % . 3
RN F SRR A, 23 5 R 76.58 %6 .72.63 % A1 74.65% . BERT-BILSTM-CRF B A D) — 3¢ (1)1
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TR B SR AR, 0 R ik B AR LU k5 ANFESMELRMLER

KRR N 81.14% , M2 E 8.51% ;F {i  Table5 Results of comparison between the proposed method
H78.09% , tHEHE = 3.44% . RoBERTa and existing experiments %
-wwm B RS 86 R 8 8RR F A 4 5N H AR AR BWWE  HARR F ks
86.74% . 88.24% KN 87.48% , M # & & BiLSTM-CRF 76.58  72.63  74.65
11.48% . 7.1% F19.39% . (2) 5K 74348 BERT BiLSTM-CRF 75.26 81.14 78.09

FH 70055 B 18 S BE ) P A 2 K i ChineseBERT (pinyin—+font) 83.71 78.45 81.00
S 42 B R 22 S g B B X L . Chinese- RoBERTawwm-BiLSTM-CRF 86.74 88.24 87.48
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