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Abstract: In research project evaluation scenarios requiring "small-circle peer review, " traditional expert retrieval/matching methods rely on
semantic alignment between project descriptions and expert resumes (dual—text) , facing practical challenges such as scarcity of expert resume
data and semantic drift of cross—disciplinary terms. To address these issues, this paper proposes a classification—based reframing model for
matching tasks using pretrained models. Based on paper text—expert label data pairs, the model trains a neural network that maps paper text to
expert labels, transforming the project—expert matching task into a "text—to—label" classification problem. The model requires only the project
description as input and directly outputs expert identity labels, thereby bypassing the dependency on resumes and reducing the difficulty of
term alignment. To mitigate the scarcity of annotated Chinese expert data, sentiment classification is introduced as a proxy task to systematical-
ly evaluate the performance differences among five models: BERT-base—Chinese, CNN, LSTM, RNN, and SVM/TF-IDF. Experiments show
that BERT-base~Chinese achieves an accuracy rate above 97% and an F1_weighted—score above 97% on a self—constructed cross—disciplin-
ary dataset, significantly outperforming other models. Its Whole Word Masking(WWM) technique and layered fine—tuning strategy effectively
resolve term semantic drift.

Key Words: expert matching; pretrained models; text classification; cross—domain term disambiguation
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Fig.2 Schematic diagram of the traditional expert matching model
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Fig. 3 Schematic diagram of the reframed expert matching model
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54 9% pRVECSE BB B T . PEAL B BE G — SR A% L F
b WERH R (Accuracy) AL F1{H (F1_weighted ) 7 -4 F1
i (F1_macro) . iMAL A [\ 3R (Recall_weighted ) Fl 7 F- 15 4
[A] 2% (Recall_macro) . A% Be A7 PR il , BERT A5 750 SR FH A
B BBUR NS (BB E=4) , T SCAR KA Gt — BT R ek
KB 128 N JT , i 1 BERT 48] 2 #E AT AR AL TR A0 3
332 AR FZRm

(1)BERT {88 . 3T BERT-base—Chinese 1)l £4:
PR 4k 7K 5 12 2 Transformer Jn 5 7 2849 | 7% 5 )5 4 NSP
fE55 , L MLM i LRI . MOE B BRI 20 22 )
B - T2 SRR ) R E N Se-5, K IZ S B 2] Fik
BN le=5, &R ) K 2e=5, 1%k 31~ epoch., HLIR K/N5h
A EE IR B 16/3FA8 By Bt 64 , 833 TrainingArguments
e B 5 PH A AR A (save_strategy="no" ) IR TR, i
JZ B W 5 3] A 28 7 ) (1 IR 45 2 B K ITHL 6,15,
2525),

(2)SVM/TF-IDF #E 8, SCAS ] 5 AR H TfidfVectoriz-
er 42 B 10 000 24 B AP A AE P, A0 1% 1—3 JeiB LRIk LAl
R ARIEBHEG . L m & HLik L (kernel="lin-
ear’) , IE W46 22 5k C=0.8 - i #8075 XU , Jih FH ARE 5 1y
(probability=True) 32 £F ¥ {5 B 40 . 2 0 2K 5k H
One—vs—Rest B4 & , TR 5% pREICHE T LibSVM 5230, ¢
TE T2 5 28I 2RI 78 CPU 5301 T o

)B4 (CNN) o i AJZ# F BERT 1] % %)
TRAL, 2R RS [ o 128, BRI A & A B A2 GRIE 5L
100, & B R 3, e el 1) 5T ReLU 306 sRELS
SR R A R AR R LTS o B D 2 B AR A s
[a] , e Ak %% % A Adam (1r=0.001) , Yl % 10 4~ epoch, #L IR K
/N64, A RUEREE R 7 57 B 15 B (padding=1) , L[] i%
THH TR “ BR B 2% 2 " A5 R i AR TR

(4)KEWICIZM 4 (LSTM) o BAfi] LSTM £5 44 5 1
JEC LT 256 A, AN $ R 2 ) 8] 20K A P 9 3R AIE . %
AYEFE 128, 5 CNN L i Ry i AL sk ms . 2kl E S
CNN —F{ (10 epoch , batch_size=64,1r=0.001) , il 32 [ T 45 HL
il AR I R, 6 U L i) AR 0 S B A AT

(5)TH IR #2245 (RNN) o JE 7l RNN 555 (JE GRU/
LSTM ZE44) 1 kX BE 2, B )22 256 FRIT , Tanh 0 BREL .
55 LSTM [RS8 AE (i A 415 128, IR0 R 10) , a0
78 0 R T 2 I X K SCAS AR ) 52 ], Oy LSTM 1 M RE AL
PRAERT LA
34 ER5HH

ARSI Ao FUE R R A DAl FE b, R T 5 28

waimai_10k ) 1 3 4~ A [ HL AR & 58 DC i 40 35 45 (myself-6,
myself-15, myself-25) FRYPERER L, W3R 1—3K 5 i .
SLEG SRR, B ZRBE R BERT 76 AN [) $0U8URUA R4 55
PR 14 Jre 91 i 0 8 HL AR E .

Table 1 Key metrics (ChnSentiCorp_htl_all)

#1 FEZi54R(ChnSentiCorp_htl_all)
f1_weight- recall_ recall_
model accuracy f1_macro

ed weighted macro
BERT (fine—tuned) 0.907276 0.906725 0.893 131 0.907 276 0.888 719
SVM/TF-IDF 0.751 449 0.716 889 0.651 731 0.751 449 0.642 959
LSTM 0.804 250 0.803 523 0.775 352 0.804 250 0.773 395
CNN 0.873793 0.873 114 0.854 696 0.873 793 0.851 085
RNN 0.674 823 0.543 802 0.402922 0.674 823 0.500 000

Table 2 Key metrics (waimai_10k)

®2 EEER(waimai_10k)
{1_weight- recall_ recall_
model accuracy f1_macro
ed weighted macro
BERT (fine—tuned) 0.917 848 0.917 886 0.907 932 0.917 848 0.908 309
SVM/TF-IDF 0.805 254 0.788 746 0.750 045 0.805 254 0.729 611
LSTM 0.892 827 0.893315 0.880 895 0.892 827 0.884 557
CNN 0.897 415 0.896 742 0.883 452 0.897 415 0.878 761
RNN 0.664 721 0.530 844 0.399299 0.664 721 0.500 000
Table 3 Key metrics (myself—6)
F3 FEHEHR(myself-6)
{1_weight- recall_ recall_
model accuracy f1_macro
ed weighted  macro
BERT (fine—tuned) 0.978 723 0.978 709 0.976 455 0.978 723 0.976 699
SVM/TF-IDF 0.567 921 0.536 681 0.484 198 0.567 921 0.419 889
LSTM 0.710 311 0.680519 0.540 606 0.710311 0.524 358
CNN 0.968 903 0.968 888 0.967 908 0.968 903 0.964 438
RNN 0.358 429 0.286 114 0.181 661 0.358 429 0.210 257
Table 4 Key metrics (myself—15)
*4 FEiEHR (myself-15)
{1_weight- recall_ recall_
model accuracy f1_macro
ed weighted macro
BERT (fine—tuned) 0.977 251 0.977 188 0.968 180 0.977 251 0.965 382
SVM/TF-IDF 0.228 436 0.106 353 0.070 933 0.228 436 0.091 504
LSTM 0.596 209 0.536 084 0.360 603 0.596 209 0.374 865
CNN 0.943 128 0.941 986 0.925322 0.943 128 0.912 541
RNN 0.291 943 0.252247 0.175964 0.291943 0.171 314
Table 5 Key metrics (myself—25)
*=5 FEiEHR (myself-25)
{1_weight- recall_ recall_
model accuracy f1_macro
: ed weighted  macro
BERT (fine—tuned) 0.973 514 0.973393 0.971427 0.973514 0.969381
SVM/TF-IDF 0.128 311 0.046 315 0.041 057 0.128 311 0.057 175
LSTM 0.721 601 0.711311 0.604 788 0.721 601 0.609 894
CNN 0.924 073 0.923 873 0.911 328 0.924 073 0.900 861
RNN 0.186 580 0.170 612 0.130 027 0.186 580 0.126 830
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5 TFIE E0 4 (ChnSentiCorp_htl_all) |, BERT B #ERf %
ik 90.727 6%, 7 /b 32 PF i B 48 4 (waimai_10k) | ik |
91.784 8%, X F W] BERT XJ 1E 20T SCAR fndk 1 =X 1115
AR Bt 511z AL Rg

HHZ T GG R R I T 0 Wi R BR M . Svmy
TF-IDF B 7 75 #4175 1855 5 48 1 0% o 5 % 43 51 R
75.144 9% 1 80.525 4% , FoAk e H T N T4RAE T 72, M
DA IR JZ 08 S0 RINN R PRI 30 2 ) AL, o 23R e A1
(67.482 3%, 66.472 1%) , 7£ Ab PR SCABT JL T R 3L .
CNN 5 LSTM B R F B Jm v, v R 8 3 80% , UEHH 1 44
25 N 25 A5 R AR ARAE ) S 3R IO T A R0 (AR S5
BERT /77 B 22 (4 3~10 M H 3 45 .

342 HRIEFALS

L RVCEAT 55 W 25 A T 500E T AR SCAT 55 F A9 7 ik
B P IR 7R T AL PE REREAT 45 MR (L R E0m) Pk
B A A . AR SO UG LA 55 44 B 3 A LA =20 3 1
5 A7

()N (6 ) BAERT A7 . R 3ATHIL FE 6 B A
FIVERECAE 55 b, A AR A A >R 24 TR B B . BERT A58
L 97.872 3% M HER ZEHEAE T 7, R4 UEH] 1 BRSO 5]
“PABRAE” AN AR AT A TME . CNNAR Y L 96.890 3% K ifE
TR BB R E N R B A B E R ).
1M SVM Fil RNN #5874 1 6 224y 56.792 1% F1135.842 9%,
LI H T & ST

(2) A (1528 M AR E PR, FER 4T, 2 L 58
YR A 15 AN AR PERE 22 BE i — P K . BERT 4%
T F%) T B 2R SR AR AR E 97.725 1% B w25 /K U, I ShAl /)
(B 6 FAT S AU TR 0.147 2%) , JBBL T AR E . CNN
PRI VR RN [ 3 94.312 8% (B SEF5 16 ] FHAKF- . 1548
BRI BE BT 20T Bk, SVM HER R B 12k & 22.843 6%,
RNN 24X 29.194 3%, & W] HoxfE DL Ak 328 5] 38 7 ok 1
BARERTE,

() B RHABL 25 F)UEHZ Ak ST e, hES
R 725 0 B R A BB R 1 T BERT A2 (14
THRAKIR TR 97.351 4% IR T 6 AT 55 (L BF% 0.520 9% ,
FEEM T HAR S Az AL BE AT P R . CININ AR i
%8 92.407 3%, B AT P T B AEATS S 35 0 T oAt SR 8t
RS PR AR BRI . 5 R R BT L 2, SVM
FTRNN BRI AER 4 T 5350 % %8 12.831 1% F1118.658 0%, H:
PEBE O I FE ML I A, 58 4 Tk I 2 SE B i 7 2K .
35 ZEITR
3.5.1 SN S AR Rt

S EE R BT W A A A ST R 1 25 S AR R
Mo FETE I AT 55 b, BERT B B 2 B i bk 1 175
SCIRMTRE S1 o 38 3 X P T 25T w5 )R I 55 5 D s AT
HrBE R 24> AR F LA A E) 0.912, 50 F T Ho s 411
SCHEfR RO ENE . MR TE RS L R ITEL HARME S )G,

HAERE f #1452 4E 4L |, 1F myself—25 K06 4 b 09 HERH RAK
SRTFIN 97.351 4% X — 5 A A 1 BB AR, B E T
T ZRABE Y 1) 3 8 2 2] SR W 7E figk e L SR DL [m) 1 1
ERLERY EER B BB BRI 6 4T E 25
A BERT FER 2L T [ 0.520 94N 1 43 A5, J 90 bk
MIAT 5 B R, iy I S i 38 L S0 KRR L P 4 fit
TR SR S
3.5.2 BERT ¥ 4k % R 2

BERT 7£ #5455 £ ZK VEBCAT: 45 HP G5 04 v o i 3 05 1
I ZriBokl AL S5 48 5 0 S ms i o RAE R . 15k,
FERITE 100 GBI H SCiE R L I 2R R 10 222 R R 15
HIR, Sk G RAE B8 29 A 5 LR, A RS (WWM) 2R
PLEE R S RS 50T, sk T H ORI FURN B AL R
TR TR B 2R ) AR Y B 2R RS LIRS B
J& o 43 )2 S0 SR W A T2 0 FH 38 v 2 ) 8 (Se-5) , TR LS
Be L AR A3A , FENR 2 IR AR 2] 2R (1e-5) AR ]38
FHTE SCFoR AT SHE ST A0 i 17 1 45 R R e 2
353 CNNEERESTHENS AR

CNN B RUAE 4625 8 GERUBAT 55 P il R AR e e 28
£ (25 284145711 92.407 3%) , i i T HERF € o P
BE . AT QJm s B Ui R 31
& B BB 0% i ORI S B R AR B 4L A 12 s QT RAUR
4 Je die R AR 2 B AR T B R S e R T R s
@B AT - 7F A7 Z B A B R PR 855  , CNN J& BERT 1
mrE R R R R R, BB AT 55 5 4 B gk 2
Jin,CNN 5 BERT Z [R] () PERE 22 BE B TP R (N 6 2811 1.0%
$ 25219 4.9% ) , F W AR i 52 24 9 5¢ T Y RAERE I 4TS
IR
3.5.4 FG AR % 2k AT

RSO SEEG 25 5 B TR A R A & KL RAT 55
() 4. 35 JR B < (D RININ B A6 82 1 2 ] 21 - Al RNN ST 7 Ah
PR SCAS 7 i, DR B 2K Tn) S SO AE 25 28 55 P
TR AL 18.658 0% ; @SVM/TF-IDF (Y FEAE A i M 5 15 4uf,
R AT IR GE T HE 1 SVM B B AE S OR 15 % 5% |36
PR 22 (25 B4 55 MERG 2% 12.831 1% ) , HMR A 5 I 7E T8
TR RS R R FRRESE T AR L 255 QG TR A X
Z R IG K A BURE 7R B Y K AR S BRI &
TR 8 TR 88 2 > AR 0 T Gy T ) e

4 HiE

ARSCER T — B T I SRR A Y & R DT RCAT: 55 43
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