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Expert Experience Informed Flotation Froth Image Representation Learning

ZHANG Jin' HUANG Jia-Hao' AI Ming-Xi® TANG Zhao-Hui®* XIE Yong-Fang® MA Jun'

Abstract Key indicators, such as slurry grade, are difficult to measure directly online using sensors. Soft sensing
approaches that indirectly estimate slurry grade by integrating easily obtainable process operation data with froth
images are of considerable engineering importance. To address the limitations of insufficient representation and poor
generalization of conventional froth image representation methods, this paper proposes an expert experience in-
formed froth image representation learning method. It consists of distributed feature isolation network and experi-
ence informed representation learning. The former projects froth images into visual attribute subspaces with expli-
cit kinetic meanings, including size, color, and texture, together with a data feature subspace that complements im-
plicit discriminative information, thereby achieving structured visual attribute representations; The latter con-
structs a contrastive learning mechanism that mimics the human visual judgment process, which guides the model
to learn discriminative features in each subspace that are consistent with expert experience, thus establishing expli-
cit correspondence between visual attribute subspaces and expert knowledge. Experimental results based on indus-
trial data from a lead-zinc flotation plant in China demonstrate that, compared to the latest proposed soft sensing
DEFIE model, the proposed method improves the coefficient of determination for Zn, Pb, and Fe in tailing grade
soft sensing by 3.97%, 1.97%, and 2.40%, respectively.
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oo, of 95§ AREBIROBRRITR: i, T2 R
w;; = Sigmoid (— (|¢; — ¢j| — K)) (10)

Horp ) o RORFEG) i 5N PE RS 2555 3
il wy; MARE, « A . K (9) B —TikET In-
foNCE 2% 2] BEAAR M, (EX ARSI N T2 7
L—w. HFEAR A THZER/D, M1 —w,;
ZIN T PR ARG AR T 450 v 3 PR AE SRR AR R R A
T B kg AR AL 950 G SR A 3 AT Pz . =X (9) 38 I
W BT REARER TR N R 4 IR IEREAS, 2% T
SUARABUEE DA, 5 T30 AR ABURE ASTE TEAE At 1
YER, 1530 T 22 5 K PR AR AR S IE AR5 R AR 2
STHIASF 5.

3 S£Ig

NEAE EI-FIRL 75 ki ik v i 2o, i EL
oh [ 1 7 HEA R IR IS RGE NSERR AT R 1%
REGCKH ik, ke MR GFIE LS, 8. &
Tk T B i PO Rk Rk 5% T
Ry, B 3 Fos, NSl AR S R LR W, 78
R EJ ) 50 em 7 B4 H TIARNLS &
VR R GRS 2 B STl SRR A = R T 3
AR E . R T I ok AR TR B iR 2EIA
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KOG AN FEAMEZER, vt 1= 54 4h5%;
(I, TG ) 1o o8 BE A 8 DG U N AR X A B AH S
TEE FHE I 264, 3T EBCREE RS E MR S — B
JERIESAEW AR A X 52672t (X-ray fluores-
cence, XRF) M4, 4= $L4& 18 Madll £,
FEAN I A5 SRAE T 209 20 min, FAPCR DU FE IS
£) 1 min. BT XRF K B 20 T A0 261
AR, MDA [ LAk, ik, DUERPURH Ik
LB R, M &k BHR 5 R R
JEAL i 7 BN B AR . 4 T A e R v 2 RS U
KFEPARA—F, DL PR G IR XRE Aan il i (7]
NS, FET R 1 min, JR0EHCS 1% [RHH S (A] 5
s BRI B P BB IR AU FREREA, BL A I [H]
T RIZHPREN TEBRESHOR RSN, X
PRSI R EE (Zn)s HY (Pb) Ak (Fe) MAZH XRF
N AR R T B i

K3 HYRRE R R KRR

Fig.3 Lead-zinc flotation bank and data collection

BAFECRAESR] 32 971 A N4 HFEART, H
BN B S T I e R P [R5 SR AR B AR A AT
ot Pl 45 DL K I Z20 1) T 2R E 2 80, B s
55l i N 0 B 1005 55 ARSI S B AR
ML) XRE AT, it @SR EE S TEE M
NI B 30 B3/ T AR e Bl Hd J5a A
WENTEE BN £ 5.98% ~ 11.12%. 4% 0.39% ~
2.13%- & 20.86% ~ 27.77%:; *t N JE& I i 57 8 L Ay
B 0.87% ~ 4.38%- % 0.41% ~ 0.61%- Bk 22.52% ~
22.67%. BARELMAITELS, % 70%- 15% 5 15%
(K BRI 2 N 2R dE L B0 AIE 55 SR EE . AR AR
[F A5 R AE A [F) 26 N B0 A P EREE, BT SEER S 7E 5t
— PR IR IS AT, SIS ARG E A 2 Bt In-
tel Xeon Gold 6430 CPU. 2 Bt NVIDIA RTX Pro 6000
GPU (192 GB &47) [ 385 GB A7

ARV EL-FIRL BB AR JE AL it b A o o
WA R S 5EREE, B8, SINCFIEIZERRZE (mean
absolute error, MAE). ¥ 57#i% % (root mean
square error, RMSE) 55 R4 (coefficient of
determination, R?) F& & H A E A5 FE.

N
1
MAE = — :— U 11
N;:lly Uil (11)

RMSE = \l Jb; (yi — ;) (12)
; (yi — ﬂi)Q
S (Yi — Ymean)”

%

R*=1- (13)

Horbr) g 25 DREBIRATHE; v 227 HAE,
Ymean TEAEAIIME. FLUC, TEAL N BB T 45
BEIAH 2, M Monte Carlo Dropout % {X Hif 7]
A 6 O X 1) F SE 4 AR 2, o ST X 1) 7 A
(prediction interval coverage probability, PICP)
5P 2 35000 [X (8] %8 J% (mean prediction interval
width, MPIW) $&45, 73 i F 5 S e 750000 [X. 8] ) 7]
SR

? (3

N
PICP = — > L (ys € [glever, gitr))  (14)

N
1 u er ~
MPIW = N Z (@z pper _ yﬁower) (15)

Forr, TON4R7R BREL glower A gy PPe” 73 ) R T
BEXEK TR FRME. &5, A a8 4
577 ZERERE ST, BI NIRRT 24375 (expla-
ined variance score, EVS) f&¥x
Var (y — §)
Var (y)

Horr, Var N5 22, 48R AT B S WA TR i 8 5 )
BRG], NI ZRG1FAT EL-FIRL /£ 2 2% Tk
T TS 8 1 5 AT SE

1) UK BUR AL %) b

ARAIE EI-FIRT 5 84 77 97 36 3o 7 M 0 e £ 56
BEPE, 26 BT ) 3R B SRR BT 2 ST TR TR R
RAETT AT R L SE SR A£G B2 (tradition-
al convolutional network, TCN)P7, £ R EERHIEHE
H M 2% (multi-scale feature extraction network,
MSFE) ™ 5% %% >3] %% (residual learning net-
work, RLN) M5 Transformer (vision Trans-

EVS=1-— (16)
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former, ViT)® T A AN o T2 LB () £ =
MRIEM 2% (data efficient froth image encoder,
DEFIE)!. %5873 % LAY (1 J5 as e vt H 97 9F
T3 EAT 55, iR R AT it 5 A5 A
TR B ER B (R AR S i3 4y, IR AE R 45—
BT AT Sk 58— J2 FH TRl g 0 s 1 ]
BRHES R RER T 280N, B2 &
2 1) AL o S OO LA AL AT 48 — 46 i 22 300
x 300 18 %K, JFKH I8 55 R 4 Ab B LA
JEHRTFHE. T VIT BEA R B AT BUR R 73,
WG RS BEE N 224 x 224 B R, BIESHE
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Zn ffiHE
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1B 5 FCSAE (R 0 bl B R ik 22 A A T (BR T s i
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FIRL MBS A A 5 EE T N B, A
24 R 0 1 5 AR P S S S, SRR AR R A T
N E&AERE TR, & 1708 T EL-FIRL 5
X EEAR R () T M REFR AR, BLFE MAE. RMSE. R?
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Comparison experiment results of flotation monitoring models shown by scatter plots and residual plots
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R MR R A SR 4
Table 1  Quantitative comparison experiment results of

flotation monitoring models

JiE Y BE(M) MAGs (Q) iy .
MAE RMSE R?

7n 0.2876 0.4394 0.8103

TCNE Pb 20.2 3.5 0.2856 0.3969 0.8401
Fe 0.2421 0.3706 0.8621

7n 0.2415 0.4117 0.8335

MSFE® Pb 24.5 5.8 0.2704 0.3773 0.8555
Fe 0.2365 0.3586 0.8709

7n 0.2535 0.4029 0.8366

RLNE Pb 24.0 7.7 0.2686 0.3702 0.8609
Fe 0.2149 0.3052 0.9065

7n 0.2716 0.4233 0.8240

ViT® Pb 86.8 17.6 0.2756 0.3728 0.8589
Fe 0.1991 0.2694 0.9202

7n 0.2349 0.3909 0.8499

DEFIE! Pb 27.8 8.3 0.2489 0.3552 0.8720
Fe 0.1842 0.2721 0.9257

7n 0.2156 0.3488 0.8836

EI-FIRL Pb 35.9 14.8 0.2394 0.3338 0.8892
Fe 0.1658 0.2281 0.9479

AR AT I R? 20553 0.883 64 0.8892
F10.9479, XRLH MAE 4357108 0.2156+ 0.2394 A
0.1658, RMSE 437’5 0.348 8. 0.333 8 11 0.228 1,
BEARTIONRG BE A T 25 % LU A R e iR i ik f2 v
B EEE TR E, M. SR HM R 2
AT KRR T, HIAY 5K Bhr
BRSNS A AR T O B3 FE I T
FEME T, EL-FIRL 7EEE G S AL 0 A A5 1) 8. 3%
PEREFE T U o . 5 56 T Y AR 0 T8 AL 3 1
DEFIE #A4H EL, EI-FIRL MU4E. 85 F1Ek R? F845
S AIEETE T 3.97% (M 0.8499 %) 0.8836). 1.97% (M
0.8720 £ 0.8892) Al 2.40% (M 0.9257 ] 0.9479).

K 5 #t— 8 T EI-FIRL 5 & X L 57
TR A PR Ede b LRI, 64 PICP M
MPIW. s2E6 45 KB, X ELE 1 PICP $845 1
WHETFLE 0.60 /£ 45, T EL-FIRL i& %] 0.75, £WHi%
P 4% B m O = B (S B kA, EL-FIRL 1
MPIW BT H MR, RHHAERFE S B
KV 78 55 2R B[R, P X [e) 56 9. (AL, EI-
FIRL A RES “dy B 2 B S, i DL /NI IX
(B ST 37 5% F0 B8 45 P o A 2skds

Kl 6 LL3 T EI-FIRL 5 & X% LLREVER EVS $5
Fr. 245 KB, EI-FIRL £E8F 43R =F R

0.75 A -
e~ Pb
0.70 4| e Fe
x
~
S 065
o
0609 ~—
0.55 T T T T T T
TCN MSFE RLN ViT DEFIE ELFIRL
0.55
0.50 -
0.45
=
&
= 0.40
0.35 A Zn
--+-Pb
0.30 L Fe

TCN MSFE RLN ViT DEFIE EI-FIRL

Bl 5 i M MRS T AN o 1
Fig.5 Prediction uncertainty evaluation of flotation
monitoring models

fn AL TAT 55 I UG T B 18 EVS {8, 2 3l
F]0.891. 0.897 F1 0.949, & F LT HAh ik BB %
HERERY . %45 BRI, EI-FIRL feu% 4 3 58 K b
IREATT 22, RAERE S0 8.

1.000
= 7Zn

0.975 1 |== P,

0.950 - B Fe - -

0.925 =
2 0.900 - = -
M = &

08751 F é

0.850 14 < = = =

: i & ‘? &
0.825
0.800

TCN MSFE RLN ViT DEFIE EI-FIRL

Kl 6 YRk DR AT AR T ARy
Fig.6  Explained variance score evaluation of
flotation monitoring models

BEAh, 3 1 A 45 1 &0 EUAR R F) 2 B A
5152 24 (multiply-accumulate operations,
MAGs), PAVEAG AR 7 A8 Tl v g 5 AR 2
(B FRA A 56 &2 . EI-FIRL £ 5 A4 Aii REAE R 25 19 2%
525851 SRILF AN G, ZEE ST EEH
BT RS GRMNEAG B, B EE8T VIT 5§
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v

¥ Eitd 52 %

R AT fE R R KPR, EL-FIRL £E4F.
BERER JER I it 7 TN 55 o AT 1 B v ) T
OO [X 1) v] S 14 S B8 7 ZE i RE e 77, B R
FETH I AR T 187 S G AR A RS, T EEAF R T
SRS HR G S A R

2) FIHR AR XS T

NIGAE EI-FIRL KR AE R HN T T ) 2o 2
P, 3 B = AR AR RN T IEAE XS L, 43
ANPHERL S (concatenation fusion, ConcatFus)®?'.
SIS F A B B H A% (prior knowledge informed
auxiliary prediction target, PriKnolInfo)* % & %I
PZE (prior knowledge distillation, PriKnoDisti)!.
IR TTER R AR BT B IR AR X LA v o
fE5%, Bk, N ERRT g R aT Lotk 5 AP, A
WSO AT IE RO E B . B, MIRIR G iR
HURSE At sUH S F TRHE, JRE R S i+
THRFETC S TE B 4. = Fh A iR N 7 1535 BA
ResNet 1E A EG ISR L%, FR7EH 53 AN Z B
T sk: 56— 2 M T RG s 5 i BURRHIE 5 A 22
KER T ZSHN, 5 250 R R AL TE.
B IR AR T

ConcatFus: #F THHiEE ResNet gmhd 13 211
EUR IR =R AEREAT Pf R &, T2 Ruan A1 98 2 5
For. BN SFHENE R L2283 FERM AR

5
4] | ConcatFus b “ ‘
« EI-FIRL . e
]
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o e 3
=2
et
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0
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Comparison experiment results of knowledge embedding models shown by scatter plots and residual plots

Fig.7
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PriKnoDisti: & 26K T TRHIER 27 2 1 15t
PR 28 R DLSRASHIRCUAL din A7 1 200 Al 1 &5
BE ), M AT ResNet VR 5 2] AR 3R 2
BRI ZR e R, W EECE ZE o B v H
br, HT48 SRR 2L 5] AL FE ) 22 2R W 2%
[E ISR A A v -5 R i A BB (RT3 7 iR 22
ik, DL S AR ARSI HCE — R O S O
PR 2 (B ¥ 5 iR ZE Bk

AR AL BB B, A WK B S — AR
300 x 300 18 %, FFE I — A 55 5 B S5 1 b 3 DAY
BOCH BT, B SR ORI BUR RS B, 4L
PREETF THHEG, RH Z-score BEATARUEILALHE. FT
ARBREIRA Adam RALES, WILEF > BN le4,
RN EE A 200, BRNZFECH 300.
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FEH
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A S R R ER). £ 208 7T EI-FIRL 5=
FRENTER AT PO AL [ 0l PR BeFE AR, (038 MAE.
RMSE K R? (HTF TR B3, MuxREA
ST EEREER). WNRZEE K MAE f8fs ]
W, EI-FIRL £ =4 & jo 2 b B 1 i3 2 35/
TR, FLAREE EVAE LI MAE 2051004 0.2156.
0.2394 # 0.1658, fHEL T M AE A1) PriKnoDisti,
SR/ T 5.89% (M 0.2291 F 0.2156)- 0.50% (M
0.2406 % 0.2394) f1 17.39% (M 0.2007 F] 0.1658).
MEL S S RMSE $8 65 AT i — 2 W% H], Concat-
Fus M PriKnolInfo 5  Fill i Z= 8 K, H RMSE
31k F) 0.3934. 0.3881. 0.3281 5 0.3830. 0.354
0+ 0.314 6, KB H AR fb-& 77 00 1 m i vk g R
fERIX 73 Be 1 Mz thge AR, Mtz T, EI-
FIRL F 8k 5 43 A 58 B2 5 A 28, $00& 28 5 000 1) 25
BORE B 30 35 PRI, R B R AE SIS e A v B

R 2 RIRIRABRIN F A S R

Table 2  Quantitative comparison experiment results of
knowledge embedding models
L \ bt
T %ix ;
MAE RMSE R?
Zn 0.2638 0.3934 0.8507
ConcatFus®! Pb 0.2893 0.3881 0.8477
Fe 0.2287 0.3281 0.8922
Zn 0.2442 0.3830 0.8585
PriKnolnfo!! Pb 0.2595 0.3540 0.8733
Fe 0.2156 0.3146 0.9009
Zn 0.2291 0.3772 0.8643
PriKnoDisti™ Pb 0.2406 0.3310 0.8826
Fe 0.2007 0.2530 0.936 6
Zn 0.2156 0.3488 0.8836
EI-FIRL Pb 0.2394 0.3338 0.8892
Fe 0.1658 0.2281 0.9479
0.75 1
Zn
0.70 4| PP
¢ Fe
£ 0.65
o
2 | s
A 0.60 A
0.55 1
0.50 : : :
ConcatFus  PriKnolnfo  PriKnoDisti EI-FIRL

FRRIRRE . 7F R fahs L, ELFIRL 43 5ik 0.8836.
0.8892 1 0.9479, % PriKnoDisti [#] 0.8643. 0.8826
F10.9366 20 HFETF T 2.23%. 0.75% Fl 1.21%. %
SRR EL-FIRL @ 7 A RHAIE B 25 I 2 5 255
5| G RAE 22 SR TR BUR RAE R R M, 30UFE T
FAE RN 5 RAE 2 2] 7 TH 2 E A

K 8 #t—th# T EI-FIRL 5 & X b 54
TR € PR FE AR bR LR BL, B3 PICP Al
MPIW. fE8 I i A5 117, ConcatFus. PriKno-
Info & PriKnoDisti ] PICP #8454 %N 0.57.
0.65 1 0.64, 7B FEFF TRHE A R RN 7 206
PETH RN AT T A AR, LA, AT
e T THMEAE LR S B HR AW, HH A SR
BB AN e . Mt 2 R, EI-FIRL f PICP
bR ER S 2 0.75, AR H MPIW {H & #K T
HoAth Zn R ANAR Y % B EI-FIRL @i 7F & 841
b ML R TR RS N A i R — B R
IS, BEA 5 TR A A 5

9 L# 1 EI-FIRL 5 = E0 5 i A XS LU AR
BE)EVS fibr. LIRS R KM, EL-FIRL 7E8%. £
Ak =R IR S AL TRIAT 45 i EVS 1B %5
T3 T T THRE R RR RN 775 SR 1 R
AEPF R 2 F IR 2B I 7 A AH B, E-FIRL J@ 1S
2206 5] G RAL 2F SN SEBL T X R F B, e
SRR S 1 S B R AAE TR IBR A R AE AR, (5 HLRAE
A 2 X PR Sz Ak

3) TH LI

N B AIE 53 A R AE B 25 I 2 15 28 06 5] S RAE 2
2J1E EL-FIRL H/E 5 DTk, it BUT Foppae 2
AR,

ZRAK 1. VTl o AT REAE RS = 9 2% 51 ) A B
T, ¥ ResNet gmifii i & 4 N EER G Ry
ML A R SFL B, S R BdE TS el FEBRA A

0.60 1
0.55 1
0.50 1
z
& 0.45
=
0.40 1
Zn
0.35  |--e-- P
0.30 { L Fe
ConcatFus  PriKnoIlnfo  PriKnoDisti EI-FIRL

8 IR AR TIIN AN 2 M B

Fig.8

Prediction uncertainty evaluation of knowledge embedding models
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1.000 —— POy < (R VAN T [T AN s oY VANE | = =
0-975 7 | g py, A7 A BRI, HARER IR IR 20384 7K, &K
0.950 1 [E= Fe - - TIUREAR AT AN S, 2T A A3 A 19.6%-
0.925 1 20.2%- 19.9%- 21.4% F1 18.9%. HHEHELBEHLATEL
il B i, 5 T0%. 15% 5 15% LLOIRI% vl SRk, Boik
0875 1 S SRR, AT S EI-FIRL 7855 Fh TR
08501 &= =
0.825 1 # 3 HERSERELR
0.800 . . ‘ . Table 3  Quantitative results of ablation experiments
ConcatFus PriKnoInfo PriKnoDisti EI-FIRL sebi
WHE [%ix
o RIS TR 21 4 B VAE  RMSE K
Fig.9 Explained variance score evaluation of Zn 0-2264 03679 08684
knowledge embedding models £ Pb 0.2445 0.3369 0.8839
Fe 0.1985 0.2640 0.9388
55 51 FRAESE 21 5 GG TR R I 2R 25 7 0.2499 03917 0.8520
Ml 2. N HT AL G| S RAF Y S M E B A Ak 2 Pb 0.2606 0.3666 0.8641
FINFET4R5 5 W &8 1 22 SRR (R ) B 22 2 Fe 0.1988 0.2685 0.9334
AR AR AL i HA 5 A S 3 7 iR ZE P R A A TR Zn 0.2245 0.3600 0.8720
I EEARAY, Ak 3 Pb 0.2412 0.3345 0.8842
ARfA 3. A RS RIESE ST I Tk, R HE Fe 0.1903 0.2477 0.9400
Gl [E1P SN o Rl LTI S ) AN B o LTS TR Zn 0.2234 0.356 1 0.8776
RN, A fh 4 Pb 0.2387 0.3336 0.8875
Aspk 4. 50 FAE T BT TR, A5 160 e oam1 02001 oo
T2 1 9 N -2 1, 260906525 ) 0 ST m omes o osm
R AN, Atk 5 Pb 0.2445 0.3369 0.8839
Ak 5. NI SCRFAE: 31 TR, K Fe  oasts o2 ool
P2 61 H A T2 6, R0 T2 0 1R moomse 0ds osss
KL ELFIRL Pb 0.2394 0.3338 0.8892
% 377 EI-FIRL 5 FL A el v & F 11 i Fe 0.1658 0.2281 0.9479

TYERETE bR, U35 MAE. RMSE K R2 Szibgh B3
B, 5% EI-FIRL #5884 76 5% 5 Ax b ¥ U3 e A0 14
e, BUE 7 A REERR B N 48 5 200 5] S RAE S 2]
TESE TR AL T RS B S A e PR 7 T ) OB E . B
Wi E, BBRERTI FRIEE TG (B 2), HATE
BELERFIERE) R? 0l R FEZ) 3.58% 2.82% i
1.53%, WA 5| SRIESF ] B EME T BT
B FIRAEANPE. HE— P Hh BB R Bl EEL
HEIRAE2E 2] (B R 3 ~ ARk 5) 1) T8 A [ F2
TR, Hop RS SRAE 2 ST s i o B35 RIS
TERSHRFIEAE [ WLTFIE T S5 Y = IRAES T
THI LA e R sk v 5 A AN A

4) ZALHES
itk WAE EI-FIRL 54 5428 i k 1o SERERRARLRRERG (@) - () X

(TR AN [ AU AND e S T AN [T P T VAN T E AN BT

Fig.10  Illustrative images of five typical working conditions

BB RAL LI ACRE Ty, Rk )RR 1B
S I vk IR B ; NV

ﬁ/@ﬂi{%ﬁ@\ﬁ%ﬁji%%%lﬁ . Hﬁ? lZ/flirﬂf in antimony flotation ((a) ~ (e) correspond to low-grade,
FCE XRF 50 1)(, NI I/H,mi‘{ljw, (VNI slightly low-grade, medium-grade, slightly high-grade,
A A 7 éé%}, P ik TR v i 10 Fr and high-grade conditions, respectively)
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AT H B R, K AERAYE (Accuracy) KA FE
(Precision)s A2 (Recall) & F1 #EFriAT 2T

SEES SR ANZE 4 s, ELFIRL B9 T 00 iR 5k
Hiff P T S S T R B 2 ) VAR R R AE
%, %5 TCN. MSFE & RLN %%, 53T H#EM
T RHLEL ) DEFIE # AU G, EI-FIRL 9 7H A 74
. AR K& F1L 45 H 85.31%- 85.28%-
85.75% M 85.17% T+ % 89.41%- 89.71%- 89.48%
J 89.39%, Xf NFETFZK 4.81%- 5.19%- 4.35%
4.95%. #E— 0, T PERE SR 0 AT RN AR
A PriKnoDisti, i U405 248 br AT 7 7 32 7+
3.27%- 3.43%- 2.83% 1 3.27%. 1% TR ) 9256 45
R, EAURIN T TR 5E « B = i 4 A7 B
BB R4, EI-FIRL 15 fe0% 2 > BA H) 50 1%
PIE R I RAE, BE 7 AR R P2 R A =
W Rz Lhg

R4 BRI TN RIIESL (%)

Table 4  Experimental validation of antimony flotation
working condition classification (%)
fahn
JiiE
Accuracy Precision Recall F1

TCNE 81.26 81.73 81.50 81.31
MSFE® 83.07 83.46 83.41 83.09
RLNF 84.07 84.40 84.30 84.05
ViT®! 82.18 82.53 82.38 82.15
DEFIEY 85.31 85.28 85.75 85.17
ConcatFus® 85.18 85.22 85.57 85.11
PriKnoInfo!™" 85.40 85.75 85.67 85.45
PriKnoDisti"* 86.14 86.28 86.65 86.12
EI-FIRL 89.41 89.71 89.48 89.39

4 ZEFRIE

BT R HL AR AR B 7 12 1 R ) = v v vk M SR AE
e AR BRI AR ZE R ) R, $R T —Fh &
Fa U5 FMIEK BB EEY 2] (EI-FIRL) J7i%.
26, KRG 2 R Bt S5 B A
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