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In the medical field, artificial intelligence has been used in various ways with many developments.
However, most artificial intelligence technologies are developed so that one model can perform only
one task, which is a limitation in designing the complex reading process of doctors with artificial in-
telligence. Multi-task learning is an optimal way to overcome the limitations of single-task learning
methods. Multi-task learning can create a model that is efficient and advantageous for generalization
by simultaneously integrating various tasks into one model. This study investigated the concepts,
types, and similar concepts as multi-task learning, and examined the status and future possibilities of
multi-task learning in the medical research.

Index terms Artificial Intelligence; Machine Learning; Deep Learning; Radiography
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A7} o] RojH oLt Z o= 94 gHimage registration), G4 A7 (image reconstruc-
tion), FAF FHHEZA jl(1mage super-resolution), 94} T3 (image synthesis) 5 thaet 24
NS 215 AFAlS 7]w50] Hark] Al Qlrh2-6).

HZ, A3As 714S gAS ot e B2 Ik computer aided diagnosis; o]}
CAD) A|AEIEO] /83t aL QIA|RE ti-2e] CADS] 2Hs -2 @/delstat oJAbEe] 24
AAE2ek= F 2|7 ALK, 8). AR = T ol BRoH, GG mRE o2 &
719] g3t o] FEES FAlol AAIR ‘%‘J‘?ﬂ, 2o ?1- 345 78 CAD A|ARIE2 5F
U] %Wli—‘jrfﬂ Q] Bdo|| et o] L2 E RIS B2, ol o)) o4t 125 A
4 = CAD A|ARIE Qlont O W7t ol AHlgHojm T &7] Wollale] o)/ 125 i

O % oh= 497 Bt 1 9ol ARk o 7 gely Hall2 sho] BjASE IS tlojEAle R
TE AL SHEE7] wlZolt). o] FFo] BiAAE #357] fleiie Z4H2e] BiAaE Qi =
g5 Wz LEsjof ght}, wfebA f3sjof sh= Bl A0 747t ol wintet A2 B
of sh= 29| 7i47} solubs 7L ot ol= |ald RHlo] A ESE ZhEal, AE
F SHolM e v gg24o|t}. ofA|qt 821 AT A|ARS QA= thefsh BiAAE0] FAlel
3= a7t QAL ol & QoAM= of2] HiATE0] FAlol Hefx|o] whEA| A8 ojof g,
F|Zoll= ol2gt SAIE 5] Slol BFetet o] of2] BiadEo] W £z X2]7] ¢
S opeFsh AleEo] o] Fojx|ar Qlom 1% HE] ejAT 2'd ¥%(multi-task learning; ©]st
MTL)2 ol2igt &l E F5517] 919t & thg Wete] & 4= itk MTL W2 o Qe Bia
A55 sAlol el BElg ShAl7|e W o g Zb7ko] BjAT50] Sk aFgollA] REEoiA]

har}

£3], MTLO] 7 s sl Bohi Hg=a) Roprt grk(12). a5 A5k
Holeks ol e AN ER 48 NS THoR B ) xw 22, BAT G, AR
2517] 9lsh 242}
o] 28 Suto] gick. w}ew MTLE 2H&5e) 2o}

FAlol chokt BlATE Helsiol s 79 22 o2 Helo] B 4 9lck. o8 Hob= 4}
279 Fojo} P 2 MILS) B8 74317} 2 Hofet & 4 9k, YollAl g0l Bl
BlAT L oabEe] B3k 9)aEE 08 Heshen] S} lom ekt BlAasS Al
A2 4 glofobh o) AL Hobh 3 A B Wtstel 94k 28] 7H54o] ol 4 ict. o]
of 4 FAollAl= MTLo cisl %uH4 0 2 Qoum, o2 FolollAje] MTLo] ofgiA| Alws|
Q) Al ez} stk

HE| E}A 3 2{'d(Multi-Task Learning)

MTL2 A2 o] Q= HAIES SAlol Sha3te=s Zbzke] ejAdof oigh 452 Aut
Aoz FIN7IE Sh5 FRIoIth(13). MTL2 Shte] BfARhS Shsgohe T BiA 2t
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EfjA9] 54, 4 274, A T4 —‘:—Oﬂ U‘—PE} E}ook—} H“ﬂ—i T2 5 A
Parameter Sharing Method

MTLE -7 UEY A2 2 WA]o| w2t 34| hard parameter sharing ¥} soft param-
eter sharing W 0 2 F12= 4= 9},

Hard parameter sharing ®5-2 MTLol| thet 718 dRbAQl L W4jo 2 mdlo] gjjojoj7}
shared layer} task specific layer= 7% %E}(Flg 1A). Shared layerol|4+= dlo|E| 2 7E] 35
A}l featureS FZ3}11, task specific layers S3tolHA| Z2ko] EfA T Eof| thh ol &4k =
23517 Hth. Shared layercllA RIS featureS FE5H Elo] 2 ejlAT - djo]ef7} RE53H
FRoIM e d5E FIAE 4= e 25 7IA FoH1).

Soft parameter sharing ®*#H-2 hard parameter sharing W=} 22| 24z}t ejA=7} 1.5
AAY HERIAE Fofl ot E 7 olwf) ZH2ke] A7 whefnlE 7ke] 2|5 Eo)7] ¢
Sk Ak o] 271 = FENS 7HI). Shared layers EA514] %2 constrained layerollA] ot
2t e} 7hof| feature 3-3-7} o] F0] %It} Fig. 1BE 2™ soft parameter sharing 54t A7
oA Al&sh= Zo] ohd 7+ ejA=nbet o] A% UES| S04 AJ2to] E]H| constrained
layer2] 7} layer7]2] AA=Eo] A2 719 featureS 3-335PHA Sh&EE 12YS ERIs 4 9
t}. Soft parameter sharing B2 ejA3H 2 Z17k0] Y EQAE 714 7| wjo]] B w27}
4% AT R AJ5o] et HAlgo] £ HiATolrt dofd 4= = THdo] lTH(16).

Fig. 1. Multi-task learning structure according to the parameter sharing method.
A. Hard parameter sharing method.

B. Soft parameter sharing method.

C. Mixed parameter sharing method.
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oFA] st hard parameter sharing 57} soft parameter sharing 'S S35 FEj2 =
Tg0] 7Fs5ttt. Fig. 1CE EH soft parameter sharing@} 525} shared layer= 7/d%
U] A HE AR A2tE= AS 4RI 4= Ut} o] % 2t ejA o] uje Hwo] AT |
EQ3 322 7FA|&t, o|uf hard parameter sharing®] constrained layer®} ufxt72] 2 7t
layer 7tol] A74o] Eof featureE 3-Foh= 25 7HIt} o|%]7 Hard parameter sharing %
Ho] Bl SrxojlA] task specific layers constrained layer® % 4= 910, Ho]&] 4]
w2} shared layer®] i7]‘—}constramed layer?] A|2F 37] 58 A5 AT 4 Ut

A2 o F-Eo] MTL =752 5+ hard parameter sharing ¥R} soft parameter shar-
ing ‘Y-S 7IRte = St} “5}11‘?} F|Zolls Aol MTLE & Y2 wiAYES 7idstarat
Sh= AlSo] Mk 7Kkl Qlth 20179 Long 5(17)°] Ealst deep relationship networks
fully connected layerol] & =915 vljx|ste] o] o] 2|9t Rl fAlSHA EfA3 7H
O] AIE 5T 4 UA=S ST SHAITE o] WAL 7|20 2 o) Rofo]] Agsi, A=
EjATEof thafjAl ob] o @2 Algo] a3l 20174 Lu 5(18)°] Eargt fully adaptive fea-
ture sharing "% &2 HIERIZNA AlA6te & Foll 54122 HERIAE S she 4
Al S o R Moo r 2AekEQle2 6] oF L, HiAAE o] B JoAE
S Zdlo] 5514 5H7] ofdth= @ o] Qlth 20161 Misra 5(19)°] EA1SH cross-stitch net-
workes A& ThE BjlA TS 913t o7 ElA] 7ol AlA}4> T2 (cross-stitch unit) S 2]-835to] A2
OHE EfA0] tigh 2|42 &8ohe A BT 4 =S Jh. o]9f Zo] HiATE 7k 4]
A Z-HE 219 AR MTL o7 |8l 50] At 3l Qlet, SHAIRE oF A 7kA] = i F-go] RS0l
hard parameter sharing®|t} soft parameter sharingel] 7|g+stal Qlom M= MTL 2=
712A4Q o o B2 Aol 7, S0l B At ol

o

e

:L

Transfer Learningt2| H|
MTL} Zo] Sh5(transfer learning)2 Tefu|E|E 5-f6t0] 52 =0T HollA A= &
AfgE ELEo] Q)t}, Fo] 452 source EiATE E3l| 8453 &, knowledge transfer: 53l tar-
get EIATE 5] 7] =t HH6l|, MTL-2 source EfA 3.9} target EHAT7F 5L 5HA] knowledge
ojth= Aoj zto]7t i}, F, Holshss-2 oju| & 2H-55h= source Ej23
239 /58 7IAdsh= 2ol F42 FaL 1AL, MTL2 source EfA=9}
target EH*—:L% SAloll H5oto] s 7Idshe Aol B4 Frh20, 21).

Hol S 32 Hlo|E7} RS 49 Bo] H8Es Yoz, The lofEi ol B4 g4
= ]

)

Shol| A AR 712 mlebn]ElE o 474

HlolelE 7]¥ke 2 sk E AT 7154 Telnlelke Abstol Tk 2] K] StaS A8
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B A= Tllo]EjAlo]l SHA] AR A &2 k5 A]7 )= g ol o). = HA) v
convolutional base?] YHE-S THA|7]| 11, LFHA] 2f|o]oie} classifierS M & SH5AI7|+= W
o|m, Al & W2 Fig. 3C2} 7] convolutional baset= A1 “Feol| A classifier?t A2
SHEAI7 = ol TH24).

S5 A7) 12} 1= glo|EjAlo] ARH Sh&H Tdlo] Hlo|Ejet AAME 1 FRE 2 7490
£ ojush H S ARESl = PRSI T convolutional base?] -2 2 AlE UH-e} classifiertt
ME BH5AI7]= Aol f2|sttt. tlolEAlo] fAKsE?| wiol o] Hoefl sh&H A4
S 4= Q= WRgolt). tlofEjAlo] AP ah5E wdo] tofEjet ANV ot 1Tt 242 A
Q-of= 7]22] convolutional base= 1A 7] 1 classifier? = Sh5Al7]+= B o] #-2]5)ct

dlolEllo] AP B melo] lojelol §AMIE Aot Furt 2 Aol HA| BLL AR

Fig. 2. Fine-tuning methods in various situations.

A. Convolutional neural network’s basic structure.

B. Train the entire model.

C. Train some layers of the convolutional base and freeze others.
D. Train the classifier and freeze the convolutional base.

Input Input Input Input
@)

) ! ! !

Convolutional
base

Classifier
Prediction Prediction Prediction Prediction
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Fig. 3. Example of a dataset in multi-task learning. It consists of different tasks on different data.

DATA 2 " DATA 3
Mammography+ Abdominal CT

TASK 1 TASK 2 | TASK 3
Classification Detectioh-— . Segmentation

Feohs WS AMEShe Zlo] Ett HolE 9 f
etnlElE2 ol8ste, Hlole o] 27t A8 % X-ZRE AEA 850 ]‘— o] &
EjAlo] AP Sh5 o) HlolE9F fAMY = WAl i E = AR ol = 7HE Eeldt e m
convolutional base®] & o W2 2l AZRE classifier7HA] M= Sh5A17]+=
= Zlo] o gt YR B2 AlS2 M2 SHEAI71H A2 d|o]EAlof Bhaekd 927t 9L,
T A2 ATE SaA7IH Al 2 sEEA] 942 4 7] wlZoll Adet Al5-2 27gA
7] o] sttt o|ek Zo] aabAQl Ho] sh5E Qo= tlolE Q] Het AP 5 H B

==
of 2| g 5o} G,

)

ok
>
>

Multi Label Learning2}2| H|

] 2p 2]'d(multi label learning; ©]5} MLL)2} MTL2 8h<5 cllo]ejAle] F1/dof| upa} &2
ok MTL2 2H2k9] BlA7F M2 tE Sk Hlo]BAle 2 A= Hhi ) MLLE 2129 B
7t Mz LT ElolE Al = S/ HTH25).

MTL-2 of2] lo]E|Al o2 F/gdE]o] FAloll Bh5EH, Hlo|EjMlof| wfe} A= thE BjAT S
a4t o= U}, ol 2 Fig. 33} o] chest X-ray, mammography, abdominal CT G/ 2.& ©f|o]E
Alo] 4] o] chest X-rayoll A= #] 24 §5 & mammographyollAls 93 23 7% ab
dominal CTollA}= 2F 282 540 & FA|ol ek5ohe Wiiolnt. ¥hH ) MLL2 she] Hlo]E
Alof|A] 7} dloje] MEH R th49] gllo]Eo] EAeHA =W, FAlol| of2] glo]EEo] ShEHrt.
of| 2 Fig. 42} 7+o] chest X-rayollA = 24, 71§, g0l tish 2-2+9] /-7l tigt ol &5 +4

)
sfo] EAlol 7+ 2e] §28 Aol ol 5% 4 Qi RS St 4
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Fig. 4. Example of a dataset in multi-label learning. There are three types of labels on one chest X-ray: nod-
ule, pneumothorax, and pleural effusion.

DATA

#( Chest X-ray

. LABEL 1 o AR ' LABEL3
Nodule ¢ b Pneumothoraxy ;,~ L > Pleural effusion

] 2F(multi label) HE] S22 (multi class)@t Z2]o] 5Us7| wfiol 28314 AHES
© 27t g, dlolelAl Fdell ol 7t Q7] el skl ARgsfof St e ey}
Bl SelA I 271 oo ZhElaleol Lohs A td R Stk 2540l AAITE E 2
-2 shte] o] Ejol] of2] A7t 23t = v, HE] SeljAs shuhe] Hjojefof ko] Z4A|R
ERRITH26).

o] Zofof|lAe] MTL EE

tlolg 4=3]o] oj ol& FopollA] T Q= HiAIEE BAlol EAIE 4= = MTL2
=2 o2 eto] = 4= Uk HZoll= o5 FololM = MTLE H53to] ZAIE s &staA} 5t
© Al=7FAF S7kstaL Sl

20174 Chaichulee 5(27)2 HelojlA] TAloko] 21479l HHZ A A5 BUEL 9|5
AAZE mef|)) F/dollM te] EAE AAISHL wj ] J o2 2&st] fIgt MTL 7]8He] convo-
lutional neural network (°]5} CNN) o}7| &l & #)|oFs}i T} 3 O%1 Atore] Bt @ =3} @At
oo ok 9 A52 oot A, 1 HEe HAa o] g 22
88.57%2] intersection over unions- E&ct.

20204 Li 5(28)& FA GAollA FirgAd wehy %(dlabetlc retinopathy; ©[5} DR)¥} &=
HA] HFRZ (diabetic macular edema; ©|5F DME)2] 55 =2 93l AW 7] U2 A IS
gralislo] DRY DMES 3522 53 o|=0] 75 MTL 7 ]HP-J cross-disease attention net-

)1

\D
OO
‘Q
X
1o
oX
Jhl
ru]ru
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work (CANet) o7& A|9F5IAT} Messidor 57l tlo]EJAlX} IDRID Hlo]E{AlS thifo2
Sk 2 AES als A3 DR 96.3%2] area under the curve (15} AUC), DME= 92.4%9]

20199 He 5(29)2 & CT GollAl A (esophagus), A% (heart), 713 (trachea), thsY
(aorta)9] 4572 §5 A7 &F X ot A MTLe 283 v} It} 152 MTL 7|8t
uniform U-like Encoder-Decoder 714 & 714 5to] 40 2Fxke] 3D g4 CT= Shs & 209
2ate] Hlole 2 AEokeitt. 2L A, Al=ollA 0.86, Aol 0.95, 7]3HolA 0.92, tisHollA]
0.949] Dice similarity coefficient (°]5} DSC) 4452 EiCt.

2020\ Zhai 5(30)2 & CTollA A& ] 97H ®¥3Fke] 2D @2 o]-8-5kof 2D} 3D tigh 4
HE Jdstal, ZH2hs o]-gato] /gt ebd o] B-77t 7Hs$F multi-task convolutional neural
network (°]5F MT-CNN) Z2|QJ 9| & #Qtslelet. 152 7t A4o] $HIS 253 & A2
TH2 9719] 2D TS g3 o] Z) oA MTL 718ke] 2D MT-CNN 228 53] 3D o] 22

EXS sH53ITE 2|24 0 2= 97[9] 2D MT-CNN 2 &lo] o= AxtE 71= §3tsto] oFAJ=}
olAjo] tigt B5 AnE Act dh5E 2d-S LUNA-167} LIDC-IDRI H|o|&] M EojA] Zkzt

97.3%2}95.59%2] AUCS] /352 Eict.
20209 Gao 5(31)2 371 dle]El <l full filed digital mammogram (FFDM) tf|o|E] Al Eoj|A]
MTL 7]8ke] FT-MTL-Net o7 |8l & Sall A H oM 27t 51 AE, 1 222 37H4] H
=2 o] 3H4 9 AZsigin). 1 An), Z3je] opA 9l oby BE= 0,92 +0.019] AUCE &
1) &2 0.91 £ 0.059] true positive ratex} 3.672] false positive rate per images =
Dﬂ Z3) 83k (.76 + 0.039] DSCE E i}
2020 Amyar 5(32)2 8+ CT 9/dollA COVID-192] 483t 238 9]s) MTL 7|8te] CNN
o}7|ElX & AH|QFe}3ITE. CNN oF7|€]}+= hard parameter sharing 'O 2 AA= Q. A
BiA== 33 COVID-19, 718k A4 o) 3714] 7H|ate] /& RHE ot £ HiAads
COVID-19 9] B2 2 sielth. tho] 37H to]ejHo] AR E] 4] 12197H2] o]
E] 258 gh551ar 150712] Hlole 2 253t Aah, A4 COVID-19, 718k =2 Ao dish
94.67%2] “J 2= (accuracy) S 2 .0H, COVID-19 G o] thet 2k 88.0962] DSCE E 3T
o]x§ thefet o & wlolEjollA MTLS 483 thafet At50] Bk Jlom oo &
T=olA A2 Biaa B3t H|asto] ti 5ok u FE Adse Holal it

i&

i&

a2s

1 2 4o]A)= MTLe] o) Qob=x 0|2 HofollA] MTLo| of%7| B8=A] ceke o7
Aels-e AEEglth, MTLS ofe] BATSS GRH0R SiAd 4 au% 2 5jo) rigdol
Slo] gl Tt BlAIES FAo StaAloRK Bt 9lase
$85171 882 4 Ik HIT, MTLo] AR b 2L ofich, el EH*_:L%OI REEE

2 73e 54 HAT9 45 26l AT ke 9lom,

)
i
iy
O
2
el)
ml}
r
O,
i
lo
e
b
X
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312 92 4 Stk et ob 7| BAS 7ke] T, AE T 9 A

s 2150 g Be Q7o Aiilo] Wtk a7l Bysh

T, MTLE @7 tfsiie] 43 eiad 7l maisel s Sust] i3k £ tjglolm, )2

Bopol M Q12 50] A4t B8-S §IEHMTLE] e Ak & 4 ik, ek, o= FopoiA]

MTLE 8% gl 2elo] 47} ejAas 7ho) Brle 2pol2 &3] HAlstel 4 ug
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