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Survey of Multi-Task Learning
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(Department of Automation . China University of Petroleum ., Beijing 102249)

Abstract  With the development of artificial intelligence technology such as image processing and
speech recognition, many learning methods, especially those using deep learning frameworks,
have achieved excellent performance and greatly improved accuracy and speed, but the problems
are also obvious, if these learning methods want to achieve a stable learning effect, they often
need to use a large number of labeled data to train adequately. Otherwise, there will be an under-

fitting situation which will lead to the decline of learning performance. Therefore, with the
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increase of task complexity and data scale, higher requirements are put forward for the quantity
and quality of manual labeling data, resulting in the increase of labeling cost and difficulty. At
the same time, the independent learning of single task often ignores the experience information
from other tasks, which leads to redundant training and waste of learning resources, and also
limits the improvement of its performance. In order to alleviate these problems, the multi-task
learning method, which belongs to the category of transfer learning, has gradually attracted the
attention of researchers. Unlike single-task learning, which only uses sample information of a
single task, multi-task learning assumes that there is a certain similarity between the data
distribution of different tasks. On this basis, the relationship between tasks is established
through joint training and optimization. This training mode fully promotes information exchange
between tasks and achieves the goal of mutual learning. Especially under the condition that the
sample size of each task is limited, each task can get some inspiration from other tasks. With the
help of information transfer in the learning process, the data of other tasks can be indirectly
utilized. Thus, the dependence on a large number of labeled data is alleviated, and the goal of
improving the performance of task learning is also achieved. Under this background, this paper
first introduces the concept of related tasks, and describes their characteristics one by one after
classifying the types of related tasks according to their functions. Then, according to the data
processing mode and task relationship modeling process, the current mainstream algorithms are
divided into two categories: structured multi-task learning algorithm and deep multi-task learning
algorithm, The structured multi-task learning algorithm adopts linear model, which can directly
assume the structure of the data and express the task relationship with the original annotation
features. At the same time, it can be subdivided into two different structures based on task level
and feature level according to the different learning objects. Each structure has two implementation
means: discriminant method and generative method. Different from the modeling process of structured
multi-task learning algorithm, deep multi-task learning algorithm uses the deep information abstracted
by multi-layer features to describe the task relationship, and achieves the goal of information
sharing by processing the parameters in the specific network layer. Then, taking two kinds of
algorithms as the main line, this paper analyzed the structural assumptions, implementation
approaches, advantages and disadvantages of different modeling methods and the relationship
between them in detail. Finally, this paper summarizes the criteria for identifying the similarity and
compactness between tasks, and the effectiveness and intrinsic causes of multi-task mechanism are
also analyzed, then the characteristics of multi-task information migration are expounded from the
perspectives of inductive bias and dynamic solution.

Keywords  multi-task learning; information transfer; similarity of tasks; Bayesian generative
model of multi-task learning; discriminant approach of multi-task learning; deep multi-task learning
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(1) Z2AT: 55 FE S 0] L (A5 7% S 1 1] A, m LAAE O LA
S5 WIBIE5E 7 1.

3 ZESFIANENER

3.1 ZESHERNE

BARZAT S5 2 T AR Z T 50 T AT 55 22 2T 3K
SRA TR T AR IR R A AR 5
FeAE 55 L fm] o 2 L BAME 55 o S ROR AR THIY B A
WE IR RS R DL e Z BB R 2
{55 v A LATE B8 B9 7 A 19 465 i DA S AT 55 R o
OX AT Z IA) B 56 AR AL AT Ik 4 ] AT i R AR
ZRER, —LEH TR DAL 55 A S FEA R KT
A AT 028 W 5T AR 1Y DORE N 24 55 19 A
BLH] AR PR E o LA AT 55 (AN [R) D e 70 28 i
AL 55 7 A A A k.
3.1.1  MhREE

ZAARAE 5 L/ 2 I i) e S P S
AT 55 R SR I Rp AL 21~ 454 L (EL L A7 ] RE A 55 AN A
KAYFFIE 874549 A2 SCERL L TP A3 48 i fE 45 E 2
5Tl AR MY TIATES
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1 BEHILIGE 7 I R AL IR P 1 T PERE 4R R M A E
P IR AT 55 A B R 0 PR AR Al R 19 R T

A —J7 TR R R A AT 55 Bl A B 1
Wi s 11T A AT 55 BV G5 R A7 A Ik S g W s (H
Je AR A T B 55 2 8] 19 3 SRR AE . BB i T
FRHAUAT: 55 22 18] (9 A8 A2 (0 AR 358 23 » 22 4T 55 14 fi o At 25
TR A ) AR 9 S AR S e Sy W R LIS AL
SRUVLHCEAR S WA S TR I Tk R sk
BURREAA KL 24 55 TRl I 2 2F Oy - B g s 42 3t
THEZMSHES.

PRI & 3 224 4t 2 Al B A 55 AT DL 52 B B4 I s
w5 AT 55 2 I Rz AL TR RE.
3.1.2 GitHudEng)

ZAT: 55 % 2 B AT DL AT 55 1 B 43 A i
B 2L A B oe ] 2015 B4
FEAS B AR I3 A 1 A2 AL AT 2 1R 23 2 o w5 Il
VRl 50k iz AL fE

FEZ AT 55 5 20 o o A B KR AT 55 19 2 Al 20 A
T AR LA PRI LIRS A 55 Z I — A3k
s (A AR A AR ) R B RE R R A AT 55 o
FRAL 5 AR 23 R I A5 R L 48 8 X RO AE 7] — {5
SRR R 1 B 5 BE 0. A SRR AE 55 #R T L 24 o)
P SL G5 IR 278 BT A T 55 b6 T X aR oy e m 2
FE) RAE A I AT PR A By B4 AT: 55 2 ) B RL, i LA A
FHIX AR K3 27 2 AF 55 Z (8] AN AE 145 4 25 T e X
ST VIR B AR TR R T AR 25 1] 5 3k
NN & 5 D RNIDRERILR

Xt T R RE SR AIA BR & Y I 2R Bl 1 FAT 55 o
A Gy AR 55 2 v BLR BR T Rz AL RE D A 5tk
[ J50 T DA B A G AT 55 N A A i i B L L 2
) AR 55 I E ROy % TR AR R B T I8 B 1 IR
PRI RCR » R i 2 AT 55 22 2 A B T fe/Me it 4
& WU F 4 THiz L hE

B XA R 28 B AT 55 BR324 55 27 ) Bk A
RE R R — LESCHR[132- 133 )4 Z AL 55 (1924 ) 1k
AE 5 RO Jm PR R AT LB 4 th 2 AT 55 2~ S BT
F5 AR % 1 AT K SRR AT G A AR AR b HL AR
X 552 04 Al B A 55 A B T B A S80f R AT
BY AT 55 5 ) (R 45 AT 55 FE AR 25 42 1 R/ I
AT R XA UL B AIE T SCHk [ 134 i 45
W RME S H 2 G Bk AR B 55
i B DREA R 2] LTI T ZAT 55 o o) s S 1]
RN U 2 LD 38 A ) L
3.1.3 R B ARRE e

Bl 2 20 R G — A~ 32 2 R AR UH 20 i B, 5

2 ) B — AT 55 (9 A5 32 B D B A 02 & X % AT
55 11 o DS 5 R 1 U 2 R AR i T 2 2 SR g ]
FEVE AT 55 2 BRI R DR I 2 2 AT 55
i ATER 2 I AT 45 B9 1 F SO BE b A8 3 B 1 2R
Birh L 2 3] Z AT 45 09 05 9 B T DU 3 7R R AT
55 L HRE R 58 B, DT AR T E BT 55 AR AR
FEM A, RIS, & nT DU 2 5 e s ), o4
TR ZHOABE AT 5 1 AT AR PR A DG AT 55 1 855
Hp ) B 2 2 2 AT 55 0T R L2 o) BT S A
ZALhE

M) T R 2 W INGAT 55 J5 2% 2] BRI AT LA
T8 R [ AR R ERBE R BB AT 55 ik 2 ez 1k Y i
&L 2T 55 MR R B HLH AT S5 sE Y R Btz
R 2, IR AE 0 Z I G AT 55 R, 24 ) B L 2
FOR AT 55 Z R[] 14 i B 3 2oL 2 2T AT 45 22 18] 1 4
RLPE A5 21 45 5o DA I 7 A 1 1R 38 25 TR) 2 0 /. SRR
(135 J9EBA 1 6 X 24 2] 3 0] i BT A {803 28 1Al A —
BRI T ST 2E K I AE 55 h R B R AT
1B ¥ 43 ) 7E ) — R BT 2 B AT 55 i, 8 ke 20 4R 47
AP . BRIk, 24T 55 2 20 IO S A0 45 35 1Y
B 523 1A) S BE B4 35 T A AT 55 1) B A » SRR AR N
A BRA/INIIAT: 55 4 Fp 2 2] (BRI A R S 1992 1L RE

SCHRES7 I3 F i B ) i — g R R T £
T 45 B AL 3 3ok S S 3R ) i R IR 2K B B 2E 2 A
20 B A HE A L 1 R ) VC 4RO
TR AT 5 T Iz A AR B S 1 2 B IS E B
S B RS G2 0 9 90 i R AT 2 AR 25 B RS
SCHR[54 5,132,136 3@ M A JLZe M 7R I £
11552 > W 4 55, 38 53 A Rademacher & 2% B #fE
TR B FOR B R K AT (A T AT
552 2 W 5 2t SCERC137 JUE B T 30y 4 2 s 1K
k23 1) 7 5 1 0 DAL 30 L, SCik [ 138 JAR 4 — 3
RSB MRS I T2 AR 25 B LR HE S IR ot )
TEESSERAMEHRY R EEEEAE T2
1155 38 T i — Bk 2 2 3.

M
| > L) 3,0 =L @) sy )| <o (36)
m=1

e — SR E YRS AR b i S T — 2 AL 55 i
BNz AR ESR

M g
bound <) VLS (21 sy + 20+
m=1""% =1

Cdny o+ MUY | 2L/
2n,

Horpro Fing /&2 A RELU RATHIK KB - 5
Feh i RGBT AT 55 A BB B 1Al LA 51

(37)
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55 1 — B0k T B B S5 1z AR 22 B oy

M g
bound éz %2 Lf () sy)+2r+
=112

M
(4n02 z, +MU), | 1n(217/8) (38)
m =1 0

K GD MK B8 I 22 HE T A AL — I
22 XU 2R = I RGE R 1545 T 3. 1.3 TP
20 00RO 1 ) BILR A A — S8 3 A A AR ) B HE S A
FAL SR T Z IR FE A 7T LUR 2 — 2
155 2 90 XU BE /N XA 24T 55 20 R R BT 55 29 R
45 T LA Ao A 27 = 30 BT 55 Fe e R N
HZAE5RE R RPN RGE XTI TAES I T —
AT T 2R 2T 55 27 2 1Y 4 W s e

AL MR B O FRAE S PRI T AT R L R 4%
Tt Z2AT: 55 2 2] J5 W A 2 BB R AR 45 1 B 7R 0 4 vy
A —E B RBRICHR i DL 2 AT 55 % 2 7 ¥ 1 R AIE 1%
PE 5 R A5 B W R A B HE G & SCmk[47 10a i f
FH5 SCHERES7 1A [ A 8 40 98 Hh 54T 55 80 MR
RF AT RT3 P e = 2 BV Oy R[] A Ml s 1]
REEAIR 1 B e s |] 1 52 A% e SCHR [ 18 13 — 2B kB 1
TE {8 AL 0 A R AR JE % 5 vk v, 2 4R D I KA
HNTFHIT 45 B0 M A 5 13 K A5 % exp (VM)
I 4 B2 /N AS 2 LA R Wi R B ) 45 2R O HAE
#3817 75 5 R A 28 58 (sparsity oracle inequalities)
T TRz AR 2E B RUE] TR E B
3. 1.4 ALV SRS S A R

155 Z 1A)FE H [ 2 2 3 i v ] A0S AfE 5
(2 A5 FE M T RE A M 48 TS & 24T 55 2 L AT
Mg, 24T 5 0072 4 T TR R R
AR AT REECRAR T FARTE T I B RIOCR. AT 55
T IF B ) S [ A% R AR ) B AR A B /M TR AR
BT 55 B ) A 224 JR B dwe /AL i 2T
55 S HAE L AT LLAS Bl BT 55 2 2 i A R sl 8
1Ry 8 e 7N p . — S SOk X F Bl A Rk el AR Y R
AT T 4R 5% . a0 SCrik [139-140 ]88 41E T 45 25 AL 72
JE R A TR0 0 Ak ik 72 0 52 . i Ak 32 2 T R AT
55 Y M0 B 25 1) BBCHE R 1 LT i R R AR A R 2 S R
BER 73 0 ANTE 53 2RAT: 55 o o 20 R A T 2 BORL W L B
e FR R R AR - T R g L T R R ) R
A i R B A — AR SCHERL 139 Jrp 4 th B A it
AL S D B h oA o AR5 —
FBCR Y E A oK BORR 2 3% 21 1Y, 58 /D AR A AT 55 )
DAk AR 22 ] 0 0% AR 5 B PR ot 3 2
8y 4 bR 25 2 A B AR R B AL i 2K

T KB 4 A 55 1 FH Ay 2 2 kS RN 1 )1 R 8K
it o SCHRL 140 Jeb 45 Hh W SR A A A N 2545 5 L 32 2
155 REACTR B/ 308 R R TR B BRG] 3 28
I 255 5 AT LAV R EAME 55 38 £ 55 22 )
ROR. B B BA AN R A AR 55 A 7E £
1155 5NN 5 st 4 A B AT 55 m L s o Ak XU
BT 55 HB W] UL AR 32 AT 55 i A1 7 AR 1 8
SRYNIIE-SiRIE Y€
3.1.5  HiUrHLHl

ANRE 55 5 FRAE 1 28 55 R[] — 26 4T 55 1R
2o Y R AE BOF TE B AR 55 R S wE
F) PR 25 A 55 X RHAE I R AR BE A TR] L 2 B AT
%% FPXEREIFA S A ERRREAEERREREN
FROEBELAT 1 2 20 (& A AR 3 S 47 1R T B2
PETHE 55 MO W] DR 3R [ 2 ) 1 2o 2 b e X
T3 AR TS I 2] S 2y v, e 52 Ly TR B Y
2 o) IR RRAE A A5 S, B U Rl R T T S AT
%5 A 3 FIE. 75 2 AT 55 T X R 48 B AT 552
SRR A PR 2 8 B3 W AL e BT B 1 U AR
SCHRLL I o 38 5 I 25 25 A 45 155 700 4 Y0 — Sk o 2
FRAE S BT 55 2% 2 s ik BB R AR OF AN KA T2, X
Tl 0 AE 21 Wi B 2 > o o T 2 b I B A 10 A
TAERATE S 75 25 K R Arid B0 8052 3 i e
23 (A HEATFE I Y T 25 () 38 3k 45 IR 4k 2 1] 42 52 %
HrP AR TR T A YRR AE 45 0 o R I AR 2 s ) Y
FIRFE AT BE AR SR T A 25 )R (A RR AIE 22 1) A Bk
FUTI ST R b B R
3.2 ZESHHEXIEAE

AT 5527 2 Z A LA R 2 B B R S TE R
WAE S Z A S A HKLME R Z DR A — il s
FOR AN Z b Bk IE PR I G B KA 55 2
(] A R DR TE R I A AT 5l R 1 T 45 B &
(155 (022 3 72 A 40 ST RS R BRAT 46 11 K 5 1T L, 3
i 00 P AR B (H R — S 5% 2 0 ) A B
B RGBT 55 0 A OGPk < A SCHR 87 1 v 3 [ by
5 2 AT 55 22 8] R AR A A4S 30 2ok A5 AR 356 49 1) A M O
TRBL . Z AT 55 2% > W AR AR T ik 2 AT 45 L 2
— AL E A B AR . SCHERL 132 1 R A DR AT 552
AR [ R i T — > R G I BB, o il
T O B4 7 A ML AR AT 55 A S L 3R AT A
55 v BOHE B R 38 0 A R 7 AR A TR]— 2R AR 4L IR 4
P 55 AR G 1Y

VE# R BT 55 IO AR A A 5 7 5] — 25 7 1Y 35
O RETE XX {0, 1) EAFAE — AR B HE 5 0 A
P AL 2 2 A B S K — DR h:x—>{0,1}
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FREBHE Pl F 24522 22 DM AL 16 7]
RO AN TRAT: 55 19 B 3 O R A B AN [ 1 0 A s AAS [
(IMEZE I3 A Pyyeee s P B EOREAS R S0 S, 0
T AT R F ORI E X

FfExX. WEFE—Hmi . X—>X,P,P,
s XX{0, 1) EI A MEAR 00 A1 s A R AFAE — R
3 fE€ F X FARM Te X X{0,1}, T J& Py A il
MHEHAY fLTI={((f() 0| (x.b) €T} E Pyaf il
.M HA Py =P, (fLTD, leif i Py, Pyit F
AHG Y. 2 45 AT 55 v 9 B s #6774k 8 il ] —
FAR Y F 45 3 1 [ 22 ) HE 22 430 A0 I8 4 AN AT 55 2
FAHCH.

M2 3] FOAH G BAE 55 R B o L — A~ Bk =5 i)
H AE 53 A 19 e AR U o AR5 > BB & 2% AT 55
MRS P IR sy H, fEBik s | H
ST T A AR R A B R R S T XA Y
T F oy, HTE £ MPERT A&, 3T B
WS M REARTH Z AT 55 Bz AR 22 3t Ll i X iz
fbiR 22 RLRE T T 3 T 45 13k B RLE 1) B A5 T
JIT it L AR AR A 85 I 0 o 2T B AL )37 AL g

F ARG E SCHIA 02 » X B AR DGR X 78 1
Xof RS S A 18 SR L 3 S it S A AT 55 Y G R G
R TAEEWIE X IEAR H R BT RUN B 5 2
LA DL AV AT 55 22 (8] 09 56 Br e 02 78 © R 6 &R
4 FERIA 3.

E SN AR 2, I F M XA 2T 55 5%
FARRRR 38 5 SR E A B R F R — 43 25 Y
1155 ANt T4k 3RS [ [a) 80 0 AT 55 9 an 2% 18—
TR AR AR AL . B SRR ME A o B A1 45 A I
{H J2 3 o [7] — 75 A% B SO B 1) AR B30 Ak 238 0 A1
HBIIZ R F A OGS AR X R LR AT 55 AH G 1k
[F) R 2 R AFDR 19 R R = [ i N A 7

SCHRLS6 PR X MR i S Ak — 0 £ 5 AR H
S ) T A AARAT: 55 1 f ) A BE 25 R AR L TS
SR H Rl A4 AT R 5 38 AT 55 B AL S A
F1R) R ST o S WA A 55 1 R G

{H2  AH AN B B 5 LR AR RL A A R S
R FA YA E AR T I A B AT S A B R
87 AR ARUARRAAE 99 R 58 7 6 JF AN ™0, 491 i — 28 53 2K
155 BT 45 FH )RR AR W] BB 2 = BE AR ARL A TR 2
AR AH 5] 14 R AR R it e 5 o AHL 2 T AT 55 1 0
KGR A A Y, At AR IE AR 45 A AT 55 EAL
I A ) o AT 55 0 AH PR RRAAL Hh AH AL 5 S
AR 2 TR VA FLAR I B T 1 . A B R AE B AR
HI 2% R 3T B A, A B E K B AT 2 O i A

F. X T AR R LI T i TR 24 AT 3R T AR K
E55 K R MR - 7T LATE ) 46 vb i 1 O 5C B0 00 428 1
J2 Z 100 BORVBUHE {5 B A% 30T IR BE 2 AT 5
) 05 1k B TR O3 A T 55 & R B S,
UnAE Bt e e v e BRAR A8 i 3 TR O HLr A KR
1 55 %) 4 i B AT 55 10 B0 R A B AR A AR
PSR A i A b, B PROE T B 3 25 e AT 55 RE S
By 0 AT 55 3 0 S 0 e /DN o R 2 ST IR,

4 BES¥IEA

ZAE 55 IR B AL L A AR TE 5 AL B A
U S5 U AR G 04 R AR R AR TR
JEE i 22 ) 25 1) A TR HL 8 ORI R ik 2 ) R T X &2
AT 55 HEAT IR 5 A I i R Y R IR 28 IBUES B Al B
YERT s — LE G0 P A R AT 55 19 52 2% 5 A o ) 45 )2
FEE ST VIR Ll A e AR S i S B
G S SN DR R S N & el LT T
Kb E TR P 255 B R R TR R A R AR
111 HL 2548 2 2% 2278 Jr DA A 5 $i 1L 40 38 S A
PRE LA 5 T N B E AL 2 AL
5524 21 I L L.

4.1 RESEZSEZIWHEA
411 BWEFE LM

FETH ML 1 G A BRI, 24T 55 TR 5 2 )
2T vz T G TR R BE 2R 43 28 L T AR OC
S U S T A A A L AR BT S
MEAT 55 F A Tl HARE I (detection) , EIR R
A (recognition) , Y & fif (locallization) , B 1% 4325
(classification) , H #1473 %/ (semantic segmentation).

P G 00 B A R P H AR 48 R H AR %
A — 2 WIE AR EEE 3 5 R 548 B bR R AE 5 B
g AL -4 5 bR Py A AE 8 b i 0 8 PR BB 5
BIG 53 25 J % MR R A T 42 Jm R 4R ) 25 B 53 B
gelion il 52 N TE A A R B bR 4 EL. B AR
JE R G v B AR R S bR 2 B R [ B 2 1Y
18 3% BA o 3 [a] 5 4

Hrsr# HFr gl B BR300 B bR A A &
S L kg A0 i 3 s B v ) — PR AR

P 7 S PR 2 AILAS B 323 B R0 R
I NZS A P A% )8 2 2 18 SR H B i JL AT
7. T SO S TR B SO B RS oy ) Cle /N i B
RERE I 3 SCo3 T AR b g SRR — A1 U
B T SUBRA REAE 5 5 4 B0 S 5 10 B
T AR 5 090 G 0 I B2 AN X3 B A 28 v i X
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ZIM AR I 53 A E B AT AR R PO
Oy G TR BRI AR B X 7y BAR X gy S2 4
I Jok ), 4 A A i 3 AT [R) A 4 SR A o I R A
(AT 55 S 49 0 K1 i o 25 21 H A 49 1 1) =3 18] LA
KA FUA IR B e R i 05 1w, A RE
K A ] 00 A 1R DX 00 T o — M o R ATk A T,
FR BEAG T ol 3R T s 26 7 1) K 4 A b 55 7
BRI

PATE » 3% 284T: 55 #R 2 M 45 A 19 3R )= 8 BUR 2%

BRI B~ o R L AT 11 P e s — S8 R 1 F
FETRE T Uy ) S Ay ORI A TE AT
Al — > AT 55 S 4 o B i 1 S B AR 48 B H
R AAT — B A7 5% PR A0 A5 AR A5 SCPR 25 5
1153 %) foeJa A LG = 4E B B
I B BURAE R 2 0 45 T2 - 0T R B 45 3R R AR AT
Ak BB B O B AT 55 ST IS B SRR L A R
JRE 2 T 5 00 i 3d T LA 9 9 b 2 AT o0 A
K.

AT 55 2 T AR v B 0 ER 43 3 R A
Je s F2 BT LU 2 b 5 B e ot R, R
R Y 19 A0 AR T AN 5 282 52 2% 1) LT A 78 4k gl
RE .42 TC 1) B o EL A R K 15 308 S5 Ll
FRAE R A B — A>3 38 Ll 0 S — A R
SO R SRR R B [RAT 55 118 R B LR 5 1Rt
TR R gl 2 3t [F Y 242 & T 908 B
A1 30 ST T R B 1 L A 3 S SO LA AR AR G
FARML TR B R I 20 3 5 SR AT 55 HT AR
PAT R TERE. 5541, — S F 50 35 61 L ) LA
o3 SR B AR S5 AT 55 01 A7 20 . A8 25 B AR R
165 A5 BRI 28 2 WP 43 1) A6 3R

E2 AN I A BT B 58 AT 55 2 [ 4B e 2
AE AR > B 43 0 2 ) 8RN H Ak 43 1) ) 50t L
ARICH F7 0 G2 10 AN A8 2R o X 43 28 51 1 4 — 28 %
AT AUE AL U T B R B A5 A A LAl AL B
FRAEC ST T 3 A Ak R R LA P L (H R
I B A, R P Y 2 ) A R B R L BN 2T 5
B A B BN 28 1R 2 1 R AE 2 m AR A AN B e 1
JIT LAAE 28 354l 1 53038 X 520 AT 55 T R 2 1R 2
FREAL S 115 B
4.1.2 HRIET LR

BR ZAT: 55 2% 2 78 BIZR Ak 31 0] 3 b BAS T
J& AR ARETE A ARTE S A (NLP) h L #20 H. E
BG5S R IR E L0 BR TR L Z A2 kW]
kA, 5 ER AR E, B AR5 5 bR id 2 B R - B
TA) ERAR Gy b S e TN S SEARL L AEL AR 4B A 3R] I AR
EIE g RIBFE AL = 205 B 7 AR 1E S Ab 3

T
q-
\

BT AT 55 9 S 23 1 5 H IR BEAG T AT Lo #2 ~

Bl R 28 0 1 A] B AL AL AR R B IR T
55 (AT SCRLRE BE o 3 5 UG AL B AP A 5 A ).

JEH AR TE 2 H AR TR S AL B — A A (]
LR TIWRIZIRNIE T8 XI5 e — R
BAAR) PP A bRAC B R BN 4> BRR] B R S bR A R
A R A9 5 98 2 BR 7 (Part-of-Speech tagging) o
4y (chunking) . Ay 44 52 /& 2 5] ( Named Entity
Recognition) . SCA 7328 TR 2 1EE 0 0T 4.

AR Z ARE S 7 IR AR 55 A BT I 25
Tf AR B AR A TR D T B CAR T 11 SURFE
Vo AN 75 B A5 A5 8 R IR M AR 2 45 L X RRAE 19 BR il L
i e K ml B AN — o e Aff. 7 EL7E B 2R & IR
JZ2 W T8 1 S B R 2 LA S B G R T
rhCrp T B I S I DU B RO F A L
fRTR]. 3 i) 2 v 3C H AR TR F AL B B WA 55 Ll AR
hy it B AR IR J2 1) T 5 T SO 9 bR TEAT: 55 110 T Ak 2

DL 10 43 1) 2 48 g5 8 D 1 J2 ] L DS T, {HJZ: f
TR T iR 3R A 25 it AR 22 1015 TR0 RS BE A8
PR A F 5% AR O  F I o Al RO T
FIBRTEAE 55 — R AR, % T8 E) B AR TEF — i A b
LAa] Ja M2 B 1 ) TR A B TR 52 L R AR T BT 3
5 B IAR T SR B2 R R T A5 L AT AR T
ZAT 55 HE 28 5K fif e 2 > 17 4 b i [a) 2L B T
Xof 4> B3R Sy WO AR 25 22 A1 I S50 S R B AR ) O3
AT 55 o RN R 482 2 i B SCRAE R A L A5 4
P XA 6] S b AT 55 00 A 1 AR Y T AE R TR
SIS BB BN R R LT e P A1 bR
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Y3 AERAME B BRI T X 1] i DT B wp i) 30 36 1 TR 2 Mg
M. SCRKL 10 78 iy 44 TR 1R 1 28 48 H R A MR 7 44 R 4.2 HEHULEZEHNA
K AT 55 5 318 4] J2 R B R A G D0 AT 55 A0 25 4 L 32 4.2.1 HEYE¥

A AR B N R SCRRL153-154 5] A %8 B AT: 55 2%
2] 1R SCUE B R 44 Bk T 4R AR 2R R L G A — S 3]
LSTM [v] i Y1l 5 A 46 1y 328 70 J5 1) 3 00 45 4 B ) o
AT BB A AR 2, SCHRL155-156 DR 3043 14T 55 55 fin 44
TRAT 55 S [ U 25 o 038 1 b SCHREAA i 24 1R TE31) 19 %
BT AT HE T B R A bR R AL X S
ARG JE T IR T 45 3 ST A 3 .

WG R Y — KA A 2 43 i) R gemT DL 5 H e AT
55 LA TG B 4y i B I 2 e B
BAESS IR BBt 1Y 43 1) &R 45 R % 10 3L A0S R
TR A FRRZRESREEEENER L
EAES a2 IB A A 4 ae 0y R REE 4 R b AT DLHR
(ESS )W (EPI NE as = A E ) K== R 1 ] I ol N & =5
AIRETE o3 — 3 & JC R b R X 7 45 50K B 1]
O AR L Wb DR UE S R IR 1 — Btk A5 R 2
JEAS TR ) k3 [ R

PETE T 2 > e — i B 7R (1 e 2 L ] A R il
FHAR) XS 55 BV A7 18 RE R Bk DAy A () 1 5 4 4 ) 4
AT CAE B SCERC161 JHEW] T 24T 55 HE S 1 FH 3]
515 F AL PRI v AT 1 I F AT AR G 2108 Bl b P
SR RE IS T Z M A AU &, DL — i U7 X
b IE F AT 55 AEAT 55 Z 1) Hz o AT A
IR G S BOR 2 2 18 R E W L. TR AT 2 AT
DA 157 1 1 09 2 ke 52 2 L S S 10 2 8, TR SR A [
—iEF T A FE AT I FR G AR 55 B A, [ B
AR F L E LN W TS Z K2
AEARLPE . T A 749 0 BRL 3] b et 56 388 051 BRL G OR
L S " & (= DS U s SIS R Tl 31 & 1158 - 1
[N e S R ey SN IR DS B S
AR IR & T 205 R )T 8 bR AR
4.1.3 iEER A

LSTM i 5 #ft 28 9 2% 75 1 & 15 5% (Speech En-
hancement, “SE™) fil H 3 1& 5 i ( Automatic Speech
Recognition, “ASR™) & J7 [ HUA% T 28 i 1k BE. 2K
T o M 7 18 2 TR A — 1 0] I o 5 38 o A 2 1R
S B BRAE I A AR, R T i — 25 58 i R T 4
WEPEBE A SCRF IS TR ARG T
— A E G R AR E IR AR S 5 ) LSTM W 2% 42
L AE— DG HAR T B EIEEE 5 1 i
B U A MEAR I B S R R O A R R X
M5 & AT A5 5 3 5 . AR 5 AR 3 01 o X i R
FER AT IR, it ok SE ffi F ASR {5 8 i — 25 3

FEAE W B2 2 J7 THT, SCHRL 164 148 S A [m] 25 4 A 7Y
SR R AR BE SR T AN TR AR 0 R T E
T [ R BT R ) o B 22 AL SCIR165 158 i
J3E £ 4 o7 5 DR 22 () (R R 2 O g A A R O
DRI 3300 £ 1 e SRk (93 1) I 3 R 3 ik Mtk 22 1R A
FH G AT e 43 7 22 25 1 1) 9 560 SR L0 2 ik PR X i
FERE . X955 12 W BF 5 P 1) e R AIE 4 /N AR )
JBL L T i R N o O S R A S B vk L R
AT LA 3t DB 22 S AR 4 SRR R AR 1R 0T H o) T 1
B SCHRL166-168 J38 3 25 45 2 A i R A R 6 22 (8]
(9 N FEIE R (0 T % 4148 R A JIr A 1 i) ki DA A%
1l 515 P BE B — A1 % BV RRAE 7 4 1 Ry e PR PF 43K 15
T 555 1 JRE 195 100 SR T 169 TR B A5 5 9 T 00 (1] it
PR AR R B T L, BT R AE
PEBE L MG JE  SCHRLL70 ) FH 125 0] 2% 2 J7 3 (R A s
BB AL B r 2 45 288 590 4 31) BT R R R AE 10, AE
PR AR 2 or 2. ok SCHER 171 4@ Y & R I R
A B 01 05 5 vk K [ B e Bl 2 2 AR 2= pn G 5
B 2 v SR RE DA 1D 5t A O 14 PN 7R AR o 1E AT 9 T
W, SCERC172 04854 T 5 3 HE 25 R 42 Jm 4 38, o A G
TRA B A% 2 B3k vy 2 10 JO 2 M T o 7 A ) % A
A [a) 80, SCHR 173 100 FH s it A Bk 0 A % 58 PR I 371
I e R R R BE AT T RN 4
4.2.2  HARBREEAE G 2K

TERL IR H AR BRERHE LR R AR Rk 25 1] Al
ZAL 5525 2 5 A S B bR Rl 2T 55 2 15
R[] (4 AR AU T A4 v B s B 0 ) B
A, SCHRL 143, 174 143 0 82 0 T W65 70 i 24 55 B
i AR A 0 B2 4 o T A R AU A kL R
71N s 25 40 i AR 1] AR B0 P P T 4 v R R AR L S
k175 048 M — > K X 3 25 1 40 hr i BRI L A
KL 1] B 5 H OB AN R A I 5 W o A AR R
e T AR [ 25 0 1 fig 4 B AR AR B 9 Ak J2 3l i
V0 0 2R B0 A S P SR B AL O R T Sk (58]
(bR o i S 4R 1 T MTT(RMTT) H bR B B
I FHRLF (0 R B 1547 B G L O L% R 22
SR IR AT B TR T B B 5 SCHR[ 176 TRF H b R )
BB AE— A5 T WA o R AE IR 2R 1 248 55 48
fiE27 2] b AR B SR AE 22 00 I b R B LA IR SR
N I RRAE AR AS 7 45 TR) 3. 32 O fif el ik 1 3%
W A5 i 570 1) 24T 45 R A1 2 >0 HE 2 0k 2 ) el IRk AN
T it Je8 M RN IR AE. SCHRCL77 J38 i T —Fh B 45
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P AL A AR R I W6 1) 224 45 BR B el i 5 A
IR EL X 24> FAT 55 1 AS [R) B 4 2 38 N 4%
TC AN [] F SR B o M o O 2 5 o S8 LR IR AT 55
SCHRLL78 4 M 1 —Fh Z2AT: 55 Bk 5 i i 3% s 43 26
(4 IE M Ak 24T % 2 ) (MTL) HEZ42 , FF 9056 11 51,
SCHRC179 1 FH 2 4 T 1k R A1 4 3 1 A BB AR 305 6
ZANFEAE 23 (8] G 5 B — A 25 RV [ 8% I 8 FH s o5 R
Rk 23 F 7 I 2 AN I 1 R — B0 G 40 1 31k

SCHRL57,180-181 1N FH & T 1 43 26 T AL 1) 1%
SRR o3 2 1) B, SCHR (57 18 T A% O 125 K B30 4% 52
PN LR M 7 25 1A Ab B 4k B R 0 43 2 Tl B SR
[180-181 J M THT [ 45 25 11 4 Jy M Uy 2 & Jie 3] 1 1 %of
G Tk [R5 A R R R R HR R L S X
BFRIEAT RIS, SCHRL180 15 X 2 5 43 FF 3 38 i o3 28
J5 25 b R e /N g R B 06 1% A o 2 (], 42 T —
T B0 5 7 i A AU K 85 ) 1 R I 287 5 1 R Lo
15500 D] e 38 5 A AR 2 v ) A B L R
PG 43 28 B A 50K A RS AE ) il 108 3 5 2 TR
B B 2 AR AE AR L 10 P 8 1 B Bk 29 Rk 2D 7
O3 BT 55 I TU A AR G 36 TR RE (254, SCik
L1814 1 — iy i 385 1 357 285 1F D Ak 1 s s A1 ok
A MTL J7 i . fff B 738 S 307 2 1F 0 4k &5 2%0F)
FhRZEAG B I B A B FSCERIs7 10 — 4 H s AEH
Xof = 4 RGO 25 %6 B 2E A7 4 S M 0 A DG P A
4.2.3  FhAg KL e

TEAEAC I 28 A S5 A8 A Sk i 1 L SCR[182 ]
P T —Fh oA 2R PR S5 5 2R L 0 P A 7 A
IE WA 224~ F P i A 55 16 £ B AR A7 45 2 o8 )7 1)
R CERLI83 M Z MR TSR 456 T 2
A8 I3 BT 0 A AT 55, SCRL 184 J7E A28 W 4%
Fh SR ] 22 I ) B 4 SCAS 0 5 78 48 47 9 4% 4 ok P
OB HEATHEWT L SCHRLC185 I%F 24~ A P B3040 $2 OG-
FRAEAL B2 P HEX7 R G0 - SCHRL 186 10 22 % It X 4%
B 2 2] — A SL B R s )L R S X B B B
A 0 57 2 4 v A% R0 SCHRC187 ) A DL B 2
R ZE R R 3 AR R 547 P[] 2R 2K

5 ISR

AT d R JUFP E 55 e o 1 2 AT 55 2 ) R TIR
54 B8 7 2 i 6 EE L. X LR B A AR ER
PR 19 7 35 4 R 56 1 e A J2 T 1 ) ) X B R A ok
AJ A5 % B2 )7 7 (Flex-clus) 3% F 45 iF 2 i f9 A: BL
3 R Bk 056 G s i AIC B 9 A 32 7 15 (Probabilistic
Low-Rank) , DL S I BE W 26 5 1 S Bk 24T 5538 L 4%

N R

B AT R AR — Ok an Rk
FHZAT: 55 J5 vk 28 T B B8040 6 1 e i I AT 55 =2 [
R SEAFFEAR M A AR BAT 55 AR A T 19 i
JEH AR T 55 th — BEHRAE ) 3k A7 7R 22 1.
AT T 1 22 AT 55 155 20 B 40 R 1 28 AL R A 4y Sy LA
T T el s B — A R 1m0 [ R {5 R ) B AR O S T
M school data % 4% £ (https://github. com/tjanez/
PyMTL/tree/master/data/school) , 4% 139 4~2¢
1 15362 2 i st A 2 AR AL 27 DMRHIE R
PE 38 F BB 2R B RS AR AR %5 9F A
BT 55 B REAS S BOR A AR R 19, 58 2 14T 55
AR AR 43200 T R AR S B 8 AT 55 LR S 5
FE A S AU T RAFE RARG R k0T e g8 ik
K AE R 24T 55 B a4

9 R R AR AT R 24T S I
532 0] FOL I B0 AR B 4 ol — o R IR, AR T
ISR e =y G S IR P o R R NP [ 1 S
MNIST (http://yann. lecun. com/exdb/mnist/) Fi
USPS Chttps://www. csie. ntu. edu. tw/~ cjlin/
libsvmtools/datasets/multiclass. html) , F ¥ 5% “0”
R RAL S TG ZE R AT — A2k
RS E N T A 43 2841 45 MNIST H 70 000 4~
28X 28 W K FE AR A B, & 60 000 A~ I A A< AN
10000 AR A s USPS Hf 16 X 16 18 3R 1Y JK J&E
K5 A 9298 A FHHFEIMG Hd 7291 Dl 2k
FEA, 2007 AT AEAS , P> Hidie 48 10 15 R (8L 1 1k
H—A1k. %6 =~ J& The extended Yale Face B %4
LOZBIEEA 16128 K EMER, A& 28 AW
9 AN ] 22 25 00 T N MK B R 2 28 SR 64 AP
[F] 1 56 BRI D 5 B AR R /INIH — 46 Oy 32X 32, 6 4
AN R AT B 53 AT 55 5 DA 218 o 50500 46
(http://host. robots. ox. ac. uk/pascal/ VOC/voc2012/
VOCtrainval_11-May-2012. tar) PASCAL VOC 2012,
BLHG 20 X428 A 11530 M8 614§ 27450 4>
FRIEWIA RN 6929 415 X4y E.
5.1 HHIXFAEXR

AT XS E T LA 32 A 1 2007 v R e e 45 R
Horp A 45 BT 55 04 [ 55 (Ridge) | IE U 4k 2 R £
£ 45 )7 2% (Regularized MTL) | I 485 FIE% (Dirty
model MTL) , & ¥ £ 1T 4 2% 2" (Robust MTL) |
T 1 B B 22 AT 45 2% 2 1% (Sparse-Robust MTL) | 8
KT S (Clustered MTL)  Fi I P )y 22 2%
2] AT 55 K F A ALY (MTRL) VRHAE 2% )
75 15 A ) AR A B R ) (Flex-clus). X 86 & %
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Hl

e i 2020 4

452 i BB LR 22 2] ik AR M R T
[F] 25 700 1) 25 44 » Rigde J& BT 55 2% > 1) L ofE 7 ik
Regularized MTL 2% 55 )2 1 19 FRAE 28 88 07 15, b
#b,Robust MTL . Sparse-Robust MTL ,dirty MTL
F1 Flex-Clus & 55 1E JZ 18 ) & A ; Cluster MTL
1 Flex-cluster 43 Bl J& AT 55 )2 11 5 28 FIRRAIE J2 17 2R
KRR E.

[l 4 [ 50 552 56 2 B 152 2 M school data %
PEAE My 139 WAE 55 rh & A B AL Bk 3% 1026, 202 Al
30V MREANE MU 254, 55 4 45 % FF Ik . ) F
M T30 0E Ry 7 e T A8 AT ok i 52 L 25 2R R
525 WHCE B E . B W AR | Rk ol 5000,

PR AV VG 107, PE M 8 AR % FH I — 1k 1y
5 iRk (aMSE) , BIARIA ) nMSE #AK , %5 [a] 16
V) 52 2% B /)N o 50 R Al By, S B 25 R 3k 3 iR
Bl VIR A B 3 £, Ridge SCR IR LR 22 10
BT S AR B /N BN FRAEDN B B 5
A3 LA 1 ZE WK Regularized MTL 3 3£ 5E J2& A
SR b BOHE A B RRAE 45 R e — Byt
HFREEHN Cluster MTL J5 ik il 3t F £ Fh A
K MTRL Jy ik = T i , i 3 T 4R F )2
B H e Iy ik d A Flex-clus Jy el #€ T F¢1E 19 BX
L B E X ] — e R AE it i TR 7] 29 0L IR 4T
TG F2 LG B30 B 45 AT 55 % g R AiE 7R 8 AR 1 AR

®3 ODAKEEHHARRE

YIZRAEA HE 2020 WIZRFEA 1L 3020

Iy ik YIGREAR L 10%
U [l 19 1.04740.023[8]
E N2 R Z AT 55 J7 i 0.87140.024[1]
ik A 7Y 0.965+0.026[7]
BRI 5FS 0.964+0.016[5]
a2 5% 0.965+0.016[6]
REZAT SR 0.95040.011[3]
Py 22 24T 55 5 R AR 0.955+0.013[4]
] AR R TSR 0.875+0.021[2]

0.90840.015[8]
0.78440.019[2]
0.84240.017[7]
0.82040.008 3]
0.82040.008 [4]
0.82040.011[5]
0.82340.009 6]

0.86740.023[8]
0.77340.026 1]
0.81140.025[7]
0.790£0.021[3]
0.79040.021[4]
0.79240.019[5]
0.79340.015[6]

0.78340.019[1] 0.77440.026 2]

TESr 2SI i, A USPS Fil MNIST A4~ %55
£ 4 B Pk 2k 10,30, 50 A FE A T F Y2k (i) 4n
USPS10 AR R FEARANHO | [ 3% 500 A4~ 55 3F
£ 500 A3 4E , IF HL6E 3 B 4 4 B ik T
USPS 1 MNIST w435 $k3E 64 4> FEAEFI 87 A4
fiE. Z5 N 4 FiR , LR 45 R W R & A SR 1Y
WL  REZHO0T WA B 4 EHER SR AR — 3
Ridge 752 ) it 5 25 0L F 1m0 05 250 40 46 19 15 00 76 /)
BEARBEE N ARG S A. &k F 0200 AR 25 E

WRIHAFAE RBRIT HBE AT X3Pk, S BT 2+
LBy L L TS B T AE 55 22 7 9 Cluster MTL
JriE M MTRL J5 ik B T — & M RCR , Flex-clus
J7 1 Re B8 4L T ROE 1Y R AR 7 TR T 2R B A A TE AR AR
JEW 7, Dirty MTL J7 iR BT 2 2 60 410 51 45
TEBH] T RO T I B R & R 2 Rl iy £ %
FRAE 25 R A AR R AR LPE  Robust MTL J5 ik 3% A 43
BB R AYRAE s )X Z . Sparse-Robust MTL J5 %
AE A% Ailf SR Ak 2 [ R P BB 1R 4

R4 FEKIAS MNISTHEESRIRE

Ik USPS10 USPS30 USPS50 MNIST10 MNIST30 MNIST50
U a1 )5 0.75440.055[2] 0.6964-0.042[8] 0.61340.052[8] 0.644+0.032[8] 0.421+0.080[8] 0.611+0.070[8]
ENLAR LS T 0.757410.058[4] 0.41540.042[2] 0.51640.061[3] 0.53020.035[6] 0.32540.064[2] 0.400=0.086[2]
JUE A TR 0.81940.052[8] 0.59940.047[7] 0.57340.060[7] 0.606+0.040[7] 0.373£0.080[7] 0.496=0.086[7]
B S 0.763+0.055[6] 0.45970.044[5] 0.559+0.060[6] 0.466+0.044[1] 0.34040.065[4] 0.41340.080[4]
B G 2 AT 5522 0.7900.053[7] 0.45720.047[4] 0.47540.057[2] 0.46840.044[2] 0.33440.060[3] 0.41140.079[3]
RBZME 55T 0.758+0.057[5] 0.4610.046[6] 0.553+0.060[5] 0.470+0.046[4] 0.34040.065[5] 0.41440.079[5]
Pl AT 4 K ZBR 0.75240.050[1] 0.43240.044[3] 0.55240.059[4] 0.469+0.047[3] 0.34240.064[6] 0.421+0.080[6]
] 75 g B S A 0.75640.055[3] 0.41440.042[1] 0.44540.057[1] 0.475+0.034[5] 0.285+0.056[1] 0.369+0.079[1]

5.2 MMETERRAELR

S HR 23 SE BT LE T2 T EORT B B TR AR 2
P4 HBE 25 i PG R A TR L5 46 g 1 8 3% A [l U1 ) R A
G In) B I ST BG4 R 5 BT 45 B R AR AT
(LASSO) IRRRIE G HOE# AL (Trace) (KK Z AT
SR (Clustered MTL) | & # £ AT 5 2 Y

(Robust MTL) LA J #i i - #: 22T 55 2% > (Sparse-
Robust MTL)#E47 Fb 4. 7 8] )3 [n] 8 1) 52 5 v 3l
SrFEA B B R RN TR A I 2R FE A L. AN school
data 04 09 139 AT 45 ()1 25 55305 v 4 531 B MLk 22k
10% .20 % 1 30 %0 [ BEAR 4 B — A /NI R Ho 4
FE R IR, SEIR AT 20 RICHAMEL 3R 5 i s T L



7H

K H%. ZE5%

x5 ODAKEENHARRE

IZRBEA HE 2020

YIZEFEAR L 302

J7 ik YIZEREAR L 10%
R 1.587+0.023[6]
REZESHHT 0.96940.024[4]
{7 SUFRA RN 0.96340.026[2]
T b 6 W 2 AT 552 ) 0.983+0.016[5]
GBS 0.96540.016[3]

105 e o AT B A 3%y 1 0.94440.011[1]

1.143+0.015[6]
0.93440.019[5]
0.92840.017[4]
0.90940.008[ 2]
0.91740.008[3]
0.85540.011[1]

1.021£0.023[6]
0.91940.026[5]
0.913740.025[4]
0.84640.021[2]
0.86840.021[3]
0.79240.019[1]

Tl 7 ) nMSE /)7 Y8 A% il 22 . 7T L& 3124
WIERATEAS LG 28 B I GRAT A (Y 38 i imf, i A7 58 4 5
20 nMSE {E80/)N iz AL PR REAS 242 5.

J& =05 SR T T ARER N AR B R A5 A2
BEE N RAEA R I 5 =R o7 st T 500 ol
E T =T 7 v o 2 A B A 308 3 550 W A (] 4
Trace) . 5 2 LA B 81 # i 7% i % (LASSO Al
CMTL). X KB P s (1)l AR B 2 (0] fii e X
55 6] A A DG PEE AT A 2 5 3 B i ik iy
751 (Trace. Sparse-Robust MTL, Robust MTL,
Probabilistic Low-Rank) 3% F Ik B & 3% 89 )5 &
(CMTL #1 Lasso) 4% 1 A X3 B9 PERE 5 (2) X E
Trace 5 H 8 = Fir e JiAS B a] Ji1 ., X I J2= AR Bk &5 4
AR 1 45 #9647 20 5 A A5E AT LA K b 4 e P RE L AIG
FREEFF) FHAT: 55 22 18] 1) 96 2 o Wi 5 45 A4 ] L) 3R 58 B
ME SR E AR .

I H. o BIVE AR 5L T AR R B i 5 = Fh & i 7 12
e, DU 3 ik o A B S A 3, Probabilistic Low-
Rank t4f; F Sparse-Robust MTL # Robust MTL
T3 o PR D 3 o e A ) =X 1 AR S st Y ARG Ak T

23 77 A — 5 WORS BEABY 2R o T =5 PECVES A 1) AN 1 o e
Xof AR B s B 40 o 1) A et R AT A A AR 2 ok A X
Fifr [a] il 25 R Gk 3R Y AR D AT 55 0 B S . o T
WMIMTHEZESME SR KRBT IENIRE B
THEm.

FEAT AT 55 1 5255 s U The extended Yale
Face B 4 5 b 4% 5 N\ B AL FEHL B #5 30 DA
40 AN YNRAEAS , A T H A AR e A, 7 3 7 A
ANFERIFEARN B N ER 20 RSB E. S5
J5 VK 1T VA A B b ) LASSO 5 4 o M S 5 1)
AL RN DR B A O R OF BB AN i S IR
F 2 B 2 5 3 30 B HE AR 2 0 B 4w 28 Y (MSDAD |
ZAL S5 HArBER A dfg a8 (MTAE) Fl kM A 4
i (DAE) i F L. 25 a3k 6 iR, R
Probabilistic Low-Rank J5 ¥t 4L T IR 2% > J7 ik
MSDA,MTAE #1 DAE, 525 MSDA %1 DAE &%
5577k A F B 55 Z MM 2515 2., i MTAE
A o {8 ] AT 55 EE AT 55 SR Al AR AT 55 Z ] 1Y
SRR B U A S5 R B REARAETE B3 2 e
MTAE #{B 3 AT REA L.

% 6 The extended Yale Face B #{iB & 4> KiR £

Jiik

Y ZipEA 30 4

Y ZRAEA 40 4

LR SR 1 LT
{(SVSUNR (O

i i 5 PR 22 A 552 )
BHRZALS
PSSR TR

88.70+0.70% [3]
50.42416.57% [8]
82.50+1.28% [7]
87.31+1.10% [6]
88.36+0.87% [4]

91.6141.23%[3]
46.53425.36 % [ 8]
81.99+1.82%[7]
91.6040.96% [4]
90.84+1.19%[6]

ZAL 55 H bR ERER [ 45 6%
3 BR AR 25 W A 2 A
WA T LA R A A O 2k

89.3140.77% [2]
88.35+1.11% [5]
91.1740.96 % [1]

91.354+1.16% [5]
93.75+1.04% [2]
96.4140.61%[1]

o1 5. 1 95R 5. 2 A AR AL JZ 1 7 9 L BR
FINGRFER 73 A [ 1) 52 Wi o i 2o A6 1) LU 45 — JBEok
Ul o 7 A JZ 8T 1R 2 2] J7 15 25 P8 A £ S 3L = L LE A
S35 » AL I FH B 1B R A A TR A B 4 L T
DASR FH )£ S X0 B8 205 ) 2 A T 5 11 o 245 ) 52 35 1)
IPEIEA—EROR el BlNTESR 4 T 5 (R %
PR S5 R b AT LU 2 — 26 L 1 TR )Z T /Y 2
>J 75 1 R AN UIAE: 55 J2 T 19 2 ) J5 % X Rl B4 1

The extended Yale Face B ${3E 1 A B &K %
SRREAKL D BRI T % B A i aE — 25 L T AR
MNIST #4848 th &t 1) 4 B 3ok & [ IF A A 45 1

JERHIE R T 02 X O AR A A2 55, O TEAR 24k
WEPHARN2ZER AN RB R HEEEAG BN Z
SN R AT 55 00 e AIE 45 4 8 T 25 AL, ook 2% R AE
22 TH P 45 4 2 R AR AR B AL R SR
BT 55 2 1 2 ) B R AE JZ TR 5 ¥ bR E IR N
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Hl
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i 2020 4F

S ME— 1) A B8 — B J7 B 0 T 25 A 2B ) Bods 4R
A gdE T 24T 55 07 ik 0 3 Y L B 2 M S
SRR R AR A X R 2 AT 55 T M .
5.3 REBGHINSESZSHELR

LG B 3 S 6 S T A ok A1 [ER o3 ) U L B AT 5
W 3 9 AR O R — A S 2 AT 5
PO 2% JFH Of i A 2 /N TG IR S 48] ) o S0 1
O3 ZASTAESS 5 430 g IR USTAE | [l 0346 A 52 451 O
28 HI P T 55 R S A AT Y L 4 Sl A e H s
103 AR R Hor BN e Ja 1Y 74T 55t 20 2R 4T
gy A M2 L B BUR S5 OF B G — 1 55 R I
PR THT— AT 55 R R R A5 A XA R T
5 AT 55 2600 T Bz [ B B8 11 5 2R A G &% L O HLiX
F &5 A4 FE AT 55 550 7T LA 28 i1 55 = AT 55 1 i 1 4k
S AL AT =T 55 M T R R A5 A
H T WG IGIE Loy B 2 AT 55 O ik AR L L A &
£ PASCAL VOC 2012 ¥4 R T ¥ Al Zx
B B R ] Fast R-CNN 25 #1100 % i 15 {8 8% &
SR FH R I X 35 (RoD) 28 2+ Iz 1) A B2 SR figt 1) o 1)
Ui )7 ¥ VEAN AR AR 23 SR T 0.5 A 0. 7 2 I HE R )
SE kS BE {8 mAP (mean Average Precision) , f
KL VGG-16 net ™™, 3 7 &R T R[]I 2%
RMGBE T mAP Z AT 55 W 45 9Bk, 45 R R W AE
(&) ZAMMESF A S AFEN & £ BB T ZF-net g 4f
ROR (D) o BIIE TOREGE o3 FIRE R 23 A by G056 ) 45 1)
A B AE (D 2 = A ) 4% 3 5 6 B2 AL I,
S5 60. 50 AL ALE (o) P IELE 60. 200 A
— 2 WA B T R R =T 5
HER) OGRS BB By 2T R AE AS B 58 A A TA] L 2
R A8l i B 3 I 2R 07 v () MY R Dy T I
C(h) i, OR1G 20)8 2 $2 T, R S il — 1 58—
A58 2 B8 R 2 B 9 2% 119 S 1 A% 4% )11 2 ) 246 ]
L 0 3 SR AE L R AR B R SR AR ST
0.5 Fl 0. 7 WY A5 1F T 43 545 B Je df ) 45 5L 63. 5 040 0
41.5%, 538 8 B AR 2 AT 55 Jy ik X T
L MEC 527 PR3 o o 1) 552 451 23 1) o 7 4b 38 4 1
P ) I [10) VRS HE B XA R R T R T 2T 55
SR RiOE

% 7 PASCAL VOC 2012 #{iE &= T2

Yl 2555 g ZF net VGG-16 net
(a) (b (o) (b (e O (g h)
AR R ARV, S
SRS I J Y
B R R HI J J

mAP@0. 5(%) 51.8 52.2 53.5 54.0 60.2 60.5 62.6 63.5

& 8 PASCAL VOC 2012 $#E &£ LI B AN1E X 2 Bl 77 ik LB

DiRS mAP @0.5(%) mAP@0.7(%) B}[a]/ 4K (s)
SDS(AlexNet)[196] 49.7 25.3 48

Hypercolumn!!97] 60. 0 40. 4 >80
CFML198] 60. 7 39.6 32
MNCL194] 63.5 41.5 0. 36

6 KRFERMERAME

AR ZAT 55 2 2] BRI T — 2 B Y
J& AR A RATAEVE 2 M BBUA TR k. LR FAiT 250
25 T RE Y BIF S TR) R

(1) 24T 55 55 ~J 10 56 i 4 46 1oy 3t S R4 3
ALFE N A ORI 5 0 5 P AT 55 B 4. 2 AT 55
= 5 S ROR B BOR T 2AT 55 2 A B R
£ S A fig S 5 A0 oy 248 55 Kt 14k 2R 55 K
I B (080 43 T8 20 & AT 55 2 2T BOR S 1 97 H b
M5 AR S iR AR A PR ) [ AL A S R R 24 55 2 2T K
W Il . 80y R AR 2 AR 55 o A Bk I e

(2) $2 th AT 55 2% ~J 19 58 & 19 B 4 3 A B 38
PR, ZAL 55 24 ) B IR R A 52 BB 4h 2 AL 55 2%
2] i ok B 2 1 52 BT BRI 2

) I ZAE S/ 28 I R 28 e 4 2 ) 5
LGSR NBIE 4R T 2T 55 7 i e Al
LA ETE S PN RV AR SN RITE S SUE

() WAl PR UE 2 A 55 2 ~) 1) P RE B HE B4
% 12 D MEREL IR R EAT AN R UE T 22 R
Hay 3 AT 55 2 > BT R 2 o) B33 52 B — Bt i ik
BT 55 27 > ROR W 18 T 2AE 55 2 AT BB A =X

(5) G|t F g U 5T 19 B8 TR R R
W ZAT 55 5 2 07 L U2 AT 555 ) B 2 AR 55
o IMEZAL S ] AR E AR5 T

(6) ZAL 55 p R E AN 2 MMEF LA
FEACURETE 7] I o 22 0 B BT 55 B A A ek L
AT AL W 5 Z 18] (4 5% 3 o 24T 55 2 ) P I 45 T 4
MAHAGER B AN EFE BN B 15— 1
PR, Jo ik S5 E X AL G U IR, 24T 5557
B MR R T WA — T — mbe e
B BRI RIFAA FRon AR 2 — 1N
R B AR SR 1 S B o AR A R 114 1) A

(7 ZAT55 % > 19 B A5 ok 808 58 BN 2 H AR
PEAL )L, H A 22 4T 55 25 > U R 030 3k A il ol o 4%
A TR 5 BTG A R R U e A T 5 G 3k T 3
JE T G A 3 A B A e ) i 110 i fo 4 B &5 SR AN



7 ik ARZE. ZAT5E 1371

B B ZAE 55 R AL 55 4L A T iz
PR SRARAR T 24T 55 27 1 A IR0 R8I0 A K i 5
i 2 2 BRI ST R I 24T 55 22 > L

7 ZRERE

ZAL 5 M — RS RN A G —HESL L 1
FHEE B ML 2R R RE A L EAE S P A& T
H 5005 Gl A 55 Z [ A5 B AL 3k IR 55
1 7 SR AR BE 4 5 BE 2 L B LB B — At i 24T
S5 BAR Ae Jry b AT RAARAS 56 T 4% T 55 1 S AL . Bl
ERUIR = D AN Y R oS A D 5 N 1
ZAT 55 B W 3 WD N AR A0 B B R OR L R R T — s
1T 55 BEAS B 3 B9 57 > IR ME 75 2 Fh 7 5 R R
75 A ST - [ I AR AR 22 00 400080 e 3R A
TN AR RO S R 52 ) 2 R SRR T SR Y O

LI 1) 22 1 55 R A R e 3 4 3 A AP I
FIRAT 55 Z 18] 9 56 2+ I — e 3L T2 25 4 1) . (A
ik 27~ B TEE 2 A 753k Xk /N RIS R A 1 Ak AR
TAEE RICR BB AT 55 52 A% 1 10 2 i A R 1
(9 58 T o L P F) L A e A O IR AT 55 o ) IR IR
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