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B Introduction

What is mulit-task learning?

Multi—task learning (MTL) is a subfield of machine learning in which
multiple learning tasks are solved at the same time, while exploiting
commonalities and differences across tasks.
—Wikipedia

Ofc] EfA3 S0 SSH A0 HS EEolHA
SA|0f| oliZot=

4282 ot? =0F

.C:t. B?JE?thl/r\‘r‘:]%yﬂCS https://en.wikipedia.org/wiki/Multi-task_learning



- Introduction

What is a task?

< Task

IO D(X, y)

ANAISEA
2T L
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B Introduction

Single task learning vs Multi—task learning

.ﬁ

Single task learning
A — T~
' Task 1 Training data Training Generalization
i Task 2 Training data Training T,\r/lacl)réz(? éeneralization
A I e
' Taskt Training data Training Generalization

__________________________
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Multi—task learning

Task 1 Training data
Task 1 Training data
Task t Training data
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B Introduction

L earning methods

%+ Transfer learning
o (42| TaskZ AI26}= CELEQ| HIHEZS T5k5H= JH

v" Self-supervised, meta—learning, -

+ Multi—task learning
« 0 TaskE SAl0]| ek5ol=s YEHE

“* Multi-label learning

- ofLtQ| HO|EJA0 O 20|== SAI0l Sh5ot= WHE
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Transfer learning vs multi—task learning

** Transfer learning
* Target task®} source taskZ 72=
 Target taskE Z 6t= 40| Z&E
*  Source taskOi|A| 22 X[AZ target taskOlM EE

—> Sequential learning

“ Multi-task learning
* Target task?t source task= T-=2Z|X| LS
« DE taskE2 X ol= A0| SH
«  ZftaskOM €2 XASS SRl 22 EHATN &8

—> Parallel learning

Knowledge sharing

Data Mining . . . . . '
.% : ; Zhang, Y., & Yang, Q. (2018). An overview of multi-task learning. National Science Review, 5(1), 30-43.
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B Introduction

Multi—label learning vs multi—task learning

“* Multi-label learning
Label 1
 OfLt2| HIO[E{AI AKE
« ZtO|0|E MEEZ mIK2| H|0|[=0| =XY Data

© SAD| 0f2f 20I2SS B

¢+ Multi—task learning

« O Ho|EMIe=z 71 7ts Data 1 » Task 1
- OOIHEZ CE AT Al TS
«  SA0]| 02 GIO|EMIZ a5

Datam » Taskm

Data Minin
.{.. Quality /\ncﬁy’rics Zhang, Y., & Yang, Q. (2018). An overview of multi-task learning. National Science Review, 5(1), 30-43.




B Multi-task model

For multi—label dataset

“ ott2| HjO[HAS AEE
+ BOISER BUR0| Tks

. 7E|'O E||O|E:|7|'7|'7|'O|E':é|0

-« RSOl H0lES
N

« 2415k (Loss function)

A< (without sharing)

OliSot=tl =X=rg

min ) £(6,,)
i=1

6;E2 MEE=
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1 1
1 1
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Multi—task model

For multi—label dataset

< I2}0|EE SRok= 4 (Soft parameter sharing)
« 2 REO| M2O|E{ZE HElE E0|= ML =7+

/T

—>ex. L2 norm regularization Y1l Y2
- I2H0|E4S0| B0 SFEEIH YeKregularization) St
. UHFMOR Q12 H0|E{0]| 7PHS DIZH0|E{RE 28

= 1 1
o A8k (Loss function) «—
¥ f
T T “«— Constraints
min > £,6,7) + ) [|¢ 67| i :
=1 t'=1 >
Knowledge sharing0| 2I0jLt= £& )T( )T(

Data Minin
.{.. Quality /\ncﬁy’rics Ruder, S. (2017). An overview of multi-task learning in deep neural networks. arXiv preprint arXiv:1706.05098.



Multi—task model

For multi—label dataset

< O20|HE 26k 42 (Hard parameter sharing)
- U2 OIZIO|EIES &ANG| SR3t= HE
- OfLte] BEZ 042f 7| 20|= OIS
o« 7R O] YT A (Multi-head)
«  SREE O] (6,)2% EIATEZ CHE Oi2{0|E(6;)= L
- IMEt0|E 7t MO, 71 YBteKregularization) 217t 2

« &AI5H4 (Loss function)

T
min Z £:((0s, 63, D)

Knowledge sharing0| Y0{Lt= 822
Frl= T0IE (O k= 2= LossS )\f

Data Minin
.{‘. - & Ruder, S. (2017). An overview of multi-task learning in deep neural networks. arXiv preprint arXiv:1706.05098.
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B Multi-task model

For multi—label dataset

* I0|EIE BRoKs B
. S IIRI9 88 HEE TtS
- OOl S84 w2t XirsAH 8 75

T T
meinZ L;({Osn, 6;}, D) + z l6t — 6"
i=1 t'=1

Data Minin
.{.. : - Ruder, S. (2017). An overview of multi-task learning in deep neural networks. arXiv preprint arXiv:1706.05098.
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B Multi-task model

For multi dataset

% 02 HlO|EIS SIEAIY 32
« U HOIEX)2t 2|0I=(y)7| TaskEZ LIS
* HO|E{9| E{AT HEHE HPiFe= HE(Z)/H EQ

- ex. One—hot vector

)
Data 1 Zq
X1y0) (1,0,0)

)
Data 2 Z,
X2y2) ©,1,0

)
Data 3 Z3
X3¥3) ©,0,1)
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B Multi-task model

For multi dataset

< 02| O|EHMIZ =fEAE 8%
- = HI0JE(X)2t 2lI01S(y)7t TaskEZ THE

- OIO|E|Q] BiAST HEHE EEiF= FH(z)7H 22

- ex. One—hot vector

Data1l | -+

Data2 | +

Data3 | 4 |3
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For multi dataset
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B Multi-task model

For multi dataset

< 02| O|EHMIZ =fEAE 8%
- = HI0JE(X)2t 2lI01S(y)7t TaskEZ THE

- OIO|E|Q] BiAST HEHE EEiF= FH(z)7H 22

- ex. One—hot vector

Data1 | -+

Data2 | +

Data3 | 4 |3

Q.. Daota Mining
ob Quallity Anailytics

Model

\ 4
(e}

N

/I\

Y21

V3




I Multi-task model ][]
L ]

For multi dataset ] ] ] | T |
] I N — I
< O2] C|O[HME sheAd B9 [ | E— [ E— R ol E—
. B HOEM HoZ ) Taskaz e L b 1 L]

* GIO[EQ| EfAT MEHES YEiF= FE(z)7H 2R

— ex. One—hot vector expertmodel 0121 2 Al

Multiplicative gating 1t

( ) 0
Z
Data 1 1
@1 T 4,00 2 ” 0
—
) 1
Z
Data 2 2 -
+ ©,1,0) / N
X Model > V. 1 —>
— 3 oae \ V2 V3
D Z3 V3
ata3 | 4+ 0.0.1)
—
.{.. gignh;i/r\w;:ﬁyﬂcs CS330 Multi-Task Learning & Transfer Learning Basics




B Multi-task model

| 2 I " |
For multi dataset ] ] ] | T ] ]
i | T || T | T ] | ]
< Of2] CIO|E|AIS ShaAld 3R [ I E—  E—  E— ) S—
. 2 O OIS Taskg2 b b
+ OO|E2| E{AT HEHE Y= HH(z)7H 2R
—> ex. One—hot vector
( ‘ 0
Data1| 4 (1,201, 0 2 » 0
R 1
)
Z
Data2 | 4 0.1.0) 9
S X3 Model \*:)’2' > )3
Data3 | 4 |3 V3
©,0,1)
0,

Data Mining : . . .
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B Multi-task model

For multi dataset

% Of2{ HOIE{AIS SEAIL 29
. 12 BIO|EI(X)2t HIOIE ()7t TaskER L2
* HO|E{9| E{AT HEHE HPiFe= HE(Z)/H EQ
—> ex. Embedding vector
- Multi-head 71 &E AIE0olX| fL0tE &

)

Z; |— 3 >
— £
)

|
(— =

A 4

Model Vi

Data3 | + [(Wz3 +b
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B Multi-task model

For multi dataset

% Of2{ HOIE{AIS SEAIL 29
. 12 BIO|EI(X)2t HIOIE ()7t TaskER L2
* HO|E{9| E{AT HEHE HPiFe= HE(Z)/H EQ
—> ex. Embedding vector
- Multi-head 71 &E AIE0olX| fL0tE &

N
linear
A 4

WZl"l'b

>
v

Model

v

Vi

Data3 | + [(Wz3 +b

Q.. Daota Mining
ob Quallity Anailytics




Il Multi-task model
For multi dataset
< O] L0 }= SksAld 82
- QU HIO|E|(X)2t 2|O0[=(y)7 | TaskE 2 CHE
* HO|E{9| E{AT HEHE HPiFe= HE(Z)/H EQ
—> ex. Embedding vector
- Multi-head 71 &E AIE0olX| fL0tE &

N
linear
A 4
WZL' + b

Model Vi

>
v

Data3 | + [(Wz3 +b
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B Multi-task model

For multi dataset

% 02| IO|ES SHEAIZ B9

«  Multi-task model2 M% Ctfot HEfZ XIFEA HA0| 7S

convl, pooll conv2, pool2 convd convd convd, poold fc6 fe7 fc8

conv conv cony cony conv conv pool ny conv conv pool

b ! ! ! ! ........
1 1 \
i Modle

V YiomioN
|
|
I
ViselL
L
-
m——
S
| —

TOANTS

d / Cross-stitch Q'
g\ o

o -
— units

&/

Task 1

oFwuy

,A(‘l -
T T T B EE I
i B It
?r ®
W
Cross-Stitch Networks. Misra, Shrivastava, Gupta, Hebert'16 Multi-Task Attention Network. Liu, Johns, Davison 18

OO
o
09
B e
N ImL
e

@ K N K YN KDY B YN B lam B o B o Bl e (@] €2 ey v | | ..  Process xL

O f

) /A s T e L B e T

O : _>: aten : Q Q 2 i -

o % o w B || R o

o). 1 g Output W 7ol S e ¢ [
=] oupu query o [ [ £ r~-EE.o

array EEEE { - EEEER
Deep Relation Networks. Long, Wang ‘15 . ) :
P 9 g Perceiver 0. Jaegle et al.”21
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B Optimization

Objective

¢ Loss function
o 7|2HMQ1 HEY
> ZHEjATH |oss?/t €2 H|E= HoljX|= 42

- Uniform weight

T
min " £,(6,D)
i=1
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I Optimization

Objective

¢ Loss function
« 7t=& (weighted sum)
> 2 EfA TS loss?/ CHE HIZ 2 ClollX|= 4%

rrgn wl +(w—-1)L,
> 7I5X|E task Y H:(task balancing)E 2|0/t

- 7ISX(0f| w2} Bl AT E 459 trade—off7F OH c, !
T w=0.8
mlnz WiLi (9, Dl) °
0 4 w=0.6
=1 °
w=0.4
® w=0.2
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B Optimization

Objective

¢ Loss function

A0l VISK| = 28

r9£

v EALEQ
2. Heuristics &HHE2S At
v Gradiente| 27|17} SAGHA =5 AT

. UncertaintyS 0|E%t 7}5X| EA2
4, DA SEZA| SA0| 7tE5X| 53 T
Loss/t =2 taskB ks

rrgn max L, (6, D;)
l

1. Chen, Z., Badrinarayanan, V., Lee, C. Y., & Rabinovich, A. (2018, July). Gradnorm: Gradient normalization for adaptive loss balancing in deep multitask networks. In International Conference on Machine Learning (pp. 794-803). PMLR
2. Kendall, A., Gal, Y., & Cipolla, R. (2018). Multi-task learning using uncertainty to weigh losses for scene geometry and semantics. In Proceedings of the IEEE conference on computer vision and pattern recognition (pp. 7482-7491).

Q.. Daota Mining :
.$ QUQMY /\nqu’rlcs 3. Cortes, C., Gonzalvo, J., Mohri, M., & Storcheus, D. (2020). Agnostic learning with multiple objectives. Advances in Neural Information Processing Systems, 2020.




I Pros and Cons

Pros
- B

« X4 3% (Knowledge sharing)
> Task 12 SRESIDIM RIS HET} CIZ OlRHaskSO S UBS &

¢ xR YR

d

| 20l 22X

> &2 220 K2 task=2| H|0|HE st&ol
HEolHA HOH YHtskE EXl(generalized representation)2 Sk

> (2] task&=2

. 7:||A|- §_ok|

JOl'

~> A0 5ol | =0 ALkt HIE0] ML
oAl X
+ S HE IS
> B OIS CIYBHaskSS $3E 4 QU= QIBAISS 278
Data Mining . . L . . .
.{.. Quality Analytics Ruder, S. (2017). An overview of multi-task learning in deep neural networks. arXiv preprint arXiv:1706.05098.




I Pros and Cons

Cons
=

* Negative transfer

> HEH0| 255t TaskSS ks I HY DR 450 X2 B2
 Task balancing0| 0{2{&
~> task® X10|7} 2H sk5ol7| 022
Data Mining . . L . . .
.{.. Quality Analytics Ruder, S. (2017). An overview of multi-task learning in deep neural networks. arXiv preprint arXiv:1706.05098.




B Related paper

PCGrad: Project conflicting gradients

** Gradient Surgery for Multi-Task Learning
 Multi-task learning &2 A =2
« 34th Conference on Neural Information Processing Systems (NeurlPS 2020)
« ==2| O[0|T|0f AV

L —

Gradient Surgery for Multi-Task Learning

Tianhe Yu', Saurabh Kumar', Abhishek (;uptag, Sergey Levine?,
Karol Hausman®, Chelsea Finn'
Stanford University', UC Berkeley?, Robotics at Google®
tianheyu@cs.stanford.edu

Abstract

While deep learning and deep reinforcement learning (RL) systems have demon-
strated impressive results in domains such as image classification, game playing,
and robotic control, data efficiency remains a major challenge. Multi-task learning
has emerged as a promising approach for sharing structure across multiple tasks to
enable more efficient learning. However, the multi-task setting presents a number

.C:O. gjg”:jl I/Qr‘::ﬁyﬂ cs YU, T, Kumar, S, Gupta, A, Levine, S., Hausman, K., &Finn, C. (2020). Gradient surgery for multi-task leaming. arXiv preprint arXiv:2001.06782.



B Related paper

PCGrad: Project conflicting gradients

 Conflicting gradients

« O JHe| £agS z[Xeret I, M2 ZHH ekl 327 2

ITIQinLl(B, @) + £2(9, D)

v 0, St 2LE, LS}

Loss; Loss,

/\/\ 9107|'
Liah /\/ |£2 37t
010 t

v
v

.C:O. gjg”:jl i/r\w;:;:ﬁyﬂ cs YU, T, Kumar, S, Gupta, A, Levine, S., Hausman, K., &Finn, C. (2020). Gradient surgery for multi-task leaming. arXiv preprint arXiv:2001.06782.
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 Conflicting gradients

« O JHe| £agS z[Xeret I, M2 ZHH ekl 327 2

ITIQinLl(B, @) + £2(9, D)

v 0,37t >L A LB}
v 0, LADL BT LU

Loss, Loss,

»
»

6, 6,

v

.C:O. gjg”:jl i/r\w;:;:ﬁyﬂ cs YU, T, Kumar, S, Gupta, A, Levine, S., Hausman, K., &Finn, C. (2020). Gradient surgery for multi-task leaming. arXiv preprint arXiv:2001.06782.



B Related paper

PCGrad: Project conflicting gradients

 Conflicting gradients

« O JHe| £agS z[Xeret I, M2 ZHH ekl 327 2

rr19in£1(0, @) + £2(9, D)

(6", 6';) —VLi(6,,67) > LiAL 6',,0') —VLy(0,,0,) > L, LA
(6%,6') + V4101, 02) > LSVt (60'1,6') +VLy(6,,6,) > L, 57}
A A

0, 0,

P +V[1(91, 92) _V[cl.(gl' €2)
e L

v
v

.C:O. gjg”:jl i/r\w;:;:ﬁyﬂ cs YU, T, Kumar, S, Gupta, A, Levine, S., Hausman, K., &Finn, C. (2020). Gradient surgery for multi-task leaming. arXiv preprint arXiv:2001.06782.



B Related paper

PCGrad: Project conflicting gradients

* Conflicting gradients
« 02| 7| &detE Mol I, M= HITH Bierol ZR7t U
I’HQinLl(B,@) + £2(9, D)
(9’1» 9’2) _ 751(91» 92) _ Vl:z(ep 92)

0,
L
%
%
)
—VL£,(6,,6,) ‘
6,
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« 02| 7| &detE Mol I, M= HITH Bierol ZR7t U
I’HQinLl(B,@) + £2(9, D)
(9’1» 9,2) _ v1;1(91» 92) _ V£2 (91, ‘92)

—projVLy(64,6,)

v
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I’HQinLl(B,@) + £2(9, D)
(9’1» 9,2) _ v1;1(91» 92) _ V£2 (91, ‘92)

—projVLy(64,6,)

\ 4

v
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* Conflicting gradients
« 02| 7| &detE Mol I, M= HITH Bierol ZR7t U
I’HQinLl(B,@) + £2(9, D)
(9’1» 9,2) _ v1;1(91» 92) _ V£2 (91, ‘92)

A
0,

—projVLy (64, 6,)

—projVLy(64,0,)
Y
4
e
4
,2vL,(0,,6,)
6,
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PCGrad: Project conflicting gradients

 Conflicting gradients

« O JHe| £agS z[Xeret I, M2 ZHH ekl 327 2

ITIQinLl(Q, @) + Lz(@, D)

Foar B Projection & gradientS 025104
(9 1 0 2) v‘L:l(ell 02) VLZ(Hl' 62) taskjl_ ug O|_| oo:|§3|; -7::—|_+_—$—|'
(0'1,6') N projVLy (64, 8,) — projvLy (84, 6,)
0,

—proj VL, (64, 6,)
—projVL,(6,,6,)

4
4 /_VLl(gl' 92)

>

v

.C:O. gjg”:jl i/r\w;:;:ﬁyﬂ cs YU, T, Kumar, S, Gupta, A, Levine, S., Hausman, K., &Finn, C. (2020). Gradient surgery for multi-task leaming. arXiv preprint arXiv:2001.06782.
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 Conflicting gradients

« O JHe| £agS z[Xeret I, M2 ZHH ekl 327 2

ITIQinLl(Q, @) + Lz(@, D)

Foar B Projection = gradientE 0|&3}04
(9 1 0 2) v‘L:l(ell 02) VLZ(Hl' 62) taSk ug —-|IO|_I oo:|§3|; -7::—|_+_—$—|'
(0'1,6') N projVLy (64, 8,) — projvLy (84, 6,)
0,

—proj VL, (64, 6,)
—projVL,(6,,6,)

4
4 /_VLl(gl' 92)

>

v

- YR
.C:O. gjg”:jl I/Qr‘::ﬁyﬂ cs YU, T, Kumar,S., Gupta, A, Levine, S., Hausman, K., &Finn, C. (2020). Gradient surgery for mutti~task leaming. arXiv preprint arXiv:2001.06782.  Code — https://github.com/tianheyu927/PCGrad “
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-

hLt

ol

“ SiH0M= OIS CfYct taskSE A + U= USKIsS

kO

oI, O[O = UHES

< Multi-task learning2 H|0|EI1E S 2% O =2 A2E! 4= Ql= 1t = 5iLt

< O Lot »EiQ] RES0| 7ks

O -

o

< Multi-task model2 &1 Cl|0|E{(X)2} task HE(z)7} EQolH, O IX|2 LYo HEl= HE 7k

< O] &&e+=2 2|Hst ofiOfolH, 0l= Ui 0{=1=2 =£X|0] 1 OF%] Helst sA240| GUS
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