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e Meta Learning = Learn to learn
— ISR EF IWAFHITE S BEBEFEI—RFEOES, T3P GER) HixLk
ESHARAE (BABMH—NE/HBE) . HEXXNEHESE, FTURES

SRME, MEE, EARBRER.

Learning

task 2
Be a better learner
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e Meta Learning BYE:
— Learning good weight initializations
c BEUFEHBSHHE T, MENESHERTHPEIEBHRIE,
— EFE&E metric-based
« FIRTIMSY, BIFMRTIHIE
— Learning transferbale optimizers
« FIAEBMUTZAIME, ERBE TIEEHMAEMILBZNESH, ESMLE
EENMESPRGREFIRIN



e Meta Learning VS Lifelong Learning
- 2523 ERTARABR—MEEEZIAENES
- TEF3: FRERSERAEINRE, TEIRBLNRE, EFHESLINEBEIR
B

e Meta Learning VS Machine Learning
- H&FEF3: mlbEBE AT EIRE, FIRINGEENEEE—1P R8T,
X AR AT AR Th R a0 il 432K
- LFE 3 iIFECEIHREEMNFEIE L. RIBERENEEEXE—1A
LUK B eR 2 1Y R B F RO B



o JLEFE IR
— JTilllZk
« RINGHAREFES E#HITIEG, SEMENAIREL, HINZESHRBESHHITE
EE#H, EFMNHEEA DN EHREIMNSE, BSEIEIRER.
— Tl
« RFPBZFNFESEHFBHINEHNRIKNBUSEBOHEE, HOTEIERNSH
ITEH, MRAEETURETS LR, BATFEIRBWRAERI.

o~ WIEE (base-training on support)

e @Lﬁrﬁliﬁ (meta-training) Jl '_

= #st (base-testing on batch)
~ | _~ Ul (base-training on support) ——i#iiA
T —C—J[ Toillist(meta-testing) l,
T @hE (base-tzsting on hatch)




« TEIMIIZEHAE
- TEIMNZEHREZEE—DTIINEESWRD, —MNEESHE—MESZR
MRFIINNASEO. NEHRFED AINKESEMNNESE.
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%  Initial welghts

&  Meta-iteration 2
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hyperparameter optimization
Maclaurin et al."15
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learned recurrent cell
Zoph&Le17
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few-shot image classifier
Vinyals etal.'16
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learning to quickly navigate new mazes
Duanetal."16
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A5 (model-agnostic)

e model-agnosticBlfRA! K,

— MAMLEE{R 22— MEZE, ZHE—1meta—learner HT1)l|Z&base—learner., Meta—
learningBIMAMLBYFEHERRTE, T learning to learn; Tibase—learnerNl2EH
FREEE LHNZG, HERATIUMESHEENREFRE., BRXIZHEREFES
FRBVER AT LL{E gbase—learner TL4£8X AMAMLER, MAMLE Z AL TEUHES], X
g EMAML Hmode | —agnosticHIE N .
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/IEEARZEZ ] (Few-shot Learning)

« few—shot learning INERF S
— BEEROIERFEIRE (WEB/HERE) B3, 5EER, EMENMARAR
i, INHERZFIAILUE T fine—tune, metric (FAZEEMLE) . T meta—learning
%, fEE Tmeta—learningfJ’DHEARZ b, &2 Bmemory—augmented neural
networks (Santoro et al., 2016). meta—learner LSTM (Ravi & Larochelle,

2017) FZHEZF S F%,
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« Omniglot#FEE
— ARk :
« BONRIEER162317FFS (Characters) 2AAK;
s BNMNTFSE20M S| (Examples), BNMEFIBHARPARE.
— {EH: &&Few-shot Learningf HIN-ways K-shot4y 3 |o]fn
o SMTFTH—MNKESFMRIES, HFEARBIEST AN, BPOREHRKDER.
« BANFRESTAINEFFE (Training Set or Support Set) FIMIK FFFEE
(Testing Set or Query Set)
o MEAES: MWINEFFHFEPMBNDNENZFR, SWEFHEKNER, B— M
AR SRR IR
o MEAES: WK FAFERHEBINDENFH, SWEFFMEKNER, H— N
RS RN IR
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M Er{ESStask

PROR R T B

RETSIRIRF IR R 2B L EINSGEARRFESHIRE
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AR DR
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—RERE AT BEANRTE

|CML 2017
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* MAMLE A AACHS

Algorithm 1 Model-Agnostic Meta-Learning

Require: p(7): distribution over tasks
Require: o, [3: step size hyperparameters
1: randomly initialize ¢
2: while not done do
3:  Sample batch of tasks 7; ~ p(T)

4:  for all 7; do
5: Evaluate V4L, (fg) with respect to K examples
6 Compute adapted parameters with gradient de-

scent: 6! =60 — aVeLT,(fo)
7-  end for

8: Update 8 «+ 0 — 8Vy Zﬂwp{ﬂ L, (fa;_]
9: end while
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o BANEEDTAMNMEIS:
- BMERLZERSY g
. BAMERRBEEFNFE IRSHmBsRa MPRR
- NIEFRTE RN FERNIRE C MR T—E2RBESHENS 0,
SMEIFIRIBABIR M L S RAEIHE S FEFTERL, HiT BTG SR
B, REXGESEHTHESRR
. BEFUMER, RATSERTY IERNTESHH pl BEsy
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. PRESHMUTMERSEET
. YO REFESREBETATHN, SEEESREAENE, NS
FHESHNREERNSY 9

— meta-learning
9 ---- |earning/adaptation
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v R P

Ebﬂi 428 (Loss Function) : L(0) = Z S (f )
9 miMESREINNERSY, BATEH 0
- ( f, j HIMESEENRE BRIk

« KRR BME/IMEL: ERHEEE TFE (Gradient Descent)
0« 0-BY ,L0O)

19



v R P

o QEE—RIIGZ B XIS S B E -
— QR T— R E B RS BIEN YRS NRESH.
— O REMETEIERNERASY, 0 RENESMISHEESH.
— L(o) M9 BT TE IR ST
— BEBEMIERINE LR, E—EiRE DR nla .

91-, = Q-QVQL(Q)
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c BEMNITEREZEIE oss functionfy, MAMLAR |osstRIEA )Y o] gl A TE

R
— M AT EE)Io)Re, RKHAP®FZE (mean—-squared error)

Cr(fs)= . | foleD)—y@ |3

20 O T
— MFAEE T RE)E, KAXXE (cross entropy)

Lr(fo)= > yDlogfs(z?)+ (1 —yP)log(1 — fs(zP))
20 )T,

_ TR ST, MAMLEE— M taskilA— A D/RATKRETIE (MDP) .
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» BIEPUTER
- [EYVFES (E5ZEZ)
- EERMANLEDER B S TR BIEL AR, 7 AR HK=5F0K=101MER IR, #
1TERIVFE

MAML, K=5 MAML, K=10 pretrained, K=5, step size=0.01 pretrained, K=10, step size=0.02

] &

- pre-update - 1lgradstep =-=- 10gradsteps =— groundtruth 4 4 usedforgrad ~ pre-update -- 1gradstep ««+« 10 grad steps
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o ELEIMAMLFOFIIZRAR B Y S ph 2k

k-shot regression, k=10

—e— MAML (ours)

h -
O - @~ pretrained, step=0.02
o --x- oracle
g, —
E e
G : W W e e
-
=3
w
c
©
)]
=
S — e - =3 > — -
s aWaimimcaPWaimima:Bimemams Feomimsms LIE R A T imrimw
0 1 L 3 4 ] g T 8

number of

gradient steps
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o BUERITHR
- GERES

— MAMLZFOE ¢ IEB9FOMAMLAR BY 5 FHFFew-shot Learning T RIRBIE

OmniglotFAMini ImageZIEE _FELES .

5-way Accuracy

20-way Accuracy

Omniglot (Lake et al., 2011) 1-shot 5-shot 1-shot 5-shot
MANN, no conv (Santoro et al., 2016) 82.8% 94.9% - -
MAML, no conv (ours) 89.7+1.1% | 97.5 + 0.6% - -
Siamese nets (Koch, 2015) 97.3% 98.4% 88.2% 97.0%
matching nets (Vinyals et al., 2016) 98.1% 98.9% 93.8% 98.5%
neural statistician (Edwards & Storkey, 2017) 98.1% 99.5% 93.2% 98.1%
memory mod. (Kaiser et al., 2017) 08.4% 99.6% 05.0% 98.6%
MAML (ours) 98.7+0.4% | 99.9+0.1% | 95.8+0.3% | 98.9 + 0.2%

Minilmagenet (Ravi & Larochelle, 2017)

5-way Accuracy

1-shot

5-shot

fine-tuning baseline

28.86 £ 0.54%

49.79 £+ 0.79%

nearest neighbor baseline

41.08 £ 0.70%

51.04 + 0.65%

matching nets (Vinyals et al., 2016)

43.56 + 0.84%

55.31 £ 0.73%

meta-learner LSTM (Ravi & Larochelle, 2017)

43.44 + 0.77%

60.60 £+ 0.71%

MAML, first order approx. (ours)

48.07 £ 1.75%

63.15 + 0.91%

MAML (ours)

48.70 + 1.84%

63.11 + 0.92%
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MetaNMT

o FhHAEH z=ENERE
— MetaNMTESERE 2 TFE I EE (MAML) , AT REEHEZEHZEBEIFT (NT) i,
SENFREMATEICE, NMFEAMEERESIENEZNEE. EREIE
A EEIE (NT) L BESMFAMEE
- MRAREFERAFZESRIFEES (EEMEBFEIE) , N&E T —PNRURIER
VIteEs 8, RAEWE—INERBIESHELER. BUVGRSE/RE BER, MK
HEIBS ENE (LEWEIBVSHAKIE, KIBVSHEAKID) .
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o [1] Finn G, Abbeel P, Levine S.Model—agnostic meta—learning for fast adaptation of

deep networks[C]//Proceedings of the 34th International Conference on Machine
Learning—Volume 70. JMLR. org, 2017:1126-1135
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