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Meta-learning

@ [locTpoeHue cuctembl asisi yaydiienusi paboTbl Mogenm ¢
KOHKpPEeTHOIi 3agaqeli (nogbop onTuManbHbIX
rmneprnapaMmeTpoB YEPHOro ﬂLu,VlKa).

@ ApanTauus anropuTMa AJisl peLleHnsl HOBbIX 3a4ay.

@ AHasiorns — 3BOIIOLNOHHBIV MPOLLECC, CO3AaBLUNIA
YesloBEYECKMNIA MO3T.




Neural Architecture Search
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HelipoHHble ceTn xopowo nokasanu cebs B 3agadax obpaboTku nsobparkeHnii,
peyun, noHuMaHus s3bika. KOHCTpyupoBaHme HEipoceTn oCTaeTcst HENPOCTOl
3ajadeii, TpebytoLueli onpeaeneHHbIX HaBbIKOB.

Co3paTb airopuTM, KOTOPbI CMOXET ONUCLIBAaTb apXMTEKTYPY HERPOCETM AJis
[AHHOM 334341 MaLLUMHHOIO ODyYeHus:.




Neural Architecture Search

itecture Search [Barret Zoph,

@ ApxuTekTypa HelipoceTy MOXeT ObiTb 3anncaHa Kak CTPOKa
MPOWU3BOILHON AJINHBI

@ Moxno B3sTb RNN (controller), kaxapiii 610k koTopoii byser
OTBEYaTb 33 ONPEeAESEHHbIA NapaMeTp UCKOMOI
apxuTekTypbl(Konnyectso punabTpoB B COe CBEPTOHHOI
HepoCceTn, C KaKNMM COSIMI COeANHEH AaHHbIA croi(skip
connections) u T.4.)

@ ObyunTsb controller ¢ nomowkto reinforcement-learning,
CHMUTAst YTO BO3HArPAXKAEHME 3TO TOHHOCTb MOJYHEHHON
apXMTEKTYPbl Ha KPOCC-BaanAaLnm




Neural Architecture Search
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controller npeacraesnsier coboii RNN
Kaxablli Bbixog — softmax

Kaxkgblli 6N1OK MpefcKasbiBaeT CBOW NapaMeTp KOHCTPYyUpyemot
apXuTeKTypbl

@ 6110KM CrpynnupoBaHbl Mo Cl0sIM



Neural Architecture Search
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Puc.: Mpumep apxntektypsl controller'a, ans pekyppeHTHol HelipoceTn.



Reinforcement Learning

Beenem HekoTopble 0603HaYeHUs:

® a— peiicTave.

S — COCTOsIHMe. state| | reward action
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rt — BO3HarpaxaeHue.

3a4a4a MaAaKCMMN3NPOBAThb:

J(0) = Ex, [Zt: ri]



Reinforcement Learning

Policy gradient

@ OnTumusaums mp Hanpsmyo

@ [paguenT dyHkunonana: VoJ(0) = > R(7)P(7,0)Vg log P(7,0)

T

Vod(6) = S R(r)VeP(r,6) = 5 R(r)P(r,6) S5 =
ST R(T)P(7,0)Vg |0g P(r,0)
@ lpe: P(7,0) = f[ P(st+1|at, st)mo(at|st)

R(Ti)Vg log P(T",H)

Ms

||
N

@ Hecmeuennas ouerka: VoJ(6) ~

I

@ He 3aBucuT oT grHamunKn cpegbi:

H
Vo |Og P(T, 0) = Vy |Og (H P(St+1|at,5t)7r0(at|5t)) =

t=0

H
>~ Vo logma(ae|st)
t=0




REINFORCE

REINFORCE algorithms [Williams, 1992]

@ OueHka rpagmeHTa XOTb 1 HECMELLEHHAs!, HO MOXET UMeT 6osbLuol
pasbpoc.

@ Yem 6onble R(7) Tem pasbpoc bosbLue:

Mycts log mo(7) = [0.5,0.2,0.3], u R(r) = [1000,1001, 1002],

Torga Var(0.5 - 1000,0.2 - 1001, 0.3 - 1002) = 23286.8.

Ecan R(7) =[1,0, —1], To Var = 0.1633.
@ Torpa oueHKa rpagveHTa NMPUHUMAET CELYOLWNIA BUA:

VoJ(0) ~ £ > Volog P(r',0)(R(r") — b)
i-1
@ [loKasaTesIbCTBO HECMELLEHHOCTU:
Ex, [Volog P(7,0)b] = Z P(7,0)Ve log P(,0)b = Z VoP(T,0)b=
ngZP(T)— bx0




Neural Architecture Search

Sample architecture A
with probability p

Y

Trains a child network
The controller (RNN) with architecture
A to get accuracy R

J

Compute gradient of p and
scale it by R to update
the controller

@ [paguneHT PpyHKLMNOHaNA NPUHUMAET CIEAYIOWNA BIA:
m T
Ve J(0) = 2 Z Vo, log P(at|a_1y1: 0c)(Rk — b)
@ m — pa3smep batch’a, cozgannbix controller'om apxutekTyp,
@ Rk — BO3HarpaxkaeHue, KOTOPOE NOJYHEHO ANS AAHHOUW apXUTEKTYpsl,
@ T — KONUYECTBO runepnapamMeTpos, KoTopble controller gonxken

onpeaennTs,

@ P — BeposiTHOCTHasi Mofesb, KOTopyto Mogenupyet controller.



Neural Architecture Search

Model | Depth  Parameters | Error rate (%)

Network in Network (Lin et al., 2013) - 8.81
AII-CNN (Springenberg et al., 2014) - 7.25
Deeply Supervised Net (Lee et al., 2015) - 7.97
Highway Network (Srivastava et al., 2015) - 7.72
Scalable Bayesian Optimization (Snoek et al., 2015) - 6.37
FractalNet (Larsson et al., 2016) 21 38.6M 522
with Dropout/Drop-path 21 38.6M 4.60
ResNet (He et al.. 2016a) | 110 1.7M | 6.61
ResNet (reported by Huang et al. (2016¢)) | 110 1.7M | 6.41
ResNet with Stochastic Depth (Huang et al., 2016¢) 110 1.7M 523
1202 10.2M 4.91

Wide ResNet (Zagoruyko & Komodakis, 2016) 16 11.0M 4.81
28 36.5M 4.17

ResNet (pre-activation) (He et al., 2016b) 164 1.7M 5.46
1001 10.2M 4.62

DenseNet (L = 40, k = 12) Huang et al. (2016a) 40 1.0M 524
DenseNet(L = 100, k& = 12) Huang et al. (2016a) 100 7.0M 4.10
DenseNet (L = 100, k = 24) Huang et al. (2016a) 100 27.2M 374
DenseNet-BC (L = 100, k = 40) Huang et al. (2016b) 190 25.6M 3.46
Neural Architecture Search v1 no stride or pooling 15 4.2M 5.50
Neural Architecture Search v2 predicting strides 20 2.5M 6.01
Neural Architecture Search v3 max pooling 39 7.1M 4.47
Neural Architecture Search v3 max pooling + more filters 39 37.4M 3.65

Puc.: PesynbTaThl state-of-the-art mogeneii u HaligeHHbIX anropuTMoM
apxuTekTyp Ha gaTtacete CIFAR10(knaccudmkayus).



Neural Architecture Search

Model | Parameters Test Perplexity
Mikolov & Zweig (2012) - KN-5 2Mm* 141.2
Mikolov & Zweig (2012) - KN5 + cache oMt 125.7
Mikolov & Zweig (2012) - RNN 6M* 124.7
Mikolov & Zweig (2012) - RNN-LDA ™* 113.7
Mikolov & Zweig (2012) - RNN-LDA + KN-5 + cache om? 92.0
Pascanu et al. (2013) - Deep RNN 6M 107.5
Cheng et al. (2014) - Sum-Prod Net sMm? 100.0
Zaremba et al. (2014) - LSTM (medium) 20M 82.7
Zaremba et al. (2014) - LSTM (large) 66M 78.4
Gal (2015) - Variational LSTM (medium, untied) 20M 79.7
Gal (2015) - Variational LSTM (medium, untied, MC) 20M 78.6
Gal (2015) - Variational LSTM (large, untied) 66M 75.2
Gal (2015) - Variational LSTM (large, untied, MC) 66M 73.4
Kim et al. (2015) - CharCNN 19M 78.9
Press & Wolf (2016) - Variational LSTM, shared embeddings 51IM 73.2
Merity et al. (2016) - Zoneout + Variational LSTM (medium) 20M 80.6
Merity et al. (2016) - Pointer Sentinel-LSTM (medium) 21M 70.9
Inanetal. (2016) - VD-LSTM + REAL (large) 51M 68.5
Zilly et al. (2016) - Variational RHN, shared embeddings 24M 66.0
Neural Architecture Search with base 8 32M 67.9
Neural Architecture Search with base 8 and shared embeddings 25M 64.0
Neural Architecture Search with base 8 and shared embeddings 54M 62.4

Puc.: PesynbTaThl state-of-the-art mogeneli u HaligeHHbIX anropuTMOM
apxuTekTyp Ha gatacete Penn Treebank.



Neural Architecture Search

PesynbtaT

AJ'IrOpVITM HalleN HECKOJIbKO WHTEPECHbIX apXNTEKTYP KakK B Cay4ae
KJ'IaCCI/ICbI/IKaLI,I/II/I, TakK U B cny4ae bonee cnoxxHoli 3a4a4n MoAennpoBaHnA
A3blKa. 50nee TOro nocnefHme NokKasasan eLe U Xopowune pesynbtaTbl Ha

3afa4e MaLUVHHOMO MepPeBOAa.
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Sim2Real with meta learning

Mpobnema

@ ecTb 3agauu, rge obyyeHne HanpsiMyto Mbo oYeHb Joporo, Anbo
HEBO3MOXXHO

] O6y‘-IeHI/|e B C/IOOKHOM CUMYNATOPE BbIHUCNUTENIbHO 3aTPAaTHO

@ Mogenb aKcnayaTupyet baru cumynsTopa

@ paHAOMW3MPOBaTb NapaMeTpbl CUMYASTOPa




Sim2Real with meta learning

Metog [Peng et al., 2017]

@ [IpomogenupyeM gMHaMuKy HacTosiLeli cpegbl:

ﬁ(5t+1 | at, St, ,u) ~ p* (5t+1 | at, Sr)

@ /1 — MHOXeCTBO napameTpoB(Macca KoHeuHocCTell poboTa, Macca u
TpeHue Waiibbl, BbICOTA cTONA U T.4)

3ap,aqa CBOANTCA K ONTUMN3aUnn:

T-1
mT?X EHNPu |:E‘r~p(‘l"7r,/,l.) |:Z r(st,at)”

t=0

[MapameTpbl (1 He N3BECTHbI A/t HACTOsILWER cpeabl

Hay4nmcsa oueHnBaTb (1 4epes MCTOpUIO B3aMMOLENCTBUS CO CPeaol

hy = [at—1, St—1,dt—2, 5t—2--~]

@ [lns storo Hagenum policy dyHkumnto namaToto m(a|st, z¢)




Recurrent Deterministic Policy Gradient(RDPG)

Metog [N. Heess et al., 2015]

@ [Ina obyyeHusi pekyppeHTHbIX aeTepMuHnpoBaHHbIx policy dyHkunli ecTb
cneuunanbHelii anropuTMm.

@ [lge obyqaemsle pyHkumn: policy (7(st, z:)), action-value nnan omniscient
critic (Q(st, ar, ye, 1)), rae ¥: = y(he) — BHYTpeHHsisi namsTb

@ Action-value dyHkuus: Q™ (s¢, a:) = E {Z 'yi_tr;
i=t

St,at,ﬂ':|

@ Action-value cbyHkuns obHoBnsieTcs cornacHo paeeHcTBy Bennmana:

Q*(s,a) = Ey {rt + v max Q" (s, a’)}




Hindsight Experience Replay

@ OgHa u3 rnasHbix npobnem B RL — nccnegosanve cpepbi(exploration)

@ PaHAoMHble [eliCTBMS Ha MepBbIX LWarax AO/KHbI MPUHOCUTL Harpagy,
NHaye HeYero y4ynTb

@ B cnyyae paspexxeHHOl pyHKUMUM BO3HarpakaeHus obyyermne
HEBO3MOXXHO

] rlOCTpOI/ITb MOAE b, KOTOPas MOXET nonacTtb B ntoboe COCTOsAHNE, HE
TOJIbKO LENIEBOE

@ Hanpumep Hy>kHO monacTe B Touky A, nonagaem B B, nenaem Bug 4to
TakK 1 Hajo




Hindsight Experience Replay

Algorithm 1 Hindsight Experience Replay (HER)
Given:
e an off-policy RL algorithm A, > e.g. DQN, DDPG, NAF, SDQN
e astrategy S for sampling goals for replay, > e.g. S(so,....s7) = m(sr)
e areward functionr : S x A x G — R. >e.g r(s,a.9) = —[fq(s) =0]
Initialize A > e.g. initialize neural networks
Initialize replay buffer R
for episode=1, M do
Sample a goal g and an initial state sg.
fort = 0,7 —1do
Sample an action a; using the behavioral policy from A:
az < mp(st|g) > || denotes concatenation
Execute the action a; and observe a new state ;1
end for
fort = 0,7 —1do
Tt 1= (51, a1, g)
Store the transition (s¢||g, ar, ¢, si41]lg) in R i standard experience replay
Sample a set of additional goals for replay GG := S(current episode)
for g’ € Gdo
v = r(s,a4,4')
Store the transition (s¢||¢’, at, ', se41]lg”) in R > HER
end for
end for
fort = 1, Ndo
Sample a minibatch B from the replay buffer R
Perform one step of optimization using A and minibatch B
end for
end for

Puc.: AnropuTtm, nossonsitolunii CnpaBasThCs C Pa3peXXeHHbIMY
PYHKLAAMYU BO3HATPaXKAEHWNIA.



Hindsight Experience Replay

Experience Replay.mp4



Sim2Real with meta learning

Algorithm 1 Dynamics Randomization with HER and
RDPG

1: 6 « random weights

2: ¢ ¢ random weights

3: while not done do

4 g~ pg sample goal

5. ji~ p, sample dynamics
6:  Generate rollout 7 = (s9, ag, ..., s7)with dynamics p
7
8:
9:

for each s;,a; in 7 do
vy e r(s1.9)

end for
10:  Store (7, {r},g,p) in M
11:  Sample episode (7, {r:}. g, ) from M
12:  with probability k
13 g + replay new goal with HER
14: ry < r(s¢.g) for each ¢
15:  endwith

16:  for each t do

17 Compute memories z; and y;

18: ary1 + 7a(s1415 2041, 9)

19: @y 7p(se, 2, 9)

20: G 4 e+ YQu (St Qe Ye 159, 1)
21 Dge 4= qr = Qu(st; a6, Y159, 1)

22:  end for i

B 9, = b Y, g, 2el
2 Vg= LY, Qe o

25 Update value function and policy with V4 and v,
26: end while

Y. .g.1)

Puc.: OcHosHoli anropntm obyyeHus areHTa



Sim2Real with meta learning

Transfer of Robotic Control with Dynamics Randomization.mp4



Model-Agnostic Meta-Learning for Fast Adaptation of Deep

Networks

@ Ectb 3apaum ¢ HEBONBLINM KONMYECTBOM AAHHbIX

@ ANroputMm JOSKEH YMeTb BbICTPO, C O4eHb HEBONBLLUNM KONUYECTBOM
oby4atoLmx NpuMepoB, aganTMpoBaTbCs NOA PELUEHNE HOBbIX 3aAa.

@ Hanpumep HayunTb knaccnumuupoBaTh N306paXkeHnsl YailiHNKa MOAENb,
KOTOpasi y)Ke YMeeT KJaccuuumpoBaTh MHOXXECTBO ODBEKTOB.

@ MoxxHO npeacTaBuTb 3agady caeayrowmmM obpasom: mogenb f paboTaet ¢
MHOXeCTBOM 3agad T, u3 pacnpegenenus p(T).

@ Ytobbl n3bexxaTb nepeobyyeHns U penTb HOBYHO 3afady BaXKHO HaliTu
napamMmeTpbl MOoAeNN, CUIbHO BANAKOLWLNE Ha d)yHKLlVIVI noTepb Ka)K,Cl'Oﬁ
3agayn us p(T).

@ He pgenaetca HUKaKUX NPEANOIOXKEHWNI, KPOME TOFO, YTO MOAENb
napaMeTpu30BaHa, AaHHbIA NOAXOA MOXXHO 06OBLNTL Ha LINPOKUIA Kpyr
3agad ot knaccudmkaumm o reinforcement learning.




Model-Agnostic Meta-Learning for Fast Adaptation of Deep

Networks

Algorithm 1 Model-Agnostic Meta-Learning

Require: p(7): distribution over tasks
Require: «, [3: step size hyperparameters
1: randomly initialize 6
2: while not done do
3:  Sample batch of tasks 7; ~ p(7)

4: forall 7; do

5: Evaluate VL7 (fo) with respect to K examples

6 Compute adapted parameters with gradient de-
scent: 0, = 6 — aVoLr,(fo)

7:  end for

8:  Update 8 «+ 0 — Vg Z”l}wp(T) .Cﬂ(fg;)

9: end while

Puc.: Anroputm MAML B obiem Buge



Model-Agnostic Meta-Learning for Fast Adaptation of Deep

Networks

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

pre-update - 1lgradstep ==+ 10gradsteps = ground truth 4 4 used for grad pre-update - 1gradstep ==+ 10 grad steps

Puc.: Anroputm MAML ans perpeccun



Model-Agnostic Meta-Learning for Fast Adaptation of Deep

Networks

5-way Accuracy

Minilmagenet (Ravi & Larochelle, 2017) 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%

Puc.: Aaroputm MAML ansa knaccudpmkauun



Optimization as a model for few-shot learning

Naes [Sachin Ravi and Hugo Larochelle, 2017]

@ Hayuutb mogensb onpepensite cnocob obHOBNEHMSI NapamMeTpoB
KOHEYHOro anropuTma

@ ®opmyna wara rpagueHTHOro crycka:
0 =01 — Vg, ,L:

@ ®Popmyna obHoeneHust namsitu siveiikn LSTM cetu (cell state):
G=fOc1+itO&

@ c: bypeT urpaTb ponb napameTpos cetun 0:, & = Vg, , Lt

@ Tenepsb learning rate 3aBucnT oT byHKLUMN NOTEPD, €€ rPajueHTa,
napameTpoB CETU 1 CBOErO 3HAYEHUS Ha MpeablAyLleM Liare

Q@ i = U'(WI . [Vet,l Le,Le,0: 1, it—l] aF bl)

@ KoHcTaHTa f; = 1 He onTUManbHa, YMEHbLUEHNE MAapPaMETPOB 1
3abbIBaHMe HaCTU MPefbIAYLNX UX 3HAYEHNI MOXET OKa3aTbCs
MOJIE3HbIM B TOYKE HEyJa4YHOro JIOKaJIbHOro ONTMMYyMa

@ fi=o(Wr- [Vet,lLt, L, 01, ft—1] + bf)




Optimization as a model for few-shot learning

= Element-wise multiplication
LSTM Network = Element-wise addition
S

z fo = 0 (Xe* Ut Her* W)
Ct1 @ Et =tunh(Xt * U+ Heg* VVC)
It =0 (X;* U+H " W)
Ot = g (Xt * Ust Her* W)
C = fe* Cog#+ 1t* Gt
Hea

Ht ' p = 0c#* tanh(c,)

U Xt = Input vector
He.1= Previous cell Output W, U = weight vectors for forget gate (f),
Ct.1= Previous Cell Memory candidate (c), i/p gate () and o/p gate (O)
Ht = Current cell Output Note : These are different weights for different
Ct = Current cell Memory gates, for simpicity's sake, | mentioned W and U

Puc.: Apxutektypa LSTM



Optimization as a model for few-shot learning

Meta-
Test
Dmeta—test

Puc.: Obyuyerne Meta-Learner'a npoucxoaut Ha MHOXeCTBe Nap 4aTaceTos,
HasbiBaeMblx anusodamu. Kakgas napa coctouT U3 TPEHUPOBOYHOW 1
TecToBoI BbIBOpKM. B TpenuposouHoii Beibopke npucytcTeytoT k*N
anemeHnTOB, rae N — konmyecTBo knaccos, a k — orpaHu4eHne Ha KOAMYECTBO

3Q1EMEHTOB N3 O4HOro Knacca.



Optimization as a model for few-shot learning

Algorithm 1 Train Meta-Learner
Input: Meta-training set Zmeta—train, Learner M with parameters §, Meta-Learner R with
parameters O.

1: © « random initialization
2:

3: ford =1,ndo
4 Dtrain,s Diest +— random dataset from Z,eta—train
5: Oy + co > Intialize learner parameters

6

7 fort =1,Tdo

8: X,,Y; + random batch from Dy,

9: Lp+— L(M(Xy30:-1),Ye) > Get loss of learner on train batch
10: ¢t ¢ R((Vo, L4.L:);O4-1) > Get output of meta-learner using Equation 2
11: 0 — ¢ > Update learner parameters
12: end for
13:

14: X,Y ¢ Dyest
15: Liest — L(M(X;07),Y) > Get loss of learner on test batch
16: Update ©,4 using Ve, _, Licst > Update meta-learner parameters
17:

18: end for

Puc.: Anroputm obyuenns Meta-Learner



Optimization as a model for few-shot learning

v
Learner -,“' (V0L) "‘-.(V_z»ﬁ_vl 't__ (V1. L1)
:"‘. e o o 'v.:'
< . \
. 91 . B . M
—_— —_—

Meta-learner

Puc.: Mpoxog enepep(forward pass) meta learner’a. Kak BugHo 4actb cTpenok
NYHKTUPHbIE, 3TO O3HA4YaE€T, 4HTO BO BpemMs O6HOBﬂeHV|F| BECOB 3TW Warm He
YUNTBIBAIOTCS. JTO NO3BONSIET U36EXKaTb NOSIBNEHNSI BTOPbLIX MPON3BOAHBIX 1
CUABHO ynpowaeT BbluncaeHns. [yHKTupHOl AnHVel oTheneHb! warm Ha
TECTOBOW N TPEHMPOBOYHOI BbIDOPKaX.



Limitations of meta learning

paHuYeHns

@ PacnpepeneHne 3aga4 Ha TPEHMPOBOYHON BbIBOPKE AOJIKHO ObITh TEM Xe
4YTO 1 Ha TECTOBOl

@ [lpumep cryyasi, Korga HoBasi 3aadqa pyHAAMEHTANbLHO OTANYAETCS OT
TPEHVPOBOYHbIX: €C/IN Mbl ODY4YMM MOAENIb MaTEMATUKE,
NpOrpaMMUPOBAHUNIO, YTEHUIO N T.L,. CMOXET JIN MOAENb B pe3ynbTaTe
BblyHUTb XUMUIO?
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