

























































































Meta Learning Leaving to learn

TMAMLI
UseMAMLtotrain amodel infinetunes goal classty unlabeled pics
classPinPs 15labeled sample totrain 15 unlabeled sample totest
Traing data besides PiPslabeled samples have10class each classhas30 labeled samples to help train Mme
BriefAlgo 1useCiClo totrainMmeta 2 use PiPstofinetune 3 Finalmodel Mfinetune

CiClometatrainclasses 300samples ieDmetatrain totrainMmeta
PinPs metatestclasses 100 samples ie Dmetatest totrainandtest Mfinetune

Basedon 5way 5shot
InMmetatraining FromCinCio randomlypick 5classes eachclassrandomly picks20 labeledsamples to create

oneTaskT Fromthis the 5 labeledsamplesisT's supportset other15samples
areT'squeryset This TaskT is onedata repeatedly pick many
TaskT to have a batch to SGD Meanwhile Mfinetune training process

isthe same as Mmeta
Algorithm1 Model Agostic Metalearning pretraing to get Mmeta
Require pits distribution overtasks
Require α β stepsize hyperparameters
1 randomly initt112
2 while notdonedo

go 3
Sample batch oftask Timput

4 forallTido
5 Evaluate Tokilfel wrt samples

agent 6 compute adapted parameters with gradient descent QiD Jakilfor
7 endfor

client
2 8 Update O O βJEsinpetihtilfo.it

9 end while

4 7 pertask pertemporary model

8 original model

mainidea It trainsa modelso itcan adopt a newtasks withverylittle dataDuring training youdontjust shuffle examples

your sample tasksandpracticetestadaptiononeachone sothat attesttimethe model canupdate quickly on a
handful of examples fewshot

Different from related ideas
Transfer Learning pretrainon bigdatathenfinetune

Metaleaving trainsforrapidfinetuning bysimulating fewshot episodes oftenneeds farfewexamples
Multitask Learning trains onemodel onmanytasks jointly

Metalearning expecitly optimizes theadaption step
AutomLhyperparam Search picks models hyperpurans

metalearing learnsaninitmetricspace oroptimizer thatadapts fast

What happens inmetatrain usfinetune
Eachtask supportset queryset
support isthetiny adaption set query isthe evaluation set




























































































Metatrain 2stage updates

1 inner taskspecific stepon support
copythemodel updateonthetask's support toget adapted params0

2 Outer metasteponquery
Evaluate onthe task's query sumquery losses across tasks inthe batchand backpropagateto upda
theoriginal

Intuition practicefastadaptiononsupport then reviewed initializationsthat generalize toquery discouraging overfitting
andencouraging acrosstask generalization

Finetune 1stage
Usethe support to directly update theoriginal model forthenewtask The query acts
as a heldout testsetonly nosecond meta update there

Whynot just sumlosses overtasks and descendon 0 plain transfers
Thatminimizesonly anacrosstask empirical risk wo modeling taskspecific adaption
MAML explicity optimizesforrapid Devtask adaption which typically yieldsbetterfewshot performance the
plain pretrain andfineture

Reptile OnFirstOrder MetaLearning Algorithms
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Relation amongthose3
MAML Model PreTraining

TLDR significantdifference betweenMAMLand Reptile

MAMLmetaupdatesbya querylossand backpropthrough innersteps12ndorder

Reptilemoves0to taskadaptedweights 1storder
WhyReptile better simpler cheaper similaraces

It update Q OTBIVKCO.toapproximatestheMAML objective's meta gradient using only 1storderinformati
and gradientalignment across batches within eachtask

Keydifference

M
use a support innerupdates toget0 then evaluates on a querysetand backprogates
throughtheinner updates toupdatetheinitialization

FullMAML needs 2ndorder derivatives Hessian sineToliqueryD dependson 0through D UKIO

Forasampledtask run k ordinarySGD steps onthat taskOUk10
Noqueryloss nobackprop throughthe inner loopSimply movethe initialization to the adapted
weights F DBIGO
Entirely 1Storder no2ndorder andthesupportquerysplit isoptional itemerges if each inner
step uses a fresh minibatch from the tasks


