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° Multi-task Representation Learning Theory
°* From Theory to Practice
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°* What is Meta-learning ?

» A meta-learner trained on multiple tasks.
» For each task, the meta-learner trains a learner.

» The meta-learner is evaluated on new unseen tasks.
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°* What is Meta-learning ?

» A meta-learner trained on multiple tasks.
» For each task, the meta-learner trains a learner.

» The meta-learner is evaluated on new unseen tasks.

» Meta-Learning can be used for a lot of problems (classification, regression, RL, ...)
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€l

°* What is Meta-learning ?

» A meta-learner trained on multiple tasks.
» For each task, the meta-learner trains a learner.

» The meta-learner is evaluated on new unseen tasks.

» Meta-Learning can be used for a lot of problems (classification, regression, RL, ...)

°* Howi s it related to Few-shot Learning ?

» The meta-learner learns to learn a new task with few shots.
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< - Episode i

< Episodei +1

» N-way k-shot episode: task with N different classes and k images for each class.
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Support Set

Learning predictors

\

D/

Evaluating

Set of classes

Query Set

* Disjoint sets of classes between meta-training and meta-testing classes
* Construction of episodes from dataset
* Non-overlapping class labels between episodes
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Snell J. et al. (2017), Prototypical Networks for Few-shot Learning. In NeurlPS 2017.
Allen K. et al. (2019), Infinite Mixture Prototypes for few-shot learning. In ICML 2019.
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°* Embedding function to encode query and support samples.

* Support samples fused into prototypes c; for each class

* Probability distribution using inverse of distances to prototypes.
* Contrastive loss according to distance function.

Snell J. et al. (2017), Prototypical Networks for Few-shot Learning. In NeurlPS 2017.
Allen K. et al. (2019), Infinite Mixture Prototypes for few-shot learning. In ICML 2019.
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Finn C. et al. (2017), Model-Agnostic Meta-Learning for Fast Adaptation of Deep Networks. In ICML 2017
Park E. et Oliva J.B. (2019). Meta-curvature. In NeurlPS 2019
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Outer
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Inner loop / Adaptation

* Inner Loop:

» Performs a few gradient updates over the k labelled examples (the support set) of current episode/task.
* Quter Loop:

» Updates the initialization of the parameters (often called the meta-initialization).

Finn C. et al. (2017), Model-Agnostic Meta-Learning for Fast Adaptation of Deep Networks. In ICML 2017
Park E. et Oliva J.B. (2019). Meta-curvature. In NeurlPS 2019
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U L’J' PRELIMINARY KNOWLEDGE
( )
T source tasks Matrix W of linear

Meta-training :
n, samples per predictors w;, Vt €

task \- J [1,T]

l Shared representation ¢

(- )
n, samples for Linear predictor
new target task ===%>|  Meta-testing Wi e

Goal: Minimize excess risk ER = L(, Wry1) — L(P*, Wiy 1)

» Truerisk L » Optimal weights ¢* » wr,, ideal target linear predictor
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Du S. et al. (2020), Few-Shot Learning via Learning the Representation, Provably. In ICRL 2021
Tripuraneni N. et al. (2020).Provable Meta-Learning of Linear Representations. In arXiv 2020.
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* Assumption 1: Diversity of the source tasks

» Optimal predictors W* = [wy, ..., wr] cover all the directions evenly

» Condition Number k(W*) = Zng//vv)) should not increase with T

Du S. et al. (2020), Few-Shot Learning via Learning the Representation, Provably. In ICRL 2021
Tripuraneni N. et al. (2020).Provable Meta-Learning of Linear Representations. In arXiv 2020.
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* Assumption 1: Diversity of the source tasks

» Optimal predictors W* = [wy, ..., wr] cover all the directions evenly

» Condition Number k(W*) = Zng//vv)) should not increase with T

* Assumption 2: Constant classification margin

» Norm of the predictors ||w¢|| 1 77 should not increase with T

Du S. et al. (2020), Few-Shot Learning via Learning the Representation, Provably. In ICRL 2021
Tripuraneni N. et al. (2020).Provable Meta-Learning of Linear Representations. In arXiv 2020.
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* Assumption 1: Diversity of the source tasks

» Optimal predictors W* = [wy, ..., wr] cover all the directions evenly

» Condition Number k(W*) = Zng//vv)) should not increase with T

* Assumption 2: Constant classification margin

» Norm of the predictors ||w¢|| 1 77 should not increase with T

If satisfied, ER(¢, Wy, 1) < 0(— + —)

TllT n,

v All source and target data are useful to decrease the bound of excess risk

Du S. et al. (2020), Few-Shot Learning via Learning the Representation, Provably. In ICRL 2021
Tripuraneni N. et al. (2020).Provable Meta-Learning of Linear Representations. In arXiv 2020.
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v Satisfying assumption 1 makes sure that linear predictors are complementary
v Satisfying assumption 2 avoids under- or over-specialization to the tasks
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Given W* such that k(W*) > 1, can we learn W with k(W) =~ 1
while solving the underlying classification problems equally well ?

v" Even when W* does not satisfy the assumptions, it is possible to learn ¢ to respect them
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0l | . . . . . Lo 0= . . : . : .
0 10k 20k 30k 40k 50k 60k 0 10k 20k 30k 40k 50k 60k
Training iteration Training iteration
Monitoring the Condition Number Monitoring the Norm
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ProtoNet —mini = ProtoNet m—Mini
—_— MAML - == tiered — MAML == = tiered
o 1007 3.5 -
&) N D 10000
Z 801 13.0S %
S = S 8000+
) O
< 60+ 2.5 > P
o = Q. 6000
w
“= 401 2-032 — 4000
; N—r" 2
Z 20- 153 < 2000
i p—
0d . . . . . . Lo 0 . . . . : .
0 10k 20k 30k 40k 50k 60k 0 10k 20k 30k 40k 50k 60k
Training iteration Training iteration
Monitoring the Condition Number Monitoring the Norm

» W, restriction to N last predictors
v ProtoNet naturally verifies the assumptions

X MAML does not verify the assumptions
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* Theorem (Normalized ProtoNet):

if Vi ||prototype;|| = 1,then 3¢ € arg min loss such thatk(W*) =1

v" Norm minimization is enough to obtain well-behaved condition number for ProtoNet.
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* Theorem (Normalized ProtoNet):

if Vi ||prototype;|| = 1,then 3¢ € arg min loss such thatk(W*) =1

v" Norm minimization is enough to obtain well-behaved condition number for ProtoNet.

* Proposition (Condition Number for MAML):

At iteration i, if g,,,;;, = 0 for last two tasks,
then k(W*1) = k(W})

X The condition number for MAML can increase between iterations.
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° Ensuring Assumption 1: Spectral or entropic regularization
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° Ensuring Assumption 1: Spectral or entropic regularization
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K(Wy) = Imax(Wn) H,(Wy) =Y~ , softmax(U(WN))l. - log softmax(a(WN))l.

Omin(Wn)
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@ ik FROM THEORY TO PRACTICE

€l

° Ensuring Assumption 1: Spectral or entropic regularization

K(Wy) = Imax(Wn) H,(Wy) =Y~ , softmax(U(WN))l. - log softmax(a(WN))l.

Omin(Wn)

v Regularizing with k(Wy) or H;(Wy) leads to a better coverage of the searched space
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€l

° Ensuring Assumption 1: Spectral or entropic regularization

K(Wy) = Imax(Wn) H,(Wy) =Y~ , softmax(U(WN))l. - log softmax(a(WN))l.

Omin(Wn)

v Regularizing with k(Wy) or H;(Wy) leads to a better coverage of the searched space

° Ensuring Assumption 2: Norm regularization or normalization for linear predictors
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@ ik FROM THEORY TO PRACTICE

€l

° Ensuring Assumption 1: Spectral or entropic regularization

K(Wy) = Imax(Wn) H,(Wy) =Y~ , softmax(U(WN))l. - log softmax(a(WN))l.

Omin(Wn)

v Regularizing with k(Wy) or H;(Wy) leads to a better coverage of the searched space

° Ensuring Assumption 2: Norm regularization or normalization for linear predictors

v" Normalizing predictors ensures constant margin that does not change with T
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s ProtoNet mmmm ProtoNet + norm = ProtoNet mmm= ProtoNet + norm mmmm ProtoNet mmmm ProtoNet + norm
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801 10000 -
8000 1 0.45 1
~—~ 60 1 :LL ?
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201 2000+
0 N 04 0.30-
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Training iteration Training iteration Training iteration
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Experiments on mini-ImageNet 5-way 1-shot

z
7]
-
—

université

PARIS-SACLAY

A,
g(’)
by >
[ U
7] z
Oc
—f

Quentin Bouniot, levgen Redko, Romaric Audigier, Angélique Loesch | CAp2021 | 14/06/2021 |48 o




801

~—~ 60 1

T 401

201

K(Wy)

UNIVERSITE
DELYON ]

Bl

ElR

mmmm ProtoNet mmmm ProtoNet + norm
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Training iteration

mm MAML
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2.01

1.51
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Training iteration
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EXPERIMENTAL RESULTS
MONITORING THE CONDITION NUMBER AND TH

= ProtoNet mmmm ProtoNet + norm

= ProtoNet

E NORM

mmmm ProtoNet + norm

10000 - 0-501
8000 1 =, 0.451
— O
= 60001 o
; S 0.40
O
—— 4000 é
0.351
2000 1
0 0.304
0 10k 20k 30k 40k 50k 60K 0 10k 20k 30k 40k 50k 60k
Training iteration Training iteration
m \AML mmmm MAML + reg = M AML mmmm MAML + reg
35+ 0.50 1
304 0.48 1
l 0.46 1
u® )
—220. E 0.44 1
S5 O 0421
= O
5 0.381
ol 0.361
0 10k 20k 30k 40k 50k 60k 0 10k 20k 30k 40k 50k 60k

Training iteration

Experiments on mini-ImageNet 5-way 1-shot

v Our regularization and normalization have the intended effects.

Quentin Bouniot, levgen Redko, Romaric Audigier, Angélique Loesch | CAp2021 | 14/06/2021

Training iteration

université

PARIS-SACLAY



UNIVERSITE
DE LYON

J= | memnt EXPERIMENTAL RESULTS
w SAINT-ETIENNE ACCU RACY GAPS

ElR

EEE Proto EE Maml B Proto EE Maml BN Proto . Maml
. (MP Ve (VP . VC . IMP L e
S ~~ /\.
o 2.0 o .5
o 0 2.0 Q <
c 1 c S
£ 15 £ =20
o o 151 o
T 10- © 8 1.51
LD U 1 O_
o > > 1.0
O 05 O ©
© © =
= 5 05 S 05
QO i . O ©)
O 0.0 S O
< <C 0.0 <C 0.0
1-Shot 5-Shot 1-Shot 5-Shot 1-5h0’_t 5-Shot
Omniglot minilmageNet tieredlmageNet
20-way 5-way 5-way

.
universite

Quentin Bouniot, levgen Redko, Romaric Audigier, Angélique Loesch | CAp2021 | 14/06/2021 | 50 PARISSACLAY




UNIVERSITE
DE LYON

J= | memnt EXPERIMENTAL RESULTS
w SAINT-ETIENNE ACCU RACY GAPS

ElR

EEE Proto EE Maml B Proto EE Maml BN Proto . Maml
. (MP Ve (VP . VC . IMP L e
S ~~ /\.
o 2.0 o .5
o 0 2.0 Q <
c 1 c S
E 15 £ =20
o o 151 o
T 10- © 8 1.51
LD U 1 O_
o > > 1.0
O 05 O ©
© © c
= 5 05 S 05
@) . O QO
O 0.0 S O
< <C 0.0 <C 0.0
1-Shot 5-Shot 1-Shot 5-Shot 1-Shot 5-Shot
Omniglot minilmageNet tieredlmageNet
20-way 5-way 5-way

v' Statistically significant improvement with our regularization and normalization.
v Enforcing the assumptions leads to better generalization when not verified naturally.
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Source Domain: Target Domains: A Broader Study of Cross-Domain Few-Shot Learning.
(Disjoint Label Spaces) In ECCV 2020
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ImageNet: 1 CropDiseés?: : EuroSAT: ISIC: ChestX:
Perspective I Perspective | No Perspective  No Perspective  No Perspective
Natural Images I Natural Imagesj Natural Images Medical Images Medical Images
Color |\ Color Color Color Grayscale
mmmmm ProtoNet mmmm ProtoNet + norm 5-Way s \]AML mmmm MAML 4+ reg
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X Improvement does not translate to cross-domain for metric-based methodes.
v Gradient-based methods keep their accuracy gains.
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° Improving Few-Shot Learning Through Multi-Task Representation Learning Theory

v" Connection between Meta-Learning and Multi-Task Representation Learning Theory
v Explanations of why some meta-learning methods naturally fulfill theoretical assumptions of

the best learning bounds.

v Practical ways to enforce the assumptions which leads to significant performance

improvements.
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U HTEEN EPISODIC TRAINING VS REGULAR TRAINING

El:

Meta-training stage Meta-testing stage

Sampled N classes

Episodic
Training
LA(-1S,)
Base class data X, g A ____________ Novel support set S,, Ry ’
(Many) Support set (Novel class data X,, )
Base query set QQ, conditioned model
Training stage Fine-tuning stage
Base class data Novel class data Fixed @
(Many) Feature . . (Few) Feature .o
RGgUlar . 5 ! F E}ltral;‘tﬂr i__.--_a__s.ﬁ!_!ﬁ..r* i g 1 Extra':tor ',r--ﬁ—s-ﬁl-—!l-e-r‘I :
Trainin L '
a g Y
A\ J
Y

Learning a single episode
Chen W.-Y. et al., A Closer Look at Few-Shot Classification. In ICLR 2019
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U HTEEN EINE-TUNING METHODS

El:

. . coTT S T o T,T T T T T T =
Training stage ( Fine-tuning stage \I
Base class data | Novel class data Fixed I
Regu!ar -1 exracior Classifier 1 1 oo 2 [ ote Classifier ||
Training | l z’ L
I =y XH‘.—"(T{|W” )-:_b Y I
l e K '
———————— |_ M I BN S S . /
1 Clas_@_i_fier o W) l
i Basellne++ ;

Cosine
dlstance

ﬂu{x }

Adapted from [Chen19]

* Baseline uses a dot product in the classification layer followed by a softmax
* Cosine classifier (or Baseline++) uses a cosine similarity followed by a softmax

Gidaris S. et Komodakis N., Dynamic Few-Shot Visual Learning Without Forgetting. In CVPR 2018
Quentin Bouniot, levgen Redko, Romaric Audigier, Angélique Loesch | CAp2021 | 14/06/2021




TP = | i) APPENDIX:
cCeatech w SAINT-ETIENNE CAN WE FORCE THE ASSUMPTIONS ?

Given W* such that k(W*) > 1, can we learn W with k(W) ~ 1 while solving
the underlying classification problems equally well ?

€l

4+ — Source task 1 in * space 4 — Source task 2 in ®* spaceJ + — Source task 1 in @ space + — Source task 2 in @ space

| |

t 4
k(W) 29 4o $ $
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.
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= ProtoNet === Qriginal
— MAML == == Reg. or Norm.
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10k 20k 30k 40k 50k 60K
Training iteration

» 1(Wy) shows dynamics during training, but values are not comparable

» (W) is intractable to compute during training.

:
| 60 unwersie
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