A brierf Introguction to few-
Sshot learning
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Meta Learning
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k-way n-shot Support Set
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Basic Idea

* Learn a similarity function: sim(x, x").
* Ideally, sim(x{,x,) =1, sim(x{,x3) =0, and sim(x,,x3) =0.

Bulldog




Basic Idea

* First, learn a similarity function from large-scale training dataset.
REFES HREM4
ZRRE HHIERTA
Xod {5 , . 2, ne:

|
hr
g "




Basic Idea

What is in the image?

sim = 0.2 sim = 0.1 sim = 0.03 sim = 0.05

Greyhound Bulldog Armadillo Pangolin




Positive Samples Negative Samples
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Training Siamese Network
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Pretraining

* Pretrain a CNN for feature extraction (aka embedding).

* The CNN can be pretrained using standard supervised learning
or Siamese network.

Conv,
Pool

Flatten
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X f(x)
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Training Siamese Network
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Triplet Loss
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Triplet Loss

* Encourage dt = ||f(x") — f(x?)|

* Encourage d~ = ||f(x?) — f(x )|

2

> to be small.

z to be big.

*Ifd” = d* + a, then no loss. (¢ > 0 is margin.)

» Otherwise, the lossisd™ +a — d".

e Loss(x3,x%,x7) =max{0, d* +a—d " }.

S (negative)
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3-Way 2-Shot
Support Set:

’—----
-----,

’—----—
-----’

N - —
----’

Feature
Vectors:

EViN

X -> [ [a) 1% S AN E

e (noise) [o)gh!

mean normalize
 —— |

mean normalize

mean normalize
=)

M4

M2

M3



The Changes in Feature Space During Training

 Partl may cause
- samples move to wrong
. .« classification space.

.. Part2 reduces the
\  consensus areas.

\ »- Part3 restricts samples to

'~} « consensus areas, away
P B S Dl from class:ﬁcano.n
“x xx boundary, to avoid

Ce.8s . x*_ classification space.

Finally, samples

- between classes A

: ~and B are separated.
o " The samples with

"« wrong labels can

- Stay in the correct

oo classification space.
3 ©

" samples moving to wrong

Meta-reweighting
+(t) !
e —
.
1
Instance weights
I
1
l |
1
Dyos Classifier
train T ®(8%) updating
Lt t+1
= @)
O—
instances o=
2(t41)  fomm
Dref =
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(a) MAML (First order)
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(c) AMGS (ours, scheme 1)
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(d) AMGS (ours, scheme 2)



L ETEYRHZE 3 [a]

+ ERREARBITERE >34, SHI4 2 T2 7 7

« BEiFMrepresentation > ML) (FFfnet ) encoder decoder 45{FIREX
(contrastive learning)

« WA regularizationdi AR, KR EAEIT
» G BEGRENSEMN
* TTF SIHYREE

« HFak==3I8AE? 7 ? Future and discussion (GPT)






