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Aprendizaje con muchos ejemplos DEEPVISION

Clasificacion de imagenes
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Aprendizaje con muchos ejemplos DEEPVISION

Clasificacion de imagenes

—~ 0.3

o’

Q 2

S 025 28

5

= 02

Ll

[

O 0.15

o+

o

& p

ﬁ 16.7% { 23.3%

O 0.05 v L v

0.023

. 0036 [l 00; oo

2010 2011 2012 2013 2014 2015 2016 2017

ImageNet Large-Scale Visual Recognition Challenge (ILSVRC)
[fig. Fei-Fei Li]



Aprendizaje con imuchos? ejemplos DEEPVISION

Distribucién de cola larga
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Tags

o Conceptos populares (genéricos) con millones de imagenes
o Conceptos raros (especificos) con pocas imagenes
o #unigramas > #bigramas
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Distribucion de cola larga Image-Net
Deng et al CVPR (2009)
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Mas alla del problema de clasificacion

Esfuerzo de anotacion vs. complejidad del problema

segmenta  classificat

captioning
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Complexity

[fig. Thomas Mensink]
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Objetivo: reutilizar modelos pre-entrenados existentes
e Entrenados en una tarea especifica, ej. clasificacion
e Entrenados a partir de muchos ejemplos
e Adaptarlos a nuestro problema particular con pocos ejemplos

Modelo Modelo
origen destino

Transferencia
de aprendizaje

Datos B
Datos A ej fotos y
ej ImageNet anotaciones
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Ajuste fino (fine-tuning)

Images per Class
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[Chu et al. Best practices for fine-tuning visual classifiers for new domains. ECCV (2016)]

Distance (cosine)



CNNs como extractores de features
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bicycle?

[fig. Andrea Vedaldi]

linear predictor

F(x) = (w.x)



CNNs como extractores de features DEEPVISION

Convolution Pooling Convolution Pooling Fully Fully Output Predictions
Connected Connected
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features!

e |magen — punto en un espacio d-dimensional
e Uso de técnicas GOFML*, p.ej. scikit-learn

o SVMs + kernels

o Regresion logistica

o k-NN, NCM

©)

[* Good Old Fashioned Machine Learning]
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Supervised learning

e Entradas: xz € X

e Etiquetas:
o Train: Y €Y
o Test: z€2Z
o 5L YNZ=1

e Objetivo:
o ZSL: f:X—>Z2
o GZSL: f: X —=>YUZ

Zero-shot learning (ZSL)

Test
z e =Z
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Funciéon de compatibilidad

IMAGE CLASS CLASS
IMAGES FEATURES ATTRIBUTES LABELS
X X Yy Yy
FE (xia Yi, w)

[Akata et al. (2013), Romera-Paredes and Torr (2015), ...]
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Fuentes de informacioéon lateral
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WikirEmA Zebra —

Word2Vec [Mikolov et.al. NIPS'13]
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GloVe [Pennington et.al EMNLP'14] WordNet [Akata et al. CVPR'13] Human Gaze [Akata et al. CVPR'16]

The bird has a white This bird has
underbelly, black distinctive-looking
feathers in the wings, brown and white
a large wingspan, and stripes all over its

a white beak. body, and its brown
g tail sticks up.

A This flower has a
central white blossom
surrounded by large
pointed red petals
which are veined and
leaflike.

Light purple petals
with orange and
black middle green
leaves

[Reed et.al. CVPR'16, ICML'16, NIPS'16]
[Slide Zeynep Akata]
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The beak 1s yellow and pointed and the wings are blue. ]

[Reed et.al., CVPR'16]
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http://visualintelligence.deepvisionai.com/
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