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Context

Big Data: Images & videos everywhere
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BBC: 2.4M videos Social media, 100M monitoring cameras

e.g. Facebook: 1B each day

e Obvious need to access, search, or classify these data: Visual Recognition

e Huge number of applications: mobile visual search, robotics, autonomous driving,
augmented reality, medical imaging etc

e |eading track in major ML/CV conferences during the last decade
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@ Deep Learning & Model Architectures
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Recognition of low-level signals

Challenge: filling the semantic gap

What we perceive vs
What a computer sees

lllumination variations
View-point variations
Deformable objects

intra-class variance

etc

= How to design " good" intermediate representation ?
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Deep Learning (DL) & Recognition of low-level signals

e Before DL: handcrafted intermediate * Since DL: Representatlon Learning )
representations for each task o @ Deep: hierarchy, graqually learning
o © Needs expertise in each field higher-level representations .
o © Shallow: low-level features o ® Common learning methodology = field

independent, no expertise
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e All parameters trained with backpropagation with class labels
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Convolutional Neural Networks (ConvNets)
e Convolution on tensors, i.e. multidimensional arrays: T of size W x H x D

o Convolution: C[T]=T’, T’ tensor of size W' x H' x K
o Each filter locally connected with shared weights (K number of filters)
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Input Convolution Pooling
e An elementary block: Convolution + Non linearity (e.g. ReLU) + pooling
e Convolution: structure (local processing), Pooling: invariance

e Stacking several Blocks: intuitive hierarchical information extraction
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Recurrent Neural Networks (RNNs) for Sequence Modeling

Recurrent
Connections
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e Sequences: 1d/2d signals (e.g. audio, videos), molecules, text,etc

e Input vector x(t), e.g. word (text) or image representation (CNN)
e Input/Output h(t): vector representing model "short-term memory"
e Output vector y(t) : task dependent

e All parameters trained with backpropagation through time
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© Applications of Deep Learning for Visual Recognition
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Visual Recognition History: Trends and methods in the last four decades

e 80's: training Convolutionnal Neural Networks (CNN) with
back-propagation = postal code reading [LBD*89]
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e 90's: golden age of kernel methods, NN = black box
e 2000's: BoW + SVM : state-of-the-art CV
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Visual Recognition History: Trends and methods in the last four decades

e Deep learning revival in 2012: CNN success of ConvNets in
ImageNet [KSH12]

Neural network Deep belief net Description
Back propagation Science "
N Speech IMAGE !

Nature l & l U. Toronto 0.15315 Deep learning
Mcrosoft 2 U. Tokyo 0.26172 Hand-crafted
3 U.Oxford 0.26979 Ifeaf“_fes andd |
learning models.
1986 2006 2011 2012 4 Xerox/INRIA 0.27058 Bottleneck.

e Two main practical reasons:

@ Huge number of labeled images (10% images)
@ GPU implementation for training
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Deep Learning since 2012: Larger & larger networks
VGG, 16/19 layers, 2014
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GoogleNet, 22 \éyers; 2014
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ResNet, 152 layers, 2015
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ImageNet Classification top-5 error (%)
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Deep Learning since 2012

Transferring Representations learned from ImageNet

e Deep ConvNets require large-scale annotated datasets

e BUT: Extract layer = fixed-size vector: "Deep Features" (DF)

fc6-7 : extract fixed-size vector

28 % 512 TxTx512
I e 14 % 519
> /ﬁ'%‘ﬁ”@i 1% 1x 1% 1 x 1000
L
'ﬂ] convolution+ReLU
1 max pooling
fully connected+ReLl
softmax

o Now state-of-the-art for any visual recognition task [ARS"16]

e Ex: Domain adaptation for image classif:
o DF very robust to data variations, e.g. medical / astronomy images
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© Open Issues & Perspectives in Artificial Intelligence
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Ongoing Issues in Deep Learning

New Tasks in Artificial Intelligence

e Intersection of vision and language research:

e Improvements in Vision Understanding with ConvNets
o Language (text) Modeling with RNNs

one to many many to one
Recurrent
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e One to Many: Image captioning

e Many to One: Visual Question Answering
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Many to One - Visual Question Answering (VQA)

e Goal: build a system that can answer questions about images

_i
Does it appear to be rainy?
Doss this person have 20/20 vision?

What color are her eyes?
What is the mustache made of?

How many slices of pizza are there?
Is this a vegetarian pizza?

e Very complex task, that requires :
o Precise image and text models
o High level interaction modeling
o Full scene understanding

e Reasoning (e.g. spatial ...)

What color is the fire hydrant

What color is the fire hydrant
on the left 7 green

on the right ?
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Many to One - Visual Question Answering (VQA)

e Input: question & image

e Qutput: answer

Model
Multimodal
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Multimodal Tucker Fusion for Visual Question Answering (MUTAN)

Is the mustache
real 7
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e State-of-the-art mono-modal representations:
o Visual representation: ResNet-152
e Question representation: pre-trained GRU (Gated Recurrent Units)
e How to perform multi-modal fusion ?
o State-of-the-art: bilinear models [FPY*16, KOK*17] = accurate
interactions
e BUT full bilinear models intractable: factorization based on Tucker
decomposition [BCCT17]

What is sitting on the desk
in front of the boys? 000000060000 ! """"""""""
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Perspective:

Conclusion
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e Deep Learning: huge impact in terms of experimental results

W e

e Still a long way to go toward real Al: reasoning, memory, predictive models,
common knowledge, etc
e Formal understanding still limited:
e Optimization: non-convex problem
e Model: ability to untangle manifold
o Robustness to over-fitting & generalization

“Good' neural space
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