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From Analog to Al
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Turning Pixels to Pictures
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Deep Learning requires large
amounts of carefully labeled

data which is difficult to
acquire and expensive to annotate



(a) Texture image (b) Content image (c) Texture-shape cue conflict

81.4%  Indian elephant 71.1%  tabby cat 63.9%  Indian elephant
10.3% indri 17.3% grey fox 26.4% indri
82% black swan 3.3% Siamese cat 9.6% black swan

Classification predictions of a ResNet-50 trained on ImageNet



Valuable (natural) image features
should not be specialized for solving
a particular supervised task, but
rather encapsulate richer
chracteristics exploitable for various
downstream tasks



Y. LeCun

How Much Information is the Machine Given during Learning?

P “Pure” Reinforcement Learning (cherry)

» The machine predicts a scalar reward given once in a
while.

» A few bits for some samples

P> Supervised Learning (icing)

» The machine predicts a category or a few numbers
for each input

» Predicting human-supplied data
» 10—10,000 bits per sample

P> Self-Supervised Learning (cake génoise)

» The machine predicts any part of its input for any
observed part.

» Predicts future frames in videos
» Millions of bits per sample

© 2019 IEEE International Solid-State Circuits Conference 1.1: Deep Learning Hardware: Past, Present, & Future




Input: The man went to the [MASK]l . He bought a [MASK]2 of milk
Labels: [MASK], = store; [MASK], = gallon

Missing word prediction task.

Sentence A = The man went to the store. Sentence A = The man went to the store.
Sentence B = He bought a gallon of milk. Sentence B = Penguins are flightless.
Label = IsNextSentence Label = NotNextSentence




So What?



Let there be Color!
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rgb2gray

(100, 100, 100)
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R. Pucdi, C. Micheloni, G. L. Foresti, N. Martinel — Is It a Plausible Colour? UCapsNet for Image Colourisation. NeurlPS Workshop: Self-Supervised Learning -- Theory and Practice (2021)
R. Pucdi, C. Micheloni, N. Martinel — Collaborative image and object level features for image colourisation. CVPR (2021)
R. Pucdi, C. Micheloni, G. L. Foresti, N. Martinel — ProCCaps: Progressively Teaching Colourisation to Capsules. WACV (2022)






Henri Cartier Bresson, Ansel Adams, Alinari. Historical archives.






Where are the details?
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Yin Li, Yueying Ni, Rupert A. C. Croft, Tiziana Di Matteo, Simeon Bird, and Yu Feng, Al-assisted superresolution cosmological simulations, PNAS 2021
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Khan, Asif Hussain, Christian Micheloni, and Niki Martinel. IDENet: Implicit Degradation E stimation Network for Efficient Blind Super Resolution. IEEE/CVF Conference on Computer Visionand Pattern Recognition Workshops (2024)
Khan, Asif Hussain, Christian Micheloni, and Niki Martinel. Lightweight Prompt Leaming Implicit Degradation Estimation Network for Blind Super Resolution. IEEE Transactions onmage Processing (2024)



Now What?









Thanks!

niki.martinel@uniud.it

Machine Learning and Perception Lab
Universita degli Studi di Udine
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