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Who am I?

Vegard Antun

▶ 2020-Present: Postdoctoral fellow -
UiO.

▶ 2018-2019: Research stay – University
of Cambridge

▶ 2016-2020: PhD candidate – UiO.

▶ 2014-2016: Master’s degree – UiO.

▶ 2013-2014: Military service.

▶ 2010-2013: Bachelor’s degree – UiO.



Overview of the course

Time Day I Day II Day III

9:00–10:00
Why is DL suddenly such
a big deal?

Neural networks
Stochastic gradient des-
cent

10:15–11:15
Matrices, vectors & su-
pervised machine learn-
ing

Introduction to PyTorch
More examples in PyT-
orch

11:15–12:00 Lunch Lunch Lunch

12:00–13:00 Linear regression Classification For adjustments
13:15–14:00 Group session Group session Group session



Course material

▶ Slides available on Canvas

▶ References directly in the slides.

▶ https://github.com/vegarant/

mievu4020

▶ We will go through some of the
material in chapters 9, 12 and 13 in
the book “Machine Learning with
PyTorch and Scikit-Learn”.

https://github.com/vegarant/mievu4020
https://github.com/vegarant/mievu4020


Administrative questions

▶ Extension of exam deadline.

▶ Canvas access.

▶ Or other questions.

▶ Contact: studieinfo@math.uio.no



Setting the scene. . .

Why is deep learning suddenly such a big deal?





Deep learning in computer vision – The ImageNet competition



A paradigm shift

Top 5 ILSVRC 2012 Results
1st Error: 16.4% Deep Learning
2nd Error: 26.1% Other approach
3rd Error: 26.9% Other approach
4th Error: 29.5% Other approach
5th Error: 34.4% Other approach

Top 5 ILSVRC 2017 Results
1st Error: 2.3% Deep Learning
2nd Error: 2.5% Deep Learning
3rd Error: 2.7% Deep Learning
4th Error: 3.0% Deep Learning
5th Error: 3.2% Deep Learning

Table: Results from ImageNet Large Scale Visual Recognition Competition (ILSVRC).





Image captioning

Image from: https://www.analyticsvidhya.com/blog/2018/04/

solving-an-image-captioning-task-using-deep-learning/

https://www.analyticsvidhya.com/blog/2018/04/solving-an-image-captioning-task-using-deep-learning/
https://www.analyticsvidhya.com/blog/2018/04/solving-an-image-captioning-task-using-deep-learning/




Other applications

▶ Deep dreams

▶ Deep fakes

▶ Face swap

▶ Facial recognition









Natural language processing



NLP – Ernest Hemingway’s “The Snows of Kilimanjaro”

From Google translate:

“Kilimanjaro is a mountain of 19,710 feet covered with snow and is said to be the highest
mountain in Africa. The summit of the west is called “Ngaje Ngai” in Masai, the house of
God. Near the top of the west there is a dry and frozen dead body of leopard. No one has
ever explained what leopard wanted at that altitude.”

From Google translate 24 hours prior to the above translation:

“Kilimanjaro is 19,710 feet of the mountain covered with snow, and it is said that the highest
mountain in Africa. Top of the west, “Ngaje Ngai” in the Maasai language, has been referred
to as the house of God. The top close to the west, there is a dry, frozen carcass of a
leopard. Whether the leopard had what the demand at that altitude, there is no that nobody
explained.”

Original:

“Kilimanjaro is a snow-covered mountain 19,710 feet high, and is said to be the highest
mountain in Africa. Its western summit is called the Masai ”Ngaje Ngai,” the House of God.
Close to the western summit there is the dried and frozen carcass of a leopard. No one has
explained what the leopard was seeking at that altitude.”

https://mse238blog.stanford.edu/2017/08/jchoi8/machine-learning-transforms-google-translate-overnight/

https://mse238blog.stanford.edu/2017/08/jchoi8/machine-learning-transforms-google-translate-overnight/


Chatbots - Text classification



Chatbots - Text classification



Chatbots - Open ended dialogue

;











Twitter: @zswitten



Reinforcement learning



Reinforcement learning



Reinforcement learning



Reinforcement learning















Do we know what we are doing?



The Pioneers



Strong confidence in deep learning

The New Yorker (most influential magazine in the world) quotes Geoffrey
Hinton (April 2017):

“They should stop training radiologists now.”



An intriguing debate

Google’s Ali Rahimi, winner of the Test-of-Time award 2017 (NeurIPS), “Machine
learning has become alchemy. ... I would like to live in a society whose systems are built
on top of verifiable, rigorous, thorough knowledge, and not on alchemy.”



An intriguing debate
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Has artificial intelligence 
become alchemy?

A
li Rahimi, a researcher in artificial 

intelligence (AI) at Google in San 

Francisco, California, took a swipe at 

his field last December—and received 

a 40-second ovation for it. Speaking 

at an AI conference, Rahimi charged 

that machine learning algorithms, in which 

computers learn through trial and error, 

have become a form of “alchemy.” Research-

ers, he said, do not know why some algo-

rithms work and others don’t, nor do they 

have rigorous criteria for choosing one AI 

architecture over another. Now, in a paper 

presented on 30 April at the International 

Conference on Learning Representations in 

Vancouver, Canada, Rahimi and his collabo-

rators document examples of what they see 

as the alchemy problem and offer prescrip-

tions for bolstering AI’s rigor.

“There’s an anguish in the field,” Rahimi 

says. “Many of us feel like we’re operating on 

an alien technology.” 

The issue is distinct from AI’s reproduc-

ibility problem (Science, 16 February, p. 725), 

in which researchers can’t replicate each 

other’s results because of inconsistent ex-

perimental and publication practices. It also 

differs from the “black box” or “interpret-

ability” problem in machine learning: the 

difficulty of explaining how a particular AI 

has come to its conclusions (Science, 7 July 

2017, p. 22). As Rahimi puts it, “I’m trying to 

draw a distinction between a machine learn-

ing system that’s a black box and an entire 

field that’s become a black box.”

Without deep understanding of the ba-

sic tools needed to build and train new al-

gorithms, he says, researchers creating AIs 

resort to hearsay, like medieval alchemists. 

“People gravitate around cargo-cult prac-

tices,” relying on “folklore and magic spells,” 

adds François Chollet, a computer scientist 

at Google in Mountain View, California. 

For example, he says, they adopt pet meth-

ods to tune their AIs’ “learning rates”—how 

much an algorithm corrects itself after each 

mistake—without understanding why one 

is better than others. In other cases, AI re-

searchers training their algorithms are sim-

ply stumbling in the dark. For example, they 

implement what’s called “stochastic gradient 

descent” in order to optimize an algorithm’s 

parameters for the lowest possible failure 

rate. Yet despite thousands of academic pa-

pers on the subject, and countless ways of 

applying the method, the process still relies 

on trial and error.

Rahimi’s paper highlights the wasted ef-

fort and suboptimal performance that can 

result. For example, it notes that when other 

researchers stripped most of the complexity 

from a state-of-the-art language translation 

algorithm, it actually translated from Eng-

lish to German or French better and more ef-

ficiently, showing that its creators didn’t fully 

grasp what those extra parts were good for. 

Conversely, sometimes the bells and whistles 

tacked onto an algorithm are the only good 

parts, says Ferenc Huszár, a machine learn-

ing researcher at Twitter in London. In some 

cases, he says, the core of an algorithm is 

technically flawed, implying that its good re-

sults are “attributable entirely to other tricks 

applied on top.”

Rahimi offers several suggestions for 

learning which algorithms work best, and 

when. For starters, he says, researchers 

should conduct “ablation studies” like those 

done with the translation algorithm: delet-

ing parts of an algorithm one at a time to see 

the function of each component. He calls for 

“sliced analysis,” in which an algorithm’s per-

formance is analyzed in detail to see how im-

provement in some areas might have a cost 

elsewhere. And he says researchers should 

test their algorithms with many different 

conditions and settings, and should report 

performances for all of them.

Ben Recht, a computer scientist at the 

University of California, Berkeley, and co-

author of Rahimi’s alchemy keynote talk, 

says AI needs to borrow from physics, where 

researchers often shrink a problem down 

to a smaller “toy problem.” “Physicists are 

amazing at devising simple experiments to 

root out explanations for phenomena,” he 

says. Some AI researchers are already tak-

ing that approach, testing image recogni-

tion algorithms on small black-and-white 

handwritten characters before tackling large 

color photos, to better understand the algo-

rithms’ inner mechanics.

Csaba Szepesvári, a computer scientist 

at DeepMind in London, says the field also 

needs to reduce its emphasis on competitive 

testing. At present, a paper is more likely to 

be published if the reported algorithm beats 

some benchmark than if the paper sheds 

light on the software’s inner workings, he 

says. That’s how the fancy translation al-

gorithm made it through peer review. “The 

purpose of science is to generate knowledge,” 

he says. “You want to produce something 

that other people can take and build on.”

Not everyone agrees with Rahimi and 

Recht’s critique. Yann LeCun, Facebook’s 

chief AI scientist in New York City, wor-

ries that shifting too much effort away 

from bleeding-edge techniques toward core 

understanding could slow innovation and 

discourage AI’s real-world adoption. “It’s not 

alchemy, it’s engineering,” he says. “Engi-

neering is messy.”

Recht sees a place for methodical and ad-

venturous research alike. “We need both,” he 

says. “We need to understand where failure 

points come so that we can build reliable 

systems, and we have to push the frontiers 

so that we can have even more impressive 

systems down the line.” j

Matthew Hutson is a journalist based in 

New York City. 

By Matthew Hutson

Machine learning needs more rigor, scientists argue

Gradient descent relies on trial and error to optimize 

an algorithm, aiming for minima in a 3D landscape.

Published by AAAS

on January 17, 2021
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How should we measure success?



Deep learning for classification

1. Train NN on large dataset of labeled data.

2. Test NN on new unseen (test) data.

▶ Important: Sucess is measured by the number of
correctly labeled test data.



AI Generated Hallucinations – Instabilities in AI



AI Generated Hallucinations – Instabilities in AI
Original mole Perturbed mole

Benign
Malignant

Benign
Malignant

Model confidence Model confidence

Figure from: Finlayson, S. G., Bowers, J. D., Ito, J., Zittrain, J. L., Beam, A. L., & Kohane, I.
S., 2019, ’Adversarial attacks on medical machine learning ’. Science, 363(6433), 1287-1289.



Structural perturbations



Structural perturbations

Structural perturbations can also cause the network to fail.



AI generated hallucinations in image reconstruction

Original AI reconstruction

Network from: J. Schlemper, J. Caballero, J. V. Hajnal, A. Price and D. Rueckert, ’A deep cascade of convolutional neural networks for MR image
reconstruction’, in International conference on information processing in medical imaging, Springer, 2017, pp. 647–658.
Figures from: Antun, V., Renna, F., Poon, C., Adcock, B., & Hansen, A. C., ’On instabilities of deep learning in image reconstruction and the
potential costs of AI ’. Proc. Natl. Acad. Sci. USA, 2020..



AI generated hallucinations in image reconstruction

Original + Perturbation AI reconstruction

Network from: J. Schlemper, J. Caballero, J. V. Hajnal, A. Price and D. Rueckert, ’A deep cascade of convolutional neural networks for MR image
reconstruction’, in International conference on information processing in medical imaging, Springer, 2017, pp. 647–658.
Figures from: Antun, V., Renna, F., Poon, C., Adcock, B., & Hansen, A. C., ’On instabilities of deep learning in image reconstruction and the
potential costs of AI ’. Proc. Natl. Acad. Sci. USA, 2020..



Observations from the Facebook fastMRI challenge

Original AI reconstruction

Figures from: Muckley, Matthew J., et al. ”Results of the 2020 fastmri challenge for machine learning mr image reconstruction.” IEEE transactions
on medical imaging 40.9 (2021): 2306-2317.



Trustworthiness in AI

“On AI, trust is a must, not a nice to have.
[...] The new AI regulation will make sure
that Europeans can trust what AI has to
offer. [...] High-risk AI systems will be
subject to strict obligations before they can
be put on the market: [requiring] High level
of robustness, security and accuracy.”

European Commission, Outline for legal
framework for AI (April 2021).

“Europe fit for the Digital Age: Commission proposes new rules and actions for excellence
and trust in Artificial Intelligence”, 21 April 2021. European Commission - Press release,
https://ec.europa.eu/commission/presscorner/detail/en/IP_21_1682.

https://ec.europa.eu/commission/presscorner/detail/en/IP_21_1682


The industry might not be willing to criticize itself



Why are neural networks hallucinating?



How to classify fruits?



What does deep learning learn?



A fundamental boundary?

“It’s difficult to collect large amounts of
labeled data that are not biased in some
way. I’m not necessarily talking about soci-
etal bias, but about correlations in the data
that the system should not be using. A
famous example of that is when you train
a system to recognize cows and all the ex-
amples are cows on grassy fields. The sys-
tem will use the grass as a contextual cue
for the presence of a cow. But if you now
show a cow on a beach, it may have trouble
recognizing it as a cow.”

Yann LeCun, 22. Feb. 2022, IEEE
spectrum.



What are the appropriate tests for AI?



What are the appropriate tests for AI?



What are the appropriate tests for AI?

Tests will depend on application and community:

▶ Defence and intelligence community

▶ Healthcare community

Should AI products be labelled with warnings describing the potential non-human
behaviour?

How should we regulate AI?
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