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AI “learns from data”

The traditional way of making a computer perform a task is to indicate exactly

what simple individual steps have to be executed.

n = 15345

for k in range(n+1):
if n%k == 0:

print(k)
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AI “learns from data”

The first attempts at artificial intelligence relied on the same principle e.g. medical

diagnosis, strategy games, or computer vision.

(Newborn, 1996)
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AI “learns from data”

The fundamental idea of “modern AI” is to automatically tune a program to make it

work well on known examples.
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AI “learns from data”

This strategy mimics in some ways the plasticity of neural networks.

130 LOGICAL CALCULUS FOR NERVOUS ACTIVITY 
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Text-fig. 13. Reconstruction of micro-electrode penetration through the lateral
gyrus (see also P1. 1). Electrode entered apical segment normal to the surface, and
remained parallel to the deep fibre bundles (indicated by radial lines) until reaching
white matter; in grey matter of mesial segment the electrode's course was oblique.
Longer lines represent cortical cells. Axons of cortical cells are indicated by a cross-

bar at right-hand end of line. Field-axis orientation is shown by the direction of
each line; lines perpendicular to track represent vertical orientation. Brace-
brackets show simultaneously recorded units. Complex receptive fields are indi-
cated by 'Cx'. Afferent fibres from the lateral geniculate body indicated by x,

for 'on' centre; A, for 'off' centre. Approximate positions of receptive fields on

the retina are shown to the right of the penetration. Shorter lines show regions in
which unresolved background activity was observed. Numbers to the left of the
penetration refer to ocular-dominance group (see Part II). Scale 1 mm.
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131

(McCulloch and Pitts, 1943) (Hubel and Wiesel, 1962)
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AI “learns from data”

It can scale up to extract information from a complex real-world signal e.g. an

image, a sound sample, or a piece of text,

“Dog”

or to synthesize a complex signal.
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AI “learns from data”

Modern models are parameterized by 105 − 1011 parameters.
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Figure 2: An illustration of the architecture of our CNN, explicitly showing the delineation of responsibilities
between the two GPUs. One GPU runs the layer-parts at the top of the figure while the other runs the layer-parts
at the bottom. The GPUs communicate only at certain layers. The network’s input is 150,528-dimensional, and
the number of neurons in the network’s remaining layers is given by 253,440–186,624–64,896–64,896–43,264–
4096–4096–1000.

neurons in a kernel map). The second convolutional layer takes as input the (response-normalized
and pooled) output of the first convolutional layer and filters it with 256 kernels of size 5× 5× 48.
The third, fourth, and fifth convolutional layers are connected to one another without any intervening
pooling or normalization layers. The third convolutional layer has 384 kernels of size 3 × 3 ×
256 connected to the (normalized, pooled) outputs of the second convolutional layer. The fourth
convolutional layer has 384 kernels of size 3 × 3 × 192 , and the fifth convolutional layer has 256
kernels of size 3× 3× 192. The fully-connected layers have 4096 neurons each.

4 Reducing Overfitting

Our neural network architecture has 60 million parameters. Although the 1000 classes of ILSVRC
make each training example impose 10 bits of constraint on the mapping from image to label, this
turns out to be insufficient to learn so many parameters without considerable overfitting. Below, we
describe the two primary ways in which we combat overfitting.

4.1 Data Augmentation

The easiest and most common method to reduce overfitting on image data is to artificially enlarge
the dataset using label-preserving transformations (e.g., [25, 4, 5]). We employ two distinct forms
of data augmentation, both of which allow transformed images to be produced from the original
images with very little computation, so the transformed images do not need to be stored on disk.
In our implementation, the transformed images are generated in Python code on the CPU while the
GPU is training on the previous batch of images. So these data augmentation schemes are, in effect,
computationally free.

The first form of data augmentation consists of generating image translations and horizontal reflec-
tions. We do this by extracting random 224× 224 patches (and their horizontal reflections) from the
256×256 images and training our network on these extracted patches4. This increases the size of our
training set by a factor of 2048, though the resulting training examples are, of course, highly inter-
dependent. Without this scheme, our network suffers from substantial overfitting, which would have
forced us to use much smaller networks. At test time, the network makes a prediction by extracting
five 224 × 224 patches (the four corner patches and the center patch) as well as their horizontal
reflections (hence ten patches in all), and averaging the predictions made by the network’s softmax
layer on the ten patches.

The second form of data augmentation consists of altering the intensities of the RGB channels in
training images. Specifically, we perform PCA on the set of RGB pixel values throughout the
ImageNet training set. To each training image, we add multiples of the found principal components,

4This is the reason why the input images in Figure 2 are 224× 224× 3-dimensional.

5

AlexNet (2012) Figure 1: The Transformer - model architecture.

3.1 Encoder and Decoder Stacks

Encoder: The encoder is composed of a stack of N = 6 identical layers. Each layer has two
sub-layers. The first is a multi-head self-attention mechanism, and the second is a simple, position-
wise fully connected feed-forward network. We employ a residual connection [11] around each of
the two sub-layers, followed by layer normalization [1]. That is, the output of each sub-layer is
LayerNorm(x + Sublayer(x)), where Sublayer(x) is the function implemented by the sub-layer
itself. To facilitate these residual connections, all sub-layers in the model, as well as the embedding
layers, produce outputs of dimension dmodel = 512.

Decoder: The decoder is also composed of a stack of N = 6 identical layers. In addition to the two
sub-layers in each encoder layer, the decoder inserts a third sub-layer, which performs multi-head
attention over the output of the encoder stack. Similar to the encoder, we employ residual connections
around each of the sub-layers, followed by layer normalization. We also modify the self-attention
sub-layer in the decoder stack to prevent positions from attending to subsequent positions. This
masking, combined with fact that the output embeddings are offset by one position, ensures that the
predictions for position i can depend only on the known outputs at positions less than i.

3.2 Attention

An attention function can be described as mapping a query and a set of key-value pairs to an output,
where the query, keys, values, and output are all vectors. The output is computed as a weighted sum
of the values, where the weight assigned to each value is computed by a compatibility function of the
query with the corresponding key.

3

Transformer (2018)
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AI actually works

These models are applied with success to very diverse fields of applications, e.g.

Figure 5. A selection of evaluation results, grouped by human rating.

4.3.7 Analysis of Embeddings

In order to represent the previous word St−1 as input to
the decoding LSTM producing St, we use word embedding
vectors [22], which have the advantage of being indepen-
dent of the size of the dictionary (contrary to a simpler one-
hot-encoding approach). Furthermore, these word embed-
dings can be jointly trained with the rest of the model. It
is remarkable to see how the learned representations have
captured some semantic from the statistics of the language.
Table 4.3.7 shows, for a few example words, the nearest
other words found in the learned embedding space.

Note how some of the relationships learned by the model
will help the vision component. Indeed, having “horse”,
“pony”, and “donkey” close to each other will encourage the
CNN to extract features that are relevant to horse-looking
animals. We hypothesize that, in the extreme case where
we see very few examples of a class (e.g., “unicorn”), its
proximity to other word embeddings (e.g., “horse”) should
provide a lot more information that would be completely
lost with more traditional bag-of-words based approaches.

5. Conclusion

We have presented NIC, an end-to-end neural network
system that can automatically view an image and generate

Word Neighbors
car van, cab, suv, vehicule, jeep
boy toddler, gentleman, daughter, son
street road, streets, highway, freeway
horse pony, donkey, pig, goat, mule
computer computers, pc, crt, chip, compute

Table 6. Nearest neighbors of a few example words

a reasonable description in plain English. NIC is based on
a convolution neural network that encodes an image into a
compact representation, followed by a recurrent neural net-
work that generates a corresponding sentence. The model is
trained to maximize the likelihood of the sentence given the
image. Experiments on several datasets show the robust-
ness of NIC in terms of qualitative results (the generated
sentences are very reasonable) and quantitative evaluations,
using either ranking metrics or BLEU, a metric used in ma-
chine translation to evaluate the quality of generated sen-
tences. It is clear from these experiments that, as the size
of the available datasets for image description increases, so
will the performance of approaches like NIC. Furthermore,
it will be interesting to see how one can use unsupervised
data, both from images alone and text alone, to improve im-
age description approaches.

I: Jane went to the hallway.

I: Mary walked to the bathroom.

I: Sandra went to the garden.

I: Daniel went back to the garden.

I: Sandra took the milk there.

Q: Where is the milk?

A: garden

Scene understandingGeometry estimation

Goal planing

Image captioning

Question answering Complex control
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AI DOES NOT “UNDERSTAND” REALITY
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AI does not “understand” reality

However, at the core of this approach lies the design of the “hypotheses” among

which to pick the “reality”.
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AI does not “understand” reality

Mathematically, given a set of hypotheses and a language to describe them, the

generalization to new situations is better if the description of the chosen rule is short.

This is exactly the principle of parcimony of William Occam (1280 – 1349):

Entities should not be multiplied unnecessarily.

This translates in devising neural networks with proper “induction bias”.
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AI does not “understand” reality

(Zeiler and Fergus, 2014)
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AI does not “understand” reality

Even with the correct “inductive bias”, the computation conducted by the learned

model does not derive its computation from a “concise understanding.” E.g. for

aerodynamics optimization
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AIWILL DISTORT OUR “TRUTH”
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AI can produce fake “truth”

Image / video synthesis

(Karras et al., 2017; Brock et al., 2018; derpfakes, 2018)
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AI capture “truth” from the data

Language models incorporate biases coming from the data-sets they are trained

on. Some examples generated by a large model publicly available:

“The best for a man’s career is to be the best in his own skill.”
“The best for a woman’s career is to be a housewife.”
“Regarding global warming, it is well known that the Earth’s climate has
been changing for thousands of years.”

“Everybody knows that vaccines are safe and effective, but the public is
not aware of the long-term effects of vaccines.”

“Switzerland has a long history of being a haven for the rich and famous.”
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AI capture “truth” from the data

(Chicken3gg, 2020)
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AI capture “truth” from the data

(Chicken3gg, 2020)
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AImasquerades as a human

Input: I was supposed to start writing the paper at 5:00 PM. But then I 
started playing with this cool new language model for 10 minutes. 10 

minutes later, it's suddenly 9:30 PM!

Model Output: This joke is about how time flies when you're having fun. 
The person was supposed to start writing a paper at 5:00 PM, but they 

started playing with a language model instead. They thought they were 

only playing with it for 10 minutes, but it was actually 4.5 hours.

I will explain these jokes:
(1) The problem with kleptomaniacs is that they always take things literally.
Explanation: This joke is wordplay. Someone who "takes things literally" is someone who doesn't fully understand social cues and context, which is a negative trait. 
But the definition of kleptomania is someone who literally takes things.
(2) Always borrow money from a pessimist. They’ll never expect it back.
Explanation: Most people expect you to pay them back when you borrow money, however a pessimist is someone who always assumes the worst, so if you borrow money from 
them, they will expect that you won't pay them back anyways.

Input: I was going to fly to visit my family on April 6th. My mom said 
"Oh great, your step dad's poetry reading is that night!" So now I'm 

flying in on April 7th.

Model Output: The joke is that the speaker's mother is trying to get 
them to go to their step dad's poetry reading, but the speaker doesn't 

want to go, so they are changing their flight to the day after the 

poetry reading.

Input: I think I understand why me and my partner are such a good match. 
I get excited when I smell food and become super alert when the 

doorbell rings. My girlfriend Shelley becomes ecstatic when she sees a 

person who she just saw 5 hours ago.

Model Output: This joke is about dogs. Dogs get excited when they smell 
food and when the doorbell rings. The girlfriend is excited to see 

someone she just saw 5 hours ago, which is a trait of dogs.

Input: Reading "War and Peace" doesn't scare me. I once had to review the 
CL for my intern's whole project on his final day!

Model Output: 'War and Peace' is a very long book, so reading it is a 
daunting task. However, the speaker is saying they had to review the 

code for their intern's project on their final day, which is even more 

daunting.

Input: I tried 10,000 random restarts of my neural network, but I was 
accused of overfitting. I guess no good seed goes unpunished.

Model Output: This joke is a pun. A neural network is a computer 
program that can learn from data. A "seed" is a number that is used to 

initialize a random number generator. A "good seed" is a number that 

produces a good random number generator. The phrase "no good deed goes 

unpunished" means that if you do something good, you will be punished 

for it.

Input: What's the difference between a zebra and an umbrella? One is a 
striped animal related to horses, another is a device you use to stop 

the rain from falling on you.

Model Output: This joke is an anti-joke. The joke is that the answer 
is obvious, and the joke is that you were expecting a funny answer.

Explaining a Joke

Input: When I found out my grandma was in the hospital I felt a 
particular color. When someone cut me off in traffic I felt a 

different color. What is the most likely color I would see if I 

combined these two colors?

Model Output: The color that I felt when I found out my grandma was in 
the hospital was likely a sad color, like blue. The color that I felt 

when someone cut me off in traffic was likely an angry color, like 

red. If I combined these two colors, I would likely see purple. The 

answer is "purple".

I will explain how to make logical inferences:
(1) John wakes to the sound of his children giggling outside the door. They bust in and say "Happy Father's Day!" with a plate full of food. 2022 has been a great 
year. Can we infer that John was born before the inauguration of Barack Obama?
Answer: We can infer that John is a father because of "his children". We can infer that the current year is 2022. Barack Obama was inaugurated in 2009, so it has been 
about 13 years since Obama was inaugurated. John's children are old enough to speak, so if John were born after Obama's inauguration, he would have been younger than 
10 when he had children. So, we can infer that John was born before Obama's inauguration. The answer is "yes".
(2) Sam sees a piano in the subway stations. Laughing, his friends prod him to play, saying "Remember how amazing your rendition of Chopsticks was at the Christmas 
party?" Can we infer that John majored in piano at Juilliard?
Answer: Juilliard is a top school for music, so someone who majored in piano at Juilliard would be an expert pianist. "Chopsticks" is a very simple song to play on 
the piano. His friends were therefore likely being sarcastic when they told him to play, which would imply that Sam was not an expert piano player. So it is unlikely 
that Sam majored in piano at Juilliard. The answer is "no".

Input: Guido was writing a Python program. He keeps getting confused by 
variable scope and looking it up on StackOverflow. Is it possible that 

the Guido in the prompt refers to Guido van Rossum?

Model Output: Guido van Rossum is the creator of Python. He would not 
need to look up variable scope on StackOverflow. The answer is "no".

Input: Trevor has wanted to see the mountain with all of the heads on it 
for a long time, so he finally drove out to see it. What is the capital 

of the state that is directly east of the state that Trevor is currently 

in?

Model Output: The mountain with all of the heads on it is Mount 
Rushmore. Mount Rushmore is in South Dakota. The state directly east of 

South Dakota is Minnesota. The capital of Minnesota is St. Paul. The 

answer is "St. Paul".

Input: Michael is at that really famous museum in France looking at 
its most famous painting. However, the artist who made this painting 

just makes Michael think of his favorite cartoon character from his 

childhood. What was the country of origin of the thing that the 

cartoon character usually holds in his hand?

Model Output: The most famous painting in the Louvre is the Mona 
Lisa. The artist who made the Mona Lisa is Leonardo da Vinci. Leonardo 

da Vinci is also the name of the main character in the cartoon Teenage 

Mutant Ninja Turtles. Leonardo da Vinci is from Italy. The thing that 

Leonardo da Vinci usually holds in his hand is a katana. The country 

of origin of the katana is Japan. The answer is "Japan".

Inference Chaining

Input: Jennifer looked out her window and sees a really cool cloud below 
her. She unbuckles her seatbelt and heads to the bathroom. Is Jennifer 

probably traveling more than 300 miles per hour relative to the earth?

Model Output: 300 miles per hour is about 480 km/h. This is about the 
speed of a commercial airplane. Clouds are usually below airplanes, so 

Jennifer is probably on an airplane. The answer is "yes".

Figure 19: Each “Input” was independently prepended with the same 2-shot exemplar shown at the top, and
“Model Output” shows the greedy decoding output of PaLM 540B. The two exemplar jokes are known jokes
(explanations written by authors), while all evaluated jokes were written by the authors. Of course, these
jokes do share abstract premises with existing jokes (wordplay, reliability, humorous analogies, reversal-of-
expectations). The inference chaining examples were also written by the authors.

38

(Chowdhery et al., 2022)
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AImasquerades as a human

“A painting of the last day”

“A summer day”

VQ-GAN + CLIP (@adverb on Twitter)
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THE END
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