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1 “The Next-token prediction is enough for AGI”

TITLE CITED BY YEAR

. . . ) *
Imagenet classification with deep convolutional neural networks 151397 2012
A Krizhevsky, | Sutskever, GE Hinton
Advances in neural information processing systems 25

- . . N *
Tensorflow: Large-scale machine learning on heterogeneous distributed systems 51600 2016
M Abadi, A Agarwal, P Barham, E Brevdo, Z Chen, C Citro, GS Corrado
arxXiv preprint arxiv:1603.04467

Dropout: a simple way to prevent neural networks from overfitting 49111 2014
N Srivastava, G Hinton, A Krizhevsky, | Sutskever, R Salakhutdinov
The journal of machine learning research 15 (1), 1929-1958

Distributed representations of words and phrases and their compositionalit 42827 2013
llya Sutskever P g P v

T Mikolov, | Sutskever, K Chen, GS Comrado, J Dean
OpenAl CSO

Advances in neural information processing systems 26

Sequence to sequence learning with neural networks 25262 2014
| Sutskever, O Vinyals, QV Le
Advances in neural information processing systems 27

Language models are few-shot learners 21815 2020
T Brown, B Mann, N Ryder, M Subbiah, JO Kaplan, P Dhariwal, ..
Advances in neural information processing systems 33, 1877-1901

Mastering the game of Go with deep neural networks and tree search 18239 2016
D Silver, A Huang, CJ Maddisen, A Guez, L Sifre, G Van Den Driessche, ...
nature 529 (7587), 484-489

Intriguing properties of neural networks 15836 2013
C Szegedy, W Zaremba, | Sutskever, J Bruna, D Erhan, | Goodfellow
arxXiv preprint arxiv:1312.6199

Learning transferable visual models from natural language supervision 13231 2021
A Radford, JW Kim, C Hallacy, A Ramesh, G Goh, S Agarwal, G Sastry, ...
International conference on machine learning, 6748-8763

Improving neural networks by preventing co-adaptation of feature detectors 10997 2012
GE Hinton, N Srivastava, A Krizhevsky, | Sutskever, RR Salakhutdinov
arXiv preprint arXiv:1207.0580

Language models are unsupervised multitask learners 8929 2019
A Radford, J Wu, R Child, D Luan, D Amodei, | Sutskever

OpenAl blog 1 (8), 9

Improving language understanding by generative pre-training 8363 2018
A Radford, K MNarasimhan, T Salimans, | Sutskever

Infogan: Interpretable representation learning by information maximizing generative 6019 2016

adversarial nets
X Chen, Y Duan, R Houthooft, J Schulman, | Sutskever, P Abbeel
Advances in neural information processing systems 29



1 “The Next-token prediction is enough for AGI”

Predicting the next token well means that you understand the
underlying reality that led to the creation of that token.

It’s the statistics but what is statistics? In order to understand those
llya Sutskever  statistics to compress them, you need to understand what is it
OpenAl CSO about the world that creates those statistics
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AFE2HAPY X Today is Thursday

Jintian shi xingqis

PLEREE



g S

O

E’Jﬁl?rjj@, Lji)uE’JffEEf—?ﬁﬂ

HHIMBYMZR, Liwy w, ... wy IXnMEHEB

P(wiws...w,) = P(wy) P(ws|wy)... P(wy |l wiws...w,—1)

O 1ESERERIERIIEE
m FRl A — RN ARS e —MESENEAFIE X RN
B ARk ERTFE—MMESIRANIEGRNAISE

Chinese (Simplified) - Py English

SKEERIT X Today is Thursday Wi Wy W3 W, W5F

Jintian shi xingqisi

PLEREIE HFUHE



N ssien

u Zéi—A"@?%BiE%,\LJ LRI, LAwy wy, ..o wy, IXNME)ZHBY

HIa/9f,

eHIAIHTERA

P(wiws...w,) = P(wy) P(ws|wy)... P(wy |l wiws...w,—1)

18 SRS

ZNYIE

m Al #U&E—Exﬁzlix%%? Fa—MMESANEEE AN

m R
" E5: S

=177

100

f%é_*qj F=g= 1|:| /fjmgiﬂ,}\] EIIJSZZIS
[E95. 2 HRIRE



N maxs—,EsEa:

S =Wq W

fwy ---wr|6)

—_—

P(‘wl wg...wn)

17



N 51 gittR EREaF

S=Wqg W — f(Wl ce WT‘H) - P(wlwg...wn)

count(s)
N

A TR A At B T A Q) =

D = {Si}lﬁ=1



N 51 gittR EREaF

S=Wq W — f(Wl WT‘Q) —  P(wiwz...wy)

count(s)
N

A TR A At B T A Q) =

D = {Si}lﬁ:l

AR



N 7:%2: stttm EREmeTmEEs

P(S =wi.7) = P(wy,--- ,wy)
= P(w1)P(wa|w) P(ws|wiws) - - - P(wr|wy.(r—1)) | HERAT

T
— P(’wl) H P(wt |w1:(t_1})

P(wi|wy.(t—1)), BFHEMIw, L ER H I F
Fllw. ((t-1) A B9 S5 MR

||_::]ha

20



N 7:%2: stttm EREmeTmEEs

P(S =wi.7) = P(wy,--- ,wy)
= P(w1)P(wa|w) P(ws|wiws) - - - P(wr|wy.(r—1)) | HERAT

T
= P(’wl) H P(wt |’E£}1:(t_1})

'!Ut|’w1 (t— l) /—.l%tlji/l\l—.lwt 7_ I:I/ZEH'JE-IE”_?’
§|JW1.(t—1) A B 5% A 1R

||_::]ha

The Next-token prediction is enough for AGI

llya Sutskever
OpenAl CSO
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TERLEE
The swift fox jumps over the lazy dog.

The swift river flows under the ancient bridge.
The swift breeze cools the warm summer evening.

BERE
count(w, w_q)
P(Wl, ...,WT) =
2 ey, COUNt(W, we_1)

YT IR ?
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TERLEE
The swift fox jumps over the lazy dog.

The swift river flows under the ancient bridge.
The swift breeze cools the warm summer evening.

BERE
count(w, w_q)
P(Wl, ...,WT) =
2 ey, COUNt(W, we_1)

AT SCER?
GiHESRE - “&#0"(Counting)
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EhE
The swift fox jumps over the lazy dog.
The swift river flows under the ancient bridge.

The swift breeze cools the warm summer evening.

EERL

count(w, w_q)
})(jd/l, ...,\4/7{) —

2 ey, COUNt(W, we_1)

from collections import defaultdict

import numpy as np

sentences = [

"The swift fox jumps over the lazy dog.",
The swift river flows under the ancient bridge.”,
"The swift breeze cools the warm summer evening."

preprocessed_sentences = [["<s>"] + sentence.lower().replace(".", "").split() + ["</s>"] for

bigram_model = defaultdict(lambda: defaultdict(lambda: @))

for sentence in preprocessed sentences:
for wl, w2 in zip(sentence[:-1], sentence[1:]):
bigram model[wl][w2] += 1

for wl in bigram_model:
total count = float(sum(bigram model[wl].values()))
for w2 in bigram model[w1]:
bigram_model[w1][w2] /= total count

bigram_model probs = {wl: dict(w2) for wl, w2 in bigram_model.items()}

bigram_model probs

29
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EhE
The swift fox jumps over the lazy dog.
The swift river flows under the ancient bridge.

The swift breeze cools the warm summer evening.

EERL

count(w, w_q)
})(jd/l, ...,\4/7{) —

2 ey, COUNt(W, we_1)

from collections import defaultdict

import numpy as np

sentences = [

"The swift fox jumps over the lazy dog.",
The swift river flows under the ancient bridee.",
"The swift breeze cg

preprocessed sentences

AN AL R

[["<s>"

]

+ sentence.lower().replace(”.”, "").split() +

bigram_model = defaultdict(lambda: defaultdict(lambda: @))

for sentence in preprocessed sentences:

for wl, w2 in zip(sentence[:-1], sentence[1:]):

bigram model[wl][w2] += 1

for wl in bigram_model:

total count = float(sum(bigram model[wl].values()))
for w2 in bigram model[w1]:
bigram_model[w1][w2] /= total count

bigram_model probs = {wl: dict(w2) for wl, w2 in bigram_model.items()}

bigram_model probs

["</s>"]] for
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EhE
The swift fox jumps over the lazy dog.
The swift river flows under the ancient bridge.

The swift breeze cools the warm summer evening.

EERL

count(w, w_q)
})(jd/l, ...,\4/7{) —

2 ey, COUNt(W, we_1)

from collections import defaultdict

import numpy as np

sentences = [
wift fox jumps over the lazy dog.”,
e swift river flows under the ancient bridge.",

"The swift breeze cools the warm

) HEINALIE

L

preprocessed_sentences = [["<s>"] +|sentence.lower().replace(".”, ™

bigram_model = defaultdict(lambda: defaultdict(lambda: @))

for sentence in preprocessed sentences:
for wl, w2 in zip(sentence[:-1], sentence[1:]):
bigram model[wl][w2] += 1

for wl in bigram_model:
total count = float(sum(bigram model[wl].values()))
for w2 in bigram model[w1]:
bigram_model[w1][w2] /= total count

bigram_model probs = {wl: dict(w2) for wl, w2 in bigram_model.items()}

bigram_model probs

split() + ["</s>"] for

31
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EhE
The swift fox jumps over the lazy dog.
The swift river flows under the ancient bridge.

The swift breeze cools the warm summer evening.

EERL

count(w, w_q)
P(Wl, ...,WT) —

2 ey, COUNt(W, we_1)

G E

count(the swift) =3

Previous Word Next Word Probability
<s> the 1.000
ancient bridge 1.000
breeze cools 1.000
bridge </s> 1.000
cools the 1.000
dog </s> 1.000
evening </s> 1.000
flows under 1.000
fox jumps 1.000
jumps over 1.000
lazy dog 1.000
over the 1.000
river flows 1.000
summer evening 1.000
swift breeze 0.333
swift fox 0.333
swift river 0.333
the ancient 0.167
the lazy 0.167
the swift 0.500
the warm 0.167
under the 1.000
warm summer 1.000

32



1 B+ SEI—/ BigramiE S {58!

EhE
The swift fox jumps over the lazy dog.
The swift river flows under the ancient bridge.

The swift breeze cools the warm summer evening.

EERL

count(w, w_q)
P(Wl, ...,WT) =

2 ey, COUNt(W, we_1)

SR
P(swift|the) = 3/6
P(over|jumps) =1

Previous Word Next Word Probability
<s> the 1.000
ancient bridge 1.000
breeze cools 1.000
bridge </s> 1.000
cools the 1.000
dog </s> 1.000
evening </s> 1.000
flows under 1.000
fox jumps 1.000
jumps over 1.000
lazy dog 1.000
over the 1.000
river flows 1.000
summer evening 1.000
swift breeze 0.333
swift fox 0.333
swift river 0.333
the ancient 0.167
the lazy 0.167
the swift 0.500
the warm 0.167
under the 1.000
warm summer 1.000
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EhE
The swift fox jumps over the lazy dog.
The swift river flows under the ancient bridge.

The swift breeze cools the warm summer evening.

EERL

count(w, w_q)
P(Wl, ...,WT) =

2 ey, COUNt(W, we_1)

p(The swift fox)?

Previous Word Next Word Probability
<s> the 1.000
ancient bridge 1.000
breeze cools 1.000
bridge </s> 1.000
cools the 1.000
dog </s> 1.000
evening </s> 1.000
flows under 1.000
fox jumps 1.000
jumps over 1.000
lazy dog 1.000
over the 1.000
river flows 1.000
summer evening 1.000
swift breeze 0.333
swift fox 0.333
swift river 0.333
the ancient 0.167
the lazy 0.167
the swift 0.500
the warm 0.167
under the 1.000
warm summer 1.000
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TERLEE
The swift fox jumps over the lazy dog.

The swift river flows under the ancient bridge.
The swift breeze cools the warm summer evening.

EERL

count(w, w_q)
P(Wl, ...,WT) =

2 ey, COUNt(W, we_1)

p(The swift fox) = P(the|<s>) P(swift|the) P(fox|swift)

Previous Word Next Word Probability
<s> the 1.000
ancient bridge 1.000
breeze cools 1.000
bridge </s> 1.000
cools the 1.000
dog </s> 1.000
evening </s> 1.000
flows under 1.000
fox jumps 1.000
jumps over 1.000
lazy dog 1.000
over the 1.000
river flows 1.000
summer evening 1.000
swift breeze 0.333
swift fox 0.333
swift river 0.333
the ancient 0.167
the lazy 0.167
the swift 0.500
the warm 0.167
under the 1.000
warm summer 1.000
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TERLEE
The swift fox jumps over the lazy dog.

The swift river flows under the ancient bridge.
The swift breeze cools the warm summer evening.

EERL

count(w, w_q)
P(Wl, ...,WT) —

2 ey, COUNt(W, we_1)

p(The swift fox) = P(the|<s>) P(swift|the) P(fox|swift)
=1.0x0.5x0.3333=0.1667

Previous Word Next Word Probability
<s> the 1.000
ancient bridge 1.000
breeze cools 1.000
bridge </s> 1.000
cools the 1.000
dog </s> 1.000
evening </s> 1.000
flows under 1.000
fox jumps 1.000
jumps over 1.000
lazy dog 1.000
over the 1.000
river flows 1.000
summer evening 1.000
swift breeze 0.333
swift fox 0.333
swift river 0.333
the ancient 0.167
the lazy 0.167
the swift 0.500
the warm 0.167
under the 1.000
warm summer 1.000
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EhE
The swift fox jumps over the lazy dog.
The swift river flows under the ancient bridge.

The swift breeze cools the warm summer evening.

EERL

count(w, w_q)
P(Wl, ...,WT) =

2 ey, COUNt(W, we_1)

P(I love this movie) = ?

Previous Word Next Word Probability
<s> the 1.000
ancient bridge 1.000
breeze cools 1.000
bridge </s> 1.000
cools the 1.000
dog </s> 1.000
evening </s> 1.000
flows under 1.000
fox jumps 1.000
jumps over 1.000
lazy dog 1.000
over the 1.000
river flows 1.000
summer evening 1.000
swift breeze 0.333
swift fox 0.333
swift river 0.333
the ancient 0.167
the lazy 0.167
the swift 0.500
the warm 0.167
under the 1.000
warm summer 1.000
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EhE
The swift fox jumps over the lazy dog.
The swift river flows under the ancient bridge.

The swift breeze cools the warm summer evening.

EERL

count(w, w_q)
P(Wl, ...,WT) —

2 ey, COUNt(W, we_1)

P(l love this movie) = P(l|<s>)... =0

Previous Word Next Word Probability
<s> the 1.000
ancient bridge 1.000
breeze cools 1.000
bridge </s> 1.000
cools the 1.000
dog </s> 1.000
evening </s> 1.000
flows under 1.000
fox jumps 1.000
jumps over 1.000
lazy dog 1.000
over the 1.000
river flows 1.000
summer evening 1.000
swift breeze 0.333
swift fox 0.333
swift river 0.333
the ancient 0.167
the lazy 0.167
the swift 0.500
the warm 0.167
under the 1.000
warm summer 1.000
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D 1A¢®)\‘%\ 1/|\RNNJ%- _/l\éé vocab_size = 10000
$}§13$D¢ﬂéj 'I — embedding dim = 128

hidden_diml = 256

] 1:\ni__]§§j(lj\jj10000 hidden_dim2 = 128

class ThreeLayerNNLM(nn.Module):
def __init_ (self, vocab_size, embedding dim, hidden_diml, hidden_dim2):
super(ThreeLayerNNLM, self). init_ ()
self.embedding = nn.Embedding(vocab_size, embedding_dim)
( > self.rnn = nn.RNN(embedding_dim, hidden_diml, batch_first=True)
self.hidden2 = nn.Linear(hidden_diml, hidden_dim2)

self.output = nn.Linear(hidden_dim2, vocab_size)

8¢1

94¢
2

8¢c1
2

0000T

def forward(self, x):
embeds = self.embedding(x)
X hl h2 out, _ = self.rnn(embeds)
out = torch.relu(self.hidden2(out[:, -1, :]))
out = self.output(out)

return out

output
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model = ThreelLayerNNLM(vocab_size,
nn.CrossEntropyLoss()

optim.Adam(model.parameters(), lr=0.001)

embedding_dim,
loss_function =
optimizer =

for epoch in range(num_epochs):
for batch in batch_loader(X_train,
batch

y_train, batch_size):
inputs, targets =
model.zero_grad()
outputs = model(inputs)
loss = loss_function(outputs, targets)
loss.backward()

optimizer.step()

hidden dimil,

hidden dim2)
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A Neural Probabilistic Language Model

Yoshua Bengio . BENGIOY @IRO.UMONTREAL.CA
Réjean Ducharme RIEFRE . BA DUCHARME@IRO.UMONTREAL.CA
Pascal Vincent VINCENTP@IRO.UMONTREAL.CA
Christian Jauvin JAUVINC(@IRO.UMONTREAL.CA

Département d’Informatique et Recherche Opérationnelle
Centre de Recherche Mathématiques
Université de Montreal, Montréal| Québec, Canada

FIFNAS
A neural probabilistic language model

Y Bengio, R Ducharme... - Advances in neural | 2000 - proceedings.neurips.cc

A goal of statistical language modeling is to learn the joint probability function of sequences
of words. This is intrinsically difficult because of the curse of dimensionality: we propose to ...
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i-th output = P(w, = i| context)

softmax
e - (XX D
AN
. \
most| computation here \
\
\
\
1
tanh !
ce . o0 ) "
/
’
’
’
’
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-------------------------------------------

shared parameters
across words

index for wy_, index for w;_» index for w;_

Figure 1: Neural architecture: f(i,w;_1, -+, w;_,+1) =g(i,C(w;—1),--+ ,C(W;_p+1)) Where g is the
neural network and C(i) is the i-th word feature vector.
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i-th output = P(w, = i | context)

softmax

AEKTZERBE R
Po(vilht) = [yilx
= softmax(s(vg, he; 6))
_ exp(s(vg, he; 0))
S exp(s(vj, he; 0))

most| computation here

in C shared parameters
across words
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index for wy_» index for w;,_

Figure 1: Neural architecture: f(i,w;_1, -+, w;_,+1) =g(i,C(w;—1),--+ ,C(W;_p+1)) Where g is the
neural network and C(i) is the i-th word feature vector.
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i-th output = P(w, = i| context)
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Figure 1: Neural architecture: f(i,w;_1,- -, w;_n+1) =g([,C(W;_1),- -+
neural network and C(i) is the i-th word feature vector.

,C(W;_p+1)) where g 1s the
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1 iEXE1T: A Neural Probabilistic Language Model

1. associate with each word in the vocabulary a distributed word feature vector (a real-
valued vector in R™),

2. express the joint probability function of word sequences in terms of the feature vectors
of these words 1n the sequence, and

3. learn simultaneously the word feature vectors and the parameters of that probability
function.
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1 iEXEMT: A Neural Probabilistic Language Model

1. Decomposing the network in sub-networks, for example using a clustering of the words.
Training many smaller networks should be easier and faster.

2. Representing the conditional probability

with a tree structure where a neural network is ap-

plied at each node, and each node represents the probability of a word class given the context
and the leaves represent the probability of words given the context. This type of representation
has the potential to reduce computation time by a factor || /log|V| (see Bengio, 2002).

3. |Propagating gradients only from a subset of the output words. | It could be the words that

are conditionally most likely (based on a faster model such as a trigram, see Schwenk and
Gauvain, 2002, for an application of this i1dea), or 1t could be a subset of the words for which
the trigram has been found to perform poorly. If the language model 1s coupled to a speech
recognizer, then only the scores (unnormalized probabilities) of the acoustically ambiguous
words need to be computed. See also Bengio and Sené¢cal (2003) for a new accelerated
training method using importance sampling to select the words.
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4. Introducing a-prior1 knowledge| Several forms of such knowledge |could be introduced, such

as: semantic information (e.g., from WordNet, see Fellbaum, 1998), low-level grammatical
information (e.g., using parts-of-speech), and high-level grammatical information, e.g., cou-
pling the model to a stochastic grammar, as suggested in Bengio (2002). The effect of longer
term context could be captured by introducing more structure and parameter sharing in the

neural network, e.g] using time-delay or recurrent neural networks] In such a multi-layered

network the computation that has been performed for small groups of consecutive words does

not need to be redone when the network input window is shifted. Similarly, one could use a
recurrent network to capture potentially even longer term information about the subject of the

text.

5. |Interpreting (and possibly using)

the word feature representation learned by the neural net-

work. A simple first step would start with m = 2 features, which can be more easily dis-
played. We believe that more meaningful representations will require large training corpora,

especially for larger values of m.

6. |Polysemous words are probably not well served by the model presented here, which assigns
to each word a single point in a continuous semantic space. We are investigating extensions of
this model 1n which each word 1s associated with multiple points 1n that space, each associated
with the different senses of the word.
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