Title: Attentionisal you get

Speakers: Paul Ginsparg

Collection: Machine Learning for Quantum Design
Date: July 11, 2019 - 10:45 AM

URL.: http://pirsa.org/19070013

Abstract: For the past decade, there has been a new major architectural fad in deep learning every year or two.
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arXiv articles with 'machine/deep learning' in title or abstract (Jan'10-Jun'19)
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[from Juan Carrasqui"a] https://openai.com/blog/better-language-models/ (Leb 2019)

GPT-2 = Generative Pre-training Transformer

EXAMPLE OF A LANGUAGE MODEL (TRANSFORMER)

STEM PF > In a shocking finding, scientist discovered a herd of unicorns living in a remots,
ily unexplored valley, in the Andes Mountains. Even more surprising to the 1 n P u t
s was the fact that the unicorns 4 2 perfoct Englis

gllHMuH w

MODEL The scientist named the population, after their distinctive horn, Ovid's -
e Unicorn. These four=herned, silver-white unicorns were previously unknown L)utp ur
| HINE ad T
WRITTEN, 10 TRIES) to science.
Now, after almost two centuries, the mystery of what sparked this odd
phenomenon is finally solved.

Dr. Jorge Pérez, an evolutionary biologist from the University of La Paz, and
several companions, were exploring the Andes Mountains when they found a small
valley, with no other animals or humans. Pérez noticed that the valley had
what appeared to be a natural fountain, surrounded by two peaks of rock and

silver snow. generating samples from a

variety of inputs —>close to
Pérez and the others then ventured further into the valley. “By the time we ° .
reached the top of one peak, the water looked blue, with some crystals on human quahty and IOHgfl‘angc

" said ;
SRR A coherence over a page or

Pérez and his friends were astonished to see the unicorn herd. These creatures more of text
could be seen from the air without having to move too much to see them - they
were so close they could touch their horns.

While examining these bizarre creatures the scientists discovered that the
creatures also spoke some fairly regular English. Pérez stated, "We can see,
for example, that they have a common ‘language,’ something like a dialect

or dialectic.” Strong correlation (power law)

Dr. Fér(; believes ?Imf the unicorns may have originated in Argrnrinn, whmv

P(output text xt)
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[from Juan Carrasquilla]

LANGUAGE TRANSLATION

> Language translation P (English|Spanish)

Input
Utilizando la base de datos Epistemonikos, la cual es mantenida mediante busquedas realizadas en 30
bases de datos, identificamos seis revisiones sistematicas que en conjunto incluyen 36 estudios

aleatorizados pertinentes a la pregunta.

Qutput
Using the Epistemonikos database, which is maintained through searches in 30 databases. we identified six

systematic reviews that altogether include 36 randomized studies relevant to the question,

Neural Machine Translation with the Transformer and Multi-Source Romance Languages for the Biomedical WMT 2018 task.
Brian Tubay and Marta R, Costa-jussa (2018) https://www.aclweb.org/anthologv/W 1 8-6449

Abstract begins:
The Transformer architecture has become the state-of-the-art in Machine

Translation. This model, which relies on attention-based mechanisms, has
outperformed previous neural machine translation architectures in several tasks. ...
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arXiv.org > cs > arXiv:1706.03762

Computer Science > Computation and Language
Attention Is All You Need

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N. Gomez, Lukasz
Kaiser, lllia Polosukhin

(Submitted on 12 Jun 2017 (v1), last revised 6 Dec 2017 (this version, v5))

The dominant sequence transduction models are based on complex recurrent or convolutional neural networks
in an encoder-decoder configuration. The best performing models also connect the encoder and decoder
through an attention mechanism. We propose a new simple network architecture, the Transformer, based solely
on attention mechanisms, dispensing with recurrence and convolutions entirely. Experiments on two machine
translation tasks show these models to be superior in quality while being more parallelizable and requiring
significantly less time to train. OQur model achieves 28.4 BLEU on the WMT 2014 English-to-German translation
task, improving over the existing best results, including ensembles by over 2 BLEU. On the WMT 2014 English-
to-French translation task, our model establishes a new single-model state-of-the-art BLEU score of 41.8 after
training for 3.5 days on eight GPUs, a small fraction of the training costs of the best models from the literature.
We show that the Transformer generalizes well to other tasks by applying it successfully to English constituency
parsing both with large and limited training data.

Comments: 15 pages, 5 figures

Subjects Computation and Language (cs.CL); Machine Learning (cs.LG)
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(and > 2k citations)
1706.03762 Attention Is All You Need
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1605.01735 Machine learning phases of matter
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English German Translation quality

GNMT [RNN)

ConvS2S (CNN) ShiceNet (CNN)

English French Translation Quality

GNMT (RNN)

ConvS2S (CNN)

Transformer

Transtarmer

12 hours on 8 P100 GPUs,
each many millions of
sentence pairs.

Transfer Learning:
also good at other tasks
(reading comp, Q/A;
summarization,
sentence reps)

BLEU = Bilingual Evaluation Understudy
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What is a language model?
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“Mark V Shaney"

def make_trigrams(filename):
with open(filename) as f: words = f.read().split()
trigrams = defaultdict(list)
bigram=tuple(words[:2])
for w in words[2:] + words][:2]:

trigrams[bigram].append(w)
bigram=(bigram[1],w)

return trigrams
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. [ [ ] ' ' '
[("the’, 26),

trigrams_ml[(‘based’,on’)] = r¢tne, 2
( 'quantum', 9),
( 'machine', 4),
(‘an', 3),
('classical’', 3),
('artificial', 3),
('deep’, 3),
('estimating', 3),
( 'Bayesian', 2),

. .

"quantum', 20),
'single', 4),
‘classical', 3),
'small’', 3),
‘diverse', 2),
'subset’', 2),
'simple', 2),
"hidden', 2),
'large', 2),
'restricted’', 2),

N

trigrams_ml[(‘on',a")] —

D P S
.
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def random_text(trigrams, startwords, num_words=100):

current_pair = random.choice(startwords)
random_text = list(current_pair)

while len(random_text) < num_words:
next = random.choice(trigrams[current_pair])
random_text.append(next)
current_pair = (current_pair[1], next)

return ' ".join(random_text)
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G @ localhost:BEBB/notebooks/tmp/trigram_gen ipynb Qa + @ 0 ‘ 'uunthe,
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: Jupyter trigram_gen (unsaved changes) p Logout
File Edit View Insert Cell Kernel Widgets Help Trusted | Python 3 O
B + = @ B 4+ ¥ M M C Code s

return textwrap.till( ' .joln(random_text))

| intitied Toldees

nd e

In [4]: trigrams_ml, startwor?s_ml = make_trigrams('ml.txt.gz")

In [ ]: #most common bigram keys
sorted([(bi,len(trigrams_ml[bi])) for bi in trigrams_ml],key=lambda x: x[1]

In [ ]: Counter(trigrams ml[( 'based','on')]).most_common(10)

2017.12.10.20-32-
In [ ]: Counter(trigrams ml[('cn','a')]).most_common(l0) 51-ESTwdmon

In [ ]: Counter(startwords _ml).most_common(10) #starts of sentences

In [12]: print (random text(trigrams ml,startwords ml))

Quantum artificial intelligence research. Our results open the route
to accelerate training is a formally exact description of a given
problem assisted by machine learning. We demonstrate both
theoretically and numerically -- with a classical computer uses this
information to allow for effective feature extraction by dimension
reduction technique that groups "similar" data points and
dimensionality. One of the Spherical Bessel descriptors satisfies all
three main branches of the model construction from experimental data
collection), avoiding the need for so-called oracularized variants of
the expectation values of these restrictions is. Our simulations show
an important ingredient to account for the Chimera topology.

In [ ]:
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& @ localhost:BEBE/notebooks/tmp/trigram_gen.ipyni @ o e [+]
T oapps [ Mathdax Fpozzz T ozze [Yoae [Yoae [Yoag [obmo e [Yoh [N he [ ometa [N onbmo [ ose [N oun Y oue B admin [ opk [Y owe [ sz b owwspeed [ Ip
- .
_Jupyter trigram_gen wnsaved changes) @ Logou
File Edit View Insert Cell Kernel Widgets Help Trusted |Py1hnn 30
B + 5 @ B 4+ ¥ M B C Code doE
return textwrap.till(' '.joln(random_text))
In [4]: trigrams_ml, startwords_ml = make_trigrams('ml.txt.gz")
% nd o
In [ ]: #most common bigram keys
sorted([(bi,len(t=" - “hrr e so A e et s s e St e (]
In [ ]: Counter(trigrams ,_ﬂ_ﬂ ' e ;
. 2017.12.10,_20-32-
In [ ]: Counter(trigrams | 51-EST.wemon
. (Al :
Keynole
In [ ]: Counter(startwords_ml).most_common(10) #starts of sentences
In [12]: print (random text(trigrams ml,startwords ml))
Quantum artificial intelligence research. Our results open the route
to accelerate training is a formally exact description of a given
problem assisted by machine learning. We demonstrate both
theoretically and numerically -- with a classical computer uses this
information to allow for effective feature extraction by dimension
reduction technique that groups "similar" data points and
dimensionality. One of the Spherical Bessel descriptors satisfies all
three main branches of the model construction from experimental data
collection), avoiding the need for so-called oracularized variants of
the expectation values of these restrictions is. Our simulations show
an important ingredient to account for the Chimera topology.
In [ ]:
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& Terminal Shell FEdit View Window Help Gl D % WD = w0 93% W ThuJul 11 11:04:59 ginsparg Q. @

L] @ Terminal — more + sh - /usr/binfzmore ftmp/ml.txt.gz — 168=64
We study the simultaneous message passing model of communication complexity. Building on the quantum fingerprinting protocol of Buhrman et al., Yao recently
| showed that a large class of efficient classical public-coin protacels can be turned into efficient guantum protocels without public coin. This raises the ques [C e Q (4]

tion whether this can be done always, i.e. whether quantum communication can always replace a public coin in the SMP model, We answer this question in the nega
B Ap| tive, exhibiting a communication problem where classical communication with public cain is exponentially more efficient than quantum communication. Together wis b yuopeed M e
th a separation in the ather direction due to Dar-Yossef et al., this shows that the quantum SMP model is incomparable with the classical public-coin SMP model B
. In addition we give a characterization of the power of quantum fingerprinting by means of a connection to geometrical tools from machine learning, a guadrati
¢ improvement of Yao's simulation, and a nearly tight analysis of the Hamming distance problem from Yao's paper.
In real-life statistical data, it seems that conditional probabilities for the effect given their causes tend to be less complex and smoather than conditiena | Logout
Is for causes, given their effects. We have recently proposed and tested methods for causal inference in machine learning using a formalization of this princip |
le. Here we try to provide some theoretical justification for causal inference methods based upon such a * causally asymmetric'' interpretation of Occam's Razo
r. To this end, we discuss toy models of cause-effect relations from classical and quantum physics as well as computer science in the context of various aspect .’y1hon 30
s of complexity. We argue that this asymmetry of the statistical dependences between cause and effect has a thermodynamic arigin. The essential link is the ten
dency of the environment to provide independent background noise realized by physical systems that are initially uncorrelated with the system under considerati |
on rather than being finally uncorrelated. This Link extends ideas from the literature relating Reichenbach's principle of the common cause to the second law.
Statistical modeling of nuclear data provides a novel approach to nuclear systematics complementary to established theoretical and phenomenological approache
% based on guantum theory. Continuing previous studies in which global statistical modeling is pursued within the general framework of machine learning theory,
we implement advances in training algorithms designed to improved generalization, in application to the problem of reproducing and predicting the halflives of |
nuclear ground states that decay 100% by the beta”- mode. More specifically, fully-connected, multilayer feedforward artificial neural netwark medels are deve |
loped using the Levenberg-Marquardt optimization algorithm together with Dayesian regularization and cross-validation. The predictive performance of models eme ntHed Fadl
rging from extensive computer experiments is compared with that of traditional microscopic and phenomenological models as well as with the performance of ather
learning systems, including earlier neural network models as well as the support wector machines recently applied to the same problem. In discussing the resul |
ts, emphasis is placed on predictions for nuclei that are far from the stability line, and especially those involved in the r-process nucleosynthesis. It is fo | nd
und that the new statistical models can match or even surpass the predictive performance of conventional models for beta-decay systematics and accordingly shou —
1d provide a valuable additional tool for exploring the expanding nuclear landscape. |
Quantum classification is defined as the task of predicting the associated class of an unknown quantum state drawn from an ensemble of pure states given a 11
nite number of coples of this state. By recasting the state discrimination problem within the framework of Machine Learning (ML), we can use the notion of lear
ning reduction coming from classical ML to solve different variants of the classification task, such as the weighted binary and the multiclass versions. : x[ 1 ]
The key approaches for machine learning, especially learning in unknown probabilistic environments are new representations and computation mechanisms. In thi|
s paper, a novel quantum reinforcement learning (QRL) method is propased by combining quantum theary and reinforcement learning (RL). Inspired by the state sup |
erposition principle and guantum parallelism, a framework of value updating algorithm is introduced. The state (action) in traditional RL is identified as the
eigen state (eigen action) in ORL. The state (action) set con be represented with a quantum superposition state and the eigen state (eigen action) can be abtai
ned by randomly observing the simulated quantum state according to the collapse postulate of quantum measurement. The probability of the eigen action is determ |
ined by the probability amplitude, which is parallelly updated according to rewards. Some related characteristics of ORL such as convergence, optimality and ba
lancing between exploration and exploitation are also analyzed, which shows that this approach makes a good tradeoff between exploration and exploitation using | 2017.12.10.20-32-
the prabability amplitude and can speed up learning through the quantum parallelism. To ewaluate the performance and practicability of DRL, several simulated b1-65T.wdmon
experiments are given and the results demonstrate the effectiveness and superiority af QAL algorithm for some complex problems. The present work is also an eff | N
ective exploration on the application of quantum computation to artificial intelligence.
Adaptive feedback schemes are promising for quantum-enhanced measurements yet are complicated to design. Machine learning can autonomously generate algorithm |
s in o classical setting. Here we adapt machine learning for quantum information and use our framework to generate autonomous adaptive feedback schemes for qua |
Atum measurement. In particular our approach replaces guesswork in quantum measurement by a logical, fully-autematic, programmable routine. We show that our me
thod yields schemes that outperform the best known adaptive scheme for interferometric phase estimation.
Scientific data sets continue to increase in both size and complexity. In the past, dedicated graphics systems at supercomputing centers were reguired to visua |
lize large data sets, but as the price of comnodity graphics hardware has dropped and its copability has increased, 1t is now possible, in principle, to view ||
arge complex data sets on a single workstation. Te do this in practice, an investigator will need software that is written to take advantage of the relevant gr
aphics hardware. The Viewpoints visualization package described herein is an example of such software. Viewpoints is an interactive tool for exploratory visual |
analysis of large, high-dimensional (multivariate) data. It leverages the capabilities of modern graphics boards (GPUs) to run on a single workstation or lapt
op. Viewpoints is minimalist: it attempts to do a small set of useful things very well (or at least wvery quickly) in comparison with similar packages today. It
s basic feature set includes linked scatter plots with brushing, dynamic histograms, nermalization and sutlier detection/removal. Viewpoints was originally des
igned for astrophysicists, but it has since been used in a variety of fields that rapge from astronomy, quantum chemistry, fluid dynamics, machine learning, bi
oinformatics, and finance to information technology server log mining. In this article, we describe the Viewpoints package and show examples of its usage.
We develop an approach to machine learning and anomaly detection via quantum adisbatic evolution. In the training phase we identify an optimal set of weak clas
sifiers, to form a single strong classifier. In the testing phase we adiabatically evolve one or mare streng cMassitiers on a superpasition of inputs in order
to find certain anomalous elements in the classification space. Doth the training and testing phases are executed via guontum adisbatic evolution. We apply and
illustrate this approach in detail to the problem of software verification and validation.
) In the Nonnegative Matrix Factorization (NMF) problem we are given an $n ‘\times m$ nonnegative matrix $M$ and an integer $r = @%. Our goal is to express $M$ a
5 $A W$ where $A$ and $W$ are nonnegative matrices of size $n \\times r$ and $r \\times m$ respectively. In some applications, it makes sense to ask instead fo
r the product $AWS to approximate $M$ — i.e. (approximately) minimize $\inorm{M - AW}_F$ where $\\norm{}_F$ denotes the Frobenius narm; we refer to this as Ap
proximate NMF. This preblem has a rich history spanning guantum mechanics, probability theory, data analysis, polyhedral combinatorics, communication complexit
y, demography, chemometrics, etc. In the past decade NMF has become enormously popular in machine learning, where $A$ and $W$ are computed using a variety of |
ocal search heuristics. Vavasis proved that this problem is NP-complete. We initiate a study of when this problem is solvable in polynomial time: 1. We give a
polynomial-time algorithm for exact and approximate NMF for every constant $ré. Indeed NMF is most interesting in applications precisely when $r§ is small. 2.
We complement this with a hardness result, that if exact NMF can be solved in time $(nm)*{o{r)}$, 3-SAT has a sub-exponential time algorithm. This rules out su
bitnnna\ improvements to the above algorithm. 3. We give an algorithm that runs in time polynomial in $n$, $m$ and $r$ under the separablity condition identif

E— =

In [ ]:
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Launcher

- R
~ JUpyter trlgram_gen (unsaved changes) p Logout
File Edit View Insert Cell Kernel Widgets Help Trusted | Python 3 O } : untitled folder
B + = @ B 4+ v M M C Code s B
return textwrap.till(' '.joln(random_text)) JA—
HNETHIEE TOIGEE S
In [4]: trigrams_ml, startwords _ml = make_trigrams('ml.txt.gz')
nd = ‘
In [5]: m keys
igrams_ml[bi])) for bi in trigrams_ml],key=lambda x: x[1],reverse=True)|:20]
out[5]: [(('ef', 'the'), 700),

(('machine', 'learning'), 521),
{('in', 'the'), 315),

((fcan’, 'be’), 303), s
(('ef', 'quantum'), 237),
(('to', 'the'), 226),

(('ef', 'a'), 218),

(('a', 'quantum'), 184),
(('for', 'the'), 182),
(('that', 'the'), 158),
(('the', 'quantum'), 155),
(('and', 'the'), 155),
(('In', "this'), 150),
(('en', 'the'), 149),
(('show', 'that'), 149),
(('based', 'on'), 139),
(('number', 'of'), 136),
(('in', 'a'), 129),
(('neural', 'network'), 112),
(('such', 'as'), 109)]

In [ ]: Counter(trigrams ml[( 'based’','on')]).most_common(10)

S R — .=
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In [ ]: "

nd e

In [ ]:

In [14]: print (random text(trigrams_ml,startwords ml))

We use HIP-NN, a neural network is proposed to help optimize the
underlying objective function. Our guantum circuit defines a building 2017.12.10.20-32-
block, the "quantum neuron", that can use a gquantum algorithm for GFmtﬁmm_
preparing states that decay 100% by the algorithm. We explain that a
stochastic subgradient descent method that we can predict the ground
state without any manual feature extracgion. The performance of our
approach for the tensor train decomposition and the standard AdaBoost
to the DNN successfully learns differences in the efficiency of their
output. This work can readily be extended to the number and type of
the differential geometry and the logarithmic negativity.

In [17]: print (random_ text(trigrams_ml,startwords _ml))

We provide a high performance in a common principled framework. We
built on this analysis. We then move to describe the gquantum GP
algorithm is often extremely complicated and large, thus classical
learning agents. Finally, works exploring the space and the Baryonic
Oscillation Spectroscopic Survey (BOSS, data release 5 (DR5). Testing
on other random instances from $20$% to $28$ bits continues to show
enhanced performance and nearly equal ranking performance using the
massive spatial multiplexing technique, to effectively boost the
computational cost scales differently with electron number. Quantum

PR hmm = a4 T N T . .
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In [16]:

[

HUlit Wil Llldd @lUALYSLADd . e LUSH IIUVE LU WEDILLLPE LUE Yuallbull ur
algorithm is often extremely complicated and large, thus classical
learning agents. Finally, works exploring the space and the Baryonic
Oscillation Spectroscopic Survey (BOSS, data release 5 (DR5). Testing
on other random instances from $20$ to $28$ bits continues to show
enhanced performance and nearly equal ranking performance using the
massive spatial multiplexing technique, to effectively boost the
computational cost scales differently with electron number. Quantum
mechanics fundamentally forbids deterministic discrimination of
guantum many-body systems. Quantum computing offers the potential for
machine learning, generative models such as embedded and low-power
GPUs, 2) it can combine multiple operations in half-precision
floating-point FP16 saving bandwidth, time and $\\epsilon$ is the
precision over classical hardware.

print (random_text(trigrams_ml,startwords_ml))

This implies that BQP/gpoly is contained in the bipartite graph. Our
model can be efficiently implemented on commercially-available qguantum
annealing machines produced by gquantum measurement. The complexity of
these examples turned into the dynamical behavior of the approach.
Casimir physics covers a wealth of data by locally transforming the
data such as the Higgs field is present. We show that the same family
achieve better accuracy with significantly fewer iterations of
generative training can be solved in time
so(m\\cdot\\mathrm{poly)}(\\log n,1/\\varepsilon))$ given access to
measurements is limited. We also discuss deep-learning in finance, and
suggestions to improve the effectiventss of the path for further
quantum information theory.
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def random_text(trigrams, startwords, num_words=100):

current_pair = random.choice(startwords)
random_text = list(current_pair) (We, both)

while len(random_text) < num_words:
next = random.choice(trigrams[current_pair])
random_text.append(next)
current_pair = (current_pair[1], next)

return ' ".join(random_text)
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RNN = “recursive neural network’

h,_, h, hy
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RNN = “recursive neural network’

h,_, h, hy

lr ZI‘-I- |
The animal didn't cross the street because It was too tired.
L'animal n'a pas traversé la rue parce qu'll était trop fatiqué.

The animal didn't cross the street because it was too wide,
L'animal n'a pas traversé la rue parce qu'elle était trop large.
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RNN = “recursive neural network’

h,_, h, hy

t ZI‘-I- |

The animal didn't cross the street because It was too tired.
L'animal n'a pas traversé la rue parce qu'll était trop fatiqué.

The animal didn't cross the street because it was too wide,
L'animal n'a pas traversé la rue parce qu'elle était trop large.

difficult to model long-range dependencies, difficult to parallelize, ...
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Qutput
Probabilities

Softmax

Transformer Architecture

Linear

(. ™
Add & Norm Je=~

Feed
Forward

Add & Norm Je=~

)
.
pod o Multi-Head
Feed Attention
Forward } ) N x
| —
N Add & Norm
X ol e
Add & Norm Masked
Multi-Head Multi-Head
Attention Attention
L 1t
— J U —'
Positional @—O D Positional
Encoding ?_® Encoding
Input Qutput
Embedding Embedding
Inputs Qutputs

( N :6) (shifted right)
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Attention

map query Q and set of key/value pairs K,V to an output:

{; = query vectors for words in sentence

/;l-., V; = key/value pairs

(each is a dk dimensional vector, i runs over words in sentence)

Attention of word i on word | is governed by the dot product ¢; - /\. :
for all words j. '

o . gi - K,
Specifically it is given by SO[lmaX( ' )
V d/( '

where softmax : {x;} — {

q; - K;
end resultis V. = Z\Ullma\( ﬁ )1"

; Vd
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In practice, stack them into matrices

. , QK"
Attention(Q, K, V) = softmax( )V
V d/\' |

|

MatMul
) A
SoftMax
1
Mask (opt.)

)

Scale

1
MatMul

1

Q KV
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Multi-headed Attention

|

Linear

~

Concat

f ¥ 3§

Scaled Dot-Product J& 5
Attention N
nl n] \I
{ { [
Linear ,J Linear L] Linear Lj
V K Q

head;, = Attention(Q WI_.Q, KWE, vwY)
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OK”
Nz
head, = Attention(Q W[.Q, K W,-K, VW,-\"!)

)V

Attention(Q, K, V') = softmax(

MultiHead(Q, K, V) = Concat(head,, . . ., head, )W?

WQ E Rdm”dL"IXdI‘, WI\, e Rdm()dcl)(d/\' WV E Rdnmdclx{l\-’
l : [ ’ l 2
W() E Rh’dl-'dendcl
h = 8 parallel attention layers, or heads.
P y

For each of these, use d, =d, =d

mode
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Man bites dog
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Man bites dog

Positional Encoding:
PE(I)()S,E,H'I) = CO'S'(PO‘S'/ ]OOQOEUd'del)
PE = sin(pos/ 10000/ moer)

pos,2i) —

(learn to attend by relative positions)
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Man bites dog Output

Probabilities

Positional Encoding: L
— » Y ] hf/(j | .1 s ~
PE(/:)()A‘,ZH-I) — ("0*3(190'5/]0000 m““) Add & Norm
35 Feed
D — 7 ( \ "'J/dmodcl)
- A — ¥4 ) Forward
PE .21y = sin(pos/10000 onwar
e N | | LAdd & Norm J=~
(learn to attend by relative positions) (ia0d 8 o Multi-Head
Feed Attention
Forward T 7 Nx
 S—
Nix Add & Norm
f—vl Add & Norm l NIBErad
Multi-Head Multi-Head
Attention Attention
1t t
— /U —
Positional D ¢ Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Qutputs

(shifted right)
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Man bites dog Output

Probabilities

Positional Encoding:

PE( ,ZH..I) — COS(pOS/ ] OOOOZUdmudcl)
PE 2y = sin(pos/ 100002/ dmoder) Foed

4 R Add & Norm  Je=~
~—>| Add & Norm

Multi-Head

Linear

4 N
Add & Norm e~

pos

pos

(learn to attend by relative positions)
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Feed Attention
Forward T 7 N x
—
N Add & Norm  Jee=
X
p—vl Add & Norm l NBErEad
Multi-Head Multi-Head
Attention Attention
t _t
— I
\. \. J
Positional D ¢ Positional
Encoding Encoding
Input Output
Embedding Embedding
y g Inputs Outputs

(shifted right)




The animal didn't cross the street because it was too tired.
L'animal n'a pas traversé la rue parce qu'll était trop fatigué.

The animal didn't cross the street because It was too wide.
L'animal n'a pas traversé la rue parce qu'elle était trop large.
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Input-Input Layer5 Input-Input Layer5
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https://towardsdatascience.com/deconstructing-bert-distilling-6-patterns-from-100-million-parameters-b49 | | 367277

Layer:| 2 5 Attention: All s
[cLs) * [CES)
i i
went went
to to
the the
store store
[SEP) [SEP)
at at
the the
store store
i i
bought bought
frash fresh
straw straw
#titberries ##berries
[SEP] [SEP]

The tool visualizes attention as lines connecting the position being updated (left) with the
position being attended to (right). Colors identify the corresponding attention head(s),
while line thickness reflects the attention score. At the top of the tool, the user can select
the model layer, as well as one or more attention heads (by clicking on the color patches at
the top, representing the 12 heads).
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https://towardsdatascience.com/deconstructing-bert-distilling-6-patterns-from-100-million-parameters-b49 | | 367277

Layer:| 2 3 Attention: All -]
[CLS] * [CLS]
i i
went went
to to
the the
store store
[SEP) [SEP)
at at
the the
store store
i i
bought bought
fresh fresh
straw straw
#titberries ititberries
[SEP] [SEP]

The tool visualizes attention as lines connecting the position being updated (left) with the
position being attended to (right). Colors identify the corresponding attention head(s),
while line thickness reflects the attention score. At the top of the tool, the user can select
the model layer, as well as one or more attention heads (by clicking on the color patches at
the top, representing the 12 heads).

Pirsa: 19070013 Page 40/59



Encoding

arrnved at the

from https://ai.googleblog.com/2017/08/transformer-novel-neural-network.html
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Encoding

arrnved at the

\ ® @ ®

from https://ai.googleblog.com/2017/08/transformer-novel-neural-network.html
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Encoding

arrnved at the

from https://ai.googleblog.com/2017/08/transformer-novel-neural-network.html
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Encoding

arrnved at the

& ® 2 ®

@ & ] @&
Y

Q Q O

from https://ai.googleblog.com/2017/08/transformer-novel-neural-network.html
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Decoding

arrnived at the

from https://ai.googleblog.com/2017/08/transformer-novel-neural-network.html
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Decoding

arrived at the

@ L B @

@ @ @ o
Y

i)

from https://ai.googleblog.com/2017/08/transformer-novel-neural-network.html
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Decoding

arrnived at the

@ e ® D

@ B il @
X

@

from https://ai.googleblog.com/2017/08/transformer-novel-neural-network.html
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Decoding

-

from https://ai.googleblog.com/2017/08/transformer-novel-neural-network.html

arnved at
@ @
Y
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Decoding

arrived at the
@ L B @
@ @ @ o
Y
@® e :

&

from https://ai.googleblog.com/2017/08/transformer-novel-neural-network.html
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Lots of progress in 2018, generalized language models, e.g.:
OpenAl GPT, ...

BERT = Bidirectional Encoder Representations from Transformers

ELMo = Embeddings from Language Model

continuing in 2019, e.g.:
GPT-2

Transformer-XL: Unleashing the Potential of Attention Models (Jan ’19)
1901.02860 Transformer-XL learns dependency that is 80% longer than RNNs
and 450% longer than vanilla Transformers

lots of trained language models
... (also reduce speech recog errors, reading comp, ...)
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https://openai.com/blog/better-language-models/ (Feb 2019)

Better Language Models and Their Implications

We've trained a large-scale unsupervised language model which generates coherent paragraphs of text,

achieves state-of-the-art performance on many language modeling benchmarks, and performs rudimentary

reading comprehension, machine translation, question answering, and summarization—all without task-

specific training.

Our model, called GPT-2 (a successor to GPT = “Generative Pre-training Transformer”), was trained simply to predict the
next word in 40GB of Internet text. Due to our concerns about malicious applications of the technology, we are not
releasing the trained model. As an experiment in responsible disclosure, we are instead releasing a much smaller

model for researchers to experiment with, as well as a technical paper.

GPT-2 is a large transformer-based language model with 1.5 billion parameters, trained on a datasety

of 8 million web pages. GPI-2 is trained with a simple objective: predict the next word, given all of the previous words
within some text. The diversity of the dataset causes this simple goal to contain naturally occurring demonstrations of
many tasks across diverse domains. GPT-2 is a direct scale-up of GPT, with more than 10X the parameters and trained on
more than 10X the amount of data.

Samples

GPT-2 generates synthetic text samples in response to the model being primed with an arbitrary input. ...

SYSTEM PROMPT In a shocking finding, scientist discovered a herd of unicorns living in a remote,
previously unexplored valley, in the Andes Mountains. Even more surprising to the
researchers was the fact that the unicorns spoke perfect English.

(HUMAN-WRITTEN)

MODEL The scientist named the population, after their distinctive horn, Ovid’s
COMPLETION  ynjcorn. These four-horned, silver-white unicorns were previously unknown

(MACHINE- t i
WRITTEN, 10 TRIES) o science.

Now, after almost two centuries, the mystery of what sparked this odd

Page 51/59



Pirsa: 19070013

https://www.gwern.net/GPT-2

Demonstration tutorial of retraining Opendl’s
GPL-2-small (a lext-generating Transformer newral
nelwork) on a large public domain Project Gulenberg
poelry corpus lo generale lugh-qualily Fnglish verse.

created: 5 March 2019; moditied: 6 Jun 2019,

OpenAl announced in Iebruary 2019 m “Better
Language Models and Therr Implhications™ their
creation of “GPT-2-large™, a Translormer! neural
network 10x larger than belore tramed (like a char-
RNN with a predictive loss) by unsupervised learning
on 40GB of high-quality text curated by Redditors.
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https://www.gwern.net/GPT-2

Demonstration tutorial of retraining Opendl’s
GPL-2-small (a lext-generating Transformer newral
nelwork) on a large public domain Project Gulenberg
poelry corpus lo generale lugh-qualily Fnglish verse.
created: 5 March 2019; modified: 6 Jun 2019,

OpenAl announced in Iebruary 2019 m “Better
Language Models and Therr Implhications™ their
creation of “GPT=2-large”, a Translformer! neural
network 10x larger than belore tramed (like a char-
RNN with a predictive loss) by unsupervised learning
on 40GB of high-quality text curated by Redditors.

Percy Shelley's “Ozymandias” (1818)

I met a traveller from an antique land

Who said: Two vast and trunkless legs of stone
Stand in the desert... near them, on the sand,

Half sunk, a shattered visage lies, whose frown,
And wrinkled lip, and sneer of cold command,

Tell that its sculptor well those passions read
Which yet survive, stamped on these lifeless things,
The hand that mocked them and the heart that fed,
And on the pedestal these words appear:

My name is Ozymandias, king of kings;

Look on my works, ye Mighty, and despair!’
Nothing beside remains. Round the decay

Of that colossal wreck, boundless and bare

The lone and level sands stretch far away
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https://www.gwern.net/GPT-2

Demonstration tutorial of retraining Opendl’s , ,
DT 0 . : . — . The ebbing tide bears only the sands
(] /’\_<¥NIH//(((/ﬂt/jﬂfﬂﬁlﬁxﬂﬂg 11“!“]”!7“(7'”?”)”/ And trees that wave their boughs to the western breeze--

!HfHWHﬂJ on h”x?/ﬂiﬁhf(hﬂ”ﬁf” ]ﬁﬂﬁﬁf (ﬁdfﬁh(ﬂﬂ A broken landscape, where faint breezes waft

The lingerers on their way to Indian seas--

poelry corpus lo generale lugh-qualily Fnglish verse. A land whose shores are sunset skies,
created: 5 March 2019; modified: 6 Jun 2019, Where the pale mists of evening slowly sail,

And, as we steal, the rivers murmur strange

To the low-murmured wind at fall of night,
OpenAl announced in February 2019 i “Better And to the distant rim of the far sky:--
Language Models and Thenr Implhicatons™ their Here, silent as a solitary tomb,
With all that life can purchase and wealth can lend,
With youth's immortal spirit, thou, O Friend!
network 10x larger than helore trained (like a char- Art not for me to give thyself to Art?
RNN with a predictive loss) by unsupervised learning To thee, who art the latest breath of lands,
Whose fame has swept the world for which men sigh,
I give my heart up with indignant hands,
To thee, who art the only one I seek.
Percy She“ey% "Ozynﬂandias"(1818) For thee, alone with life and light impearled,
I cast my eyes from out the vast of time
Where nothing dwells but Destiny's brief stage,
Unshrouded, till, in its frail waste of time,
It shall re-risen and grow once more sublime.
And then, within the bounds where all is strife,
And death, and life, and love, are all my own,
I take this heart up with indignant breath,
That seems to harden with the weight of years,

creation of “GPT-2-large™, a Translormer! neural

on 0GB of high-quality text curated by Redditors.

I met a traveller from an antique land

Who said: Two vast and trunkless legs of stone
Stand in the desert... near them, on the sand,
Half sunk, a shattered visage lies, whose frown,
And wrinkled lip, and sneer of cold command,
Tell that its sculptor well those passions read

Which yet survive, stamped on these lifeless things, and with the bitter hardihood of tears,

The hand that mocked them and the heart that fed, And with the heart that has no beat or fear,
And on the pedestal these words appear: And with the hand that has no strength to bear
'My name is Ozymandias, king of kings, Only the world's and with the heart that fears,
Look on my works, ye Mighty, and despair!’ And by its sorrows only known to keep

Nothing beside remains. Round the decay The beautiful and glorious years we keep.

Of that colossal wreck, boundless and bare Here are the little walls we meant to build.
The lone and level sands stretch far away Here stands the doorway, opening to the East,

The child-like likeness of a poet's child
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https://towardsdatascience.com/the-fall-of-rnn-I1stm-2d 1594c¢74ce(

The fall of RNN / LSTM

ﬁ Eugenio Culurciello in Towards Data Science | Follow |

We fell for Recurrent neural networks (RNN), Long-short term memory (LSTM), and all their variants.
Now it is time to drop them!

It is the vear 2014 and LSTM and RNN make a great come-back from the dead. We all read Colah’s blog

and Karpathy's ode to RNN. But we were all young and unexperienced. FFor a few years this was the way to solve
sequence learning, sequence translation (seq2seq), which also resulted in amazing results in speech to text

comprehension and the raise of Siri, Cortana, Google voice assistant, Alexa. Also lel us not forget machine

translation, which resulted in the ability to translate documents into different languages or neural machine
translation, but also translate images into text, text into images, and captioning video, and ... well you got the idea.
Then in the following years (2015-16) came ResNet and Attention. One could then better understand that
LSTM were a clever bypass technique. Also attention showed that MLP network could be replaced

by averaging networks influenced by a context vector. More on this later.

It only took 2 more years, but today we can definitely say:

But do not take our words for it, also see evidence that Attention based networks are used more and more
by Google, Facebook, Salestorce, to name a few. All these companies have replaced RNN and variants for attention based
models, and it is just the beginning. RNN have the days counted in all applications, because they require more resources to

train and run than attention-based models. See this post for more info.
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NLP's ImageNet moment has arrived

ol JUL2018
Big changes are underway in the world of Natural Language Processing (NLP).

The long reign of word vectors as NLP’s core representation technique has seen an
exciting new line of challengers emerge: ELMo, ULMFiT, and the OpenAl
transformer. These works made headlines by demonstrating that pretrained language
models can be used to achieve state-of-the-art results on a wide range of NLP tasks.
Such methods herald a watershed moment: they may have the same wide-ranging
impact on NLP as pretrained ImageNet models had on computer vision.

ImageNet’s impact on the course of machine learning research can hardly be
overstated. The dataset was originally published in 2009 and quickly evolved into
the ImageNet Large Scale Visual Recognition Challenge (ILSVRC). In 2012,

the deep neural network submitted by Alex Krizhevsky, Ilya Sutskever, and
Geoffrey Hinton performed 41% better than the next best competitor,
demonstrating that deep learning was a viable strategy for machine learning and
arguably triggering the explosion of deep learning in ML research.

Pretrained ImageNet models have been used to achieve state-of-the-art results in
tasks such as object detection, semantic segmentation, human pose estimation,

and video recognition. At the same time, they have enabled the application of CV to
domains where the number of training examples is small and annotation is
expensive. Transfer learning via pretraining on ImageNet is in fact so effective in CV
that not using it is now considered foolhardy (Mahajan et al., 2018).
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GLUE scores evolution over 2018-2019

(GLUE = General Language Understanding Evaluation)
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