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Machine Learning

AML is basically function approximation /?/
Afunction: data featurese ¥bels b
Afunction shape:

Athis is where different ML algorithms differ

Aneural nets: compound nonlinear functions ,X'
Atraining/learning = adjusting

function parameters to minimize errofsee next week)
Asupervised learning = based on data + labels given in advance
Areinforcement learning = based on exploration & rewards given online
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Aregression Ty gs | e
Amany inputs, 1 float output peegsore 1024 A -

Aclassification how A~ you |
Amany inputs, 1 categorial output (k classes) m S J;i’:f;*

Asequence labelling e e
Asequence of inputs, label each (~ repeated cIaSS|f|cat|on) ”u u Jl
A1-to-1 input to output R

Aranking v in gont oy
Amultiple inputs, choose best one (~ diff regression) gt = [l ey

. . . ] Fine =

Asequence prediction (autoregressive generation) Wi\? — "i,;i

tvetHe—

Asome inputs (sequence/something else)
T~ qvw

Agenerate outputs, use previous output in predicting next one—___ 2% R
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ANon-linear functions, composed of basic building blocks

Astacked intolayers

AlLayers are made dctivation functions :
Alinear functions (~basic, default)
Anonlinearitiessksigmoid, tanh,ReLU
A softmaxyprobability estimates:
o1 Eas) As 20
B A g
AFully differentiablesktraining by gradient descent
Anetwork output incurs loss/cost

Agradientsbackpropagated from loss to all parameters
(composite function differentiation)

Sigmoid

o(x) =

14+e—=

tanh
tanh(z)

RelLU
max (0, x)

1
- -
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https://medium.com/@shrutija
donl10104776/surveon-
activation-functions-for-deep-
learning-9689331ba092



https://medium.com/@shrutijadon10104776/survey-on-activation-functions-for-deep-learning-9689331ba092

Layers visualization

Ahttps://playground.tensorflow.org/

A2 numeric features (=2 inputvariable®y <CH; LS =F; MMC@C=:; N
A easiest case, but you can see the internals
A more complex input features®

Afeed-forward = fully connected = multi -layer perceptron here
A easiest case: connect everything & let the network figure it out
A nice but gets too large very quickly, not good for varialdized inputs

Aadded layers & power to distinguish different classes
A fits the training data Y/N ?

Adifferent activation functions
AQCNBI ON NB ? GHno @atér kowDnénylldyeS!IC H? ; L

Abest NN conceptualizationikpipeline / flow (computational graph)
Adata flows through individual layers, gets changed
Acorresponds to a math formula, but flow graph can be easier to read
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AN? =BHC=; FFS =;: H <? : HSNBCHAH : M
Athe network will learn to assign meaning/values itself

Al-hot/binary
Awordsnumbered vocabulary
Abigrams,rRAL; GMH JI MCNCI H; FH

Aother featuresikespecially handcrafted
A word classes
A various word combinations
A outputs of other classifiers (sentiment, paxdf-MJ ? 2 = BH 6
A is capitalized/is loud?

Anumeric (floats)

Abest for continuous inputs: vision, audio
AL; Q JCR?FMH - &## My

Avectors (embeddings) A



Embeddings

Adistributed (word) representation
Aeach word = a vector of floats

Abasically an easy conversion offiot A’ H O G

Aa dictionary of trainable features

Apart of network parametersktrained
a) random initialization
b) pretraining

kitchen

ﬁﬁﬁﬁﬁ
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http://blog.kaggle.com/2016/05/18/homedepot-product-search

relevancewinners-interview-1st-place-alexandreasnurlan/

Athe network learns which words are usemilarly
Athey end up having close embedding values

Aembeddings end up different with different tasks & data & setﬂmgmuder lo/word -embeddings2017/

Aembedding size ~100s1000
Avocab size: ~5000k
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Pretrained Word Embeddings

AWOFCIZVGC https.//projector.tensorflow.org/
A Continuous Bagpf-Words (CBOW)
ey aG; ME?> |, - /e

A predict a word, given "Qwords window

A disregarding word order within the window
A Skip-gram: reverse

A given a word, predict its ‘Qword window

A closer words = higher weight in training

AGloVe

HPUT TROJECTIOR BuTE (Mikolovet al., 2013)
) http://arxiv.org/abs/1301.3781
Wit
SharEd Input projection ou_ipul
’ . eights wit-2)
wit-1) softmax in- '
\ um skip-gram

T

Olne-hot _’—. wit) w(t1)
WI:tl1:|L \ wit) \
embedding — / \
one-hot

wit+1)
wit+2)

softmax
V'

wit+2)
CBOW _ B,
different weights

embedding

Aoptimized directly from corpus ceoccurrences (% close to0 ) ..o etar 20

Atarget: Q tQ | T #o-occurrences

http://aclweb.org/anthology/D14-1162

A number weighted by distance, weighted down for low totals
Atrained by minimizing reconstruction loss on a emccurrence matrix
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https://geekyisawesome.blogspot.com/2017/03/woregmbeddingshow-word2vecand-glove.html

https://machinelearninginterview.com/topics/naturatlanguageprocessing/whatis-the-difference-betweenword?2vecand-glove/ 8
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A6l =;: <OF; LS CM OHFCGCN?>H ?2G<?>>CH
A+ the bigger the embedding matrix, the slower your models

ASpecialout-of-vocabulary token <unk>
Aa>? @, OFNAZ Y | F>?L | JNCI H
Aall words not found in vocabulary are assigned this entry
Acan be trained using some rare words in the data
Aproblem for generationkS1 O >1 HAN Q; HN NB?M? | H NB

AUsing limited sets

Acharacters skvery small set

A works, but makes for very long sequences
(20 words ~ 800 characters)

A slower, might be less accurate
Asubwords skcompromiseA



Subwords

Agroup of characters that:
Amake shorter sequences than using individual characters
Acover everything

Abyte -pair encoding (Sennrichet ., 2016
. L. https://www.aclweb.org/anthology/P161162/
Astart from individual characters

Aiteratively merge most frequent bigram,
until you get desired # of subwords

Asub@@ worskthe @@G: LEM &aHI MJ %592 - @N? s

faster '’ tall er_

ASentencePiecex> | H A ftbkedize ? tall_ s1ower_

o : : _ taller
Acriterium: likelihood of joined vs. separate - allest_
Asubword sthe marks a space

A20-50k subwords for 1 language |
ps://github.com/google/sentencepiece
A~250k subwords to cover them all https://blog.floydhub.com/tokenization-nip/

https://d2l.ai/chapter_natural-languageprocessingpretraining/subword-embedding.html
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ADesigned for computer visiokinspired by human vision inpu

Aworks for language in 1D, too! 1jt|t]o]o filter
Aless parameters than fully connecteifilter/kernel o o 1)1 o 10
AApply (multiple) filter(s) repeatedly over the input e SRR

Aelement-wise multiply window of input x filter

input x filter
Asum + apply nodinearity (ReL\) to result it A i :
A=> produce 1 element of output v o o ERIE
Acc H B; P? GI L? >CG?HMCI HM € [o|o]|1]
ol1l11lo0lo0 output

AStride »khow many steps to skip
Aless overlap, reducing output dimension -

APooling %no filter, pre-set operation Ji-pm S
Amaximum/average on each window o
Atypical CNN architecture alternates convolutlon & poollng

https://towardsdatascience.com/applieddeep-learning-part-4-convolutional-neuralnetworks-584bcl134cle?
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Recurrent Neural Networks

Aldentical layers with shared parametersélls)

A~ the same layer is applied multiple times, taking its own outputs as in

A ~ same number of layers as there are tokens
A output =hidden state skfed to the next step

Aadditional input xnext token features

Abasic RNN linear + tanh
Atanh: squashes everything to plp
A good for repeated application
Avery simple structure

Anumeric problem: vanishing gradients
A training updates get too small

in (Q )

hidden state

linear
&OAT E

concat

input embedding

A=: HAN Bl F> FlI HA M?KO?H=?M O?2FF

https://towardsdatascience.com/illustratedquide-to-Istms-and-gru-s-a-step-by-step-explanation-44e9eb85bf21
NPFLO99 L3 2022 https://medium.com/@saurabh.rathor092/simplernn-vs-gru-vs-stm-differencelies-in-more-flexible-control-5f33e07b1e57

hidden state
out (Q)
= output


https://medium.com/@saurabh.rathor092/simple-rnn-vs-gru-vs-lstm-difference-lies-in-more-flexible-control-5f33e07b1e57
https://towardsdatascience.com/illustrated-guide-to-lstms-and-gru-s-a-step-by-step-explanation-44e9eb85bf21

AGRU, LSTMmore complex, LSTM cell @ oo consae

to make training more stable cell state
AaA; N?ME NI E?7?2] -
A,x Tip decisions:
A forget stuff from previous?
A take input into account?

hidden state = output

A put stuff onto output? PN i SR G
A over individual dimensions
(e.g. input has 100 dims, reset gate
forget gate forgets dims-B & 425) . _ |
A all based on current input & state GRU cell - » hidden state

= output

ALSTM is older & more complex
AGRU almost as good but faster |
Aboth slower than base RNN P -

standard output ~ base RN}
OAIl E

Aboth handle long recurrences

. _ . _ update gate 13
https://towardsdatascience.com/illustratedguide-to-Istms-and-gru-s-a-step-by-step-explanation-44e9eb85bf21
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Encoder-Decoder Networks (Sequenceto-sequence)

ADefault RNN paradigm for sequences/structure prediction
Aencoder RNN: encodes the input tokehy-token into hidden states "Q

A next step: last hidden state + next token as inpb J
Adecoder RNN constructs the output tokerby-token | A
A initialized by last encoder hidden state

A output: hidden state & softmax over output vocabulary + argmax 3
A next step: last hidden state + last generated token as input m‘ld) B ) O £GWA

ALSTM/GRU cells over vectors of ~ embedding size v AAIIhv
AOM?> CH -4H >C; FI AO?H J: LMCHAH

A more complex structures linearized to sequence:

Ad i

ENCODER DECODER . Encoder She 1 |S > eating B a B gl‘een 1 apple
) %) W
" . I, um, oo Context vector (length: 5)
o o o 9 i li| i ] i N
[RN@—[RN&—[RN@—[RNHRNN RNN RN@ 107, 0z BUS), 12 =05
- \ A
<GT0> Decoder w =~ F O M B = G P ER
[ Embedding ]
l l I [ . o . .
how are you ? https://lilianweng.qgithub.io/lil -log/2018/06/24/attention-attention.html

“mem' , . 2 . 3 8 2 b R . 5 I ; https://medium.com/syncedreview/abrief-overview-of-attention-mechanism13¢c578ba9129
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AEncoderdecoder is too crude for complex sequences
Athe whole input is crammed into a fixedize vector (last hidden state)

AAttention v 4 G ? G lalLegcdded hidden states

Awelghted combination, reweighted for every decoder step
A =: H @ =0O0M I H =OLL?HNFS CGJILN; HN J;
Afed into decoder inputs + decoder softmax layer 0 5e

ASelf-attention overprevious decoder steps .. “
Aincreases consistency when generating long sequences

Attention Mechanism

0000000 e
oy O O @--0—-@

[ fx?f

incaming tim rp]
(5 (5 $ ‘ ‘ (5 ‘ https://skymind.ai/wiki/attention -mechanismmemory-network

Time
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Seg2seg RNNs with Attention

probability distribution

attention = weighted combination over the whole vocabulary

token representation.embeddings ) _
(weights different for each step)

= vectors of ~10A000 numbers

encoder outputs 10 = which 5= are

KaBC>>2H MN; N? MA Mﬁ || b

(=again, vectors of numbers)

target word embeddings

vocabulary is numbered cells: identical (compound) neural layers

input: prev. output + token embedding

NPFL0O99 L3 2022 (Bahdanauet al., 2015qttp://arxiv.org/abs/1409.0473 16

MI OL=? aoQl/L>A& ?G<?>3>CHAM -
at!) (I
0 <pad> 4 Cb + 0 <pad>
1 inform 1 <start>
2 request ’ 2 <stop>
3 food 3 the
4 area I I 4 restaurant|
5 price 0|:|—> LSTM LSTM - 5 area
6 [name] 6 is
5 4 i 10 which
request area E <start>
encoder E decoder
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Bahdanau & Luong Attention

(Bahdanauet al., 2015)

. . . . http://arxiv.org/abs/1409.0473
Adifferent combination with decoder state (wongetal, 2018 -context vector
] ttp://arxiv.org/abs 04025 [T P 5 N
ABahdanau use on input to decoder cell L Yoo e
ALuong: modify final decoder state
encoder
Adifferent weights computation |- +|+I+ “—k-
. . 1 cecocer]
Aboth work well¥kexact formula not important 3 40T,
Bahdanau attention
attention value = context vector N %
sum of encodeiidden states T - [ _____
weightedby attention weights| Luong attention i & 9
t+1
context vector t
attention weights =alignment model decoder state 3 l_
t
Bahdanau i ] ;- trained parameters algnmae'n
| O A0 AWATHET v N t J—— encoder hidden state elncodef I I Il I
Luong: | Oi £0 | A w—— decoder state _*ecbud
encoder hidden state http://cnyah.com/2017/08/01/attention-variants/ et N
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Tran Sformer (Waswaniet al., 2017)

https://arxiv.org/abs/1706.03762 one of these
for each word

Agetting rid of (encoder) recurrences \
Amaking it faster to train, allowing bigger nets

Areplace everything with attention
+ feedforward networks

A+ needs more layers
At needs to encode positions

Apositional encoding.

Aadding positiondependent AT 6210
patterns to the input p TN

o g
Aattention skdot-product (Luong style) e i

Ascaledbym:ew P: FO?M >1 HAN A?N NI @I /&< o

Amore heads(attentions in parallel) N e
kfocus on multiple inputs decoder

se FattE

NPFL099 L3 2022 http://jalammar.github.io/illustrated -transformer/ https://ai.qoogleblog.com/2017/08/transformemovekFneural-network.html 18




