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Acomplex functions, composed of simple functions (=layers)
Alinear, ReLU tanh,sigmoid, softmax

Afully differentiable

Adifferent arrangements
Afeedforward / multi-layerperceptron
ACNNS
ARNNs (LSTM/GRU)

Aattention
ATransformer

Ainput: binary, float, embedding
Atasks/problems:classification, regression, structured (sequences/ranking)



Supervised Training: Gradient Descent

Asupervised trainingkgradient descent methods

Aminimizing acost/loss function
(notion of errorkgiven system output, how far off are we?)

Acalculus: derivative = steepness/slope
Afollow the slope to find the minimumkderivative gives the direction
Alearning rate = how fast we go (needs to be tuned)

Agradient typically computed(=averaged) ovemini-batches
Arandom bunches of a few training instances

Anot as erratic as using just 1 instance,
not as slow as computing over whole data

Astochastic gradient descent 100

Abatchesmay be accumulatedo fit into memory

A e.g.your GPUonly fits one instance N Cr 1
A =1 GIJON? @I LQ; L> J; MM GOFNCJF? NCG?MH NB?
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https://hackernoon.com/gradient-descent-aynk-7cbe95a778da

Cost/Loss Functions

A>Sc@@?L <: M?> I H QB: N Q?A

Alogistic /logloss®a=L1 MM ? HNL I J S /&

Afor classification / softmaxkincluding word prediction
A classes from the whole dictionary

Apretty stupid for sequences, but works
A sequence shifted by 4 everything wrong

Asquared error lossfor regression
Aforcing the predicted float value to be close to actual one

Ahinge lossfor binary classification (SVMs), ranking
Aforcing the correct sign

Amany others, variants

https://machinelearningmastery.com/lossand-loss-functions-for-training-deep-learning-neuralnetworks/
https://medium.com/@risingdeveloper/visualizatiorof-some-loss-functions-for-deep-learning-with -tensorflow-9f60be9d09f9

https://en.wikipedia.org/wiki/Hinge_loss
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https://machinelearningmastery.com/loss-and-loss-functions-for-training-deep-learning-neural-networks/
https://medium.com/@risingdeveloper/visualization-of-some-loss-functions-for-deep-learning-with-tensorflow-9f60be9d09f9
https://en.wikipedia.org/wiki/Hinge_loss

Backpropagation

https://www.mathsisfun.com/calculus/derivativesrules html

Rules Function Derivative

Multiplication by constant cf cf’

Anetwork ~ computational graph =
Areflects function/layer composition = fr’_Z;
Acomposed function derivativesksimple rules no
Abasicallysummingover different paths |
Afactoring ~ merging paths at every node oo Compestion ot unetonty 0 (59D
Abackpropagation = reversemode differentiation

Agoing back from output to input
A~ how evenynode affectsthe output
Aoutput = cost function
AA >2LCP; NCP?M | @ ; FF&p L ;
Aone pass through the network onlAeasy & fast
ANNframeworks do thisautomatically
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http://colah.github.io/posts/2015-08-Backprop/
https://www.mathsisfun.com/calculus/derivatives-rules.html

A : most important parameter in (stochastic) gradient descent

Atricky to tune:
Atoo high| = may not find optimum N |
Atoo low] = may takeforever i

high learning rate

ALearning rate decay: start high, lower gradually
Amake bigger steps (to speed learning) good learning rate -
AslowdownwhenS | Odinio8tthere (to avoid overshooting) sz ainub oneuaincrmorie:
Alinear, stepwise,exponential

Areduce-on-plateau skcheck everynow andthen
C@ Q?AL? MNCFF CGJLIPCHAH L?>0=7? , 2 C

AMomentum: movingaverage of gradients @
Amake learning less erratic
base SGD

Ad 1 ta p 1 taz, update bya instead ofs momentum

https://ruder.io/optimizing -gradient-descent



http://cs231n.github.io/neural-networks-3/
https://ruder.io/optimizing-gradient-descent/

Optimizers

http://kaeken.hatenablog.com/entry/2016/11/10/203151

1.0

ABetter LR management = o]
Achange LPbasedon gradients B
Amuchless sensitive to user setting

0.4

AAdaGradyall history
Aremember sum of total gradients square® 3

Adivide LR by,/B 3
Avariants: Adadelta, RMSPropsislower LR drop

021

0.0

. momentum
AAdamper-parameter momentum (epeee oo o EEER
Amoving averages fog &3 : Adarp”
a T tad (p 1)L T 0 (p T )E 8

Aused instead ofs, divideLRby+/0
Aused as default in most applications

(Loshchilov& Hutter, 2019)

Avanant AdamW)KdeCOUpled LR dropnttlos://arxiv.orq/abs/l?11.05101

https://ruder.io/optimizing -gradient-descent
NPFL0O99 L4 2021 . : ; ; ; 7
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http://kaeken.hatenablog.com/entry/2016/11/10/203151
https://ruder.io/optimizing-gradient-descent/
https://arxiv.org/abs/1711.05101
https://arxiv.org/abs/1412.6980
https://towardsdatascience.com/a-visual-explanation-of-gradient-descent-methods-momentum-adagrad-rmsprop-adam-f898b102325c

Amore fiddling with LRkwarm-ups
Astart learning slowly, then increase LR, then reduce again

Amay be repeated (warm restarts),
with lowered maximum LR

A allow to divergeslightly skwork around local minima

cyclical scheduler (warm restarts)

Amultiple options: o/ k7 momentum
Acyclicalslinear, cosine annealing |
AonecyclexxM; G?H DOMN >1 HA o/  ~  «

ANoam schedulerxlinear warmup, decay by/O O A D o}

Acombine with base SGD or AdaAdadeltaetc.

Amomentum updated inversely to LR

Amay have less effect with optimizers
A trade-off: speedvs.sensitivity to parameter settings

https://spell.ml/blog/ Ir-schedulersand-adaptive-optimizerss YHmwMhAAACYADMGF Noam scheduler Wlthdlfferent ;Jm];rameters
https://nn.labml.ai/optimizers/noam.html



https://spell.ml/blog/lr-schedulers-and-adaptive-optimizers-YHmwMhAAACYADm6F
https://nn.labml.ai/optimizers/noam.html

When to stop training

https://www.andreaperlato.com/theorypost/biasvariancetrade-off/

Agenerally,when cost stopsimproving
Adespite all the LR fiddling 4
Aproblem: overfitting
Acostis low on training set, high on validation set -
Anetwork essentially memorized the training set

AA =B?=E I H P; FC>; NCI H "B
(pass through data) e

Astop when costgoesup on validation set sacvrance / Neottons itermotte

AL? AOF; LCT; NCI H Y\ F

. Learned model
© complexity

Abias-variance trade-off

AXXL modelsoverfitsooGO=B NB?S ; =NO; FFS IC®N?LJI F

(Dar et al., 202 ttps://arxiv.org/abs/2109.02355
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https://arxiv.org/abs/2109.02355
https://www.andreaperlato.com/theorypost/bias-variance-trade-off/

(Srivastava et al., 2014)

Areg u Ianza'“ on: p reve nt| 1 g ove rflttl ng http://jmlr.org/papers/vi5/srivastavalda.htmi
Amakingit harderfor the network to learn, adding noise

ADropout ¥simple regularization technique
Amore effective than e.g. weight decay (L2)

A zero out some neurons/connections
In the network at random

Atechnically: multiply by dropout layer
A 0/1 with some probability (typically 0.80.8)

Aat training time onlysfull network for prediction

Aweights scaled down after training
ANB?S ?H> 0J F; LA?L NB;H HILG; F g
A done by libraries automatically 5

layer

Amay need larger networks to compensate

dropped-out
inputs
(b) Dropout network


http://jmlr.org/papers/v15/srivastava14a.html

(Ruder, 2017)
. - - . - http://arxiv.org/abs/1706.05098
Regularization: Multi -task Learning (Fan ot al, 2007
http://arxiv.org/abs/1706.04326

(Luong et al., 2016)
http://arxiv.org/abs/1511.06114

Aachieve better generalization blearning more things at once
Aa form of regularization

. .. . Task Al [Task B [Task C] Task-
Aimplicit data augmentation — H T speciic
Abiasing/focusing the model , |

A e.g. by explicitly training for an important subtask | : | e
. | |
Aparts of network shared, parts taskpecific e
Ahard sharing = parameters truly shared (most common) | N y |
Asoft sharing = regularization rameter distan I E— e
. g gularization by paramete dsace\ ]
Adifferent approaches w. r. t. what to share 1

Atraining skalternating between tasks
AMI NB? H?NQILE > ?MH——

English (unsupervised)

Tags (parsing)

nglis
English (unsupervised)
NPFLO99 L4 2021



http://arxiv.org/abs/1706.05098
http://arxiv.org/abs/1706.04326
http://arxiv.org/abs/1511.06114

Atrain supervised, bub | HAN JLI PC>? F; <?FM

Ausenaturally occurring labels

Acreate labels automatically somehow
A corrupt data & learn to fix them
A learn from rule-basedannotation (not ideall)

AOM? MJ?=C@C= N: MEM NB: N > HAN L?KOCL?

Agoodto train on huge amounts of data

Alanguage modelling
A next-word prediction
A MLMkmaskedword prediction (~like word2vec)

Aautoencoding: predict your own input (seeA e
Agood topretrain the network for a final task
Aunsupervised, but with supervised approaches

https://ai.stackexchange.com/questions/106238¢hat-is-self-supervisedlearning-in-machine-learning



https://ai.stackexchange.com/questions/10623/what-is-self-supervised-learning-in-machine-learning

MNIST digits autoencoder

AUsing NNs agenerative models atent space

Amore than just classificationkmodelling the whole distribution
A (of e.g. possible texts, images)

SEVens

7
»

Agenerate new instances that look similar to training data 0 .deawhat”/.\
~ 1’ e output wi \ ones
AAutoencodery CHJON A 2?2H=1 > C H A ﬂfmmhere
A’?H:|>CHA y a?Gg?>>C"''" A" VI J

(i.e. some vector) 0 +J:.L 0

Atrained by reconstruction loss
AJLlI <F?GHy =; HAN ?; MCFS A?N P; FC> ?G«<

A parts of embedding space might be unuseidvill generate weird stuff
A no easy interpretation of embedding&no idea what the model will generate
Aextensionykdenoising autoencoder:
Aadd noise to inputs, train to generate clean outputs
Ause in multitask learning, representations for use in downstream tasks

https://towardsdatascience.com/intuitivelyunderstandingvariational-autoencodersl1bfe67eb5daf

?


https://towardsdatascience.com/intuitively-understanding-variational-autoencoders-1bfe67eb5daf

Variational Autoencoders

AMaking the encoding latent space more useful
AusingGaussiansikcontinuous space by design e e

Aencoding input into vectors of mean's & std. deviation/' \
Asampling encodings frond (* h, ) for generation ;

A samples vary a bit even for the same input [ oupu
A decoder learns to be more robust

Amodel can degenerate into normal AE £ 1) .

A we need to encourage somg, smoothness, overlapt(D 1)
A add 2nd loss: KL divergencefrom § Tip

A VAE learns a tradeff between \

using unit Gaussians & reconstructing inputs

AProblem: still not too much control of the embeddings
Awe can only guess what kind of output the model will generate

https://[towardsdatascience.com/intuitively-understandingvariational-autoencoders1bfe67eb5daf

https://towardsdatascience.com/understandingvariational-autoencodersvaesf70510919f73
NPFLO099 L4 2021 http://kvfrans.com/variational-autoencodersexplained/ 14




