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Recap: Neural Nets

Åcomplex functions, composed of simple functions (=layers)
Ålinear, ReLU, tanh,sigmoid,softmax

Åfully differentiable

Ådifferent arrangements:
Åfeedforward / multi -layerperceptron

ÅCNNs

ÅRNNs (LSTM/GRU)

Åattention

ÅTransformer

Åinput: binary, float, embedding

Åtasks/problems: classification, regression, structured (sequences/ranking)
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Supervised Training: Gradient Descent

Åsupervised trainingӝgradient descent methods
Åminimizing a cost/loss function 

(notion of error ӝgiven system output, how far off are we?)

Åcalculus: derivative = steepness/slope

Åfollow the slope to find the minimum ӝderivative gives the direction

Ålearning rate = how fast we go (needs to be tuned)

Ågradient typically computed (=averaged) over mini -batches
Årandom bunches of a few training instances

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

Åstochastic gradient descent

Åbatchesmay be accumulatedto fit into memory
Åe.g.your GPUonly fits one instance 
Ἇ =IGJON? @ILQ;L> J;MM GOFNCJF? NCG?MӇ NB?H >I ґ OJ>;N?
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https://hackernoon.com/gradient-descent-aynk-7cbe95a778da


Cost/Loss Functions

Å>C@@?L <;M?> IH QB;N Q?ӒL? NLSCHA NI JL?>C=N

Ålogistic / log lossӨӓ=LIMM ?HNLIJSӔө
Åfor classification / softmax ӝincluding word prediction
Åclasses from the whole dictionary

Åpretty stupid for sequences, but works
Åsequence shifted by 1 ᵼeverything wrong

Åsquared error loss ӝfor regression
Åforcing the predicted float value to be close to actual one

Åhinge lossӝfor binary classification (SVMs), ranking
Åforcing the correct sign

Åmany others, variants

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
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Backpropagation

5NPFL099 L4 2021 http://colah.github.io/posts/2015-08-Backprop/

https://www.mathsisfun.com/calculus/derivatives-rules.html

Ånetwork ~ computational graph
Åreflects function/layer composition

Åcomposed function derivatives ӝsimple rules
Åbasicallysummingoverdifferent paths

Åfactoring ~ merging paths at every node

Åbackpropagation = reverse-mode differentiation
Ågoing back from output to  input

Å~ how everynodeaffectsthe output

Åoutput = cost function

ÅἏ >?LCP;NCP?M I@ ;FF J;L;G?N?LM Qӆ Lӆ Nӆ =IMN

Åone pass through the network only Ἇeasy & fast

ÅNN frameworks do thisautomatically

http://colah.github.io/posts/2015-08-Backprop/
https://www.mathsisfun.com/calculus/derivatives-rules.html


Å♪: most important parameter in (stochastic) gradient descent

Åtricky to tune:
Åtoo high ‌ = may not find optimum

Åtoo low ‌ = may take forever

ÅLearning rate decay: start high, lower ‌gradually
Åmake bigger steps (to speed learning)

Åslowdown whenSIOӒL?almost there (to avoidovershooting)

Ålinear,stepwise,exponential

Åreduce-on-plateauӝcheck everynow and then
C@ Q?ӒL? MNCFF CGJLIPCHAӇ L?>O=? ,2 C@ HIN

ÅMomentum: moving average of gradients
Åmake learning less erratic

Åά ‍ẗά ρ ‍ẗɝ, update by άinstead of ɝ

Learning Rate (ɻ) & Momentum
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http://cs231n.github.io/neural-networks-3/

base SGD
momentum

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

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


Optimizers

ÅBetter LR management
Åchange LRbasedon gradients

Åmuch less sensitive to user setting

ÅAdaGradӝall history
Åremember sum of total gradients squared: Вɝ

Ådivide LR by Вɝ

Åvariants: Adadelta, RMSPropӝslower LR drop

ÅAdam ӝper-parameter momentum
Åmoving averages for ɝ& ɝ:
ά ‍ẗά ρ ‍ ɝ, ὺ ‍ẗὺ ρ ‍ ɝ

Åuse άinstead of ɝ, divide LR by ὺ

Åused as default in most applications

Åvariant: AdamWӝdecoupled LR drop
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http://kaeken.hatenablog.com/entry/2016/11/10/203151

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

(Loshchilov& Hutter, 2019)
https://arxiv.org/abs/1711.05101

(Kingma& Ba, 2015)
https://arxiv.org/abs/1412.6980

https://towardsdatascience.com/a-visual-explanation-of-gradient-descent-methods-momentum-adagrad-rmsprop-adam-f898b102325c

SGD
momentum
AdaGrad
RMSProp
Adam

local minimumglobal minimum

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


Schedulers

Åmore fiddling with LR ӝwarm-ups
Åstart learning slowly, then increase LR, then reduce again

Åmay be repeated (warm restarts),
with lowered maximum LR
Åallow to divergeslightlyӝwork around local minima

Åmultiple options:
Åcyclical ӝlinear, cosine annealing

Åone cycleӝM;G?Ӈ DOMN >IHӒ 

ÅNoam scheduler ӝlinear warm-up, decay by ÓÔÅÐÓ

Åcombine with base SGD or Adam/Adadeltaetc.
Åmomentum updated inversely to LR

Åmay have less effect with optimizers
Åtrade-off: speedvs.sensitivity to parameter settings
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https://spell.ml/blog/ lr-schedulers-and-adaptive-optimizers-YHmwMhAAACYADm6F

cyclical scheduler (warm restarts)

LR momentum

one cycle with cosine annealing

https://nn.labml.ai/optimizers/noam.html
Noam scheduler with different parameters

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


When to stop training

Ågenerally,whencoststopsimproving
Ådespite all the LR fiddling

Åproblem: overfitting
Åcost is low on training set, high on validation set

Ånetwork essentially memorized the training set

ÅἏ =B?=E IH P;FC>;NCIH M?N ;@N?L ?;=B ?JI=B 
(pass through data)

Åstop whencostgoesup on validation set

ÅL?AOF;LCT;NCIH ӨM?? Ἇө B?FJM >?F;S IP?L@CNNCHA 

Åbias-variance trade-off
Åsmaller models may underfit (high bias, low variance = not flexible enough)

Ålarger models likely to overfit (too flexible, memorize data)

ÅXXL models:overfit sooGO=B NB?S ;=NO;FFS CHN?LJIF;N? >;N; Ἇ AII> Ө?)
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(Dar et al., 2021) https://arxiv.org/abs/2109.02355

https://www.andreaperlato.com/theorypost/bias-variance-trade-off/

https://arxiv.org/abs/2109.02355
https://www.andreaperlato.com/theorypost/bias-variance-trade-off/


Regularization: Dropout

Åregularization: preventing overfitting
Åmakingit harderfor the network to learn, adding noise

ÅDropout ӝsimple regularization technique
Åmore effective than e.g. weight decay (L2)

Åzero out some neurons/connections 
in the network at random

Åtechnically: multiply by dropout layer
Å0/1 with some probability (typically 0.5ӝ0.8)

Åat training time only ӝfull network for prediction

Åweights scaled down after training
ÅNB?S ?H> OJ F;LA?L NB;H HILG;F <?=;OM? NB?L?ӒM @?Q?L HI>?M

Ådone by libraries automatically

Åmay need larger networks to compensate
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(Srivastava et al., 2014)
http://jmlr.org/papers/v15/srivastava14a.html
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http://jmlr.org/papers/v15/srivastava14a.html


e.g. L2 on distance

Regularization: Multi -task Learning

Åachieve better generalization by learning more things at once
Åa form of regularization

Åimplicit data augmentation

Åbiasing/focusing the model
Åe.g. by explicitly training for an important subtask

Åparts of network shared, parts task-specific
Åhard sharing = parameters truly shared (most common)

Åsoft sharing = regularization by parameter distance

Ådifferent approaches w. r. t. what to share

Åtraining ӝalternating between tasks
ÅMI NB? H?NQILE >I?MHӒN ӓ@ILA?NӔ
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(Ruder, 2017)
http://arxiv.org/abs/1706.05098
(Fan et al., 2017)
http://arxiv.org/abs/1706.04326
(Luong et al., 2016)
http://arxiv.org/abs/1511.06114

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


Self-supervised training

Åtrain supervised, but >IHӒN JLIPC>? F;<?FM
Åusenaturally occurring labels

Åcreate labels automatically somehow
Åcorrupt data & learn to fix them

Ålearn from rule-basedannotation (not ideal!)

ÅOM? MJ?=C@C= N;MEM NB;N >IHӒN L?KOCL? G;HO;FFS =L?;N?> F;<?FM

Ågoodto train on huge amounts of data
Ålanguage modelling
Ånext-word prediction

ÅMLMӝmaskedword prediction (~like word2vec)

Åautoencoding : predict your own input (see Ἇө

Ågood to pretrain the network for a final task

Åunsupervised, but with supervised approaches
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https://ai.stackexchange.com/questions/10623/what-is-self-supervised-learning-in-machine-learning


Autoencoders

ÅUsing NNs as generative models
Åmore than just classification ӝmodelling the whole distribution 
Å(of e.g. possible texts, images)

Ågenerate new instances that look similar to training data

ÅAutoencoderӈ CHJON Ἇ ?H=I>CHA Ἇ CHJON
Å?H=I>CHA ỹ ӓ?G<?>>CHAӔ CH F;N?HN MJ;=?

(i.e. some vector)

Åtrained by reconstruction loss

ÅJLI<F?Gӈ =;HӒN ?;MCFS A?N P;FC> ?G<?>>CHAM @IL A?H?L;NCHA H?Q IONJONM
Åparts of embedding space might be unused ӝwill generate weird stuff

Åno easy interpretation of embeddings ӝno idea what the model will generate

Åextension ӝdenoising autoencoder:
Åadd noise to inputs, train to generate clean outputs

Åuse in multi-task learning, representations for use in downstream tasks
13https://towardsdatascience.com/intuitively-understanding-variational-autoencoders-1bfe67eb5daf

MNIST digits autoencoder
latent space

ones

sevens

no idea what 
the output will
be from here

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


Variational Autoencoders

ÅMaking the encoding latent space more useful
Åusing Gaussiansӝcontinuous space by design

Åencoding input into vectors of means ‘& std. deviations „

Åsampling encodings from ὔ‘ȟ„ for generation
Åsamples vary a bit even for the same input

Ådecoder learns to be more robust

Åmodel can degenerate into normal AE („ᴼπ)
Åwe need to encourage some ʎ, smoothness, overlap (ʈḐπ)

Åadd 2nd loss: KL divergencefrom ὔπȟρ

ÅVAE learns a trade-off between 
using unit Gaussians & reconstructing inputs

ÅProblem: still not too much control of the embeddings
Åwe can only guess what kind of output the model will generate
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https://towardsdatascience.com/intuitively-understanding-variational-autoencoders-1bfe67eb5daf
https://towardsdatascience.com/understanding-variational-autoencoders-vaes-f70510919f73
http://kvfrans.com/variational-autoencoders-explained/


