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Problem with Labelled Data ComegieMellon

e Data is often carefully chosen,
e carefully cleaned and labelled,
e and usually balanced

Image credit: Google Al Blog
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o Carnegie Mell
But, The World’s Data is Enormous e
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e Data is fast increased every second
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Most Data is Unlabelled Carnegie Mellon
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e Also unstructured and unclean

e The cost to label them is prohibitively expensive.
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AI’s Approach towards Big (Raw) Data “"*"""

+ &
—- Q A 3
Raw Data Niodei—é)a;éd ﬁ

Features

TR

Tasks

e How about we not only focus on the task, but also put a proper
focus on Data itself
e Difference from:
o Fully labelled data: Supervised
o Partially labelled data: Semi-supervised
e We have no labels thus no supervision — Unsupervised.
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Carnegie Mellon

All is reduced to Feature Extraction

Raw Data Features

Feature Space

e Classification/Regression: use features to predict labels/numbers

¢ Required: ground-truth labels/numbers
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Carnegie Mellon

All is reduced to Feature Extraction

Raw Data Features

Feature Space

e Classification/Regression: use features to predict labels/numbers
¢ Required: ground-truth labels/numbers
e Unfortunately, we don’t have such ground truths
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Carnegie Mellon

Not really: Data are labels themselves

Raw Data

Features Generated Data

Feature Space

e Use each data sample itself as a label
Extract Features from x: z = fi(x)

[¢]

o Reconstruct data &: & = fo(z)

o Minimize the distance d(zx, %), a.k.a reconstruction error.
e But, data itself are often highly-dimensional — (very) hard!
e Inject prior human knowledge/expertise about data, e.g.

o Vision: use CNN as feature extractor

o Text, sequential data: use RNN instead
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Carnegie Mellon

Generate a bear to just classify a bear?

Raw Data }
Generated Data

Well-Structured Features

e No
o But we don’t have labels
o In many cases, we need to actually generate data
o Or need to have good data features for our tasks
e Remind: for supervised, we don’t need to generate data
o Features needn’t be well-structured to predict labels

Icons credit: Dreamstime.com
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Carnegie Mellon

Generate a bear to just classify a bear?

Raw Data - }
Generated Data

Well-Structured Features

e Remind: for supervised, we don’t need to generate data
o Features needn’t be well-structured to predict labels
e Comparison to Unsupervised in the classification/regression:

o Supervised: we model p(y|x)
o Unsupervised: p(z,y)

Icons credit: Dreamstime.com
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©® Auto Encoder
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A.u t OEnCO der Carnegie Mellon

Raw Data

Features Generated Data

e Extract and Reconstruct itself — Auto-Encoder + Decoder
e What should the dimensionality of Features be?
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AlltOEnCOdeI‘ Carnegie Mellon

Raw Data

Features Generated Data

e Extract and Reconstruct itself — Auto-Encoder + Decoder
e What should the dimensionality of Features be?

o Smaller than Input! Why?
o So encoding (feature extraction) process is a compression
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A_ut OEnCO deI‘ Carnegie Mellon

- N

Raw Data
Features Generated Data

e Extract and Reconstruct itself — Auto-Encoder + Decoder
e What should the dimensionality of Features be?

o Smaller than Input! Why?
o So encoding (feature extraction) process is a compression

e Compression: we need to learn prominent features only

o Yet should be enough to reconstruct data
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A_ut OEnCO deI‘ Carnegie Mellon

- N

Raw Data
Features Generated Data

e Extract and Reconstruct itself — Auto-Encoder + Decoder
e What should the dimensionality of Features be?

o Smaller than Input! Why?
o So encoding (feature extraction) process is a compression

e Compression: we need to learn prominent features only
o Yet should be enough to reconstruct data

o How? Unless for trivial cases, we need params 6
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Carnegie Mellon

Reduced to Feature Extraction (again)

How to best extract features from data’?
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Carnegie Mellon

Relation: MLE Method

L(zy,xo,...,Ty;0) L(zy,x9,...,2,;0)

ananee

Onvr

e input z, we need to find an estimator 8 best describing data

e Encode/Compress/Extract: z = fy(z)

e Relation: Maximum Likelihood Estimation (MLE)
o Likelihood: £(0;z) = p(z|0)
o Our job is to find: 6 = argmax, L(0; )

Image credit: probabilitycourse.com
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Relat ion: MLE Met hOd Carnegie Mellon

L(zy,xa,...,Ty;0) L(zy,x9,...,2,;0)

ananee

é]\IL 0 é}{]L

+

e Trivial case, e.g. estimate a quadratic function (convex)

o Take the first derivative

o Set to zero and find the estimator from the solution

e Most cases: we need to approximate. How?

Image credit: probabilitycourse.com
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@ Data Encoding to Embedded Representation
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Principal Components Analysis (PCA) Carnegiedlellon

original data space

component space

Gene 3

Gene 2

Gene 1

e Each Principal Component is a feature, and orthogonal to the rest
e Find a s.t. 2*a = Aa where A is a scalar

o One solution: perform SVD for x

o Take only first few eigenvectors (hence approximation)

Image credit: Matthias Scholz, Ph.D. thesis
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Carnegie Mellon

Principal Components Analysis (PCA)

PCA uses the Euclidean

distance

What is important is the geodesic distance

Unroll the manifold

o — — e

Image credit: Barnabas Poczos
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Carnegie Mellon

Kernel PCA

Original space Projection by PCA
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e Recall: why do we use a kernel?

e Still a PCA, and have to carefully choose the kernel

Image credit: scikitlearn
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D eCco ded P C A_ ( Generated Data) Carnegie Mellon

e Number of eigenvectors taken: 2000, 1000, 500, 100, 50, 10, 2, 1

Image credit: Gene Kogan
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t SNE Carnegie Mellon

ISOMAP

T-SNE

e Take into account relative distances between data points
e Is a non-linear method

e Both PCA and t-SNE suffer in high dimensional space.

Image credit: quantdare.com
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t S NE Carnegie Mellon

ISOMAP

T-SNE

e Take into account relative distances between data points
e Is a non-linear method

e Both PCA and t-SNE suffer in high dimensional space.
o [t’s time for Deep NN to be used!

Image credit: quantdare.com
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Carnegie Mellon
t-SNE °

e QOriginal space:

___eap(—wi—xy]%/207)

0N, eap(—llzi—an ]2 /207)

Pilj +Pjli
2

o one-sided distance: p;

o two-sided (gaussian centered density): p;; =

(L + llya—ys 1)
) DFPNCES P B

e Embedded space: similar distance: ¢;; =

e Target: by mimimizing the KL distance:
Y1, -, yp = argmin KL(P[|Q) = argmin 3=, . pi; log%
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gie Mellon

General Case: Use MLP Carne
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e Caveat: need to flatten the input

e With data knowledge, we can do a better job

Image credit: mlda.github.io
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. Carnegie Mell
Sequential: Use RNN e

1Tt

x[1] x[2] x[3] x[4] x[5]

e Representation has sequential correlations
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Carnegie Mellon

Sequential: Transformer

Add & Norm

Feed
Forward

N Add & Norm

Multi-Head
Attention

———
Positional
Encoding

Input
Embedding

Inputs

e We don’t rely on RNN function anymore
e Instead, rely on N* (multi-head attentions + MLP) blocks

e And more ...

Image credit: Ashish Vaswani et al.
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Self—Atten‘tion (Of Z’t tO 'l:tself) Carnegie Mellon

Lay Layer:( 3 iAnenmn input - Input [ Layer: iiAllemlon: input - Input [

The_ The_
animal_ animal_
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| t
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becausel because_ because_
it [ |
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B too_ too_
tire tire
- d d

Instead of encoding the sequence into a single hidden vector

Now we calculate the relationship of each word vs. every another

word

Maybe a better idea for languages in which the order is very
flexible

Image credit: Tensor2Tensor Ipython Notebook - Google

11-695: AI Engineering Spring 2019 27 / 38




i i Carnegie Mell
Multl-head Attenthn arnegie Mellon

/ Input Thinking Machines

a
Embedding X X2
softasx )
Queries o OO [ —
Keys
Values v EEE mm]
Score qieki= Qi e ke = g
Divide by 8 (v ) i
g N
Softmax
Softmax
e : FH
\ Sum \

e Instead of using a single FC, use a triple (g, k,v) (query, key, value)
e Normalized with input length and with softmax
e Merge all head using concatenation and a FC with weight W°

Image credit: Jay Alammar
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Multi-head Attn Able to Replace RNN? ‘et

1 1 1
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e Not yet, needs an alternative way to model sequence

e Positional Encoding is added to word embedding

Image credit: Jay Alammar
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Putting together: Transformer Encoder

Carnegie Mellon

ENCODER #1

C(
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( Feed Forward ) ( Feed Forward )
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H 4 4
\'eeee ML, e oo J
POSITIONAL <> <>
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Thinking Machines

e Residual connection is used at self-attention and MLP

e Batch Norm is the last layer.

e Note: it also stacks multiple encoders (and decoders).,,,.
11-695: AI Engineering
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Image/VideO: Use CNN Carnegie Mellon

C3:f. maps 16@10x10
S4: f. maps 16@5x5

Co:1ayer e layer OUTPUT
120 s 0 20

C1: feature aps
INPUT 6@28x28

32x32 S2: f. maps.

Ay rr rrr
i

|
Full conrheclion ‘ Gaussian connections
Convolutions Subsampling Convolutions ~ Subsampling Full connection

e Encoded representation has spatial correlations

Image credit:
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@® Decoding from Embedded Space
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Carnegie Mellon

General case

Raw Data

Features Generated Data

e Perform the inverse process of decoder

o Encoder: compress from dimension N to D for N > D
o Decoder: uncompress from D back to N
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MLP DeCOding Carnegie Mellon

Input Image Reconstructed Image
Latent
28 28 28 28

2 dimension

Encoder Decoder
Hidden layer 2 : Hidden layer 1
300 neurons 300 neurons

Encoder Decoder
Hidden layer 1 Hidden layer 2
500 neurons 500 neurons

Input layer : Reconstruct layer
784 neurons 784 neurons.

e Perform the inverse process of decoder
o Encoder: MLP with decreasing dimensions

o Decoder: MLP with increasing dimensions to the original

e Tutorial:

Image credit: i-systems.github.io
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https://github.com/GjjvdBurg/TensorFlowExperiments/tree/master/autoencoder

RNN Decoding Carnegie Mellon
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e Perform the inverse process of Encoder
o Using previous output and previous hidden
o It models p(z¢|x<¢ so sometimes it’s called an auto-regressive model.

e Tutorial:
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https://www.tensorflow.org/tutorials/sequences/text_generation

Transformer Decoding

Carnegie Mellon

ENCODER #2

ENCODER #1
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D
D
D)
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Thinking Machines

Then normal Attention is used as in Seq2Seq

Decoding as usual to find a word in vocabulary.

’I‘utorial: » NMT-Transformer with pre-trained weights

11-695: AI Engineering

Spring 2019

Self-Attention is used, but only for the seen sequence to that point

Image credit: Jay Alammar

36 / 38



https://colab.research.google.com/github/tensorflow/tensor2tensor/blob/master/tensor2tensor/notebooks/hello_t2t.ipynb

CNN DeCOding: Bey-Ond MNIST Carnegie Mellon

e Deconvolution is only good enough for such tasks as segmetation
where detail is not the first priority

e Maybe we need to add some constraint into embedded space?

e Or maybe we should not use MLE-based method?

Image credit: Hyeonwoo Noh et al
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CNN DeCOding: Bey-Ond MNIST Carnegie Mellon

e Maybe we need to add some constraint into embedded space?
e Or maybe we should not use MLE-based method?

o Next lectures will help provide some appealing solutions to those

questions.

Image credit: Hyeonwoo Noh et al
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