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Supervised models:

data_slice_2 = Fpparams)(data_slice_|)

determine params
(like w, b) from pair of linked
data tensors
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regression:
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regression: e.g. mean squared error
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Unsupervised data analysis

Supervised models:

data_slice_2 = Fpparams)(data_slice_|)

determine params
(like w, b) from pair of linked
data tensors

Parameters found which minimize some
pre-specified loss function

examples:

regression:

Fw7b(il_f) — szxz + b

categorization:

Fw b(Z) = sign szxz + b

regression: e.g. mean squared error

categorization: e.g. hinge loss

NB: since parameter-finding procedure involves some examples of data_slice_2,
evaluation has to be done via cross-validation on held-out data
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Unsupervised data analysis

Unsupervised models:

exploratory idea = Fpparamsj(data_slice_I)

doesn’t involve pre-determined output

Parameters found which minimize some pre-specified loss function??

How to validate given there are no labels??
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Unsupervised data analysis

No “labels”, just “data’.
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Clustering: sklearn.cluster

k-means clustering Mixture methods:
Hierarchical k-means Gaussian Mixture Models (GMMs)
Affinity Propagation

DB>can ~unsupervised equivalent of regression (kinda)
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-actor Analysis

Multi-Dimensional Scaling (MDS)
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Unsupervised data analysis

No “labels”, just “data’.

http://scikit-learn.org/stable/modules/classes.html#module-sklearn.cluster

Clustering: sklearn.cluster

k-means clustering Mixture methods:

Hierarchical k-means Gaussian Mixture Models (GMMs)

Affinity Propagation

DBScan future class (but after Linear Algebra review)
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Dimension reduction; sklearn.decomposition

Principal Components Analysis (PCA)
-actor Analysis

Multi-Dimensional Scaling (MDS)
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http://scikit-learn.org/stable/modules/classes.html#module-sklearn.decomposition
http://scikit-learn.org/stable/modules/classes.html#module-sklearn.cluster

Clustering

assign datapoint to natural groups based on the

way the data is laid out.

Clustering

Some of the many methods of clustering

GaussianMixture

Birch

AgglomerativeClustering DBSCAN

Ward

SpectralClustering

MeanShift

MiniBatchKMeansAffinityPropagation
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K-means Clustering

k = number of clusters assignment of each point to a cluster

L . / e.g. vector of values in {I, ..., k}, one for each datapoint
C = partition of the data into clusters
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k
argming Y Y ||z — pall?

1=1 x€C};

nosen (‘learned’) to minimize within-cluster sum-of-squares:
= maximize between-cluster sum-of-squares:

loss function



K-means Clustering

k = number of clusters assignment of each point to a cluster

. . / e.g. vector of values in {I, ..., k}, one for each datapoint
C = partition of the data into clusters

C assignment chosen (‘learned’) to minimize within-cluster sum-of-squares:
= maximize between-cluster sum-of-squares:

k
argmin, Z Z 2 — ]| unsupervised

loss function

1=1 x€C;
true data generated from three gaussian blobs k-means clustering result
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k = number of clusters assignment of each point to a cluster
/ e.g. vector of values in {I, ..., k}, one for each datapoint

C = partition of the data into clusters

C assignment chosen (‘learned’) to minimize within-cluster sum-of-squares:

k
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1=1 x€C};

def kmeans(data, k):

choose initial means

= maximize between-cluster sum-of-squares:

loss function
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K-means Clustering

k = number of clusters assignment of each point to a cluster

L . / e.g. vector of values in {I, ..., k}, one for each datapoint
C = partition of the data into clusters

C assignment chosen (‘learned’) to minimize within-cluster sum-of-squares:
= maximize between-cluster sum-of-squares:

k
. o . )
argmmcz Z HZB ’MZH loss function
1=1 x€C;

def kmeans(data, k):

“Ll | ' Y9
choose initial means CstagO”ﬂVﬂ

repeat until stable:

assign polnts to clusters by distance

update means

return assignment



Clustering

[IPYNB: K-means clustering]



Clustering

many fallure cases:

Incorrect Number of Blobs
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Clustering

agglomerative clustering:

data
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Clustering

agglomerative clustering:

Single Linkage Average Linkage Complete Linkage

Ward Linkage
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agglomerative clustering:
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Clustering

agglomerative clustering:
good for

NonN-
euclidean
distances
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~ Q
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for large
datasets



Clustering

agglomerative clustering:

Without connectivity constraints (time 0.04s) With connectivity constraints (time 0.07s)




Clustering

affinity propagation:

Estimated number of clusters: 3

self-selects numbers of clusters
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K-means Clustering

[IPYNB: Other clustering methods]
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|. Run K-means on original data
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Clustering

Hierarchical K-means

|. Run K-means on original data

2. for each resulting cluster,
recursively run K-means on
points In each cluster

L

E k' parameters to learn with supervision
1=0

L = number of layers
k = average branching factor



Unsupervised data analysis
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Mixture Models

Mixture Models are a statistical relaxation of clustering

Negative log-likelihood predicted by a GMM

i = szgz(x) 40_ i

L 102

Q: How to estimate the means and the variances!?

A: Beyond the scope of this course (“Expectation Maximization”)

—> Or you can do stochastic gradient descent, of course

https://www.tensorflow.org/api_docs/python/tf/contrib/factorization

103

L 101

L 100


https://www.tensorflow.org/api_docs/python/tf/contrib/factorization

Mixture Models

Mixture Models are a statistical relaxation of clustering

k 20 Negative log-likelihood predicted by a GMM
Li = E pigi(x) a0
1=1

- 102

E pz p— o
] — 101

(4 o
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-20 . : .

Can say: initialize parameters via K-means

Q: How to estimate the means and the variany

A: Beyond the scope of this course (“Expectation Maximization”)

—> Or you can do stochastic gradient descent, of course

https://www.tensorflow.org/api_docs/python/tf/contrib/factorization



https://www.tensorflow.org/api_docs/python/tf/contrib/factorization

[IPYNB: Gaussian Mixture Models]
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GMM with 2 components True categories
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L likelihood of the data (according to the model)
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A
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penalty for too many parameters

AICzZ-ki—
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ikelihood of the data (according to the model)



Validating Unsupervised Models?

Akalke Information Criterion (AlC)

AIC =

penalty for too many parameters

A

2log(L)

k  number of parameters of model

A

measure of accu racy

L likelihood of the data (according to the model)

k=2 -n.-d

Ne number of components

d number of data dimensions



Validating Unsupervised Models?

Bayesian Information Criterion (BIC)

bigger penalty than AIC
a—

BIC =|log(n) - k|— 2log(L)

k  number of parameters of model

A

L likelihood of the data (according to the model)

N number of data points



Validating Unsupervised Models?

Bayesian Information Criterion (BIC)

bigger penalty than AIC
a—

BIC =|log(n) - k|— 2log(L)

k  number of parameters of model

A

L likelihood of the data (according to the model)

N number of data points

k=2-n.-d asbefore



Validating Unsupervised Models?
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Validating Unsupervised Models!

Variation O data
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GMM with 8 components
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Validating Unsupervised Models!

\/ariatiOn 3 data GMM with 8 components True categories
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Validating Unsupervised Models!

From V4 data

GMM with 8 components True categories
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Theoretical Tangent

, , . Following Konishi and Kitagawa (§9.1.3)
Why Is this a good idea!

A

BIC =log(n) - k — 2log(L)

f(x|@) = parametric distribution describing models as a
function of parameters © and data x

m(f) = prior distribution of parameters ©

Probability of observations X is:

plz) = / F(x10)m(8)d6
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p(z) = / F(x16)m(8)d0
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Following Konishi and Kitagawa (§9.1.3)

p(z) = / F(x16)m(8)d0

_ /610g[f(w|9)]7r(9)d9

— / e~ (@0 1 (0)do L(z,0) = log-likelihood function

Key idea: approximate L(x, ) near maximum-likelihood estimate

H = maximum-likelihood estimate
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Theoretical Tangent

Following Konishi and Kitagawa (§9.1.3)

A

H = maximum-likelihood estimate

So now, what's the Taylor series of £(x,6) near 6 ?

Aaﬁ ]. N 82£ A
g —§)2= ~
)+ O0-0%|  +3

D
N
S
N——"
|
D
N

<S>




Theoretical Tangent

Following Konishi and Kitagawa (§9.1.3)

A

H = maximum-likelihood estimate

So now, what's the Taylor series of £(x,6) near 6 ?
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Theoretical Tangent

Following Konishi and Kitagawa (§9.1.3)

A

H = maximum-likelihood estimate

So now, what's the Taylor series of £(x,6) near 6 ?
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Theoretical Tangent

Following Konishi and Kitagawa (§9.1.3)

A

H = maximum-likelihood estimate

So now, what's the Taylor series of £(x,6) near 6 ?

; ; 1 o 0°L ]
cwyzzwwuﬂ—mzﬁ}%+2w—ﬂ)a%wreée—m+.”

O since é s the MLE
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Theoretical Tangent

Following Konishi and Kitagawa (§9.1.3)
Similarly:

m(0) = m(0) + (0 — é)Tag(;) »




Theoretical Tangent

Following Konishi and Kitagawa (§9.1.3)
Similarly:

7 Om(0)

m(6) = W(é) + (0 — é) o0 |,

+ ...

Putting the two laylor series together we get:

p(z) ~ / LOTIODTVLDOD) [2(§) + (9~ )TV (6)] do



Theoretical Tangent

Following Konishi and Kitagawa (§9.1.3)
Similarly:

Taﬂ-(e)
00 0—0

m(6) = W(é) + (0 — é)

Putting the two laylor series together we get:
p(z) ~ /eﬁ(é)+%(9—é)TV3£(é>(9—é) . [W(é) (0 — é)Tvm(é)} 10
_ £(0),170,0) _(p £(0),170.0)p 4 )
= [ e~\ex w(0)d0 + | e~\"e> (0 —0)Vom(0)do

A

where: J(0,0) = (0 —0)TV2L(0)(0 — 0)



Theoretical Tangent

Following Konishi and Kitagawa (§9.1.3)

/eﬁ(é)e%‘](e’é)w(é)dé’ + /eﬁ(é)eé‘](e’é)(ﬁ — é)V@ﬂ'(é)d@
|

eﬁ(é)w(é) / ez (0:9) gp
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Following Konishi and Kitagawa (§9.1.3)

/65@6%‘](9’@)#(@)616’ + /eﬁ(é)eé‘](e’m(ﬁ — é)VmT(é)d@

L) () / 0 37(0.0) 79 eLOV 7 (6) / ez’ @0 (9 — 0)do
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Following Konishi and Kitagawa (§9.1.3)

/65@6%‘](9’@)#(@)616’ + /eﬁ(é)eé‘](e’m(ﬁ — é)VmT(é)d@

L) () / 0 37(0.0) 79 eLOV 7 (6) / ez’ @0 (9 — 0)do

A

but: J(6,0) = (0 — )TV2L(0)(6 — 6)

IS symmetric In its arguments



Theoretical Tangent

Following Konishi and Kitagawa (§9.1.3)

/65@6%‘](9’@)#(@)616’ + /eﬁ(é)eé‘](e’m(ﬁ — é)VmT(é)d@

L) () / 0 37(0.0) 79 eLOV 7 (6) / ez’ @0 (9 — 0)do

A

but: J(6,0) = (0 — )TV2L(0)(6 — 6)

IS symmetric In its arguments

/F(é’, 0)(0 — 0)dh = 0  for any symmetric function F



Theoretical Tangent

Following Konishi and Kitagawa (§9.1.3)

/65@6%‘](9’@)#(@)616’ + /eﬁ(é)eé‘](e’m(ﬁ — é)VmT(é)dH
1 |l 0

e£O) 1 (4) / 3700 30 EOYentbT T 02709 (9 — §)do

A

but: J(6,0) = (0 — )TV2L(0)(6 — 6)

IS symmetric In its arguments

/F(é’, 0)(0 — 0)dh = 0  for any symmetric function F



Theoretical Tangent

Following Konishi and Kitagawa (§9.1.3)
So we're left with:

p(x) ~ Gﬁ(é)ﬂ'(é) /e%‘](e’é)dﬁ

where:

A

J(0,0) = (0 —0)TV2L(0)(6 — 0)



Theoretical Tangent

Following Konishi and Kitagawa (§9.1.3)
So we're left with:

p(x) ~ eﬁ(é)ﬂ(é)/—e%‘](e’é)dﬁ

where:
. 1 . . .
J(0,0) = —=(0—-)"ViL(6)(0 — 0)

n



Theoretical Tangent

Following Konishi and Kitagawa (§9.

So we're left with:
p(x) ~ eﬁ(é)w(é)/—egjw’é)dﬁ

where:

e e

J(0,0) = —1(9 —NTV2L(0)(0 — 6)

n

But since the above Is normal distribution:

o )P/2
/6—5(9—9) VoL(0)(0-0) 19 — (2 A
\/|v25 0)]

where p = dimension of the parameter space

o = std of process 0 ~ /N

.3)
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Following Konishi and Kitagawa (§9.1.3)

So:

p(z) ~ £ O (6)(2r)/>n P/ H ()

H(0) = (Vilog f(x0,0)) "'/



Theoretical Tangent

Following Konishi and Kitagawa (§9.1.3)

So:

p(z) ~ £ () (2m)? 20~ P/AH (@)  O()inn

H(0) = (Vilog f(x0,0)) "'/
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Following Konishi and Kitagawa (§9.1.3)

So:

p(x) ~ £EO () (2m)P 20~ P/AH(@B)  O)inn

H(0) = (Vilog f(x0,0)) "'/

Thus:
—2log p(x) = —2log f(x,6) + plog(n) + O(1)



Theoretical Tangent

Following Konishi and Kitagawa (§9.1.3)

So:
plz) ~ 6£(é)w(é)(QW)p/Qn_p/Q‘H(é)‘ O(l)inn
H(0) = (V2log f(x0,0)) /2
Thus:
—2log p(z) = —2log f(z,0) + plog(n) + O(1)
Whence:

AN



