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Announcements

* Kaggle Miniproject is closed
— Report due Thursday

e Public Leaderboard
— How well you think you did

 Private Leaderboard now viewable

— How well you actually did
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# A5d Team Name Score @ Entries # Arank Team Name Score @ Entries

1 15 OYGBYNGB 0.94975 14 1 11 3Shades of Brown 0.93984 24
2 15 3 Shades of Brown 0.94750 24 2 17 The Usual Suspects 0.93916 29
3 12 TurboBoost 0.94700 45 3 115 |IMSA 0.93916 9
4 1 JP 0.94600 11 4 13 kanyeblessed 0.93865 15
5 17 Eman 0.94575 93 5 1 CHM 0.93831 45
6 AthisAlgorithmlsBetterThanOurs 0.94575 15 6 12 JP 0.93814 11
7 15 kanyeblessed 0.94425 15 7 14 TurboBoost 0.93712 45
8 15 TopSauce 0.94325 15 8 17 OYGBYNGB 0.93695 14
9 114 The Usual Suspects 0.94300 29 9 16  tyj518 0.93678 7
10 16 Kobe Wan Kenobi 0.94275 47 10 12 TopSauce 0.93626 15
11 CHM 0.94275 45 11 15 AthisAlgorithmlisBetterThanOurs 0.93626 15
12 1 SD_YC 0.94275 50 12 12 Kobe Wan Kenobi 0.93592 47
13 12 zed 0.94225 20 13 110 Ballls Life 0.93575 7
14 WhiSK 0.94200 12 14 11 zed 0.93490 20
15 17 tyj518 0.94175 7 15 14 ANND 0.93473 10
16 11 The Red Brothers 0.94175 20 16 12 WhiSK 0.93422 12
17 18 fboemer 0.94150 3 17 19  Peaches 0.93405 17
18 IMSA 0.94150 9 18 111 AdaBreaker 0.93388 13
19 ANND 0.94150 10 19 13 The Red Brothers 0.93388 20
20 12 |Just Kaggled 0.94100 25 20 15 Team Rocket 0.93371 13
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Last Week

 Dimensionality Reduction
* Clustering

e Latent Factor Models

— Learn low-dimensional representation of data
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This Lecture

* Embeddings
— Alternative form of dimensionality reduction

* Locally Linear Embeddings

 Markov Embeddings
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Embedding

* Learn a representation U

— Each column u corresponds to data point

* Semantics encoded via d(u,u’)

— Distance between points

http://www.sciencemag.org/content/290/5500/2323.full.pdf
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Locally Linear Embedding
* Given: S = {xi}il Unsupervised Learning

* Learn U such that local linearity is preserved

— Lower dimensional than x
— “Manifold Learning” : :

Any neighborhood
looks like a linear plane

https://www.cs.nyu.edu/~roweis/lle/
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Locally Linear Embedding

e Create B(i) 5 = {xi}il
— B nearest neighbors of x.
— Assumption: B(i) is approximately linear
— X; can be written as a convex combination of x; in B(i)
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https://www.cs.nyu.edu/~roweis/lle/
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Locally Linear Embedding

Given Neighbors B(i), solve local linear approximation W:

argmmz X, - E X —argminEVI/iZCiVifi*
w ;
l

X_E i

JEB()

JEB(i)

2

E ‘/Vij(xi —Xj)

JEB(i)

JEB()

> > WW.C

JEB() kEB(i)

- WiCwW,

https://www.cs.nyu.edu/~roweis/lle/
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Locally Linear Embedding

Given Neighbors B(i), solve local linear approximation W:

argmm X, — —argmin W.C'W, E W, =1
2 Je;z) w 2 ’ ’ =
= (Xl. _xj)T(xi —.Xj)
* Every x; is approximated as o - Bi)
a convex combination of 1 ?\
neighbors A R
— How to solve? A )
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Lagrange Multipliers

argmin L(w)=w' Cw

w
S.t. ‘w‘ =1
-1 if w, <0
V., w|< +1 it w;>0
' ] Solutions tend to
[—1,4‘1] if Wj=0 be at corners!

dA=0: (awL(y,w) E AV |w|) A (|w| = 1)

http://en.wikipedia.org/wiki/Lagrange_multiplier 11



Solving Locally Linear Approximation

Lagrangian:

LW, 2)= 3 (WiCW,. -4, (T"W,, -1)) Sw,=1"W,
aWi’*L(W,)L) = zciwvl-,* — )Li_f

1 — =1 —

A (i |
W,.,*=7’(C) [a(C') 1

- PACH
Wi 2(C) = TS S (o)

kEB(i)

IEB(i) mEB(i)
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Locally Linear Approximation

* |nvariant to:

— Rotation

— Scaling

— Translation
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X; = E Wl.jxj

JEB()
Ax,~ Y AW,x, 3w, =1
JEB(i) JEB(i)
Sx, = E SW.x;
JEB()

13



Story So Far: Locally Linear Embeddings

Given Neighbors B(i), solve local linear approximation W:

argmlnE X, — E X, —argminEWi,T*CiWi,* E W, =
JEB() Vo JEB(D)
o e ' T
Solution via Lagrange Multipliers: Co=@x—x;) (x;—x,)
E (Cl)ﬂc
kEB(i)

WJ —_ - — 1%
> 3 (@) .
Im o7 % *
IEB(i) mEB(i) ool % :

* Locally Linear Approximation

https://www.cs.nyu.edu/~roweis/lle/
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Recall: Locally Linear Embedding
* Given:  §={x}"

* Learn U such that local linearity is preserved

— Lower dimensional than x
— “Manifold Learning”

https://www.cs.nyu.edu/~roweis/lle/
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Dimensionality Reduction

Given local approximation W, learn lower dimensional representation:

2
argminz U, — E W.u,

u i JEB(i)

* Find low dimensional U
— Preserves approximate local linearity

* Neighborhood
represented by W, .

https://www.cs.nyu.edu/~roweis/lle/
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Given local approximation W, Iearn lower dimensional representation:

argmmz U, — E U UU" =1,

JEB(i)

* Rewrite as: l
arglI]ninzMU (ulTuJ) = trace(UMUT)

Mij=1 _Vsz_VVji-l_EWkiij
k

[i=/]
M=(,-W)d,-W)
Symmetric positive semidefinite

https://www.cs.nyu.edu/~roweis/lle/
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Given local approximation W, learn lower dimensional representation:

argminEMij(uiTuj)Etrace(UMUT) UU! = [K
N, =0
* Suppose K=1 ’

argminzMij (ulTu]) = trace(uMuT)
Yo

= argmax trace (uM +uT)

\

pseudoinverse

* By min-max theorem

— u = principal eigenvector of M*

http://en.wikipedia.org/wiki/Min-max_theorem
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Recap: Principal Component Analysis

M =VAV' E

* Each column of V is an Eigenvector _ 0 |
* Each Ais an Eigenvalue (A, 2\, 2 ...)

M =VATV! . e

MM* =VAAN'V' =V, V., =
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Given local approximation W, learn lower dimensional representation:

arglrjninEMlj(uiTuj)Etrace(UMUT) UU" = [,
;

. K=1: D=0

i

— u = principal eigenvector of M*
— u = smallest non-trivial eigenvector of M

* Corresponds to smallest non-zero eigenvalue

* General K
— U =top K principal eigenvectors of M*
— U = bottom K non-trivial eigenvectors of M

* Corresponds to bottom K non-zero eigenvalues

https://www.cs.nyu.edu/~roweis/lle/

http://en.wikipedia.org/wiki/Min-max_theorem
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Recap: Locally Linear Embedding

* Generate nearest neighbors of each x;, B(i)

* Compute Local Linear Approximation:

2
argmlnzx— EWx EWU:l

CB(i
iEB() JEB()

* Compute low dimensional embedding

’ uu' =1,
argmmz U — E Wu,

JEB) Eui =0
i
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Results for Different Neighborhoods

True Distribution 2000 Samples B=3
P
' — ;
P
B=6 B=9 B=12

https://www.cs.nyu.edu/~roweis/lle/gallery.html
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Embeddings vs Latent Factor Models

Both define low-dimensional representation

Embeddings preserve distance:

2
X =%

2
=~

Latent Factor preserve inner product:

T ~ T

u
e Relationship:

2 2 T
+ Hu]H - 2u, U

2
- =l

Lecture 14: Embeddings
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Visualization Semantics

Serious

;
ey [ 2 Latent Factor Model
Similarity measured via dot product
_ = il ] e Rotational semantics
toward ‘e toward .
ks 2 = Can interpret axes
) o L :
- v ioning] Can only visualize 2 axes at a time
Indepl;!:dence
Escapist 58
i
Al : 2
Embedding at
P 2.8
Similarity measured via distance = :‘ﬁ
. . . ! >
Clustering/locality semantics >
. Mos
Cannot interpret axes P
Can visualize many clusters simultaneously Te ,ﬁ' T
X
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Latent Markov Embeddings

Lecture 14: Embeddings
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Latent Markov Embeddings

* Locally Linear Embedding is conventional
unsupervised learning

— Given raw features x;

— l.e., find low-dimensional U that preserves approximate
local linearity

e Latent Markov Embedding is a feature
learning problem

— E.g., learn low-dimensional U that captures user-generated
feedback

Lecture 14: Embeddings 26



Playlist Embedding

PANDORA
u iHeartRadio

e Users generate song playlists
— Treat as training data

C\ST fm

 Can we learn a probabilistic model of
playlists?

Lecture 14: Embeddings
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Probabilistic Markov Modeling

* Training set:

S={S1,...S|S|} D={p,} pl=<p11,9plNz>

Songs Playlists Playlist Definition

N
i=1

* Goal: Learn a probabilistic Markov model of playlists:
P(p! 1p/™)

e What s the form of P?

http://www.cs.cornell.edu/People/tj/publications/chen_etal_12a.pdf
Lecture 14: Embeddings 28



First Try: Probability Tables

S, 0.01
S, 0.03
S3 0.01
S4 0.02
Sg 0.04
Se 0.01
S, 0.07

0.05
0.02

0.09
0.01
0.02
0.08
0.01

Lecture 14: Embeddings
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First Try: Probability Tables

Lecture 14: Embeddings

S, 0.01 0.03 0.01 0.11 0.04 0.04 0.01 0.05
S, 0.03 0.01 0.04 0.03 0.02 0.01 0.02 0.02
S3 0.01 0.01 0.01 0.07 0.02 0.02 0.05 0.09
S, 0.02 0.11 0.07 0.01 0.07 0.04 0.01 0.01
S5

Sg

5 #Parameters = O(|S]?) !!!

30



Second Try: Hidden Markov Models
N; N;
P(pi,z)=P(EndIzN")nP(zj Izj‘l)nP(pl.j 1Z7)
P(Z/ 177"« #iParameters = O(K?)
P(p/1z)) o #Parameters = O(|S|K)

* Total = O(K?) + O(|S]|K)
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Problem with Hidden Markov Models
P(pi,z)=P(EndIzN")1_1P(zj Izj‘l)l_j[P(pl.j 1z7)

* Need to reliably estimate P(s|z)

S={sl,...S|S|} D={P,~}

N
i=1

pi=(plsesp!")

e Lots of “missing values” in this training set

Lecture 14: Embeddings 32



Latent Markov Embedding

u.: entry point of song s P(s | s') exp{— U -1
A S

v,: exit point of song s

I/ls - VS'

ol
P(sls) = Eexp{—

s"

usu - st

]

III

* “Log-Radial” function

— (my own terminology)

http://www.cs.cornell.edu/People/tj/publications/chen_etal 12a.pdf
Lecture 14: Embeddings
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Log-Radial Functions

P(sls") exp{—
P(s"ls)  expl-Ju, - v, [}

2K parameters per song
2|S|K parameters total

Each ring defines an equivalence class of transition probabilities

Lecture 14: Embeddings 34



Learning Problem

S={S1,...S|S|} D={pi}il )22 =<P,~1,...,p,-Ni>

Songs Playlists Playlist Definition

* Learning Goal:

argUnvlaXHP(p,-) = HHP(P,-j Ipi™)
’ i i

B TS,

Eexp{ g Z(s")

http://www.cs.cornell.edu/People/tj/publications/chen_etal 12a.pdf
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Minimize Neg Log Likelihood
argmaxnnP(pij | p/™) = argminEE—logP(pij | p/™)

* Solve using gradient descent

— Homework question: derive the gradient formula
— Random initialization

* Normalization constant hard to compute:

— Approximation heuristics eXp{—
P(sls") =

* See paper Z(s")
\

http://www.cs.cornell.edu/People/tj/publications/chen_etal 12a.pdf
Lecture 14: Embeddings 36
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Simpler Version

. exp{— u —v, 2}
* Dual point model: P(sls')=
Z(s")
_ _ ex {— U —Uu, 2}
* Single point model: P(sls")=
Z(s")

— Transitions are symmetric
e (almost)

— Exact same form of training problem

Lecture 14: Embeddings
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Visualization in 2D

5.8
x Garth Brooks

SI m pler version: : Es: I’\?A:Irlliié Stones 48
Single Point Model ooy Gaga v

v Metallica v
Tl 3.8 v

All

2 '8
exp{—|us—us. } * L 2
P(sls") = .
Z(s") oo
L S
| 2
| 2
Aos
Single point model is | — g B 2
easier to visualize

2.2

http://www.cs.cornell.edu/People/tj/publications/chen_etal 12a.pdf
Lecture 14: Embeddings
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Sampling New Playlists
* Given partial playlist:
p=(p'p’)

* Generate next song for playlist p/*?

— Sample according to:

2 2
| eXP{— U =v, } exp{—”us —U }
P(slp’)= : P(slp’)= .
Z(p") (slp’) Z(0)
Dual Point Model Single Point Model

http://www.cs.cornell.edu/People/tj/publications/chen_etal 12a.pdf
Lecture 14: Embeddings
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Demo

http://jimi.ithaca.edu/~dturnbull/research/Ime/ImeDemo.html

Lecture 14: Embeddings
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What About New Songs?

e Suppose we’ve trained U:

o2kl

 What if we add a new song s’'?

— No playlists created by users yet...
— Only options: u, =0 or u, = random
* Both are terrible!

Lecture 14: Embeddings
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Song & Tag Embedding

e Songs are usually added with tags
— E.g., indie rock, country
— Treat as features or attributes of songs

* How to leverage tags to generate a reasonable
embedding of new songs?

— Learn an embedding of tags as well!

http://www.cs.cornell.edu/People/tj/publications/moore_etal_12a.pdf
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S = {Sl"“SISI} D = {pl}i’l P; =<pll,,plNz>

Songs Playlists Playlist Definition

T={Tl’“'TISI}

Learning Objective:

Tags for Each Song argmax P(D |U)P(U | A,T)
U.A

Same term as before: P(DIU)= HP(pl. 1U) = HHP(p{ | p/~,U)
i i Jj

Song embedding = average of tag embeddings:
2

1
us_TEAt

s|tET;

PWUIAT)= Hp(us |A,T,) Hexp )

Solve using gradient descent:

http://www.cs.cornell.edu/People/tj/publications/moore_etal_12a.pdf
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Visualization in 2D

rnb

hard rock
. metal
ag',tﬁrﬁ‘ga&"e I'Oeﬁeavy metal
alternativePfRRAtve
- k n roll
d K rock |
hip-hop ! |e_roc 90s' RRst-grunge
. punk - 2
" indie progressive rock
- rogledsi rekk
rap rack
" emo -
hip hop - lues rock christian
. e & me?lancl‘ﬁ*Slfl:"OCtﬁ . christian reck
(R v soundtrack "
r&b op, pop r@ﬁq@ oidi
- electronic pop-rock "BCOWs Ic0'Ges
- ballads
p:ﬂﬁlgger-songwriter
” dance o follgzz = = " .
- chillout®

easy listening

country
L ]

modern countr

http://www.cs.cornell.edu/People/tj/publications/moore_etal_12a.pdf
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Revisited: What About New Songs?

* No user has yet s’ added to playlist
— So no evidence from playlist training data:

N
=1

s’ does not appearin ) = {pl}

* Assume new song has been tagged T,

— The u, = average of A, for tags tin T,

— Implication from objective:
argmax P(D|U)P(U | A,T)
U,A
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Recap: Embeddings

* Learn a low-dimensional representation of
items U

e Capture semantics using distance between
items u, U’

e Can be easier to visualize than latent factor
models

Lecture 14: Embeddings
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Next Lecture

Recent Applications of Latent Factor Models

Low-rank Spatial Model for Basketball Play
Prediction

Low-rank Tensor Model for Collaborative
Clustering

Miniproject 1 report due Thursday.



