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© Motivation

© Multi-Target Prediction

Real-world Applications

Linear Prediction

Bilinear Prediction: Inductive Matrix Completion (IMC)
Bilinear Prediction with Noisy Features
Positive-Unlabeled Learning

© Nonlinear Multi-Target Prediction
@ Goal-Directed IMC: Two-layer Neural Network
@ Deep Neural Networks
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Predicting stock prices

S&P 500 % Dow
8300196 [y anhed 1776324 e nohas
+7.27 (0.35%) © +65.06 (0.37%) ! ’

Crude Oil 49.14 -1.08%  Gold 1,200.90 -0.55% EUR/USD 1.0991 -0.05%

Predicting risk factors in healthcare

STyrs STyrs
LDL3.30 LDL3.16
HDL1.05 HDL1.20
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Smoker Smoker
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@ Real-valued responses (target) t

@ Predict response for given input data (features) a

Feature

Training
example

ai |ai| a2

Qid

Target
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o Estimate target by a linear function of given data a, i.e. t~t=a'x.

Training
example

aj

Feature

a;2

Ajd

d
Z GipTp
Weights p=1 Target
1 1
[
d
n
X t

Inderjit S. Dhillon UT Austin & Amazon



@ Choose x that minimizes

@ Closed-form solution: x*

o
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LIS LTE9

Character Recognition

Ql234Y56 )T
011213856 /%7

o

Spam detection
Gmail -




o Categorical responses (target) t
@ Predict response for given input data (features) a
@ Linear methods — decision boundary is a linear surface or hyperplane

@ Class1
Linear Decision boundary X Class2
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Regression:
o Ridge Regression: Jy = 2> (alx —t;)2 + A|[x[|3.
o Lasso: =137 (a)x — ;)% + Al|x||1.

I

Classification:
@ Linear Support Vector Machines

1 n
J = > Zl max(0,1 — t;a; x) + A||x||3.
=
@ Logistic Regression

1 n
k=73 Zl log(1 + exp(—t;a] x)) + Al[x[[3.
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Robert Tibshirani
Jerome Friedman

The Elements of
Statistical Learning

3 Linear Methods for Regression
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4 Linear Methods for Classification
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3 Linear Models for Regression
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Multi- Target Prediction
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Ad-word Recommendation

C | www.google.com

GOOSIQ beginner yoga classes

Web
Images
Maps
Videos

News

More

Lauara Yoga Studio (645) 7024506
waw lauarayoga.com

Great for beginners. Get the first 3 classes free! Call row

Youth Yoga Classes
www.yogakids.com

Yoga for 2l ages' We offer modern faciities and reasonable rates
Yoga Kids Inc. - 610 McKerze Bou. Denver, CO

Yoga Accessor
WAW.yogaaccessones.com
Exgens or beginners, we have everything you need for yoga

Yoga Yoga Denvet
waw yogayogadenvers com

Yoga classes in denver New 1o Yoga? Stan here! Mommy & baby yoga!
Map & directions to studio - Rent our Space - Energy/Exchange opportunites

Yoga Basics: Your guide to the Practice of Yoga

n & Amazon

Hot Yoga Classes
w.yogabears com/hotyoga
Dynarmic, fun and cost effecte |
Specal. 10 classes for $100

Yoga for beginners

e ashiyoga.com

Burn calories and find peace
Small classes. Fret waek frea!
(354) 555.0111 - Drectians

Lilac Yoga Studio
www lilacyogadenver com

Try owr popular yoga sessions
Limited tme $100 for 10!




Ad-word Recommendation

geico auto insurance
geico car insurance

car insurance

geico insurance

need cheap auto insurance

geico com

car insurance coupon code GEIGD®

geico.com
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Wikipedia Tag Recommendation

@ Learning in computer
vision

@ Machine learning

o Learning

o Cybernetics
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Predicting associated disease genes

Abnormal kidney
pi
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l Response to salt stress

Candidates
1 AQP1
2 AQP6

3 AQP5

4 MIP
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Product Search

Al ~  yoga mat

See Color Options

BalanceFrom GoYoga All-Purpose 1/2-Inch

See Color Options

AmazonBasics 1/2-Inch Extra Thick Exercise

Extra Thick High Density Anti-Tear Exercise ith Carrying Strap

ith Carrying Strap

anceFrom

$1795-$35% prime

Some colors are Prime eligible

More Buying Choices
$14.81 (6 used & new offers)

FREE Shipping on eligible orders
Show only BalanceFrom items

TR AR v5714

By AmazonBasics

$17% Lprime

Some colors are Prime eligible
FREE Shipping on eligible orders
Show only AmazonBasics items

ik

v 256

& Amazon

rime student
~

Get 50* off Prii

See Color Options

Reehut 1/2-Inch Extra Thick High Density
NBR Exercise for Pilates, Fitness &
Workout w/ Carrying Strap

by Reehut

$20%° $39.99 prime

Some colors are Prime eligible

FREE Shipping on eligible orders and 6 more
promotions ¥

Show only Reehut items

KR AR v 1,756



Youtube recommendation

Inderji

|=»

~ G a

Recommended

David Attenborough's - Light : David Attenborough's - David Attenborough Rise of
On Earth 10f2 - HD 720p. Natural History Museum Animals Triumph of the
Wildlife Documentary Around ... Wildlife Documentary Around ... FunnyK channel

53K views + 1 week ago 61K views * 2 weeks ago 39K views + 5 months ago

s !
BEIS 55125H) SRR FL David Attenborough - Frozen The Very Best of Yiruma

HRIPRHNE THMEAPP  Planet Ep1of 7- Piano Greatest Hits Full
REE Wildlife Documentary Around ... Youtube Upload
155K views + 2 months ago 17K views + 1 month ago 5.7M views * 2 years ago
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Model architecture for youtube recommendation

approx. top N
Ppro%. top class probabilities

“. videoivectors v
nearest neighbor .
index
user vector

serving

[ ReLU

[ watchvector | searchvector | IR 1P P I D

example age
gender
geographic
embedding

embedded video watches embedded search tokens

P. Covington, J. Adams, and E. Sargin. Deep neural networks for youtube recommendations. Proceedings of the 10th ACM
Conference on Recommender Systems. ACM, 2016.
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@ Millions of correlated targets, and missing target values

Targets have features

Noisy Features
e Positive-unlabeled (PU) target values

@ Non-linear Structure
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@ Millions of correlated targets, and missing target values
o Low-rank + Alternating Least Squares

Targets have features
o Bilinear Prediction: Inductive Matrix Completion (IMC)
Noisy Features
e Dirty IMC
Positive-unlabeled (PU) target values
e PU learning for IMC
@ Non-linear Structure
o Deep Learning for IMC
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@ Input data a; is associated with m targets, t; = (t,-(l), t,-(2)

Feature . Tarfei

Training
example

ai |ai1] a2 oo |aig
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@ Basic model: Treat targets independently

@ Estimate regression coefficients x; for each target j

d
Z AipTpj
Weights p=1 Target
J m 1 J

Feature

m

Training 1
example

ai | a1 ai2 e @44

R
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o Assume targets tU) are independent
@ Linear predictive model: t; ~ a,-TX

@ Objective for multi-target regression:

in ||T — AX]|?
min | i3
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o Assume targets tU) are independent
@ Linear predictive model: t; ~ a,-TX

@ Objective for multi-target regression:

in ||T — AX]|?
min | i3

@ Closed-form solution:

VAX tUA T = arg min || T - AX||%

where A= UpX s V; is the thin SVD of A
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o Assume targets tU) are independent
@ Linear predictive model: t; ~ a,-TX

@ Objective for multi-target regression:

in ||T — AX]|?
min | i3

@ Closed-form solution:

VAX tUA T = arg min || T - AX||%

where A= UpX s V; is the thin SVD of A

In multi-label classification: Binary Relevance (independent binary classifier
for each label)

Inderjit S. Dhillon UT Austin & Amazon



@ Exploit correlations between targets T, where T =~ AX

@ Reduced-Rank Regression [A.J. Izenman, 1974] — model the
coefficient matrix X as low-rank

Feature Weights Tﬂfge'
1
Training
example
\ aj |ai1 iz Qid
A X=vZ" T

(YTa,Z7ej)

Inner Prod.

YTa;

900

’//?\x

“-Q..

‘@ @ﬁ?@@ .

A. J. lzenman. Reduced-rank regression for the multivariate linear model. Journal of Multivariate Analysis 5.2 (1975): 248-264.
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@ X is rank-k
@ Linear predictive model: t; ~ a,-TX

o Objective for low-rank multi-target regression:

min | T — AX||%
X:rank(X)<k
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o X is rank-k
@ Linear predictive model: t; ~ a,-TX
o Objective for low-rank multi-target regression:

min | T — AX||%
X:rank(X)<k

@ Closed-form solution:

X* = ] T — AX|?
g X:rarI;Tlll(g()Sk “ “F
_ VaZtUS T if Alls full row rank,

a {vAzgle otherwise,

where A = UpXa V;\r is the thin SVD of A, M = UX T, and Ty, My are
the best rank-k approximations of T and M respectively.
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@ In many applications, several observations (targets) may be missing

e E.g. Recommending tags for images and wikipedia articles

(201 | [ Apil | [ Canterbury
["England | [ Europe | [ Kent
["United Kingdom | [ Cathedral |
[ Canterbury Cathedral

| StMichaels Chapel | | Chapel |
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Feature

Training

Missing value
example

ai (2| a2 ... [aid
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Feature

Training
example

ai |G

a52

did

Weights Target

X

@ Low-rank model: t; = a,TX where X is low-rank

H. F. Yu, P. Jain, P. Kar, and I. S. Dhillon. Large-scale Multi-label Learning with Missing Labels. In Proceedings of The 31st
International Conference on Machine Learning, pp. 593-601 (2014).
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o X is rank-k

@ Linear predictive model: t; ~ a,-TX

@ Objective for low-rank multi-target regression with missing target
values:

min Z (a] Xej — T;)?,

X:rank(X)<k e

where € is the set of observed targets.
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o X is rank-k

@ Linear predictive model: t; ~ a,-TX

@ Objective for low-rank multi-target regression with missing target
values:

. T 2
TXej — Ty)?,
X:rart;rlll(nX)Sk Z (al € J)
(iJ)eQ

where € is the set of observed targets.

@ No closed-form solution

Inderjit S. Dhillon UT Austin & Amazon



o Algorithm 1 (LEML(Nuclear)): Nuclear-norm constraint objective

||Xr|r|1i2X Z (a,TXej — T,'J')z
=T (ij)eq

o Convex Relaxation
o Algorithm 2 (LEML(ALS)): Alternating Least Squares

; TyrT 2 2 2
min a, YZ e—Tyj) + X YIg+1Z
YGRka,IzeRmxk(mZeQ( i J i) (IY1lE +1Zl1F)

o Alternately minimize w.r.t. Y and Z
e Non-convex optimization
e Computationally cheaper than nuclear-norm method
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161,780 training images
107,879 test images
1,134 features

1,000 tags
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@ Low-rank Model with kK = 50:
time(s) prec@l prec@3 AUC
LEML(ALS) 574 20.71 15.96 0.7741
WSABIE 4705 1458 11.37 0.7658

@ Low-rank Model with k = 100:
time(s) prec@l prec@3 AUC
LEML(ALS) 1,097 20.76 16.00 0.7718
WSABIE 6,880 12.46 10.21  0.7597

LEML: H. F. Yu, P. Jain, P. Kar, and I. S. Dhillon. Large-scale Multi-label Learning with Missing Labels. In ICML (2014).
WSABIE: J. Weston, S. Bengio, and N. Usunier. Wsabie: Scaling up to large vocabulary image annotation. in IJCAI (2011).
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Wikipedia Dataset

Fesa B3t View oy [Sech al

and
data mining

Categories: Learning in computer vision | Machine learning | Leaming | Cybernetics

o 881,805 training wiki pages
@ 10,000 test wiki pages

@ 366,932 features

e 213,707 tags
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@ Low-rank Model with kK = 250:

time(s) prec@l prec@3 AUC
LEML(ALS) 9,932 19.56 14.43 0.9086
WSABIE 79,086 1891 14.65 0.9020

@ Low-rank Model with kK = 500:

time(s) prec@l prec@3 AUC
LEML(ALS) 18,072 22.83 17.30 0.9374
WSABIE 139,290 19.20 15.66  0.9058

LEML: H. F. Yu, P. Jain, P. Kar, and I. S. Dhillon. Large-scale Multi-label Learning with Missing Labels. In ICML (2014).
WSABIE: J. Weston, S. Bengio, and N. Usunier. Wsabie: Scaling up to large vocabulary image annotation. in IJCAI (2011).
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@ Millions of correlated targets, and missing target values
o Low-rank + Alternating Least Squares

Targets have features

Noisy Features
e Positive-unlabeled (PU) target values

@ Non-linear Structure
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@ Millions of correlated targets, and missing target values
o Low-rank + Alternating Least Squares

Targets have features
o Bilinear Prediction: Inductive Matrix Completion (IMC)
Noisy Features

Positive-unlabeled (PU) target values

@ Non-linear Structure
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Bilinear Prediction: Inductive Matrix
Completion (IMC)
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o Augment multi-target prediction with features on targets as well

@ Motivated by modern applications of machine learning —
bioinformatics, recommendation system with item features

@ Need to model dyadic or pairwise interactions

@ Move from linear models to bilinear models — linear in input features
as well as target features

Inderjit S. Dhillon UT Austin & Amazon



Target
(column entity)
“Column” Feature __|

Training
example “Row” Feature
(Row entity) .
ai [aifaid] | e ?
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Task
(column entity)

Training “ M “Column” Feature
example Row” Feature s bj
(Row entity’
ai |G| 2| | [Gidy ~
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@ Bilinear predictive model: Tj; ~ a,.Tij

@ Objective for bilinear predictive model

min || T — AXB'||%

Inderjit S. Dhillon UT Austin & Amazon



@ Bilinear predictive model: Tj; ~ a,.Tij

@ Objective for bilinear predictive model

min || T — AXB'||%

@ Closed-form solution:

VaX tUL TURE g Vg = arg min | T — AXBT|%

where A = UAZAV;, B=Ugipg V‘,;r are the thin SVDs of A and B

Inderjit S. Dhillon UT Austin & Amazon



o X is rank-k
o Bilinear predictive model: T; ~ a/ Xb;
@ Objective for low-rank bilinear model:

min | T — AXBT|%
X:rank(X)<k

Inderjit S. Dhillon UT Austin & Amazon



o X is rank-k
o Bilinear predictive model: T; ~ a/ Xb;
@ Objective for low-rank bilinear model:

min | T — AXBT|%
X:rank(X)<k

@ Closed-form solution:

X*=  min | T — AXBT|%
X:rank(X)<k

[ VaZ tUS T UBE R VG if A, B are full row rank,
| Vazimezgtvg otherwise,

where A = UAZAV;, B =UgXpg V; are the thin SVDs of A and B,
M = UX TUg, and Ty, M are the best rank-k approximations of T
and M

Inderjit S. Dhillon UT Austin & Amazon



Training
example

“Row” Feature d
>

(Row entity)

ai
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Task
(column entity)
“Column” Feature

b;

BT

TXb,

T

J




@ Algorithm 1: Nuclear-norm constraint objective

; T 2
”ergx Z (a; Xb; = T)
(iJ)eQ

o Convex Relaxation

@ Algorithm 2: Alternating Least Squares (ALS)

oo Megans 2 (TVZT = T £ MIYVIE +121)
1,J)E

e Non-convex optimization
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@ Algorithm 1: Nuclear-norm constraint objective

; T 2
”ergx Z (a; Xb; = T)
(iJ)eQ

o Convex Relaxation

@ Algorithm 2: Alternating Least Squares (ALS)

oo Megans 2 (TVZT = T £ MIYVIE +121)
1,J)E

e Non-convex optimization

@ Can we recover the model? How many observations are required?

Inderjit S. Dhillon UT Austin & Amazon



@ Matrix Completion:
e Recover a low-rank matrix from partially observed entries

o Exact recovery requires O(kn) observed entries

(YTe, Z7e;)
Inner Prod.
k
~ n
n
k
T Y zT

O(n) hides polylog(n)
E. J. Candes and B. Recht. Exact matrix completion via convex optimization. Foundations of Computational mathematics (2009).

Inderjit S. Dhillon UT Austin & Amazon



@ Inductive Matrix Completion:
e Recover a low-rank bilinear model from partially obtained targets

@ Degrees of freedom in X are O(kd)
o Can we get better sample complexity (than O(kn))?

- BT
P
Y

o~
)

ééé &

Inderjit S. Dhillon UT Austin & Amazon



Theorem (Recovery Guarantees for Nuclear-norm Minimization)

Let X, = U, X, V,) € R¥*9 pe the SVD of X, with rank k, and
T = AX.B". Let X = || X,||+. Assume A, B are orthonormal matrices
w.l.o.g., satisfying the incoherence conditions. Then if Q is uniformly

observed with
|| > O(kd log dlog n),

the solution of nuclear-norm minimization problem is unique and equal to
X« with high probability.
The incoherence conditions are

_ud

d
Cl. max|ja;|5 < L7 max [bj||3
icln) j€ln] n

n

k k

C2. max||U a3 < F25, max | Vbl < B
i€[n] n J€E[n] n

K. Zhong, P. Jain, I. S. Dhillon. Efficient Matrix Sensing Using Rank-1 Gaussian Measurements. In ALT (2015).
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Theorem (Convergence Guarantees for ALS )

Let X, be a rank-k matrix with condition number 8 and T = AX,BT.
Assume A, B are orthogonal w.l.o.g. and satisfy the incoherence conditions.
Then if Q is uniformly sampled with

Q| > O(Kk*5d log d),

then after H iterations of ALS,
H = O(log([| X«|[£/€)).

The incoherence conditions are:

|YuZii1 — Xill2 < €, where

Cl1. max a3 < M—d, max || bj||3 < nd
ie[n] n’ jeln

k k
C2’. max ||V, ail? < 225 max ||z bl < 25 vh=1,2,--  H
i€[n] n J€[n] n

K. Zhong, P. Jain, I. S. Dhillon. Efficient Matrix Sensing Using Rank-1 Gaussian Measurements. In ALT (2015).
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@ Sample complexity of Inductive Matrix Completion (IMC) and Matrix
Completion (MC).

methods IMC MC
Nuclear-norm O(kd) O(kn) (Recht &Cands, 2009)
ALS O(k*32d) | O(k*B%n) (Hardt, 2014)

where 3 is the condition number of X
@ In most cases, n > d
@ Incoherence conditions on A, B are required
o Satisfied e.g. when A, B are Gaussian (no assumption on X needed)

K. Zhong, P. Jain, |. S. Dhillon. Efficient Matrix Sensing Using Rank-1 Gaussian Measurements. In ALT (2015).
E. J. Cands and B. Recht. Exact matrix completion via convex optimization. Foundations of Computational mathematics (2009).
M. Hardt. Understanding alternating minimization for matrix completion. Foundations of Computer Science (2014).

Inderjit S. Dhillon UT Austin & Amazon



@ All matrices are sampled from Gaussian random distribution.

o Left two figures: fix k =5, n = 1000 and change d.

@ Right two figures: fix k =5, d = 50 and change n.

@ Darkness of the shading is proportional to the number of failures
(repeated 10 times).

000 1 3000

g

g

8

E

T
i

T

i
g
g

Number of Measurements.
8

Number of Measurements.
8
Number of Measurements.
8

g

200 400 600 800 1000 °

E
50 100 150 o 0 O % 200 400 600 800 1000 °

3

|Q vs. d (ALS) || vs. d (Nuclear) || vs. n (ALS) || vs. n (Nuclear)

@ Sample complexity is proportional to d while almost independent of n
for both Nuclear-norm and ALS methods.
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@ Millions of correlated targets, and missing target values
o Low-rank + Alternating Least Squares

Targets have features
o Bilinear Prediction: Inductive Matrix Completion (IMC)
Noisy Features

Positive-unlabeled (PU) target values

@ Non-linear Structure
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@ Millions of correlated targets, and missing target values
o Low-rank + Alternating Least Squares

Targets have features
o Bilinear Prediction: Inductive Matrix Completion (IMC)
Noisy Features
e Dirty IMC
Positive-unlabeled (PU) target values
e PU learning for IMC
@ Non-linear Structure
o Deep Learning for IMC

Inderjit S. Dhillon UT Austin & Amazon



Bilinear Prediction with Noisy Features

Inderjit S. Dhillon UT Austin & Amazon



o IMC implicitly assumes that features are good, i.e.,
col(T) C col(A) and row(T) C col(B)

@ When features are not good, learn underlying matrix T jointly from two
parts:
1. Feature-covered part: AXBT.
2. Residual part: N.
= Estimate T as AXBT + N. (DirtyIMC)
@ Both X and N are preferred to be low-rank.

© X = YZT, where Y € RIxk 7 ¢ RI*k
© N=WHT, where W € Rk H ¢ Rk
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(YTa,Z7h;) + (WTe, HTej)
(WTe, HTej)

(Y7a;, Z7b;)

Inderjit S. Dhillon UT Austin & Amazon



@ Algorithm 1: Nuclear-norm constraint objective

min > (& Xbj + Ny) — T;)?
(i)e

st X[« < &, Nl <N

@ Algorithm 2: Alternating Least Squares (ALS)
- TyrT TwyT 2
TYZTh; + e WH &) — T;
Y,Zm,w/,H ('Z);Q((a: j + € €) i)
iJ

st. Y e Rk Z e Rk W e R™K H e R™K
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@ Intuition: what is the meaning of good features?
o T lies mostly in the space spanned by features.

o A formal measurement:
o Define linear projection onto col(A) and col(B):

X =arg min |AXBT — T|2,

e The trace norm of residual is used for measuring quality of features.
N =|T—-AXB"|.

o Smaller N implies a better (linear) feature set.
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Consider nuclear-norm objective with X = || X||. and N' = | T — AXBT ||.. Then with
probability at least 1 — §, the optimal solution (N, X) satisfies:

%H/V +AXBT — T|[} <min {Le/\/'\/krg{,, \/CLZBW}

Led® [logn |Og%
+ 2 [T+ By ot
7? 12 2]

where B, C,~, Ly are all numerical constants.
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What does this error bound mean?
o The feature quality measure, N := || T — AXBT|.

Case 1: when features are perfect, N’ =0
Case 2: when features contain no information, A" = O(n)
Case 3: when features are noisy but still informative, A" = o(n)

o Consider Case 3, i.e., N' = o(n),
@ if use IMC,
im_ —||AXBT T|2 -0

@ if use DirtyIMC,
lim —||N+AXBT Tz — 0,

n—o0 N2

as long as |Q| = o(n')
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@ Sign prediction task on a review sharing site Epinions
(n~ 105K, |Q| ~ 807K), where people can trust or distrust others.

@ Low-rank MC and IMC yield state-of-the-art results on these problems.
o We also collect features a; € R* for each person i from review history.
@ Thus, we can replace MC with DirtyIMC by encoding side information.

@ DirtyIMC performs the best in terms of both accuracy and AUC.

Method \ Accuracy AUC

DirtyIMC | 0.947440.0009 0.9506
MC 0.9412+0.0011  0.9020
IMC 0.9139+0.0016  0.9109
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Positive-Unlabeled Learning
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Predicting related disease genes

Abnormal kidne)

l Response to salt stress
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Candidates
1 AQP1
2 AQP6

3 AQP5

4 MIP

40 MYBL2

- Gene—Phenotype

Gene-Gene

» == w= Candidate link




In many applications, only “positive” labels are observed

Training
example
(Row entity),

“Row” Feature

ai

L2231

a2 Qid,

da

di

Task
(column entity)
“Column” Feature

b;

BT
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Learning Task

Supervised

Semi-supervised

Positive-
Unlabeled (PU)

Unsupervised

“Positives” “Negatives” “Unlabeled”

v’
v’
1%

v’
Vv

vV’

S <

(X,Y)~D

q
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@ No observations of the “negative” class available

Training data




o Guarantees so far assume observations are sampled uniformly

@ What can we say about the case when observations are all 1's
(“positives”)?

e Typically, 99% entries are missing (“unlabeled”)
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@ Inductive Matrix Completion:

: T 2
||XTJ%X Z (ai ij a TU)
(ij)eq

@ Commonly used PU strategy: Biased Matrix Completion

min  « (a/ Xb; — T;)?> + (1 — «) Z (a Xb; — 0)?
=7 (ij)en (i)gQ

Typically, @« > 1 —a (a = 0.9).

V. Sindhwani, S. S. Bucak, J. Hu, A. Mojsilovic. One-class matrix completion with low-density factorizations. ICDM, pp.
1055-1060. 2010.
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@ Inductive Matrix Completion:

: T 2
||Xr|r|1*lg?( Z (ai ij a TU)
(ij)eq

@ Commonly used PU strategy: Biased Matrix Completion

min  « (a/ Xb; — T;)?> + (1 — «) Z (a Xb; — 0)?
=7 (ij)en (i)gQ

Typically, @« > 1 —a (a = 0.9).

@ We can show theoretical guarantees for the biased formulation

V. Sindhwani, S. S. Bucak, J. Hu, A. Mojsilovic. One-class matrix completion with low-density factorizations. ICDM, pp.
1055-1060. 2010.
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@ Can be formulated as learning with “class-conditional” noise

P(Y =-1Y =+1) = p1
PY=+1Y =-1)=p_1

Becomes PU learning
when p_1 =0

o ° Class-conditional noise ’ . ° °

(X X
Y ° o0

(X,Y)~D (X,¥)~D,
Noisy training data

N. Natarajan, I. S. Dhillon, P. Ravikumar, and A.Tewari. Learning with Noisy Labels. In Advances in Neural Information
Processing Systems, pp. 1196-1204. 2013.
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A deterministic PU learning model

M T

0.2 01 0 0.8
0 06 0.1 09

0 0 08 01 #

0.9 0 02 0.1

o= o o o
- O O = O
o o =< O o
s |lolo|a|=

1 if Mj; > 0.5,
0 if M <0.5
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A deterministic PU learning model

M T T
02 0.1 0 0.8 0 0 0 1 ? ? ? 1
0 06 0.1 09 0 1 0 1 ? 1 ? ?
0 0 0.8 01 # 0 0 1 0 # ? ? 1 ?
0.9 0 0.2 01 1 0 0 0 1 ? ? ?
0 0.6 0 1 0 1 0 1 ? ? ? 1

o P(T; =0|T;j=1)=pand P(T; =0|T; =0) = 1.
o We are given only T but not T or M

o Goal: Recover T given T (recovering M is not possible!)
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Theorem (Error Bound for PU IMC)

Assume ground-truth X satisfies | X||. < X (where M = AXBT). Define
T,J = l[(AXBT),J > 0.5], A = max; [|a;|| and B = max; ||b;|. If o = #,
then with probability at least 1 — 9,

Vl0og(2/8)  XAB\/log2d
T =TI = o( MR (1—p)n3/2)

@ In other words, as longas 1 — p = O(IO%),

lim ||T TH,_——>O

n—o0 n

C-J. Hsieh, N. Natarajan, and |. S. Dhillon. PU Learning for Matrix Completion. In Proceedings of The 32nd International
Conference on Machine Learning, pp. 2445-2453 (2015).
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OMIM pages
Microarray

Orthologous
phenotypes™ -

Jatent EGBRS Disease
idf imilariti
<=1,8,,, similrities
=> NF2 ACH
! ] 031

bj

LT e

F _ [ [

T;; = af Xb;

N. Natarajan, and I. S. Dhillon. Inductive matrix completion for predicting gene disease associations. Bioinformatics, 30(12),
i60-i68 (2014).
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I
N
T

P(hidden gene among genes looked at)
o

—— Catapult T
- - --Katz

Matrix Completion on C
—IMC
- --LEML
o Matrix Completion

20

40 60
Number of genes looked at

15
Recall(%)

Predicting gene-disease associations in the OMIM data set

20

25

30

(www.omim. org).

N. Natarajan, and I. S. Dhillon. Inductive matrix completion for predicting gene disease associations. Bioinformatics, 30(12),
i60-i68 (2014).
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—— Catapult T T T T T
- - -Katz

Matrix Completion on C
—IMC
0.1r - - -LEML 1

[
N

P(hidden gene among genes looked at)
o

P(hidden gene among genes looked at)

0 I 1 I 1 0
0 20 80 100 0 20

40 60 40 60
Number of genes looked at Number of genes looked at

Predicting genes for diseases with no training associations.

N. Natarajan, and I. S. Dhillon. Inductive matrix completion for predicting gene disease associations. Bioinformatics, 30(12),
i60-i68 (2014).
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Nonlinear Prediction
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e Key ideas for Goal-Directed IMC (GIMC):
o Non-linear feature mapping.
e A — ©(A) using non-linear mapping.

e Learn the model and non-linear mapping simultaneously.

@ learn model and features jointly in a framework.
o alternating minimization.

o(B)T

@(4)
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e GIMC framework:

yzm&”u > (T = (pua(AYZ Toue(B) i) + MU YIE + 1Z117).
A (ij)eq

@ Uy and Ug are parameters for the non-linear feature mapping.
@ Y, Z are the model.

YT oWaap), ZToUgh)))

S. Si, K.-Y. Chiang, C.-J. Hsieh, N. Rao, and |.S.Dhillon. Goal-Directed Inductive Matrix Completion. In- KDD, 2016.
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o Multi-label learning:
o LEML[Yu et al. 2014]: an embedding based technique.
o FASTXML[Prabhu and Varma, 2014]: a random forest approach.
o SLEEC|Bhatia et al. 2015]: an ensemble of local distance preserving
embeddings.

@ Results (Precision @ 1, 3, 5):

Delicious NUS-WIDE Delicious-large
P1 (%) P3(%) P5(%)|PL(%) P3(%) P5(%)|P1(%) P3(%) P5(%)
GIMC 71.40 65.16 59.79 | 22.49 17.40 14.70 46.13 40.32 38.15
SLEEC 68.38 61.50 56.35 17.67 14.20 12.07 | 47.03 41.67 38.88
FastXML 69.65 63.93 59.36 21.00 16.32 13.66 42.81 38.76 36.34
LEML 65.66 61.15 56.08 20.76 16.00 13.11 40.30 37.76 36.66

@ On Delicious and NUS-WIDE, GIMC performs the best.

@ On Delicious-large dataset, GIMC has similar accuracy with SLEEC,
but takes much less time: 4,724 vs 25,289 seconds.
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Goal: find a clustering of n items given:
o feature matrix A € R"*9.
e pairwise constraints { Tj; | (,j) € Q} describing similar/dissimilar pairs.
o Earlier state-of-the-art: MCCC algorithm [Yi et. al, ICML 2013]:
1. Learn a low rank similarity matrix S by conducting IMC on 2.
2. Do k-means clustering on top-k eigenvectors of S.

Thus, we can replace IMC step in MCCC with GIMC.
Results on clustering error rate:

Dataset n| d| k| # constraints || || k-means | MCCC IMC | GIMC
n 0.1433 | 0.0891 | 0.0683 | 0.0724
5n 0.1347 | 0.0800 | 0.0580 | 0.0570
Segment | 2319 | 19 | 7 10n 0.1363 | 0.0809 | 0.0650 | 0.0446
15n 0.1362 | 0.0872 | 0.0678 | 0.0402
20n 0.1330 | 0.0837 | 0.0564 | 0.0380
n 0.2523 | 0.2498 | 0.1840 | 0.1898
5n 0.2112 | 0.1772 | 0.1930 | 0.1592
Covtype-sub | 1711 | 54 | 7 10n 0.2068 | 0.1708 | 0.1722 | 0.1388
15n 0.2203 | 0.1677 | 0.1687 | 0.1262
20n 0.2124 | 0.1607 | 0.1561 | 0.1078
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Deep Neural Networks
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Recall model architecture:

approx. top N

nearest neighbor
index

serving

class probabilities

videoivectors v;

user vector i

training

[ ReLU |
i
example age
gender
geographic
embedding

[ watchvector | search vector

embedded video watches embedded search tokens

P. Covington, J. Adams, and E. Sargin. Deep neural networks for youtube recommendations. Proceedings of the 10th ACM
Conference on Recommender Systems. ACM, 2016.
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Video Recommendation

Relevance(User, Video) = (f(U), g(V))

Video Embedding

XN

| profile | |searched queries || watched videos Video

User Embedding

User information
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Web Search (DSSM Model)

Posterior probability
computed by softmax

P(D,|Q) P(D:|Q) P(D,|O)

Relevance measured
by cosine similarity

Semantic feature y
s

Multi-layer non-

linear projection 5,

Word Hashing 1

Term Vector X

0 D, D, D,

P. S. Huang, X. He, J. Gao, L. Deng, A. Acero, & L. Heck, Learning deep structured semantic models for web search using
clickthrough data. In Proceedings of the 22nd ACM international conference on Conference on information & knowledge
management (2013)
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Web Search

@ Training data: 100 million query-document pairs with rich click information
sampled from one-year query log files of a commercial search engine.

@ Evaluation Data: 16k queries, each with about 15 documents whose relevance

scores are labeled as 0-4 by human.

P. S. Huang, X. He, J. Gao, L. Deng, A. Acero, & L. Heck, Learning deep structured semantic models for web search using
clickthrough data. In Proceedings of the 22nd ACM international conference on Conference on information & knowledge

management (2013)
Inderjit S. Dhillon UT Austin & Amazon

# |Models NDCG@1 | NDCG@3 | NDCG@10
1 |TF-IDF 0.319 0.382 0.462
2 |BM25 0.308 0.373 0.455
3 |WIM 0.332 0.400 0.478
4 |LSA 0.298 0.372 0.455
5 |PLSA 0.295 0.371 0.456
6 |DAE 0.310 0.377 0.459
7 |BLTM-PR 0.337 0.403 0.480
8 |DPM 0.329 0.401 0.479
9 |DNN 0.342 0.410 0.486
10 |L-WH linear 0.357 0.422 0.495
11 |L-WH non-linear 0.357 0.421 0.494
12 |L-WH DNN 0.362 0.425 0.498

Table 2: Comparative results with the previous state of the art
approaches and various settings of DSSM.



@ Small steps: we have shown recovery guarantees for single-target
regression problems with one-hidden-layer neural network.

input hidden nodes  output
X G(W*Tx)  y= v¥Th(W*Tx)

K. Zhong, Z. Song, P. Jain, P. L. Bartlett & I. S. Dhillon. Recovery Guarantees for One-hidden-layer Neural Networks. ICML 2017
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@ Objective function
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@ Objective function

K 2

?S(W) =5, Z Z Vi*SO(WiTXj) —Yj

Jj€ln] \i=1

@ We show local strongly convexity near the ground truth.

@ Standard gradient descent will converge linearly to the ground truth
when initialized appropriately.

o Future work: extend to multi-target with missing values.

K. Zhong, Z. Song, P. Jain, P. L. Bartlett & |. S. Dhillon. Recovery Guarantees for One-hidden-layer Neural Networks. ICML 2017
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@ Millions of correlated targets, and missing target values
o Low-rank + Alternating Least Squares

Targets have features

o Bilinear Prediction: Inductive Matrix Completion (IMC)
Noisy Features

e Dirty IMC
e Positive-unlabeled (PU) target values

e PU learning for IMC

@ Non-linear Structure
o Deep Learning for IMC

Inderjit S. Dhillon UT Austin & Amazon



@ Inductive Matrix Completion:

o Scales to millions of targets

o Captures correlations among targets

e Overcomes missing target values

e Handles noisy features and non-linear features
o Extends to PU learning

Inderjit S. Dhillon UT Austin & Amazon



@ Much work to do:

o Other structures: low-rank-+sparse, low-rank-+column-sparse (outliers)?

o Different loss functions?

e Handling “time" as one of the dimensions — incorporating smoothness
through graph regularization?

o Efficient (parallel) implementations?

e Guarantees for deep inductive matrix completion?
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