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1. OVERVIEW

Linearity

Lots of machine learning algorithms make use of linearity. Linear classification algorithms assume that
classes can be separated by a straight line (or its higher-dimensional analog). These include logistic
regression and support vector machines. Linear regression algorithms assume that data trends follow a
straight line. These assumptions aren't bad for some problems, but on others they bring accuracy down.

Non-linear class boundaries
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The Logistic regression classifier
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- LOGISTIC REGRESSION
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Optimal Classification and Bayes Risk

P[Y=y|X] DECISION P(Y=Y|X]
1 ——\é BOUNDARY
- -"CB - e - - .
el L Bayes Risk
-7 ~h__hﬁ‘_ R(f")
- - ~I
‘_—.-‘{) = e -
- -— | —. Ny -
o X
< Classifyasy Classifyasy >
Linear function vs. Non-linear function of P(Y|X) /‘—
Which is better? ol -
- : sk |LikelihoodZ
Problems of linear function "I oiw oz ogoior
Range signoid 2 EHSY &4t
N EEEER

Risk optimization
Which function to use? e N
Need S-curve! ol
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2. Rule-based ML

Classification with One Variable

Atrue(l} / false (0) ]
Let’s predict the class, C, with an attribute, A15
Imagine that the Y axis shows P(Y|X)

There is a decision boundary
You can see it intuitively

Then, How to find the boundary?

- ::> 1w
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X=A15, Y=C Xdlog[A15), Y=C
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[Linear Function vs. Non-Linear Function

Problem of fitting to the linear function

Violate the probability axiom

Slow response to the examples
Better to fit to the logistic function

Keep the probability axiom

Quick response around the decision boundary
Which function to use?

Logistic function - a special case of sigmoid function

2.5

DATA SET
1.5F
/ ’
. . L ] ' - - 1 - W

0.5

\\—b“lLinear Regression]

s 6 5 10 12 £y 5
X=A15, Y=P(Y|X)  x«'
Copyright © 2010 by [1-Chul Moon, Dept. of Industrial and Systems Engineering, KAIST
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2. Rule-based ML

Logistic

Function?]

Decision boundaryZ}
Linear function?]
74 Bt 4=t
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2. Rule-based ML

Logistic function

P fix)
Sigmoid function is :I : T ——
Bounded d(r) — i 051
Differentiable ————————+- >
Real function - F e
Defined for all real inputs —

With positive derivative

Logistic function is N
1 Ty
fx) = 1+e~* B
[n relation to the .
population growth 8 _ _
Why iS thiS g(}ﬂd? @'}-5 Y 3 % 1 0 1 2 3 4 5 o o1 0z 03 04 05 a8 07 s a8
: : : Logistic Function Logit Function
Sigmoid function N
Particularly, easy to calculate the derivative... flx) = lug(l — x)
3510 00| Gl= 2tS J51J] BEH
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2. Rule-based ML

Logistic Function Fitting
an

Linear Regression:

f=x0 0=X'X)"xTy

a8 1 10 b o 5 ] 1%
—

xE log(%) —lax + b|= lng(%) -X0|= log(l%)
P P/ e P
When we are fitting the linear Now we are fitting to the logistic
regression to approximate P(Y|X) function to approximate P(Y|X)
X0 = P(Y|X) X6 = log (210
Though, this is not going to keep the 8 (1-P(Y|X))
probability axiom From linear to logistic

KAIST Copyright © 2010 by [1-Chul Moon, Dept. of Industrial and Systems Engineering, KAIST
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ST

Logistic Regression

Logistic regression is a probabilistic classifier
to predict the binomial or the multinomial
outcome

by fitting the conditional probability
to the logistic function.

* You can see the problem from the different view.

This way is actually closer to the formal definition.

Given the Bernoulli experiment

P(ylx) = u(% u(x)->

px) = —tg = Py = 1)

Here, u(x) is the logistic function //
From the previous slide,

o X6
1+eX?

P(Y|X)
1-P(Y|X)

X9=10g( )—>P(Y|X)

Logistic Function

1]
f(x)=1+e‘x

Copyright © 2010 by [I-Chul Moon, Dept. of Industrial and Systems Engineering, KAIST
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3. Decision Tree
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United States Patent

Corrado et al.

(73)

USING EMBEDDING FUNCTIONS WITH A
DEEP NETWORK

Applicant:

Inventors;

Assignee;

MNotice:

Appl. Nou:

IFiled:

Google Inc., Mountain View, CA (US)

Gregory 8. Corrado, San Francisco, CA
(US); Kai Chen, Brishane, CA (US);
Jeffrey A. Dean, Palo Alto, CA (LS},
Gary R. Holt, Murrysville, PA (US);
Julian P. Grady, Pittsburgh, PA (US):
Sharat Chikkerur, Pittsburgh, PA (US);
David W. Sculley, Pittsburgh, PA (1JS5)

Google Ine.. Mountain View, CA (US)
Subject to any disclaimer, the term of this
patent is extended or adjusted under 35
U.8.C. 154(b) by 272 days.

13/803,779

Mar. 14, 2013

Related U.S, Application Data

Provisional application No. 61/666.684. filed on Jun.

29,2012,

Labeled Inputs

Deep Learning
System 100 Logistic Regression
Classifier 110
r
b
Deep Network
108
Embedding Embedding Embedding
Function 1 Function 2 | gqee | Function 3
106 106
.."-n-—-—-/ \"'--_--‘/
Feature Feature Feature
Type 1 Type 2 oo Type 3
Input A Input A Input A
104 104 104
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1. A method performed by one or more computers, the
method comprising:

receiving an input comprising a plurality of features,
wherein each of the features i1s of a different feature type;

processing each of the features using a respective embed-
ding function to generate one or more respective
numeric values, wherein each of the embedding func-
tions operates independently of each of the other embed-
ding functions, and wherein each of the embedding
functions is specific to features of a respective feature
type;

processing the numeric values using a deep network to
generate a first alternative representation of the input,
wherein the deep network 1s a machine learning model
composed of a plurality of levels of non-linear opera-
tions; and

processing the first alternative representation of the input
using a logistic regression classifier to predict a label for
the input.
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(11 L us8332822B2 2012-12-11 Technologies for code failure proneness estimation

[1]2 S5 UsS7110585B2 2006-029-192 Nanoparticle imaging system and method

[13 TUS6892113B1 2005-05-10 Irrigation controller using regression model

[14 T US6804625B1 2004-10-12 Subsurface modeling method

[1s L US6681787B2 2004-01-27 System and method of operation of a digital mass flow controller

[1e TN US6470279B1 2002-10-22 Method for calibrating spectrophotometric apparatus with synthetic fluids to measure plasma and
serum analytes

[17 T US6427141B1 2002-07-30 Enhancing knowledge discovery using multiple support vector machines

[1es T US6192998B1 2001-02-27 Method of and system for optimizing rate of penetration in drilling operations

[1g T US6155357A 2000-12-05 Method of and system for optimizing rate of penetration in drilling operations

[] 10 T US5987399A 19929-11-16 Ultrasensitive surveillance of sensors and processes

[]11 T US5848396A 1998-12-08 Method and apparatus for determining behavioral profile of a computer user

[]12 T US5670537A 1997-02-23 Method for effecting tumor regression with a low dose, short infusion taxol regimen
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Data Engine Technologies LLC v. Microsoft Corporation, Filed October 1,

2013, D.C. E.D. Texas,

Doc. No. 6:13¢cv/35

az United States Patent
Nagappan et al.

(54)

(75)

(73)

(21
(22)

(65)

(63)

TECHNOLOGIES FOR CODE FAILURE
PRONENESS ESTIMATION

Inventors: Nachiappan Nagappan, Redmond, WA
{(US): Thirnmalesh Bhat, Sammamish,

Wa (US)

Assignee: Microsoft Corporation, Redmond. WA
(USs)

Notice: Subject to any disclaimer, the term of this

patent is extended or adjusted under 35
U.S.C. 154(b) by 0 days.

This patent is subject to a terminal dis-
claimer.

Appl. No.: 13/042,404
Filed:  Mar 7,2011

Prior Publication Data

LS 2011/0161932 Al Jun. 30, 2011

Related U.S. Application Data

Continuation of application No. 11/740.722, filed on
Apr. 26, 2007, now Pat. No. 7.926.0306.
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(10) Patent No.: US 8,332,822 B2
(45) Date of Patent: *Dec. 11, 2012

1. A method comprising:
calculating, by a computing device, churn metrics that
indicate a degree of change between a first version of
code and a second version of the code;
calculating, by the computing device for the second
version and based on input code metrics that include
the churn metrics, second metrics determined from
the second version, and first metrics that correspond
to the churn metrics and the second metrics that are
determined from the first version, a historical variant
metric feedback factor that is a sum divided by a total
number of the input code metrics, where the sum is a
count of each of the input code metrics that exceed a
statistical upper bound that is based on the each of the
input code metrics’ corresponding first metric; and
performing, by the computing device and based on the
second metrics or on the churn metrics, a logistical
regression resulting in a code failure proneness prob-
ability for the second version.

102
120
Code Set
Code Metrics
va Calculator
100
130
L e
ci’de SJE( Code Churn
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104

106
i 110
5;:;532?' — Failure Proneness
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—112
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HVMP ——— HVMF Factor
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——|Classifications
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140
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Related Patents(litigation related)

Docket Number  Docket Description Court Date Filed
2:15cv371 Smart Irngation Solutions V. The Toro Company ATTAC K| UMITED STATES DISTRICT COURT for the CENTRAL DISTRICT OF CALIFORMNIA 1/16/2015
g:15cval Smart Irrigation Solutions Inc. V. Hunter Industries Incorporated UMITED STATES DISTRICT COURT for the CENTRAL DISTRICT OF CALIFORMNIA 1/16/2015
8:15cvdd Smart Irngation Solutions V. The Toro Company UMITED STATES DISTRICT COURT for the CENTRAL DISTRICT OF CALIFORMNIA 1/16/2015

a2 United States Patent
Addink et al.

US 6,892,113 B1
May 10, 2005

(10) Patent No.:
(45) Date of Patent:

Obtain historical ETo data [——— 10 | Obtain environmental data /_,20

corresponding to ETo data

(54) IRRIGATION CONTROLLER USING

REGRESSION MODEL (57) ABSTRACT

The present invention provides sysiems and methods in

(73) loventors: John Addink, Riverside, CA (US); : L .
which an irrigation controller uses a regression model (o \d

Sylvan Addink, lowa City, CA (US)

estimate an evapotranspiration rate (estimated LTo), and Perform linear re . .
. .. . . e . s gression of data from one 30
(73)  Assignee: Aq&l-:‘l Conserve, Inc., Riverside, CA uses the estimated Elo to affect an irrigation lschedule or more environmental parameter against |
(US) executed by the controller. The regression model is prefer- o e
. R the corresponding historical ETo data
) ) o o ably based upon a comparison of historical ETo values
(*) Notice:  Subject to any disclaimer, the term of this  ygainsi corresponding historical environmental values, with
ll'-'f:;“c[‘ 1-;53‘{];5“331}? adjusted under 35 fhe data advantageously spanning a time period of at least 4 40
ScC 0 days. . , . ]
{b) by ; one mon‘th, and more preferably at least two months. Data Determine regression model /
(21)  Appl. No.: 10/009,867 for multiple environmental factors may also be used. The
) environmental factor(s) utilized may advantageously com-
(22) PCT Filed: Jul. 7, 2000 prise one or more of temperature, solar radiation, wind ,
(86) PCT No.: PCT/USDO/18705 speed, hum!dll)', haromclnc pressure, and soil moisture, Obtain data from current environmental 50
Values relating the environmental Tactor(s) may enter the parameters at the irrigation site
§ 371 (e)1), controller from a local sensor, a distal signal source, or both.
(2), (4) Date:  Dec. 11, 2001
(87) PCT Pub. No.: WOD2/05045 . o o 60
PCT Pub. Datc: Jan. 17, 2002 C | alm 1. An irrigation controller comprising;: Apt;l:ily data points from current environmental parameters //
a memory that stores a regression model, wherein the fo the regression model to determine estimated ETo
regression model is based upon a set of historical ETo
values and a set of corresponding historical values for ) i 7

an environmental factor, the regression model running
with optional input from a local sensor;

a microprocessor that applics a current value for the
environmental factor to the regression model to calcn-
late a current evapotranspiration rate (estimated ETo),
wherein the irrigation controller uses the estimated ETo
to determine an irrigation schedule executed by the
irrigation controller.

based on estimated ETo

Y

Determine irrigation run times /

80
Executing the watering schedule //
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