
Generalized linear models 
and logistic regression



Comments (Oct. 15, 2019)

• Assignment 1 almost marked 
• Any questions about the problems on this assignment?

• Assignment 2 due soon
• Any questions?
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Summary so far
• From chapters 1 and 2, obtained tools needed to talk about 

uncertainty/noise underlying machine learning
• capture uncertainty about data/observations using probabilities

• formalize estimation problem for distributions

• Identify variables x_1, …, x_d
• e.g. observed features, observed targets

• Pick the desired distribution
• e.g. p(x_1, …, x_d) or p(x_1 | x_2, …, x_d) (conditional distribution)

• e.g. p(x_i) is Poisson or p(y | x_1, …, x_d) is Gaussian

• Perform parameter estimation for chosen distribution
• e.g., estimate lambda for Poisson

• e.g. estimate mu and sigma for Gaussian3



Summary so far (2)

• For prediction problems, which is much of machine learning, 
first discuss 
• the types of data we get (i.e., features and types of targets)

• goal to minimize expected cost of incorrect predictions

• Concluded optimal prediction functions use p(y | x) or E[Y | x]

• From there, our goal becomes to estimate p(y|x) or E[Y | x]

• Starting from this general problem specification, it is useful to 
use our parameter estimation techniques to solve this problem
• e.g., specify Y = Xw + noise, estimate mu = xw
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Summary so far (3)

• For linear regression setting, modeling p(y|x) as a Gaussian 
with mu = <x,w> and a constant sigma

• Performed maximum likelihood to get weights w 

• Possible question: why all this machinery to get to linear 
regression?
• one answer: makes our assumptions about uncertainty more clear

• another answer: it will make it easier to generalize p(y | x) to other 
distributions (which we will do with GLMs)
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Estimation approaches for 
Linear regression

• Recall we estimated w for p(y | x) as a Gaussian

• We discussed the closed form solution 

• and using batch or stochastic gradient descent 

• Exercise: Now imagine you have 10 new data points. How do 
we get a new w, that incorporates these data points?
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w = (X>X)�1X>y

wt+1 = wt � ⌘X>(Xwt � y)

wt+1 = wt � ⌘tx
>
t (xtwt � yt)



Exercise: MAP for Poisson

• Recall we estimated lambda for Poisson p(x)
• Had a dataset of scalars {x1, …, xn}

• For MLE, found the closed form solution lambda = average of xi

• Can we use gradient descent for this optimization? And if so, 
should we?
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Exercise: Predicting the 
number of accidents 

• In Assignment 1, learned p(y) as Poisson, where Y is the 
number of accidents in a factory

• How would the question from assignment 1 change if we also 
wanted to condition on features?
• For example, want to model the number of accidents in the factory, 

given x1 = size of the factory and x2 = number of employees

• What is p(y | x)? What are the parameters?
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Poisson regression
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p(y|x) = Poisson(y|� = exp(x>w))

1. E[Y |x] = exp(w>x)

2. p(y|x) = Poisson(�)
<latexit sha1_base64="/uAhu9amlIrK6dkT+dvMXWoEGMg="></latexit>



Exponential Family Distributions
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p(y|✓) = exp(✓y � a(✓) + b(y))

Transfer f corresponds to the 
derivate of the log-normalizer function a

✓ = x>w

We will always linearly predict the natural parameter

Useful property:
da(✓)

d✓
= E[Y ]

<latexit sha1_base64="LP8vmPiAGFSMwrT7Yi3Wzu6P7to=">AAACFHicbZDLSsNAFIYnXmu9RV26GSxCRShJFXQjFEVwWcFepAllMpm0QycXZk6EEvIQbnwVNy4UcevCnW/j9LLQ1h8GPv5zDnPO7yWCK7Csb2NhcWl5ZbWwVlzf2NzaNnd2mypOJWUNGotYtj2imOARawAHwdqJZCT0BGt5g6tRvfXApOJxdAfDhLkh6UU84JSAtrrmsRNIQjMfk7IDfQbkKM/8CeX4Ajshgb7nZdd5597tmiWrYo2F58GeQglNVe+aX44f0zRkEVBBlOrYVgJuRiRwKlhedFLFEkIHpMc6GiMSMuVm46NyfKgdHwex1C8CPHZ/T2QkVGoYerpztKSarY3M/2qdFIJzN+NRkgKL6OSjIBUYYjxKCPtcMgpiqIFQyfWumPaJTgl0jkUdgj178jw0qxX7pFK9PS3VLqdxFNA+OkBlZKMzVEM3qI4aiKJH9Ixe0ZvxZLwY78bHpHXBmM7soT8yPn8ASoOeWA==</latexit>



Examples
• Gaussian distribution

• Poisson distribution

• Bernoulli distribution
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a(✓) =
1

2
✓2 f(✓) = ✓

✓ = x>w

a(✓) = exp(✓) f(✓) = exp(✓)

a(✓) = ln(1 + exp(✓)) f(✓) =
1

1 + exp(�✓)

p(y|✓) = exp(✓y � a(✓) + b(y))

sigmoid



Exercise: How do we extract the 
form for the Poisson distribution?
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where ◊ œ R is the parameter to the distribution, a : R æ R is a log-normalizer function
and b : R æ R is a function of only x that will typically be ignored in our optimization
because it is not a function of ◊. Many of the often encountered (families of) distributions
are members of the exponential family; e.g. exponential, Gaussian, Gamma, Poisson, or the
binomial distributions. Therefore, it is useful to generically study the exponential family to
better understand commonalities and di�erences between individual member functions.

Example 17: The Poisson distribution can be expressed as

p(x|⁄) = exp (x log ⁄ ≠ ⁄ ≠ log x!) ,

where ⁄ œ R+ and X = N0. Thus, ◊ = log ⁄, a(◊) = e◊, and b(x) = ≠ log x!. ⇤
Now let us get some further insight into the properties of the exponential family param-

eters and why this class is convenient for estimation. The function a(◊) is typically called
the log-partitioning function or simply a log-normalizer. It is called this because

a(◊) = log
ˆ

X

exp (◊x + b(x)) dx

and so plays the role of ensuring that we have a valid density:
´

X
p(x)dx = 1. Importantly,

for many common GLMs, the derivative of a corresponds to the inverse of the link function.
For example, for Poisson regression, the link function g(◊) = log(◊), and the derivative of
a is e◊, which is the inverse of g. Therefore, as we discuss below, the log-normalizer for
an exponential family informs what link g should be used (or correspondingly the transfer
f = g≠1).

The properties of this log-normalizer are also key for estimation of generalized linear
models. It can be derived that

ˆa(◊)
ˆ◊

= E [X]

ˆ2a(◊)
ˆ◊2 = V[X]

7.3 Formalizing generalized linear models
We shall now formalize the generalized linear models. The two key components of GLMs
can be expressed as

1. E[y|x] = f(Ê€x) or g(E[y|x]) = Ê€x where g = f≠1

2. p(y|x) is an Exponential Family distribution

The function f is called the transfer function and g is called the link function. For Poisson
regression, f is the exponential function, and as we shall see for logistic regression, f is
the sigmoid function. The transfer function adjusts the range of Ê€x to the domain of Y ;
because of this relationship, link functions are usually not selected independently of the dis-
tribution for Y . The generalization to the exponential family from the Gaussian distribution
used in ordinary least-squares regression, allows us to model a much wider range of target
functions. GLMs include three widely used models: linear regression, Poisson regression
and logistic regression, which we will talk about in the next chapter about classification.
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p(y|✓) = exp(✓y � a(✓) + b(y))

• What is the transfer f?

f(✓) =
da(✓)

d✓
= exp(✓)

<latexit sha1_base64="mPlxiJ73hK2CB2L4cF3/NL7Os0w=">AAACH3icbZDLSsNAFIYn9V5vUZduBotQNyWpom6EohuXClaFJpTJ5KQdOrkwcyKW0Ddx46u4caGIuPNtnF4EtR4Y+Pj/czhz/iCTQqPjfFqlmdm5+YXFpfLyyuraur2xea3TXHFo8lSm6jZgGqRIoIkCJdxmClgcSLgJemdD/+YOlBZpcoX9DPyYdRIRCc7QSG37MKp62AVke/SEepFivAgp+9YGRTimwdCF++zbaNsVp+aMik6DO4EKmdRF2/7wwpTnMSTIJdO65ToZ+gVTKLiEQdnLNWSM91gHWgYTFoP2i9F9A7prlJBGqTIvQTpSf04ULNa6HwemM2bY1X+9ofif18oxOvYLkWQ5QsLHi6JcUkzpMCwaCgUcZd8A40qYv1LeZSYkNJGWTQju35On4bpec/dr9cuDSuN0Esci2SY7pEpcckQa5JxckCbh5IE8kRfyaj1az9ab9T5uLVmTmS3yq6zPLwg+ocA=</latexit>



Exercise: How do we extract the 
form for the exponential distribution?

• Recall exponential family distribution

• How do we write the exponential distribution this way?

• What is the transfer f?
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� exp(��y)

p(y|✓) = exp(✓y � a(✓) + b(y))

f(✓) =
d

d✓
a(✓) =

�1

✓
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a(✓) = � ln(�✓)
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Logistic regression

14

the full version of the Newton-Raphson algorithm with the Hessian matrix.
Instead, Gauss-Newton and other types of solutions are considered and are
generally called iteratively reweighted least-squares (IRLS) algorithms in the
statistical literature.

5.4 Logistic regression

At the end, we mention that GLMs extend to classification. One of the most
popular uses of GLMs is a combination of a Bernoulli distribution with a
logit link function. This framework is frequently encountered and is called
logistic regression. We summarize the logistic regression model as follows

1. logit(E[y|x]) = !Tx

2. p(y|x) = Bernoulli(↵)

where logit(x) = ln x

1�x
, y 2 {0, 1}, and ↵ 2 (0, 1) is the parameter (mean)

of the Bernoulli distribution. It follows that

E[y|x] = 1

1 + e�!Tx

and

p(y|x) =
✓

1

1 + e�!Tx

◆y ✓
1� 1

1 + e�!Tx

◆1�y

.

Given a data set D = {(xi, yi)}ni=1, where xi 2 Rk and yi 2 {0, 1}, the pa-
rameters of the model w can be found by maximizing the likelihood function.
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Figure 6.2: Sigmoid function in [�5, 5] interval.

as negative (ŷ = 0). Thus, the predictor maps a (d+ 1)-dimensional vector
x = (x0 = 1, x1, . . . , xd) into a zero or one. Note that P (Y = 1|x,w⇤) � 0.5
only when w>x � 0. The expression w>x = 0 represents equation of a
hyperplane that separates positive and negative examples. Thus, the logistic
regression model is a linear classifier.

6.1.2 Maximum conditional likelihood estimation

To frame the learning problem as parameter estimation, we will assume that
the data set D = {(xi, yi)}ni=1 is an i.i.d. sample from a fixed but unknown
probability distribution p(x, y). Even more specifically, we will assume that
the data generating process randomly draws a data point x, a realization of
the random vector (X0 = 1, X1, . . . , Xd), according to p(x) and then sets its
class label Y according to the Bernoulli distribution

p(y|x) =

8
<

:

⇣
1

1+e�!>x

⌘y

⇣
1� 1

1+e�!>x

⌘1�y

for y = 1

for y = 0
(6.2)

= �(x>w)y(1� �(x>w))1�y

where ! = (!0,!1, . . . ,!d) is a set of unknown coefficients we want to
recover (or learn) from the observed data D. Based on the principles of
parameter estimation, we can estimate ! by maximizing the conditional
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↵ = p(y = 1|x)
g(x>w) = logit(x>w)

f(x>w) = g�1(x>w)

= sigmoid(x>w)

= E[y|x]

linear classifiers, our flexibility is restricted because our method must learn the posterior
probabilities p(y|x) and at the same time have a linear decision surface in Rd. This, however,
can be achieved if p(y|x) is modeled as a monotonic function of w€x; e.g., tanh(w€x) or
(1 + e≠w

€
x)≠1. Of course, a model trained to learn posterior probabilities p(y|x) can be

seen as a “soft” predictor or a scoring function s : X æ [0, 1]. Then, the conversion from s
to f is a straightforward application of the maximum a posteriori principle: the predicted
output is positive if s(x) Ø 0.5 and negative if s(x) < 0.5. More generally, the scoring
function can be any mapping s : X æ R, with thresholding applied based on any particular
value · .

8.1 Logistic regression

Let us consider binary classification in Rd, where X = Rd+1 and Y = {0, 1}. Logistic re-
gression is a Generalized Linear Model, where the distribution over Y given x is a Bernoulli
distribution, and the transfer function is the sigmoid function, also called the logistic func-
tion,

‡(t) =
1
1 + e≠t

2≠1

plotted in Figure 8.2. In the same terminology as for GLMs, the transfer function is the
sigmoid and the link function—the inverse of the transfer function— is the logit function
logit(x) = ln x

1≠x
, with

1. E[y|x] = ‡(Ê€x)

2. p(y|x) = Bernoulli(–) with – = E[y|x].

The Bernoulli distribution, with – a function of x, is

p(y|x) =

Y
_]

_[

1
1

1+e≠Ê€x

2
y

1
1 ≠

1
1+e≠Ê€x

21≠y

for y = 1

for y = 0
(8.1)

= ‡(x€w)y(1 ≠ ‡(x€w))1≠y

where Ê = (Ê0, Ê1, . . . , Êd) is a set of unknown coe�cients we want to recover (or learn).
Notice that our prediction is ‡(Ê€x), and that it satisfies

p(y = 1|x) = ‡(Ê€x).

Therefore, as with many binary classification approaches, our goal is to predict the proba-
bility that the class is 1; given this probability, we can infer p(y = 0|x) = 1 ≠ p(y = 1|x).

8.1.1 Predicting class labels
The function learned by logistic regression returns a probability, rather than an explicit
prediction of 0 or 1. Therefore, we have to take this probability estimate and convert it to
a suitable prediction of the class. For a previously unseen data point x and a set of learned
coe�cients w, we simply calculate the posterior probability as

P (Y = 1|x, w) = 1
1 + e≠w€x

.
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What is c(w) for GLMs?

• Still formulating an optimization problem to predict targets y 
given features x

• The variables we learn is the weight vector w

• What is c(w)?

•

15

MLE : c(w) / � ln p(D|w)

/ �
nX

i=1

ln p(yi|xiw)

argmin
w

c(w) = argmax
w

p(D|w)



Cross-entropy loss for 
Logistic Regression

16

ci(w) = yi ln�(w
>xi) + (1� yi) ln(1� �(w>xi))

<latexit sha1_base64="H6v0zpMCsFrmirWF3kTxlYabSW8="></latexit>



Extra exercises

• Go through the derivation of c(w) for logistic regression

• Derive Maximum Likelihood objective in Section 8.1.2
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Benefits of GLMs

• Gave a generic update rule, where you only needed to know 
the transfer for your chosen distribution
• e.g., linear regression with transfer f = identity

• e.g., Poisson regression with transfer f = exp

• e.g., logistic regression with transfer f = sigmoid

• We know the objective is convex in w!

18



Convexity

• Convexity of negative log likelihood of (many) exponential families
• The negative log likelihood of many exponential families is convex, which 

is an important advantage of the maximum likelihood approach

• Why is convexity important?
• e.g.,(sigmoid(xw) - y)^2 is nonconvex, but who cares?

19



Cross-entropy loss versus 
Euclidean loss for classification

• Why not just use

• The notes explain that this is a non-convex objective
• from personal experience, it seems to do more poorly in practice

• If no obvious reason to prefer one or the other, we may as well 
pick the objective that is convex (no local minima)

20

min
w2Rd

nX

i=1

(�(x>
i w)� yi)

2
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ci(w) = yi ln�(w
>xi) + (1� yi) ln(1� �(w>xi))
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How can we check convexity?

• Can check the definition of convexity

• Can check second derivative for scalar parameters (e.g.      ) 
and Hessian for multidimensional parameters (e.g.,     )
• e.g., for linear regression (least-squares), the Hessian is                

and so positive semi-definite

• e.g., for Poisson regression, the Hessian of the negative log-
likelihood is                                 and so positive semi-definite

21
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Convex function on an interval.

A function (in black) is convex if and only if the
region above its graph (in green) is a convex set.

Convex function
From Wikipedia, the free encyclopedia

In mathematics, a real-valued function f(x) defined on an interval is

called convex (or convex downward or concave upward) if the line

segment between any two points on the graph of the function lies above

or on the graph, in a Euclidean space (or more generally a vector space)

of at least two dimensions. Equivalently, a function is convex if its

epigraph (the set of points on or above the graph of the function) is a

convex set. Well-known examples of convex functions are the quadratic

function  and the exponential function  for any

real number x.

Convex functions play an important role in many areas of mathematics.

They are especially important in the study of optimization problems

where they are distinguished by a number of convenient properties. For

instance, a (strictly) convex function on an open set has no more than

one minimum. Even in infinite-dimensional spaces, under suitable

additional hypotheses, convex functions continue to satisfy such

properties and, as a result, they are the most well-understood functionals

in the calculus of variations. In probability theory, a convex function

applied to the expected value of a random variable is always less than or

equal to the expected value of the convex function of the random

variable. This result, known as Jensen's inequality, underlies many

important inequalities (including, for instance, the arithmetic–geometric

mean inequality and Hölder's inequality).

Exponential growth is a special case of convexity. Exponential growth

narrowly means "increasing at a rate proportional to the current value",

while convex growth generally means "increasing at an increasing rate (but not necessarily proportionally to current value)".
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Definition

Let X be a convex set in a real vector space and let f : X → R be a function.

f is called convex if:

f is called strictly convex if:

H = X
>
CX

H = X
>
X



Prediction with logistic 
regression

• So far, we have used the prediction f(xw)
• eg., xw for linear regression, exp(xw) for Poisson regression

• For binary classification, want to output 0 or 1, rather than the 
probability value p(y = 1 | x) = sigmoid(xw)

• Sigmoid has few values xw mapped close to 0.5; most values 
somewhat larger than 0 are mapped close to 0 (and vice versa for 1) 

• Decision threshold: 
• sigmoid(xw) < 0.5 is class 0 

• sigmoid(xw) > 0.5 is class 1
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Figure 6.2: Sigmoid function in [�5, 5] interval.

as negative (ŷ = 0). Thus, the predictor maps a (d+ 1)-dimensional vector
x = (x0 = 1, x1, . . . , xd) into a zero or one. Note that P (Y = 1|x,w⇤) � 0.5
only when w>x � 0. The expression w>x = 0 represents equation of a
hyperplane that separates positive and negative examples. Thus, the logistic
regression model is a linear classifier.

6.1.2 Maximum conditional likelihood estimation

To frame the learning problem as parameter estimation, we will assume that
the data set D = {(xi, yi)}ni=1 is an i.i.d. sample from a fixed but unknown
probability distribution p(x, y). Even more specifically, we will assume that
the data generating process randomly draws a data point x, a realization of
the random vector (X0 = 1, X1, . . . , Xd), according to p(x) and then sets its
class label Y according to the Bernoulli distribution

p(y|x) =

8
<

:

⇣
1

1+e�!>x

⌘y

⇣
1� 1

1+e�!>x

⌘1�y

for y = 1

for y = 0
(6.2)

= �(x>w)y(1� �(x>w))1�y

where ! = (!0,!1, . . . ,!d) is a set of unknown coefficients we want to
recover (or learn) from the observed data D. Based on the principles of
parameter estimation, we can estimate ! by maximizing the conditional
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Logistic regression is 
a linear classifier

• Hyperplane                      separates the two classes
• P(y=1 | x, w) > 0.5 only when

• P(y=0 | x, w) > 0.5 only when P(y=1 | x, w) < 0.5, which happens 
when 
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Figure 6.1: A data set in R2 consisting of nine positive and nine negative
examples. The gray line represents a linear decision surface in R2. The
decision surface does not perfectly separate positives from negatives.

to f is a straightforward application of the maximum a posteriori principle:
the predicted output is positive if g(x) � 0.5 and negative if g(x) < 0.5.

6.1 Logistic regression

Let us consider binary classification in Rd, where X = Rd+1 and Y = {0, 1}.
The basic idea for many classification approaches is to hypothesize a closed-
form representation for the posterior probability that the class label is posi-
tive and learn parameters w from data. In logistic regression, this relation-
ship can be expressed as

P (Y = 1|x,w) =
1

1 + e�w>x
, (6.1)

which is a monotonic function of w>x. Function �(t) =
�
1 + e�t

��1 is called
the sigmoid function or the logistic function and is plotted in Figure 6.2.

6.1.1 Predicting class labels

For a previously unseen data point x and a set of coefficients w⇤ found from
Eq. (6.4) or Eq. (6.11), we simply calculate the posterior probability as

P (Y = 1|x,w⇤) =
1

1 + e�w⇤T ·x .

If P (Y = 1|x,w⇤) � 0.5 we conclude that data point x should be labeled as
positive (ŷ = 1). Otherwise, if P (Y = 1|x,w⇤) < 0.5, we label the data point
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Figure 6.2: Sigmoid function in [�5, 5] interval.

as negative (ŷ = 0). Thus, the predictor maps a (d+ 1)-dimensional vector
x = (x0 = 1, x1, . . . , xd) into a zero or one. Note that P (Y = 1|x,w⇤) � 0.5
only when w>x � 0. The expression w>x = 0 represents equation of a
hyperplane that separates positive and negative examples. Thus, the logistic
regression model is a linear classifier.

6.1.2 Maximum conditional likelihood estimation

To frame the learning problem as parameter estimation, we will assume that
the data set D = {(xi, yi)}ni=1 is an i.i.d. sample from a fixed but unknown
probability distribution p(x, y). Even more specifically, we will assume that
the data generating process randomly draws a data point x, a realization of
the random vector (X0 = 1, X1, . . . , Xd), according to p(x) and then sets its
class label Y according to the Bernoulli distribution

p(y|x) =

8
<

:

⇣
1

1+e�!>x

⌘y

⇣
1� 1

1+e�!>x

⌘1�y

for y = 1

for y = 0
(6.2)

= �(x>w)y(1� �(x>w))1�y

where ! = (!0,!1, . . . ,!d) is a set of unknown coefficients we want to
recover (or learn) from the observed data D. Based on the principles of
parameter estimation, we can estimate ! by maximizing the conditional
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w>x < 0
e.g., w = [2.75 -1/3 -1]

x = [1 4 3]

x>w = �1.8

x = [1 2 1]

x>w = 0.27



Logistic regression versus 
Linear regression

• Why might one be better than the other? They both use a 
linear approach

• Linear regression could still learn <x, w> to predict E[Y | x]

• Demo: logistic regression performs better under outliers, when 
the outlier is still on the correct side of the line 

• Conclusion: 
• logistic regression better reflects the goals of predicting p(y=1 | x), to 

finding separating hyperplane

• Linear regression assumes E[Y | x] a linear function of x!
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Adding regularizers to GLMs
• How do we add regularization to logistic regression?

• We had an optimization for logistic regression to get w: 
minimize negative log-likelihood, i.e. minimize cross-entropy

• Now want to balance negative log-likelihood and regularizer 
(i.e., the prior for MAP)

• Simply add regularizer to the objective function

25



Adding a regularizer to logistic 
regression

• Original objective function for logistic regression
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It does not take much effort to realize that there is no closed-form solution to rll(w) = 0

(we did have this luxury in linear regression, but not here). Thus, we have to proceed
with iterative optimization methods. We will calculate rll(w) and Hll(w) to enable either
method (first-order with only the gradient or second-order with the gradient and Hessian),
both written as a function of inputs X, class labels y, and the current parameter vector.
We can calculate the first and second partial derivatives of ll(w) as follows
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where fj is the j-th column (feature) of data matrix X, y is an n-dimensional column vector
of class labels and p is an n-dimensional column vector of (estimated) posterior probabilities
pi = P (Yi = 1|xi,w), for i = 1, ..., n. Considering partial derivatives for every component
of w, we have

rll(w) = X
> (y � p) . (6.8)
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Other regularizers
• Have discussed l2 and l1 regularizers

• Other examples: 
• elastic net regularization is a combination of l1 and l2 (i.e., l1 + l2): 

ensures a unique solution

• capped regularizers: do not prevent large weights

27
* Figure from “Robust Dictionary Learning with Capped l1-Norm”, Jiang et al., IJCAI 2015

Does this regularizer 
still protect against 

overfitting?



Practical considerations: outliers
• What happens if one sample is bad?

• Regularization helps a little bit

• Can also change losses

• Robust losses
• use l1 instead of l2

• even better: use capped l1

• What are the disadvantages to these losses?
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Exercise: intercept unit

• In linear regression, we added an intercept unit (bias unit) to 
the features
• i.e., added a feature that is always 1 to the feature vector

• Does it make sense to do this for GLMs?
• e.g., sigmoid(<x,w> + w_0)
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Adding a column of ones to 
GLMs

• This provides the same outcome as for linear regression

• g(E[y | x]) = x w  —> bias unit in x with coefficient w0 shifts the 
function left or right

30
*Figure from http://stackoverflow.com/questions/2480650/role-of-bias-in-neural-networks

http://stackoverflow.com/questions/2480650/role-of-bias-in-neural-networks

