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Image by author

In the Part 1 article, we learned the gradient boosting regression algorithm
in its detail. As we reviewed in that post, the algorithm is flexible enough to
deal with any loss functions as long as it is differentiable. That means if we
just replace the loss function used for regression, specifically mean squared
loss, with a loss function that deals with classification problems, we can
perform classification without changing the algorithm itself. Even though
the base algorithm is the same, there are still some differences that we want
to know. In this post, we will dive into all the details of the classification

algorithm.

Algorithm with an Example

Gradient boosting is one of the variants of ensemble methods where you
create multiple weak models (they are often decision trees) and combine

them to get better performance as a whole. In this section, we are building a


https://medium.com/p/2520a34a502

gradient boosting classification model using very simple example data to

intuitively understand how it works.

The picture below shows the sample data. It has the binary class y (0 and 1)

and two features x: and x:.
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Sample for the classification problem (Image by author)

Our goal is to build a gradient boosting model that classifies those two
classes. The first step is making a uniform prediction on a probability of
class 1 (we will call it p ) for all the data points. The most reasonable value
for the uniform prediction might be the proportion of class 1 which is just a

mean of y.



Here is a 3D representation of the data and the initial prediction. At this
moment, the prediction is just a plane that has the uniform value p =

mean(y) on the y axis all the time.

20 p = mean(y)
a S, /
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Prediction plane (Image by author)

In our data, the mean of y is 0.56. As it is bigger than 0.5, everything is
classified into class 1 with this initial prediction. Some of you might feel that
this uniform value prediction does not make sense, but don’t worry. We will

improve our prediction as we add more weak models to it.

To improve our prediction quality, we might want to focus on the residuals
(i.e. prediction error) from our initial prediction as that is what we want to
minimize. The residuals are defined as r, = y; - p (i represents the index of
each data point). In the figure below, the residuals are shown as the brown
lines that are the perpendicular lines from each data point to the prediction

plane.
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Residuals (Image by author)

To minimize these residuals, we are building a regression tree model with
both x: and x:. asits features and the residuals r as its target. If we can
build a tree that finds some patterns between x and r, we can reduce the

residuals from the initial prediction p by utilizing those found patterns.

To simplify the demonstration, we are building very simple trees each of that
only has one split and two terminal nodes which is called “stump”. Please
note that gradient boosting trees usually have a little deeper trees such as

ones with 8 to 32 terminal nodes.

Here we are creating the first tree predicting the residuals with two different

values r = {0.1, -0.6}.
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Created tree (Image by author)

You might now think we want to add these predicted values to our initial
prediction p to reduce its residuals if you already read the post talking about

the regression algorithm, but things are slightly different with classification.

The values (we call it  gamma) that we are adding to our initial prediction is

computed in the following formula:

2 e, Ui~ P)

Vi=
V' is computed for _/_ EerRj P(l - P)

each terminal node j e

" Aggregating for all the data points x, that
belongs to terminal node §

sx;€R; means we are aggregating the values in the sigma »on all the sample
x; s that belong to the terminal node r;. j represents the index of each
terminal node. You might notice that the numerator of the fraction is the
sum of the residuals in the terminal node ;. We will go through all the
calculations that give us this formula in the next section, but let’s just use it

to calculate , for now. Below is the computed values of y: and v-.

EI,-Eﬁl (b"; - 056)
V1= =03
%, o, 056 - (1-0.56)

2. . (yi—0.56)
yz _ xieRs — _929
Zx_eRz 0.56 - (1 —0.56)
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This , is not simply added to our initial prediction p . Instead, we are
converting p into log-odds (we will call this log-odds converted value F(x) ),
then adding , to it. For those who are not familiar with log-odds, it is

defined below. You might have seen it used in logistic regression.

log(odds) = Iﬂg[li]
—P

log-odds

One more tweak on the prediction update is that y is scaled down by
learning rate v, which ranges between 0 and 1, before it is added to the log-
odds-converted prediction F(x) . This helps the model not to overfit the

training data.

Fi(x) = + vy

Updated prediction —// \ ‘L Learning rate

Initial prediction

In this example, we use a relatively big learning rate v = 0.9 to make the
optimization process easier to understand, but it is usually supposed to be

much smaller values such as 0.1.

By substituting actual values for the variables in the right side of the above

equation, we get our updated prediction F:(x) .


https://en.wikipedia.org/wiki/Logistic_regression#Logistic_model

Fq(x) = 9

log

i

0.56

)

*

[ 1-0.56)
(056
[ 1-0.56)

+09-03=05 ifx; <064

-09.22 = -1.7 otherwise

If we convert log-odds F(x) back into the predicted probability p(x) (we will

cover how we can convert it in the next section), it looks like a stair-like

object below.

Updated prediction plane (Image by author)

The purple-colored plane is the initial prediction p. and it is updated to the

red and yellow plane p: .

Now, the updated residuals r looks like this:
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Updated residuals (Image by author)

In the next step, we are creating a regression tree again using the same x:
and x. asthe features and the updated residuals r as its target. Here is the

created tree:

x1 <=-0.63

Created tree (Image by author)

We apply the same formula to compute y. The calculated , along with the

updated prediction F.(x) are as follows.



Pl(x)—v-:;2.3§= 05-09-23=-1.6 ifx; < -0.63
Fy(x) = { F1(x) +v-04:=05+0.9-04 = 0.9 elseif —0.63 < x; < 0.64
Fi(x)+v-04i= -=1.7+09-04 = - 13 otherwise

“, These are y computed with
this formula:

Zyer, Wi—P)
L o PA-p)

Again, if we convert log-odds F:(x) back into the predicted probability

p2(x) , it looks like something below.

Updated prediction plane (Image by author)

We iterate these steps until the model prediction stops improving. The

figures below show the optimization process from 0 to 4 iterations.
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Residuals of iteration 4 Predictions of iteration 4
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Prediction update through iterations (Image by author)

You can see the combined prediction p(x) (red and yellow plane) is getting
closer to our target y as we add more trees into the combined model. This is
how gradient boosting works to predict complex targets by combining

multiple weak models.

The image below summarizes the whole process of the algorithm.
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Process of the algorithm (Image by Author)

Math

In this section, we are learning a more generalized algorithm by looking at

its math details. Here is the whole algorithm in math formulas.

Gradient Boosting Algorithm

1. Initialize model with a constant value:

Fo(x) = arg;ninz L(y,y)
i=1
2. form=1toM:
oL(y;, F(x;))

2-1. Compute residuals r;,, = — l 3o
Xi

fori=1,..,n
F(x)=Fp-1(x)
2-2. Train regression tree with features x against » and create terminal node

reasions Rj,, for j = 1,..., ]

2-3. Compute y,, = argmin 2 Ly, Fp1(x;) +y) forj=1,.,],
Y

Xi€Rjy,
2-4. Update the model:
Jm
Fn(®) = Fuu1 () + ¥ 23 Y jm1(x € Rjn)
j=1

Source: adapted from Wikipedia and Friedman’s paper

Let’s take a close look at it line by line.

Step 1


https://en.wikipedia.org/wiki/Gradient_boosting
https://jerryfriedman.su.domains/ftp/trebst.pdf

1. Initialize model with a constant value:

Fo(x) = argmin ¥, L(y;, )
¥ i=1

The first step is creating an initial constant prediction value Fo. L isthe loss
function and we are using log loss (or more generally called cross-entropy
loss) for it.

L=~ (y;-log(p)+ (1 -y;)-log(1-p))

Log Loss

y: is our classification target and it is either 0 or 1. p is the predicted
probability of class 1. You might see . taking different values depending on

the target class y;.

£ { —log(p)  ifyi=1
—log(1-p) if y;=0

As -log(x) isthe decreasing function of x, the better the prediction (i.e.

increasing p for y=1), the smaller loss we will have.

argmin means we are searching for the value , (gamma) that minimizes

5L (yi, v) . While it is more straightforward to assume y is the predicted
probability p, we assume y is log-odds as it makes all the following
computations easier. For those who forgot the log-odds definition which we

review in the previous section, it is defined as log(odds) = log(p/(1-p)) .


https://scikit-learn.org/stable/modules/generated/sklearn.metrics.log_loss.html
https://en.wikipedia.org/wiki/Cross_entropy
https://en.wikipedia.org/wiki/Cross_entropy

To be able to solve the argmin problem in terms of log-odds, we are

transforming the loss function into the function of log-odds.

L=-(y; loglp)+ (1 -y;)-log(1-p))

= —~(y: - (log(p) - log(1 - p)) + log(1 - p))

= —(y; - log(odds) + log(1 —p))

Now, we might want to replace p in the above equation with something that
is expressed in terms of log-odds. By transforming the log-odds expression

shown earlier, p can be represented by log-odds:

Iog[—] = log(odds)
I-p
P _ ,log(odds)
I-p
9= (1 _ p)gfﬂg[ndds)
(1 + Efug(uddsj]p — ploglodds)
Eiﬂg{ﬂdds)

_1+e

log(odds)

Then, we are substituting this value for p in the previous L equation and

simplying it.



p is replaced

o with this

e log(odds)

L = —|y; - log(odds) + log|1

1 + Efﬂg(odds]

1
—— [yI - log(odds) + Iog[l N Egﬂg(ndds] ]]

— (1 - log(odds) + log(1) — log (1 1 elsto49))

=0

= — (y;- - log(odds) — log (1 + E"“g{”‘m}))

Now we are finding , (please remember we are assuming it is log-odds) that

minimizes s..We are taking a derivative of s. with respect to log-odds.

L M
d
e E— - log(odds) — log (1 + '°8(0d4s)
dlog( adds Z "~ dlog(odds) ZJ [y loglods) - log )|
- Applying chain rule to
B _E A Em‘ﬂﬂdds} get derivative of this
i=1 g 1 + ¢log(odds) d:f (&) = f(g(x)-g'(x)

A

= - DLyi+np
i=1

In the equations above, we replaced the fraction containing log-odds with p
to simplify the equation. Next, we are setting ssL/a10g(odds) equal to 0 and

solving it for p.



—Ey5+np=(}

i=1

r
np = ny
i=1
1y -
= Eyi =¥
LI
In this binary classification problem, y is either 0 or 1. So, the mean of y is
actually the proportion of class 1. You might now see why we used p =
mean(y) for our initial prediction.
As y is log-odds instead of probability p, we are converting it into log-odds.
* I

Fo(x) = y = log
‘l_

=

Step2

2.form =1 to M:

The whole step2 processes from 2-1 to 2-4 are iterated » times. » denotes
the number of trees we are creating and the small m represents the index of

each tree.

Step 2-1



oL(y;, F(x;))
EJF(xi-)

fori=1,.#

2-1. Compute residuals r;,, = — [
F{x}=Fu.' '.I[-Y}

We are calculating residuals r.» by taking a derivative of the loss function
with respect to the previous prediction F»-: and multiplying it by —1. As you
can see in the subscript index, r» is computed for each single sample i .
Some of you might be wondering why we are calling this r» residuals. This
value is actually negative gradient that gives us the directions (+/-) and the
magnitude in which the loss function can be minimized. You will see why we
are calling it residuals shortly. By the way, this technique where you use a

gradient to minimize the loss on your model is very similar to gradient

descent technique which is typically used to optimize neural networks. (In
fact, they are slightly different from each other. If you are interested, please

look at this article detailing that topic.)

Let’s compute the residuals here. F»-. in the equation means the prediction
from the previous step. In this first iteration, it is F. . As in the previous step,
we are taking a derivative of . with respect to log-odds instead of p since our
prediction F» islog-odds. Below we are using . expressed by log-odds

which we got in the previous step.

_¢
dlog(odds)
0

~ log(odds)
EI oglodds)

jP‘1'*rr:r .

[yf - log(odds) — log (1 + ¢'08(04@)) ]

= Yi- 1+ Efag{udds}


https://en.wikipedia.org/wiki/Gradient_descent
https://en.wikipedia.org/wiki/Gradient_descent
https://explained.ai/gradient-boosting/descent.html

In the previous step, we also got this equation:

e log(odds)

—1+e

log(odds)

So, we can replace the second term in r» equation with p.

Vim =Yi—P

You might now see why we call r residuals. This also gives us interesting
insight that the negative gradient that provides us the direction and the

magnitude to which the loss is minimized is actually just residuals.

Step 2-2

2-2. Train regression tree with features x against r and create terminal node

reasions R, for j = 1,..., [

j represents a terminal node (i.e. leave) in the tree, m denotes the tree

index, and capital 7 means the total number of leaves.

Step 2-3

2-3. Compute Vim = argmz'n E L(yif Fm—l(xr'} + :V} fﬂ?’j =1.., jm

II ER_,iLI.'



We are searching for yy» that minimizes the loss function on each terminal
node j. sx€ryz L means we are aggregating the loss on all the x;s that
belong to the terminal node ry. Let’s plugin the loss function into the

equation.

;Vj'm = ﬂrg;}:nf?'l E L(\yff ) (I;‘) + }/)

; JL';'ERJ:,J_.
— argmin E _ (y(Fm—1 (x!.) _,_},) _ fﬂg(l & EF,R 1{x:]+“f)]
Y iER jm

Solving this equation for vy is going to be very hard. To make it more easily
solvable, we are making the approximation of . by using the second-order
Taylor polynomial. A Taylor polynomial is a way to approximate any
function as a polynomial with an infinite/finite number of terms. While we
are not looking into its details here, you can look at this tutorial which

explains the idea nicely if you are interested.

Here is the approximation of . using the second-order Taylor polynomial:

1 azL{yi: -Fm—'l (xr')}ﬁ 2
2 JF?

d
Lf};": Frrr—l (x:') + }’} ~ L(yf Fm—'[ {:xz')) + ﬁL(yrf FJ‘N—] {Iz})}’ *

We are substituting this approximation for . in the equation of yy», then

finding the value of 7 that makes the derivative of %(*) equal zero.


https://en.wikipedia.org/wiki/Taylor_series
https://activecalculus.org/single/sec-8-5-taylor.html

a 1 azL{yI: Fm— (x:']]
[L(yir Fm—l (xr')} + ELQ"E: Pnr—l (x;}}}’ + E 1 },z =0

oF?
! Derivative of this

term is zero

D)

XER oy

a BEL(% Fm—1 (x:'})

ﬁL(yz': Fm--l {xf]) + BFE

2

XiERm

y| =0

az[‘{yir Pr?:—l(xi)] d
E aj_.z == LE_IH ﬁ‘r—'@/h F:r:rr—l {If]}

d
_EI.ER.». EL(y:'.- JF.'rJr—'.l (xr'}}

aE
EerR,-m FL(}?‘!} Fm—] [:-r:']:l

As we already computed sL/5F in the previous step as below:

aL(yh F(xr)}

OF(x;) =-Wi-p)

We are substituting this for s./4F in the , equation.



Exi_e Rim (yi —p)

Ex,-eR}-m ﬁ(_yi +_p) ........................

Ex,.eRj,,, i~ P>

i(-}ff + los(0dd) (1 4 eiog(odds))'1]

J‘.‘,"ER}'," oF
N— Derivative of y is zero
Z ERI"‘ (Vf p)
- '3"('?5;(1;&.};5 """"" };;;Eé.}ié;}"" )
Ex,eij aF (1 e ) """"""

Apply product rule:
Y, -p i d(u-v)/dx =du/dx - v+ u-dv/dx

— \:1

uuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuu

» eloglodds) plog(odds) )2
Xi€R jy | 14'08(04ds) 1 4 ¢l08(0dds)

2. <&, Wi ~P)

ExR(% p)

ELGRN p(1-p)

Finally, we got this simplified equation for the value of y» which we used in

the previous section.

Step 2-4



2-4. Update the model:
Jrr.'l

F,(x) = Fpq(x) + vz Yim1(x € Rjp)
j=1

In the final step, we are updating the prediction of the combined model F.
vl (x € Ryn) means that we pick the value ym if a given x falls in a terminal
node Rz . As all the terminal nodes are exclusive, any given single x falls
into only a single terminal node and corresponding  is added to the

previous prediction F»-: and then it makes the updated prediction F:.

As mentioned in the previous section, v is learning rate ranging between 0
and 1 which controls the degree of contribution of the additional tree
prediction y to the combined prediction F». A smaller learning rate
reduces the effect of the additional tree prediction, but it basically also

reduces the chance of the model overfitting to the training data.

Now we have gone through the whole steps. To get the best model
performance, we want to iterate step 2 » times, which means adding v trees
to the combined model. In reality, you might often want to add more than

100 trees to get the best model performance.

If you read my_article for a regression algorithm, you might feel the math
computation of the classification algorithm is much more complicated than
the regression. While argmin and the derivative computation of the log-loss
function is complicated, the underlining math algorithm which is shown at
the beginning of this section is exactly the same. That is actually the

elegance of the gradient boosting algorithm as exactly the same algorithm


https://towardsdatascience.com/all-you-need-to-know-about-gradient-boosting-algorithm-part-1-regression-2520a34a502

works for any loss function as long as it is differentiable. In fact, popular
gradient boosting implementations such as XGBoost or LightGBM have a
wide variety of loss functions, so you can choose whatever loss functions
that suit your problem (see the various loss functions available in XGBoost or
LightGBM).

Code

In this section, we are translating the maths we just reviewed into a viable
python code to help us understand the algorithm further. We are using
DecisionTreeRegressor from scikit-learn to build trees which helps us just
focus on the gradient boosting algorithm itself instead of the tree algorithm.
We are imitating scikit-learn style implementation where you train the

model with fit method and make predictions with predict method.


https://xgboost.readthedocs.io/en/stable/
https://lightgbm.readthedocs.io/en/latest/
https://xgboost.readthedocs.io/en/stable/parameter.html#learning-task-parameters
https://lightgbm.readthedocs.io/en/latest/Parameters.html#objective

Please note that all the trained trees are stored in self.trees list object and it

is retrieved when we make predictions with predict_proba method.

Next, we are checking if our customGradientBoostingClassifier performs as

the same as GradientBoostingClassifier from scikit-learn by looking at their

log-loss on our data.



# Output

Custom GBM Log-Loss: 0.461943067988696
Scikit-learn GBM Log-Loss: 0.461943067988696

As you can see in the output above, both models have exactly the same log-

loss.



Recommended Resources

In this blog post, we have reviewed all the details of the gradient boosting
classification algorithm. If you are also interested in the regression

algorithm, please look at the Part 1 article.

All You Need to Know about Gradient Boosting Algorithm — Part 1.
Regression

Algorithm explained with an example, math, and code

towardsdatascience.com

There are also some other great resources if you want further details of the

algorithm:

o StatQuest, Gradient Boost Part3 and Part 4
These are the YouTube videos explaining the gradient boosting

classification algorithm with great visuals in a beginner-friendly way.

o Terence Parr and Jeremy Howard, How to explain gradient boosting
While this article focuses on gradient boosting regression instead of

classification, it nicely explains every detail of the algorithm.

* Jerome Friedman, Greedy Function Approximation: A Gradient Boosting
Machine
This is the original paper from Friedman. While it is a little hard to
understand, it surely shows the flexibility of the algorithm where he
shows a generalized algorithm that can deal with any type of problem

having a differentiable loss function.

You can also look at the full Python code in the Google Colab link or the
Github link below.
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Google Colaboratory

Gradient Boosting Algorithm — Part2. Classification

Gradient Boosting Algorithm — Classification at tomonori-
masui/gradient-boosting

github.com
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XGBoost with a Simple Example

Understanding concepts through hands-on,
real examples. Sharpening skills by diving in...
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Visualizing XGBoost Parameters: A
Data Scientist’s Guide To Better...

Why understanding parameters is critical to
building robust models
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How I Cracked Staff Machine
Learning Interviews at Google,...

A Comprehensive Guide to Preparing for Top
Tech Company Interviews

a;&g, Pragya Shukla

Coding Questions in Recent Data
Science and Engineering...

These are questions that are asked during
interviews. Whether you’re targeting a role in...
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In Nailing the Al ML Interview by Dr.R. Li

ML Coding Interview: Decision
Trees

A decision tree is a machine learning model
that makes decisions by recursively splitting...

Mar 13 [;\T

& InThe Pythoneers by Abhay Parashar

How to Explain Each Core Machine
Learning Model in an Interview

From Regression to Clustering to CNNs: A
Brief Guide to 25+ Machine Learning Models
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