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Decision Tree Learning

Classification Tree

Predictors Target
Outiook Temp  Humidity Windy Play Golf
Ralny Hot High Faikce No
Ralny Hot High True No
Overoact Hot High Fake Yec
Sunny Mg High Fake Yec
Sunny Cool Normal Fake Yec
Sunny Cool Normal True No
Overoact Cool Normal True Yec
Ralny Mg High Fake No [ FALSE
Ralny Cool Normal Faice Yec
Sunny Mg Normal Fake Yec I
Ralny Mg Normal True Yoo Yes
Overcact Mid High True Yoo
Overoact Hot Normal Fakce Yec
Sunny Mid High True No
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Decision Tree Learning NV
Classification Tree

features labels
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Decision Tree Learning
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Classification Tree
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15| 43 8 & | no
22 | 76 78 & | no
32 | 78 90 B | yes INF77 KF77
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3.1 Basic Exact Greedy Algorithm 437434350, 52, 52, 55, ... 88 88 90 90 90
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Decision Tree Learning

Regression Tree
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Decision Tree Learning

Regression Tree
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Bias-Variance Decomposition

E [(y,- —f(xi))zl = Var {noise} + bias* {f(xi)} + variance {f(x,-)}

O bias FARNERE ZKEB S8 NH TN Y /EREE
O variance MEE TEEZEARIZGE LRIMERNEREE

Low Variance High Variance

Low Bias

High Bias
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Boosting
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Boosting

O Boosting Tree
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O Gradient boosting
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Boosting

O Gradient Boosting Tree
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Learn higher order interaction between features.

Can be scalable, used in Industry, e.g. BAT, Google.
Yahoo...

Invariant to scaling of inputs, so you do not need to do

careful features normalization.
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O GBDT(Gradient Boosting Decision Tree)

ZO B
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Fr(x) = Fpn_1(z) — Ym zj: VE, Ly, Fno1(x:)),

n

Yo = argminZL (yz',Fm—l(wi) -
oA

OL(Yi, Frn-1(z:)) )
8Fm_1 (ZBZ)
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O GBDT (Gradient Boosting Decision Tree)

Input: training set {(x;, y; )}, a differentiable loss function L(y, F'(z)), number of iterations M.
Algorithm:
1. Initialize model with a constant value:
n
Fy(z) = argmin Z L(yi,7y)-
v i=1
2. Form=1to M:
1. Compute so-called pseudo-residuals:
o [aL(yi,F(mi))]
o OF(zi)  lpw=r, (@

2. Fit a base learner hy, () to pseudo-residuals, i.e. train it using the training set {(;, 7im )}~ -

fori=1,...,n.

3. Compute multiplier ~,,, by solving the following one-dimensional optimization problem:

n

Ym = arg minz L (yi, Frn1(x;) + Yhm (2;)) -
v i=1

4. Update the model:
Fr(z) = Fpy_1(2) + Ymhm ().
3. Output Fys ().
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Chen T, Guestrin C. Xgboost , SIGKDD 2016

XGBoost: A Scalable Tree Boosting System

Tiangi Chen
University of Washington
tgchen@cs.washington.edu

o ABSTRACT

pa— Tree boosting is a highly effective and widely used machine
= learning method. In this paper, we describe a scalable end-
N to-end tree boosting system called XGBoost, which is used

P widely by data scientists to achieve state-of-the-art results
on many machine learning challenges. We propose a novel
sparsity-aware algorithm for sparse data and weighted quan-
tile sketch for approximate tree learning. More importantly,
we provide insights on cache patterns, data compres-
sion and sharding to build a scalable tree boosting system.
By combining these insights, XGBoost scales beyond billions
of examples using far fewer resources than existing systems.

1. INTRODUCTION
Machine learning and data-driven approaches are becom-
ing very important in many areas. Smart spam classifiers

Carlos Guestrin
University of Washington
guestrin@cs.washington.edu

problems. Besides being used as a stand-alone predictor, it
is also incorporated into real-world production pipelines for
ad click through rate prediction [15]. Finally, it is the de-
facto choice of ensemble method and is used in challenges
such as the Netflix prize [3].

In this paper, we describe XGBoost, a scalable machine
learning system for tree boosting. The system is available as
an open source package®. The impact of the system has been
vndely recognized in a number of machine learning and data
mining challenges. Take the challenges hosted by the ma-
chine learning competition site K e for example. Among
the 29 challenge winning solutions ~ published at Kaggle's
blog during 2015, 17 solutions used XGBoost. Among these
solutions, eight solely used XGBoost to train the model,
while most others combined XGBoost with neural nets in en-
sembles. For comparison, the second most popular method,
deep neural nets, was used in 11 solutions. The success
of the system was also witnessed in KDDCup 2015, where
XGBoost was used by every winning team in the top-10.
Moreover, the winning teams reported that ensemble meth-
ods outperform a well-configured XGBoost by only a small



XGBoost

Question: Does the person like computer games?
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XGBoost

Model Overview

where. Q(f) =~T + —)\||w||2 Additive function(KiE#) -

| — |
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’\@ F = {f(x) = wge}(q : R™ = T,w € RY) |

fre(x1) = w4 fii(x5) = w, fi(x3) = fr(xa) = fi (x5) = w3



XGBoost emma‘
M

1. [R¥8Loss function
L£(9) =D UGsyi) + 3 QJw)
2. t BZIRYLoss function( %tﬁ?i\;) k
£ = 31, + fux)) + QS
3. ZMIEFEFH -
£O 23 M 5) + gufilox) + i f20x0)] + ()

i=1
where gi = Oy l(ys, §7V) and hi = 82 1 1(ys, 97 V)
are first and second order gradient statistics on the loss func-

4. BIRHEER

n

£D =3 lgifulx) + S haf(x)] + Q)

1=1
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n T
3 1 1
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1. XRFEHoKEE :
’U)* L ’iEIj 9gi
J — _ )
Z’iEIj h’l’ + )\
2. B A= Loss FunctionSHBImtE :
~ 1 r (Zz‘te gi)2

LY (q) = -+ +T.
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| 1
1 1
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1 1
1 1
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XGBoost

1. XFS#oRRiE : \

I W — ic1; 9i I

I ’ Ziejj hz + A ’ I

i 2. T ANE=£€Loss FunctionfSHAISRR(E : |
: T 2

I () 1 (Zite gi) :

: L7(q) = —5 FAT.
N 2 Jzzl Zigjj hz + )\

Instanceindex  gradient statistics

&

1 g1, h1
Is = {2,3,5}

2 Q g2, h2 G3 = g2+ 93+ g5

= I = {1} g={4} Hj = hy + hs + hs
3 AR/ g3, h3 Gi=q 2= 04 (x,) = fi.(x2) = (x:) = w

. Hy = by H4=h4fk 2) = fx(x3) = fir (x5 3
4 A fi(x1) = wq fi(x4) = w;

G?

N Obj=—-> .+~ +3

5 g/ g5, h5 : 25 s+

The smaller the score s, the betterthe structure is
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Decision Tree Learning
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3.3 Weighted Quantile Sketch

statistics of each training instances. We can define a rank
functions 7 : R — [0, 400) as

re(2) = — Sk ®)

Z:(5'3,’L)€Dk (z,h)EDy,2<2

which represents the proportion of instances whose feature
value k is smaller than z. The goal is to find candidate split
points {sk1, Sk2, - - - Ski }, such that

|76 (8k,5) — T.(SK,i+1)| < € Sk1 = miinxik,skl = MAX X

(9)
Here € is an approximation factor. Intuitively, this means
that there is roughly 1/e candidate points. Here each data
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Zhi-Hua Zhou and Ji Feng
National Key Laboratory for Novel Software Technology
Nanjing University, Nanjing 210023, China
{zhouzh, fengj } @lamda.nju.edu.cn

Abstract ral networks [LeCun er al., 1998; Krizhenvsky et al., 2012, .““\,“

l\
— - = Simonyan and Zisserman, 2014], they are actually using dif-
(<\Dl In m‘sb‘l,:mr' by mse s oo d;;c's g ferent learning models due to the many different options such
ensembie approach with performance highly com- as the convolutional layer structures. This fact not only makes
= petitive to deep neural networks. In contrast to deep the training of deep neural networks very tricky, like an art
Lﬁ) neural networks which require great effort in hyper- rather than science/engineering. but also makes theoretical
parameter tuning, gcForest is much easier to train.
oo Al cven whin geForeet s appiiea o iffer.  amaysia of deep neur networks extremely diffcult becanes
‘& ent data from different domains, excellent perfor- Ftiaal coashinatioun:
mance can be achieved by almost same settings of R i widoly A R Sost. Besvmivg
= hyper-parameters. The training process of gcFor- == ) recognized that e

& est is efficient and scalable. In our experiments its :‘b;hty lstzr::;lof?{amm metwo‘r:es- Itis ?“;‘:’) “.“0“’“’ ?:g

g training time running on a PC is comparable to that that, s dm_ ey et et

¢ of deep neural networks running with GPU facili- models should be large; this partially explains why the deep

@2 P & neural networks are very complicated, much more complex

> ties, and the efficiency advantage may be more ap- - } Y P P

S parent because gcForest is naturally apt to parallel than ordinary k;armng moc}c\s such as support vector ma-
implementation. Furthermore, in contrast to deep chines. We conjecture that if we can.endow these properties
; neural networks which require large-scale training e othcr suitable form of ‘““‘?‘33 models, we ma]y be
~ data, gcForest can work well even when there are able to achlc.ve performance COEpEUSve 'O d.ecp - .
~ only small-scale training data. Moreover, as a tree- works but with less aforementioned deficiencies.
In this paper, we propose gcForest(multi-Grained Cascade

based approach, gcForest should be easier for the-

oretical analysis than deep neural networks. forest), a novel decision tree ensemble method. This method

generates a deep forest ensemble, with a cascade structure

o
)

1 Introduction
In recent years, deep neural networks have achieved great
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Cascade Forest

two random forests (blue) and two complete-random tree forests (black).
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Multi-Grained Scanning
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Figure 4: The overall procedure of gcForest. Suppose there are three classes to predict, raw features are 400-dim, and three
sizes of sliding windows are used.
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gcForest Performance

Table 2: Comparison of test accuracy on MNIST Table 3: Comparison of test accuracy on ORL

DNN (LeNet-5) 99.05% ésirgzg; 3 jn;ag;s 99 ;rr;a(l)g;s
Forest 06 % 25% .30 %

gcForest 98.96 % 8¢
DNN (Deep Belief Net) | 98.75% [Hinton et al., 2006] Random Forest | 61.70% | 91.20% | 97.00%
SVM (tbf K ] 9% 60 DNN (CNN) 3.30% 86.50% 92.50%
(rbf kernel) e SVM (tbf kernel) | 57.90% | 78.95% | 82.50%
Random Forest 96.80% ENN 19.40% | 77.60% | 90.50%

Table 4: Comparison of test accuracy on GTZAN Table 5: Comparison of test accuracy on sSEMG data

gcForest 65.67% gcForest 55.93%
CNN 59.20% LSTM 45.37%
MLP 58.00% MLP 38.52%
Random Forest 50.33% Random Forest 29.62%
Logistic Regression | 50.00% SVM (rbf kernel) 29.62%
SVM (1bf kernel) 1833% Logistic Regression | 23.33%

Table 6: Comparison of test accuracy on IMDB

gcForest 89.32%
DNN (CNN) 89.02% [Kim, 2014]
DNN (MLP) 88.04%

Logistic Regression | 88.62%
SVM (linear kernel) | 87.56%
Random Forest 85.32%
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