Gradient Boosting
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Xgboost

 Scalable, Portable and Distributed Gradient Boosting (GBDT, GBRT or
GBM) Library, for Python, R, Java, Scala, C++ and more.

e https://github.com/dmlc/xgboost

c EFRX
XGBoost: A Scalable Tree Boosting System



https://github.com/dmlc/xgboost

regression tree

* CART (Classification And Regression Trees)

Input: age, gender, occupation, ... Does the person like computer games

prediction score in each leaf —> +2 +0.1 -1




Ensemble of regression tree

Use Computer
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Prediction of is sum of scores predicted by each of the tree
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Ensemble of regression tree
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e Example:
» Consider regression tree on single input t (time)

= | want to predict whether | like romantic music at time t

The model is regression tree that splits on time Piecewise step function over time
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—F Splitting Positions
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o — The Height in each segment
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Objective for single variable regression tree(step functions) B freR%X
* Training Loss: How will the function fit on the points? Il Y35 45 R %%
» Regularization: How do we define complexity of the function? I1E MR

* Number of splitting points, 12 norm of the height in each segment?
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e Model: assuming we have K trees

Yi = Zle fe(zi), freF

e Objective

AfES by = Z;’:l Ui, Ui) + Zf:l Q(fk)
7 N

Training loss Complexity of the Trees
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Loss function 35 bR £

= Using Square loss 1(y;, §i) = (yi — 0i)?
+ Will results in common gradient boosted machine

» Using Logistic loss 1(yi, i) = yi In(1 + e %) 4 (1 — ;) In(1 + &)
+ Will results in LogitBoost
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e Define complexity as (this is not the only possible definition)

Q(ft) =T + %/\Zle w?

Number of leaves L2 norm of leaf scores — Leaf 3
Leaf 1 Leaf 2 €a
HF#E HF F 55 5 Wi=+2 w2=0.1 w3=-1

Q=73+ A4 +0.01+1)



Additive Training

e Solution: Additive Training (Boosting)

= Start from constant prediction, add a new function each time
(0) — R IN—HreR 2L
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Model at training round t Keep functions added in previous round
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Additive Training

* How to choose f; W{EfAEE 10

- SNOREPCE)
* The prediction atroundtis ¥; Ui + f;(ut;)h

This is what we need to decide in round t
- . ) ~ T t - '
Obj ™ =30 Uya i)+ 50 Qf)
=D il (yi, ;{},}Ji_l) + ft(ﬁii)) + Q(fe)+ constant

— ==
Goal: find ft to minimize this

e Consider square loss ,
Obi" =3y (= 6" + fiw))” + QL) + const

=2 - [ 25V _--_yijft () + fi(w:)’ ] + Q(f1) + const

‘___._____,_.--f—"':——_ -
This is usually called residual from previous round 5%Z=I



Additive Training

R
e Goal Objt) =5"" 1 (yi,z}f_l) + ft(mi)) + Q(f;) + constant

e Take Taylor expansion of the objective Z#RTHIREE
« Recall f(z+ Az)~ f(z)+ f'(z)Az + 5 f"(x)Ax?
. Define gi = Dyl 3Y), i = 92, Uy, 30D)

Obj ) ~ S [i(y;@,‘;}ii_”) +gife(@i) + shiff (@) | + Q(f;) + constant

Bk B9y Gradient Boosting B FFE 1), xgboostEE FFZ 25}
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2?21 [ngt(ifz) + %hiff(iﬁi)] + Q(ft)
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Simplify the objective &4, B #RreK 24

* Letusdefine G =2 c; 90 Hi=3%,c; I

. T
Obj(t) = Zj—l (Zg’efj gi)w; + %(Zief hi + A)w } +d
= i1 [Gyws + 5(Hj + Nwi] +4T
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argming Gz + %H:{:Q = -7, H >0 mmin, Gz + %Hﬁ —



g1, h1

g2, h2

93, h3

g4, h4

g5, h5

I3 =1{2,3,5}
Gz =g2+ g3+ gs
I = {1} L= [y = hy + hy + hs

G =q Ga =g
Hy = hy Hy = hy

The smaller the score is, the better the structure is



Greedily grow the tree /OB L ZEN

e Start with the root MR = FF15
e Split a leaf X X M+F T =13 1 7split
* The gain for a split —/ splitX B xR £189 Tk

The complexity cost by
introducing additional leaf

.1 G2 GH (GL+GRr)?
Gain = 3[gts + 785 — 2m=s) — —

the score of left child the score of if we do not split

the score of right child
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* Choose best split TEF & IFHsplit
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gl,h1 g4, hd g2, h2 g5,h5 g3, h3
GrL =91+ 94 Gr =02+ 93+ g5
Gy | Gi (GL+GRr)*

Gain = g5 + 7,05 ~ HotHain Y

* Stop if gain<0 MR gainE A GFI=1E



Review [O] P&/ NE

e Add a new tree in each iteration BNMERE S —

e Beginning of each iteration, calculate &M EFR#E, HE TFI%E
gi = ay“ ol (Yi, gt U). i = az{f (Wi, A 1))
e Use the statistics to greedily grow a tree f:(z) R#/UEEMWER
. G2
Obj =_22; 1 7 +T
e Add f;(x) to the model 0 =" 4 fia) ¥ £, O I\ FE R

« Usually, instead we do y*) = y=1) ¢, (2;) ST B — N Ke, 0.14
., XBE SIS B R B

= ¢ is called step-size or shrinkage, usually set around 0.1

= This means we do not do full optimization in each step and
reserve chance for future rounds, it helps prevent overfitting



Optimization

* Histogram
Too many split points, very expensive
Need to reduce the number of potential split points
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(1) Sampling

(2) Use simple quantiles

(3) Xgb used a more involved quantiles
Typically, less than 256 bins are enough



Optimization

Gradient Base One Side Sampling (GOSS) (used in LightGBM)
(analogue to minibatch-SGD)

* asampling strategy to speedup the training. strategy samples data points according to the
magnitudes of gradients before each iteration.

Algorithm 2: Gradient-based One-Side Sampling

Input: /: training data, d: iterations

Input: a: sampling ratio of large gradient data

Input: b: sampling ratio of small gradient data

Input: loss: loss function, L: weak learner

models « {}, fact « %

topN +— a x len(/) , randN - b x len([)

fori = 1toddo

preds +— models.predict(/) TopN data pts with largest loss (a*100%)
g + loss(1, preds), w «+ {1.1,...}

sorted «— GetSortedIndices(abs(g))

topSet + sorted| l:topN]

randSet + RandomPick(sorted[topN:len(T)}; A random subset from remaining data (b*100%)
randN)

usedSet « topSet + randSet .

wirandSet] x = fact > Assign weight fact to the Combine two subsets

small gradient data.
newModel «+ L(/[usedSet], — g[usedSet], o . .
w(usedSet]) After that, GOSS amplifies the sampled data with small gradients

models. append(newModcl) by a constant (1-a)/b when calculating the information gain




Python example 141

import xgboost as xgb
# read in data

dtrain xgb.DMatrix('demo/data/agaricus.txt.train’)

dtest = xgb.DMatrix('demo/data/agaricus.txt.test") Data . https://github.com/dmlc/xgboost/tree/master/demo/data
# specify parameters via map

param = {'max_depth':2, 'eta':1, 'silent':1l, 'objective':'binary:logistic' }

num_round = 2

bst = xgb.train(param, dtrain, num_round) e eta [default=0.3, alias: learning_rate]step
# make prediction size shrinkage used in update to prevents
preds = bst.predict(dtest) overfitting.

* silent [default=0]0 means printing running
messages, 1 means silent mode.

* objective [default=reg:linear]“reg:linear” —
linear regression

SRIRTR - * “reg:logistic” —logistic regression

* “binary:logistic” —logistic regression for

* https://xgboost.readthedocs.io/en/latest//parameter.html#fgeneral-parameters binary classification, output probability
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https://github.com/dmlc/xgboost/blob/master/demo/data/agaricus.txt.train

e 13:110:111:121:130:134:136:140:141:153:158:165:169:177:186:188:192:195:1102:1105:1117:1
124:1 03:110:120:121:123:134:136:139:141:153:156:165:169:177:186:188:192:195:1102:1106:1

116:1 120:1

* 01:110:119:121:124:134:136:139:142:153:156:165:169:177:186:188:192:195:1102:1106:1116:1
122:1 13:19:119:121:130:134:136:140:142:153:158:165:169:177:186:188:192:195:1102:1105:1
117:1 124:1
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* 1R 2 Fxgboost 915
https://github.com/dmlic/xgboost/tree/master/demottbasic-

examples-by-tasks
* LightGBM : https://github.com/Microsoft/LightGBM

e SlidesFEH FChen TianqifIslides{& 2 11 ik




