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| iterature

P [ESL] The Elements of Statistical Learning: Data Mining,
Inference, and Prediction, Second Edition (Springer Series in
Statistics, 2009) by Trevor Hastie, Robert Tibshirani, and
Jerome Friedman. Ebook. Chapter 10.1-10.6, 10.9-10.10,

10.12, 10.13 (in Part 4).

» Video by Berent Lunde (link on Bb), covering Chapter 10 (in
particular 10.10) and the Chen and Guestrin paper.

» Chen, T., & Guestrin, C. (2016). XGBoost: A Scalable Tree
Boosting System. In Proceedings of the 22nd ACM SIGKDD
International Conference on Knowledge Discovery and Data
Mining (pp. 785-794). New York, NY, USA: ACM.
https://doi.org/10.1145/2939672.2939785. The
mathematical notation is not in focus


https://hastie.su.domains/ElemStatLearn/download.html
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FIGURE 10.1. Schematic of AdaBoost. Classifiers are trained on weighted ver-
stons of the dataset, and then combined to produce a final prediction.

Figure 1: Hastie, Tibshirani, and Friedman (2009) Figure 10.1



Examp|e 10.2 /A pandans
N = 1000 + 1000, N, ., = 10000. Xs from N(0,1) for p = 10
and true class is 1 if Z;O %> 9.34 (median chisq), and —1 else.
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Algorithm 10.1 AdaBoost.M1.

e.i.\—\ssi- W QN‘

1. Initialize the observation weights w; = 1/N, i =1,2,..., N. on ol K.

2. For m =1 to M:

(a) Fit a classifier G, (x) to the training data using weights w;. Swnp
(b) Compute Serw’vrd L%
N
. 'wz-I i Gm €I,
2 i=1 (yi # ( )) c 20/\1

err,, —

—=, (c¢) Compute «,, = log((1 — err,,)/err,,).
(d) Set w; <— w; - explam, - I(ys # Gm(x3))], 1 =1,2,..., N,

3. Output G(x) = sign {2%21 oszm(x)}.

Figure 3: Hastie, Tibshirani, and Friedman (2009) Algorithm 10.1
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Understanding AdaBoost.M1
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G (x) is an additive model
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Algorithm 10.2 Forward Stagewise Additive Modeling.

1. Initialize fo(z) = 0. e @nptsy nedel
2. For m =1 to M:

(a) Compute
W

N /""-/\
(BmsYm) = arg min > L(y¢,+ Bb(z4;7)).

1=1
\U\wn
(b) Set Fun(@) = Frnsi (@) + Buub(@igm). 92 0o W

Figure 4: Hastie, Tibshirani, and Friedman (2009) Algorithm 10.2
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Forward Stagewise Additive Modelling with Exponential
loss = Ada Gooxt T4
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Group discussion:

W v
P look at this derivation of the equivalence of the AdaBoost.M1

and the forward stagewise modelling with exponential loss.
P For the steps 2a-2d in Algorithm 10.1 what is your new
insight into what is done at each step?



Algorithm 10.1 AdaBoost.M1.

Zi\i1 wil (y; # G (1)) 1akermediale

err,, = pa
Zz‘zl Wy "

(hon X . C
(c) Computé¢ o, = log((1 — errm)/errm).Sdh ° Zo"g{;«'\ ? @y

(d) Set w; <—w; - explay, - I(y; # G (x;))], i1 =1,2,..., N.

\
3. Output G(x) = sign 2%21 Oéme(CU)}- s mb\-ﬂ/tl

- ()
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Fm bn(.x>
Figure 3: Hastie, Tibshirani, and Friedman (2009) Algorithm 10.1



What is great with exponential loss?
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Figure 17.12 Exponential loss used in Adaboost, versus the
binomial loss used in the usual logistic regression. Both estimate
the logit function. The exponential left tail, which punishes
misclassifications, 1s much more severe than the asymptotically
linear tail of the binomial.

Figure 5: Efron and Hastie (2016) Figure 17.10: Importance of learning
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FIGURE 10.3. Stmulated data, boosting with stumps: misclassification error
rate on the training set, and average exponential loss: (1/N)S°N | exp(—yif(x:)).
After about 250 iterations, the misclassification error is zero, while the exponential
loss continues to decrease.
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Algorithm 10.3 Gradient Tree Boosting Algorithm. /

e
1. Initialize fo(z) = argmin, Z,‘Z\;l L(y;,v). = awely)

2. Form =1 to M: o~
Fori=12....N ¢ '-;%%: 2Pt = G5
(a) Fori=1,2,..., N compute aln

S pru.

. [8L(yz-,f(aji))] ruﬁem%woﬂ‘

o Of (x:) Ff=Ffm_1
r\(b) Fit a regression tree to the targets 7, giving terminal regions |
e i =1,2,...,J,. =
(¢) For j =1,2,...,J, compute
. \L NATYS (7\
@~ argmun > Ly fmo1(@i) +7) . nfs
T, €ERjm

) |

(d) Update fi,(z) = fr—1(x) + 2(:‘3.]21 Yimd(z € ijJ).

3. Output f(z) = fu(z). res

V
Figure 8: Hastie, Tibshirani, and Friedman (2009) Algorithm 10.3
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Gradient boosting (1’st order)

Input:
- A training set D,, = {(Xi,¥i) }i=1,
- a differentiable loss (y, f(x)),
- a family of base-learners H,

1. Initialize model with a constant value:

f =argmin > U(yi,n).
n

2. for k=1to K: o

i) Compute derivatives g; for all i =1 : n.

it) Fit a base-learner fi(x) € H to {—gi,x}i=, using MSE-loss.

ii1) Find an optimized scaling oy of fi:

G = argminz:':l Uyi, FR D (xi0) + afi(xi)).
v) Update the model with a scaled base-learner (8 "small”): f*)(x) = f*~V(x) 03A-fk(x)~
end for

3. Return f)(x).

Figure 9: Guest lecture by Berent (at 25 minutes i‘\r}‘othe video)
'

Comments from Berent: essential to add an extra learning rate 0

between 0 and 1 and 0 = 0.05 not uncommon. In Hastie,

Tibshirani, and Friedman (2009) 10.12.1 Equation (10.41).
\
Coldac V
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Figure 17.10 Boosted d = 3 models with different shrinkage
parameters, fit to a subset of the ALS data. The solid curves are
validation errors, the dashed curves training errors, with red for
e = 0.5 and blue for € = 0.02. With € = 0.5, the training error
drops rapidly with the number of trees, but the validation error
starts to increase rapidly after an initial decrease. With € = 0.02
(25 times smaller), the training error drops more slowly. The
validation error also drops more slowly, but reaches a lower
minimum (the horizontal dotted line) than the € = 0.5 case. In
this case, the slower learning has paid off.
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FIGURE 10.9. Boosting with different sized trees, applied to the example (10.2)
used in Figure 10.2. Since the generative model is additive, stumps perform the
best. The boosting algorithm wused the binomial deviance loss in Algorithm 10.3;



Regularization

(10.12)

» The number of weak learners, M, is chosen by monitoring
prediction risk on a validation sample (same as early stopping
in Deep nets - stop training when error validation set

Increases).
) “g:«'v\cx’)’—"gM\Cx\-ﬁ‘Q_.W
P Learning rate - low rate generally recommended, but may lead

to M then being large. (2d in Algo 10.3 add v.) Shan=ge o0

P Decorrelated functions: subsampling of both obserations

(rows) and variables (columns). Same motivation as for
random forest. When subsampl observations this is also called
stochastic gradient boosting.

» L1 and L2 regularization term can be added (more in 16.2)
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FIGURE 10.11. Test error curves for simulated example (10.2) of Figure 10.9,
using gradient boosting (MART). The models were trained using binomial de-
viance, either stumps or sixz terminal-node trees, and with or without shrinkage.
The left panels report test deviance, while the right panels show misclassification
error. The beneficial effect of shrinkage can be seen wn all cases, especially for
deviance in the left panels.
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Video by Berent — part 1 Replecen leckue
G2 07.2260.3

01:40 Berent starts - with motivation

11:45: Boosting timeline

16:27: Boosting principle

18:42: AdaBoost

22:45: From AdaBoost to gradient boosting
31:26: Relationghip to L1 regularization
34:39: Techniques for improvement

End of first part



Video by Berent — part 2

38:10 Gradient Tree Boosting  4st
§39:15: Why does trees work

43:49: 2nd order GTB

52:17: Algorithm for 2nd order GTB

55:07: Loss vs complexity trade-off in GTB + o

56:05: XGBoost Chan &Quesimas

1:02 XGBoost regularization

1:03 Hyperparameter tuning

1:10: Other GTB implmentations (LightGBM, CatBoost,
NGBoost)

End of part two



Video by Berent — part 3

1:20 Answer questions

1:22 Automatic GTB (not on the reading list - the phd-topic of
Berent)

1:49 Full lecture recap



