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1.Ensemble learning

e Bagging (Random Forest)
e Boosting (Adaptive Boosting)
e Stacking
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2.Tree Learning
F = {£(%) = wy }(q :R™ = T, w €R7)

e Here g represents the structure of each tree that
maps an example to the corresponding leaf index.

e T is the number of leaves in the tree.
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3.Tree ensemble model
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Figure 1: Tree Ensemble Model. The final predic-

tion for a given example is the sum of predictions
from each tree.



4.Boosting

e adaboost
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5.Gradient Boost

2.
2y


https://www.wikiwand.com/en/Gradient_boosting

XGBoost

“ [1]JAmong 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 ensembles.

99



We minimiaze the following regularized objective:

L(9) = Y Udiwi) + Y O(fi)

1
where Q(f) =~T + 5AHw||2
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Let y}-w be the predition of the 2-th instance at the -

th iteration, we will need to add f; to minimize the
following objective.

= 1y, 0"V + fi(x)) + Q(f)
1=1

Second-order approximation can be used to
quicklyoptimize the objective in the general setting.

L) ~ i (yi, 1) + gife(x;) + %hiff(xi)] + Q(ft)
where g;, = 8 (t—1) l(yz, y( 1)), hz — az(t—l)l(yia g(t—l))



Define I, = {i|q(x;) = j }as the instance set of
leaf 7. We can rewrite Eq by expanding {2 as follows
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For a fixed structure g(x), we can compute the

. . . 2icl; 9
optimal weight w7 of leaf j by w; = > GI;I,H\
’LEI‘7 t

and calculate the corresponding optimal value by



Problem Analysis
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Attention
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Analysis
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Feature engineering(1)

e Date
o day
o month
o year
o day of week
o day of year
o if holiday

o holiday_num



Feature engineering(2)

e Weather
o highest temperature
o lowest temperature
o if sun

e Statistics
o last month everage

o the electricity consumption value 30 days ago



My solution
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Future work

1. Cluster analysis
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Future work

2. ARIMA model
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3. Visualization



Future work

4. Other problems

e AMS 2013-2014 Solar Energy Prediction Contest
from Kaggle

5. Tips

e use python + pandas + numpy + jupyter for data
mining

o Kaggle is better for the freshman


https://www.kaggle.com/c/ams-2014-solar-energy-prediction-contest
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