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eta (0.3)

nrounds

max_depth (6)

min_child_weight (1)

subsample (1)

colsample_bytree (1)

lambda (1)

alpha (0)

gamma (0)

early_stopping_rounds

learning_rate (0.1)

num_iterations (100)

num_leaves (31), max_depth (-1)

min_data_in_leaf (20)

bagging_fraction (1) +
bagging_freq

feature_fraction (1)

lambda_12 (0)

lambda_11 (0)

min_gain_to_split (0)

early_stopping_rounds

23 ot2 727k (XGBoost 3.x, LightGBM 4.x, CatBoost 1.2 241 7/Z). R H7|X|0fAl= 0/50] ZF CFE + QS
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learning_rate (XIS )
iterations (1000)
depth (6)
min_data_in_leaf
subsample / bootstrap_type
rsm

12_leaf_reg (3)

od_type="Iter", od_wait

shrinkage

n.trees

interaction.depth

n.minobsinnode

bag.fraction

gbm.perf()
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XGBoost, eta = 0.05. Z3FEM 82/: max_depth 3~10, num_leaves 15~255 ( 27 %)
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HEHE (subsample, bagging fraction) g 2HE (colsample_bytree, feature fraction)
* EZ|nict b5 HI0|E{ Q] YUF (0 : 70~90%) BHH| =S *  EZ2|(Es2Y)0iHHo URTHALE
*  Friedman 9| Stochastic Gradient Boosting (2002) * Random Forest 2| mtry o 22 &4l ot HLo| EXMS
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c EZ|ISOo| ZMEatq 24 L + A

J HA 7| Okl Atabo| =2 mf g~
o LIghtGBM =) bagging_freq S [ [ ESE= HAJF 0D ME A =2 I 20N

*  XGBoost: colsample_bylevel, bynode & 7t

X OM (< 0.5) 7HE E2|7} 2ol bias 1. E& 0.7~0.9 ZX0i[A Z2 2L0]
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ElM HHH - Grid search vs Random search

Grid search: 9 HH Al Random search: 9 H Al
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22X (Bergstra & Bengio, 2012)
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QA EHN — QX £ ZASHE 2 (Gaussian D22 3 (exploration) o #& =

process, TPE 5 ) 2 &g} acquisition function
o HoliTl Zl40t3 vk
. - - N L+ : R — tidymodels tune_bayes(), mlr3mbo
o] ML} ? 23 St HH M3to| @2l Hed M A= 247} HISHE [ _ seishs HElE ' ‘
1 } | 28 ZEA A= SpohHetE o ParBayesianOptimization. Python — Optuna(TPE),

T

scikit-optimize

Grid - Random 2 A2 S2/X 2l A|= ( HE3} #/2), Bayesian 2 #X}%& — boosting Z} bagging S 29 &t
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Random vs Bayesian(TPE): Z2 60 He| Al (2{ &d)

Random search === Bayesian (TPE)
Mg 10H
1.25 A
= LI 2XFQI2 A|Z (TPE & X7| EMH2 random)
w 1.20
n
2 o~
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LightGBM, 8/£E 0.05 & + X7/ Z£. EM: num leaves, min_data in_leaf, &- & 2HEZ, A (5 7f). Optuna RandomSampler vs TPESampler
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T
learning_rate 0.01 ~ 0.3 23 EMM M 1M (0.05~0.1) 8t= 27t 22
max_depth 3~10 PSES XGBoost - CatBoost(depth 4~10)
num_leaves 15 ~ 255 23 - ™M LightGBM, < 2" max_depth
min_child_weight / min_data_in_leaf 1~100/5~ 200 =21 ClO|E7} &2+ 3
subsample / bagging_fraction 0.5 ~ 1.0 M LightGBM £ bagging_freq=1
colsample_bytree / feature_fraction 0.5 ~ 1.0 My HLI US4 2|
lambda / 12_leaf_reg le-3 ~ 100 23 CatBoost 7|2 3
alpha / lambda_l1 le-3 ~ 10 23 5| H[O]E{ 01| A
gamma / min_gain_to_split 0~5 MA MM olE

“ETXE” :0.001,0.01, 0.1, 1 & U= T2H EFY. L9/ GI0/E0f Lfef EE St SLE LY B

=E=2o= o
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cto|Ee|2|E 7'd &

XGBoost LightGBM CatBoost

* max_depth - min_child_weight *  num_leaves 7t A, * 7|20 ELL HA OZ A=

X max_depth £ A5t :

- * depth(4~10), learning_rate,

*  gamma = 00f|AM A&l EHest *  H200|E : min_data_in_leaf 12_leaf reg &=

=]y T, num_leaves { N

N © HEH A2 cat features 2

* tree_method="hist"(7|&2) £ *  bagging_fraction 2 175

HH 2 A| bagging_freq 2+ &7

* L2|H boosting type="Plain",
* =09 25 : scale pos weight * XS Al max_bin {, GPU Al
feature_ fraction
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R &5 : xgb.cv + £7| &% + Random search

R CONSOLE

library(xgboost); set.seed(1234)
dtr <- xgb.DMatrix(data.matrix(train[,1:11]), label=train$al)
grid <- data.frame(max_depth = sample(3:8, 30, replace=TRUE),
min_child_weight = round(exp(runif(30, log(1), log(50)))),
subsample = runif(30, 0.5, 1), colsample_bytree = runif(30, 0.5, 1),
lambda = exp(runif(30, log(1le-3), 1log(160))))
res <- lapply(l:nrow(grid), function(k) {
p <- c(list(objective="reg:squarederror", eta=0.05), as.list(grid[k,]))
cv <- xgb.cv(params=p, data=dtr, nrounds=5000, nfold=5,
ear ly_stopping_rounds=100, verbose=0)
c(rmse = min(cv$evaluation_log$test_rmse_mean), nrounds = cv$best_iteration)
1)
grid <- cbind(grid, do.call(rbind, res))
best <- grid[which.min(grid$rmse), ] # 7I& £2 MH
%= : best M™OZF FAH| trainO nrounds = best$nrounds A .. test I}

>
>
>
+
+
+
>
+
+
+
+
+
>
>
#
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R 25 : tidymodels £ Bayesian &M (LightGBM)

R CONSOLE

boost_tree()

library(tidymodels); library(bonsai)

spec <- boost_tree(trees = 1000, learn_rate = 0.05,
tree_depth = tune(), min_n = tune(),
loss_reduction = tune(), sample_size = tune()) |>

set_engine("lightgbm") |> set_mode("regression")

wf <- workflow() |> add_formula(al ~ .) |> add_model(spec)

folds <- vfold_cv(train, v = 5)

res <- tune_bayes(wf, resamples = folds, initial = 10, iter = 30, initial: XS 2XtQ| AL £, iter: Bayesian
metrics = metric_set(rmse)) HEE 2 (Gaussian process)

AZXl SE 0|E : tree_depth, min_n,
loss_reduction(y), sample_size, mtry

show_best(res, metric = "rmse")

best <- select_best(res, metric = "rmse")

final <- finalize_workflow(wf, best) |> fit(train)
predict(final, test)

AE x|

set_engine("xgboost") E HHH Z2 A=
XGBoost

bonsai Z§7/X/7f LightGBM 2IZ= tidymodels of FZ. 278 #H+E factor 2 =5 &£
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Eul X7| Z2 & validation/CV £, test = OpX|2to]| St tH

Grid 2Ct Random, Of|4t0] O™ Bayesian. Q= 2O X2
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