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. R
AR I TR A B, - SLaainttl, IR BACHY

(feature, value) Z=47#|

Algorithm 1: Exact Greedy Algorithm for Split Finding

Input: I, instance set of current node

Input: d, feature dimension

gain < 0

RSP I - e

for k=1 to m do

G+ 0, Hp <0

for j in sorted(I, by x;;) do
G + G += i H; « H;, —|—hj
GR<—G—GL3 HR<—H—HL

v2 12 Ly
G G £
score +— max(score, B =

L
By T Hgia  BETA

end
end
Output: Split with max score




W B35 (Split Finding)

o TSR
XFREARAE, AR, W RERE

« Global: ZE>JREEEM AT, FEHARIEDI D M
o Local: BFRATZEHT, EFTHEHEED] 405

Algorithm 2: Approximate Algorithm for Split Finding

for k=1 to m do

Propose Sk = {sk1, Sk2, - sk} by percentiles on feature k.
Proposal can be done per tree (global), or per split(local).
end

for k=1 tom do

Gk"l) = ZjE{j‘Sk.vijk>3k=1"*1} gj
H‘L‘?U —= ng{j]sk,vzxjk>Sk.1'—1} hJ
end

Follow same step as in previous section to find max
score only among proposed splits.




W B3 (Split Finding)
SRS = MK
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G? G2 G2
Gain = max{ Gain, ——— + 23 _ 123 _
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Gi G3 Gty }
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Hao+ A  Hz+ A Hippz+ A
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g, KHllone-hotZwfd, KEOHE

o YEHEH I RERS, XGBoost
A PL2E S BRI a2 5 )

Algorithm 3: Sparsity-aware Split Finding

Input: I, instance set of current node

Input: Iy = {i € I|z;r # missing}

Input: d, feature dimension

Also applies to the approrimate setting, only collect

statistics of non-missing entries into buckets

gain +— 0

% Zief'-gf’H — Eiel hi

for k=1 to m do

// enumerate missing value goto right

G,r_, — U} HL +— 0

for j in sorted(Iy, ascent order by x;i) do
G +— Gy, + g5, Hi. {—HL—l—h

G)Q{—GF—GL; HR<—H Hr,
g C C2 6'2
score +— max(score, g ySE 3 TRt — Aa)

end

// enumerate missing value goto left

Gr+ 0,  HR < 0

for j in sorted(Ix, descent order by x;r) do
Gr+ Gr+gj, Hr + Hr + h;
G'L {—G—CR H;, + H—-Hg

ai Gh s
score +— max(score, 725 + F-x — T

end

end
Output: Split and default directions with max gain
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bR

o ATHHFE Crow sample)

o FIFHFE (column sample)
B 2 BE AR

 Shrinkage (%) , BiZz>]id%
Rt ST RN, AR EIE 2, A ENEH

« CRFHEE XK (FHral &)




XGBoostH R %1+

e Column Block

. tl:%%?ﬁi’ﬁj;“g}? , ucolumn b|OCkE[/‘] é;j:.:*"él Layout Transformation of one Feature (Column)
GEAP LY Lo ot
o fHiBEFEARZRE| (instance indices) a - ‘ 1 1 e
»  blockr P HUHUE LIMBiAE 0 (CSO) f7if g -® B 0
B N\ -0
‘ B——O0 L —<le
AN INE T split finding K13 72, R L

TAEEW AT — I, JaTH T R R
EHERERGIF 2SS

O Gradient statistics of each example

E’ Feature values

 Cache Aware Access
o column block3Z 4 1E R /INBUT AT, AHR AR AR B A4S B A2 2 BT,
I8N AFIANIESE VT R),  F#fRCPU cache firH &
o AP TTIE
o THEUE YR Rbufferh (JEIEZL->IELZL) , HAHEEEE R
o ETTERETR



AT 5 AR

Data
Higgs
Yahoo LTR
MS LTR
Expo

Allstate

Data

Higgs

Yahoo LTR

MS LTR
Expo

Allstate

= T B4 LightGBM

xgboost
3794.34 s
674.322 s
1251.27 s
1607.35 s

2867.22 s

xgboost

xgboost_hist

551.898 s

265.302 s

385.201 s

588.253 s

1355:715

xgboost_hist

LightGBM
238.505513 s
150.18644 s
215.320316 s
138.504179 s

348.084475 s

LightGBM

4.853GB
1.907GB
5.469GB
1.553GB

6.237GB

3.784GB
1.468GB
3.654GB
1.393GB

4.990GB

R s (LAAE, 5XGBoostfH2)

0.868GB
0.831GB
0.886GB
0.543GB

1.027GB
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LightGBM F¢) 5033k

« HTRSA

JEELL 7 R IR S A kN REH, (R A — A 5 BRI BT B 7
i PR I, ARSE R R FEENRSIEE TR RRgHE, il
Pi—dda)a, BEEER T FHENSGUE, AJaRIEET B EaE, &
PSR P 73

—

—

#data

+

I

Selnleolf

sa@inlea

#bins

o J/NNFESH, IS HUN256 bint, R 3 8bit, Ti47/8
o /N T split findingBf IS M AT FH o, M O(#data) FFE]O(#bins)



b

LightGBM F¢) 5033k
« HTKEZEMRE

A BT E B AR R B BT B S A T R
BT R ERR], Tl

- Histogram (.) = Histogram (.) = Histogram(O)

B2 PRS0 Aatit BT R?
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E I FERIPIR 77 Level-wisefllLeaf-wise

A ...... XGBoost
- o’f?\ - Rl R BT O B BRI

Level-wise tree growth

Ko PlE, Bidmax_depth[R il

® LightGBM
0’\0 -PQ o m) f B EHURA KRR T

Leaf-wise tree growth



LightGBM f¥) Stist

- FATP04L (Optimization in parallel learning)
« AEGHIRFEIFAT

instance =

1.

2.
3.
4

FEEHYI 0 EAE, 1 worker R H H 53 FFAIE

K workerfk 2] B s V) 43 A (feature, threshold)
workerZ [B] BAHIEAE, 2|4 RimEV]7 5

BA 4 R EVI S FIworkerid 4T 503, KE) 7%
Y197 J5 724 1 # Binstance indices
HAthworkerfR ¥ #& HJinstance indicesiFH 1T 1 A 7722

TR A
* split findingit H & 4 F0(#data), %
=K 2 R e

WR1 WR3 WR4

o LB KN, FTE] Hinstance indices

o]
- ——————————

c

=
B ——————— -
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e FAITHLH (Optimization in parallel learning)
LightGBM FJRFAE AT
B ~worker R AT BT B F i 4
1. B workerf® HAFFE T4 E S EV) 0 A
2. workerZ [B] HAHIEAE, A4 RmEYV]D A
3. B workertR¥E 2 R V] 43 AT Y AR

=R
B Hinstance indices, /N2 IE S &
A

split finding U1 5 &2 2% 5 A /)
HY4HEE LR, B worker 74 Fra BdEA &



LightGBM ] &5tk

e FAITHLH (Optimization in parallel learning)
o EGNEIE AT
1. KPR, & -worker R H8 4 £ 4R
2. R workertR AR M E YR g it = B 5 K
3. AIFrEREET EAE e RE T
4. WRIEEREITTEFATHRTE

feature

I " R PIEEERITER
WR2 X F point-to-point communication algorithm,
instance {77 T l:/\worker fmg O(#machlne * #feature * #bln)
WR3
"""""""" we | “RHcollective communication algorithm ,
| >workeri# {5 &O0(2 * #feature * #bin)

BTN EE
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o FATPH (Optimization in parallel learning)
«  LightGBMMZHEFH1T
o A B Iworker & FFAS FIRFAE I R E BT
o RHEBEEMER, RFEEE I TRRETE

B{E &= /N 2 0(0.5 * #feature* #bin)

Voting parallel, Z2% 1 W “A Communication-Efficient Parallel
Algorithm for Decision Tree”
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* Gradient-based One Side Sampling (GOSS)
R —UOEAET, I T GBDTH BIFEABRE AR Z R FR, RIZRFE
AFAT KR SR ZE R (BEANE R BIHIRRE: MiRZE/DEE
PR — T8, HERX N TEIETE —ME, XL Bt
AR Z/ D EIR 2L . XA KT RBEIE, BEAIRIRE KT
FEAS, AR U ZRE0HE B [l I AN R S g 10 90 A, AN SEIR 142 L
AT RS BT O T IIE 1.

e Exclusive Feature Bundling (EFB)
FERFIELE FEAR R s b, RROEZ R — R M iy« A H XL,
BA TR LTG0 4 (IR GBDT ALV Hh 75 283 IR ARF b =,  SE i DTHL U,
i%ﬁ*@ﬁ%ﬁﬁﬁ@ (I ZRGBDTI F ZLN [RVHFE) 75 2238 [ ARk
Ho

https://www.zhihu.com/question/64943934
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* Greedy function approximation a gradient boosting machine. J.H.
Friedman(1999).

* Additive logistic regression a statistical view of boosting. Friedman(2000).

 XGBoost: A Scalable Tree Boosting System. T. Chen, C. Guestrin (2016).

* A Highly Efficient Gradient Boosting Decision Tree. Guolin Ke (2017).

* Introduction to Boosted Trees. T. Chen

* Tree Boosting With XGBoost. Didrik Nielsen

(GEthaa 2 07k) 2. B Sepb R T Bk 5 AR ik

https://github.com/Microsoft/LightGBM/wiki/Features

XGBoost 5 Boosted Tree

GBDTIEf#, KIEHE R
oI, AERE R




U B T !



