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Rt B EEIBIEA 1. ERHER L EES 2. Hyperparameters 125 LI K& B ith 18 5 25 & Al

= 3. JIERIREER HE1T test set 7B, LUK kfold validation 78| 4. Stack B2 H 8978
Al HEAE, RTREMNBBEESIINGSE, EMTNEET —EHNESE KRBERS. BHE
THEYE . EEMEEREE, LR T MRS Rtz BMERSEEENER S ARAEN
AR, EREFETNSEEERSEETES. LLEDMEM lightgbm (gradient boost tree). $8###E
L. FEM AR MEE, A linear stacking methods #8 & B & 5 E A B98I,

o IRIE mumakuEmEAORSETL EABE . EAM]

EMERNRFETS A macOS. Windows #1 Ubuntu &4, iCiE8E % 16GB~32GB, CPU A 4
~20 cores, neural network B9#%25 Bl F§ Google cloud 2t/ nvidia K80 GPU, 12X 55 A
python 3.6+, = E{F A (E %A pandas. numpy. scipy. scikit-learn. lightgbm. keras.
tensorflow, matplotlib,

o Bl momaniEmmmEY

[R 35 & ¥ 5 B numerical. binary 0 categorical 45, numerical B EERAMRER I,
binary 41 Bl E & X numerical (neural network) & categorical (lightgbm) 4%, categorical 4%
B EH 4T categorical #RiE . A~ R #9152 A AR categorical #RASH AT :
e Lightgbm (gradient boost tree, GBT): lightgbm R} categorical #&f5&.
o FEMHIZHAI (neural networks): {# F§ embedding #RH& . 5% A ¥ 3T — {8 embedding layer
#ER&, #% categorical values fEHEMEENHRERNE, BHEAMBHEMH EMEHEAKL

R ER
o [EHEFM : {FFH target encoding A EHEITIRIE, A AFERABEETFHNIEFIEER
IBRIKIE

BRTRIBER, BMRETEENOSE:

o RIBEMRIG HEBEERFER K-means 1T clustering, Z# 1§ clusters B id /F &4F
o

o HMEIFERA4HE : 12 building_complete_dt #[ transaction_dt 7] LL& 4% building_age. i
transaction_dt #0 building_complete dt th af LIBEE, B, HUR EHERE

o IEEMRAYFE floor_ratio (txn_floor LA total_floor), is_top_floor (41 total floor &
txn_floor)

o T Hh#BREA4FE area_ratio = building_area / land_area



BRAEMEBAMNEEEESENNTENEATR, At, REEFENNEHESEMERSY
B, EERLEDFEAMFEHEEAEZSRNT:
1. AEAMAENEHIIE—EEDY, SERRENEEEHHANRENETFHE, F8FE
RIS EER A R AR AT RE T
2. 7£ validation dataset i 7E:8IEF, #§%& sample M{EBLFF, BIE metric R MIFEE , TEATT
LD EREF, —RAEF—EHE column #ELF, FE kAl LU H A B R R M EE 4,
HE metric RAEERIREENHER/D, AIMRERFEFIEE k2, IAEEY
=8
3. BEN—PREINFEEZEREENR EMITLKRAFTEZNFERBRRIZSELMN
FEBIRE S, BRI A= BIE A k-fold cross-validation 2R E ., FTESEE A B FHANR
B,

SE D IR
12 neural network #f input features B B E B, ELLER T LB EHESY, neural network
model #J numerical features 2B 484} BRI :

o F % feature B skewness > 2.2 BIlf# log10(0.1 + x - x.min()) AOER 2

e f{# standardize B9 & #2:E F A BY numerical feature B4 mean = 0, stdev = 1,

o JI|FEERY maminnaFEAnIBER 25

H =R 31 f models stack i ARZMIER, EFEE 26 @ Lightgbm models. 5 { neural
networks & 1 {& random forest,

Lightgbm
Lightgbm models X %3 % LA log1p(total_price / building_area) F1E & LA log1p(total_price) &

targets M#&E (model & & & wo-per-area ), loss & target B4 mean square error 2K Il ##, 1BfE
FA mape (mean absolute percentage error) {4 early stop #J metric, FHBBER T &, F19
HERFAER num_leaves $94 250~300, max_depth & 16~ 32, feature fraction & 0.4~0.5
, learning rate & 0.0005~0.01, kfold CV EF#J number of iteration F validation set #J mape iR
&, Hifi early stop (BEF{EA 2000 iterations. FxAE%A 100E ), #5EH stop iterations & 1
B 5000 2| 76 BL EE (2R TX), final model BI{E A kfold Rk B £ iterations &z #&
B iterations B,

F£#A lightgbm B85 % :

min_data_i
N name Ir max_depth num_leaves feature_fraction n_leaf

1 Igb 0.01 16 300 0.5 10



Igb-corr-feats-selection-100
Igb-PCA

Igb-wo-per-area

Igb-1r0.001

Igb-feats-selection-75
Igb-feats-selection-75-Ir-0.001
Igb-feats-selection-75-Ir-0.001-rand
Igb-feats-selection-75-Ir-0.001-rand323
Igb-feats-selection-68-Ir-0.001-mix5
Igb-feats-selection-70-Ir-0.001-mix5
Igb-feats-selection-70-Ir-0.001-p5
Igb-search-bins-Ir-0.0005
Igb-Ir-0.0008-mix5
Igb-wo-per-area-long
Igb-wo-per-area-long-2

Igb-binary

Igb-binary-augment
Igb-search-bins-Ir-0.0005-250
Igb-search-bins-Ir-0.0005-350
Igb-feat_rm_new
Igb-search-bins-Ir-0.0005-255
Igb-building_age-fillna

Igb-binary-2

Igh-3_groups

FE#H lightgbm BE IR (18):
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name
Igb
Igb-corr-feats-selection-100
Igb-PCA

Igb-wo-per-area

Igb-1r0.001

Igb-feats-selection-75

0.01
0.01
0.01
0.001
0.01
0.001
0.001
0.001
0.001
0.001
0.001
0.0005
0.0008
0.0008
0.0008
0.0005
0.0008
0.0005
0.0005
0.0005
0.0005
0.0005
0.0005
0.0005

lambda

0.01
0.01
0.1
0.04
0.01
0.1

16
24
24
16
24
24
24
24
24
24
24
30
24
24
22
32
16
26
26
26
22
22
24
23

min_sum_he min_dat

300
300
258
300
300
300
300
300
279
279
258
300
279
258
255
127
127
250
350
350
255
255
127

85

0.5
0.5
0.4
0.5
0.5
0.5
0.5
0.5
0.45
0.45
0.4
0.45
0.45
0.4
0.4
0.4
0.3
0.45
0.45
0.45
0.45
0.45
0.4
0.4

lambda max ssian_in_lea a_per_g stop

12

0.1
0.1
0
0.02
0.1

_bin f

10

10
10
10
10
10
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T4 early ¥

2473
roup iterations H=E
30733
30866 100
15245
26017
296069
16373 75



10 Igb-feats-selection-75-Ir-0.001

14 Igb-feats-selection-75-Ir-0.001-rand

15 Igb-feats-selection-75-Ir-0.001-rand323
16 Igb-feats-selection-68-Ir-0.001-mix5

17 Igb-feats-selection-70-Ir-0.001-mix5

18 Igb-feats-selection-70-Ir-0.001-p5

19 Igb-search-bins-Ir-0.0005

20 Igb-Ir-0.0008-mix5

21 Igb-wo-per-area-long

22 Igb-wo-per-area-long-2

23 Igb-binary

24 Igb-binary-augment
25 Igb-search-bins-Ir-0.0005-250
26 Igb-search-bins-Ir-0.0005-350

27 Igb-feat_rm_new
28 Igb-search-bins-Ir-0.0005-255
29 Igb-building_age-fillna

30 Igb-binary-2

31 Igh-3_groups

0.1

0.1

0.1
0.07
0.07
0.04
0.05
0.07
0.04
0.04

0.05
0.05
0.05

0.05
0.02
0.02

0.01

0.01

0.01
0.01
0.02
0.001
0.01
0.02
0.02

0.05

0.01
0.001
0.001

0.001
0.04
0.04

0.01

0.01

383

511

511

255
383
383

383
511
511

255

255

0.0001

0.01

0.1

0.01
0.0001
0.0001

0.0001
0.1
0.1

0.001

0.001

50

25

50
50

10

7

159504
159803
160513
192753
192315
248465
383077
234106
311525
318721

669762,
376184

447854,
473562

456619
332877

310508
561421
552896

764125,
728676

643720,
611161,
613967

4%, BRHEME 2L total_price / building_area A M ERE KIEMFHIEER, REEMER
%23 31 —1&8 binary classification #§ /@K I&#) training data % B B A& groups, B % Bl ¥ d &
groups HY data train @& models, LAIEAE{E R model FTH E 2 E # B ZE &% Gaussian &

1 (Le A3 E4E R B binary), LALLERH#E B ML T 3 groups BIARA (model 31),

HMERIEEMSHEEERESENE RERMBREFENEEEBRETEEZNEE, £

& (HEBREE).

Neural network

Neural network models Z& £ #J dense layers 8%, {B categorical features 5c&i A Z

embedding layers 5 £l & {th 2t{8 features #[ binary features #84#. 5 18 neural networks

dense layers 51N T :

e 6 [Z dense layers (3548, 3548, 1774, 1774, 887, 887)

75
75
75
68
70
70
68
70
35
35

68

68
68
68

8
ne

68

68

68

68



10 /2 dense layers (1024,) * 5+ (512,) * 5

4 |2 dense layers (3440, 6880, 1720, 860)

4 JZ dense layers (7400, 3700, 1850, 925)

4 JZ dense layers (4764, 9528, 2382, 1191)

5 — E3M{E A batch normalization, optimizer & Adam #0 learning rate 0.001 £%, Loss
function & mean square error, Nerual network B9 target % log1p(total_price / building_area),
E#%58@ standardization, :Z#i A Zl neural network 89 target HF¥EA 0, 1Z#E A 1,
Activation function % relu 2 prelu, 5 {8 neural networks B E 22 £k (batch size, epochs,
learning rate) {KF 80T :

Batch size = 256, epochs = 227, activation = relu, learning rate = 0.001

Batch size = 64, epochs = 179, activation = relu, learning rate = 0.001

Batch size = 256, epochs = 598, activation = relu, learning rate = 0.001

Batch size = 256, epochs = 854, activation = prelu, learning rate = 0.0009

Batch size = 256, epochs = 805, activation = relu, learning rate = 0.001

o I F AR RIFIGIE mavmrrumzznEmstit
IR M 2 T GBS AR )]

ross-validation
3% A 3-fold 1 5-fold cross validation (CV) Z&# 5 18 Al model BITh%R, FLUREZEE M
hyperparameters #[ training B & £ #4Z It epochs/iterations, £tk %5, 1@ fold B model
#B R train on 4/5 B training set, T/ 1/5 {4 validation {# 1, LAt valiadation £ #)5 B2ikiR
E R {ER epochs/iterations £tk Estacking tEE . 2 #% 18 5 model B LAk BB £
epochs/iterations E &7 train on £ &84 training set, ¥t test set #7ERI, A FZKR A% L . Neural
network 755845 A1, B % neural network noise BIEA %, HMEHEE A kfold CV B fold
B model RI$EREVF 85 stack RoEmH, TR E FERA L AR training set Il #&,

Stacking
FEBERBENIFZE, HMTLEEREINBERURETANAXES, LLEDIFEFITER,
Sc{# Fk-fold cross-validationsTEBIMEE S REMNEE B E, 2R EH Rtest sethpredictionsfE
RERBHMEE, S RLES, HMEHAM stacking A& AR MM, ENEEE model B
AEFRL—EFREKEBEMN, SRRERMOTER, ZLBEST, HMBET&ERREM stacking A= :
o FEAIH total_price EIELRIEARMN
o S£{#H log1p &t total_price T log_total_price, #1142z E B expm1 B FIKTE
Al
e total _price P& LA building_area, B{# F log1p ERHE; R EM Mz %, B expm1 F0F
LA building_area & R B & #& 788
MmSRREMREEMEZAERT LU THIRELBTE:
o FHHEM FEAELEINSRENENEES, 2REERGTRAETFHEM



o RMEMEF:{#H L1 (Lasso) regularization #R1E[E SRR EIL B 8., Lasso F#Y
hyperparameter Bl|{§ Fi cross-validation iR

o EBEI TEHMNELMEMSHM, TRERTEABIFIIFN metric FR. BE BT
GRS ALBREEENRSH 2 M. ERANYRER ATETEMMEREE (02
FHEEEELAEIMELBEEES 0, EMBIF 5 100%)

o FEAREILE X A scikit-learn B linear regression R Ef&x{E1t mean-squared error, A
Lt A5 A scipy.optimize.minimize #1T&REL . XIEILHEES MAPE, EREXETH

£ BBIE D, hit-rate h EWHETE, RIEM hit-rate FIAHEMESHShERLHE TR

EnBEERAK

S $1T dataset/gen_5_fold_cv.ipynb JIEH—r training set Ak 5 fold CV sets, #EEHITEE
metamodel Z&BASER code ZKESE —EB % feature engineering, A% E1T& 18 model A& BHEERY
code FIl## %18 model, i, rﬁ‘“#ﬁt TAEE R stacking /5% B code (F stack ABAEE), #& R
H7E output EFIKE,

o WEER mmsnmAREEETENES

FERBELBTNEZHFERERVELE, HMEERWELEHEE II1E§° ERLENE
B MR samplesBEREH LD, BRFHBE L EEFRT overfitting WEEER L ERARE
, B, $FEOEE. SR H AL % overfitting A AEENEE, L'Rtt%q: R &g E
ﬁTMTZ@é‘;?@ A LEA8 & E] LI 4T HY feature engineering L ZER, ZEMR—M TEEET T
AR SN REEEEERREERLL 30 22 90 RBFINBELNRARBTMEFE ERAM,

RE4 ) gradient boost tree B AZEEMER, (B 2 FE M HEERE stacking Rt RATZER, &
BRIt H—(EH 2, learning rate B 21HE B S HI T/ saturate BIEFEFEH/N, RLEERZE
REEBZSHMNER , B leaderboard score, NEEAIE— T shake up, b RIEFHMELNIEL
%18 &, BIRFAEE UL, THIMBELER T shake up WER, FBHEMESITALMEEAELTERE
NEMFIERMET, B8, AIUEEAEFTES R dataset B/, flunctuations # K, &Itk H 2R 8 5
HA—EREAE, TEEZHNFERELAELMNSE, 2R FEALEDE judge B EI47IE
EERE—MOEER
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