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2. MWXNEDOEE (400 FHEAE)

REYEET LR, ANHOKOMBICEH LEZZE - vunr2Hnik R
LR TH2. WEBEEET VL, BHRAAX—VEFEETIILNTELD, HE)
HEILPCH R R E AR DT CICHEIMT WS, i, BREYEE T LVOMEREZ M
EERBEDITITIANANR—NRIRX—ZDFa—= Y ZICHELAEEE>TWVWE., 22
T, AMRTE, 25 ORRINZELAHEAL Y — L DeepDiffViewer % FFE LU 7z. ARF5E
T, 7, ZBOHEENINARN—NRIX—ZDFa—= 7 IZBVWTYARRHE
WCIEHE L TW5 2% Stack Overflow RSN -HMZ@B L THELL. Z201%&, £
DEMRICE DSV TAAL =T X=X DEL ETNEEOMGRR Y O EBRMERZ

%

7' 7 TCHfb S 5 Z & Tilix LEM T % DeepDiffViewer % B % L 7z. DeepDiffViewer
BRETR IV IEHERPILV LY RECKELRWED, ETHEEK
AYR—FTE%. ¥7, Git £ ##3 2 Z & T training anomaly 5| X Z 3 3 —
FANDOEHEEREDXZTE L. ®HEIT, Stack Overflow D EFEDER 2 12H DWW T
DeepDiffViewer ® 3 D DF|H > F U 4 %2 i&kim L 7=.
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DeepDiftViewer: Tool for visualizing time-series

changes in differences to support version control
2023 21622010 OHASHI Yukina
Abstract

Deep learning models are based on multilayer perceptrons and are de-
signed to mimic the structure of the human brain. They have successfully
applied in various fields, including autonomous driving and image recogni-
tion. Recently, there has been a growing interest in tuning hyperparameters
to improve the performance of deep learning models. This paper presents
DeepDiftfViewer, a tool for visualizing time-series changes in different settings.
Firstly, I investigated the questions posted on Stack Overflow to find out what
challenges developers face in tuning hyperparameters. Based on the investi-
gation results, I then developed DeepDiffViewer, which saves and manages
the results of experiments, such as the relationship between hyperparame-
ter values and model accuracy, by visualizing them in graph form. Because
DeepDiftViewer does not depend on any specific programming language or
framework, it can effectively support model development. In addition, Deep-
DiffViewer can help identify changes to the code that cause training anomalies
by integrating with Git. Finally, the paper presents three real-world usage sce-

narios for DeepDiffViewer, based on questions asked on Stack Overflow.
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1. &S

FRYEET LV (UBEETL) tid, ANBoOMOMECEH LLZRE -7
nYEHWETeERTHB[1]. ETNME, BHREAAR—VEPETLZIENTE
%78, E, HENER 2] REGERWR 3] R AR ST CILAIATWS. ETL
¥ Tt 2%, F-RONE, F—XOFNLE, =7 LOME, ¥H, R,
HARY, 6 263, ZD55, TETILOME, ¥ HFORT v S TIEiiE
MENZHRD XIDICET A EHEEXES. RIETIEX, ETLVOMEEZR EXE 27
DIATINANR=RIGRXA=RZDF 2 ==V T IZEHLBEE>TWVS [4]. N A =%
TRA—REBBERBFE TNV X LDOEFEHRET 587 X —& (EMHELEE, B
NEOR, BB =y MIGEEMEEE, Fry 7Y T 238G, 28X &
WLBEE, BRER, Ny FHA X, TRy ZERY) 2XF. LrL, NA 8=
TRA=REFa—=V I T HBICEANTRA-XDEREEL, ZhiCk-oTHAL
FeX DU REHRLZ BT, BRBERZIEUTRIXA—XDEEEE T EENED
RUTbNE. 2 U THESR X, EROFHEMEEZHMRT 272D, EBRORITHED
NAR=RIGR=ZDFHERRPE SR o7 2l L TBLENDS. %
oy TNHDNAL N=NTRX—=RDOFFEDMAD I, ETILOBEIMIRTITAR N, F
EEy, BREI T LRV, A—N=T 4y b+ (ETADBFEH T —XICHAEL
TETLES C k), KEMTHEM REE, BREIFLERY, Hrk¥Y
BEORKEL L DE20, ChOOFEEREIL, TTLOFEE T L0ETE:
D wL, =7 -RRbRV. o THEEZ, HEAESPEELRLEDHEOE(E
BRELBETIDEND . AMETIEZOMBEICIBIT3MIEL LT, ZH0KR
FNZEAL AT ARAL Y — )b DeepDiffViewer Z BIFE L 7. AT, £3, EBROHREE
TERNANR= NG = RDF 22—V TIZBVTEARBELIZTVW2D0%
Stack Overflow IZEfR SN/ HMZE L THE L. Z L THEOMBICHE DX R
BORELBEDETFTALHBIZBIIANA =T —XDF 2 —=V T2 BT
%Y — )L DeepDiftViewer ZBIF L7z, ETNADANAL =T X —RDfESR X 1)~
ADMEEEHL, RLTK 77 7 CAdL s 2. D3RO ETNVICEL ET
DERZitANDIIY MERREEZED T 70 —KEe LTRRL, ETLORESR
X®T 5.

1)



KRR OO ZRT. 7, H2ETAMEOLE L 72 2 H FHGK
KOWTERLAENS, BHEMEEANT S, HI3BTWERQRETIHAENEL
FABEMR, TLTEARY —ADBRRBLEINTVE2DO0ZiEm T 5. H4ETIEAR
W2 THAFE L 7z DeepDiftViewer DLk 2 d R 2 720, Alfifboxtg, 7 v —, FH
SFVAREEBOoTHHAT S, BHSETAMAOMES 2B,



2. B

il

21 FRFZEETIHAETOER

ETAEE, ANHOMOWMEICEB LLZE S-S ter2HwA ot XT
Ho[]. ETNZ, ZRBAR—VEFXETLZIEDTESD, 8F, HEER
[2] R ERFRFK [3] e ERRA BB CICHIN T WS, £z, ET7LDEEX, Pytorch
@D Keras 2 tensorflow PR EKAIZTA T 7V DOENFT, ZLOMBEDLL
B EICFEHT e TE 2 [5.

M 213 REEEETAMAFE T O LR DE6DDRT Y SRIRT.

ATy T 1L T—2DINE
CDORTy 7T, EFTAVCHMATZ 7T —Xty b2IEL, NEXILT—
Xty P DT EPZYADPE S DPZRILT 27 n A TH L. GREEETHE,
— Ry bDRE—UoEEL, ZOMEZIMLL IS8T 5. 2% D
TRty FOEEFE V- 70 —-0HDLTHY, TOMENEEYE T n
Yl VRO L. £, FERMEHIA LT Xty P ZOHBRE
HINLESIDPEWERT 2 BB EICKRS. ETAVHFE T e XTI, &
WMENTET AV EEBROT —X Ly et O TERT 20—V avE
HSo0ERD 5.
ATY T2 T— X DREIMIE
CORATy 7T, WELAET Xty b Z2ETATHETE S L5 ICHER
BAZEHT 2. ETVOFRHIMHAT 27 —X1F, Z2L0HE, ETVICAN
TERVWERTEZLNS. HIZFZET VO EICMHEH L2 WRBIX Yes &
NoDZEZ e LTEZLBNED, EFAMIIEIALZHMERE (1204Y)
CELTHTHAREDND S, 7TXAPMTHNR, HFEZ A VT v 7 ALHFERY
FACERTE B (6. %72, BT 57— XICATIICE X ERZHE N
2P REHWPIFTIL BB [7. O, AFvF I THERLEF—XEy b
DRI T 2MEIEZEZRL, MLHOERXBIE S DI2XRELZRET S.

(7 1) https://pytorch.org/
(7 2) : https://www.tensorflow.org/guide/keras?hl=ja
(7 3): https://www.tensorflow.org/?hl=ja




T U VI (REEE)

ATv71 ATY T2 ATv7,3 ATy 74 ATvr5H ATv/6
T—YDINE  T—YDRILIE - ETIIOEE —~ FE | EEEFTHME —~ 2 EH

v

2.1 FEEZBEFILOEARA7OLX




X7z, ALER Ty TOEEEFILHE AT — XX LEHE T 2 Z b
KYIC, FILENIZEEINLGEREET VAR T o A2 K2 HEHEITT 5
WEDRD 5.

ATV T3 ETIDEE
CORTy I T, 7—Xty FORBERAZ2ZLDDETNLVOMEE T 5.
FERITOET NV EARET NV EZHAT 20 TRENRE L 720, BFELL
WHEZEE AT, 7— XLy PCHoETNLVLERT L2 ZEDEHEEICTK S
[3].

ATy 4328
CD¥BRT YT TE, BEPRNIRZLZESIETAEREETS. ETILLY
BF -2ty "R RBBICR 2, PERA Ty TOEHIH LIRS, — KW
WHZ2XEVRERZOT, ZHESEL CHEMITS CePEEICK
5. Flz, N RN=RTRX—XOFEIX. THHREORVWETLVEEBT 2 L
TIHEREELERTDH 5 [9)[10]. #HHEBEOFEBRFIZITS 2 b dbhiL, 3
A T4 VICHARADL I DD, RETAINAN=—NITIXA—=RDOHPTH, K
WXy VT =07 —FT7 7 Fx2HlHllT 2R TDRI A —ZPEEITKR
5. XO/NXETATIE, @BFEEE2EITZ D12, BHELE (carly stopping)
PERAL, HHELLT Ry Z7BERE L THMEET — X OBEKEISE LRV
BE, ETNVOFEEREILT 20N H B [11][12]. FEEFOEREE M LT 55
WEBDOFRR e %2 b, ETNVOEBREPRS L2770, BREEDOY A X
BAY bTI—0 7 —%7 7 F vy 2 RETDHLTROIDEERAAGA-XTDH 5.

NAR=RIRXA=RPERO7 Tu—F LT, Vv RS —FIF30KXA
P—FBELMFEORTVWS[13]. Z7Vy FH—=FIF, T XA =XDFTXTDM
BOEEMENICEHITT 2. —H, 7YX LY —F T, T X—=XEHD
BEEREL YTV T7ENLD, TIRXRTOHAEDLEZHAITT 2 21K
BRWV. 7V y R —=FF, "AR=RFX-XDHAEDLENZVWEE, JF
ISR 2o TLED. FRARMEEZA L%, ROMREDR WL A =
FA—REWMHH LT, ZALZHLICHLVEREZHRBT 2 2T, MR
TE5%.



27w 7 5. M BE T
CDORATy 7T, EFVOMRZFMIICONT 2. —&KIVIC, KERET IV
NI RA=RFEREPERELZHCTRET . L, ETNVORMEKIHR
FolbETAERBOIMZIDERIATI LT, ETLOHEZITS I
TE 3. oMicix, @ER, HHEE, AUC (MR NEHE) & ot MisfEos!
B, ZEHRCHVAIRIET — &2ty b XD KEEZR T -2ty b EHAVIE
RROWUEIEENS. iz, ETLVOTFHUBPAFETH 2 Z L 2R T 208N
Hb. T—REYIMNERXRTIARAL, RTAR LT =Xty b ZICHRERET
BLZWRD, 222 —HF - L —TWHLTETARED LS RTHIT 2
DBV, TH, FERCHEHALULRBCN ST 227 LOKREEDRE
L, B2%B T —XORYELBELLGAEKL, ETLOTHNED X 5 1c&1L

TAEDZRRARDILEND 5.
ATv76EH

CDRATy 7T, FEEADETNVEARAFREICT 7uA4 LTEHT 5. ¥
L F7uq4 S eEr VvOoRME e EEZIIES 27D, ET VDT 4—F
Ny VBRETH 5 [14]. £, BERGE, FILLWEEH T X2y 7 F v
LTTF—&Xty F2HEPL, ETAZEHRTLHI DL, ET LT —N—%
T2, B7 784352 RETAUN=TYary2EHRIELLDT
X5, A TIA4VEEBLTEZET, T—XFA T4 A M, BITO
EFLDOEHRMEFTIELRL, FFLOVEFTLOBBICETTZ N TES
[15][16].

22 FREREZBETFINOBERZEY-I

ETFTNDX MY I RIpER Ty b LAGI{ELT %Y — )L TensorBoard ™ ¥ % Visdom
ENX, BTN EFET LTt R0LRKEHEBELLICTEZ2I e TERETS L
MTESL., LhL, TNHOY— L@ EEX M) 22270y b3 570, FAREE
DHEET—ZOREDRY P, FEHREPEELFRCZOFRRNE Ko/ ZHa— R

(7 4) : https://www.tensorflow.org/tensorboard ?hl=en
(7 5) 1 https://github.com/fossasia/visdom



BEZRDPEVIBHNINETD 5.

DVC (Data Version Control) * *{ZIdFE LI OAITOME DR L O TREICE
AHEINET—ZON=—TYa VEBEEXET LY -V TH5. DVCIE, Git &EHHE
T2Z2T, T—XOBWGH L LTEBA ML -V — L ADBFHTE, KEOD
HRBREDRKERIA ZDT —REWS 2B TEDL, £, BWEE A T74
VB OFAR e ET TV, BEMEERHEART S, L L, DVC OBMEITEARIIC
Git 74 7% aRY K744 YR 72— ATITW, GUI BEEIX W72 DEEEH
LW, 72, 2L D Github 7r Y =27 M, DVC D FEE A4 T4 e TH
HWHEDT®, T DVCEHRREL, EBRLTVWIEBETH 2 17. - T, HEEY
NRAT A4 Y T7av RV PRI DI RERTHILDRLETH 5.

MLflow ® X IRE ¥ OBFEZAT 5 L THMEICR D 2B RETRE, €74, 8
T X =R, FHEEER CORBFEHE LR T 2 Y — L Th5. MLAow 1%, HEREH
EWVWOETOEE Gl - Ra 7V VI OETEREITO LT, BEDETHR
DB BEHEMPAREIC KR S, /2, EETEBRUIZND D, Web 75 v F CHREREH
DIERZMENNICHETES. ZLTLEI NI TOANA=—Ya VyEHY, SR
EBEHANFAN—Ya VEHEPAGETHS. Lo L, MLflow API 2R L THEATRC
BEITS 20, FEELFMD Python 27— F% MLflow ICEA T 2 -0 &1 2 2.0
BD 5.

FHE DB FE U 72 DeepDiffViewer[18] 1%, T VICET % Z 5 DR RIIZEL AT HAL
VL TH3. FAFEED, "N R—NRNITX—ZXDHREEITO L E, EFTILDEER
FERERTMt 22 YD R U2 A TRV B TRITERR T 2HENDH 5. N A ot—%
TRXA—RXDEL ETABEOHBRR Y DEBERD 7 7 Tt 2 2 & Tl
L, BHHT 2BC DeepDiffViewer Z W % & EEMEREZ LB E2 LT 352
TZ2. ¥$3Y—A%Ub LF2e, EXaIy PHKZEIE LT, 23Iv &
NTeT7ANE T 577 LICRRTS. X2, Pav bEnk/ —F2r Vv r3$5
7R —RBRREINDG. ETNVFECHEETMR CMED FMHEEEZTHRDIET
MITZERL, R ETABEOBBRRE OEFRHROUBEZ LT TEZL
MTED.

(7% 6) : https://dvc.org
(7 7)1 https://mlflow.org



2.3 Stack Overflow

Stack Overflow(LLf# SO) #2113 7w 275 2 v 7T 2 M ERS > 74 ¥ QA
VA P THE. ARBEZY 7 b 7HFERICEZ 28 %Z, SONER L L T#HE
L, MoMBBEORZFICLDVMRT 222 TE%. SO T, BEMHFEIRET 2
B2 I7NG 23521k, BMZATIVCHETE, METZ2FXX
NR— b L EBZREOO T 2HERES, BROH2BMEHRICRRERTE 2KEND 5.
SORMDA T4 Y QAT A F X DHEMOESERNDOZ L, MREDHADE WV
HZ L OAFBFCHHIATYS.

22 1, EBEICSO KEmEAL-EMO ZzxRT. *2 ZoHEMOEM
FX, xgboost E WS 7T AITYV XL EMHFHLTWT, ETADRA —N=T4v
FZEILTWSIHEBSLPHREZEL TWad. HEHITIX, [python],[machine-
learning], [classifiction],[xgboost],[hyperparameters] & W5 X 7231 LTV 3.

(7 8): https://stackoverflow.com
(7 9) : https://stackoverflow.com/questions/62332861 /how-to-deal-with-overfitting-of-xgboost-classifier
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How to deal with overfitting of xgboost classifier?

Asked 2 years, 7 months ago Modified 9 months ago  Viewed 1k times

| use xgboost to do a multi-class classification of spectrogram images(data link: automotive target
classification). The class number is 5, training data includes 20000 samples(each class 5000

0 samples), test data includes 5000 samples(each class 1000 samples), the original image size is
144*400. This is my code snippet:

train_data, train_label, test_data, test_label = load_data(data_dir, resampleX=4, resam|
scaler = StandardScaler()
train_data = scaler.fit_transform(train_data)
test_data = scaler.transform(test_data)
cv_params = {'n_estimators': [100,200,300,400,500], 'learning_rate': [@0.01, 0.1]}
other_params = {'learning_rate': 0.1, 'n_estimators': 100,
'max_depth': 5, 'min_child_weight': 1, 'seed': 27, 'nthread': 6,
'subsample': 0.8, 'colsample_bytree': ©.8, 'gamma': @,
'reg_alpha': @, 'reg_lambda': 1,
'objective': 'multi:softmax', 'num_class': 5}
model = XGBClassifier(x*other_params)
classifier = GridSearchCV(estimator=model, param_grid=cv_params, cv=3, verbose=1, n_job:
classifier.fit(train_data, train_label)
print("The best parameters are %s with a score of %0.2f" % (classifier.best_params_, cl

During hyperparameter tunning, according to
https://www.analyticsvidhya.com/blog/2016/03/complete-guide-parameter-tuning-xgboost-with-
codes-python/, | tuned n_estimators at first with GridSearchCV(n_estimators=
[100,200,300,400,500]) using training data, then test with test data. Then | tried GridSearchCV with
both 'n_estimators' and 'learning_rate' also.

The best hyperparameter is n_estimators=500 + 'learning_rate=0.1" with best_score_=0.83, when |
use this best estimator to classify, the training data | get 100% correct result, but the test data only
gets precison of [0.864 @.777 0.895 0.856 0.882] andrecall of [0.941 0.919 0.764 0.874
@.753] . I guess with n_estimators=500 is overfitting, but | don't know how to choose this
n_estimator and learning_rate at this step.

For reducing dimensionality, | tried PCA but more than n_components>3500 is needed to achieve
95% variance, so | use downsampling instead as shown in code.

Sorry for the incomplete info, hope this time is clear. Many thanks!

python machine-learning classification xgboost  hyperparameters

X 2.2 Stack Overflow O & R4
9



3. FHAZ

ARETIE, V- LHARDLDDOTHAEOEHMN, V¥ —F 7T XFa ¥ (UERQ)
ZRL, RECHS7—%ty b, fABGE, HEHRICOVTHAT 3.

3.1 AEEMW

AWZE T, 228 T L 7z DeepDiffViewer 2 E T 2729, EEDFFHEE DOE
BHEEICBITIEZANAL RN F X =R ICET2HEOFRELHL»ICT 2 FPIHAEE
1ThoTW5,

COTIHAEBETIE, UFTORQEHAEBELTWVWS.

o RQ: EB¥EDNA =T XA —RIZDOWT, SO TEARERMAZ VD ?
COHEMX, ETAEEOY 7 VNV THEDNA NR=RFT X=X T oL
ZWZBWT, CARBRENDZ2DO0EHBETS 2 2HRNELTWS.

3.2 WEFE
321 F—ZOEINE

B1EICTHHLZRQIIEZ D7D, 7—Xty b2 LTSODHEMZED /-,
COFETIZ2023F 1 HICHIE L7z SO DERM®D S %, [hyperparameters] T & 7'
TINTAFOEMEME L.

%9, Stackexchange API ®19% ff5T SO 2 & L 2B 572 & 23,290
HrERE L. 2707 —20MEE LT, @ ToHEMICHEBELTHILATY
% [hyperparameters] X 7 ZHIFR L7z, BHEEFE L IZEFECEKTH D, HAERKRLC
HE LV EEZ 513 [machine-learning], [deep-learning], [neural-network], [conv-
neural-network] ® % 7" b HIER L7z, %72, [python] L IZIZALERTH D, T HT
DHFEMRICHE LRV EE X 505 [python-2.7], [python-3.x] ® X Z'iZ [python] &
JICEEZ T U Lo Z TR o /R, 27212128515 5.

(7 10) : https://api.stackexchange.com/
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322 FYYI—2arvath

[hyperparameters] & 27" ¥ Bl DN R 7% Bo3 2720, HLE 2T~ X 7%
FIECAE R, EROHFEL L. £, 7V —yaryalzlAut, & hEL,
X 7RLOMBERABETS. 7YY —Yarafitd, F~—Fr 747 D5
HBLoTHEHZINATWT, BEF— X 2R CHEZFOBETHOTICH 5 BHH
HrEHAOTFHITOMFETH B, AHETIE, XK T7 Yy —yaryaihizk#Eb
L, YORTORT7ICHEBZRYE D 2 D0 %HET 5. ZFE (support) 1X, ¥DX
ZIHLTEDRITHREDL LV—FICEBIMH TN TWERE WS TEETH D,
2EROFLOLWMADRIIDBELDTHITFOENTWVRHEREZIET. XK E (support),
{SHEFE (confidence), V 7 MH (lift) ZHH L 28X %2 LI ITRT.

antecedents X 7' ¥ consequents X 27" D3] J5 O W\ 72 R EL
HE M
antecedents X 7' ¥ consequents R 27" D3] J5 O W\ 72 H R
antecedents X 7 53D\ 7= K

con fidence

consequents X 73D\ 72 H [E £

support =

con fidence =

lift =

323 HEABRODRAE

ETFTADBRR =V ERDFILNZ IR TEFEE TV T - aryaiiick-T,
[hyperparameters] & 27 & BIEMENEH WX T ORT B O WIEBDHO 2T o7.
ZOHTHEFELREMEMEBT 29, 7Yz —Yaryaficko TN
V=V 80 MH D 5 5 Support (ZFEE) D EW BN 25% TH 2 20 HORY Z2Hit§
%. %7z, [scikit-learn],[keras|,[tensorflow] D X 512, 7L —AL T =27V — LI L
TOHEMICOL X2 TZ7DON =L %ERL, ZOMOBEEEN WX T ORT BDOWE
FlicoWT, NEZHFAE LD L. Zhang ¥ Gao HAFFE L 7=, Stackoverflow ®
HBEOAT7TTVICHEIEZ, BEHONEEZTHLZ[19. UFTEALTITVITONT
FHT 5.

implementation ZDEEH 7Y OEMIZX, HREEIHET 2MAEEOFEETIE. £
I APTOMERAAERCET 230 TH 5. £/, BRFIZERZ XX I7RR
27 —REy MIZHLTHETZETLDOEEZ LD XS ICHIEX 22D
WTHBLTWS.
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program crash ZD A 7a VX, 70l 7 0 Z2 LS E2bDIEALTOEMTSH 3.
ETATE, BOHOZRITEINDANTEHNTOA—BUT LXoT T 0 s T A5
TR 7 — %24 U 20D H 5.

training anomaly 2D A 7T VIX, ETFADEERE, EHEEOKRV N 72 2AnHA
ENZ3HDOICELTCOERTH 3. EFLDOEFE, EARMICHEKBELIIC K-
THELZBEDFRBEEICE SV TAL =T X — R BRI %S
5. CNODHREDED X, ZEROERFEORKE 5.

performance ZDH 7 A VX, 7I9v b 74— 7L -2V —7, GPUDEWVIZ X
ZHEACOVWTOEMTH 5. ETNVDFEEC»H ZKHR, GPU DM
RiprzWETH2EHMTDH 5.

comprehension ZD A7 IV DHEMIE, X7 VTV XL, JL—LbT—=2RED
FEROBMRICEHT 25D TH 5.

33 R

ARETIX, AIOEDHIEICL-oTHELNZ RQ DANFEREZRT.

X 3.1 1%, SO S LAZBEMD X ZICHiLEZ 1TV, FIEICAE 72 B %
RLTW3.

A7z, [python],[r] & W5 FEES, [keras][tensorflow] & WS 7 L — AT — 7,
[scikit-learn] L WS YV — LR EDRDH L. KoT, ARBRBFRIIEIERFTESLIL— L4
T—2, V=R EEMFoT, "NAX=RFX—=RDFFEEITR->TNT, ZhFh
WHEZIZATWS Z e bdol. LkdoT, ETOMBEELIXET LIV -1
X, SERIL—LY—2, Oy —ARELLMY L, FHTE3Z AL ET
b 5.

£3111F, 7V —raryahomR, iHLz20@oLr—LTHL. FTHR
Bzl 52720, 80DV -1 D5 B ZHRE 0.03 L LT EA25%TDH 5 20
D=L EHME L, ZRLURNIEHIBRL 2.

[python][scikit-learn],[keras],[tensorflow] 72 ¥ DR 71X, —KWR 7L —L T =7 %
V—LICHLTOEMTH»2EZbNE. AFETEARNT X —XOR#EIRY
WKBAROH 22 7RITCEH L. "N RX=RFRX =R % Fa2—=27FT5LETD

12



performance

amazon-sagemaker

bayesian

keras-tuner

pytorch

random-forest

svm

hyperopt

ray

gridsearchcv

optuna

cross-validation

xgboost

optimization

grid-search

tensorflow

keras

scikit-learn

python

102

31 BRI JE#RDH
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*=3.1

7Y I—=3vIil—=I

antecedents consequents support confidence lift
0 | python scikit-learn 0.1637055 0.3200992 1.4413612
1 || scikit-learn python 0.1637055 0.7371428 1.4413612
2 || keras python 0.0761421 0.5405405 1.0569378
3 || python keras 0.0761421 0.1488833 1.0569378

python tensorflow 0.0609137 0.1191067 1.0201747
5 || tensorflow python 0.0609137 0.5217391 1.0201747
6 | grid-search python 0.0532994 0.5675675 1.1097847
7 || python grid-search 0.0532994 0.1042183 1.1097847
8 | keras tensorflow 0.0532994 0.3783783 3.2408930
9 || tensorflow keras 0.0532994 0.4565217 3.2408930
10 || optimization python 0.0368020 0.4603174 0.9000748
11 || xgboost python 0.0342639 0.5192307 1.0152700
12 || hyperopt python 0.0329949 0.7647058 1.4952561
13 || grid-search scikit-learn 0.0329949 0.3513513 1.5820849
14 || scikit-learn grid-search 0.0329949 0.1485714 1.5820849
15 || optuna python 0.0329949 0.7027027 1.3740191
16 || keras,python tensorflow 0.0329949 0.4333333 3.7115942
17 || keras,tensorflow python 0.0329949 0.6190476 1.2104454
18 || python,tensorflow | keras 0.0329949 0.5416666 3.8453453
19 || keras python,tensorflow || 0.0329949 0.2342342 3.8453453
20 || tensorflow keras,python 0.0329949 0.2826086 3.7115942
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comprehension
8% program crash

18%

training
anomaly
21%

peformance
11%
implementatio
n
42%

3.2 [python][grid-search] X J D&M ATV 53T

comprehension

1% program crash

23%

training

anomaly

8%

peformance
0%

implementation
58%

3.3 [optimization][python] 2 J Q&R AT 7317
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comprehension
4%

program crash
42%
training anomaly
42%

peformance implementation
0% 12%

3.4 [xgboost][grid-python] X J DERBA TV 73T

comprehension
0%

training anomaly
27%

program crash
41%

peformance
5%

implementation
27%

3.5 [hyperopt][python]| 2 OB AT I 5T
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program crash

h .
comprenhension 15%

19%

training
anomaly
4%

peformance
12%

implementatio
n
50%

3.6 [grid-search][scikit-learn]| 2 DB AT IV T

program crash
comprehension 9%
21%

training
anomaly
8%

peformance

8% implementation

54%

X 3.7 [optuna][python] 2 O &R AT 7
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MEICE T 2 EMEMM T 2728, [python][scikit-learn], [keras], [tensorflow] ® X 7 %
BR<.

[python][grid-search], [optimization] [python],[xgboost][python],
[hyperopt][python],[grid-search]|[scikit-learn],[optuna][python] @ 6 2 ® R 7 O X 7
DOVWEHEMIZOWTHEZHAEL 7H LA, (K32 K 33K 34K 35X 36
X 3.7 )

XFEPREVIZE LB 2HR LR T 2D, [python|[grid-search] O F I 1
python 1283 2 H X, grid-search IZxf L CTOHERBICd DT V. K32056%
2% k512, BED 42%73 implementation ICB3 2 b DTH 5. [AHIC, [optiomiza-
tion][python], [grid-search][scikit-learn], [optuna][python] &4 T implementation (2 83
ZHEER—FEHO. TS DKFICI implementation 2K - TW 2 AIREMED E W, 7
Vo RS —=F 2T, N 8= I X=X WIET 2 HFH 2 HRNICHRET S
WEXDH D, Tz, optuna l3NA =T X —R2ZHERELLTLNEY—LT
T, AL LS CHIEST 2HEHHZ HRICHRET 20 ED D, HRFIIEEYE 2 —
FEHEHMZBOERLIETLTVS.

35K 3.6 0056005 X512, [xboost|[python], [hyperopt|[python] & program crash
% training anomaly IZB T 2 HBNZ W, NAR=—RT X=X Fa—=V 7T 5%
12, o E%R R E T 5 &, program crash = training anomaly 235 & 2 AIBEME DY H
5. CNHOEB T —ROFEDED X, ETIVOEEIMIHIE N, FIEE,
BRENITLLRWV, ETANER T —RCHAELTETCLEI A —N"=T 49},
AT TR BEE D A e, BRMESNLER L, B4 7% training anomaly O JF K & 72
D13 5. 245D training anomaly &, program crash K D  EEH T, 7 L1D¥H
Tur I LADFETRIEDRV R, 7 KRB RV. Ko THEEIX, HEES
BEZREODMEOEEZBE LT I2HBENH L. LrL, KEEZS R T LTI,
NI R —=RFEDA— FTRIZX, BECREEEZITS 2 — FMTRIDZWEHER
HH, TNHZBIET 2 e EERZRFEMa X F2300 % AIREMED & 2 [20].

B 3.81%, SO EMMEINLERMBITHS. TV, ZOMIL2Z L5112, 2O
B OBEME X, hyperopt Z{HH L T XGBoost DNA NX—=RTF X —REFa—=V

(¥ 11) : https:/ /stackoverflow.com /questions /69521240 /different-result-metric-from-evaluation-and-

prediction-with-hyperopt
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Different result metric from evaluation and prediction with hyperopt

Asked 1year, 3 months ago Modified 1year, 3 months ago Viewed 573 times

This is my first experience with tuning XGBoost's hyperparameter. My
plan is finding the optimal hyperparameter by using hyperopt.

4

def obj (params):
xgb_mode l=xgb.XGBRegressor(
n_estimator=params['n_estimator'],
learning_rate=params['learning_rate'],
booster=params['booster'],
gamma=params ['gamma'],
max_depth=int(params['max_depth']),
min_child_weight=int(params['min_child_weight']),
colsample_bytree=int(params|['colsample_bytree'l),
reg_lambda=params['reg_lambda'], reg_alpha=params|['reg_al;
)
evaluation=[(X_train,Y_train), (X_test,Y_test)]
xgb_model. fit(X_train, Y_train,
eval_set=evaluation,
verbose=False)
pred = xgb_model.predict(X_test)
r2_value=r2_score(y_true=Y_test,y_pred=pred)
mape=MAPE(pred,Y_test)
print('R2-Value:',r2_value)
print('MAPE Value :',mape)
print(xgb_model.get_params)
return {'loss': -r2_value, 'status': STATUS_OK , 'model':xgb_r

params={'n_estimator':450,
'learning_rate':hp. loguniform('learning_rate",np.log(@.
'booster':hp.choice('booster', ['gbtree', 'dart', 'gbline:
'reg_lambda':hp.uniform('reg_lambda',0,2.5),
'reg_alpha':hp.uniform('reg_alpha',®,2.5),
'colsample_bytree':hp.uniform('colsample_bytree',0,1),
‘gamma’':hp.uniform(‘gamma',@,10),
‘max_depth':hp.quniform('max_depth',3,10,1),
'min_child_weight':hp.quniform('min_child_weight', 0,10,

trials = Trials()
hect hunernarame = fmin(fn = nhi.

| display loss value based on the R2 Score and MAPE. | caught the best
loss value after running the code.

When | use that hyperparameter, | got different MAPE and R2 results
than before.

mode l=xgb.XGBRegressor(base_score=0.5, booster='gbtree', colsar
colsample_bynode=1, colsample_bytree=08, gamma=4.4’
importance_type='gain', learning_rate=0.499146545"
max_delta_step=0, max_depth=8, min_child_weight=4,
n_estimator=450, n_estimators=100, n_jobs=1, nthr¢
objective='reg: linear', random_state=0,
reg_alpha=1.4575139694808485, reg_lambda=1.732668¢
scale_pos_weight=1, seed=None, silent=None, subsar
verbosity=1)

model. fit(X_train,Y_train)
model.predict(X_test)

Can you give me some explanation, why could it happen?

python machine-learning  xgboost hyperparameters hyperopt

The Overflow Blog

/" Comparing tag trends with our Most

Loved programming languages

/" The less JavaScript, the better (Ep.

532)

Featured on Meta

[} Accessibility Update: Colors

& Introducing a new close reason

[

[,

[ty

specifically for non-English questions

We're bringing advertisements for
technology courses to Stack Overflow

2022: a year in moderation

Temporary policy: ChatGPT is banned

Linked

3 Does XGBoost produce the same results

if | use different number of cores?

Related

4R How can | make a dictionary (dict) from

separate lists of keys and values?

Wiyl Why does comparing strings using either

'=='or 'is' sometimes produce a different
result?

W7k Use different Python version with

virtualenv

@ Random string generation with upper

case letters and digits

2317 Importing files from different folder

How are iloc and loc different?

1

How to use XGBoost softprob multi class
classification such that | do not get the
error for num_class?

HyperOpt multi metric evalution

Hot Network Questions

®

-

| want to nerf my character for roleplay
purposes, but | fear | might have the "My Guy
Syndrome"

MySQL 8 - Access denied when dropping
procedures

Got accepted to top-choice PhD program. Drop
other interviews?

Is there a standardized way to classify
languages according to how much the order of
the words is tied to the words themselves?

What ways would you recommend for paying
for the transportation services in Hong Kong?

How flat is water?

Did Apple drop/ reduce support for
Chromecast?

How to achieve a 200 Nm tightening torque
when installing a freewheel body?

3.8 Stack Overflow ICIEfFs ST N i-EREH
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L TW5., BEEEEEERITLTWSER2E MAPERZ YD X b 7 ZDEHFK
WEHRZHELTWS., FAIETREI VXL — RREEBET 2 HESEEIATY
5. ZOEIIE, MABIETLVDOEFEI-FEZEBIEL, N[ =27 X =X %1
EHEHELTWS., FLEBFBILIA NI ZADERZHERLBELETLONER
BIZoTWw3.

3.4 &R
341 ZHBUANDER
(1) PIEBZLM

FIHFAE TlX, Stack Overflow IR S N EIICH L THHETHEZKRL, &
ATIVICHE L. LrL, LTIV DOy MIETHIEICBWT2 A
DFEE DY Stack Overflow IS N2 TI5HOEMZRELdOTH D, FiflcR
Lo THEZITRoTWVS.

¥ /=, Stack Overflow IZ#&fE XN -ERIC, FIEHEFZERICHLTOaxXxy FTHE
MFEDORMBICEZTWEr —X%, HEFES FLEMIINLTOaxXy e, HE
WXL TOaxXy bR ETHEEZEDHEZIERLTWAHEEND 5. AFTIEZ
NoZzHHBHTHEL, BMEO —HBRICUsZLEEZEBRLTEREZ LTV S.

(2) HEpzEE

TlEFAE TIE, Stack Overflow IZHEMMENZHB O S BRED X ZIZDOWTDHE
BlOAICOWTHELTVWS., Ko THOBEMIZOWTOHREEZS TR V. /-,
Stack Overflow IZE RSN EHMOAZHEL TWb 70, DY — X TR
BROVWTOMREZEZERV.

342 %

HBDOBHFEEDNA R— R FTRA—RDFa—= BT 28, /-7
BEBEEZHELEER, YOk BELILENrEEMT 5.
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SO @B M2 X [python],f] £\ 5 FFEX, [keras],[tensorflow] £\ 5 7 L — 47 —
7, [scikit-learn] £ WS Y = LR ED R IBEZEL DT LNTVWSE Zeh s, AEER
XFEXFRFHERCIV—L U=, V=N REE[HoT, "NA X=RF X —ZDH
BETRoTOVT, ZRZNICHEZIIZATWA Z e bh o, oT, HEYY

DEFHEBR IV —LT =27, V= LREKELT, ML LB EN L HbD
Doz

F, NA =R TF X —&RDF 22— = 7 training anomaly 72 ¥ D EME =
5Zeh0, ETLVDENSEZDBEELREDT DT VAL, ¥Doa—FA
DZEHEH training anomaly 5| FE Z T DOPRETE D2 LBV — LB EE KD,
EDX, B, NANR—RIA—XPREEZFERI T2 YR, Y P TRET
5ZeMTENE, TNOHERBIET S ETRESCaAMNEEOTIEPPMFTE S,
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4. DeepDiffViewer

ARETIEX, PHAEOHMBICE SV THELLETAVICIBIT2E7DORRINZE
A[fEAL Y — LT & % DeepDiffViewer Z itHH 3 5.

4.1 B

H2ETHBRRAZE I, BEFADOEE T, HAMICHERBEECHMIERIHS
WTETILDRI XA =R ZHRHENICHET 2 T at A kdkd, HEIIHEKR
BO¥E TR, I=NFRRERA T -V VT REDART XA =R EEEDHA
BEbLbEDZL DF— X% S. DeepDiifViewer D HIX, ZDF—R%EA[HLT 3
Y TT—REHOXRTAITHS. 3AHTHHELZED, HEEEDO I n
TIIVIERERILV LT, V= LIZKFEL TR WY =L TH D, training
anomaly Z5| XTI - FNODEBELRELXEZT DY —LADBRBETH L. {ito
T, DeepDifftViewer 1%, 70275 IV I/ BRI L -2V =7, Y — v 557
L CWT, training anomaly 232 Z 72RFICZDRRA o/ BHa— FRE I RD
CWHBMT 57D Git b HEELTWVWS.

4.2 DeepDiffViewer

DeepDiffViewer D EFEICOWTIRN S, 34HITHM L ZNBECESVWTHEL 7=
REMUTICHAT 2. FAHAERZ, RRT27770BHEDN L2 TH
2. CNETY—ARERTEDLZI71F, XMV ZAPFMI I S®ELE
PERT, x@iEza Iy NHEF, yEIZX NV 2 2ADEE T 2275 7723 TRE, X
FYUZADME, NAN=NFRX=ZDEH, 2 Iy FHKZREDHD S, xlly il % 5
HKEDPHHICERL 7 72RRTI2ILHTES. TR E-T, FlAIEx#%E
a3y PEHKE, yEHIZ AL R— T X —XDEIZ LT, BHARER N N—03F X —
XEREZEWRESBEBELLrZHNTD, xfillz N4 =TI X—XDH, yiliz
APV ZZDEIRTZI LTI T ODEOMHEMBRREZMBZ I ENTE S,

F/, A=A TCtDEHNIHEZ =7 b THL, GitHub ® URL %
ANFTRZILICEoTURS MYV R 270 —Y LY — L THBLTZI N TES X
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File_name
author_date
author_name

command

committer_date
committer_name
diff
metrics
metrics_value
original_file
parameter
parameter_change

commit diff

File_name
author_date
author_name

command

committer_date
committer_name
diff
metrics
metrics_value
original_file
parameter
parameter_change
commit hash

File_name
author_date

Change Log

cifar10_width.py
2023-02-04 14:17:24+09:00
yukinaohashi

metrics accuracy 60% in cifar10_width.py change param width_shift_range 0.3 to 0.4 from cifar10_width.py to
cifar10_width.py

2023-02-04 14:23:52+09:00

yukinaohashi
file:////Users/yukinaohashi/Desktop/cifar10_/diff_ddf73bce20f92cc031d4ad951a57ddb29fd504b7.txt
accuracy

60%

cifar10_width.py

width_shift_range

0.31t0 04

diff.txt

cifar10_width.py

2023-02-04 14:13:50+09:00

yukinaohashi

metrics accuracy 50% in cifar10.py change param height_shift_range 0.2 to 0.3 from cifar10.py to cifar10.py

metrics accuracy 65% in cifar10_width.py change param width_shift_range 0.2 to 0.3 from cifar10.py to
cifar10_width.py

2023-02-04 14:13:50+09:00

yukinaohashi
file:////Users/yukinaohashi/Desktop/cifar10_/diff_1e09eff3433e51b0d031009e2c7ealafd54861b2.txt
accuracy

65%

cifar10.py

width_shift_range

0210 0.3

diff.txt

cifar10.py
2023-02-04 14:11:21+09:00

author_name  yukinaohashi

command

metrics accuracy 55% in cifar10.py change param height_shift_range 0.1 to 0.2 from cifar10.py to cifar10.py

committer_date 2023-02-04 14:11:21+09:00
committer_name yukinaohashi

diff
metrics

file:////Users/yukinaohashi/Desktop/cifar10_/diff_5cadad318a4bec19a3c8e246b629f47801deel73.txt
accuracy

metrics_value 55%

original_file
parameter

cifar10.py
height_shift_range

parameter_change 0.1 to 0.2
commit hash  diff.txt

File_nam:

e cifar10.py

author_date 2023-02-04 14:10:43+09:00
author_name  yukinaohashi

command metrics accuracy 60% in cifar10.py
committer_date 2023-02-04 14:10:43+09:00
committer_name yukinaohashi

diff
metrics

file:////Users/yukinaohashi/Desktop/cifar 10_/diff_72196185644f7b7c9479b25c107b1caf7f8810ea.txt
accuracy

metrics_value 60%
original_file

parameter

parameter_change
commit hash  diff.txt

K42 720—FH0HF
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IR0l TR E->THEBORBEETHEZIATWEZ TRV Y OT—2E
HALDEZITRS.

¥/, 77— 25, a3y MHOa—-FOEEEHHERRT L. ZHITL-T
XMV ZADMEICEREPREZLN, 20K RG22 — FEHEDEF 2R
5 ZeMTES. LITNTIX DeepDiffViewer D Z A3 % .

4.2.1 FIREDONHR

RKIFFRTIX, ET VBT 27 DRRINEZILAIFLY — V2T S, 22T
DEFEWMAETFT—R2 LTHUR2ERT 3.

1. 7V (f] : RNN(Recurrent Neural Network) %° CNN (Convolutional Neural Net-
work)) O g

2. T X ORIMLBEE T ICBIT 287 X —&

30NAR=NT X =& (FEMLREE, FRAEOR, g0 =y M BIEMILBIE,
Fay 77y T EE, EFER, muBK, RERK, NyFHAX, T
Ry 780

MEDETNEZDEBHICHETEZ2T—X0a3Iv  EODEEARMFEDED L T 5.

422 wffkErTo7O—

ETNVICBT B2 ORRINEAHEELY — L EFHT 2FETO 70— %iH
3 5.

1. BIRED, ZNn Wb T —XREIEET 5.

2. git commit IFIZ, BIFEENZ T EMROBEL TZ2WMOHLIIv P Xvbk—
WZavwy FeFHZIAD.

3.Gitomr—A LYV RIS FPIDODHNEZYVE—MYRS PVICEET 5.

4. Y — V% H BTGt OEENCHD sy b, £713 GitHub @ URL %= A
3 5.

5. V= VATRKRLEWS 7 7Dz EIR%, 77 70t hs.
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IV RAvE—JRax Y RERE LN TVWARAWVWEEICIE, ZOoa Iy MIER
ENDZDOT, aIv b XFEEEZLEEZHITHE TRV,

43 FA>FIH

MEB>FUA1L

X 4.31%, SOHEBMEINI-EMBHITHZ. T2 ZORKLSG13 XH1Z, ZD
B OBERMEZ X, Keras TIERL L 72 MLP @€ 7 L%, RandomizedSearchCV %
HoTNRIXA—=RF 2 —=V 7 %{TIR>TW3. RandomizedSearchCV & 1%, %
FX—=XOFEHALHKTE L ZIEE L, fHEEHFHND & M T L
TR RAXA =R DERERITIZI L ICEDVRBERRNIA—ZEEET S
FURLY—FRITOIV—ATHS. HEEIZ, @EE (precision) B
(recal) REDX PY ZZADBRKBWVETH 2 ERZHEL TWs. FETIE,
EBETNDF—=N=T 49 F2EEV, BT (early stopping) °, Frvy 7 v
b (dropout) ZiX TR BN MmN, BEMEZF X, FFEVWETLOa—FR
i, BT Fay 7O ORI X =R EXZNZHEML, X MY ROD
HOZAL BT 2212 5.

ZFoOR, BRZFZEBMLEZa—F, 2oz Y 72202 %
BHL, YOa—FOZARX M) ZADMHEICEELEZ-O0% LT 240
EnDD.

Z Z T DeepDiffViewer Z i3 &, X MU 7 2DfE%E Tuy s LZOE(LED
PO T LA T 2N TES. /2, DeepDiffViewer I& Git & #HH#E L T
Ta3Iy MERIKEDSEfEEZ Ty b LTWE 7D, [HOZ{LDOFRE YD a—
FOBMZIEIZ2DDRONEMHRTZIENTES. > T, DeepDiff Viewer
PHWS E, HMEEZR—, a—FODEFREZNIWCEIEX M) 7 ADEDE
LR L, XDRVETILORBEMBLISEDZ Z D TE 3.

Tz, b LEAMEPMMOMREEICETVOMAELGIE/MS I LITRoBE
2, TEADEREADD Z M EPNEICK 7254, DeepDiff Viewer O A £

(¥ 12) : https://stackoverflow.com /questions /55666937 /hyperparameter-tuning-in-keras-mlp-via-

randomizedsearchcv
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Hyperparameter tuning in Keras (MLP) via RandomizedSearchCV

Asked 3 years, 9 months ago Modified 3 years, 9 months ago  Viewed 2k times

| have been trying to tune a neural net for some time now but The Overflow Blog

unfortunately, | cannot get a good performance out of it. | have a time-

1 series dataset and | am using RandomizedSearchCV for binary / Comparing tag trends with our Most

classification. My code is below. Any suggestions or help will be Loved programming languages
appreciated. One thing is that | am still trying to figure out how to /' The less JavaScript, the better (Ep
incorporate is early stopping. 532)

EDIT: Forgot to add that | am measuring the performance based on F1- Featured on Meta

macro metric and | cannot get a scoring higher that 0.68. Another thing

that | noticed is that the more parameters | try to estimate at once . Accessibility Update: Colors
(increase my grid), the worse my scoring is. & Ml e e @l e

specifically for non-English questions
train_size = int(@.70*X.shapel@])

- . . . . N & We're bringing advertisements for
X_train, X_test, y_train, y_test = X[@:train_sizel, X[train_si: technology courses to Stack Overflow
S 2022: a year in moderation
from numpy.random import seed
seed(3) & Temporary policy: ChatGPT is banned
from tensorflow import set_random_seed
set_random_seed(4)
Linked

from imblearn.pipeline import Pipeline

Grid search and KerasClassifier using

def create_model(activation_1='relu', activation_2='relu’, N
class weights

neurons_input = 1, neurons_hidden_1=1,
optimizer="adam',

. . = How to Customize Metric for
input_shape=(X_train.shapel1]l,)):

GridSearchCV in Scikit Learn to tune for

ific class?
model = Sequential() spectiic class

model.add(Dense(neurons_input, activation=activation_1, inpu’
Related

model.add(Dense(neurons_hidden_1, activation=activation_2, k¢

Understanding Keras LSTMs
model.add(Dense(2, activation='sigmoid')) Create model using one - hot encoding in
. . Keras

model.compile (loss = 'sparse_categorical_crossentropy', opt:
return model 'Sequential' object has no attribute 'loss’
- When | used GridSearchCV to tuning
my Keras model
clf=KerasClassifier(build_fn=create_model, verbose=0)
4 LightGBM hyperparameter tuning

param_grid = { RandomizedSearchCV
'c1f__neurons_input':[5, 1@, 15, 2@, 25, 30, 35],
'c1f__neurons_hidden_1':[5, 1@, 15, 20, 25, 30, 35], 0 Approximating a smooth
'clf__optimizer': ['Adam', 'Adamax','Adadelta'], multidimensional function using Keras to
'rl1f  artivatinn 1': ['enftmay' 'enftnlne! 'enfteinn' U an error of 1e-4

Hot Network Questions

8 What ways would you recommend for paying
for the transportation services in Hong Kong?

@ Command-line Tower of Hanoi game

Why did merely Canada retain the rank of
Brigadier General? But not Australia, New
Zealand, or UK?

Cell-based vs face-based finite element
methods

Do courts generally run at a loss, run at a profit,
or generally break even?

python keras time-series grid-search  hyperparameters &2 Film or series where bacteria were the
protagonists

History of High Availability in the mainframe

- 5
Share Improve this question Follow edited Apr 14, 2019 at 17:39 and minicomputer eras?

€ M

mrants Af A

4.3 Stack Overflow |IC¥ZTs S N 7-EREH
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kx5 712koT, TNETOETILDEHEL ~ET LN TES.

MEBFUA2

23 THA LK 221%, SO XHEMINI-ERMHITHS. ZORD»HTH 5
oW, ZTOEMDOEMEIZ, xgboost LW 7 LY X LZMHL TNV,
ETFAPF—N—T 49 b 2EILTVWAHBAPHREZFELTVWS. 2O,
NANR=RFT X =R F 2 —= 7D GridSearchCV ZF|FH L TW 3. xgboost &
WO AT =R T4 v ZHEBEARTE, BOWIREREZEBIERL, 7—X T4
YIRS e THERM EEES. HEOEIRPHFVBEFORTD—AT,
XGBoost 13Z { DNA NR—=NF X =R D0, ZOMWREZ T2ICHET S
TeDIWZIENRTA =R Fa—=V IHREBEL RS 2122 A —n"—=T4v
BRHBMOPLTVWEEEFTHY, HREEFEL ZOMLICIKH-T WS, 22Tk
MZEHIE, NA =T X —RF2—="27® Optuna =\, Early stopping
rounds 287 X — X ZBMT 2L 2REL TS, HEEZ, EZEHVE
FIL® a— KiZ, Oputuna % F]f L Early stopping ounds 287 X — X 2380 L,
XMV 2ADMEOENEBE TSI 5. T 2T DeepDiffViewer % W %
Y, BIILZAL =T X —RICEBX M) 7 ZROELEAEILT 2 Z 2D
TEX%. ZO&X5Z, HMFREHGOETARZDO 7 LT X LADKHICT X -
T, GridSearchCV % Oputuna 72 ¥#EA 7Y — V2T e BH 5. 2D,
DeepDiffViewer 13 70 75 I VIV FER I L —L T =7, N R=RFT X=X
DF 2=V TV = NVREKFEITHILLEZDDTH 27D, BREDET
LR ERBYI R— b T2 TE 3.

FMEB>FVA3
33ETHAHL M 3.81F, SORBMEINILEAMBATHSL. ZOR» ST
o2, ZOEMDEMEFIX, hyperopt ZfH L T XGBoost D N A 28— %5
A—REFa—=r 7 LTS, HREEFEEZEZITLTWS L R2 & MAPE 7%
EDOX MY 7 ZADEMENVEREZHEL TV, METIEI VXL —RRE%:
BIEST 2 HFEPREINTWS., 20 Xk51C, BREFIEIHAZX MY 7 2DHE
ZREBNCHERR L, NAX=RNFT X =2 DBEFREHRTILENDHS. 2T
DeepDiffViewer Z FHW\W2 2, X MU 7 2D, N =T X —XDE, 2
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Iy FLEEERE2S YT 7 BEHIGERTE 2729, —HEOEBIIHL
TH LS M T 22 NnTES.
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5. #&

|

ARIFFETIE, NAR=RITRX—XDEEETNVIEEDOMBRZEOEBMEL T 7
TS 5 2 & Tilsk LEFE T 3 DeepDiffViewer ZBI% L 7=. F#HA TIX, SO
RS OAT-EMZz#HEL, EBROMBEEOERBFZEH BT 2 N[ R=RF X=X
WS 2EOBELTHS I Lz, £, TIHAE DM RICE D = DeepDiffViewer
ZF% L7z, DeepDiffViewer 1%, 7075 IV FVEERLTI L —L T =27, NA =%
FTRA=RDF2a—= VIV = VREZKFETHILLZDbDTH S0, HHEED
ETVHBEERBYR— T2 TES. 72, Git &##ET 5 Z & T training
anomaly 25 72K ICZ DFK L R0/ BE I — R 2RO H W5 BEHZ R
5. ®f&IZ, Stack Overflow @ SRR D E M % 1239\ T DeepDiffViewer @ 3 -2 O Al
HeyFrvAziEiml /2.

S

AR ZTS T HD, HFEREDRE LI T 5 L8, AlEHEDIEMIC
ELET, ECOHETTELIHEEZHE X L, AAERLYE - KEEHE, #
RUB BN, LanfE R W AR & HAMR B, JUNRY: RFEBES X 7 L 16
BHEEMZERE ik MBI BUCE AL L B3, AMEEHARCH D BHEZLY
EEZHMIAZ I L, AEFERLEEL VY7 b7 TEMRAREOEZ A, 24
HEZBELTETEDOXZAE RoTRIFERPRMNCRSEHBL £
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