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BEE S BHARM D, FEETFI O RBER AN HE ST FRlEE
SRR RFI T —hE, SENHEF (APP) WINEHEFBIMI. BFEH
AR Tk M. Hag. B, BRIASE APP, X BEH0 O BN IR AR 1% AL O 2L G 4
I B B A A P AT N R SR A T R I A R . X i A R P AR A B T B e SR AR
e 7R HEBE WS EMEN. Flin, FELERAT A SR APP, WG AR, Bz
R T H AT REEE AT AL R SR . IX 88 APP JE AT F P EIAT AR A
Can Il AT AR 2R, P w2288, P SRS Al A - Bah5E) , AR
BN A A HERE,  DABR i F P A R A B I ) o b4, FH P A7 i At v A
FH R R I AE 0 77 i 1) R B, 4n SRR Sl P A8 22 A D e J AR Y
APP, IXT[ReR X I REAEAEH 7 A, 75— PR,

FERBIEFARMES N, BEeTFHUH P RIEEE 5 i 8O e . AT T RD AR
T 5, HIRTIEARES: 30 K14 7286 FHUH 00 AR AT IR 3T .

AR 5T H g Y A )

APP TN : FIFHH S 12 15 K120 25 APP 308, HIEBBIAIHIEE 16 2 30
K APP 250 1 H 3448 B I o T F o6 A 1 o 5 s B S L, SR R R R R
NMSE N FEPEAh TR R . ARG RIAT 5, WA S 5N ZGMEIE.

APP #EFE R Gt: LVET app_class.csv F 1 H APP, T H P8 A 5dE, wrhiEs
RGN Pt fE APP &S, FEXT RGN RS PN THIIAR .

R LRI A 1] RO A BT B R N M B AR 7 AT AR, A APP BT RIALE$E
PEU SRR, RN AT SRR E . P2 TR T 53 L R A SE IR 25 S5 At A e A
MEZHE .

1.2 3 HRERIR

BRETHLI 2 N AN Koxt b BV Ge FHL 377 4 1 B som, 2k 7 LA
PR R R o AR [ LI 4545 )8 O (CNNIC) R A 1, #2022 4 6 H, 1 E
PIRIBLA R 1 10.51 42, BRI KRN 74.4%0), X M3 R E B 5e T LA H]
B2 & BN FE R B 2B Z

BT EARZ N RE P (APP)IR M 14 & Z sk 55, B2 7 I HH &K,
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WEE RSN HERMNH R BIRTA R R, DASCORE S . N TR RSB IT 2 M,
BT I B 23 # AR 2] 7 PR R R . R ENC SN A A B RR D
TRBEFVLH P BN EBHE A A G R, BFE 38 F P IEBh o R DL Pk
APP () I AT R A

£ APP H 7 SREANA P R A Fo i, fi F R SRR e K-I B SRR A 2R 26
Bk AR, IXRECENEAEAL T APP H P B A H R RYE. #1i0, K-means Hi%H
SRSCIN TR B, H FR e E AN, FF HoOHTaE Aot R U i SRR EE AT UK
BLAEZ M mT 23 (%, (B HA R R A, I B 7R S 158 6 0 B AR DL RS B B A B 4 7 7%

R TR BIR N, MEAEN CEX IR GEIAT 7 o miii. B, £
BT K-Means SR BIEX#23) 5G FHLH 7 347 1773280 56148 SOM M
Kmeans RRFIEM S5 G H TR ) THUH P 70 89, 28 ik o] G 240k 48 bx CH B ki L
K AE, R FREEVRIERIUE A0 55 RS K-means FyEPl BHiH S5 H 7 —FPib &2 5]
PICAL S, AEAS ST A IR 1 L T 6 app 48 FH R4 T FHNI06T

Ak, JRIFHERFHL APP H P BRR R 2=, AT LU B P (1) APP AT R
MG BABYEL, W R RIRREA ZE TR . Bz, WG, RBVEEFENRHE . IX 4L
FRAERT LA ) APP f8 A BRI ETH AR B . ALt b 2l @ s S
J2 R AR RS R REAE, DA PR A P B8 AR 7R SR BAT N . i, S ARCCIR T
AppUsage2Vec #iH, 1@it 2% 3] App RHERI B F XK FR, ¥ App 1 H FH AL R R &
VERFIED: R AR 2 4E SRR T V2R3 & 7 R Af 21,

SRYL, AL APP H P SRSEAIH P EAR 2 — A B EHA P R 7T 40 .
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FEGH R T 52 A bR i s

ik FEy, FEAEHEIRE GETFHL APP H P PGB TE R, NHIRHEAN AL APP
M, R sl BB Ak ) — N BB R A, HERESRVE AT DURE R RE T AL APP H P Iy
fEs AT R RBEEEAR RN FAL APP F P 0 & —Fh APP (DSHERFRE,  FFAE BUAH RN
HEFFF R

L HERE EE A BT N AR DR BT EE DR s BT AR R g, AT
AR ESE, DUSCKAN R BE S5 G ok IR & d )8 . Huang Xin S8 A2 H T —Flik
THNAENERE RS EAT J71E(CBR), 7E Ok B HEFE 45 SRR It 10 (RIS 2500 i 2 1
O, 2R BENRE SO T WA RS SR IR AT HEE, B T
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¥r. Colace Francesco | & 78 7 it & MR v+ B PR i Y, B4S 7 ANEE e, S.
Sridhar 55 N 7E T 9 25 (1 B RS HE B B p 45 6 1 7 AR A MBO ) FITVR FEAS & X 4%
(DBN), FEHfFAA [ER 5 51EF] 97.35 %A1 96.60 %2, $2 & 1 HEFE A wHEmf 1 A1 E #E
P

U AR, TRBES I EOR WA 51 N BIHEE R g, FIH 3R KRR IR R IR [T,
Pevm 1 HERE RO MR ER o A N A — MR PR A 2 I 4% ) IR B A 3T HE A AR A
(GCN-MLP)!3, SEHL 7 /MEAL R HERE 590;  Li Bifeng 55 N 45 G U8 B 52 ST AR i+
AR T —FhFE T R 28R FE( MOOC ) /MEALHERE VRN, R T R &
FIHERE R . TNISE K STACNN 46 22 4> SRy [ HE 25 X 2% v R A8 AR b 28 1Y 25 1151,
P AR SR A

AHIE TR I 0 R B THLAH I R B AT IR EE A, 4RO H P R eI T
SRAAT R, T SEELN P B335, R T ANHERE: . X068 APP JF k& fllig
EHRMMEERNSELER, AT E APP TR ERNIRS K, % APP W 5]
JIFIERAEE, $2F APP T 54 IR RIRE ST . RN, Xl DO S8 7=
HERE . TSR, AJLIRSS SIS ME A G B S5
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EE BEERS S

2.1 [B]RRE A

FEEFERH AT N SRR R S B 5, ABFEAA 30 R THLAE S I EdE, *H
FUAT RS ATIR SRR, DR T F SR o AHIEF0 93 P > 32 2 ) i@«

1.APP 8 FH 0 FI FH 2 28 1~15 RIEHE, FNEE 16~30 K AT Ae s FH i S FH 2851,
FEIGUE T AL 1 o LLAC T ES 16~30 RPN, H PR & RN 1) H 8 I, L NMSE
FVEI AR AE o

2 R G AN FE app_class.csv 1 4000 NN A, T H P 30 KEfd A
WK, NEALH P AT N RIS FERHEE RS . SEH TR .

2.2 [BRR T Hf

2.2.1 APP ERITARE ST

RNTIRNT R RETFHUH ) APP A S0, & 2o 75 ZOR i b AT RS A Ak 3
X AFEE W R R R AN . R AE RSN S A DL BAR PR AR S OO D IR . IR e
TERROR TR R, NS S AT N IRSEE . ROk, @GR 5 APP
ZTHB TR, Befs NS EEE 52 BCE B T B T A4S 2.

FIERIH 5 APP AC B AU 7] Be AR A ma FE4EFE I 20 M, [l SRR DTV R IR R
Bls g g oy — M2 Bk $E. i, K-Means 1 DBSCAN R % 6 7~ 28
(I LERE S S5 R o B TR 77 R SR [ APP fdi FH#a%s, Sl B i@ s n . £ NB
FIBENLARAR R A e AT S e A 0 B i - (RIS, 2R ATV U0 XGBoost FHVR B2 2
ghH, RERE LSTM Al GRU IX R AE WS F FE I [ A0 1 R 28, o B g N5 FE T
2.2.2 EHE APP #HEF RIRIZIT

FERERAERE RF A, FA 0 AL B AR A% B G 7 OB (. RRIE TREAE
IR TRE L3 T F 1) g e s A B B 2 oM OC BREAIE, AT O HERE R R SR AL
JICHFo X TRBHESE, BT WA RHEREM P R S 7 VA E R0 e, A3 %
WA T 5 B B R P 8 D Se AT A AR B IR R, AR R, i SVD
A ALS, AR LIS H P Y S SR LN B R R . BRAh, TR 21 T iR RE
JIER R A R AU T, PR S HERE SRR, Wt R e, NN
f&o TEVPALHETE RGPS, AMUACRHERVE T E4 B e, IEEFEHETE N 2 A
BB A E] BRI L, B ORAERE N BRI O %
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E=ZF BIEMAES 55

3.1 #EEA

AHIEFE R E VR T 5 A SR AR I — 0 1 22 30 R AR Re T-HLH P il #cds, s 1
Bk 4 734 H P R APP A AR L. 220 dE O i I UG BB A e, DA OR FH P
fafh 4.

FFRIBIE RATAE — AR (TXT) o, S H 10 NEHES], X
JE s TP (BLAH P ID "uid" 1y ME—FRiRD R &K APP (LURH ID "appid"
ERME—HR D) EAREE, BiGEGN . AN, EFTRES.

bR EZHAESL, & > app_class.csv WAHBIEE, HAaE TIIEYE. 531N
appid, F7n T 4000 24N W APP 1255 Capp class) , IXEEZRIIA a-t FIE 7 RER
s Lt 20 ANE A, THARE APP H T R EUR, B8 A E . Hdl

HARBIE X 1 ProR:
#* 1: AP APP ERABERAKIER

A Y AR B B

1 uid F B id
2 appid APP 1] id

3 app_type APP 257

4 start_day fEARLER, BUE 1-30
5 start_time 15 FH RS 46 I ]
6 end day CEET SN
7 end time 158 FH &5 SRS [A]
8 duration B (D)
9 up_flow AT E
10 down_flow TTHE

X B SN RSN AT A SR O TR RIS, A R R APP
R R . DL RS . X L5 S T SR 7 S8 20 M Al APP A 1%
DU 73 B BT A

3.2 BT IR TR A

FERAE AT SRR, K FUALER B BORT - S 37 o ity L v S5 T A A 5 5 G o 2
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FOPATT . TRACEE A 322 B AR S A i e A o 5 5 TR R A B T =G, BLRRAR
AR TP e o AETRALEE 2 1, @I AT IR R AR 7t R IR N B AR, A5k
oA SR i (E AR, X ECER RSB 0 45 5L Bl Tl B e i XA IR TRAL 33 6

X HE R e, e IR B2 A AR IR uid" s N AR IR "appid" PA KR 2R
M app type". [FAIXEEEHE (AT B AR IRRE, HIEsE Ao AR R AL, [FR,
HH T2 s H A2 R H "start_day" 5 "end day" (9 HUELYE FEUAEXS B0/, PIT AT PR IO 25040 49 2
A 8 RrEEE A, AR N AFAE F 203 S8, A FH I K "duration" . EATVE "up_flow"
PAS AT R "down_flow" A B HAHMECR, A T IRBEEE A B RORS#E, XLeAp

BN 32 R ECRA . Bl SRR AL i) AR S R UNSR 2 P
®2: HEESGER

Number Column Dtype
0 uid object
1 appid object
2 app_type object
3 start_day int8
4 start_time object
5 end day int8
6 end time object
7 duration int32
8 up_flow int32
9 down_flow int32

10 app_class object

dtypes: int32(3), int8(2), object(6); Memory usage: 9.1+ GB
PR RBAT R BRI . EIXADE, B VNG EATREM MIREN
0 HUEHE, DLAIX LLyE AR ) e W (BN 5 B A e i o [RJI,  t i B 1 A8 P I e
CUNT 580D B, XA Bl vl fe i1 7 SRR B AR MU AT =k, Ad
HANSHHEE . ZiE0E RS RRER 1 .

d appid app_type start_day start_time end_day end_time duration up_flow down_flow app_class

2 BB1657CFD3B4Br200674BEBTD26014B2 4803 usr 1 134045 1 134441 -0.000979 -0.109503 -0.048295 a
3 BB165TCFD3B4BT208674BEBTD26014B2 4803 usr 1 134710 1 134722 0001199 -0.100648 -0.048765 a
4 BB1657CFD3B4Br200674BEBTD26014B2 4803 usr 1 134723 1 135010 -0.001046 -0.106541 -0.045870 a
6 BB165TCFD3B4BT208674BERTD26014B2 18386 usr 1 141947 1 142017 -0.001182 -0.080435 -0.045800 g
7 BB1657CFD3B4Br208674BEBTD26014B2 4803 usr 1 142020 1 142455 -0.000939 -0.081005 -0.042177 a

1: FBRERIERT
N TSR RS N BV H 5+ B AR, R s I ) S A ALy o Bk, RIS

6
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B I BAL N AL MB o 0T L8 f J S8 R A N, K R AR
"unknown", DUEXIX E 5 B E 24T 5 2L B A BT 23 A

&Ja, X F"duration" (fEAIESH) | "up flow" (_EATHE) Al"down flow" (AT
WME) X =AMHIE, AT 7 ERR A B o B AR v AL 2 — Pk S5 a6 B0 i A o 3 ME
0. FR#EZENY 1 FERS /A RE, X PR AL BT S ReA R R AN R RFE 2 (8] i EE 20
s, AEAF AN [FRASE AN B (1) £ s mT DAAE [R]—7KSF B AT BRI A0 o B AR 2 )5 2
For e 2. 3 Bros.

uid appid app_type start_day start_time end_day end_time duration up_flow down_flow

0 BB165TCFD3B4BT208674BEBTD26014B2 20858 usr 2 070538 2 ornar 348 1915724 106282
1 BB165TCFD3B4BT2086T4BEBTD26014B2 15841 usr 2 071218 2 071220 2 0 o
2 BB1657CFD3B4B7208674BEB7D26014B2 15841 usr 2 01222 2 071222 3 0 0
3 BB1657CFD3B4B7208674BEBTD26014B2 20858 usr 2 07:12:23 2 07rm4an 108 61059 11193
4 BB165TCFD3B4BT208674BEBTD26014B2 3892 sys 2 18:10:56 2 1en.or bl 9567 276
9995 EF30B47877TACO11ED4820ECIADS1D10F 18000 usr 2 00:25:59 2 00:26:59 60 0 0
9996 EF30B47877ACH11ED4820ECIADS1D10F 3309 usr 2 00:32:.08 2 00:32:45 37 o} 0
2: FERERIERR
Histogram of column 0 before standardization Histogram of column 0 after standardization
40000 - 40000 -
30000 - 30000
20000 - 20000 1
10000 - 10000
0- T 0- T T v
0.0 0.5 1.0 15 2.0 o 10 20 30 40 50 60 70
le7
Histogram of column 1 before standardization Histogram of column 1 after standardization
40000 - 40000
30000 - 30000 -
20000 - 20000
10000 10000
0- 0-
o] 2 L 6 (V] 25 50 75 100 125 150
le7
Histogram of column 2 before standardizaiion Histogram of column 2 after standardization
40000 - 40000 -
30000 - 30000
20000 - 20000
10000 10000
o- T T v - o- - T - -
(] 1 2 3 4 0 10 20 30 40

3: $¥{iE"duration". "up_ flow"F0"down_ flow"FrAEBIEXTEE
B, B BRI B, R EE1S LUE SO AL & & 3 AT IR B4 B A A

7

goo - gooaoo
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LB S, XN 5 BRI T TAEBEE T IR SEI A

3.3 $FETFIZ Rk

R IR 5 0 ACAE TR A (A o A2 vt B OBV E L dere B AL R 5 Tl kG
FE o FEARBE U, AT T Z2AMFE TAR P IR UMARACRAE S - 1550, i P AR (Muid™)
MM HFRR Mappid™) 732, FEMBEAHFFEICT GETHRHME, SR P
M. S EATRE, P ETRE. S MTRENFY TR E. XERHER A 17X 5
ANFH PR I A RS FE A L FRR N A

Hk, Xt uid" M appid "#EAT 4, AR T RN PR RN HSE . A
MG, P AN K, & FTHE. PR TRE. S MTAREMFS TTRE, DAk
AN AP EE. SN PN, S ETRE. P EATRE.
SCFATIRE MY TR E . X ERHES AR 784 AR APP A8 S LA 4
AN A FH A 8 S e A FH AR

A, @ HE TR P B APP S R B REAS APP HEAE RS R, W]
PLIS P 0935 BRBE A0 APP VR AT RE S . [HIIE, FH P APP B R [R5 5%, R
"date_span", WHGTFEHR, XASERMERZR TP XA APP UTEEREA

TERHIE TREM a2 R, B A P 0 e d A B K "total_duration"#E4T T 70 FH AL,
WL B I KA B AR oy KA &, DA R H P A I o A 00 . X 48 TARAE
MR LEEAE h SR — RVA & SRR, X ERFAEAMY g b s A Tl ge 77, 1A
J 8 B AR o3 BT AR S ST AR AL 1 5 K SCHRE
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BMUE 7FESEK

4.1 RPBRETISMKL

B, AFERIES KERREGE, AUFIEH 7R ERE N AR B R BGE. X
P78 7 WL A E S LA R (0 7, Ferbe ik U = 2 g $0 3) SSE (A
OB AR O IR BT B GERIRIE A E, T Fe 3 REE N T A
Fr A FEAS I~ 35 58 138 R BRI E -

AT H P RN, FERH T K-Means. DBSCAN. Agglomerative Clustering £/l
Gaussian Mixture ZEPUMERIETTVE, WXL T7 7044 H P AR PR H % F APP 1458 2ca 3t
1778

BT R, MR t-SNE FRAEFARNG 2 400 SRR R I 2 —4Ed- AT rT AL, X AE1SHE 7T
B HE MM A S IF MR R . A TIPS M ERTTE RO, ARt T
silhouette score. calinski_harabasz score #l davies bouldin score 25 1FAtifabr, FHdidix
LEFRPRI S5 Rk T AR KT

e, PIHBARRRIETTER AT TRE, FFx BSR4, kAT TIR AN 737 .
XL T G T R AR I T SR A 55, X e 2h UK A B T 703 S IR A\ B g
F IR PR AE

4.2 EEEFH APP EBIB RTINS+

JREAETIIN ] P R ) APP A MG O, AHIE 505 T i 130 AL B AR AE A%,
RN M2 T 5 - APP 8 AT AH G RFAE o

TEZ 4RSS, WA P AR APP 288, ABFFCRH 728 FIH. 20
NB & G527 ) BIEAE N TN LAt [FIRE, 25 RS 28R i JE L RN i 4Ry L, 2R Ak
2R NBEHLAR R . GradientBoosting. AdaBoost il XGBoost it N5 & i . RE
2175, BP MM 4. CNNL LSTM Al GRU 8L i Bds H I B 4o Rt 1
XHFo ARSI IEIA T, R AE XIS OB R ()32 R I, il bR s A
BRAERIEEE EROMER R, ik tH e TN ASE A .

X [EAAESS, BTN A 7 6 %28 APP B H I, AR E LK 7 2t
[, W [Rl A F LASSO S5E:Aili Bl A 7775 . FREBEAERAEL MR R, #—D=l 1Tk
T BEALARAR S TR FE SR Bk . FEIRE S 218073, BP #H&A M 4% [E1 )4, CNN,
LSTM M1 GRU &7 VERIFEE AN LB R . BB SR, 4% 7 NMSE 1

9



Team # 2023070819116 Page 100of 33

NEEFTEN IR,  AITHA E S AL o] VAR

ZR ERrIR, AW RETHL APP S OLIUIN E, BhG T 2 AEAMEYL, 8
FERA ORI P v MERA AN B R o A TOUIM A0 A R R0 A0 O sl B 0, s g ) 45 R 32
ST BIAT R

4.3 APP #EEF R 5144

NTEARZ B APP £ AT, 7 HEEH IEFREN APP Z2AWHFE R HbR. N
I, ARG T 2P EE, WRIEAFE R s MR K9 A SR AR H) APP HEFE .

HoG, FETNRMAEREEIEAE A — P S 200 75k, HREERYE APP etk
A P m I 34T HERE . A OAE T 58 APP 2[R (FIARALLEE, DAL £ BT 46 75 1) P 25
SH P 2w e —8. BEE, FHEEIERE S G o, AR R A
TZANS . M ITVERO T P B B EhAT N, @i A P APP TR R AE UL 4 SR AR i
N SR . A T 3 — BRI R I, 55 R BRI & A8 4 iR (SVD) FI A B
BN L (ALS G BIHERE VAR o IR BRI A B PR AR i 1) &, e AT d@ s
Z38H 5 APP A2 B IS ERFE, T HUH B HERE S B . H B BR % 2L F
KAE Z ARG ) 288, Neural Collaborative Filtering B4 40 N %5 FEVE I, 1% 7 1R
G T a M S50 R E, 2E— 2R 7R P AT APP SR R IMREE . 7E VA
HEARGRITERER, &8 T HEMR . MAE. Coverage. Novelty Al Popularity Bias {F A%
FEbr. IXLCFRPRAMN BT EUU M S RS e R 1%, SR RER DRHERE IO 32 1%« st tE Al
ZHRES

SR, ABEFRLREHEIE T 2P 5Res, B NP RS RE B 2T
APP HEFF

4.4 {E B SRREF IR AR

FEA T, Fride B R R RE S B T HS B, [R5 8 21 7 0 () e 1
AT 55 1 75 2K

HERRKMEST, EH T K-Means. DBSCAN. Agglomerative Clustering UL
Gaussian Mixture PP 5RKT71% . K-Means Bk — MM H S R K771, didik
ARAA LI AZE AR AR 1) vy R AR LA AR R 78 TR AR S ) B 4 22 S {HL K-Means R R JEARA —
€ AR B, 6 T AE BROE % Bl RE 7S R 2085 . DBSCAN fig % 5 4 i 4k B
Agglomerative Clustering {F 2R EKTTE, AN — RINRENZE, REHEFEM
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(Sum of Squared Errors) i %50 &A1) & 5 R 1 € B IR R, 1" Re 3 R AL
D30 T PAR A A ()~ 5150 3R SR AR I FR i AR R =

£ APP S G OL I TINATE S5, a5t 7 — RN 7). SR ) DLRR % )
J7ie Horh, ARGENLER S S B IS AR (A )0 . KNNL AhE DU S8 78 Lb PR 2 A 75 56
U ALZE ] 3 Tl R B B AL R PERE . SRR S DT VA N BELARAR . B REER TR
XGBoost. AdaBoost Z5i i 45 & 2 AN 557 ) S TS5 5L, wT AR = AL Kz A RE 7T
BRI A B RS o 0T 2R AR I R, R 5% 2] 77940 BP #E 4% . LSTM 5%
RERGIRAL S N R R R IA R /). FREFEENZ, BN SVM BIEfE o Rin b &
IO, (HRAAERBERZM T, HIIZn K H AR AE, B AR 7 ok
WAL o

HetE R MIZ 0 B Vs 2 N PSRBT RRBOGER I I H o BT N A IHEE T 1508
W T APP BURFPEFI P m G LD, HAZ.O BAR MR IERE N A SH P T AT e
FE—3. WA e, FERZRA S APP Z B AR, 5T H P B 537 Ak A
FHERE . TRERES> 77, W SVD A ALS, B DAE RO A B RO AR s 5 d , R EOE
TERFAE, MR S HEFE VRGP . Neural Collaborative Filtering 2598 FE 2% 2] J7 vE I il &
TR SAEGINAEETOR, P RS RS R HEE N 25 .
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RN A = B0 I B8 S 3R B UL R U PE R VA o B0, 8 BRI S 50
1, SRJEHIH GridSearchCV AT A 2, IS 58 IS UF L AR I 2R bR I e i 1)
ZHME . ERBRNSE)E, EHXESEOE AT ISR, It 7 i, DUE
MR AR AN IR UESE I ERe . & e, (AR AT T, FEoh B bR
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& ERRKA RE TR, Wk BAZHUR, S IEER I ZE. BRI T, Sl
BN I A R E SR, DUE RIS R a2 gkt gk . DI mUa,
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5.1 BEDITERRER
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Agglomerative Clustering with t-SNE Gaussian Mixture Clustering with t-SNE
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P 7 ERRAE IR, ik B BRI R TR

RO AR BAT B T REAR RS R A AS R AR AL DL K 5 A A% R A AR R A S
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5.2 AR ERZE SHFIED T

SRR, W TR NRRS P BRI R, XA P A I
P EATRCEANT ) MR E IR G T, R 3 TS 1A R R L .
*3: APEEIFIER

Cluster P AR FRRREERE] P BATIRE PR TIRE
1 SrEIEN 158.95 3055428.54 93446.11
2 TR G 107.70 9908374.26 241022.91
3 HAZE Sk 255.28 7121400.35 206209.54
4 BEMFA 103.10 8897740.44 238579.64
5 AR 120.03 13242239.65 345961.38

PAN S A I R I BE RN AT 9 70 B -

Clusterl: "7pFiEN": XM BPIME I () ek, (H AT E AR R . &)
REAZ HH T IX P B 2 A AR NI AN N 3OS, X AR BT ] BT 7 SR M
R PR AR o IXPAT IR AT BEFEM A A TR A S A N Y (e, i o, Al
AT AR L8 N H b o322 AL AR

Cluster2: "BEIHAEHE": IXIH N B, E AT MTRE AR . XA
RE R AT T [ 3 BV KRBT ] L SCo B, (B AT AR PR B LA A
PRI, A ATT AT A6 BE S XA BT el 2 i 4> H Sk 26 BN, F A . 2 a5 2

Cluster3: "tEaZE k" XM BAT S K43 IR [ AT i) _EAT IR R, Xl RERE
WREMA AR EARFE TR, LW AREE . TFEEEIIR. B, BfEEQQ X
FAAZ LT A] REX AT EE A RS 7

Cluster4: "§eFEHI7": XIS AEAR TN T A0 & AR, AT REARAT TR FHLAE ]
F R TR N EE A LR, T sl RIS X AT AR 2 n] REAS At A ] 5 1
) T =k Tl A IE BRI M A SN, BIARERAR ] Sk Office 4% .

Cluster5: "JREAFMEH": XM A om0 2AT R MMTE, (AT [EE A
K, IXRTRE UL IIAATIAE AR A — S s SR N, AL B B KR o FALIE,
AbATT AT RE BE AU ) 056 I R ML S R T 4%

LSRN B P AR b T DA B S A M B AR FH P AT R, I AR SR 1A TR0 RO 4 £
5 22 1 LA«

X

53 TN ERR T

FEME DRI R I R A AR T TR 18 Se AT 1 RS B SIUAL BRATURFALE RS - 49140
R ID("uid") 23 1 ARZE A AL EE,  DUECR A O BUE R, (AR R e g R0
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[FE, BT A MRHEERZ D T AR HELLAR TR, DLBROR S MRRIEAE A R REE b, By 1k R )
R | AR 2R P 22

EPAE B IR 5, BT 7 — RPN RIS, AT ST L
RES IR, Wi, K-T48 (KNND « ANE DU, BENLARAR . 0 FE 32 FH M
(GBDT) . XGBoost. AdaBoost. BP f#fi&2 25 D)L e HAMHZE ML (CNN) %5, N T H
R PEAE A A S B R P e, 5% >0 il 2t FH R AT AL B R B I ZRd 7, IR it 52 S5
E DL HER AR VP Al FR AR, IR T iR . FE T A BB, LSTM A4 L 0.992
R HERf 22 R I A AR

Ja B B RRGVEA R &M R I SR FR AN 2 2R, DA S A58 (1) PR BEEATIR A

FIFRAEFT LA, SR 2RR R L WFE 4, BB ARSI it R B LI 14 21K 27,
*4: BEBSEYRITEER

RS HIUNEEES
B iiE AR I AR
TR Hamming Hamming wIESE
kS kS
ik ik
{'estimator C" 1,
bk AEIR 0.5089 0.0326 0.5184 0.0327
'estimator__penalty": '12'}
£ 15z NB 0.0031 0.2617 0.0052 0.2648 {'estimator _alpha'": 0.01}
{'estimator _max_depth": 10,
BE AL AR AR 0.9908 0.0004 0.9106 0.0043 'estimator _n_estimators":
100}
{'estimator__learning_rate":
GradientBoosting 0.9943 0.0003 0.9943 0.0003 0.1, 'estimator _n_estimators":
100}
{'estimator__learning_rate":
AdaBoost 0.9980 0.0001 0.9968 0.0002 0.5, 'estimator _n_estimators":
50}
{'estimator__learning_rate":
XGBoost 0.9980 0.0001 0.9968 0.0002 0.5, 'estimator _n_estimators":
50}
BP 148 Y 4% 0.0092 - 0.5620 0.0228 {'hidden_dim": 32, 'Ir": 0.01}
CNN - - 0.7280 - -
LSTM - - 0.7560 - -
GRU - - 0.8420 - -
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Learning Curve for Logistic Regression Model
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Number of Estimators vs. Mean Score Grid Search CV Results Heatmap
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/NI Sy BP #2455, FL NMSE 24 0.1725.

ERE P REERS, KRR S AR U Zd FE A 8 45 R, B SRR AR I 25
SEANIGIELE B STl 4R, DARAAYAE TRONAT 55 1) NMSE PP &5 8, XK R AR AN L
BT [ 1 RESR AL AT IR N AL A o 1 28 ZE 1] 54 % R BB ()50 404 74 31| ik

A SRR R R
&5 BIEREAYRI LR

FR A RIESH NMSE
EFMEVE] - 0.999355
CJEVE {'alpha': 100.0} 0.999374
LASSO {'alpha": 0.1} 0.999359
ElasticNet [F] - {'alpha': 0.1, 'l1_ratio": 0.5} 0.999454
KNN {'n_neighbors': 21} 0.999999
{'max_depth": 10, 'max_features":
'sqrt', 'min_samples_leaf': 4,
BEHLARAR 0.998454
'min_samples_split': 5,
'n_estimators': 500}
{'learning_rate': 0.01, 'n_estimators":
Adaboost 1.000002
50}
{'learning_rate': 0.01, 'max_depth":
XGBoost 1.000003
3, 'n_estimators': 200}
{'learning_rate": 0.01, 'max_depth":
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3, 'n_estimators': 200}
BP 1 22 [ £ [1] I - 0.172500
LSTM - 0.798654
GRU - 1.000000
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Learning Curve (Ridge Regression) Hyperparameter Search - Ridge Regression
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Mean Negative MSE
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Leaming Curve (XGBoost) Grid Search Cross Validation Results
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Training and Validation Loss
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6 BEFERFURI LR

Popularity
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6.1 RERRSRAMES

6.1.1 BREFH A PIT AR RIX

K FIEH 7 2MERFEEL, 445 K-Means. DBSCAN. Agglomerative Clustering
DL Gaussian Mixture, X258 F & 68 FHLN A BT AT 1T IREER S 7808 2 iPh
Pl FEH, %258 A%, Calinski-Harabasz $§%( L & Davies-Bouldin #& 50 &5 PFAT §8 b5 K
M, DRI i E. fEIXER LT, K-Means HIERIHRE. X EEHFRE T
K-Means S92 H) BT R, RIE MU RSP IREAR 5 H UL IR R, AIMAEAR 2 52
o ) e FRRAT 1A AR N

H£T K-Means SRR, MEE 70 M ER, IR H R 94T A AE
BEAT T REIR TSR . XS P R R T RS R R LN AR R i S AR AT O 2
TR LT o X T IX AT AR BR AN A, W DD A P el RE RO KB R &R, fldn, A
AR TAE TR R BT 5o 55 . XGRS n] §eA7 B T A B AR I A7 08, BEMIR A
PEALHERE R G R RN AR SR AR A SR B 2 ) 4 5
6.1.2 F P 2 R € A 1B L T 43 4

FH P N A R DL B T 2 AN B 5 ) o — BN . FEMR RSN R IR b, AR A 5
BT 2L IR L S Rk, AR, K-EAR (KNND | A& DU, Bl
HLARAR . BEREIRTHH (GBDT) . XGBoost. AdaBoost. BP #1545 k444 DL K 45 B 22 2%
(CNN) &, Z5REIR, AdaBoost BMAE 7m0 E IR ILE A, HEMIZ SIS 0.9968,
J H. Hamming Loss 4 0.000152. X — L5 &I F 2k H T AdaBoost B #% LAl
AdaBoost J& —Flt [ 1& B (1 3EARGEE, BRBEET X 2 HT 73 KRR A A LS T 5 i AR, A
1R IR LEFEARALE S5 2L ISR 43 B B8 2 1) 0% . AL AE L bR A P APP A5 H 4 o vl R
FEAEIFEAR AN A 7] S 2] 7 AR R, BT OOk AR A2 S0 2 11 I R e
17, SR 2R A S 5 R R R as NS, Sz (b BIR M8 . 1,
AdaBoost FIFCE I FEHLH AT B T8 A &, 55— LB R BRUAR B, 7RIS B
AR RIS f)o, ZEEAEN G T2 B S AT AR R £, KR — e 5CHE i
A LA B G S0 ) 47 D AR AIE 2 B S TR A 4

geR 1N ) o N e 6 - e S A= D S VAl 0 S 6 P d YA S e ot = A ]
9. URIE[H. LASSO [EJH. #itEM 4 [E)9 (ElasticNet) « K-TT4F[EIH (KNND . Fli#l
BAREE . BRI EVT (GBDT) . XGBoost [A1)H. AdaBoost [A] 4. BP f#4: 2%
[F1J4. CNN. LSTM. GRU 45— R[G5, Z55RFEW], BP 4 W 48 76 T H -
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LA I EES T St ROR, BRI TR % (NMSE) 24 0.1725. X —{L5%
FKILFERE T BP A ML 1R FILE5 1 . BP #2248 & — e T I [ AL & B 1
ZEAT L%, Bl IR R T AR ZE I A BT AR DL . XA AL SRS {1
IR R IR DR 22, el A2 FEATAE ARG M AT S AR A A2 HL I IR 45 SR I JC R
. th4h, BP #E M1 2 R G LB woR RN RE T, RERS Al K 56 B 2R i 4
B AL AR 0 8 A I KR I, B RT AR 2 AR A A e &, A R
(AR 2 TN P %) 82 FH A P IS

FEHER Ry, ABEFEZ U T P APP B8 A w7000 . 7550 1 &
THENESRE . iR R FRES % (SVD) L&A IE (NCF) %—&
YRR G, dRRM, WA E IENCE)E TN - X APP 458 F fmir FEUS 1
B EROR, HMER R L 09762 X — LR RILFE 2K 3 T NCF KIFRA HIELEM .

AP RIS IR G T AL SRR M R EOR N 2 JZ BNHLE e 7T, 1A Be i 2 5
BIHPIE 2 MR MR R £ NCF H,  FH P FIIEH 1B ) A2 ) 5 1 AR
P, TRBAMNE]—ADZJZEFNLA, TR IR AR A A X4 fo Vs
RURNAZHE P BV AE PGB AW T, AT R R /& 1 F000 P v 12k

Ak, NCF Egrid #2dr, i 8H FORFEROR, A RO 1 IE R AR AT 1
R, R TR AR ). R H, @I IR S 2] EOR, NCF #8133l
I BN TN A DT BRI AR . X R AR AR A R i s v, B AT B 3R
T2V RN O R, AT SE R A T30 FH P 6 APP A FH i -

SRR, AW FAEA RPN B3R 72 ANWERE R ik MH
A I DL R 2 R TR0 S P IS B [ U FUI A 2 ) APP R ) O 47 77, AR B 17 3k
BEEMEAE LR LEE . AdaBoost. GradientBoosting Fl1AH1 28 ] i i 43 1) 78 %
H AR AT R 1 FLURR R AL 3, Do S RS A B AT TN A P AT e R A I T
H XN fEae s AR B T R St E s, A BTt — B3R AL ) SEBR B FHANME -

6.2 B 53 BRI S A Bt

AT FENS B BT AL B B s HEAT IR, DASR 7= FH P AT Dok 2RI B i A
MSBRRFAE. SR80, WEMEARIEIRR, A e /IR, JFa R TARK
I FE It — 25 et

X TR BT, R CAE 1 PR 2 i S AL BOD 3R, (HIX LTy
R BETC A e A R N B I AR I . BN, ZRIERR AR R] B TC A T A IR B AR 2t 4
ATRFPEBURALE, T RR A g n] REAE AL B 70 FRFAE IS ST T AL B PR R o RRIIBI T
UL RS N R A B %, BlndARLe A e, M gm i e H Argm it s, DU
A il M A 7 0 1 N AE S5
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ERBHE AL T, RECSEL KA T W Vaex . fEAEER GPU i 25 & R $eds
WOSEEE 5% NI 1= R0 (SR Sy NG N O T = 3 AN Sl N0 o = W 0 S
Apache Spark 5 Dask %5, X AMVAEHE = B0 AL PR 2038, 30 W] DA SRR B8 IR 1) 25
H AT

FEHAT RIS, BAAARBE AN T 2P IRRFIERIFHEAT T HE, B 3R AS
(RS A SR P R A AR AE — B I A, AT RESZ A B 45 SR 1) 2 IEVEAI AT SE 1 . R
SRR FL AT A 18 5] N BE R e i SR 48 VT A 7 vk, s F S D e LI A IR A
AAELE, DARR g R A A AT S

FEPRIAE R N v, AR T 2 MOLEs 7 SRR B 7 SR, Ik T8 X
B E LA & NMSE S5 vPflidebn . SAT, 5884 (1) P 14 5 nT RS2 RIS 52 0 FE . 3004 o & A
B, BSHOREEZMRARINEEN . 15 m l rEm B 1z e me 11, ARk
[RIRIE 78 AT LAS2AaR FH BB 9 S AR, R R 2 I 2 B i A o S AR, i it B
JURE A S B A Y TE A B SR p7 1R 5 o

HEHER RAMME T, AR T 2P, mET AR . P EE
Bk B E D A E R DRSS, RO TS ERI I RE . SR, HEE RS
A — Lo R e PR R PR YE . B dn, A8 3 I SR HERE R G i — AN 8 ] 7, R
WHAT 938 P 808 7 S SR (LR 4R o itk ah, BT e 2 B BGR MBI R,
B ASHER o ARIIBIFFT AT LA R85 N TR0 iR IS I HEE 7V, B TR B b 7 =)
KA IX P . IBA, HEFE RS BRI A2 — N E R A, Rk
[R5 AT DA BRG] N AP AN AT R RO, B DRHERE S SR A IR A B

SR, TR P AT N TR P A I T R HEE R G, AT AN
RETFHLH P BT A TR T — AT HESE . (HAE R — i, ARIEAAAE — 2 n] LA
PR R AL T . AR IS RS I R AR RS, RE AR RETFHLH P AT N
RIEEIR N SRR ) 70 B R0 TN 2 A3k B 56 38 I AR 7 28
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ELE GRERKMRSE

7.1 HSTAR 5 STk

AHEFCAERANIRTT 1 2023 S£55 w8187 M RS2 A2 KB Rl 8 1) 1l —— R e T
LR P 0 o A R v, SeBL 7 R AT N BOIR LT, Fse sk A (1 7 4R
FERE AR APP A AT REAT 7 HERR TG »  IX LBt FU 45 RAE AR 2 i o8 F P AT 9t
TR TR A, RIS CESEBRERAE TR o APP 72 S ARAL DA AN AG IR 55 34 T B R
e

B, ARTFTIEE A R A 20 28 APP U, SEEL TR AT O R IR A
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SR B T B AR A P BOAT R 28, i HLORE SR APP HEFRAR M 1 S AOAKYE .

FRk, @ FEREE R IR LT, AW TSI 7 Eg, IR A E A
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W S f J il o
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B 5%

fififf %45 : CPU:AMD Ryzen 9 7945HX with Radeon Graphics 2.50 GHz; GPU:RTX4060
BAE4F: Jupyter Notebook
T URARHD :

B ”

import pandas as pd

import numpy as np

import matplotlib.pyplot as plt

import seaborn as sns

from glob import glob

from sklearn.preprocessing import StandardScaler
import warnings
warnings.filterwarnings("ignore")

# € R
app_class path = "C:/Users Desktop/A/app_class.csv"
days data path ="C:/Users Desktop/A/day*.txt"

# L app 289 HdE
app class = pd.read csv(app class path, header=None, names=|"appid", "app_class"]|, dtype={"appid": str,
"app_class": str})

# SR H A Bl
user data files = glob(days data path)

#ONT A WA, A TR B AR AT e e

dtypes = {
"uid": str,
"appid": str,

"app_type": str,
"start_day": np.int8&,
"start_time": str,

"end day": np.int8,
"end_time": str,
"duration": np.int32,
"up flow": np.int32,
"down_flow": np.int32,

!
S
# BEHOFE IR EE
data = pd.DataFrame()
for file in user data files:

day data = pd.read csv(file, header=None, names=|"uid", "appid", "app_type", "start day",
"start_time",

"end day", "end time", "duration",

"up_flow", "down_flow"]|, dtype=dtypes)

data = pd.concat([data, day data], ignore_index=True)

# Y app class #4175 IF
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data = pd.merge(data, app class, on="appid", how="left")
data.info()

“ Kot Ab B ”
# 51k duration. up flow Al down flow A 0 FI4T
data = data[(data["duration"| > 0) & (data["up_flow"| > 0) & (data["down_flow"| > 0)]

# HIBRAEHACE T 0 CONF 5D AT
data = data|data["duration" | >= 5]

# R I 1) B B o 7

data["duration"] = data["duration"] / 60

# R A 4y MB
data["up_flow"| = data["up_flow"]/ (1024 * 1024)
data|"down_flow"| = data["down_flow"| /(1024 * 1024)

# X FARFSGH APP, AR H I ARIL A "unknown”
data["app_class"| = data["app_class"].fillna("unknown")

# ERAE bR Z BT, BXUH "duration”, "up flow", "down_flow" i3 7 B4 12847 T AAL

data before scaling = data[["duration", "up_flow", "down_flow"||.copy(deep=True)

# Xf"duration", "up_flow", "down_flow"iX = F|EH& it 17 by vHE Ak AL BE
scaler = StandardScaler()

data[["duration", "up_flow", "down_flow"|| = scaler.fit transform(data[["duration", "up_flow",
"down_flow"]])

# JENKEER S 1B
data.head()

“ FEAE T AE ”
# SN E

from datetime import datetime, timedelta

# 38 AR T 5% start_day Al end day N H AR, JRUHSEEH APP (R [R]85 2
def (row):

# ARG IR H 9108 2023 4E 8 H 1 H

start_date = datetime(2023, 8, 1)

# TR IR I ZE R H

row|"start_date"| = start date + timedelta(days=row["start day"]| - 1)

row["end date"| = start date + timedelta(days=row["end_day"]| - 1)

# THEAEH APP RIS CRALNR)

row["date_span"| = (row["end date"] - row|"start date"]).days + 1

return row

# X Bt AT A B
data = data.apply(get _date span, axis=1)

# Xruid"Alappid" AT 4L, HHEAAH P EA APP IS K. BRE. PR K
T
grouped user_app = data.groupby(["uid", "appid"]).agg({

nn

"duration": ["sum", "mean"],

Hup_ﬂOWH ["Sum", Hmeanll]’
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"down_flow": ["sum", "mean"|,

"start date": "min",

"end date": "max",

"date span": "max"
}).reset_index()
grouped user app.columns = ["uid", "appid", "total duration", "average duration", "total up_ flow",
"average up flow",

"total down_ flow", "average down_flow", "first use date",
"last_use date", "date span"|

# % uid"#EAT 0, THEAEAS T RIME APP B, EHLER K. BRE. PR K., P
sy
grouped user = data.groupby("uid").agg({

"appid": "nunique",

nn

"duration": ["sum", "mean"],

Hup_ﬂOWH ["Sum", Hmeanll]’

"down_flow": ["sum", "mean"],

"start_date": "min",

"end date": "max",

"date_span": "max"
}).reset_index()
grouped user.columns = ["uid", "app_count", "total duration", "average duration", "total up_ flow",
"average up flow",

"total down_flow", "average down_ flow", "first use date", "last use date",
"date_span"|

# W appid"#HAT AL, THEREAS APP B, B, SURE . PRSI N K SFER
%
grouped app = data.groupby("appid").agg({

"uid": "nunique",

nn

"duration": ["sum", "mean"],

nn

"up_flow": ["sum", "mean"|,

"down_flow": ["sum", "mean"],

"start_date": "min",

"end date": "max",

"date_span": "max"
}).reset_index()
grouped app.columns = ["appid", "user _count", "total duration", "average duration", "total up flow",
"average up flow",

nn

"total down_flow", "average down_flow", "first use date", "last use date",
"date span"]|

# JRIN AL T S ) HR
grouped user app.head(), grouped user.head(), grouped app.head()

import seaborn as sns

# BE Seaborn X%
sns.set(style="whitegrid")

# BRSNS EH B APP BRI 0 A

plt.figure(figsize=(10, 6))

sns.histplot(grouped user['app_count'|, bins=30, color="skyblue', kde=True)
plt.title('Distribution of the number of apps used by each user', fontsize=15)
plt.xlabel('Number of apps', fontsize=13)

plt.ylabel("Count', fontsize=13)

plt.show()
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# BH R APP BAEH 1 R E) 43 A

plt.figure(figsize=(10, 6))

sns.histplot(grouped app['user_count'], bins=30, color="skyblue', kde=True)
plt.title('Distribution of the number of times each app is used', fontsize=15)
plt.xlabel("Number of users', fontsize=13)

plt.ylabel("Count', fontsize=13)

plt.show()

# A AR A AL AL R R &

plt.figure(figsize=(10, 6))

sns.scatterplot(x="total _duration', y="total up flow', data=grouped user, alpha=0.5, color='g")
plt.title('Relationship between total duration and total flow for each user', fontsize=15)
plt.xlabel("Total Duration', fontsize=13)

plt.ylabel("Total Flow', fontsize=13)

plt.show()

# BE A APP (ML KRR E R X R

plt.figure(figsize=(10, 6))

sns.scatterplot(x="total _duration', y="total up flow', data=grouped app, alpha=0.5, color="purple')
plt.title('Relationship between total duration and total flow for each app', fontsize=15)
plt.xlabel("Total Duration', fontsize=13)

plt.ylabel("Total Flow', fontsize=13)

plt.show()

# % tuid"M"start_day"#EAT 4L, TREAEAN P REREMER APP B, NG, RE
grouped user day = data.groupby(["uid", "start_day"]).agg({
"appid": "nunique",

nn

"duration": ["sum", "mean"],

Hup_ﬂOWH ["Sum", Hmeanll]’

"down_flow": ["sum", "mean"|,
}).reset_index()
grouped user day.columns = ["uid", "start_day", "app_count", "total duration", "average duration",
"total up flow",

nn

"average up_ flow", "total down flow", "average down_flow"|

# Xf"appid" M "start_day"#E4T 04, THEEEA APP RERMAE AL K. iR
grouped app day = data.groupby(["appid", "start_day"|).agg({
"uid": "nunique",

nn

"duration": ["sum", "mean"],

Hup_ﬂOWH ["Sum", Hmeanll]’

"down_flow": ["sum", "mean"],
}).reset index()
grouped app day.columns = ["appid", "start_day", "user count", "total duration", "average duration",
"total up_flow",

nn

"average up flow", "total down flow", "average down_flow"|

# TSR] APP R R EL
user_day count = data.groupby("uid")["start_day"].nunique().reset_index()
user day count.columns = ["uid", "day_count"|

# THEREFD APP 4  FH I KL
app_day count = data.groupby("appid")["start_day"].nunique().reset_index()
app day count.columns = ["appid", "day count"|

# St PR "total_duration" 5 E 3E47 4346 AL B
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grouped user|["total duration bin"| = pd.qcut(grouped user["total duration"], q=10, duplicates='drop')

# XF APP ["total duration"FF{iE 347 44 Ab BE
grouped app["total duration_bin"| = pd.qcut(grouped app["total duration"], =10, duplicates='drop')

import seaborn as sns
import matplotlib.pyplot as plt

sns.set(style="whitegrid") # BB Seaborn X%

# AN RN APP $0E 10 A

plt.figure(figsize=(10, 6))

sns.histplot(grouped user day['app_count'], bins=30, color="skyblue', kde=True)
plt.title('Distribution of the number of apps used by each user per day', fontsize=15)
plt.xlabel('Number of apps', fontsize=13)

plt.ylabel("Count', fontsize=13)

plt.show()

# BAEEAS APP RERMAE A I RE) 70 AT

plt.figure(figsize=(10, 6))

sns.histplot(grouped app day['user count'|, bins=30, color="skyblue', kde=True)
plt.title('Distribution of the number of times each app is used per day', fontsize=15)
plt.xlabel('Number of users', fontsize=13)

plt.ylabel("Count', fontsize=13)

plt.show()

# B APP [ R E A

plt.figure(figsize=(10, 6))

sns.histplot(user day count['day_count'], bins=30, color="skyblue', kde=True)
plt.title('Distribution of the total number of days each user uses apps', fontsize=15)
plt.xlabel('Number of days', fontsize=13)

plt.ylabel("Count', fontsize=13)

plt.show()

# AHRERT APP B A H 1 R E) 3 A

plt.figure(figsize=(10, 6))

sns.histplot(app day count['day_count'], bins=30, color="skyblue', kde=True)
plt.title('Distribution of the total number of days each app is used', fontsize=15)
plt.xlabel('Number of days', fontsize=13)

plt.ylabel("Count', fontsize=13)

plt.show()

# A M A I K 2 R A

plt.figure(figsize=(10, 6))

sns.countplot(x="total _duration_bin', data=grouped user, palette="viridis')
plt.title('Distribution of total usage duration (binned) for each user', fontsize=15)
plt.xlabel("Total Duration (binned)', fontsize=13)

plt.ylabel("Count', fontsize=13)

plt.xticks(rotation=45)

plt.show()

# BF APP EE I ) 70 # 20A1

plt.figure(figsize=(10, 6))

sns.countplot(x="total _duration_bin', data=grouped app, palette="viridis')
plt.title('Distribution of total usage duration (binned) for each app', fontsize=15)
plt.xlabel("Total Duration (binned)', fontsize=13)
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plt.ylabel("Count', fontsize=13)
plt.xticks(rotation=45)
plt.show()

“ BRI ”
import pandas as pd

import numpy as np

from sklearn.cluster import KMeans, DBSCAN, AgglomerativeClustering

from sklearn.mixture import GaussianMixture

from sklearn.metrics import accuracy score, mean_squared_error

import matplotlib.pyplot as plt

import warnings

warnings.filterwarnings("ignore")

%matplotlib inline

import vaex

import numpy as np

import matplotlib.pyplot as plt

from sklearn.preprocessing import StandardScaler

# Read app_class file
app_class = vaex.from_csv("C:\\Users\ \Desktop\\A\\app_class.csv", header=None, names=|"appid',
'app_class'])

# Convert appid to string to ensure consistent data types
app_class['appid'| = app_class['appid'].apply(lambda x: str(x))

# Create empty DataFrame to store results
grouped data = None

# Process data
for i in range(1, 31):

day = str(1).zfill(2)

file path = f"C:\\Users\ \Desktop\\A\\day {day}.txt"

data = vaex.from_csv(fi , header=None, names=|'uid', 'appid', 'app_type', 'start day’, 'start time',
'end day', 'end_time', 'duration’, 'up_flow', 'down_flow'])

# Convert appid to string to ensure consistent data types
data['appid'| = data['appid'|.apply(lambda x: str(x))

# Merge with app_class
data = datajoin(app class, on="appid', how="left', allow_duplication=True) # Added
allow_duplication=True

# Handle missing values for numeric columns only
numeric_cols = ['duration’, 'up_flow', 'down_flow']
for col in numeric_cols:

data[col] = data[col].fillna(data[col].mean())

# Feature selection
data = data[['uid', 'app_class', 'duration’, 'up_flow', 'down_flow'||

# Compute mean duration, total up_flow and down_flow for each user and each app class
grouped = data.groupby(['uid', 'app_class']).agg({'duration': 'mean’, 'up_flow': 'sum’, 'down_flow":
'sum'})

# Append to grouped data
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if grouped data is None:
grouped data = grouped
else:
grouped data = grouped_data.concat(grouped)

# Convert Vaex DataFrame to Pandas DataFrame for pivot operation
grouped data = grouped_data.to_pandas_df()

# Construct feature matrix

features = grouped data.pivot table(index="uid', columns="app_class', values=['duration’, 'up_flow',
'down_flow'|, aggfunc="mean').fillna(0)

features.columns = [f"{x[0]} _{x[1]}" for x in features.columns]

# Standardize data
scaler = StandardScaler()
features_scaled = scaler.fit_transform(features)

# Plot the histograms of each column before and after standardization
n cols =3 # Only plot the first 3 columns

fig, axs = plt.subplots(n_cols, 2, figsize=(10, 5 * n_cols))

for i in range(n_cols):
# Plot the histogram of the i-th column before standardization
axs[1i, 0].hist(features.iloc[:, i], bins=30)
axs|i, 0].set_title(fHistogram of column {i} before standardization')

# Plot the histogram of the i-th column after standardization
axs[i, 1].hist(features_scaled[:, i], bins=30)
axs[1i, 1].set title(fHistogram of column {i} after standardization')

plt.show()

from sklearn.metrics import silhouette score

# I ERIE N

distortions = []

for i in range(1, 11):
kmeans = KMeans(n_clusters=i)
kmeans.fit(features)
distortions.append(kmeans.inertia )

plt.plot(range(1, 11), distortions, marker='o0")
plt.xlabel('"Number of clusters')
plt.ylabel('Distortion’)

plt.show()

# RO A M
silhouette scores =[]
for i in range(2, 11):
kmeans = KMeans(n_clusters=i)
kmeans_labels = kmeans.fit_predict(features)
silhouette scores.append(silhouette score(features, kmeans labels))

plt.plot(range(2, 11), silhouette scores, marker='o")
plt.xlabel('Number of clusters')
plt.ylabel('Silhouette Score')
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plt.show()

from sklearn.manifold import TSNE

from sklearn.cluster import DBSCAN, AgglomerativeClustering
from sklearn.mixture import BayesianGaussianMixture

import matplotlib.pyplot as plt

# t-SNE P4k
tsne = TSNE(n components=2)
features_tsne = tsne.fit transform(features)

#K-Means FHK
kmeans = KMeans(n_clusters=5)
kmeans_labels = kmeans.fit_predict(features)

plt.scatter(features_tsne[:, 0], features_tsne[:, 1], c=kmeans_labels)
plt.title('K-Means Clustering with t-SNE')
plt.show()

# t-SNE Ff4t
tsne = TSNE(n_components=2)
features_tsne = tsne.fit_transform(features)

# DBSCAN %
dbscan = DBSCAN(eps—3, min_samples=3)
dbscan_labels = dbscan.fit_predict(features)

plt.scatter(features_tsne[:, 0], features_tsne[:, 1], c=dbscan_labels)
plt.title('(DBSCAN Clustering with t-SNE")
plt.show()

# Agglomerative Clustering 5%
agg = AgglomerativeClustering(n_clusters=5)
agg labels = agg.fit_predict(features)

plt.scatter(features tsne[:, 0], features tsnel[:, 1], c=agg labels)
plt.title("Agglomerative Clustering with t-SNE')
plt.show()

# Gaussian Mixture %3
bgm = BayesianGaussianMixture(n_components—5, covariance type="full')
bgm labels = bgm.fit predict(features)

plt.scatter(features_tsne[:, 0], features_tsne[:, 1], c=bgm_labels)
plt.title('"Gaussian Mixture Clustering with t-SNE')
plt.show()

from sklearn.manifold import TSNE

from mpl_toolkits.mplot3d import Axes3D
import matplotlib.pyplot as plt

# t-SNE P44

tsne = TSNE(n_components=3)
features_tsne = tsne.fit_transform(features)

# B
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fig = plt.figure(figsize=(15, 10))

# IR REA T
for i, labels, title in zip(range(4), [kmeans_labels, dbscan_labels, agg labels, bgm_labels],
['KMeans', ' DBSCAN', 'Agglomerative Clustering', 'Gaussian Mixture'|):

ax = fig.add subplot(2, 2, i+1, projection='3d")

scatter = ax.scatter(features_tsne[:, 0], features_tsne[:, 1], features_tsne[:, 2], c=labels, cmap='viridis',
s=20, alpha=0.6)

ax.set title(f'{title} Clustering with t-SNE")

fig.colorbar(scatter, ax=ax, format="%d")

plt.show()

from sklearn.metrics import silhouette score, calinski_harabasz_score, davies bouldin_score

scores = []

for labels in [kmeans_labels, dbscan labels, agg labels, bgm labels]:
silhouette = silhouette score(features, labels)
calinski_harabasz = calinski_harabasz_score(features, labels)
davies_bouldin = davies_bouldin_score(features, labels)
scores.append((silhouette, calinski harabasz, davies_bouldin))

methods = ['KMeans', ' DBSCAN', 'AgglomerativeClustering', 'GaussianMixture'|
metrics = ['Silhouette Score', 'Calinski-Harabasz Score', 'Davies-Bouldin Score'|

for 1 in range(3):
plt.figure(figsize=(9, 6))
plt.bar(methods, [score[i] for score in scores]|, color=['cornflowerblue', 'lightcoral', 'lightgreen’, 'gold'])
plt.title(metrics|i], fontsize=16)
plt.xlabel('Clustering Method', fontsize=14)
plt.ylabel(metrics|i], fontsize=14)
plt.xticks(fontsize=12)
plt.yticks(fontsize=12)
plt.grid(axis="y', linestyle="--', alpha=0.6)
plt.show()

import vaex

import numpy as np

import matplotlib.pyplot as plt

from sklearn.preprocessing import StandardScaler

app_class = vaex.from csv("C:\\Users\ \Desktop\\A\\app_class.csv", header=None, names—|"appid',
'app_class'])

# Create empty DataFrame to store results
grouped data = None

for i in range(1, 22):

day = str(i).zfill(2)

file path = f"C:\\Users\ \Desktop\\A\\day {day}.txt"

data = vaex.from_csv(fi , header=None, names=|"uid', 'appid', 'app_type', 'start_day', 'start time',
'end_day', 'end_time', 'duration’, 'up_flow', 'down_flow'])
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data = datajoin(app class, on="appid', how="left', allow_duplication=True) # Added
allow_duplication=True

numeric_cols = ['duration’, 'up_flow', 'down_flow']
for col in numeric_cols:
data[col] = data[col].fillna(data[col].mean())

data = data[['uid', 'app_class', 'duration', 'up_flow', 'down_flow', 'app_type', 'start_time', 'end time'|]

# Compute mean duration, total up_flow and down_flow for each user and each app class
grouped = data.groupby(['uid', 'app_class']).agg({'duration': 'mean’, 'up_flow': 'sum’, 'down_flow":
'sum'})

if grouped data is None:
grouped data = grouped
else:
grouped data = grouped_data.concat(grouped)

grouped data = grouped_data.to_pandas_df()

features = grouped data.pivot table(index="uid', columns="app_class', values=['duration’, 'up_flow',
'down_flow'|, aggfunc="mean').fillna(0)
features.columns = [f"{x[0]} {x[1]}" for x in features.columns]

scaler = StandardScaler()
features_scaled = scaler.fit_transform(features)

kmeans = KMeans(n_clusters=5)
kmeans_labels = kmeans.fit predict(features)

cluster centers = []

for 1 in range(kmeans.n_clusters):
cluster _center = features[kmeans_labels == i].mean(axis=0)
cluster centers.append(cluster_center)

for 1, cluster center in enumerate(cluster centers):
print(f'Cluster {i}:')
print(f  “PYJFFLERT[E]: {cluster center["duration a"]:.2f}")
print(f  “F¥ BATHUE: {cluster center["up_flow_a"]:.2f}")
print(f “F¥ FATHE: {cluster center["down_flow_a"]:.2f}")
print()

33 6}% tH]
import pandas as pd

import numpy as np

from glob import glob

# € R
app class path = "D:\F£/¥"\item\data_set/app_class.csv"
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days data_path = "D:\F£J7"\item\data_set/day*.txt"

# EHL app 20 2
app class = pd.read csv(app class path, header=None, names=["appid", "app_class"]|, dtype={"appid": str,
"app_class": str})

# MER appid 51 & AR 87 A1 AT

app_class = app_class[app_class["appid"].str.isnumeric()]

# HE SRR AR LI B A AF

dtypes = {
"uid": str,
"appid": str,

n.n

"app_type": "category",
"start_day": np.int8&,
"start_time": str,
"end day": np.int8,
"end time": str,
"duration": np.int32,
"up_flow": np.int32,
"down_ flow": np.int32,
h

data = pd.DataFrame() # #JUHH—1>73 1] data DataFrame A7 fiti & H 1 585

chunk size = 500000 # #& & AN
selected uids =set() # Al CIEEERIH - 1D

# WAL RE 1 3R BbR G

has_selected users = False

for file in glob(days data path):
for chunk in pd.read csv(file, header=None, names=|"uid", "appid", "app_type", "start day",
"start _time",

"nn

"end day", "end time", "duration",

"up_flow", "down_flow"],
dtype=dtypes, chunksize=chunk size):

# WRIERAEEE 2 T3, A AT H b R bk

if not has selected users:
selected uids = set(chunk["uid"].sample(n=20000, replace=False))
has_selected users = True

# RORE QS - ID EdE

chunk = chunk[chunk["uid"].isin(selected uids)]

# MER appid 51 A& AR5 A7 AT

chunk = chunk[chunk["appid"].str.isnumeric()]

# 5 app_class #ATH I
chunk = pd.merge(chunk, app class, on="appid", how="left")

# 18N8 data DataFrame 7
data = pd.concat([data, chunk], ignore index=True)

# PRI AT
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del chunk

# 5IF% duration. up_flow Al down_flow 4 0 [FJ4T
data = data[(data["duration"| > 0) & (data["up_flow"] > 0) & (data["down_flow"]| > 0)]

# BRI T8 CONE 5D AT
data = data|data["duration" | >= 5]

# X ARFSEHIE APP, FATREH I FRIE 0 unknown”
data["app class"| = data["app class"].fillna("unknown")

# BB e SREE AN AR
train_data = data[data["start_day"| <= 15]
test data = data[data["start_day"| > 15]

# SREUCEES I R I ZRAE AN A o R AL

agg funcs = {"duration": "sum", "up flow": "sum", "down flow": "sum"}

X_train = train_data.groupby(["uid", "app_class"]).agg(agg funcs).reset_index().pivot_table(index="uid",
columns="app_class", values=|"duration", "up _flow", "down_flow"|, aggfunc="sum").fillna(0)

X test = test data.groupby(["uid", "app_class"]).agg(agg funcs).reset index().pivot table(index="uid",

nn

columns="app_class", values=["duration", "up_flow", "down_flow"|, aggfunc="sum").fillna(0)

# SRR H P AE I ZREE A AR b 1 BR 2
y_train = train_data.groupby("uid")["app_class"].unique().apply(set)
y_test = test data.groupby("uid")["app_class"].unique().apply(set)

#ONTIENEH AR, AT y train Fl y test Feb N2 bR2s iH%

all classes = app_class["app_class"].unique()

y_train_multi = pd.DataFrame(index=y _train.index, columns=all_classes).fillna(0)
y test multi = pd.DataFrame(index=y test.index, columns=all classes).fillna(0)

for idx, classes-in y “train.items():
y train multi.loc[idx, list(classes)] =1

for idx, classes in y_test.items():
y_test multi.loc[idx, list(classes)] = 1

“ 58 ML ISR 2 ] R B ”
import numpy as np

from sklearn.model selection import learning curve

import matplotlib.pyplot as plt

import seaborn as sns

def (estimator, title, X, y, ylim=None, cv=None, n_jobs=1, train_sizes=np.linspace(.1,
1.0, 5)):

plt.figure(figsize=(12, 8)) # M KEILR

plt.title(title, fontsize=20) # ¥ KAR A T4 8 B FAAFE R

if ylim is not None:

plt.ylim(*ylim)

plt.xlabel("Training examples", fontsize=16) # K X bR AR % B 7R

plt.ylabel("Score", fontsize=16) # ¥4 K Y Flibp2E 7RI 15 B FAARFE

train_sizes, train_scores, test_scores = learning_curve(estimator, X, y, cv=cv, n_jobs=n_jobs,
train_sizes=train_sizes)

train_scores mean = np.mean(train _scores, axis=1)

train_scores_std = np.std(train_scores, axis=1)
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test scores mean = np.mean(test scores, axis=1)
test_scores std = np.std(test scores, axis=1)

plt.grid(color="gray", linestyle='--', linewidth=0.5) # JAFEMIELEZI(H, 27, F5/%

plt.fill between(train sizes, train scores mean - train scores std, train_scores mean +
train_scores std, alpha=0.1, color="r")

plt.fill_between(train_sizes, test scores_mean - test_scores_std, test_scores_mean + test_scores_std,

alpha=0.1, color="g")

plt.plot(train_sizes, train_scores mean, 'o-', color=sns.color palette("husl", 8)[3], label="Training

score", linewidth=3) # 2L %
plt.plot(train_sizes, test_scores_mean, '0-', color=sns.color_palette("husl", 8)[4],
label="Cross-validation score", linewidth=3) # HHLk %%

plt.legend(loc="best", fontsize=14) # &K &7k
plt.tight layout() # HBNWEFEISH, FERBENEEXIER
plt.show()

&2

« g Al
from sklearn.linear model import LogisticRegression
from sklearn.model selection import train_test split, GridSearchCV
from sklearn.metrics import accuracy_ score, hamming_loss

from sklearn.multioutput import MultiOutputClassifier

import seaborn as sns

import numpy as np

# Wfx y train multi fly test multi FAAFLE NaN fH
y_train_multi =y_train_multi.fillna(0)
y test multi=y test multi.fillna(0)

# 58 SCZHE PN RN 2 4 7 R as
base model = LogisticRegression(max_iter=10000, n_jobs=-1)
multi_model = MultiOutputClassifier(base_model)

# WESHINRE

param grid = {
'estimator__ C": [0.01, 0.1, 1, 10],
'estimator__penalty": ['11', '12']

h

# 1§ [ GridSearchCV HEAT A% 48 2%

grid search = GridSearchCV(multi model, param grid, cv=5, verbose=1, scoring="accuracy")

# KRB — B R I R e AR
X train_new, X val,y train new,y val =train_test split(X train, y train_multi, test _size=0.2,
random_state=42)

# FFaa 25

grid_search.fit(X train_new, y train_new)

# AT S RS R

results = grid_search.cv_results_

C values = list(param_grid|'estimator _ C'])

penalty values = list(param_grid['estimator _penalty'|)
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scores_matrix = np.array(results['mean_test score']).reshape(len(C_values), len(penalty values))

plt.figure(figsize=(10, 6))

sns.heatmap(scores matrix, annot=True, fmt=".3f", xticklabels=penalty values, yticklabels=C values,
cmap="Y1GnBu")

plt.title('Grid Search Cross Validation Scores')

plt.xlabel('Penalty’)

plt.ylabel('C value')

plt.show()

# 1 Y 5 > i 2
plot learning curve(grid search.best estimator , "Learning Curve for Logistic Regression Model",
X train_new, y_train_new, cv=5)

# (ERIEER BT

y_val pred = grid_search.predict(X val)

val accuracy = accuracy score(y val.values,y val pred) # {5 F S AR AERF M SR AR A5 7 14 fi

val hamming loss = hamming loss(y val.values,y val pred) # {#H Hamming 35 2 R ¥ At 15 78 4 g

# RN AR

y_test pred = grid search.predict(X_test)

test accuracy = accuracy score(y test multi.values, y test pred) # {3 F S ARHER M R IPAEAE Y MR
test hamming loss = hamming loss(y test multi.values, y test pred) # {#F Hamming 35 5% R iFAd 15
RYERE

print("Validation set accuracy: ", val accuracy)

print("Validation set Hamming loss: ", val hamming loss)
print("Test set accuracy: ", test _accuracy)

print("Test set Hamming loss: ", test hamming loss)

print("Best parameters from grid search: ", grid search.best params )

“ Z i3 NB ”
from sklearn.naive bayes import MultinomialNB

from sklearn.model_selection import train_test_split, GridSearchCV

from sklearn.metrics import accuracy score, hamming loss

from sklearn.multioutput import MultiOutputClassifier

from tqdm.notebook import tqdm, trange

import seaborn as sns

import matplotlib.pyplot as plt

# W& y_train_multi f1y test multi FALELE NaN {H
y_train_multi =y _train_multi.fillna(0)
y_test multi =y test multi.fillna(0)

# € X MultinomialNB 554 34 HLAL 3 0 22 4t 7 2K 2
base model = MultinomialNB()
multi_model = MultiOutputClassifier(base model)

# WEZHIRE
param_grid = {
'estimator__alpha': [0.01, 0.1, 0.5, 1, 5, 10]
1
s

# {1 H GridSearchCV #HTMI 2, H K E verbose 248 0, LATE tqdm A Rtk

grid_search = GridSearchCV(multi_model, param_grid, cv=5, verbose=0)
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model = grid search

# TR IIIZREE LIl GRS it
for in tqdm(range(model.cv * len(param_grid['estimator _alpha'l)), desc="Training", unit="folds"):
model .fit(X_train_new, y train_new)

# FERIESE BTG

y val pred = model.predict(X val)

val_accuracy = accuracy_score(y_val.values, y val pred)
val_hamming_loss = hamming_loss(y_val.values, y _val pred)

# 1 2 5T 2
plot learning curve(model, "Learning Curve for MultinomialNB Model", X train new, y train new, cv=>5)

# AENAEE

y test pred = model.predict(X test)

test_accuracy = accuracy_score(y_test multi.values, y_test pred)
test hamming loss = hamming loss(y test multi.values, y test pred)

# IS HO score 2R 1) 3T 28
results = model.cv_results

params = results['params']

means = results['mean_test score'|

stds = results['std_test score']

plt.figure(figsize=(10, 6))

for param, mean_score, std_score in zip(params, means, stds):
plt.errorbar(str(param|'estimator__alpha'|), mean score, yerr=std score, fmt='0")

plt.xlabel("Alpha')

plt.ylabel('Mean Score')

plt.title('Alpha vs. Mean Score')

plt.show()

# 2 RS SCIRAIE ) 25 R ) #4 1#

scores matrix = means.reshape(len(param grid['estimator alpha'l), 1)
sns.heatmap(scores matrix, annot=True, fmt=".3f", xticklabels=['Mean Score',
yticklabels=param grid['estimator _alpha'|, cmap="Blues")

plt.xlabel('Mean Score')

plt.ylabel("Alpha’)

plt.title('Grid Search CV Results Heatmap')

plt.show()

print("Validation set accuracy: ", val accuracy)
print("Validation set Hamming loss: ", val hamming loss)
print("Test set accuracy: ", test accuracy)

print("Test set Hamming loss: ", test hamming loss)
print("Best parameters from grid search: ", model.best params )

“ BEHLARAR 7

from sklearn.ensemble import RandomForestClassifier

from sklearn.model_selection import train_test split, GridSearchCV
from sklearn.metrics import accuracy score, hamming_loss

from sklearn.multioutput import MultiOutputClassifier

from tqdm.notebook import tqdm, trange

import seaborn as sns

import matplotlib.pyplot as plt
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# W& y_train_multi f1y test multi FALELE NaN {H
y train multi =y train multi.fillna(0)
y_test multi =y test multi.fillna(0)

# 8 SCHENUARMRSE I FoRe 03 0 22 a7 25 25
base _model = RandomForestClassifier()
multi_model = MultiOutputClassifier(base_model)

# WESH M

param_grid = {
'estimator__n_estimators': [50, 100, 150],
'estimator _max_depth": [5, 10, 15]

It
s

# {1 H GridSearchCV #HTMI 2, H X E verbose 248 0, LATE tqdm A itk
grid_search = GridSearchCV(multi_model, param_grid, cv=5, verbose=0)
model = grid search

# TEHTIIIZREE LIl GRS it

for in tqdm(range(model.cv * len(param grid['estimator _n_estimators']) *

len(param_grid|['estimator _max_depth'])), desc="Training", unit="folds"):
model.fit(X train new, y train new)

# FERIESE BT

y_val pred = model.predict(X val)

val accuracy = accuracy_score(y_val.values, y_val pred)

val hamming loss = hamming loss(y val.values, y val pred)

# 1 2 ST i 2
plot learning curve(model, "Learning Curve for RandomForest Model", X train new, y train new, cv=5)

# FEI A IR

y_test pred = model.predict(X test)

test accuracy = accuracy_score(y_test multi.values, y test pred)
test_hamming loss = hamming_loss(y_test multi.values, y test pred)

# A ZH score I
results = model.cv_results
params = results|'params'|

means = results['mean_test_score'|
stds = results['std_test score']

# 2] n_estimators T2k K
plt.figure(figsize=(10, 6))
for param, mean_score, std_score in zip(params, means, stds):

if 'estimator _n_estimators' in param:

plt.errorbar(param|'estimator _n_estimators'|, mean score, yerr=std score, fmt='0")

plt.xlabel("Number of Estimators')
plt.ylabel('Mean Score')
plt.title('"Number of Estimators vs. Mean Score')

plt.show()

# A
scores matrix = means.reshape(len(param_grid['estimator _max_depth']),
len(param grid['estimator _n_estimators'|))
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sns.heatmap(scores matrix, annot=True, fmt=".3f", xticklabels=param grid['estimator n estimators'],
yticklabels=param grid['estimator _max_depth'|, cmap="Blues")

plt.xlabel('Number of Estimators')

plt.ylabel('Max Depth')

plt.title('Grid Search CV Results Heatmap')

plt.show()

print("Validation set accuracy: ", val accuracy)
print("Validation set Hamming loss: ", val hamming loss)
print("Test set accuracy: ", test accuracy)

print("Test set Hamming loss: ", test hamming loss)
print("Best parameters from grid search: ", model.best params )

13

GradientBoosting
from sklearn.ensemble import GradientBoostingClassifier

from sklearn.model_selection import train_test split, GridSearchCV
from sklearn.metrics import accuracy score, hamming_loss

from sklearn.multioutput import MultiOutputClassifier

from tqdm.notebook import tqdm, trange

import seaborn as sns

import matplotlib.pyplot as plt

# Wfx y train multi fly test multi FFAAFLE NaN fH
y_train_multi =y_train_multi.fillna(0)
y test multi=y test multi.fillna(0)

# 7€ X GradientBoostingClassifier #7 Jf-44 AL S 9 24 73 2K 8%
base_model = GradientBoostingClassifier()
multi_model = MultiOutputClassifier(base_model)

# WEZSEI
param grid = {
'estimator__n_estimators': [50, 100, 150],

'estimator__learning_rate': [0.01, 0.1, 0.5],
)
s

# {1 GridSearchCV AT M2, H X E verbose Z#4 0, LALE tqdm A Eowidk B
grid search = GridSearchCV(multi model, param grid, cv=>5, verbose=0, scoring='accuracy')
model = grid_search

# TERTIIIZREE BN SRR I s i

for in tqdm(range(model.cv * len(param_grid['estimator _n_estimators']) *

len(param grid['estimator learning rate'|)), desc="Training", unit="folds"):
model.fit(X_train, y_train_multi)

# (EREER BT

y_val pred = model.predict(X _test)

val accuracy = accuracy score(y test multi.values, y val pred)
val_hamming_loss = hamming_loss(y_test multi.values, y_val pred)

# ] il 2
plot learning curve(model, "Learning Curve for GBDT Model", X train, y train multi, cv=5)

# RN AR
y test pred = model.predict(X test)
test_accuracy = accuracy_score(y_test multi.values, y_test pred)
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test hamming loss = hamming loss(y test multi.values, y test pred)

# 2SO score B RZM A HT 26 K
results = model.cv_results

params = results['params']

means = results['mean_test score'|

stds = results['std_test score']

plt.figure(figsize=(10, 6))

for param, mean_score, std_score in zip(params, means, stds):
plt.errorbar(str(param|'estimator _n_estimators'|), mean score, yerr=std score, fmt="0")

plt.xlabel('n_estimators')

plt.ylabel('Mean Score')

plt.title('n_estimators vs. Mean Score')

plt.show()

# 2 RS SCIRAIE ) 25 R i)+  1#

scores matrix = means.reshape(len(param grid['estimator n_estimators']),
len(param_grid|['estimator__learning_rate']))

sns.heatmap(scores matrix, annot=True, fmt=".3f", xticklabels=param grid['estimator__learning_rate'|,
yticklabels=param grid['estimator n_estimators'], cmap="Blues")

plt.xlabel('Learning Rate')

plt.ylabel('n_estimators')

plt.title('Grid Search CV Results Heatmap')

plt.show()

print("Validation set accuracy: ", val accuracy)
print("Validation set Hamming loss: ", val hamming loss)
print("Test set accuracy: ", test accuracy)

print("Test set Hamming loss: ", test hamming loss)
print("Best parameters from grid search: ", model.best params )

“ AdaBoost ”
from sklearn.ensemble import AdaBoostClassifier

from sklearn.model_selection import train_test split, GridSearchCV

from sklearn.metrics import accuracy score, hamming_loss

from sklearn.multioutput import MultiOutputClassifier

from tqdm.notebook import tqdm, trange

import seaborn as sns

import matplotlib.pyplot as plt

# Wfx y train multi fly test multi 1 AAF1E NaN fH
y_train_multi =y_train_multi.fillna(0)
y_test multi =y test multi.fillna(0)

# & X AdaBoost fM IFH HALR Ny 24t 7 6%
base_model = AdaBoostClassifier()
multi_model = MultiOutputClassifier(base_model)

# WEZSEI
param_grid = {
'estimator__n_estimators': [50, 100, 150],

'estimator__learning_rate': [0.01, 0.05, 0.1, 0.5, 1]
1
§

# {1 H GridSearchCV AT MR, FH X E verbose ZH4 0, LALE tqdm A Eowidk B
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grid search = GridSearchCV(multi model, param grid, cv=5, verbose=0)
model = grid_search

# TR I ZRSE B B Rk

for in tqdm(range(model.cv * len(param_grid['estimator _n_estimators'|) *

len(param grid['estimator _learning rate'|)), desc="Training", unit="folds"):
model.fit(X train new, y_train_new)

# (ERIEER BT

y_val pred = model.predict(X val)

val accuracy = accuracy score(y val.values,y val pred) # {3 SR HERHRIPAEAEAY MERE

val hamming loss = hamming loss(y val.values,y val pred) # {#H Hamming 35 2 R 0¥ At 15 78 4 g

# 1 2 5T 2
plot learning curve(model, "Learning Curve for AdaBoost Model", X train new, y train new, cv=>5)

# FENASE B

y test pred = model.predict(X test)

test_accuracy = accuracy score(y test multi.values, y test pred) # {3 SRHER M RIPAEAER MERE
test hamming loss = hamming_loss(y test multi.values, y test pred) # {#F Hamming 35 5 R 1Tk #
R R

# 22 HOT score FF2
results = model.cv_results
params = results['params']

means = results['mean_test score'|
stds = results['std_test score']

for param, mean_score, std score in zip(params, means, stds):
plt.errorbar(str(param), mean_score, yerr=std_score, fmt="0')

plt.xlabel('Parameters')
plt.ylabel('Mean Score')
plt.title("Parameters vs. Mean Score')
plt.show()

# 2 AE SCRRAIE ) 25 R i) #4 1

scores matrix = means.reshape(len(param grid['estimator learning rate'l),

len(param_grid['estimator _n_estimators'|))

sns.heatmap(scores matrix, annot=True, fmt=".3f", xticklabels=param grid['estimator _n_estimators'],
yticklabels=param grid['estimator _learning_rate'|, cmap="Blues")

plt.xlabel('Number of Estimators')

plt.ylabel('Learning Rate'")

plt.title('Grid Search CV Results Heatmap')

plt.show()

print("Validation set accuracy: ", val accuracy)
print("Validation set Hamming loss: ", val hamming loss)
print("Test set accuracy: ", test _accuracy)

print("Test set Hamming loss: ", test hamming loss)
print("Best parameters from grid search: ", model.best params )

«“ XGBoost ”
import xgboost as xgb
from xgboost import XGBClassifier
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from sklearn.multioutput import MultiOutputClassifier
from sklearn.model selection import GridSearchCV

from sklearn.metrics import accuracy score, hamming loss
from tqdm.notebook import tqdm, trange

import seaborn as sns

import matplotlib.pyplot as plt

# Wifx y train multi A1y test multi FFAAF1E NaN fH
y train multi =y train multi.fillna(0)
y_test multi =y test multi.fillna(0)

# ] XGBClassifier, J:JF /5 GPU ik
base model = XGBClassifier(tree_method='gpu_hist', predictor="'gpu_predictor')
multi_model = MultiOutputClassifier(base_model)

# WE S

param_grid = {
'estimator__learning_rate': [0.01, 0.1, 0.5],
'estimator _max_depth": [3, 6, 9],

'estimator__n_estimators': [50, 100]
v
s

grid search = GridSearchCV(multi model, param grid, cv=>5, verbose=0, scoring='accuracy')

# f1H tqdm.notebook K & 7~ Il Zrid 7%
total iterations = len(param_grid['estimator _learning_rate'|) * len(param_grid['estimator _max_depth']) *
len(param grid|['estimator _n_estimators'|) * grid search.cv
for in tqdm(range(total iterations), desc="Training", unit="folds"):
grid_search.fit(X train, y train_multi)

#

y_val pred = grid search.predict(X_test)

val accuracy = accuracy score(y test multi.values, y val pred)
val_hamming_loss = hamming_loss(y_test multi.values, y_val pred)

# o ] il 2
plot learning curve(grid search, "Learning Curve for XGBoost Model", X train, y train multi, cv=5)

# IS B0 score 2R 1) 3T 26
results = grid_search.cv_results

params = results['params']

means = results['mean_test_score'|

stds = results|'std_test score']

plt.figure(figsize=(10, 6))

for param, mean_score, std_score in zip(params, means, stds):
plt.errorbar(str(param['estimator__learning_rate'|), mean score, yerr=std score, fmt='0")

plt.xlabel('Learning Rate'")

plt.ylabel('Mean Score')

plt.title('Learning Rate vs. Mean Score')

plt.show()

# 2 A2 SCRAIE I 25 SR K 1B

scores matrix = means.reshape(len(param_grid['estimator _learning_rate']),

len(param grid['estimator max_depth']))

sns.heatmap(scores matrix, annot=True, fmt=".3f", xticklabels=param grid['estimator__learning_rate'|,
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yticklabels=param grid['estimator max depth'], cmap="Blues")
plt.xlabel('Learning Rate'")

plt.ylabel('Max Depth')

plt.title('Grid Search CV Results Heatmap')

plt.show()

print("Validation set accuracy: ", val accuracy)
print("Validation set Hamming loss: ", val hamming loss)
print("Best parameters from grid search: ", grid search.best params )

“ BP FZE [ 2% ”
import torch

import torch.nn as nn

import torch.optim as optim

from sklearn.model selection import train_test split, GridSearchCV

from sklearn.metrics import accuracy score, hamming loss

from sklearn.multioutput import MultiOutputClassifier

from tqdm.notebook import tqdm, trange

import seaborn as sns

import matplotlib.pyplot as plt

# 52 3L BP P2 25 1R Y
class BPNN(nn.Module):
def init_ (self, input_dim, hidden_dim, output _dim):
super(BPNN, self). _init_ ()
self.fcl = nn.Linear(input dim, hidden dim)
self.fc2 = nn.Linear(hidden_dim, output_dim)
self.sigmoid = nn.Sigmoid()

def forward(self, x):
x = self.fcl(x)
x = self.sigmoid(x)
x = self.fc2(x)
return x

# € X PyTorch BB 2%, L5 scikit-learn FE45
class PyTorchClassifier:
def init  (self, model, criterion, optimizer, epochs=10, device='cuda'):

self.model = model.to(device)
self.criterion = criterion
self.optimizer = optimizer
self.epochs = epochs
self.device = device

def get params(self, deep=True):
return {"model": self.model, "criterion": self.criterion, "optimizer": self.optimizer, "epochs":
self.epochs, "device": self.device}

def set params(self, **parameters):
for parameter, value in parameters.items():
setattr(self, parameter, value)
return self

def fit(self, X, y):
X _tensor = torch.tensor(X.values, dtype=torch.float32).to(self.device)
y_tensor = torch.tensor(y.values, dtype=torch.float32).to(self.device)
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for epoch in trange(self.epochs, desc="Training"):
self.optimizer.zero _grad()
outputs = self.model(X_tensor)
loss = self.criterion(outputs, y tensor)
loss.backward()
self.optimizer.step()

return self

def predict(self, X):
X_tensor = torch.tensor(X.values, dtype=torch.float32).to(self.device)
with torch.no_grad():
outputs = self.model(X tensor)
return (outputs > 0.5).int().cpu().numpy()

def score(self, X, y):
y_pred = self.predict(X)
return accuracy score(y, y_pred)

# WEBS I
param_grid = {
'hidden_dim": [32, 64, 128],
Ir': [0.001, 0.01, 0.1]

It
s

best score =0
best params = None
results =[]

# I RS 2R
for hidden dim in param grid['hidden_dim'|:
for Ir in param grid['lr']:
model = BPNN(X _train.shape[1], hidden dim, y_train_multi.shape[1])
criterion = nn.BCEWithLogitsLoss()
optimizer = optim.Adam(model.parameters(), Ir=Ir)
classifier = PyTorchClassifier(model, criterion, optimizer, epochs=10)
classifier.fit(X train, y train_multi)
y val pred = classifier.predict(X val)
score = accuracy_score(y_val.values, y val pred)
results.append({
'hidden dim': hidden dim,
Ir': Ir,
'accuracy': score
1)
if score > best_score:
best score = score
best params = {'hidden_dim': hidden dim, 'Ir": Ir}

# il &l

results_df = pd.DataFrame(results)

plt.figure(figsize=(12, 6))

for hidden dim in param grid['hidden_dim'|:
subset = results dffresults df[’hidden_dim'] == hidden dim]
plt.plot(subset['lr'], subset['accuracy'], '-0', label=f'Hidden Dim: {hidden dim}")

plt.xlabel('Learning Rate'")

plt.ylabel("Accuracy")

plt.legend()

plt.title('Accuracy vs. Learning Rate for different Hidden Dimensions')
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plt.show()

# 2l

heatmap data = results df pivot(index="hidden_dim", columns="Ir", values="accuracy")
sns.heatmap(heatmap data, annot=True, cmap="Blues")

plt.title('Grid Search CV Results Heatmap')

plt.show()

# o ] il 2

best_ model = BPNN(X_train.shape[1], best params[‘hidden_dim'], y train_multi.shape[1])

best criterion = nn.BCEWithLogitsLoss()

best_optimizer = optim.Adam(best_model.parameters(), Ir=best_params|['lr'])

best_classifier = PyTorchClassifier(best model, best criterion, best_optimizer, epochs=10)

plot learning curve(best classifier, "Learning Curve for BPNN Model", X train, y train multi, cv=>5)

# RN SR 0

y test pred = best classifier.predict(X _test)

test_accuracy = accuracy_score(y_test multi.values, y_test pred)
test hamming loss = hamming loss(y test multi.values, y test pred)

print("Validation set accuracy: ", best score)
print("Test set accuracy: ", test _accuracy)

print("Test set Hamming loss: ", test hamming loss)
print("Best parameters from grid search: ", best params)

“ CNN i
import torch

from torch import nn, optim

from torch.utils.data import TensorDataset, DataLoader

from tqdm.notebook import tqdm

import numpy as np

import matplotlib.pyplot as plt

# 8 LA I LAY
class BPNN(nn.Module):
def init (self, input size, output size):
super(BPNN, self). _init_ ()
self.fc = nn.Sequential(
nn.Linear(input_size, 256),
nn.ReLU(),
nn.Dropout(0.5),
nn.Linear(256, 128),
nn.ReLU(),
nn.Dropout(0.5),
nn.Linear(128, 64),
nn.ReLU(),
nn.Dropout(0.5),
nn.Linear(64, 32),
nn.ReLU(),
nn.Dropout(0.5),
nn.Linear(32, output_size)

)

def forward(self, x):
return self.fc(x)
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device = torch.device("cuda" if torch.cuda.is_available() else "cpu")
model = BPNN(X _train.shape[1], 21).to(device) # 21 ™4y 255

#E XK R B2
criterion = nn.BCEWithLogitsLoss()
optimizer = optim.Adam(model.parameters(), Ir=0.01)

# B AR K £ torch. Tensor JF52 2 BN ¥ % b

X _train_tensor = torch.from numpy(X train.values).float().to(device)

y train_tensor = torch.from numpy(y train multi.values).float().to(device)
X test tensor = torch.from_numpy(X_test.values).float().to(device)

y_test tensor = torch.from numpy(y_test multi.values).float().to(device)

# QIR A

train data = TensorDataset(X train tensor, y train tensor)
train_loader = DatalLoader(train data, batch_size=32, shuffle=True)

# IR
model.train()
train_losses =[]
test_losses =[]

# fFH tqdm Eonik %
for epoch in tqdm(range(100), desc="Epochs"): # EEHERIRECH 100 Kk
running_loss =0
for 1, data in enumerate(tqdm(train_loader, desc=f"Epoch {epoch + 1} Training", leave=False)):
inputs, labels = data
optimizerizero, grad()

outputs = model(inputs)

loss = criterion(outputs, labels)
loss.backward()
optimizer.step()

running_loss += loss.item()

else:
test loss =0
accuracy =0

# Turn off gradients for validation, saves memory and computations
with torch.no_grad():

model.eval()

predictions = model(X_test tensor)

test_loss += criterion(predictions, y_test tensor)

# I sigmoid BREURH 1 80y 0-1 22 10], SRJE KL 5 0.5 HEAT U DAAS 21 i 24 1) Tl
o
predicted labels = torch.sigmoid(predictions) > 0.5

accuracy = (predicted labels ==y test tensor).float().mean()
model.train()
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train_losses.append(running_loss / len(train_loader))
test_losses.append(test loss.item())

print("\nEpoch: {}/100.. ".format(epoch + 1),
"Training Loss: {:.3f}.. ".format(running loss / len(train loader)),
"Test Loss: {:.3f}.. ".format(test loss),
"Test Accuracy: {:.3f}".format(accuracy))

# 2l SR R b A 5 2K ith 2k

plt.figure(figsize=(10, 7))

plt.grid(True, which="both", Is="--", ¢='0.65") # N 5 M
plt.plot(train_losses, label='"Training loss')

plt.plot(test losses, label="Validation loss')
plt.legend(frameon=False)

plt.xlabel("Epochs')

plt.ylabel('Loss')

plt.title('Training and Validation Loss over Epochs')

plt.show()

- CNN

import torch

from torch import nn, optim

from torch.utils.data import TensorDataset, DataLoader

from tqdm.notebook import tqdm  # f§F tqdm ) notebook hix 4%

# 52 3 CNN
class CNN(nn.Module):
def init_ (self, input size, num classes):
super(CNN, self). _init ()
self.convl = nn.Sequential(
nn.Convl1d(1, 32, kernel size=3, stride=1, padding=1),
nn.ReLU(),
nn.MaxPoolld(kernel size=2)
)
self.conv2 = nn.Sequential(
nn.Conv1d(32, 64, kernel_size=3, stride=1, padding=1),
nn.ReLU(),
nn.MaxPoolld(kernel size=2)
)
self.conv3 = nn.Sequential(
nn.Conv1d(64, 128, kernel size=3, stride=1, padding=1),
nn.ReLU(),
nn.MaxPoolld(kernel size=2)

self.fcl = nn.Linear(int(input_size / 8) * 128, 512)
self.fc2 = nn.Linear(512, num_classes)

def forward(self, x):
x = x.unsqueeze(1)
out = self.conv1(x)
out = self.conv2(out)
out = self.conv3(out)
out = out.view(out.size(0), -1)
out = self.fc1(out)
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out = self.fc2(out)
return out

# P s 4y PyTorch Tensor

X _train_tensor = torch.FloatTensor(X train.values).to(device)
y_train_tensor = torch.FloatTensor(y_train_multi.values).to(device)
X _test_tensor = torch.FloatTensor(X test.values).to(device)

y_test tensor = torch.FloatTensor(y test multi.values).to(device)

# 1 H DataLoader 3} 2% %47

batch_size = 32

train_dataset = TensorDataset(X train_tensor, y_train_tensor)

train_loader = DatalLoader(train _dataset, shuffle=True, batch_size=batch size)

device = torch.device("cuda" if torch.cuda.is_available() else "cpu")

num classes =21 #20 > APP 2851 1 /™ unknown 2% 7l
model = CNN(X_train.shape[1], num_classes).to(device)

# 58 AR BN AL 2%
criterion = nn.BCEWithLogitsLoss() # {H BCEWithLogitsLoss {FE 45 2k pRi%L
optimizer = optim.Adam(model.parameters(), Ir=0.01)

# YIZRp Y
model.train()
train_losses =[]
test_losses =[]

# i tqdm Sk &Rt E
for epoch in tqdm(range(100), desc="Epochs"):
running loss =0
for i, data in enumerate(train_loader, 0):
inputs, labels = data
optimizer.zero_grad()

outputs = model(inputs)
loss = criterion(outputs, labels)
loss.backward()

optimizer.step()

running loss += loss.item()
else:

test loss =0

accuracy =0

# Turn off gradients for validation, saves memory and computations
with torch.no grad():

model.eval()

predictions = model(X_test_tensor)

test_loss += criterion(predictions, y_test tensor)

accuracy = ((predictions > 0.5) ==y _test_tensor.byte()).float().mean()

model.train()
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train_losses.append(running loss / len(train loader))
test losses.append(test loss.item())

print("Epoch: {}/{}.. ".format(epoch + 1, 100),
"Training Loss: {:.3f}.. ".format(running loss / len(train loader)),
"Test Loss: {:.3f}.. ".format(test loss),
"Test Accuracy: {:.3f}".format(accuracy))

# 2GR B b 4 2k it 4

plt.figure(figsize=(10, 7))

plt.plot(train_losses, label='"Training loss', color="blue")
plt.plot(test losses, label="Validation loss', color="red")
plt.legend(frameon=True, fontsize=14)

plt.grid(True, which="both", linestyle="--', linewidth=0.5)
plt.xlabel("Epochs', fontsize=14)

plt.ylabel('Loss', fontsize=14)

plt.title('Training and Validation Loss over Epochs', fontsize=16)
plt.show()

“ GRU

ER]

import torch

from torch import nn

from torch.optim import Adam

from torch.utils.data import Dataloader, TensorDataset, random_split
from sklearn.metrics import accuracy score

import matplotlib.pyplot as plt

from tqdm.notebook import tqdm

# HAEF% A Tensor

X _train_tensor = torch.FloatTensor(X train.values)
y_train_tensor = torch.FloatTensor(y_train_multi.values)
X test_tensor = torch.FloatTensor(X test.values)

y_test tensor = torch.FloatTensor(y_test multi.values)

# K IR N 2805 73 I SRR AN IR AIE 4R

train_size = int(0.8 * len(X train_tensor))

val size =len(X train tensor) - train size

train_dataset, val_dataset = random_split(TensorDataset(X train tensor, y train_tensor), [train_size,
val_size])

test_dataset = TensorDataset(X test tensor, y test tensor)
train_loader = DatalLoader(train _dataset, batch_size=32, shuffle=True)
val_loader = DatalLoader(val dataset, batch_size=32)

test_loader = Dataloader(test dataset, batch_size=32)

# AR E

device = torch.device("cuda" if torch.cuda.is_available() else "cpu")

class LSTMModel(nn.Module):
def init_(self, input_dim, hidden_dim, layer dim, output dim):
super(LSTMModel, self). init ()
self. hidden_dim = hidden_dim
self.layer dim = layer dim
self.Istm = nn.LSTM(input dim, hidden dim, layer dim, batch_first=True)
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self.fc = nn.Linear(hidden dim, output dim)

def forward(self, x):
hO = torch.zeros(self.layer dim, x.size(0), self hidden dim).to(device)
c0 = torch.zeros(self.layer dim, x.size(0), self.hidden_dim).to(device)
out, (hn, cn) = self.Istm(x, (h0, c0))
out = torch.sigmoid(self.fc(out[:, -1, :]))
return out

input_dim = X_train_tensor.shape[1]
hidden dim =100 # 340k 56 4E 5
layer dim=3 # H4hNE%L

output dim =21 # & 21 N5

model = LSTMModel(input_dim, hidden dim, layer dim, output dim).to(device)
criterion = nn.BCEWithLogitsLoss()
optimizer = Adam(model.parameters(), Ir=0.001)

num_epochs =100  # HRIEAIKREL
train_loss =[]

val loss =]

accuracy_list =[]

for epoch in range(num_epochs):
model.train()
epoch_train_loss =0
for i, (features, labels) in enumerate(tqdm(train loader, desc=f"Epoch {epoch + 1}")):
features = features.unsqueeze(1).to(device)
labels = labels.to(device)
optimizer,zero_grad()
outputs = model(features)
loss = criterion(outputs, labels)
loss.backward()
optimizer.step()
epoch_train_loss += loss.item()
train_loss.append(epoch_train_loss / len(train_loader))

model.eval()

epoch val loss =0

with torch.no grad():

for features, labels in val loader:

features = features.unsqueeze(1).to(device)
labels = labels.to(device)
outputs = model(features)
loss = criterion(outputs, labels)
epoch val loss += loss.item()

val_loss.append(epoch_val loss / len(val loader))

y_pred =[]
y true =[]
with torch.no_grad():
for features, labels in test loader:
features = features.unsqueeze(1).to(device)
labels = labels.to(device)
outputs = model(features)
predicted = (outputs > 0.5).int()
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y_pred.extend(predicted.cpu().numpy())
y_true.extend(labels.cpu().numpy())

accuracy = accuracy score(np.array(y true).flatten(), np.array(y pred).flatten())
accuracy_list.append(accuracy)
print(
fEpoch: {epoch + 1}, Train Loss: {train loss[-1]:.4f}, Val Loss: {val loss[-1]:.4f}, Accuracy:
{accuracy:.4f}")

# LA R IR FEE 1) AR A,
plt.figure(figsize=(12, 6))

plt.subplot(1, 2, 1)

plt.plot(train_loss, label="Train Loss")
plt.plot(val loss, label="Validation Loss")
plt.xlabel("Epoch")

plt.ylabel("Loss")

plt.legend()

plt.grid(True, linestyle='--', alpha=0.7)
plt.subplot(1, 2, 2)

plt.plot(accuracy list, label="Test Accuracy")
plt.xlabel("Epoch")
plt.ylabel("Accuracy")

plt.grid(True, linestyle='--', alpha=0.7)
plt.legend()

plt.show()

13 99

Transformer
import torch

import torch.nn as nn

import torch.optim as optim

from sklearn.model| selection import train_test split, GridSearchCV
from sklearn.metrics import accuracy score, hamming_loss

from sklearn.multioutput import MultiOutputClassifier

from tqdm.notebook import tqdm, trange

import seaborn as sns

import matplotlib.pyplot as plt

# 52 3L BP HPZE M 25 AR Y
class BPNN(nn.Module):
def init_ (self, input_dim, hidden_dim, output _dim):
super(BPNN, self). _init_ ()
self.fc1 = nn.Linear(input_dim, hidden_dim)
self.fc2 = nn.Linear(hidden dim, output dim)
self.sigmoid = nn.Sigmoid()

def forward(self, x):
x = self.fcl(x)
x = self.sigmoid(x)
x = self.fc2(x)
return x

# € X PyTorch S eds, L scikit-learn FE4F
class PyTorchClassifier:
def init  (self, model, criterion, optimizer, epochs=10, device='cuda'):
self.model = model.to(device)
self.criterion = criterion
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self.optimizer = optimizer
self.epochs = epochs
self.device = device

def get params(self, deep=True):
return {"model": self.model, "criterion": self.criterion, "optimizer": self.optimizer, "epochs":
self.epochs, "device": self.device}

def set params(self, **parameters):
for parameter, value in parameters.items():
setattr(self, parameter, value)
return self

def fit(self, X, y):
X _tensor = torch.tensor(X.values, dtype=torch.float32).to(self.device)
y_tensor = torch.tensor(y.values, dtype=torch.float32).to(self.device)
for epoch in trange(self.epochs, desc="Training"):
self.optimizer.zero _grad()
outputs = self.model(X_tensor)
loss = self.criterion(outputs, y tensor)
loss.backward()
self.optimizer.step()
return self

def predict(self, X):
X_tensor = torch.tensor(X.values, dtype=torch.float32).to(self.device)
with torch.no grad():
outputs = self. model(X_tensor)
return (outputs > 0.5).int().cpu().numpy()

def score(self, X, y):
y_pred = self.predict(X)
return accuracy _score(y, y_pred)

# WEBSHIH
param_grid = {
'hidden_dim": [32, 64, 128],
Ir': [0.001, 0.01, 0.1]

It
s

best score =0
best params = None
results =[]

# A R
results =[] # M THEARBSHEHEHER

for hidden_dim in tqdm(param_grid['hidden_dim'], desc="Hidden Dim"): # i/ tqdm JE/RHSHIL R
BESE
for Ir in tqdm(param_grid['lr'], desc="Learning Rate", leave=False): # leave Z%(15 & N False, frfF

BEJE S AT AT

model = BPNN(X _train.shape[1], hidden dim, y train_multi.shape[1])

criterion = nn.BCEWithLogitsLoss()

optimizer = optim.Adam(model.parameters(), Ir=Ir)

classifier = PyTorchClassifier(model, criterion, optimizer, epochs=10)

classifier.fit(X train, y train multi)

y_val pred = classifier.predict(X val)
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score = accuracy_score(y_val.values, y val pred)
results.append({

'hidden_dim'": hidden dim,

Ir': Ir,

'accuracy': score

P
# Rl

results df = pd.DataFrame(results)

plt.figure(figsize=(12, 6))

for hidden dim in param grid['hidden_dim'|:
subset = results dffresults df[’hidden_dim'] == hidden dim]
plt.plot(subset['lr'], subset['accuracy'], '-0', label=f'Hidden Dim: {hidden dim}")

plt.xlabel('Learning Rate'")

plt.ylabel("Accuracy')

plt.legend()

plt.title('Accuracy vs. Learning Rate for different Hidden Dimensions')

plt.show()

# el T

heatmap data = results df pivot(index="hidden dim", columns="Ir", values="accuracy")
sns.heatmap(heatmap data, annot=True, cmap="Blues")

plt.title('Grid Search CV Results Heatmap')

plt.show()

# 1 2 5T 2

best model = BPNN(X_train.shape[1], best_params[‘hidden_dim'], y _train_multi.shape[1])

best criterion = nn.BCEWithLogitsLoss()

best optimizer = optim.Adam(best model.parameters(), lr=best params['lr'])

best classifier = PyTorchClassifier(best model, best criterion, best _optimizer, epochs=10)

plot learning curve(best classifier, "Learning Curve for BPNN Model", X train, y train multi, cv=5)

# LRI BT

y test pred = best classifier.predict(X _test)

test accuracy = accuracy score(y test multi.values, y test pred)
test hamming_loss = hamming_loss(y_test multi.values, y_test pred)

print("Validation set accuracy: ", best score)
print("Test set accuracy: ", test accuracy)

print("Test set Hamming loss: ", test hamming loss)
print("Best parameters from grid search: ", best params)

. 1 ”
“ R S T PR ”
import pandas as pd

import numpy as np

from glob import glob

# € R
app class path ="C:/Users Desktop/A/app_class.csv"
days data path ="C:/Users Desktop/A/day*.txt"

# EHL app 20 £
app class = pd.read csv(app class path, header=None, names=|"appid", "app_class"]|, dtype={"appid": str,
"app_class": str})
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# MR appid 51 & & R8T AP HUAT

app_class = app_class[app_class["appid"].str.isnumeric()]

# B R R LI 8 A

dtypes = {
"uid": str,
"appid": str,

n.n

"app_type": "category",
"start day": np.int8&,
"start_time": str,
"end day": np.int8,
"end time": str,
"duration": np.int32,
"up_flow": np.int32,
"down_ flow": np.int32,
}

data = pd.DataFrame() # #JUH1L—"N2% (% data DataFrame SKA7-fif & H 1 B s

chunk size = 500000 # #& & AN
selected uids =set() # Al CIEFEMIAH 1D

# WIARALESE 1 3P ds &

has_selected users = False

for file in glob(days_data path):
for chunk in pd.read csv(file, header=None, names=|"uid", "appid", "app_type", "start day",
"start_time",

"nn

"end day", "end time", "duration",

"up_flow", "down_flow"],
dtype=dtypes, chunksize=chunk size):

# WAL EAESE 2 A, WA RS PR £

if not has_selected users:
selected uids = set(chunk["uid"].sample(n=20000, replace=False))
has_selected users = True

# HORE O FERIH - ID A #dh
chunk = chunk[chunk["uid"].isin(selected uids)]

# MER appid 51 & R 87 AP HUAT

chunk = chunk[chunk["appid"].str.isnumeric()]

# 5 app_class #ATH I
chunk = pd.merge(chunk, app class, on="appid", how="left")

# 1B/ data DataFrame 7
data = pd.concat([data, chunk], ignore_index=True)

# BN AT
del chunk

# 5Bk duration. up_ flow A1 down_flow A 0 4T
data = data[(data["duration"| > 0) & (data["up flow"] > 0) & (data["down_ flow"| > 0)]

# BEREAMGE T O 58 KT
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data = data[data["duration"| >= 5]

# X ARSI H APP, AR H I ARIL A "unknown”
data|"app_class"| = data["app_class"].fillna("unknown")

# S o I R AR AR
train_data = data[data["start_day"| <= 15]
test data = data[data["start_day"] > 15]

# SRR H P AE I ZRER A A o (R ALE

agg funcs = {"duration": "sum"}

X_train = train_data.groupby(["uid", "app_class"]).agg(agg funcs).reset_index().pivot_table(index="uid",
columns="app_class", values="duration", aggfunc="sum").fillna(0)

X test = test_data.groupby(["uid", "app_class"]).agg(agg funcs).reset index().pivot_table(index="uid",
columns="app_class", values="duration", aggfunc="sum").fillna(0)

# TSRS AN i H P4 A I
X train /=15 # PURIIZRER 15 K
X test/=15  # FRIMAESR 15K

# H AR RN PN H A A
y_train = X _train.copy()
y test =X test.copy()

. 51 i 2 5 ”
import numpy as np

from sklearn.model selection import learning_curve

import matplotlib.pyplot as plt

import seaborn as sns

def ng curve(estimator, title, X, y, ylim=None, cv=None, n_jobs=1, train_sizes=np.linspace(.1,
1.0, 5)):

plt.figure(figsize=(12, 8)) # M RKEILR~F

plt.title(title, fontsize=20) # ¥ KAR A 748 B FAAFE R

if ylim is not None:

plt.ylim(*ylim)

plt.xlabel("Training examples", fontsize=16) # 34K X Jlihr 28 AR I: % B AR

plt.ylabel("Score", fontsize=16) # ¥ K Y Flibr2E 7RI 15 B FAAREE

train_sizes, train_scores, test_scores = learning_curve(estimator, X, y, cv=cv, n_jobs=n_jobs,
train_sizes=train_sizes)

train_scores mean = np.mean(train scores, axis=1)

train_scores std = np.std(train scores, axis=1)

test_scores mean = np.mean(test_scores, axis=1)

test_scores_std = np.std(test_scores, axis=1)

plt.grid(color="gray', linestyle="--', linewidth=0.5) # HFEMIKE LA, 270, 9/

plt.fill_between(train_sizes, train_scores_mean - train_scores_std, train_scores_mean +
train_scores std, alpha=0.1, color="r")

plt.fill between(train sizes, test scores mean - test scores std, test scores mean + test scores_std,
alpha=0.1, color="g")

plt.plot(train_sizes, train_scores mean, 'o-', color=sns.color palette("husl", 8)[3], label="Training
score", linewidth=3) # % 2L %

plt.plot(train_sizes, test_scores_mean, '0-', color=sns.color_palette("husl", 8)[4],
label="Cross-validation score", linewidth=3) # i%k v
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plt.legend(loc="best", fontsize=14) # 1K K| F] 744
plt.tight layout() # HINAETESE, (#ZIHAREEERX
plt.show()

« EmETE ”
from sklearn.linear model import LinearRegression

from sklearn.metrics import mean_squared_error

from tqdm.notebook import tqdm

from sklearn.model selection import KFold

# ] KFold #4722 XIRIE, FFAER NG tqdm RoxitE
kt'= KFold(n_splits=5, shuffle=True, random_state=42)

# PR

model = LinearRegression()

mse_scores = []
train_mse_scores = []

# fHH tqdm E/RIIZRIERE

for train_idx, val idx in tqdm(kf.split(X train), total=5, desc="Training model"):
X train_fold, X val fold = X train.iloc[train_idx], X train.iloc[val idx]
y train fold,y val fold =y train.iloc[train idx], y train.iloc[val idx]

model.fit(X train_fold, y train_fold)

preds_val = model.predict(X val fold)
mse val = mean squared error(y val fold, preds val, multioutput="raw_values')
mse_scores.append(mse_val)

preds_train = model.predict(X_train_fold)
mse train = mean squared error(y train fold, preds train, multioutput="raw values')
train mse scores.append(mse train)

# A P SRR R 2 ] 2 5T fh 26

plot learning curve(model, "Learning Curve (Linear Regression)", X train, y train, cv=kf, n_jobs=-1)

# 5T NMSE

avg mse = np.mean(mse_scores, axis=0)

y_mean = np.mean(y_train)

avg_nmse = np.sqrt(avg_mse) / np.sqrt(np.mean((y_train - y_mean.values)**2, axis=0))
avg nmse_overall = np.mean(avg_nmse)

print("Validation Average NMSE: ", avg nmse overall)

avg_train_mse = np.mean(train_mse_scores, axis=0)

avg train nmse = np.sqrt(avg train mse) / np.sqrt(np.mean((y train - y mean.values)**2, axis=0))
avg train_nmse_overall = np.mean(avg_train_nmse)

print("Training Average NMSE: ", avg train nmse overall)

# A BN 2R F B I R Y

model.fit(X train, y train)

# TSR I 15 NMSE
pred = model.predict(X_test)
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mse test = mean squared error(y test, pred, multioutput="raw_values')

y_test mean = np.mean(y_test)

nmse_test = np.sqrt(mse_test) / np.sqrt(np.mean((y_test - y_test mean.values)**2, axis=0))
nmse test overall = np.mean(nmse_test)

print("Test NMSE: ", nmse_test overall)

« Yz ”
from sklearn.linear model import Ridge

from sklearn.model selection import GridSearchCV

from sklearn.metrics import mean_squared_error

from tqdm.notebook import tqdm

from sklearn.model selection import KFold

import seaborn as sns

import matplotlib.pyplot as plt

# fi ] KFold #EATZZ XL, FFAERXINGRIEIET ] tqdm RoRPEEE
kf= KFold(n_splits=5, shuffle=True, random_state=42)

# WIAG S [E] Y
param_grid = {
'alpha': [0.001, 0.01, 0.1, 1, 10, 100, 1000] # 2 Hik FH L

}

ridge = Ridge()
model = GridSearchCV(ridge, param_grid, scoring='neg_mean_squared_error', cv=kf, n_jobs=-1,
return_train_score=True)

# 8T AL, BATAT EEAE tgdm R IR

model.fit(X train, y train)

# R S A

print("Best hyperparameters: ", model.best params )

# S HEY R R R 4R

plt.figure(figsize=(10, 5))

plt.semilogx(param grid['alpha'], -model.cv results ['mean_ test score']|, marker='0', label='Validation
Score', color="red')

plt.semilogx(param grid['alpha'], -model.cv results ['mean_train_score'|, marker='o', label='Training
Score', color="blue")

plt.xlabel("Alpha')

plt.ylabel('Mean Squared Error')

plt.title('Hyperparameter Search - Ridge Regression')

plt.legend()

plt.grid(True, which="both', linestyle='--', linewidth=0.5)

plt.show()

# A P I SRR R 2 ] 2 5T fh 26

plot learning curve(model, "Learning Curve (Ridge Regression)", X train, y train, cv=kf, n_jobs=-1)

# 5T NMSE

y_mean = np.mean(y_train.values)

avg mse = -model.best score

avg_nmse = np.sqrt(avg_mse) / np.sqrt(np.mean((y_train.values - y _mean)**2))
print("Validation Average NMSE: ", avg nmse)
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# A5 EEAS I 25 ER I R Y
model.fit(X_train, y_train)

# TN SR I T+ NMSE

pred = model.predict(X _test)

mse_test = mean_squared_error(y_test, pred)

y_test mean = np.mean(y_test.values)

nmse test =np.sqrt(mse test) / np.sqrt(np.mean((y test.values - y test mean)**2))
print("Test NMSE: ", nmse _test)

«“ LASSO ”
from sklearn.linear model import Lasso

from sklearn.model selection import GridSearchCV

from sklearn.metrics import mean squared error

from tqdm.notebook import tqdm

from sklearn.model selection import KFold

import seaborn as sns

import matplotlib.pyplot as plt

# 8] KFold AT XL, ARG tqdm Rt
kt'= KFold(n_splits=5, shuffle=True, random_state=42)

# WI4H1L Lasso H4Y ()8 2 %30 [
param grid = {
'alpha': [0.001, 0.01, 0.1, 1, 10, 100, 1000] # &S Hk A6

It
i)

lasso = Lasso()
model = GridSearchCV(lasso, param grid, scoring='neg mean_squared_error', cv=kf{, n_jobs=-1,
return_train_score=True)

# N T L, BATAR EEAE tgdm IR IR E

model.fit(X train, y train)

# it R AEERE S HL

print("Best hyperparameters: ", model.best params )

# S HEE R R R 4 A

plt.figure(figsize=(10, 5))

plt.semilogx(param grid['alpha'], -model.cv results ['mean_test score'|, marker='0', label='Validation
Score', color="red")

plt.semilogx(param grid['alpha'], -model.cv results ['mean_train_score'|, marker='o', label='Training
Score', color="blue")

plt.xlabel("Alpha")

plt.ylabel('Mean Squared Error')

plt.title('Hyperparameter Search - Lasso Regression')

plt.legend()

plt.grid(True, which="both', linestyle="--', linewidth=0.5)

plt.show()

# APV ZR AR R 2 ] 7 o) 26

plot learning curve(model, "Learning Curve (Lasso Regression)", X train, y train, cv=kf, n_jobs=-1)

# 15 P NMSE

y_mean = np.mean(y_train.values)
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avg mse = -model.best score
avg_nmse = np.sqrt(avg_mse) / np.sqrt(np.mean((y_train.values - y _mean)**2))
print("Validation Average NMSE: ", avg nmse)

# RN R I SR A

model.fit(X train, y train)

# TR I 5 NMSE

pred = model.predict(X _test)

mse_test = mean_squared_error(y_test, pred)

y test mean =np.mean(y test.values)

nmse_test = np.sqrt(mse_test) / np.sqrt(np.mean((y_test.values - y_test mean)**2))
print("Test NMSE: ", nmse_test)

« ElasticNet [A] 5
from sklearn.linear model import ElasticNet
from sklearn.metrics import mean_squared error
from sklearn.model selection import KFold, GridSearchCV
from tqdm.notebook import tqdm

import seaborn as sns

import matplotlib.pyplot as plt

# fH] KFold #ATZZ XL, FFAERXINGRIEIET A tqdm RoRPEEE
kf= KFold(n_splits=5, shuffle=True, random_state=42)

# % & ElasticNet 12 HL
params = {
'alpha': [0.001, 0.01, 0.1, 1, 10],
11 ratio: [0.1, 0.3, 0.5, 0.7, 0.9]
}

# i H GridSearchCV # & H £S5
model = ElasticNet(max_iter=5000) # T B H K kAR E LARH PR AR RS 8k

grid = GridSearchCV(model, params, scoring='neg_mean_squared_error', cv=kf, n_jobs=-1,

return_train_score=True,
verbose=1)

# N Gppii Y
grid.fit(X_train, y_train)

# PR R

results = grid.cv_results

# S HHY R ITL E

plt.figure(figsize=(12, 6))

for 11 ratio in params['l1_ratio']:
mask = (np.array(results['param 11 ratio'|.data, dtype=float) == 11 ratio)
mean_test scores = results['mean_test_score'|[mask]
plt.plot(params|['alpha'|, -mean_test scores, '-0', label=f'11_ratio={11 ratio}")

plt.xscale('log")

plt.xlabel("Alpha’)

plt.ylabel('Mean Test NMSE'")

plt.legend()

plt.title('Performance vs. Hyperparameters')
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plt.show()

# 2 S8 SRR AR T 1

scores matrix = -results['mean_test score'|.reshape(len(params|'l1_ratio']), len(params|'alpha'l))

plt.figure(figsize=(10, 6))

sns.heatmap(scores matrix, annot=True, fmt="5f, cmap="Y1GnBu', xticklabels=params|'alpha',
yticklabels=params|'ll1_ratio'])

plt.xlabel("Alpha')

plt.ylabel('L1 Ratio")

plt.title('Hyperparameters GridSearch Heatmap')

plt.show()

# A IR IR R 22 1) 27 3 it 2k

best model = grid.best estimator

plot learning curve(best model, "Learning Curve (ElasticNet Regression)", X train, y train, cv=kf,
n_jobs=-1)

# RN 2R I SR A

best model.fit(X train, y train)

# TR I 5 NMSE

pred = best model.predict(X test)

mse_test = mean_squared_error(y_test.sum(axis=1), pred.sum(axis=1))

y_test_ mean = np.mean(y_test.sum(axis=1))

nmse test =np.sqrt(mse test / np.mean((y test.sum(axis=1) - y test mean) ** 2))
print("Test NMSE: ", nmse_test)

« KNN ”
from sklearn.neighbors import KNeighborsRegressor

from sklearn.metrics import mean squared error

from sklearn.model selection import KFold, GridSearchCV

from tqdm.notebook import tqdm

import seaborn as sns

import matplotlib.pyplot as plt

# 8] KFold AT XL, ARG tqdm Rt
kt'= KFold(n_splits=5, shuffle=True, random_state=42)

# % & KNeighborsRegressor 12 il
params = {
'n_neighbors": [3,5,7,9, 11],
'weights': ['uniform’, 'distance']
§

# {3 GridSearchCV & 2%

model = KNeighborsRegressor()
grid = GridSearchCV(model, params, scoring='neg_mean_squared_error', cv=kf, n_jobs=-1,
return_train_score=True, verbose=1)

# N Gppi Y
grid.fit(X_train, y_train)

# IRENZ,

results = grid.cv_results
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# LS HHY R ITL E

plt.figure(figsize=(12, 6))

for weight in params|['weights'|:
mask = (np.array(results['param_weights'|.data) == weight)
mean test scores = results['mean test score'|[mask]
plt.plot(params['n_neighbors'|, -mean test scores, -0, label=f'weights={weight}")

plt.xlabel('Number of Neighbors')
plt.ylabel('Mean Test NMSE')

plt.legend()

plt.title("Performance vs. Hyperparameters')
plt.show()

# 2T SCIRAE B AT &

scores matrix = -results['mean_test score'|.reshape(len(params|'weights']), len(params|'n_neighbors']))

plt.figure(figsize=(10, 6))

sns.heatmap(scores matrix, annot=True, fmt="5f, cmap="Y1GnBu', xticklabels=params|'n neighbors'],
yticklabels=params|'weights'|)

plt.xlabel('"Number of Neighbors')

plt.ylabel("Weights')

plt.title('Hyperparameters GridSearch Heatmap')

plt.show()

# A I RIS TR 20 1) 2 3] il 2k
best model = grid.best estimator
plot learning curve(best model, "Learning Curve (KNN Regression)", X train, y train, cv=kf, n_jobs=-1)

# A5 BN UI 25 ER I R Y
best model.fit(X train, y train)

# TR I THE NMSE

pred = best model.predict(X test)

mse_test = mean_squared_error(y_test.sum(axis=1), pred.sum(axis=1))

y_test_ mean = np.mean(y_test.sum(axis=1))

nmse test =np.sqrt(mse test / np.mean((y test.sum(axis=1) - y test mean) ** 2))
print("Test NMSE: ", nmse _test)

“ [e] I R HE ”
from sklearn.tree import DecisionTreeRegressor

from sklearn.metrics import mean squared_error

from sklearn.model selection import KFold, GridSearchCV

from tqdm.notebook import tqdm_notebook as tqdm

import seaborn as sns

import matplotlib.pyplot as plt

# ¥ H KFold #4728 X 5ailk
kf= KFold(n_splits=5, shuffle=True, random_state=42)

# % & DecisionTreeRegressor S #7i H
params = {
'max_depth": [3, 5, 7, 10, None],
'min_samples_split': [2, 5, 10]

——
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# i H GridSearchCV # & H £S5
model = DecisionTreeRegressor(random_state=42)
grid = GridSearchCV(model, params, scoring='neg_mean_squared error', cv=kf, n_jobs=-1,
return_train_score=True,
verbose=1)

# AEH] tqdm ORI ZRid 72
with tqdm(total=len(params['max depth']) * len(params['min_samples split']) * kf.get n splits(),
desc="GridSearchCV") as pbar:
def (*args, **kwargs):
pbar.update(1)

# 1§ progress_callback B HTit &
grid. update progress = progress_callback

# YRR
grid.fit(X train, y train)

# REAE R
results = grid.cv_results

# S HEE R T K
plt.figure(figsize=(12, 6))
for depth in params['max_depth']:
mask = (np.array(results['param_max_depth'|.data) == depth)
mean_test scores = results['mean_test score'|[mask]
plt.plot(params['min_samples_split'], -mean test scores, '-0', label=f'max_depth={depth}")

plt.xlabel('Min Samples Split')
plt.ylabel('Mean Test NMSE'")

plt.legend()

plt.title('Performance vs. Hyperparameters')
plt.show()

# 2 AE SCIRAIE )34 &

scores matrix = -results['mean_test score'|.reshape(len(params['min_samples_split']),

len(params|'max_depth']))

plt.figure(figsize=(10, 6))

sns.heatmap(scores matrix, annot=True, fmt="5f, cmap="Y1GnBu', xticklabels=params['max depth'],
yticklabels=params|'min_samples_split'|)

plt.xlabel('Max Depth')

plt.ylabel('Min Samples Split')

plt.title('Hyperparameters GridSearch Heatmap')

plt.show()

# A I RIS TR 20 1) 2 3] il 2

best model = grid.best estimator

plot learning curve(best model, "Learning Curve (Decision Tree Regression)", X train, y train, cv=kf,
n_jobs=-1)

# RN 2R I SR A

best model.fit(X train, y train)

# TSR I 15 NMSE
pred = best model.predict(X _test)
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mse_test = mean_squared error(y test.sum(axis=1), pred.sum(axis=1))

y_test mean = np.mean(y_test.sum(axis=1))

nmse_test = np.sqrt(mse_test / np.mean((y_test.sum(axis=1) - y_test mean) ** 2))
print("Test NMSE: ", nmse test)

“ BEALARK ”

from sklearn.ensemble import RandomForestRegressor
from sklearn.metrics import mean squared error

from sklearn.model selection import KFold, ParameterGrid
import seaborn as sns

import matplotlib.pyplot as plt

from tqdm.notebook import tqdm notebook

# ] KFold #4722 XIS E
kt'= KFold(n_splits=5, shuffle=True, random_state=42)

# 1% B RandomForestRegressor )4 H

params = {
'n_estimators": [50, 100, 150],
'max_depth": [None, 10, 20, 30],
'min_samples_split": [2, 5, 10]

b

# WAL AR TR A il B R M B LR 4570
best model = None

best score = float("-inf")

all results =[]

# f#i [ tqdm_notebook &7~ 1)l &kt i
param_combinations = list(ParameterGrid(params))
for param_combination in tqdm_notebook(param_combinations, desc="Training..."):
model = RandomForestRegressor(**param combination, random_state=42)
scores = []
for train_idx, test_idx in kf.split(X_train):
model.fit(X train.iloc[train idx], y train.iloc[train idx])
score = model.score(X _train.iloc[test_idx], y_train.iloc[test idx])
scores.append(score)
mean_score = np.mean(scores)
all results.append(mean_score)

if mean_score > best_score:
best score = mean_score
best model = model

# S HEE R T K

# X B A IR n_estimators ZH0N 45 R, FONERITA SRR 2
plt.figure(figsize=(12, 6))

plt.plot(params['n_estimators'|, all results|:len(params['n_estimators'])], '-0'")
plt.xlabel("Number of Estimators')

plt.ylabel('Mean Test Score')

plt.title('Performance vs. Number of Estimators')

plt.show()

# A PV SRR R 2 ] 2 5T fh 26

plot learning curve(best model, "Learning Curve (Random Forest Regression)", X train, y train, cv=kf,
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n_jobs=-1)

# A EEAN I SR BT I A Y
best model.fit(X train, y train)

# TR AE R NMSE

pred = best model.predict(X _test)

mse_test = mean_squared error(y test.sum(axis=1), pred.sum(axis=1))

y_test mean = np.mean(y_test.sum(axis=1))

nmse_test = np.sqrt(mse_test / np.mean((y_test.sum(axis=1) - y_test mean) ** 2))
print("Test NMSE: ", nmse test)

“ AdaBoost ”
from sklearn.ensemble import AdaBoostRegressor

from sklearn.multioutput import MultiOutputRegressor

from sklearn.metrics import mean_squared_error

from sklearn.model selection import KFold, ParameterGrid

from tqdm.notebook import tqdm

import seaborn as sns

import matplotlib.pyplot as plt

# fif KFold #4738 XHiiE
kt'= KFold(n_splits=5, shuffle=True, random_state=42)

# BB AdaBoostRegressor [ Ul
params = {
'n_estimators': [50, 100, 200],
'learning_rate": [0.01, 0.1, 1]
}

# TR REESH
best score = float('inf")
best params = None
all scores =[]

param_grid = list(ParameterGrid(params))

with tqdm(total=len(param grid) * kf.get n splits(), desc="GridSearchCV") as pbar:
for param combination in param_grid:
fold scores =[]
for train_idx, test_idx in kf.split(X_train):
base model = AdaBoostRegressor(random_state=42, **param combination)

model = MultiOutputRegressor(base model) # ¥ AdaBoostRegressor 4.%% A2 it 7]

X train_fold, X test fold =X train.iloc[train_idx], X train.iloc[test idx]
y_train_fold, y_test fold =y train.iloc[train_idx], y_train.iloc[test idx]

model.fit(X_train fold, y train fold)
pred = model.predict(X test fold)

mse = mean_squared_error(y_test fold, pred)
fold scores.append(mse)

pbar.update(1)
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mean_score = np.mean(fold_scores)
all scores.append(mean_score)

if mean score < best score:
best score = mean_score
best params = param_combination

# 2T SCIRAE B AT &

scores matrix = np.array(all scores).reshape(len(params|'learning rate'|), len(params['n_estimators']))

plt.figure(figsize=(10, 6))

sns.heatmap(scores matrix, annot=True, fmt="5f", cmap="Y1GnBu', xticklabels=params|'n_estimators'],
yticklabels=params|'learning rate'])

plt.xlabel('n_estimators')

plt.ylabel('learning_rate')

plt.title('Hyperparameters GridSearch Heatmap')

plt.show()

# A N RIS R 22 1 27 3 it 2k

base best model = AdaBoostRegressor(random_state=42, **best params)

best model = MultiOutputRegressor(base best model)

plot learning curve(best model, "Learning Curve (AdaBoost Regression)", X train, y train, cv=kf,
n_jobs=-1)

# A5 BN U 25 ER I R Y
best model.fit(X train, y train)

# PR EE I 5 NMSE

pred = best model.predict(X test)

mse test = mean_squared error(y test.sum(axis=1), pred.sum(axis=1))

y_test_ mean = np.mean(y_test.sum(axis=1))

nmse_test = np.sqrt(mse_test / np.mean((y_test.sum(axis=1) - y_test_mean) ** 2))
print("Test NMSE: ", nmse_test)

« XGBoost ”
from sklearn.model selection import ParameterGrid

import xgboost as xgb

from sklearn.multioutput import MultiOutputRegressor

from sklearn.metrics import mean_squared_error

from sklearn.model selection import KFold

from tqdm.notebook import tqdm

import seaborn as sns

import matplotlib.pyplot as plt

# [ KFold #EAT2C XIGIE
kf= KFold(n_splits=5, shuffle=True, random_state=42)

# W'E XGBoost ) Z%iu [

params = {
'n_estimators": [50, 100, 200],
'learning_rate': [0.01, 0.1, 1],
'max_depth": [3, 6, 9]

}

# TR RRESH
best score = float('inf")
best params = None
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all scores =[]
param_grid = list(ParameterGrid(params))

with tqdm(total=len(param grid) * kf.get n_splits(), desc="GridSearchCV") as pbar:
for param_combination in param_grid:
fold scores =[]
for train_idx, test idx in kf.split(X train):
base model = xgb. XGBRegressor(objective="reg:squarederror', random_state=42,
*%*param_combination)
model = MultiOutputRegressor(base model) # ¥ XGBoost f1.3& 4 % i th [7] 5 2%

X train_fold, X test fold =X train.iloc[train_idx], X train.iloc[test idx]
y_train_fold, y_test fold =y train.iloc[train_idx], y_train.iloc[test idx]

model.fit(X train fold, y train fold)
pred = model.predict(X test fold)

mse = mean_squared_error(y_test fold, pred)
fold scores.append(mse)

pbar.update(1)

mean_score = np.mean(fold_scores)
all scores.append(mean_score)

if mean_score < best score:
best score = mean_score
best_params = param_combination

# 2| 22 SRR R T 1
scores matrix = np.array(all _scores).reshape(len(params|'learning_rate'|), len(params|['n_estimators']),
len(params|'max_depth'])).mean(axis=2)

plt.figure(figsize=(10, 6))

sns.heatmap(scores matrix, annot=True, fmt="5f", cmap="Y1GnBu', xticklabels=params|'n_estimators'],
yticklabels=params|'learning_rate'])

plt.xlabel('n_estimators')

plt.ylabel('learning_rate')

plt.title('Hyperparameters GridSearch Heatmap')

plt.show()

# A I RIS TR 22 1) 2 3] il 2

base best model = xgb.XGBRegressor(objective="reg:squarederror', random_state=42, **best params)
best model = MultiOutputRegressor(base_best model)

plot learning curve(best model, "Learning Curve (XGBoost Regression)", X train, y train, cv=kf,
n_jobs=-1)

# A EEAN N SRR BT I SR Y
best model.fit(X train, y_train)

# TR AE R T NMSE

pred = best model.predict(X _test)

mse_test = mean_squared_error(y_test.sum(axis=1), pred.sum(axis=1))

y_test_ mean = np.mean(y_test.sum(axis=1))

nmse test =np.sqrt(mse test / np.mean((y test.sum(axis=1) - y test mean) ** 2))
print("Test NMSE: ", nmse _test)
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13

CatBoost

from catboost import CatBoostRegressor

from sklearn.multioutput import MultiOutputRegressor
from sklearn.metrics import mean squared_error

from sklearn.model selection import KFold

from tqdm.notebook import tqdm

import seaborn as sns

import matplotlib.pyplot as plt

# ¥ H KFold #4728 X 5ailk
kf= KFold(n_splits=5, shuffle=True, random_state=42)

# W & CatBoostRegressor M S 4yt
params = {
'iterations": [500, 1000],
'learning_rate": [0.01, 0.1],
'depth'": [4, 6, 8]
§

# FEREESH
best score = float('inf")
best params = None
all scores =[]

param_grid = list(ParameterGrid(params))

with tqdm(total=len(param grid) * kf.get n_splits(), desc="GridSearchCV") as pbar:

for param combination in param_grid:
fold scores =[]
for train_idx, test _idx in kf.split(X_train):

base model = CatBoostRegressor(random_state=42, verbose=0, **param combination)
model = MultiOutputRegressor(base model) # 4 CatBoostRegressor .3 4 % i it [7] )

X train fold, X test fold =X train.iloc[train idx], X train.iloc[test idx]
y_train fold, y test fold =y train.iloc[train idx], y train.iloc[test idx]

model.fit(X train fold, y train fold)
pred = model.predict(X test fold)

mse = mean_squared_error(y_test fold, pred)

fold scores.append(mse)
pbar.update(1)

mean_score = np.mean(fold_scores)
all scores.append(mean_score)

if mean_score < best score:
best_score = mean_score
best params = param_combination

# 258 RAIE 3  ]

scores matrix = np.array(all _scores).reshape(len(params|'learning_rate']), len(params|'iterations'|),

plt.figure(figsize=(10, 6))
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sns.heatmap(scores matrix, annot=True, fmt="5f, cmap="Y1GnBu', xticklabels=params|'iterations'],
yticklabels=params|'learning_rate'])

plt.xlabel('iterations')

plt.ylabel('learning rate')

plt.title('Hyperparameters GridSearch Heatmap')

plt.show()

# A5 N ZR RO R 2 1] 2 > il 2

base best model = CatBoostRegressor(random_state=42, **best params, verbose=0)

best model = MultiOutputRegressor(base best model)

plot learning curve(best model, "Learning Curve (CatBoost Regression)", X train, y train, cv=kf,
n_jobs=-1)

# EF AR HH I R A

best model.fit(X train, y train)

# TINS5 NMSE

pred = best model.predict(X _test)

mse_test = mean_squared error(y test.sum(axis=1), pred.sum(axis=1))

y_test mean = np.mean(y_test.sum(axis=1))

nmse_test = np.sqrt(mse_test / np.mean((y_test.sum(axis=1) - y_test mean) ** 2))
print("Test NMSE: ", nmse_test)

13

GradientBoosting
from sklearn.ensemble import GradientBoostingRegressor
from sklearn.multioutput import MultiOutputRegressor
from sklearn.metrics import mean_squared_error

from sklearn.model selection import KFold, ParameterGrid
from tqdm.notebook import tqdm

import seaborn as sns

import matplotlib.pyplot as plt

# i f KFold #1738 XHiiE
kt'=KFold(n_splits=5, shuffle=True, random_state=42)

# 1BE GradientBoostingRegressor [1Z 417t
params = {
'n_estimators': [50, 100, 200],
'learning_rate": [0.01, 0.1, 1],
'max_depth": [3, 4, 5]
}

# TR RRESH
best score = float('inf")
best params = None
all scores =[]

param_grid = list(ParameterGrid(params))

with tqdm(total=len(param grid) * kf.get n splits(), desc="GridSearchCV") as pbar:
for param_combination in param_grid:
fold scores =[]
for train_idx, test idx in kf.split(X train):
base model = GradientBoostingRegressor(random_state=42, **param_combination)
model = MultiOutputRegressor(base model) # ¥ GradientBoostingRegressor %% %
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e L I U %

X train fold, X test fold =X train.iloc[train idx], X train.iloc[test idx]
y_train_fold, y_test fold =y train.iloc[train_idx], y_train.iloc[test idx]

model.fit(X train fold, y train fold)
pred = model.predict(X_test fold)

mse = mean_squared_error(y_test fold, pred)
fold scores.append(mse)

pbar.update(1)

mean_score = np.mean(fold_scores)
all scores.append(mean_score)

if mean_score < best_score:
best_score = mean_score
best params = param combination

# 2 AE SCBRAIE )34
scores matrix = np.array(all scores).reshape(len(params|'learning_rate'|), len(params|['n_estimators']),
len(params|'max_depth'])).mean(axis=2) # X T

=S, BAERX BALEEE 7R3 &

plt.figure(figsize=(10, 6))

sns.heatmap(scores matrix, annot=True, fmt="5f", cmap="Y1GnBu', xticklabels=params|'n_estimators'],
yticklabels=params|'learning_rate'|)

plt.xlabel('n_estimators')

plt.ylabel('learning_rate')

plt.title('Hyperparameters GridSearch Heatmap')

plt.show()

# A I RIS TR 22 1) 2 3] il 2

base best model = GradientBoostingRegressor(random_state=42, **best params)

best model = MultiOutputRegressor(base_best model)

plot learning curve(best model, "Learning Curve (GradientBoosting Regression)", X train, y train, cv=kf,
n_jobs=-1)

# A REA N SRR BT I SR Y
best model.fit(X train, y train)

# TR IR 1 5 NMSE

pred = best model.predict(X test)

mse test = mean_squared error(y test.sum(axis=1), pred.sum(axis=1))

y_test_ mean = np.mean(y_test.sum(axis=1))

nmse test =np.sqrt(mse test / np.mean((y test.sum(axis=1) - y test mean) ** 2))
print("Test NMSE: ", nmse _test)

“ BP 1142 ) 2% ”
import torch

import torch.nn as nn

import torch.optim as optim

from torch.utils.data import DatalLoader, TensorDataset

from tqdm.notebook import tqdm

import matplotlib.pyplot as plt
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import seaborn as sns

# 5E L BP fPL2 M 25 A5 Y
class BPNN(nn.Module):
def init (self, input dim, hidden dim, output dim):

super(BPNN, self). _init_ ()
self.fc1 = nn.Linear(input_dim, hidden_dim)
self.fc2 = nn.Linear(hidden dim, hidden dim)
self.fc3 = nn.Linear(hidden_dim, output _dim)
self.leakyrelu = nn.LeakyReLU(negative_slope=0.01) # f# ] LeakyReLU

def forward(self, x):
x = self.leakyrelu(self.fc1(x))
x = self . leakyrelu(self.fc2(x))
x = self.fc3(x)
return x

# TSR 1) NNBE

def calculate nnbe(y_true, y pred):
numerator = torch.sum((y_true - y_pred) ** 2)
denominator = torch.sum((y true - torch.mean(y true)) ** 2)
return torch.sqrt(numerator / denominator).item()

# BESHNE
learning_rate = 0.001
epochs = 500

hidden dim = 128
batch_size = 32

device = torch.device("cuda" if torch.cuda.is_available() else "cpu")

# KRN PyTorch K 2(
train_dataset = TensorDataset(torch.tensor(X train.values).float(), torch.tensor(y_train.values).float())
train_loader = Dataloader(train _dataset, batch_size=batch_size, shuffle=True)

test dataset = TensorDataset(torch.tensor(X _test.values).float(), torch.tensor(y_test.values).float())
test loader = Dataloader(test dataset, batch_size=batch size, shuffle=False)

# WIEH LAY

model = BPNN(X _train.shape[1], hidden dim, y_train.shape[1]).to(device)
criterion = nn.MSELoss()

optimizer = optim.Adam(model.parameters(), Ir=learning_rate)

# BRI 25
train_nnbes =[]
validation nnbes = []

for epoch in tqdm(range(epochs), desc="Training model"):
model.train()
train loss = 0.0
for X batch, y batch in train_loader:
X batch, y batch =X batch.to(device), y_batch.to(device)

optimizer.zero_grad()
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outputs = model(X batch)

loss = criterion(outputs, y_batch)
loss.backward()

optimizer.step()

train_loss += loss.item() * X _batch.size(0)

train_nnbe = calculate nnbe(torch.tensor(y _train.values).float().to(device),
model(torch.tensor(X _train.values).float().to(device)))
train_nnbes.append(train_nnbe)

model.eval()
validation loss = 0.0
with torch.no grad():
for X batch, y batch in test loader:
X batch, y_batch = X batch.to(device), y_batch.to(device)

outputs = model(X_batch)
loss = criterion(outputs, y_batch)
validation loss += loss.item() * X batch.size(0)

validation _nnbe = calculate _nnbe(torch.tensor(y_test.values).float().to(device),
model(torch.tensor(X _test.values).float().to(device)))
validation nnbes.append(validation nnbe)

# 2:11I1%% NNBE F15iF NNBE

plt.figure(figsize=(12, 6))

plt.plot(train_nnbes, label="Training NNBE", color=sns.color palette("husl", 8)[3])
plt.plot(validation nnbes, label="Validation NNBE", color=sns.color palette("husl", 8)[4])
plt.title("Training and Validation NNBE", fontsize=20)

plt.xlabel("Epoch", fontsize=16)

plt.ylabel("NNBE", fontsize=16)

plt.legend(fontsize=14)

plt.grid(color="gray', linestyle="--', linewidth=0.5)

plt.tight layout()

plt.show()

# THE AR NNBE

y_pred = model(torch.tensor(X _test.values).float().to(device))

nnbe = calculate _nnbe(torch.tensor(y_test.values).float().to(device), y pred)
print(f"Test NNBE: {nnbe:.4f}")

« LSTM ”
import torch

import torch.nn as nn

import torch.optim as optim

from torch.utils.data import DatalLoader, TensorDataset

from tqdm.notebook import tqdm

import matplotlib.pyplot as plt

import seaborn as sns

#LSTM A 5 S(
class LSTMRegressor(nn.Module):
def init (self, input dim, hidden dim, output dim, num layers):
super(LSTMRegressor, self). _init_ ()
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self.Istm = nn.LSTM(input_dim, hidden _dim, num_layers, batch_first=True)
self.decoder = nn.Linear(hidden_dim, output_dim)

def forward(self, x):
hO = torch.zeros(num_layers, x.size(0), hidden dim).to(device)
c0 = torch.zeros(num_layers, x.size(0), hidden_dim).to(device)
out, = selflstm(x, (hO0, c0))

out = self.decoder(out[:, -1, :])
return out

# NNBE loss function

defnnbe loss(y pred,y true):
numerator = torch.sum((y_true - y_pred) ** 2)
denominator = torch.sum((y_true - torch.mean(y_true)) ** 2)
return torch.sqrt(numerator / denominator)

# WS HIE
learning_rate = 0.005
epochs = 1000
hidden dim =128
num_layers = 2
batch_size = 32

device = torch.device("cuda" if torch.cuda.is_available() else "cpu")

# WA
model = LSTMRegressor(X _train.shape[1], hidden _dim, y_train.shape[1], num_layers).to(device)
optimizer = optim.Adam(model.parameters(), Ir=learning_rate)

# I 25
train_losses =[]
test losses =[]

for epoch in tqdm(range(epochs), desc="Training model"):
model.train()
train loss = 0.0
for X batch, y batch in train_loader:
X batch, y batch =X batch.to(device), y_batch.to(device)

optimizer.zero_grad()

outputs = model(X_batch)

loss = nnbe_loss(outputs, y_batch)
loss.backward()

optimizer.step()

train_loss +=loss.item() * X batch.size(0)
train_losses.append(train_loss / len(train_loader.dataset))

model.eval()
test loss = 0.0
with torch.no grad():
for X batch, y batch in test loader:
X batch, y_batch = X batch.to(device), y_batch.to(device)
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outputs = model(X batch)

loss =nnbe_loss(outputs, y batch)

test_loss += loss.item() * X _batch.size(0)
test losses.append(test loss / len(test loader.dataset))

# 2 IR SR AT 453 2% i 2k

plt.figure(figsize=(12, 6))

plt.plot(train_losses, label="Training Loss", color=sns.color palette("husl", 8)[3])
plt.plot(test losses, label="Validation Loss", color=sns.color palette("husl", 8)[4])
plt.title("Training and Validation Loss", fontsize=20)

plt.xlabel("Epoch", fontsize=16)

plt.ylabel("NNBE", fontsize=16)

plt.legend(fontsize=14)

plt.grid(color="gray', linestyle='"--', linewidth=0.5)

plt.tight layout()

plt.show()

# TSR ) NMSE
y_pred = model(torch.tensor(X _test.values).float().unsqueeze(1).to(device))
nnbe = nnbe_loss(y_pred, torch.tensor(y_test.values).float().to(device)).item()

print(f"Training Average NMSE: {sum(train losses) / len(train_losses):.4f}")
print(f"Validation Average NMSE: {sum(test losses) / len(test losses):.4f}")
print(f"Test NMSE: {nnbe:.4f}")

“ GRU

import torch

import torch.nn as nn

import torch.optim as optim

from torch.utils.data import Datal.oader, TensorDataset
from tqdm.notebook import tqdm

import matplotlib.pyplot as plt

import seaborn as sns

# GRU A 5E 3L
class GRURegressor(nn.Module):
def init_ (self, input dim, hidden dim, output dim, num layers):
super(GRURegressor, self). _init ()

self.gru = nn.GRU(input_dim, hidden dim, num_layers, batch_first=True)
self.decoder = nn.Linear(hidden_dim, output_dim)

def forward(self, x):
out, = self.gru(x)
out = self.decoder(out[:, -1, :]) # &S5 — 18] 20 % HAE v H

return out

# NNBE loss function

defnnbe loss(y pred, y true):
numerator = torch.sum((y_true - y_pred) ** 2)
denominator = torch.sum((y true - torch.mean(y true)) ** 2)
return torch.sqrt(numerator / denominator)
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# WS A
learning_rate = 0.005
epochs = 500

hidden dim =128
num_layers = 2
batch_size = 32

device = torch.device("cuda" if torch.cuda.is_available() else "cpu")

# IR AR
model = GRURegressor(X _train.shape[1], hidden _dim, y_train.shape[1], num_layers).to(device)
optimizer = optim.Adam(model.parameters(), Ir=learning_rate)

# I 25
train_losses = []
test losses =[]

for epoch in tqdm(range(epochs), desc="Training model"):
model.train()
train_loss = 0.0
for X batch, y batch in train_loader:
X batch, y batch =X batch.to(device), y_batch.to(device)

optimizer.zero_grad()

outputs = model(X_batch)

loss =nnbe loss(outputs, y batch)

loss.backward()

torch.nn.utils.clip_grad norm_(model.parameters(), 1.0)
optimizer.step()

train_loss += loss.item() * X _batch.size(0)
train_losses.append(train_loss / len(train_loader.dataset))

model.eval()
test loss =0.0
with torch.no_grad():
for X _batch, y_batch in test_loader:
X batch, y batch = X batch.to(device), y_batch.to(device)
outputs = model(X_batch)
loss = nnbe_loss(outputs, y_batch)
test loss += loss.item() * X batch.size(0)
test_losses.append(test loss / len(test loader.dataset))

# 2RI A R A4 2 i 4

plt.figure(figsize=(12, 6))

plt.plot(train_losses, label="Training Loss", color=sns.color palette("husl", 8)[3])
plt.plot(test losses, label="Validation Loss", color=sns.color palette("husl", 8)[4])
plt.title("Training and Validation Loss", fontsize=20)

plt.xlabel("Epoch", fontsize=16)

plt.ylabel("NNBE", fontsize=16)

plt.legend(fontsize=14)

plt.grid(color="gray', linestyle="--', linewidth=0.5)

plt.tight layout()

plt.show()

# THEIEE R NMSE
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y_pred = model(torch.tensor(X test.values).float().unsqueeze(1).to(device))
nnbe = nnbe_loss(y_pred, torch.tensor(y_test.values).float().to(device)).item()

print(f"Training Average NMSE: {sum(train losses) / len(train losses):.4f}")

print(f"Validation Average NMSE: {sum(test losses) /len(test losses):.4f}")
print(f"Test NMSE: {nnbe:.4f}")

13

Transformer
import torch

import torch.nn as nn

import torch.optim as optim

from torch.utils.data import DatalLoader, TensorDataset
from tqdm.notebook import tqdm

import matplotlib.pyplot as plt

import seaborn as sns

# Transformer 7 52 X
class TransformerRegressor(nn.Module):

def _init _ (self, input_dim, hidden_dim, output _dim, nhead, num_layers):

super(TransformerRegressor, self). _init_ ()

self.embedding = nn.Linear(input_dim, hidden dim)

self.layer norm = nn.LayerNorm(hidden dim)

self.transformer = nn. Transformer(hidden dim, nhead, num_layers)
self.decoder = nn.Linear(hidden_dim, output_dim)

def forward(self, x):
x = self.embedding(x)
x = self.layer norm(x)
x = self .transformer(x, x)
x = self.decoder(x)
return x.squeeze(1)

# NNBE loss function

defnnbe loss(y pred, y true):
numerator = torch.sum((y true -y pred) ** 2)
denominator = torch.sum((y_true - torch.mean(y_true)) ** 2)
return torch.sqrt(numerator / denominator)

# HSHIE
learning_rate = 0.005
epochs = 100

hidden dim = 128
nhead = 2
num_layers = 2
batch_size = 32

device = torch.device("cuda" if torch.cuda.is_available() else "cpu")

# KRN PyTorch M QI I— > BE UL 3 514 JBE 448

train_dataset = TensorDataset(torch.tensor(X train.values).float().unsqueeze(1),
torch.tensor(y_train.values).float())

train_loader = DatalLoader(train_dataset, batch_size=batch_size, shuffle=True)
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test_dataset = TensorDataset(torch.tensor(X test.values).float().unsqueeze(1),
torch.tensor(y_test.values).float())
test loader = DatalLoader(test dataset, batch_size=batch size, shuffle=False)

# WAL

model = TransformerRegressor(X train.shape[1], hidden dim, y_train.shape[1], nhead,
num_layers).to(device)

optimizer = optim.Adam(model.parameters(), Ir=learning_rate)

# ALK
train_losses =[]
test losses =[]

for epoch in tqdm(range(epochs), desc="Training model"):
model.train()
train_loss = 0.0
for X batch, y batch in train loader:
X batch, y batch =X batch.to(device), y_batch.to(device)

optimizer.zero grad()

outputs = model(X _batch)

loss = nnbe_loss(outputs, y_batch)

loss.backward()

torch.nn.utils.clip_grad norm_(model.parameters(), 1.0)
optimizer.step()

train_loss +=loss.item() * X batch.size(0)
train_losses.append(train_loss / len(train_loader.dataset))

model.eval()
test loss = 0.0
with torch.no grad():
for X _batch, y_batch in test_loader:
X batch, y _batch = X batch.to(device), y_batch.to(device)
outputs = model(X batch)
loss = nnbe loss(outputs, y_batch)
test_loss += loss.item() * X _batch.size(0)
test losses.append(test loss / len(test loader.dataset))

# 2 I R SR AT 453 2% i 2k

plt.figure(figsize=(12, 6))

plt.plot(train_losses, label="Training Loss", color=sns.color palette("husl", 8)[3])
plt.plot(test losses, label="Validation Loss", color=sns.color palette("husl", 8)[4])
plt.title("Training and Validation Loss", fontsize=20)

plt.xlabel("Epoch", fontsize=16)

plt.ylabel("NNBE", fontsize=16)

plt.legend(fontsize=14)

plt.grid(color="gray', linestyle='"--', linewidth=0.5)

plt.tight layout()

plt.show()

# TSR ) NMSE
y_pred = model(torch.tensor(X _test.values).float().unsqueeze(1).to(device))
nnbe = nnbe_loss(y_pred, torch.tensor(y_test.values).float().to(device)).item()
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print(f"Training Average NMSE: {sum(train losses) / len(train losses):.4f}")
print(f"Validation Average NMSE: {sum(test losses) /len(test losses):.4f}")
print(f"Test NMSE: {nnbe:.4f}")

“ i ”
“ B R L AL B ”

import pandas as pd
import numpy as np
from glob import glob

# € R
app class path ="C:/Users Desktop/A/app class.csv"
days data path = "C:/Users Desktop/A/day*.txt"

# EHL app 280 £
app class = pd.read csv(app class path, header=None, names=|"appid", "app_class"]|, dtype={"appid": str,
"app_class": str})

# MER appid 51 & AE 87 A1 AT

app_class = app_class[app_class["appid"].str.isnumeric()]

# HE SRR R LI A AF

dtypes = {
"uid": str,
"appid": str,

"app_type": "category",
"start_day": np.int8&,
"start_time": str,
"end day": np.int8,
"end time": str,
"duration": np.int32,
"up_flow": np.int32,
"down_ flow": np.int32,
1
f

data = pd.DataFrame() # #JUH1L—">2F 1) data DataFrame SKA7fif & I 1 2 E
chunk_size = 500000 # BEBK/

# SR — R BB SR I 1 R
first day file ="C:/Users Desktop/A/day01.txt"
first day data = pd.read t day file, header=None, names=|"uid", "appid", "app_type", "start day",

"start time", "end_day", "end time", "duration”, "up_flow", "down_flow"]|, dtype=dtypes)
selected uids = set(first day data["uid"].sample(n=20000, replace=False))

for file in glob(days data_path):
for chunk in pd.read csv(file, header=None, names=|"uid", "appid", "app_type", "start day",

nn nn nmn

"start time", "end day", "end_time", "duration", "up_flow", "down_flow"], dtype=dtypes,
chunksize=chunk size):

# AR QLN ID R

chunk = chunk[chunk["uid"].isin(selected uids)]

# MER appid 51 & R 8 /P HUAT

chunk = chunk[chunk["appid"].str.isnumeric()]
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# 5 app_class #ATH I
chunk = pd.merge(chunk, app class, on="appid", how="left")

# 1808 data DataFrame 7
data = pd.concat([data, chunk], ignore_index=True)

# PRI AT
del chunk

# e A HokiE 10 1) APP

apps_counts = data['appid'].value counts()
apps_to_keep = apps_counts[apps_counts > 10].index
data = data[data['appid'].isin(apps_to_keep)]

# 5Bk duration. up_flow Al down_flow A 0 {147
data = data[(data["duration"| > 0) & (data["up_flow"] > 0) & (data["down_flow"| > 0)]

# BEREARHGE TR O 58 mfT

data = data[data["duration"| >= 5]

# X ARFSGH APP, AR HIARIL A "unknown”
data|"app_class"| = data["app_class"].fillna("unknown")

# A

data["score"| = data|"duration"| + data["up_flow"]| + data["down_flow"|

# H—EEr 2 1-5 JEH

data["score" | = ((data["score"| - data["score"|.min()) / (data["score"|.max() - data["score"|.min()) * 4) + 1

# R 5 U R A A
train_data = data[data["start_day"| <= 15]
test data = data[data["start_day"| > 15]

#OKEORE IS RATHEMKA: FF D, Y 1D AE4
train data = train data[["uid", "appid", "score"|]
test data = test data[["uid", "appid", "score"]|

« 2.1 2T WA M HEFE (Content-based recommendation) ”
import matplotlib.pyplot as plt

from tqdm.notebook import tqdm

from sklearn.feature extraction.text import TfidfVectorizer

from sklearn.metrics.pairwise import cosine similarity

from sklearn.metrics import mean_absolute error, accuracy score

import numpy as np

# {8 tqdm.notebook J& /i fUIL & 47 it
from tqdm.notebook import tqdm, trange
tqdm.pandas()

# AEFHEAH 5 AE APP R AE FLAG G P 0 g sl s S0
user docs = train_data.groupby(‘uid')['appid'].progress _apply(lambda x: ''.join(map(str, x))).reset _index()

# /] TF-IDF $ARK G P )
tfidf vectorizer = TfidfVectorizer()

user vectors = tfidf vectorizer.fit transform(user docs['appid'])
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# AR SZARURE TSI 7 56> APP 2 [8] AR AL
app_ids = train_data['appid'].unique()
app_vectors = tfidf vectorizer.transform(map(str, app ids))

similarities = cosine_similarity(user_vectors, app_vectors)

# NS P HERE AL APP

recommendations = np.argsort(similarities, axis=1)[:, -1]

# VPN HERE RS PERE

# BT IATIAERAVGEAE E AT, UIRAT AT DL SR 5

y true = train_data.groupby(‘uid")['appid'].apply(lambda x: x.iloc[-1]).values # FREXEEANH P &5 —"1
ZH ) APP /E N H S

y_pred = app_ids[recommendations]

accuracy = accuracy score(y true,y pred)
mae = mean_absolute error(y_true, y pred)

# IMHERR
unique_recommended = np.unique(y_pred)
coverage = len(unique recommended) / len(app_ids)

# THEET AU
overall popularity = train_data['appid']|.value counts(normalize=True)
recommended popularity = overall popularity.loc[unique recommended].mean()

# THERAT B D I
popularity bias = np.sum([(overall popularity[app] - recommended popularity) ** 2 for app iny pred]) /
len(y pred)

# ATALALHESRE RS RPN Fa A
metrics = ['Accuracy', 'MAE', 'Coverage', 'Novelty', 'Popularity Bias'|
values = [accuracy, mae, coverage, recommended_popularity, popularity bias]

plt.figure(figsize=(10, 6))

plt.bar(metrics, values, color=['blue', 'green’, 'red', 'cyan', 'magenta'])
plt.title('Recommendation System Evaluation Metrics')
plt.ylabel("Value")

plt.grid(axis="y")

for 1, v in enumerate(values):
plt.text(i, v + 0.01, £"{v:.4f}", ha="center', va="bottom', fontsize=9)

plt.tight layout()
plt.show()

print(f Accuracy: {accuracy:.4f}')

print(fMAE: {mae:.4f}")

print(f'Coverage: {coverage:.4f}")

print(fNovelty (Recommended Popularity): {recommended popularity:.4f}")
print(fPopularity Bias: {popularity bias:.4f}")

import torch

import torch.nn as nn

import torch.optim as optim

from torch.utils.data import Dataset, DatalLoader
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from tqdm.notebook import trange, tqdm
import matplotlib.pyplot as plt

# % E GPU hnik

device = torch.device("cuda:0" if torch.cuda.is_available() else "cpu")

#1. 58 Xk
class RecommendationDataset(Dataset):
def _init_ (self, user_tensor, item_tensor, target tensor):
self.user tensor = user tensor
self.item_tensor = item_tensor
self.target tensor = target tensor

def getitem  (self, index):
return self.user tensor[index], self.item_tensor[index], self.target tensor[index]

def len (self):
return self.user tensor.size(0)

#2. 5E X Matrix Factorization &7}
class MatrixFactorization(nn.Module):
def _init _(self, num_users, num_items, num_factors=20):
super(MatrixFactorization, self). _init_ ()
self.user emb = nn.Embedding(num users, num_factors)
self.item emb = nn.Embedding(num_items, num_factors)

def forward(self, user, item):
user_embedding = self.user emb(user)
item_embedding = self.item_emb(item)
return (user  embedding * item embedding).sum(1)

#3. WEBMSH

num_users = train_data['uid'].nunique()
num_items = train_data['appid'].nunique()
num_factors =20 # BOERKTHEE

model = MatrixFactorization(num_users, num_items, num_factors).to(device)
criterion = nn.MSELoss()
optimizer = optim.Adam(model.parameters(), Ir=0.001)

#4. QUEHE G IR

train _dataset = RecommendationDataset(
torch.tensor(train_data['uid'].astype('category').cat.codes.values, dtype=torch.long),
torch.tensor(train_data['appid'].astype('category').cat.codes.values, dtype=torch.long),
torch.tensor(train_data['score'].values, dtype=torch.float32))

train_loader = DatalLoader(train _dataset, batch_size=64, shuffle=True)

losses =[]
for epoch in trange(5, desc='"Epochs'):
model.train()
running loss = 0.0
for i, (uid, iid, label) in enumerate(tqdm(train_loader, desc="Training', leave=False)):
uid, iid, label = uid.to(device), iid.to(device), label.to(device)
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optimizer.zero grad()

outputs = model(uid, iid)

loss = criterion(outputs, label)
loss.backward()
optimizer.step()

running_loss += loss.item()
epoch loss = running loss / len(train loader)
losses.append(epoch_loss)
print(f"Epoch {epoch + 1}, Loss: {epoch loss:.4f}")

#5. AL ZRid iR

plt.figure(figsize=(10, 6))

plt.plot(losses, color='blue', marker='0', linestyle='dashed', linewidth=2, markersize=6)
plt.title('Training Loss Over Epochs', fontsize=16)

plt.xlabel("Epoch', fontsize=14)

plt.ylabel('MSE Loss', fontsize=14)

plt.grid(True, which="both', linestyle='--', linewidth=0.5)
plt.gca().spines['top'].set_visible(False)

plt.gca().spines['right'].set_visible(False)

plt.show()

#6. TR

test dataset = RecommendationDataset(
torch.tensor(test data['uid'].astype('category').cat.codes.values, dtype=torch.long),
torch.tensor(test_data['appid'].astype('category').cat.codes.values, dtype=torch.long),
torch.tensor(test data['score'].values, dtype=torch.float32))

test loader = Dataloader(test dataset, batch_size=64, shuffle=False)

model.eval()
test loss =0.0
with torch.no_grad():
for uid, iid, label in tqdm(test loader, desc="Testing'):
uid, iid, label = uid.to(device), iid.to(device), label.to(device)
outputs = model(uid, iid)
loss = criterion(outputs, label)
test_loss += loss.item()
test_loss /= len(test_loader)
print(f"Test MSE Loss: {test loss:.4f}")

“ 2.2 Pp[AliE € (Collaborative filtering) ”
import pandas as pd

import numpy as np

from tqdm.notebook import tqdm

from sklearn.metrics.pairwise import cosine similarity

from sklearn.metrics import mean_absolute error

import matplotlib.pyplot as plt

# MER train_data " EEAT
train_data = train_data.drop duplicates(subset=['uid', 'appid'])

# 1. THE R AR AR

# AP AR SLARURE T 52 1 7 2 8] R AR ADURE

user item matrix = train_data.pivot(index="uid", columns="appid', values="'score').fillna(0)
user_similarity = cosine_similarity(user item_ matrix)
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user similarity df=pd.DataFrame(user similarity, index=user item matrix.index,
columns=user item matrix.index)

# 2. A FARAURT Y B9 P20 SR T 24 i FH P 0 R VP 0 it B PP
def predict ratings(user_id, app_id):
if app id in user item matrix.columns:
similar_users = user_similarity dffuser id].drop(user_id)
rated users = user_item matrix.loc[similar_users.index, app_id].dropna()
top_similar users = similar_users.loc[rated users.index]
predicted rating = np.dot(rated users, top_similar_users) / top_similar_users.sum()
return predicted rating
else:
return 3 # ERIAVESS

# I T 23

tqdm.pandas()

test data['predicted_score'| = test data.progress apply(lambda x: predict ratings(x['uid'], x['appid']),
axis=1)

#3. T PE o 9 HERE
top_n_recommendations = test data.groupby(‘uid').apply(lambda x: x.nlargest(5,
‘predicted score')|'appid'].tolist())

#4. ffiH Accuracy. MAE. Coverage. Novelty. Popularity Bias 55§ Fr ¥t 155 74
# Accuracy
accuracy = (test data['score'| == test data['predicted score'|).mean()

# MAE
mae = mean_absolute error(test data['score'], test data['predicted score'])

# Coverage
coverage = len(top_n_recommendations.explode().unique()) / len(user  item_matrix.columns)

# Novelty
item_popularity = train_data['appid'].value counts(normalize=True)
novelty =top n recommendations.explode().map(item popularity).mean()

# Popularity Bias
popularity bias =top n recommendations.explode().map(item popularity).std()

print(f"Accuracy: {accuracy:.4f}")
print(f"MAE: {mae:.4f}")

print(f"Coverage: {coverage:.4f}")
print(f"Novelty: {novelty:.4f}")
print(f"Popularity Bias: {popularity bias:.4f}")

#5. AL ZRIS iR

plt.figure(figsize=(10, 6))

plt.plot(test data['score'], label='True Ratings', alpha=0.7)

plt.plot(test data['predicted score'], label='Predicted Ratings', alpha=0.7)
plt.title('"True vs. Predicted Ratings')

plt.xlabel("Test Data Index')

plt.ylabel('Rating")

plt.legend()

plt.show()
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«“ 2.3 HiPE 4y fi#(Matrix Factorization) ”
import numpy as np

import pandas as pd

from sklearn.metrics import mean_absolute error

from scipy.sparse import csr_matrix

from scipy.sparse.linalg import svds

from tqdm.notebook import tqdm

import matplotlib.pyplot as plt

# KB 9 P -APP PR HERE
user app matrix = train_data.pivot(index="uid', columns='appid', values='score')
user app matrix.fillna(0, inplace=True)

# HIP AN APP [ ID 2 51 (B

user to_idx = {uid: 1 for i, uid in enumerate(user app matrix.index)}
app to idx = {appid: j for j, appid in enumerate(user app matrix.columns)}
idx_to_user = {i: uid for uid, i in user to_idx.items()}

idx_to_app = {j: appid for appid, j in app_to_idx.items()}

# 4 DataFrame ¥4 numpy %2
user app matrix np = user app matrix.values

# 0 PR AT A AR E (U2 A F P S PR )
user_ratings_mean = np.mean(user_app_matrix_np, axis=1)
user_app_demeaned = user_app matrix_np - user_ratings mean.reshape(-1, 1)

# A SVD HEATHE R 43 il
U, sigma, Vt = svds(user_app_demeaned, k=50)
sigma = np.diag(sigma)

# {1 U, Sigma, Vt 15 2 50 -7 55 B

predicted ratings =np.dot(np.dot(U, sigma), Vt) +user ratings -mean.reshape(-1, 1)
predicted ratings df = pd.DataFrame(predicted ratings, columns=user app matrix.columns,
index=user_app_ matrix.index)

# o P AR AT TR

test_uids = test_data['uid'].values
test_appids = test_data['appid'].values
actual scores = test data['score'].values
predicted scores =[]

for uid, appid in tqdm(zip(test uids, test appids), total=len(test uids)):
if uid in user_to_idx and appid in app_to_idx:
predicted scores.append(predicted ratings_df.loc[uid, appid])
else:
predicted scores.append(np.nan)

# VL EAR

# 1. Accuracy

predicted binary = [1 if score >= 3 else 0 for score in predicted scores]
actual binary = [1 if score >= 3 else 0 for score in actual scores]

accuracy = np.mean(np.array(predicted binary) == np.array(actual binary))

#2. MAE
mae = mean_absolute error(actual scores, predicted scores)
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print(f"Accuracy: {accuracy}")
print(f"Mean Absolute Error: {mae}")

#HHERR

def coverage(predicted_ratings, threshold=3):

IS TETE R G 7 e 7

Args:

- predicted_ratings: TRMHT 740 %

- threshold: FEZFHIEGIE, 25172 EE T IE(E I A N A2 HEZE 1T

Returns:

- BEF

"

num recommended = np.sum(predicted ratings > threshold)
total items = np.prod(predicted_ratings.shape)
return num_recommended / total items

# THEETRE

def novelty(predicted ratings df, train_data):

I SETERE R G HIFT AR
Args:
- predicted_ratings_df: TWIHTF% DataFrame
- train_data: JZE

Returns:

# THEAATH AT

item popularity = train data.groupby(‘appid').size().reset index(name='popularity')
item_popularity dict = dict(zip(item popularity['appid'], item popularity['popularity']))

# THEHER I H FF SRATE

recommended_items = predicted ratings_df.stack().reset_index()

recommended items.columns = ['uid', 'appid’, 'score’'|

recommended items['popularity’] = recommended _items['appid'].apply(lambda x:
item_popularity dict.get(x, 0))

return recommended items|'popularity'|.mean()

# THEAT R L

def popularity bias(predicted ratings df, train_data):

meeen

T F R HITATIZ i I
Args:

- predicted ratings df: FUIHTF% DataFrame
- train_data: N2

Returns:

- T
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meen

# THE AT H AT
item popularity = train data.groupby(‘appid').size().reset index(name='popularity')
item_popularity dict = dict(zip(item_popularity['appid'], item_popularity['popularity']))

# THEHER I H BF ARAT

recommended_items = predicted ratings_df.stack().reset_index()

recommended items.columns = ['uid', 'appid’, 'score’'|

recommended items['popularity’] = recommended _items['appid'].apply(lambda x:
item_popularity dict.get(x, 0))

# THSLRAT IUE FIAEGAT I H AR L)

total recommended = len(recommended_items)

popular_recommended = np.sum(recommended_items|"popularity'] >
recommended_items|'popularity'].median())

return popular_recommended / total recommended

# THH R PP R RS

cov = coverage(predicted ratings)

nov = novelty(predicted ratings_df, train_data)

pop_bias = popularity bias(predicted ratings df, train_data)

print(f"Coverage: {cov}")
print(f"Novelty: {nov}")
print(f"Popularity Bias: {pop bias}")

# AT 2R AR
plt.plot(sigma)
plt.title("Singular Values")
plt.xlabel("Component")
plt.ylabel("Value")
plt.show()

“ 2.4 IRPESA1T7i% (NCF) »
import torch

import torch.nn as nn

import torch.optim as optim

from torch.utils.data import Dataset, Dataloader

from tqdm.notebook import trange, tqdm

import matplotlib.pyplot as plt

import numpy as np

# W& GPU nif
device = torch.device("cuda:0" if torch.cuda.is_available() else "cpu")

#1. 8 Ak
class NCFDataset(Dataset):
def init_ (self, user tensor, item tensor, target tensor):
self.user tensor = user_tensor
self.item_tensor = item_tensor
self.target tensor = target tensor
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def  getitem  (self, index):
return self.user tensor[index], self.item_tensor[index], self.target tensor[index]

def len (self):
return self.user tensor.size(0)

#2. 5E L NCF #iH
class NCF(nn.Module):
def init (self, num users, num items, latent dim):
super(NCF, self). _init_ ()
self.user emb = nn.Embedding(num users, latent dim)
self.item_emb = nn.Embedding(num _items, latent dim)
self.fc_layers = nn.Sequential(
nn.Linear(2 * latent_dim, 128),
nn.ReLU(),
nn.Linear(128, 64),
nn.ReLU(),
nn.Linear(64, 1)

)

def forward(self, user, item):
user_embedding = self.user emb(user)
item_embedding = self.item_emb(item)
x = torch.cat([user_embedding, item embedding], dim=1)
x = self.fc_layers(x)
return x.squeeze()

num_users = train_data['uid'].nunique()
num_items = train_data['appid'].nunique()
latent dim =50

model = NCF(num_users, num_items, latent _dim).to(device)
criterion = nn.MSELoss()
optimizer = optim.Adam(model.parameters(), Ir=0.001)

# 24 uid Al appid 4153 FLrE— (1) 540 1D
train_data['uid'] = train_data['uid'].factorize()[0]
train_data['appid'| = train_data['appid'].factorize()[0]
test_data['uid'] = test _data['uid'].factorize()[0]

test data['appid'] = test data['appid'].factorize()[0]

# A HE BRI R

train_dataset = NCFDataset(torch.tensor(train_data['uid'].values, dtype=torch.long),
torch.tensor(train_data['appid'].values, dtype=torch.long),
torch.tensor(train_data['score'].values, dtype=torch.float32))

train loader = Dataloader(train dataset, batch size=064, shuffle=True)

losses =[]
for epoch in trange(5, desc='"Epochs'):
model.train()
running_loss = 0.0
for i, (uid, iid, label) in enumerate(tqdm(train_loader, desc="Training', leave=False)):
uid, iid, label = uid.to(device), iid.to(device), label.to(device)

optimizer.zero_grad()
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outputs = model(uid, iid)

loss = criterion(outputs, label)
loss.backward()
optimizer.step()

running_loss += loss.item()
epoch_loss = running_loss / len(train_loader)
losses.append(epoch_loss)
print(f"Epoch {epoch + 1}, Loss: {epoch loss:.4f}")

#4. ATAACUIZRd AR
plt.plot(losses)

plt.title('Training Loss Over Epochs')
plt.xlabel("Epoch')

plt.ylabel('MSE Loss')

plt.grid(True)

plt.show()

#5. PP

test_dataset = NCFDataset(torch.tensor(test data['uid'].values, dtype=torch.long),
torch.tensor(test data['appid'].values, dtype=torch.long),
torch.tensor(test _data['score'].values, dtype=torch.float32))

test loader = DatalLoader(test dataset, batch_size=64, shuffle=False)

model.eval()

predicted _scores =[]

true scores = []

all items = set(test data['appid'].unique())
recommended_items = set()

with torch.no grad():
test_loss = 0.0
mae_loss =0.0
for uid, 1id, label in tqdm(test loader, desc='Testing'"):
uid, iid, label = uid.to(device), iid.to(device), label.to(device)
outputs = model(uid, iid)

# Calculate losses

mse_loss = criterion(outputs, label)

test loss += mse loss.item()

mae_loss += torch.mean(torch.abs(outputs - label)).item()

# For accuracy, coverage, and novelty

predicted scores.extend(outputs.cpu().numpy())
true_scores.extend(label.cpu().numpy())
recommended_items.update(iid.cpu().numpy())

test_loss /= len(test_loader)
mae_loss /= len(test_loader)

# Accuracy: Assuming a threshold of 0.5 for liking an item

predictions = [1 if score > 0.5 else 0 for score in predicted scores]

true labels =[1 if score > 0.5 else 0 for score in true scores|

accuracy = sum([p ==t for p, t in zip(predictions, true_labels)]) / len(predictions)

# Coverage
coverage = len(recommended _items) / len(all _items)
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# Popularity Bias (assuming item popularity is the average score of an item)

item_popularity = test_data.groupby(‘appid')['score'].mean().to_dict()

avg recommended popularity = np.mean([item popularity.get(item, 0) for item in
recommended_items])

avg_all popularity = np.mean(list(item_popularity.values()))

# Novelty
all_items_ranked by popularity = [item[0] for item in
sorted(item_popularity.items(), key=lambda x: x[1],
reverse=True)]|
avg_rank recommended = np.mean([all_items_ranked by popularity.index(item) for item in
recommended_items])
novelty =1 - avg rank recommended / len(all items ranked by popularity)

print(f"Test MSE Loss: {test loss:.4f}")

print(f"Test MAE Loss: {mae loss:.4f}")

print(f'Accuracy: {accuracy:.4f}")

print(f"Coverage: {coverage:.4f}")

print(f"Novelty: {novelty:.4f}")

print(f"Popularity Bias (Recommended/All):
{avg_recommended popularity:.4f}/{avg_all popularity:.4f}")
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