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Abstract : Shared bicycle demand is significantly influenced by meteorological conditions, often leading to
"zero—demand" occurrences and long—tail distributions during extreme weather, where traditional models suffer
from high prediction errors. This paper proposes the IFG-IATCL framework, which models multi—dimensional
meteorological features as an Implicit Feature Graph to decouple collinearity via spectral-domain graph convolution.
Furthermore, an Imbalance—Aware Temporal Contrastive Learning module is introduced to enhance the learning
capability for rare samples. Extensive experiments across multiple datasets demonstrate that the model significantly
improves prediction accuracy both globally and specifically during extreme weather events, providing support for
emergency dispatching in intelligent transportation systems.
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JozE eI 2 R D E2E (Minority Class ) 1Y
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#1 Seoul Bike Sharing Demand, 7 7718 i 78 i %) #5
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TR X AR 4E (day.csv 5 hour.csv ) 1C05%
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YEEE o hour.csv A0 7% 17,379 2551, HAZ L FR
SRR RACIRBLIEAT N T 2085 (weathersit ), Ff42
HETHRE (temp ), REGRE (atemp ), B (hum )
FIRGE (windspeed ) FOIH—ALELE(E
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point temperature, °C ) FIARBHHST ( Solar Radiation,
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J 3 BRI, R 6:00 105 E] 1.0 mm FEOK, Fl/G
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P 200 FHBURE 13 3 . XIEEHER TRA
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F1 HEEFITHESKESRATRLR

Dataset Samples  Features Example Columns
Washington DC day.csv 731 16 instant, dteday, season, yr, mnth, holiday ...
Washington DC hour.csv 17379 17 instant, dteday, season, yr, mnth, hr ...
Seoul Bike Sharing 8760 14 Date, Rented Bike Count, Hour, Temperature( © C ), Humidity( % ) ...
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Lz_k)/ 7))

Horpr, AARARTZARE , ZIREHESEL

SR, R T leom KA CRERT. BRER ) 7EftK
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BHRIE (Cluster ),

4.3.3 AT IR A 2 (TA-InfoNCE
Loss )

L_InfoNCE = —log ( exp(sim(z_i,z_j)/ T)/ 2 exp(sim(z_
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NI — R, AT T — R
PERY A BN 1 o ARG R 8 1k
(anpEK s AER IR R &8 ) 50 L7 Kk s &
B, S E AR A0 (Rarity
Score )o X THi A E 5 MR MEFEAS ( Hard/Extreme
samples ), FRATHG AN HXS L EwIBALE, I FRIFFES
BT 8 AR AR S s PEREAS B HE T T
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Ry FAT R (]R8 S Ja P P RS 5 o iAo 1A R B
T, BERLE DU I 28 K R A AT 78 23 (8] v Al
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PN E] R U ST e ( Knowledge Dissemination ),
MARAS P skt 7 FRmiB1E o

4.4 WB=FHENEMESREMNMKE
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ol TORPTMEYER B SO R IE T, T RS
P EE, FRATFER L% ( Prediction Head )
ZHME AT HEE SN — 4G M4 (1D-Cony
Gating ) SEIUFFIERLG -

fill 5 5 BURAIE SR B BR A 22 2 K I a] 5 AR
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BT RTNE .
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A = Softmax(ReLU(EE,E,"))
L_InfoNCE = —log (exp(sim(z_i,z_j)/ 7)/ 2 exp(sim(z_
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5.1 LEESTHER

B AL B . SR H Washington DG Fl1 Seoul
Bike Sharing PI-/ AR 4E o Eidf 8008 o (8] 77 51 AN 7]
WEN, e 7:1:2 R NSRS . Uk AL o
A SR EE 1 StandardScaler #4745 ifE
b, BHURAE (AN, 2 E R H ) RHA] One-
Hot %%, # AW shE 0 ( Look—back Window ) 1%
Byt 2 24 /e, BN 1 /NRFZE 6 /NI B
AR,

Wit KA RO < Sy T B X R PR A AR
RITER A B TERE, TEW IR EZ A, R
PR UG e o K IIE T4 (Extreme
Sub-set ) :

TEE /KRB, kw2 “FERE > 1.0mm”
o “FEL i > 0.5em” K MREEAL TR 2% 1
FiA S

TE A B URE X BCE R b, R IR AL T
weathersit =3 ( KW /) RS FTA AL

PEREFE A5« B X% 2% (RMSE ), -1y
#axfiR 22 (MAE) DL RpoE 24 () SkIFEAG 8K
SR, AT R BT R ERE, FAiTE
[ AR w52 B B E-RMSE ( Extreme RMSE ).

RMSE = sqrt(I/N) 3 (v_i - § _i)2)
MAE=(I/N) 3 ly_i—¥ _il

FER AN L AL HE 32 BL A o AR A

XGBoost ( HATHRARLMEWLFGES) ), LG PR B
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DL I WA B X BE 2 2 45 G T3 2% ( NeurIPS/

ICLR ) JEUEAET TS2Vec . CoST 5 SimMTM .
5.2 FEREXTELSEINLER

x2 RRTHREIERNMEEE LHNEERBIHRRSITEER

BRI SRR H/REAESE - 42)5 RMSE FURBUESE - 425 MAE
XGBoost Tree—Ensemble 158.24 91.55
LST™M RNN 182.50 110.33
STGCN Spatial-GNN 160.18 94.20
TS2Vec Contrastive SSL 149.85 85.12
SimMTM Masked SSL 146.50 82.04
IFG-IATCL GNN+IA-SSL 128.36 70.82

[ 32 2: B /R SRR DX R e e R Tt A M REX 3%

T DA BB A A AR S0 v ) S R S AR
AT EW RS B el B d . IR RMSE/MAE
R A TERE
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L JRIER MR - EEE 90% HAEKRS
B4 R &, IFG-IATCL 1y $8FRikF| T 5
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) 55 T 2 A TR g T i R T AR A R
JE T IE 1) 15 B

v R AR v R S B IR - 2 ULEE E-RMSE
(Mo FAERPL ) B, FELRAFY () Bl 22 585 0 i .
LSTM R E i) T “Y(E A7, 7 8 2R K R
B TC TR 4 R S BE I Y 7 SR R, ke
IR AR ) E-RMSE 33 % 442.80, R e i
) B T )1 A5 A0 SimMTM, 704 3 45 1F T 1 36
AR SRAFAE R KA 22 (320.10 ), #LZ T, IFG-
IATCL ¥ E-RMSE JEKZE 198.54, LB TiR2Z0H
AR U R o AN ST SRS L A5 2 B )
AR AT Y B RN B 25 3 S ME AR AE R IR 25 () SR 4,
PR RIAE S INRRIE D Bl fish 2 ), ol A v A S 2 3
Wit KA PSS

HELSIR

45

40+

35+
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it 3% M i

25+
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2B RMSE

Bl =HEERIFG-IATCL

23 MAE
 ERpEE

R4 RMSE (E-RMSE)
B BpRRthiRKk

B2 RIS E T

53 HAAFHMSHMEL (Ablation

Study)
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N T RA AT B PR Y B BT
Bk, FATERFFA FE S BOERER RS T, B
T RBAR AR AT 1B A AR R B B T Rt

BB = AR

Base : 5E% M) IFG-IATCL #%Y,

wio TFG + F BRFFAE ST A5 R i b, B
AT Z 2 2 E ML (MLP) UK K 48 3%
2o

wlo 1A—Loss : PR EAXS b2 2 ek, (HAIBRAF
WROIALEE | JR LR EARUER InfoNCE $12%
PR
L_InfoNCE = —log ( exp(sim(z_i,z_j)/ 7)/ 2 exp(sim(z_

1,z_k)/ 7))
HE T -
BB R0 R IURAE T« S8Rl sk R,

400+
|/ 3501
8 300+

250+

Ve 2% 7 ¥ 5

200+

1504 .l
i

FE “wlo IFG” HYBCE T, BEAYAJE MAE HiBL T
HA A [ 5 (N 70.82 L-FH %= 88.51 ), it Xt 4
] 2 BTG BE FE ) PTRAL 2 B, B T G R AL
AL SCHRTE LS, A2 B AR S R
MRS e B T, R TR A B
AP R AT RARPE « 76 “w/o TA-Loss”
e &~ , R 4JR RMSE (4 LT Bl 5, (H7E
Wediti 74 1) E-RMSE 23 4 & g (BTt
H60% ). XEPIE T FATAE 4.3 WA EBE - 1E
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