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[Abstract]) :Accurate air pollution forecasting is of critical importance for public health early warning systems and
environmental policy formulation. However, the prediction of fine particulate matter (PM2.5) concentrations faces two
fundamental challenges: the scarcity of historical observations in many regions and the substantial heterogeneity
in meteorological conditions and emission patterns across different cities. Conventional deep learning approaches
suffer from severe generalization degradation under few—shot scenarios. To address these issues, this paper proposes
a Model-Agnostic Meta-Learning—based Multilayer Perceptron (MAML-ANN) model, which aims to learn transferable
cross—city knowledge and enable rapid, accurate adaptation to a new target city with only a limited number of observed
samples. In  terms of methodological design, we first construct a 23-dimensional input feature vector
that systematically integrates meteorological features, multi-scale lagged features, temporal differences, periodic
temporal encodings, and city—specific embeddings. The city embedding layer is designed to capture the inherent static
attributes of different cities. The base learner is implemented as a three—layer fully connected network with
approximately 14.27 thousand parameters, which is well-suited to the few—shot setting of MAML. The meta—learner
performs bi—level optimization across multiple source—domain cities: the inner loop conducts single-step gradient
descent on the support set to rapidly generate task—specific parameters, while the outer loop optimizes the meta—loss

on the query set to update the globally shared initialization parameters. Multiple regularization strategies,
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including weight decay, early stopping, gradient clipping, and learning rate scheduling, are incorporated to effectively
mitigate overfitting risks under small-sample conditions. The proposed model is validated on air quality datasets from
multiple cities. Experimental results demonstrate that under extreme few-shot conditions with only 5to 50 training
samples, MAML-ANN  consistently achieves superior prediction accuracy compared to conventional
pre—training-fine—tuning approaches and independently trained models, while maintaining moderate computational
complexity. The proposed framework offers an eff icient and feasible solution for high—precision air quality
forecasting in data—scarce regions, and the meta—learning paradigm can potentially be extended to other time—series
forecasting tasks in environmental monitoring.

[ Keywords ] :Few-shot learning;Model-Agnostic Meta-Learning (MAML) ;Air quality prediction;Cross city knowledge

transfer
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MNESHE € B *8 RmmM 0. fRuEEN 0. 01
HITEA A ATHIEAL,  BARRHG L Y250 RS R R

(2) HemnER St

TE TN GRIAE— 46 1R, MBI T b SRR B = 4
(55 o BT 300 17 0 6 D6 P 0 8 T AR [ S S0 7 0 4
FORE A S B 7EAT 55 PR 25 5 . N SEI B A HOHE AL B, AR
FBAT S5 A 1A 1% 105500« XeHEAMT 250 57 BT P 4R R 1
TR 0 4, A AT 55 0 TO B FE U T AT 05 MU 37
35— SR 3B 4 T [ K FE R — B 6 BT %S (padding)

0
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EET AT

IRRAE, H5 PyTorch SEHEZRE H B WL IR AR
(3) RN E
WAMBIASE ) R BUE B E T MAML - R3S . A3C

PR NN acE
Table 5 % 3.3: BS¥IEELE
ZH 5 HufE
PIAIEER 2 5] % a 0.01
MBI 2] 2 B 0. 001
5 ) BRI T r 500
TCEAREEL Mucta 1000
(G5 %RV OGN B 4
PAEFR AL K 1
Dropout F # # p 0.3
ES- 2 E 3 A 1 x 104
T B B B 4 1.0
LS O E P 20

(4) BEHUF-F I 2

RARIESER AT S, A SCIERAR R 5K &
W) U Ak e 9 T B AL 16 B T X 1 R A L RP T . A
Python/MATLAB ¥ Hh, 38 i 45 28 48 2 48— 2 il Bl ML 4R AR ik
7 o
3.4 WHEREST

MAML-ANN  #E7Y [) 1 B8 52 2% J5 32 Bk VR T AR FR RS MIE 1
P JE IR

(1) WIEATHEE R

X T EAMESS, BP IR LS — CHT ) A B AT — S I7)
e, WHRAIIMNSEE N [0) = 14, 273, LFEMAEH
N Ns , MIBATS S NIRRT ERERN 0 (Vs - [0).
MNT A =1 MB=4 WRHEE, GRTERENERT
BEN 04 -Ng  -14, 273).

(2) AMETHEE IR

HMEIR T BAEAT A R ERE FBUMI RS S 0 W
BRE, %06 @I AIE TS B S R, THE RS NI AL T
Fl—&%.
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