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Abstract

Accurate air quality forecasting is essential for public health
and environmental sustainability, but remains challenging due
to the complex pollutant dynamics. Existing deep learning
methods often model pollutant dynamics as an instantaneous
process, overlooking the intrinsic delays in pollutant propa-
gation. Thus, we propose AirDDE, the first neural delay dif-
ferential equation framework in this task that integrates de-
lay modeling into a continuous-time pollutant evolution un-
der physical guidance. Specifically, two novel components
are introduced: (1) a memory-augmented attention module
that retrieves globally and locally historical features, which
can adaptively capture delay effects modulated by multifac-
tor data; and (2) a physics-guided delay evolving function,
grounded in the diffusion-advection equation, that models
diffusion, delayed advection, and source/sink terms, which
can capture delay-aware pollutant accumulation patterns with
physical plausibility. Extensive experiments on three real-
world datasets demonstrate that AirDDE achieves the state-
of-the-art forecasting performance with an average MAE re-
duction of 8.79% over the best baselines.

Code — https://github.com/w2obin/airdde-aaai

Introduction

Rapid industrialization and urbanization over the past
decades have exacerbated air pollution, making air quality
a critical concern for public health and environmental sus-
tainability (Azimi and Rahman 2024; Geng et al. 2025).
This pressing issue underscores the importance of accu-
rate air quality forecasting. Nevertheless, such forecasting is
highly challenging owing to the complex pollutant dynamics
(Vallero 2025; Bodnar et al. 2025).

Many methods have been proposed to tackle this prob-
lem in the past decades. Traditional methods, e.g., physical-
chemical simulation models (Xie, Huang, and Wang 2005)
and shallow machine learning techniques (Lee et al. 2012),
often rely on simplified assumptions and handcrafted fea-
tures, limiting their ability to capture the latent pollutant dy-
namics inherent in air quality data. This limitation has driven
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a paradigm shift toward deep learning methods, which offer
stronger representational capacity (Qi et al. 2018; Wu et al.
2024). Early deep learning methods primarily utilize con-
volutional neural networks (CNNs) (Yan et al. 2021; Chen
et al. 2023a) and recurrent neural networks (RNNs) (Xu and
Yoneda 2019; Xu et al. 2021) to extract spatial and tempo-
ral features of air quality. Building on these foundations, re-
cent works have adopted spatial temporal graph neural net-
works (STGNNs) (Chen et al. 2023b; Han et al. 2023) and
attention mechanisms (Liang et al. 2023; Xia et al. 2025)
to more effectively model spatial and temporal dependen-
cies, enabling more comprehensive feature extraction. De-
spite their advancements, these methods formulate pollutant
dynamics as a discrete-time process, where pollutant transi-
tions occur only at fixed temporal intervals. This formulation
limits their ability to capture the continuous-time dynamics
of pollutants in the real world.

More recently, several methods have explored modeling
pollutant dynamics as a continuous-time process by integrat-
ing multifactor field data (Wang et al. 2025) and leverag-
ing neural ordinary differential equations (NODEs) (Hettige
et al. 2024; Tian et al. 2025). However, these methods of-
ten adopt an instantaneous assumption, wherein the system’s
evolution depends only on the current state. This simplifica-
tion neglects the transmission time, i.e., delay, during pol-
lutant propagation. In fact, delays are pervasive and essen-
tial in real-world air quality systems (Cai, Alam, and Duong
2021; Wu et al. 2025). For example, pollutants emitted in
one location may take several hours to be transported by
wind before affecting air quality in downstream locations,
introducing a non-negligible delay between emission and
observable impact.

To model delays in a continuous-time process, a natural
approach is to employ neural delay differential equations
(NDDE:s) (Zhu, Guo, and Lin 2021; Long et al. 2024). ND-
DEs are an extension of NODESs, which allow the system’s
evolution to depend not only on the current state but also on
historical states. While theoretically appealing, existing ND-
DEs are constrained to modeling uniform delays, i.e., apply-
ing the same delay across all spatial locations, which limits
their ability to capture location-specific delays.

Despite the heterogeneity of delays being particularly es-



sential and evident, it is non-trivial to capture them effec-
tively. (1) Delays are modulated by multiple factors. The
transport path and arrival time of pollutants are strongly in-
fluenced by varying meteorological and geographical fac-
tors, e.g., pollutant concentration levels, wind fields, and ge-
ographical distances. (2) Delay effects exhibit spatiotempo-
ral accumulation. The pollutant concentration at a given lo-
cation and time is not only determined by local pollutants but
also by pollutants from other locations, each arriving with
different delays. These cumulative effects are grounded in
atmospheric dynamic processes, which cannot be captured
by existing statistics-based or purely data-driven delay mod-
eling techniques (Jiang et al. 2023a; Long et al. 2024).

To this end, we propose AirDDE, a multifactor neural
delay differential equation framework for air quality fore-
casting. To the best of our knowledge, AirDDE is the first
physics-guided work that integrates delay modeling into pol-
lutant continuous-time evolution. The main contributions are
summarized as follows:

* We introduce a memory-augmented attention (MAA)
module. Given the delay-aware transport paths con-
structed from geographic distances and real-time wind
fields, this module adopts a dual attention mechanism to
retrieve globally and locally historical features. Such a
design enables MAA to capture multifactor-modulated
delay effects fully considering spatial heterogeneity.

We introduce a physics-guided delay evolving (PDE)
function. Guided by the diffusion-advection equation,
this function models diffusion, delayed advection, and
source/sink terms from multifactor features to capture
continuous-time pollutant evolution. Such a design en-
ables PDE to capture delay-aware pollutant accumulation
patterns in a physically consistent manner.

We compare AirDDE with 19 competitive baselines
on 3 real-world datasets. The results demonstrate that
AirDDE achieves the state-of-the-art (SOTA) perfor-
mance with an average MAE reduction of 8.79% over
the best baselines.

Related Work

Deep learning for air quality modeling. Early deep learn-
ing methods use CNNs and RNNss to extract spatial and tem-
poral features. For example, DAL (Qi et al. 2018) and Air-
Net (Yu et al. 2020) combine CNNs with RNNs to forecast
and calibrate air quality index (AQI) measurements, respec-
tively. FAIRY (Chen et al. 2023a) utilizes SegNets to learn
multiresolution spatial features for air quality estimation.
Recent studies adopt STGNN s (Han et al. 2022; Liang et al.
2022) and attention mechanisms (Liang et al. 2023; Geng
et al. 2025) for richer dependency modeling. In the STGNN
paradigm, for example, PM2.5GNN (Wang et al. 2020),
MasterGNN and MasterGNN+ (Han et al. 2021, 2023), and
GAGNN (Chen et al. 2023b) enhance spatial and tempo-
ral dependency learning through GNN-GRU integration,
adversarial training, and hierarchical graph design, respec-
tively. Parallel to the STGNN-based advances, attention-
based methods are also a powerful paradigm. For example,
AirFormer (Liang et al. 2023) proposes a dartboard-style
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spatial attention and a causal temporal attention for long-
term forecasting. AirRadar (Wang et al. 2025) introduces a
masked feature reconstruction framework using spatial at-
tention and temporal causal adjustment to infer air qual-
ity. Fuxi-Air (Geng et al. 2025) leverages a Transformer ar-
chitecture for air pollution forecasting. Nevertheless, these
methods model pollutant dynamics as a discrete-time pro-
cess, overlooking their continuous-time nature.

To address this limitation, some recent methods model
pollutant dynamics as a continuous-time process by integrat-
ing multifactor field data and leveraging NODEs. For exam-
ple, STENN (Feng et al. 2024) unifies field- and graph-based
views for fine-grained continuous spatiotemporal inference.
AirPhyNet (Hettige et al. 2024) embeds pollutant trans-
port equations into a GNN-NODE framework, while Air-
DualODE (Tian et al. 2025) uses dual-branch NODEs com-
bining data-driven and physics-informed components. How-
ever, these methods often adopt an instantaneous assump-
tion, which largely ignore propagation delays. Although
a few methods in general spatiotemporal tasks model de-
lays using shared patterns (Jiang et al. 2023a) or cross-
correlations (Long et al. 2024), they assume globally uni-
form delays and fail to capture delays shaped by heteroge-
neous conditions.

Thus, we propose AirDDE, a physics-guided framework
that integrates delay modeling into continuous-time pollu-
tant evolution. We introduce a memory-augmented attention
and a delay-aware evolving function to model delay effects
conditioned on location- and time-specific multifactor data.
These designs enable AirDDE to make accurate forecasts
with strong physical plausibility.

Preliminary

Task Formulation. Given historical air quality observations
and auxiliary factors (e.g., meteorological and geographical
variables), the goal of air quality forecasting is to predict
future air quality for the next time steps, formulated as:

o T+1:T+H . .
xS FxT M @), (1)
where X7 € RV*T and M*T € RV*T represent histor-
ical air quality and auxiliary factors from NV locations over

) L T+1:T+H
past T' steps, respectively. X € RV*H represents

denotes the predicted air quality for the next H steps. F is
the neural network. © is the learnable parameters of F.
Diffusion-Advection Equation. The diffusion—advection
equation describes the transport of a substance (e.g., pollu-
tants) in a fluid (Moreira et al. 1998), combining diffusion,
advection, and source/sink effects, formulated as:
%+U-Vu:DV2u+S,
ot

where %1; represents the partial derivative of u with respect
to time. v'is the velocity vector field. Vu is the gradient of w.
v - Vu represents the advection term of u. D is the diffusion
coefficient. V2u is the Laplacian of u. DV?u represents the
diffusion term. S represents the source/sink term.

Recent studies (Hettige et al. 2024; Tian et al. 2025) have
modified this equation as a diffusion-advection equation on
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Figure 1: The architecture of AirDDE.

graphs. The Laplacian operators for advection and diffusion
are approximated using the Chebyshev GNN (Defferrard,
Bresson, and Vandergheynst 2016).
Neural Delay Differential Equations. NDDEs (Zhu, Guo,
and Lin 2021; Long et al. 2024) extend NODEs (Chen et al.
2018; Li et al. 2025a) by modeling delayed dynamics, where
the state evolution depends not only on the current state but
also on historical states. The general form of an NDDE is
formulated as:

dh'
F: 7

where h' is the state at time step ¢, 7 is a delay, and f(-)
is a neural network-based evolution function. Compared to
NODEs, NDDEs face more complex initial value and inte-
gration problems, but are more effective for delay effects.
NDDE:s are trained by solving F' forward and optimiz-
ing neural network parameters using automatic differentia-
tion, often with the adjoint sensitivity method. Implementa-
tion tools, e.g., torchdiffeq (Kidger, Chen, and Lyons 2021),
facilitate efficient simulation and backpropagation.

= f(h',n""7), 3)

Methodology
Overview

The architecture of AirDDE is illustrated in Fig. 1. AirDDE
models continuous-time pollutant propagation with delayed
effects via a multifactor-enhanced NDDE framework. Con-
sidering the complex diffusion and advection effects in air
quality, AirDDE constructs diffusion and advection graphs
based on wind fields and distances, which can indicate pol-
lutant transport paths. Given encoded inputs via an STGNN-
based encoder and constructed graphs, AirDDE uses the
MAA module to obtain initial states that retrieve global and
local historical features, which can adaptively capture delay
effects modulated by multifactor data. Then, AirDDE for-
mulates the PDE function guided by the diffusion-advection
equation, which can model delay-aware pollutant accumula-
tion patterns with physical consistency. Given the historical
states and evolution function, AirDDE adopts a DDE solver
that maintains a history buffer to account for delayed states
and employs numerical integration to get future air quality
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states. After that, these states are fed into a decoder to gen-
erate the final predictions.

Spatiotemporal Encoder

To capture spatiotemporal features, we follow an STGNN-
based paradigm (Jiang et al. 2023b; Chen et al. 2024).
Specifically, we derive the graph structure from learnable
node embeddings and utilize GNNs to replace the MLPs
in the GRU’s gating mechanisms (Bai et al. 2020; Wu and
Chen 2023). This design facilitates adaptive feature extrac-
tion by incorporating the underlying graph topology into the
temporal updates. The process is formulated as:

A = SoftMax(ReLU(E; (E2)")),

4
h! = GNN-GRU(X*,nl™!, A), @
where A € RM*N represents the underlying adjacency
matrix, E1, E; € RY*? are two parameterized node em-
beddings with d dimensions. GNN-GRU(+) denotes a GRU
variant where the original MLPs in the update and reset gates
are replaced with GNNs. X and hé_l are the current inputs
and historical hidden features, respectively.

Diffusion-Advection Graph Construction

Diffusion Graph. Diffusion is significant for pollutant
transport, especially when wind is absent or negligible.
Since the impact of diffusion is highly related to geographi-
cal proximity, we construct a diffusion graph Ay € RV*N
based on Haversine distances between locations, computed
from their longitudes and latitudes. The resulting graph is
then normalized using a Gaussian kernel (Li et al. 2018).
Advection Graph. Advection governs pollutant transport
under windy conditions, carrying pollutants across space
with inherent delays. Unlike previous works (Jiang et al.
2023a,b), which rely on globally averaged delays, we con-
struct an advection graph at each time step to capture de-
lays derived from wind fields and geographical distances.
Specifically, a directed edge from location j at time step to
to location ¢ at time step ¢; exists if the wind speed at j at to
enables an air parcel toreach ¢ at t1. The time lag 7 = ¢ —to
represents the travel time of the pollutant from j to i, serv-
ing as a looking-back window to identify dependencies. The
construction is formulated as:

1, ifvlcos(07) -7 > d;;
At = ’ J j = Uy 5
adv,ig {0, otherwise )
where v7 and 67 represent the wind speed and wind di-

rection at location j at the previous 7 time step, respec-
tively. d;; represents the distance between location ¢ and j.
Al € RN*N represents the delay-aware dependencies at
time step ¢. Notably, A’ offers greater adaptiveness than
unified or implicit delay assumptions, as it explicitly models

delays conditioned on location- and time-specific dynamics.

Memory-Augmented Attention Module

The MAA module is introduced to capture delay-aware ini-
tial states modulated by multifactor data. Pollution propaga-
tion shows dual-scale historical patterns: global background



trends (e.g., persistent high-PM2.5 regions) and local tran-
sient events (e.g., sudden AQI spikes from dust storms). To
model these dual-scale delay effects under dynamic multi-
factor conditions, MAA employs a dual attention mecha-
nism that retrieves both global and local historical features.
Global Memory Modeling. To capture global historical pat-
terns, we introduce a set of learnable global memory units
denoted as M, € R™*de where m is the number of mem-
ory units and d. is the hidden dimension. These memory
units aim to memorize global historical patterns, which are
randomly initialized and updated during training. We inte-
grate the patterns to the current hidden features h via atten-
tion (Vaswani et al. 2017), which is formulated as:

h, = Attention(h{, My, M), (6)
where h! and M ¢ are linearly projected to obtain the query,
keys, and values, respectively. Attention(-) first computes
similarity scores between query and keys to produce atten-
tion weights, which are then used to aggregate values. This
allows hz to adaptively incorporate relevant global memo-
ries from M.

Local Memory Modeling. To capture local historical pat-
terns, we leverage advection graphs to define dynamic
neighborhoods based on wind-driven pollutant transport.
Specifically, for location ¢ at time step ¢, we define its neigh-
bors A/(7)! based on the advection graph A’ . We then at-
tend over its own and its neighbors’ historical features within
a time lag 7, which is formulated as:

t . t t—7+1:t t—1+1:t
hl,i = MLP(Attenthn(he,u he,je./\f(i)t’ ha,jEJ\/(i)t ))5(7)
where h;i is used as the query, while hz;gﬁ(f), €

RV @ Ix7xd gerves as keys and values. b, € R is the
output after an MLP layer. '

We then concatenate the hidden features with those inte-
grating global and local historical patterns and embed them
for the initial states. The process is formulated as h’,
MLP (concat(h, hg, h})), where h!, € RV*? is the output
features of the MAA module, which comprehensively cap-
ture dual-scale delay effects considering multifactor data.

Physics-Guided Delay Evolving Function

The PDE function is introduced to formulate the delay-
aware evolution with physical consistency. Unlike prior
works that assume conservative pollutant transport, we cap-
ture real-world non-conservative behavior, e.g., windborne
inflows for sources and precipitation-driven removal for
sinks. We model such hidden source/sink dynamics from
multifactor features, as different factors encode complemen-
tary physical signals that together reveal the latent drivers of
pollutant variation. Formally, the evolution function for the
pollutant is formulated as:

F: dn’ _ D - GNNigr(Agitr, h')
. dt - diff diff (8)
+ GNNadv(Azdvv ht_T) + f(thM)’

where GNN(-) denotes the K-hop message passing mech-
anism that approximates K -order Chebyshev GNN, which
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Dataset | # Factors  # Locations Time Range Granularity
KnowAir 18 184 1.1.2015-12.31.2018 3h
China-AQI 8 209 1.1.2017-4.30.2019 1h

US-PM 8 175 1.1.2020-12.31.2021 1h

Table 1: Dataset statistics.

can achieve a better efficiency and adaptability for dynam-
ics (Hamilton 2020). D is the diffusion coefficient, which is
empirically set to 0.1 (Hettige et al. 2024). f is a lightweight
MLP-based network. M is the multifactor features.

Given the delay-aware initial states h_) and historical
states h . ~"T~1 the hidden states of pollutant concentra-
tions from 7"+ 1 to T' + P can be obtained by solving F'.
The process is formulated as:

h§+1¢T+P = DDESolver(F, hﬁ, hgiT:Tv M), ®)

where the solver, following the existing works (Chen et al.
2018; Long et al. 2024), is implemented by torchdiffeq
(Kidger, Chen, and Lyons 2021). The solver maintains
an explicit memory set of past states during Fourth-order
Runge-Kutta integration. By incorporating current and past
states grounded in the diffusion-advection equation, the fu-
ture states offer a more physically consistent representation
of delay-aware air quality evolution.

Spatiotemporal Decoder

To consider spatial and temporal dependencies, we adopt
the structure GNN-GRU(+) (similar to the encoder) as the
decoder. Given the adjacency matrix A learned from node
embeddings (Eq.4) and the states hg HETHP derived by the
solver, the decoder is formulated as:

X' = MLP(GNN-GRU(K!, b, A))  (10)

o T+1:T+P
wheret € [T+1,T+P]. X
predictions.

For the training loss, we adopt the Huber loss, which is
commonly used in ODE-based methods (Fang et al. 2021;
Chen et al. 2024; Long et al. 2024). Due to its robustness to
outliers and smooth optimization behavior, the Huber loss is
well-suited for modeling noisy systems, especially air qual-
ity dynamics, where measurement noise and extreme values
are often significant. The loss is formulated as:

{

where ¢ is the threshold to change between delta-scaled L1
and L2 loss, which controls the sensitivity to outliers.

€ RV*P are the final

1(X - X)? X - X[ <6
5| X — X| - 16% | otherwise

Y

Experiments
Experimental Setup

Datasets. We evaluate AirDDE on three real-world air qual-
ity datasets. KnowAir is provided by PM2.5GNN (Wang
et al. 2020), including PM2.5 data and 17 meteorological



Dataset | KnowAir | China-AQI | US-PM
Metric ‘ MAE RMSE SMAPE ‘ MAE RMSE MAPE ‘ MAE RMSE MAPE
DCRNN (2018) 24.02*  37.87* 0.53* 2478  38.05 35.76 7.49 9.72 15.85
STGCN (2018) 23.64*  32.48* 0.52* 23.87 3729 35.03 6.99 8.81 14.72
2 ASTGCN (2019) 19.92*  31.39* 0.44* 2191 36.02 34.28 4.86 7.53 12.93
Z. MTGNN (2020) 18.92 30.34 0.41 21.56  35.80 34.65 4.63 7.03 12.85
([2 PM25GNN (2020) 19.32*  30.12* 0.43* 22.01 36.21 34.12 5.24 7.86 13.43
Ll GAGNN (2023) 20.71 32.88 0.42 19.54 3337 32.95 4.32 6.53 12.43
MegaCRN (2023) 18.77 29.45 0.42 1893 3241 32.23 3.85 5.41 11.72
HimNet (2024) 20.98 33.00 0.44 20.72 3378 34.08 5.28 7.79 13.28
@ Corrformer (2023) 21.11 32.97 0.44 21.22 3493 34.97 5.95 7.71 14.37
§ AirFormer (2023) 19.17*  30.19* 0.43* 19.60 33.14 32.86 3.90 5.37 11.55
g PDFormer (2023) 19.06 30.66 0.41 19.07 32.76 32.45 3.81 5.36 11.67
2 iTransformer (2024) | 21.03 33.14 0.46 20.60 33.54 33.74 4.67 7.33 12.88
STMFormer (2025) 19.57 31.12 0.44 20.04 3321 32.52 4.22 6.05 12.69
STGODE (2021) 21.40 33.47 0.45 20.53 3346 33.83 4.56 6.71 13.01
@» STG-NCDE (2022) 21.21 33.80 0.45 21.33  35.64 34.53 4.37 6.62 13.12
UQJ STDDE (2024) 22.85 34.26 0.46 21.04 34.36 34.15 4.44 6.57 12.96
% SGODE (2024) 20.02  32.03 0.42 20.17 3323 32.84 | 4.22 5.59 12.76
AirPhyNet (2024) 21.31%  31.77* 0.47* 21.78 3543 34.80 4.79 6.80 13.10
AirDualODE (2025) | 18.64* 29.37* 0.42* 18.89  32.26 32.06 3.98 5.41 11.86
Ours ‘ AirDDE ‘ 16.92 27.78 0.38 ‘ 17.03 2991 30.82 ‘ 3.53 4.87 10.94

Table 2: Results of AirDDE and baselines. The best results are bolded, and the second best results are underlined. The results
with * are cited from AirDualODE (Tian et al. 2025), while others are rerun using their official codes under multifactor settings.

factors from 184 cities across China. China-AQI and US-
PM are provided by GAGNN (Chen et al. 2023b). China-
AQI includes AQI data and 7 meteorological factors from
203 cities across China. US-PM includes PM2.5 data and 7
meteorological factors from 175 counties across the US. The
detailed statistics of these datasets are summarized in Table
1. We follow the established preprocessing protocols from
the original dataset studies.

Baselines. We compare AirDDE with 19 competitive base-
lines over 3 groups, including (1) STGNNs: DCRNN (Li
et al. 2018), STGCN (Yu, Yin, and Zhu 2018), ASTGCN
(Guo et al. 2019), MTGNN (Wu et al. 2020), PM25GNN
(Wang et al. 2020), GAGNN (Chen et al. 2023b), MegaCRN
(Jiang et al. 2023b), and HimNet (Dong et al. 2024); (2)
Attentions: Crossformer (Zhang and Yan 2023), AirFormer
(Liang et al. 2023), PDFormer (Jiang et al. 2023a), iTrans-
former (Liu et al. 2024), and STMFormer (Li et al. 2025b);
and (3) NODEs: STGODE (Fang et al. 2021), STGNCDE
(Choi et al. 2022), SGODE (Chen et al. 2024), STDDE
(Long et al. 2024), AirPhyNet (Hettige et al. 2024), and Air-
DualODE (Tian et al. 2025).

Settings. We split the datasets following the original dataset
studies (Wang et al. 2020; Chen et al. 2023b). KnowAuir is di-
vided chronologically for training, validation, and testing in
a 2:1:1 ratio due to its ample four-year data span. China-AQI
and US-PM are divided chronologically in a 7:1:2 ratio. All
experiments are conducted on a single A100 GPU, employ-
ing the Adam optimizer with an initial learning rate of 0.005.
We set the maximum number of epochs to 100 and employ
an early stopping strategy with a tolerance of 10 epochs. For
KnowAir, we set the batch size to 64, the input length to 24
(3-day), and the output length to 24 (3-day). For China-AQI
and US-PM, we set the batch size to 32, the input length to
96 (4-day), and the output length to 24 (1-day). The num-
ber of global memory units is chosen from {8, 16, 32, 64}.
The time lag is chosen from {1, 2, 3, 4}. We use the AutoML
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Variant ‘ MAA ‘ PDE ‘ AirDDE
| woMAA  w/oGM  w/oLM | w/oPDE w/o SST w/o ATT |
Ist 15.45 15.13 15.37 15.97 15.70 15.00 14.53
2nd 20.18 18.47 17.80 19.93 18.86 19.82 17.16
3rd 21.65 19.57 18.54 21.47 19.79 21.33 18.01
AVG | 19.16 17.80 17.44 | 19.39 18.18 1878 | 1692

Table 3: MAE results of the ablation study on KnowAiir.

toolkit NNI (Microsoft 2021) and its built-in Bayesian opti-
mizer to efficiently tune the hyperparameters.

Overall Comparison

Table 2 summarizes the results of all methods. We can ob-
serve that: (1) AirDDE achieves the best performance in all
cases, outperforming the second-best with MAE reduction
of 9.23%, 9.85%, and 7.3%, on KnowAir, China-AQI, and
US-PM, respectively. This improvement highlights the ef-
fectiveness of modeling continuous-time pollutant dynamics
with delay effects. (2) AirDualODE and PDFormer exhibit
competitive results, as they address continuous-time dynam-
ics and unified delay effects, respectively. AirDDE outper-
forms them by considering delays during continuous-time
evolution, yielding more accurate forecasts with improved
physical fidelity. (3) AirDDE demonstrates the most signif-
icant improvement on China-AQI. Compared to KnowAir
and US-PM, China-AQI features finer temporal granularity,
higher pollution levels, and more locations, leading to the
most complex pollutant dynamics. AirDDE effectively ad-
dresses this complexity, as it explicitly integrates transport
paths based on distances and winds, achieving better adap-
tation to environments.

Ablation Study

MAA Module. We design three variants: (1) Removing the
entire module (-w/o MAA) and using an MLP to encode in-
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Figure 2: Results of the long-term study on China-AQI.

Dataset | Time lag | Number of global memory unit
o 1 2 3 | 8 16 32 o

China-AQI | 18.54 17.03 19.87 21.05 | 19.66 1849 17.03 18.78
US-PM 4.32 3.98 3.53 4.06 3.93 3.53 4.07 4.25

Table 4: Results of the hyperparameter study on China-AQI.

puts to get the initial state (Long et al. 2024). (2) Removing
the global memory modeling (-w/o GM). (3) Removing the
local memory modeling (-w/o LM). As shown in Table 3,
AirDDE outperforms its variants -w/o MAA, -w/o GM, and
-w/o LM, showing the contributions of memory augmenta-
tion and both global and local historical patterns to delay
modeling. In addition, -w/o MAA causes a significant drop
in 3rd-day forecasts, where historical pollution patterns are
more influential, highlighting MAA’s crucial role in long-
term forecasting.

PDE Function. We design three variants: (1) Removing
the entire module (-w/o PDE) and directly feeding encoder
states to the decoder. (2) Removing the source/sink term (-
w/o SST). (3) Removing the physics priors and replacing
with attention-based evolving function (Tian et al. 2025) (-
ATT). As shown in Table 3, AirDDE performs better than
-w/o PDE, -w/o SST, and -ATT, showing the effective-
ness of the delay-aware evolution, multifactor enhancement,
and physics priors, respectively, for continuous-time mod-
eling. In addition, the physics-guided variants, i.e., -SST
and AirDDE, outperform purely data-driven variants, i.e., -
w/o PDE and -ATT. This is because the physical priors of-
fer structural guidance to capture delay effects and maintain
consistency with real-world pollutant dynamics.

Long-Term Study

To evaluate the long-term forecasting ability of AirDDE, we
fix the input length to 7" = 96 and extend the output hori-
zon to H = {24,48,96, 168}. As shown in Fig. 2, AirDDE
consistently achieves the best performance, with its advan-
tage becoming more pronounced at longer forecasting hori-
zons. These results demonstrate its superior long-term fore-
casting capability, highlighting the effectiveness of delay-
aware continuous modeling with physical priors over ex-
tended horizons.

Hyperparameter Study

We evaluate the effect of key hyperparameters in AirDDE.
To ensure fairness, all other hyperparameters are held fixed
when varying a specific one.
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Figure 3: Station distribution of China-AQI (left) and US-
PM (right).

GPU Memory  Training Time

Method ‘ Conf. ‘ (GB) (Min/Epoch) MAE
STGODE KDD 2021 14.88 6.37 20.53
STG-NCDE | AAAI2022 5.89 39.14 21.33
AirFormer | AAAI2023 8.78 2.95 19.60
PDFormer AAAT 2023 15.71 5.04 19.07
STDDE WWW 2024 2143 24.64 21.04
SGODE AAAL 2024 12.22 11.06 20.17
AirPhyNet ICLR 2024 14.31 4.78 21.78
AirDualODE | ICLR 2025 11.14 10.09 18.89
AirDDE | Ours | 10.46 9.24 17.03

Table 5: Results of the efficiency study on China-AQI.

Time Lag 7. 7 governs the construction of transport paths
and directly influences the advection process. We vary 7
from O to 3 with a step size of 1. As summarized in Ta-
ble 4, the optimal values are 7 = 1 on China-AQI and
7 = 2 on US-PM. This is because a too-small 7 fails to
capture sufficient transport delays, whereas an overly large
T introduces outdated or less relevant historical states. In ad-
dition, the discrepancy of 7 between the two datasets reflects
dataset-specific pollutant dynamics. As illustrated in Fig. 3,
the denser station distribution in China-AQI results in rapid
and localized pollutant propagation, favoring shorter time
lags. In contrast, the sparser station distribution in US-PM
requires longer 7 to model long-range transport delays.
Number of Global Memory Units m. m controls the
model’s capacity to store global historical patterns. We eval-
uate m in {8,16,32,64}. As summarized in Table 4, the
optimal values are m = 32 for China-AQI and m = 16
for US-PM, while both larger and smaller values degrade
performance. This is because a too-small m fails to capture
diverse patterns, whereas an overly large m introduces re-
dundancy or noise, increasing the risk of overfitting. In ad-
dition, the discrepancy of m reflects the different character-
istics of the two countries. Due to higher industrial activity
and denser population centers, air quality patterns in China
exhibit more complex pollution dynamics than those in the
US, requiring greater memory capacity.

Efficiency Study

We compare the GPU memory usage, training time, and
MAE of AirDDE against competitive baselines and NODEs
on the China-AQI dataset. As shown in Table 5, we can
observe that: (1) AirDDE achieves the best prediction per-
formance with relatively reasonable computational cost. Al-
though the second-best method, AirDualODE, also shows
strong accuracy, its dual ODE solvers introduce heavy
overhead and reduce efficiency. (2) Compared with condi-



Method | Original | Missing Rate | SNR

‘ ‘ 10% 30% 50% ‘ 80db 60db 40db

AirFormer 19.17 23.09 27.83 38.44 24.68 31.85 45.84
PDFormer 19.06 22.43 29.86 4123 25.86 36.93 48.42
STDDE 22.85 26.11 32.54 40.78 28.75 3592 49.34
AirPhyNet 21.31 25.20 31.30 37.79 27.82 33.60 46.42
AirDualODE 18.64 21.10 25.83 34.82 23.46 31.14 38.42
AirDDE 16.92 18.39 22.44 29.45 21.02 26.68 3251
Impro. 923% | 12.84% 13.12% 15.42% | 14.06% 14.32% 15.38%

Table 6: MAE Results of the robustness study on KnowAuir.

tioned NODEs, i.e., STG-NCDE and STDDE, AirDDE im-
proves in efficiency and accuracy. This is mainly because
AirDDE incorporates transport paths directly into the ad-
vection term, avoiding the expensive continuous-path en-
coding while still modeling delay-aware dependencies. (3)
Compared with competitive baselines, i.e., AirFormer and
PDFormer, AirDDE incurs longer training time due to his-
torical state maintenance for delay modeling. However, it
achieves significant MAE reductions, i.e., 13.11% over Air-
Former and 10.70% over PDFormer. Moreover, AirDDE re-
mains more memory-efficient than PDFormer, demonstrat-
ing a favorable efficiency—performance trade-off.

Robustness Study

In real-world scenarios, air quality data are often irregular
due to sensor failures and noise. To evaluate the robustness
of AirDDE, we compare it with competitive baselines on
KnowAir. For missing data, following STNCDE (Choi et al.
2022), we randomly drop 10% to 50% of values for each
sensor independently. For noisy data, following CrossGNN
(Huang et al. 2023), we inject Gaussian white noise with
varying intensities, progressively decreasing the signal-to-
noise ratio (SNR) from 80 dB to 40 dB. As shown in Table
6, AirDDE consistently outperforms all baselines under both
settings, with MAE improvements increasing as data quality
deteriorates, i.e., from 9.23% to 15.42% with higher miss-
ing rates, and from 14.06% to 15.38% under stronger noise.
This trend highlights AirDDE’s superior robustness, par-
ticularly under more challenging conditions. This advance
stems from its global memory and physics-guided evolution,
which enables effective recovery and denoising via global
historical patterns while maintaining physical consistency
with real-world pollutant dynamics.

Case Study

City-Wise Advection with Delay Effects. Fig. 4 (a) il-
lustrates the AQI of Taicang, Shanghai, and Ningbo from
Nov.14 10:00, 2018 to Nov.19 10:00, 2018 in the test dataset
of China-AQI. As shown in red cycles, since the average
wind direction in Shanghai and Taicang during Nov.15 and
Nov. 18 is north and northeast, the pollutant is driven to the
downstream city, i.e, Ningbo, resulting in AQI peaks with
lags in Ningbo. As shown in the predicted results in Fig. 4
(b), compared to SOTA methods, AirDDE can effectively
capture these peaks with lags, as AirDDE explicitly consid-
ers this wind-driven delays in the advection process.

Region-Wise Advection with Delay Effects. Figure 5 il-
lustrates the PM2.5 concentration of a region in Shanxi
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Figure 4: Case of city-wise advection with delay effects.
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Figure 5: Case of region-wise advection with delay effects.

Province from 00:00 to 15:00 on December 3, 2018, using
data from the KnowAir test dataset. Each circle represents
the PM2.5 concentration at a location, with a larger radius
and deeper red color indicating higher concentration levels.
During this period, wind-driven advection transports pollu-
tants from northeast to southwest. Downwind areas receive
pollutants from upwind regions after a certain time lag, re-
flecting the inherent delay effect. Compared to predicted re-
sults from SOTA methods, AirDDE effectively captures the
transport path of pollutants, showcasing its ability to repre-
sent delay-aware pollutant dynamics.

Conclusions and Future Work

In this work, we introduce AirDDE, the first neural delay
differential equation framework that captures delay effects
during continuous-time pollutant evolution. We introduce
two novel blocks guided by physics priors: the MAA mod-
ule to capture delay effects modulated by historical multifac-
tor data and the PDE function to capture delay-aware pollu-
tant accumulation patterns. Extensive experimental results
demonstrate that AirDDE outperforms 19 competitive base-
lines, reducing average MAE by 8.79% over the best base-
lines, while demonstrating its practical strength in long-term
forecasting and robustness.

Despite such advantages, several open directions remain
for more comprehensive delay modeling. We highlight three
key areas: (1) improving the efficiency of delay state main-
tenance; (2) incorporating uncertainty into delay estimation,
given the stochastic nature of wind fields; and (3) modeling
compound delays to capture complex transport paths involv-
ing intermediate regions.
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