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Abstract. Efficient and informative air quality modeling in future emission scenarios is vital for effective formulation of

emission reduction policies. Traditional chemical transport models (CTMs) struggle with the computational demands required

for timely predictions. While advanced response surface models (RSMs) were proposed and offered much faster estimates than

CTMs
:::::::
emulator

:::::::::
techniques

::::::
greatly

:::::::::
accelerate

:::::
CTM

::::::::
simulating

:::::::
process, they fall short in providing comprehensive estimates of

future air quality due to their simplistic and inflexible structural frameworks
::
the

:::::
model

::::::::
structure

:::
and

::::::::::::
computational

:::::::::
limitations.5

Additionally, current RSMs
::::
these

:::::::::
emulators

:
often have difficulty simultaneously accounting for varying emission variables

and the effects of regional transport, which limits their applicability and undermines prediction accuracy. In this study, an

informative future air quality prediction model "TGEOS v1.0" based on the Transformer framework is developed as an efficient

agent model of GEOS-Chem v14.2.2. TGEOS is able to swiftly and accurately conduct online predictions of probability

distributions for
::::::::
efficiently

::::::::
estimate

:::
key

::::::::
statistical

::::::::
indicators

:::
of PM2.5 and O3 concentrations under future emission scenarios10

and capture potential extreme pollution events. The model incorporates sectoral emissions of up to 26 distinct species as well

as the impacts of regional emissions and meteorology on pollutant concentrations, enhancing its versatility and predictive

accuracy. The spatial and probability distributions predicted by TGEOS are in good agreement with GEOS-Chem, with the

correlation coefficients for PM2.5 and O3 exceed 0.97 and 0.96, respectively
:::
0.98

::
in

::::::::::::
high-pollution

:::::::
months. Notably, TGEOS

achieves remarkable computational efficiency, executing one-year predictions in approximately 2.51 seconds. Compared with15

other machine learning models, TGEOS based on Transformer framework showcases superior performance, underscoring the

potential of the Transformer framework in air quality modeling.
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1 Introduction

Air pollution constitutes a significant public health emergency due to its detrimental effects on human health, contributing

to approximately 6.7 million premature deaths annually (Fuller et al., 2022), particularly in fast developing countries such as20

China (Lelieveld et al., 2015; Organization et al., 2023). PM2.5 and ozone (O3), recognized as major air pollutants, demonstrate

a strong correlation with cardiovascular diseases and all-cause mortality (Al-Kindi et al., 2020). Elevated exposure to these

pollutants considerably exacerbates the public health burden (Bell et al., 2004; Chen et al., 2023a; Wei et al., 2024). PM2.5

is a complex pollutant with sources including road dust (Chen et al., 2019), fuel combustion(Bond et al., 2007), and natural

sources like wildfires (Burke et al., 2023) and dust storms (Rodríguez and López-Darias, 2024), along with secondary formation25

through atmospheric reactions (McDuffie et al., 2021). The concentration of ambient PM2.5 is influenced by local and ambient

emissions (Qiao et al., 2021). Similarly, as a secondary pollutant resulting from photochemical reactions involving various

precursors such as nitrogen oxides (NOx) and volatile organic compounds (VOCs) (Wang et al., 2017), O3 concentrations

have been shown to be sensitive to both local and regional precursor emissions (Wei et al., 2019; Wang et al., 2021; Gong

et al., 2020). PM2.5 and ozone
::
O3:

pollution has emerged as the central environmental topic in China, with multiple incidences30

of extreme air pollution occurring in typical areas such as the North China Plain (NCP) and the Yangtze River Delta (YRD)

(Silver et al., 2018; Lu et al., 2020a). Focusing on severe PM2.5 pollution in China, the Chinese government has launched a

series of emission control plans (CSC, 2013, 2018). Although the implementation of effective control policies has resulted

in reductions in precursor emissions (Zheng et al., 2021) and the consequent decrease in PM2.5 concentrations (Xiao et al.,

2021), many air pollution issues still persist. For instance, an increase in domestic surface ozone
::
O3:

levels has been observed35

between 2013 and 2020 (Han et al., 2024), as well as a rebound trend for PM2.5 pollution in recent years (Le et al., 2020; Wang

et al., 2024). Therefore, it is imperative for China to formulate more holistic and accurate emission control plans to combat air

pollution (Wang et al., 2023b; Geng et al., 2024). Concurrently, a model with the ability to rapidly and accurately predict air

pollutants concentrations under different emission scenarios is in demand for policymakers.

As comprehensive and reliable tools for simulating atmospheric processes (Seinfeld and Pandis, 2016), Chemical Transport40

Models (CTMs) are widely used to estimate air pollutant levels under different control measures (Zhang et al., 2023b). CTMs

can provide historical, current and future estimates of various air pollutants, including PM2.5 and O3, by solving mass equa-

tions with certain input dataset, e.g. emission and meteorology fields (Seinfeld and Pandis, 2016; Cheng et al., 2021; Zeng

et al., 2022), thus bridging the connection between the inputs (emission and meteorology data) and the outputs (concentra-

tions of air pollutants) (Shi et al., 2020; Yan et al., 2021). Therefore, CTMs have been used to investigate the sensitivity of45

air pollutant concentrations to anthropogenic emissions (Thunis et al., 2021) and meteorological conditions (Shi et al., 2020),

as well as to guide the formulation of air quality policies by simulating the air quality response to various emission scenarios

(Che et al., 2011; Zhang et al., 2022b, 2023b). For example, Zhang et al. (2023b) used the Weather Research and Forecasting

and Community Multi-scale Air Quality (WRF-CMAQ) model to simulate O3 concentrations under different VOCs and NOx

emission reduction scenarios in Northeast China to explore effective control strategies for ozone
:::
O3 pollution; Zhang et al.50

(2022b) used the Goddard Earth Observing System with Chemistry model (GEOS-Chem), a CTM with the advantage of incor-
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porating advanced gas-aerosol chemistry and consistently evaluating against atmospheric observations (Lu et al., 2020b; Hu

et al., 2017), to evaluate the bene�ts of different NH3 emission reduction strategies for PM2:5 mitigation in China. Although

CTMs demonstrate considerable accuracy in air pollution modeling, they also present notable limitations (Salman et al., 2024),

including substantial consumption of computational resources and inef�ciencies when conducting long-term simulations over55

extensive areas or high-resolution grids (Thompson and Selin, 2012). Typically, for GEOS-Chem version 14.2.2, on a com-

putational clusterutilizing 32 cores,a
:::::::::
mentioned

::
in

::::::
Section

::::::
2.1.2,

:
a

:::::::::
standalone

:
1-year full-chem nested simulation of China

at a resolution of 0.5
:
° × 0.625

:
°
:
requires approximately 350 hours, and this duration is expected to increase when conducting

simulations at �ner resolutions or over extended time periods. This limitation makes it impossible for CTMs to meet the needs

of policymakers for timely online responses to future air quality under interested scenarios.60

To address
::
To

:::::::::
overcome the computational challenge and ef�ciently retrieve the nonlinear relationship between emissions

and concentrations, data-driven statistical emulators have been proposed to accelerate numerical simulations (Castruccio et al.,

2014).A
::
As

:
a
:::::::::::::
simpli�ed-form

::
of

::::::
CTM,

:
a

:
reliable emulator canaccuratelydepict

:::::::::
effectively

::::::
capture

:::
the intricate relationships

betweeninputsandoutputs,suchas from emissionsto concentrations. It canalso faithfully approximatethe fundamental

mechanismsof atmosphericmodels,therebygeneratingnumericalsimulationsthat exhibit a high degreeof consistencyto65

the model (Salman et al., 2024). Among all the emulators,
::::::::
important

:::::
CTM

::::::
inputs

::::
and

:::::::::::
concentration

::::::::
outputs,

:::
and

:::::::
rapidly

:::::::
estimate

:::::::::::::
"CTM-aligned"

::::::::::::
concentrations

:::
of

:::::::::
pollutants.

:
Response Surface Model (RSM)is the most widely usedmethod.It

is a statisticalmethod
:
,

::::::
served

::
as

:::::::::
statistical

:::::::::
surrogates

:
developed by the US EPA (EPA, 2006)that usesthe maximum

likelihood estimation- empirical best linear unbiasedpredictors(MLE-EBLUPs) technique(Santner et al., 2003)to estab-

lish thecomplexrelationships between emission ratesof severalpollutantsandthe responsesthey produceon the pollutant70

concentrationsby �tting responsesurfacesof thenonlinearsystem(Box and Draper, 2007), andprovidebestestimateof the

pollutant.When given someunknownemissionscenarios,RSM can rapidly retrievethe changesof aimedconcentrations

without additionalCTM simulation involved (Wang et al., 2011). RSM techniquehas
:::
and

:::
the

::::::::::::
concentration

::::::::
responses

:::
of

:::::
CTM,

:::
has

:::::
been

:::::::::::
continuously

::::::::
developed

:::::
since

:::
the

::::
past

:::::::
decade.

:::::
RSM

:::::::::
techniques

::::
have

:
been successfully employed in the re-

sponse modeling of PM2:5 (Wang et al., 2011) andozone
:::
O3 (Xing et al., 2011) to precursor emissions in China for typical75

regions.SinceconventionalRSM commonlyrequiresa largenumberof CTM simulationsto �t reliable responsesurfaces

(Xing et al., 2011; Zhao et al., 2015), notableadvancesfocusingon enhancementsin both ef�ciency and accuracyin RSM

technologyhavebeenachieved(Li et al., 2022). Forexample,ExtendedResponseSurfaceModels(ERSMs)(Zhao et al., 2015; Xing et al., 2017)

allow for theincorporationof a greaternumberof variablesandgeographicalregions,improvingalignmentwith independent

CTM simulationscomparedwith traditionalRSM (Zhao et al., 2015; Xing et al., 2017). Moreover,the polynomial function80

basedRSM (
::
To

:::::::
address

:::
the

:::::::
inherent

::::::::::::
computational

::::::
burden

::::::::
stemmed

:::::
from

::::::::::
considerable

:::::::::
advanced

:::::
CTM

:::::::
supports

:::
for

::::::
model

:::::::
building

:::::::::::::::
(Xing et al., 2011),

:::::::::
optimized

:::::::
versions

::
of

::::::::::
conventional

:::::
RSM

::::
were

:::::::::
developed,

::::
such

::
as

::::::
ERSM

::::::::::::::::::::::::::::::
(Zhao et al., 2015; Xing et al., 2017)

:::
and pf-RSM) iscapableof quantifyingthenonlinearrelationshipsbetweenairpollutantconcentrationsandprecursoremissions

by �tting CTM simulationsto aseriesof polynomialfunctionsandmitigatingthecomputationalburdenthroughdecreasingthe

numberof requiredCTMs up to 60%(Xing et al., 2018). Recently
:::::::::::::::
(Xing et al., 2018)

:
.

::::::::
Recently,

::::
novel

::::::::
machine

:::::::
learning

:::::
(ML)85

:::::::::
techniques,

:::
for

::
its

::::
well

:::::::::::
performance

::
in

:::::::::
simulating

:::::::
complex

:::::::::
non-linear

:::::::::::
relationships

::
in

::::::::::
atmospheric

:::::::
systems

:::::::::::::::
(Liu et al., 2021)
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:::
and

:::::::
dealing

::::
with

:::::
tasks

::::::::
involving

::::::::
multiple

::::::::
variables

:::
and

:::::::::
objectives

::::::::::::::::::::::::::::::::::::
(Masmoudi et al., 2020; Huang et al., 2021)

:
,

::::
have

:::::
been

::::::::
employed

::
in

::::
RSM

:::::::::
techniques

::
to

::::::
further

:::::::
optimize

::::::::
modeling

:::::::::
ef�ciency

:::
and

:::::::::
estimation

:::::::
accuracy

::
of

:::::
RSMs

::::::::::::::::::::::::::::
(Xing et al., 2020; Li et al., 2022)

:
.

:::::
Based

:::
on

:::
this

:::::::::
advantage, many studies haveusednovel machinelearningtechniquesto acceleratethe modelingprocessof

RSM by further reducingthe numberof requiredCTMs. For instance,Deep-RSM,developedby Xing et al. (2020)using90

convolutionneuralnetworks(CNN), requiresonly two CTM cases(i.e., baseand control scenarios)to startupthe model;

Self-adaptiveRSM(SA-RSM,Li et al. (2022)) furtherreducesthenumberof requiredCTMsfor pf-RSMmodelingbyemploying

a stepwiseregressionmethodto estimatethecoef�cientsof polynomialfunctions
::::::::
attempted

::
to

:::::
build

:::::::
effective

:::::::::
emulators

:::::
using

::::
pure

:::
ML

:::::::
method

:::::::::::::::::::::::::::::::::
(Huang et al., 2021; Zhang et al., 2023a)

:
.
:::
For

::::::::
example,

::::::::::::::::::
Zhang et al. (2023a)

::::
used

::::::::
ResCNN

:::::::::
framewoek

:::
to

::::::
predict

:::::
annual

::::::
PM2:5::::::::::::

concentration
::::
from

:::::
fossil

::::::
energy

:::
use

::::
and

:::::
reveal

:::
the

::::::::::
co-bene�ts

::
of

:::
the

::::::
energy

:::::::::
transition,

::::::::::::
demonstrating95

::
the

::::::::
potential

::
of

::::
ML

::::::
method

::
in

:::::::::
addressing

:::
the

::::::::
emulator

::::::::
modeling

::::
task.

Although existing RSM techniques
:::::::
Although

:::::::
existing

::::::
CTM

::::::::
emulators

:
exhibit more ef�ciency than traditional CTM in

predictingtheresponseof
::::::::
estimating

:::
the pollutant concentrations to a wide range of emission changes, there are still several

issues to be addressed. Firstly, due to thestructurallimitationsthatrestrictthemodelfrom executingmulti-targetpredictions,

existing techniquesfocus mainly on the responseof averageof the target pollutantsover a period of time, such as the100

monthly average(Huang et al., 2021). However,predicting the singular monthly averageof pollutant concentrationsmay

overlook critical variationsthroughoutthe month, suchas extremevalues(Guo et al., 2020; Zhao et al., 2022). Therefore,

theseapproachesfall shortin providingacomprehensiveevaluationof futurepollutionstates,including
:::::::::
computing

:::::::::
limitations

:::::::::::::
(Liu et al., 2022)

:
,
:
the

:::::::
temporal

::::::::
resolution

:::
for

:::::
some

::::::::
emulators

::::
was

::::::::::
constrained

::::
with

::::::
annual

:::::
scale,

:::::
which

:::::::
greatly

::::::
prevent

:::::
these

::::::::
emulators

::::
from

::::::::
providing

:::::::
detailed

:::::::::
estimations

:::
of

::
air

::::::::
pollutants

::::
such

::
as

:::::::
extreme

::::::
values

:::::::::
throughout

:::
the

:::
year

::::::::::::::::::::::::::::::
(Guo et al., 2020; Zhao et al., 2022)105

:
.

::::::::
Secondly,

:::::
while

::::::
some

::::::::
emulators

:::::
have

:::
the

:
ability to identify potential extremepollution eventsunder various emission

scenarios.Secondly,RSMtechniques
::::
offer

::::::::::::
concentration

:::::::::
estimations

::::
with

::::
�ner

::::::::
temporal

:::::::::
resolution,

::::
they

:::
still

::::
have

::::::::::
limitations.

::
On

::::
one

:::::
hand,

:::::::::::
RSM-based

::::::::
emulators

:
rely on the polynomial assumption, leading to its disadvantage to cope with high-

dimension problems. As the number of input variables increases, the complexity of RSM model grows, necessitating a larger

number of samples for accurate �tting (Zhao et al., 2015) and potentially leading to multi-collinearity issues (Xing et al., 2018).110

This limitation restricts the applicability ofRSM
::::
these

::::::::
emulators

:
to more intricate emission scenarios. Therefore, existingRSM

studies
::::::::::
RSM-based

::::::::
emulators

:
have primarily concentrated on emissions of a few major pollutants and the add-up emissions

:::::::::::::::
(Xing et al., 2020), failing to address air quality response under more detailed scenarios that incorporate sectoral emissions and

a broader range of emission species.While ERSMconsidersemissionsectors(Zhao et al., 2015), the inherentlimitationsof

RSM in handlinghigh-dimensionaldataresultin a substantialrequirementfor CTM samples
::
On

:::
the

:::::
other

:::::
hand,

:::::
some

::::::
studies115

::::::
directly

::::
used

::::::
in-situ

:::::::::::
observations

::
as

::::::
targets

:::::
based

:::
on

::::
ML

::::::
method

::::::::::::::::::
(?Zhang et al., 2023a)

:
,
::::::
which

:
is

:::::
easy

::
to

::::::
employ

::::
and

:::::
more

:::::::::
convenient

::::
than

:::::
those

::::::::::
RSM-based

:::::::::
emulators.

::::::::
However,

::::
these

:::::::
models

:::
are

::::::::::
constrained

::
by

:::
the

::::::
limited

:::::::
number

::
of

::::::::::::
observational

:::
data

:::::::
stations

:::
and

::::
are

:::::::
therefore

::::::
unable

::
to

:::::::::
effectively

::::::
assess

:::
air

::::::
quality

::
in

::::::
regions

::::::
where

:::::::::::
observational

:::::::::::
infrastructure

::
is

:::::::
lacking

:::::::::::::
(Xu et al., 2022)

:
.

:::::::::::
Furthermore,

:::
due

:::
to

:::::::::
insuf�cient

::::::::::::
observational

::::
data,

:::::
these

::::::
models

:::::
often

:::
do

:::
not

::::
have

:::::::
enough

::::::::::::
representative

::::::
samples

:::
to

::::::
achieve

:::::::
accurate

::::::
model

::::::
�tting,

:::::
which

:::::
leads

::
to

::::::::::
suboptimal

::::::::
predictive

:::::::::::
performance

:::::::::::::::
(Tang et al., 2024)

:
.

::
In

::::::::
addition,120

::::::::
traditional

::::
ML

:::::::
models,

::::
such

::
as

::::::::::
Multi-Layer

::::::::::
Perceptron

::::::
(MLP)

:::
and

:::::::
Random

::::::
Forest

:::::
(RF),

::::
may

:::
not

::::
fully

:::::::
capture

:::
the

::::::::
nonlinear
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::::::::::
relationships

::
in

:::::::
complex

:::::::::::
atmospheric

:::::::
variables

::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
(Masmoudi et al., 2020; Natarajan et al., 2024; Abuouelezz et al., 2025),

::::::
which

:::::
further

:::::::::
undermine

:::::
their

:::::::::
predictions.

:::::::
Thirdly, thuscon�ning its applicationto modelingstudiesin smallerareas.Thirdly, current

RSMse.g.pf-RSM (Xing et al., 2018)andSA-RSM(Li et al., 2022)
::::
some

::::::
current

:::::::::
emulators account for each spatial grid

::
or

:::::::::
observation

:::
site

:
independently while neglect the impact of surrounding emissions

::::::::::::::::::::::::::::::::::::::::::::
(Xing et al., 2018; Li et al., 2022; Zhang et al., 2023a)125

, which have been shown to affect local pollutant concentrations (Cheng et al., 2019).While ERSM (Zhao et al., 2015)has

consideredregionaltransportof emissions,it requiresa substantialnumberof scenariosimulationsto ensurethe accuracy

of the model (Zhao et al., 2015; Xing et al., 2017). For example,modelingfor a middle-scaleregion typically necessitates

hundredsof scenariosassupport(Zhao et al., 2015). The computationalburdensigni�cantly limits
:::::::
Although

:::::::
certain

::::::
studies

::::
have

::::::::
employed

::::::::::::
convolutional

::::::
neural

:::::::
network

:::::::
(CNN)

:::::::::::
architectures

:::::::
capable

::
of

:::::::::
capturing

::::
local

::::::::
features

::
to

:::::::
develop

:::::::
models130

::::::::::::::::::::::::::::::::::::::::::::
(Xing et al., 2020; Huang et al., 2021; Liu et al., 2022),

:::
the

::::::::::::
computational

:::::::
resource

:::::::::
constraints

::::
have

::::::::
hindered

::::
these

::::::::::::
"face-to-face"

::::::
models

::::
from

:::::::::
processing

:::::
large

:::::::
volumes

::
of

::::::
feature

::::::
inputs.

::
As

::
a

:::::
result, the application ofthis technologyonanationalscale.

::::
such

::::::
models

::
is

::::::
limited

::
in

:::::
terms

::
of

::::::::
emission

::::::
details

:::
and

::::::::
research

:::::::
domain. In summary, given that existing techniques inadequately

address the challenges associated with high temporal-resolution prediction, inapplicability of multivariate scenarios, and neg-

ligence of emission transport,developinga comprehensivenational-level"emission-concentration"predictivemodelposesa135

signi�cant challenge
:
it

::::
still

::
be

:
a
:::::::::
signi�cant

::::::::
challenge

::
to

:::::::
develop

::
a

::::::::::::
comprehensive

::::::::
emulator

:::::
using

::::
more

::::::::
advanced

:::::::
method.

Machinelearning(ML), asanoveltechniqueadeptatuncoveringintricatepatternswithin high-dimensionaldata(LeCun et al., 2015)

, excelsin simulatingcomplexnon-linearrelationshipsin atmosphericsystems(Liu et al., 2021), particularlyfor tasksinvolving

multiple variablesand objectives(Masmoudi et al., 2020; Huang et al., 2021). ML hasbeenusedto assistthe modelingof

RSM (Xing et al., 2020; Li et al., 2022), as well as the simulationof somekey mechanismsto accelerateCTM simulation140

(Liu et al., 2021; Kelp et al., 2022). Recently,Huang et al. (2021)developedaneuralnetwork-basedchemicaltransportmodel

(NN-CTM) usingadvanceddeeplearningmethodsto independentlyapproximatethe actualCTM for simulatingseveralair

pollutants,showcasingtheef�cacy of machinelearningin "emission-concentration"modelingwithout relyingonRSM.

Transformer, as a renowned machine learning architecture characterized by the self-attention mechanism (Vaswani, 2017),

has been substantially applied in the natural language process and image classi�cation due to its ability of feature extraction and145

long-range dependency modeling (Devlin, 2018; Zhou et al., 2024). The self-attention mechanism facilitates the simultaneous

evaluation of all positions within the input sequence and allows the model to discern dependencies across various species (Zhou

et al., 2024), thus enabling the model to handle sophisticated high-dimensional data. The utilization of Transformer architecture

for modeling in atmospheric science has become progressively more prevalent, exempli�ed by their incorporation into air

quality forecasting, e.g. Informer (Zhou et al., 2021) and AirFormer (Liang et al., 2023), along with large-scale meteorological150

models for numerical weather prediction, such as Pangu (Bi et al., 2022), Fuxi (Chen et al., 2023c), and Fengwu (Chen et al.,

2023b). This trend highlights the advantages of Transformer-based models over traditional approaches such as Random Forest

and Multilayer Perceptron, especially in terms of their ability to capture complex patterns and relationships in data. However,

owing to the stringent requirements in terms of datasets (Narayanan et al., 2021) and hardware resources (Vaswani, 2017), the

application of the Transformer architecture in "emission-concentration" predicting research has been limited.155
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In this study, we proposed anhighly-ef�cient andinformativeair quality agentpredictionmodel(TGEOSv1.0),which is

:::::::
ef�cient

:::::::
emulator

::
of

:::::::::::
GEOS-Chem

:::::::
v14.2.2 based on Transformer architectureasaGEOS-Chemagentmodel

:
,

::::
with

::
the

:::::::::
capability

::
to

::::::
provide

:::::::::::
"GC-aligned"

:::
air

::::::
quality

:::::::::
predictions

:::::
under

::::::
future

:::::::
emission

::::::::
scenarios

::
in

:::::
China. It is referred to as "TGEOS" through-

out this paper.Relative
:::::::
Superior to earlier studies,this researchoffers severalsigni�cant bene�ts. First, TGEOSis able to

predictthe
:::::::
TGEOS

:
is

:::::::
capable

::
to

:::::::
provide

:::::::::
informative

::::::::::
predictions

:::::
about

::::::
critical

::::::::
statistical

::::::::
indicators

:::
of

:::::::
monthly

:::::
PM2:5::::and

:::
O3160

::::::::::::
concentrations

::::
(e.g.,

:::::::::::
75-percentile

::::
and

::::
max

::::::
values),

::::
and

::::
then

::::
have

:
a

::::::
general

::::::::::::
understanding

::
of

:
probability distribution of future

air quality underdifferent emissionscenarios
::::::::
pollutants. Compared to solely average estimated by previousRSM methods,

probability distribution
:::::::
methods

:::::::::::::::::::::::::::::::
(Liu et al., 2022; Zhang et al., 2023a),

::::::::::
probability

::::::::::
distributions

:
can provide informative fre-

quency distributions of pollutants (Yang and Wu, 2022).Theprobabilitydistributionshavebeenused
::::
Many

::::::
studies

:::::
have

::::
used

:::::::::
probability

:::::::::
distribution

::::::
curves

:
to represent future states of PM2:5 (Li et al., 2024) and O3 (Zeng et al., 2022) concentrations in165

diverse emission scenarios, and to explore any extreme pollution events that are typically represented by the high-end tail of

the probability distribution curve (Zhang et al., 2018; Lu et al., 2020a), as well as the related health impact (Tian et al., 2022).

Second, TGEOS is suitable for concentration prediction in more comprehensive scenarios that include multiple precursor

emissions from multiple sectors. Speci�cally, in contrast toRSMswith
::::::
previous

:::::::::
emulators

::::::
limited

::
by

:
scarce emission variables

::::::::::::::::::::
(Xing et al., 2011, 2020), sectoral emissions for 26 precursor emissions encompassing over 18 VOC species are incorporated170

into this model, which enhances the model's capacity to address more �exible demands of policymakers towards interested

emission scenarios. Third, given the signi�cant in�uence of regional transport on local pollutant concentrations (Qiao et al.,

2021) and the inability of current technologies to simultaneously consider the impact of regional transport and detailed emission

variables, the effects of adjacent grids consist of emission, meteorological conditions, as well as geo-spatial data are taken into

account to ensure the accuracy of predictions. In addition, with the use of the Transformer framework, TGEOS demonstrates175

signi�cantly enhanced predictive accuracy compared toestablished
::::
other machine learning modelslike Multi-Layer Perceptron

(MLP) andRandomForest(RF).

This paper is organized as follows: Section 2 introduces the dataset and methodology used for this study; Section 3 presents

an in-depth analysis of TGEOS's performance on the test set, along with a comparative evaluation highlighting its advantages

over alternative models; Conclusions are then summarized in Section 4.180

2 Dataset and methodology

2.1 Dataset

To meet the demands of deep learning model training, we created a multi-scenario dataset based on several meticulously

crafted emission scenarios and their corresponding GEOS-Chem simulations. The compilation of this dataset primarily consists

of three components: generating multi-scenario emission inventories, conducting GEOS-Chem simulations, and assembling185

samples. The details of this process are discussed below.
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2.1.1 Multi-scenario inventory

As a prerequisite to simulate future air quality, we�rst produced a multi-scenario emission inventory of 36 emission scenar-

ios, including 24 future emission scenarios, 11 �ne-tuned scenarios and 1 background scenario. Detailed information on the

inventory is shown in Table 1. We �rst used 24 future emission scenarios based on the DPEC (Dynamic Projection model190

for Emissions in China) platform (http://meicmodel.org.cn) to initially construct the data set. As a dynamic model devel-

oped by Tsinghua University (Tong et al., 2020), DPEC can re�ect the dynamic changes of China's future emissions under

various socioeconomic and policy control scenarios, and provide detailed gridded emission data, including emissions with

different control scenarios, emission sectors and spatial coordinate information.Speci�cally, we designedtwo scenariosets

of
:::
The

::::::::::::::
DPEC-provided

::::::::
scenarios

:::
are

::::::
widely

:::::::::
recognized

::
as

::
a

::::::
reliable

:::::
basis

:::
for

:::::::::
projecting

::::::
China's

::::::
future

:::::::
emission

::::::::::
trajectories195

::::::::::::::::
(Cheng et al., 2021).

:::::::
Firstly,

:::
we

:::::::::
constructed

::
a

:::::::
scenario

:::
set

::::::
named

:
"DPEC-SSPandDPEC-CA

:
" to represent emission scenar-

ios under different socio-economic scenarios and different emissionreductionpolicies,respectively
::::::
control

:::::::
policies. DPEC-

SSP was selected from DPECv1.0 (Tong et al., 2020) and consists of �ve sub-scenario sets (SSP1-5). Data
::::
SSP1

::
to

::::::
SSP5)

::
as

:::::::::::
combinations

::
of

::::::::
different

:::::::
climate

::::::::
scenarios

::::
(i.e.,

::::::::
SSP1-26,

::::::::
SSP2-45,

::::::::
SSP3-70,

:::::::::
SSP4-60,

::::::::
SSP5-85)

:::
and

::::::::
pollution

:::::::
control

:::::::
scenarios

:::::
(i.e.,

::::::::::::::::
Business-As-Usual,

:::::::::::::::::::::
Enhanced-control-policy,

::::::::::::::::
Best-Health-Effect).

::::::::
Sectoral

::::::::
emissions

:
of 2030, 2040 and 2050200

were selected in each sub-scenario, and each of them was treated as an independent emission scenario forour
:::
the multi-scenario

inventory.
:::::::::::
Furthermore,

::
to

::::::
capture

::::::::::::
policy-driven

:::::
“clean

::::
air”

::::::::
pathways

::::
such

::
as

::::::
carbon

:::::::
peaking

::::
and

::::::
carbon

::::::::
neutrality

::::::
targets

::
in

:::::
China,

:::::::
another

:::::::
scenario

:::
set, DPEC-CAwasselectedfrom ,

::::
was

::::::::
developed

:::::
based

:::
on DPECv1.2 (Cheng et al., 2023)and

::::::
dataset.

:::
The

:::::::::
DPEC-CA

:
was composed of three sub-scenario sets including "clean air", "on-time peak-clean air", and "early peak-net

zero-clean air".Similarly, weselectedthreeyearsof datafor each
::::
Each

:::
of

::::
these

:::::::
scenario

::::
was

:::::::::
constructed

:::
on

:::::
SSP1

::::::::::
assumption,205

::::::
without

::::::::::
introducing

::::::::
additional

::::::
climate

:::
or

::
air

::::::::
pollution

::::::
control

:::::::
policies,

::
to

:::::
re�ect

::::::::
different

::::::::
short-term

::::::
carbon

::::::::
emission

::::::::
reduction

::::::
policies

::
in

::::::
China.

:::::::::
Compared

::::
with

::::::::::
DPEC-SSP,

:::::::::
DPEC-CA

::::::::
scenarios

::::::::
represent

::::
more

::::::::
stringent

:::::::
emission

::::::
control

:::::::
policies

:::
and

::::
can

::::::
provide

:::::
more

::::::::::
“low-value”

::::::::
samples

::
to

::::::
enrich

:::::::
training

:::
set.

:::::::
Similar

::
to

::::::::::
DPEC-SSP,

:::::
three

:::::
years

::::::
(2030,

:::::
2040,

::::
and

:::::
2050)

:::::
were

::::::
selected

:::::
from

::::
each

::::::::::
DPEC-CA sub-scenariosetas independentemissionscenarios

:
,

::::
with

::::
each

::::
year

::::::
treated

:::
as

::
an

:::::::::::
independent

:::::::
emission

:::::::
scenario.210

::::
Since

::::
the

::::
unit

::
of

:::::::::::::
DPEC-SSP/CA

:::::::::
emissions

::
is

::::::
t/grid,

::::::
which

::
is

:::::::::::
incompatible

:::
for

::::::::::::
GEOS-Chem

:::::::
running,

:::
we

:::::
used

::::::
MEIC

::::::::
inventory

::::
with

::::
t/grid

::
as

::::
unit

::
at

::::
2017

::
as

::
a

:::::::::
benchmark

:::::::
(denoted

::
as

:::::::::
b-MEIC),

:::
and

:::::
make

::::::::::
elementwise

::::::::
divisions

:::::::
between

:::::
DPEC

::::
and

:::::::
b-MEIC

::
to

:::::
obtain

::
a

:::::
series

::
of

:::::::
monthly

::::::::
emission

::::::::
coef�cient

::::::::
matrices

::
for

:::::::
various

::::::
species

::
in

::::
�ve

::::::
sectors,

::::::
namely

::::::
power,

::::::::
industry,

:::::::::
residential,

::::::::::::
transportation,

::::
and

:::::::::
agriculture.

::::::
Since

:::
the

:::::::
majority

::
of

:::::
grids

::::
with

::::::::
emission

:::::
factor

:::::::
smaller

::::
than

:::
2.0

:::::::
(>80%)

::::
and

::
to

::::::
prevent

::::::::
abnormal

::::::
values

:::
due

::
to

:::::::::
magnitude

:::::::::
difference

::
of

::::
two

::::::::::
inventories,

:::
the

::::::::
threshold

::
of

:::::::
emission

::::::
factors

::::
was

:::::::::
arti�cially

:::
set215

::
to

:::
2.0.

::::::::::::
Subsequently,

::
we

::::
took

:::
the

::::::
Schur

::::::
product

::
of

:::
the

:::::::::
coef�cient

:::::::
matrices

::::
and

::::::::::::
corresponding

:::
part

::
of

::::::
MEIC

::::::::
inventory

::::
used

:::
for

:::::::::::
GEOS-Chem

:::::
input,

::::
with

:::
unit

:::
of

:::::::
kg/m2/s,

::
to

:::::::
generate

::::::::
emission

:::::::::
inventories

::::::::
projected

::::
with

::::::::::::::
DPEC-SSP/CA.

In addition, in order to improve the generalization ability of the model, we designed10randomscenariosbasedon�ne-tuning

experiments
::
11

::::::::::
perturbation

::::::::
scenarios

:::::
using

::::
data

::::::::::
assimilation

::::::
tuning

:::::::
method

::::::::
(denoted

::
as

:::::::
"Tuning

:::::::::
scenarios"

::
in

:::::
Table

::
1), in-

cluding emission scenarios with different emission factors ranging from 0 to 2.0 for each emission species and emission sector,220
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sothatthemodelcanbetterunderstandtherelationshipsbetweenvariousfeaturesandmodelperformancecanbesubstantially

improved
::::::
thereby

::::::::
expanding

::::::::
coverage

::
of

:::
the

:::::
input

:::::
space

:::
and

::::::::
reducing

:::
the

:::
risk

::
of

:::::::::::
extrapolation

::
to

::::::
unseen

::::::
values,

:::::::::
especially

:::
for

::::
those

::::::::::
predictions

:::::
under

::::
high

:::::::
emission

::::::::
scenarios. These emission factors were generated for representing the spatial variability

that widely used in data assimilation (Jin et al., 2023). The detailed process for generating these stochastic emission factors is

discussed in the Text S1.225

Foreachemissionscenario,wedividedit by the2017MEIC inventoryto obtainaseriesof monthlycoef�cient matricesfor

the emissionsof variousspeciesin �ve sectors.It is worth noting that sincethe units of DEPCandMEIC dataaretonsper

grid, signi�cant variationareexhibitedbetweenadjacentgrids.Thus,we setthemaximumvalueof eachcoef�cient matrix to

2.0whenmakingtheDPECscenariosto avoidabnormalemissioncoef�cientsdueto magnitudedifferences.Subsequently,we

multiplied thegeneratedcoef�cient matricesto thecorrespondingpartof theoriginal inventoryusedfor GEOS-Cheminput to230

obtainthemulti-scenarioinventorythatre�ect thecontrolof eachscenario.Thenewinventorywasemployedin GEOS-Chem

simulatingto obtainPM
:::::::
Focusing

::
on

:::::
eight

:::
key

::::::::
emission

::::::::
variables

:::
that

:::::::::::::
predominantly

::::::::
in�uence

:::
PM2:5 and O3 concentrations

underfutureemissionscenarios.
::::::::::::
concentrations

:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
(Pinder et al., 2007; Wang et al., 2013; Lu et al., 2019; Skyllakou et al., 2021; Lai et al., 2021)

:
,

::
we

::::::::
analyzed

:::
the

::::::::::
distributions

::::::
across

::::
three

::::::::
emission

:::::::
scenario

::::
sets:

::::::::::
DPEC-SSP,

:::::::::
DPEC-CA,

::::
and

:::::
tuning

:::::::::
scenarios.

::
As

:::::::::
illustrated

::
in

:::
Fig.

:::
S2

:::
and

::::
Fig.

:::
S3,

::::::::
although

:::
the

::::::::::
magnitudes

:::
are

::::::::
generally

::::::::::
comparable,

:::::::::
noticeable

:::::::::
differences

::::::
among

:::
the

:::::
three

::::::
curves

:::
are235

::::::
evident

:::
for

::::
each

:::::::
emission

::::::::
variable,

::::::
thereby

::::::::::
con�rming

:::
the

:::::::::
separability

:::
of

::::
these

:::::::
datasets.

:

Table 1.Description of multi-scenario inventory.

Scenario set Sub-scenario set Independent scenarios Description

DPEC scenarios

DPEC-SSP

(1) SSP1 (2030, 2040, 2050)

(2) SSP2 (2030, 2040, 2050)*

(3) SSP3 (2030, 2040, 2050)*

(4) SSP4 (2030, 2040, 2050)

(5) SSP5 (2030, 2040, 2050)

SSP1-26-BHE control

SSP2-45-ECP control

SSP3-70-BAU control

SSP4-60-BAU control

SSP5-85-BHE control

DPEC-CA

(1) ep (2030, 2040, 2050)

(2) otp (2030, 2040, 2050)

(3) ca (2030, 2040, 2050)

early_peak-net_zero-clean_air control

on-time_peak-clean_air control

clean_air control

Finetuning
:::::
Tuning scenarios -

tun0.05, tun0.2, tun0.4, tun0.6, tun0.8,

tun1.0, tun1.2, tun1.4, tun1.6, tun1.8,

tun1.95

Random scenarios generated by tuning experiments

Background scenario - base2017 Original 2017 emission scenario

* Samples corresponding to six scenarios from SSP2 and SSP3 in the multi-scenario dataset were utilized for model testing, whereas the remaining samples were

employed for model training.
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2.1.2 GEOS-Chem con�guration

The GEOS-Chemchemistry
:::::::
chemical

:
transport model (http://www.geos-chem.org, version 14.2.2)

::::
(GC) was used to simulate

the spatiotemporal distribution of surface PM2:5 and O3 concentrations under different emission scenarios based on year 2017.

The nested model was con�gured with a horizontal resolution 0.5° latitude by 0.625° longitude covering China (from 17.5 to240

54°N and 72 to 136°E) and 47 vertical layers. Boundary condition �les for model startup were offered by 1-year global GC

simulation
::::
after

::::::
spin-up

::
of

::
6

::::::
months

:
with a horizontal resolution of 2° latitude by 2.5° longitude. Assimilated meteorological

data from the NASA Global Modeling and Assimilation Of�ce's Modern-Era Retrospective analysis for Research and Appli-

cations Version 2 (MERRA-2) (Gelaro et al., 2017) were selected as meteorology �elds entering the model.
::::::
through

::::::::
HEMCO

:::::::
interface,

:::::
with

:::
the

:::::
3-hour

::::::::
temporal

:::::::::
resolution

:::
and

::::
0.5°

::
�

::::::
0.625°

:::::
spatial

:::::::::
resolution.

:::::::::
Consistent

::::
with

::::::::
previous

::::::
studies

::
on

::::::
future245

::
air

::::::
quality

::::::::::
assessment

:::::::::::::::::::::::::::::::::::::::::::
(Shi et al., 2021; Liu et al., 2022; Wang et al., 2023a),

:::
the

:::::::::::::
meteorological

:::::
inputs

:::::
were

::::
�xed

::
at

:::::
2017

:::
for

::
all

::::::::::
simulations

::
in

::::
this

:::::
study

::
to

::::::
isolate

:::::::::::
concentration

:::::::
changes

::::::::::
attributable

:::::
solely

:::
to

:::::::
emission

:::::::::
variations.

:
The Multi-resolution

Emission Inventory for China (MEIC, http://meicmodel.org/) (Li et al., 2017) and the multi-scenario emission inventories with

a horizontal resolution of 0.25° latitude by 0.25° (as detailed in 2.1.1) were used as the monthly anthropogenic emissions

to simulate PM2:5 and O3 concentrations under various emission scenarios. For anthropogenic emissions out of China, we250

used data from the Community Emissions Data System (CEDS) inventory(Hoesly et al., 2018).
:::::::::::::::::
((Hoesly et al., 2018)

:
).

::::
All

::
the

::::
GC

::::::::::
simulations

::
in

:::
this

::::::::
research

:::::
relied

:::
on

:::::::
identical

:::::::::::::
con�gurations:

:::::::::::
GEOS-Chem

::::::
version

:::::::
14.2.2,

::::::::
compiled

::::
with

::::::::
OpenMP

:::::::::::
parallelization

::::::::::::::::::::::
(OMP_NUM_THREADS

:
=

::::
32),

:::::::
executed

:::
on

:
a

:::::
Linux

::::::
cluster

::::
node

::::::::
equipped

::::
with

:::
two

:::::::
Intel(R)

:::::::
Xeon(R)

::::::::
E5-2620

::
v4

:::::
CPUs

::
(8

:::::
cores

:::
per

::::::
socket,

:::
32

::::::
logical

:::::::::
processors

::::
total)

::::
and

::
62

:::
GB

::::::
RAM.

:

2.1.3 Multi-scenario dataset255

As demonstratedin Table2, Sectoralemissiondatafor 26 precursorsacrossall grid cells in eachscenariowereutilized as

training features.
:::::
Before

::::::
model

:::::::
training

::::
and

:::::::::
evaluation,

:::
we

::::::::::
constructed

::
a

::::::::::::
multi-scenario

:::::::
dataset

:::
by

:::::::::
combining

:::::::::
emissions

::::
with

:::
the

::::::::::::
corresponding

::::
GC

::::::::::
simulations,

:::
as

::::::::::
summarized

:::
in

:::::
Table

::
1.

:::::
Each

::::::
sample

:::
in

:::
this

:::::::
dataset

::
is

:::::::
de�ned

::
on

::
a

::::::::
grid-cell

::::
basis.

::::
All

::::::::
emission

::::
data

::::
were

:::::::::::
interpolated

::
to

::
a

::::::
spatial

::::::::
resolution

:::
of

::::
0.5°

::
�

::::::
0.625°

::
to

::::::
match

:::
the

::::
GC

::::::::::
simulations.

::::::::
Detailed

::::::::::
descriptions

::
of

:::
the

:::::
input

::::::::
features

:::
and

::::::
output

::::::
targets

::::
are

::::::::
provided

::
in

:::::
Table

:::
2.

:::
For

:::::
each

::::
grid

::::
cell,

::::
105

:::::::
sectoral

:::::::::
emissions260

::::
were

:::::::
selected

::
as

:::::::::
predictors

::
to

::::::::
represent

:::::
local

:::::::
emission

::::::::::
conditions.

:::
At

:::
this

:::::::::
resolution,

::
a

:
3
:::
�

:
3

::::
grid

:::::::
domain

::::::
already

::::::
covers

::
a

:::::::::
geographic

:::::
extent

:::
of

::::::::::::
approximately

:::::::
200–250

:::::
km2,

::::::
within

:::::
which

:::::::::
emissions

:::::::
typically

:::::
exert

:::
the

::::
most

::::::::::
pronounced

::::::::
in�uence

:::
on

::::
local

::::::::
pollutant

::::::::::::
concentrations

::::::::::::::
(Liu et al., 2019)

:
. To account forpollutant transportfrom adjacentareas,emissiondatafrom

the 8 grid cells surroundingthe targetgrid werealso incorporatedas training features.Concurrently,8 key meteorological

parameters,previouslydemonstratedto exhibit signi�cant correlations
:::::::
regional

::::::::
transport

::
of

:::::::::
precursors,

:::
we

::::
also

:::::::::::
incorporated265

::
the

:::::::::
emissions

::
of

:::
the

:::::
eight

::::::::::
neighboring

:::::
cells.

::
In

::::::::
addition,

::::
nine

:::
key

:::::::::::::
meteorological

::::::::
variables,

:::::::::
previously

::::::::
identi�ed

:::
as

:::::::
strongly

::::::::
correlated with PM2:5 and O3 concentrations(Shi et al., 2020; Zhang et al., 2022a), for boththetarget

::::::::::::::::::::::::::::::
(Shi et al., 2020; Zhang et al., 2022a)

:
,

::::
were

::::::::
included

:::
for

::::
each

:::::
local and neighboring gridsderivedfrom MERRA-2 datafrom

:
,
:::::
based

:::
on

:::
the

:
2017were included

as training features.Furthermore,local and peripheralspatial location information was incorporatedas a training feature
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:::::::::
MERRA-2

::::::::
reanalysis

:::::::::
processed

::::
into

:::::::
monthly

::::::::
averages.

::::::
Spatial

::::::::::
information

:::
of

::::
both

:::
the

::::
local

::::
and

:::::::
adjacent

:::::
grids

::::
was

::::::
further270

::::::::::
incorporated

:
to enable the model to capture spatialpatternsin pollutantemissionsandconcentrations.Finally,

:::::::::::
heterogeneity

::
in

::::::::
emissions

:::
and

::::::::
pollutant

:::::::::::::
concentrations.

:::
The

:::::::
training

::::::
targets

::::::::
consisted

::
of twelve statistical indicators

::
on

::
a

:::::::
monthly

:::::
scale, in-

cluding the25quantile,75quantile,median,average
::::
25th

:::
and

::::
75th

::::::::::
percentiles,

::::::
median,

:::::
mean, maximum, and minimumvalues

that ,
:

derived from the daily averaged concentrations of PM2:5 and O3 of a month, were utilized as training targetsto

representtheprobabilitydistributionof pollutantconcentrations.It shouldbenotedthatthis studymainly concentrateson the275

predictionof air quality in differentscenariosof anthropogenicemissions,sothedust
:
in

:::
the

::::
GC

::::::
outputs

:::
for

::::
each

::::::::
scenario.

::
It

:
is

:::::::::
important

::
to

:::::::::
emphasize

:::
that

:::
our

:::::::
analysis

:::::::
focuses

::
on

:::
air

::::::
quality

::::::::
responses

::
to

::::::::::::
anthropogenic

:::::::
emission

::::::::
changes.

::::::::::::
Consequently,

:::::::::
dust-related

:
components were excluded duringsubsequentdataprocessing

::::::::::::
preprocessing,

:::::
since

::::
dust

::::::::
intrusions

::::
can

::::::::
introduce

::::
large

:::::::::
predictive

:::::
biases

:::
in

:::::::
northern

::::
and

:::::::
western

::::::
China,

:::::
where

:::::
they

:::::
make

:::::::::
substantial

:::::::::::
contributions

::
to

::::::
PM2:5:::::::::::::

concentrations

:::::::::::::::
(Pang et al., 2023).280

Table 2.Targets and features for TGEOS model.

Target number Training targets Feature number Training Features

12

Monthly average, maximum,

minimum, median, 25 and 75

percentiles of PM2:5 and O3

concentrations

1045

(1) power, industry, residential, transportation, and agriculture

emissions: NH3, PM2:5, OC, PM10, BC, CO, NO, SO2,

RCHO, XYLE, ALK2, CCHO, OLE2, ALK5, HCHO, TOLU,

ALK4, ALK3, EOH, ETHE, MOH, ALK1, MEK, OLE1,

ACET, MACR, as well as 8 adjacent sectoral emissions.

(2) 2-meter air temperature (T2M), 10-meter northward wind (V10M),

10-meter eastward wind (U10M), planetary boundary layer height (PBLH),

2-meter speci�c humidity (QV2M), total precipitation (PRECTOT),

relative humidity (RH), evaporation from turbulence (EVAP),

and surface pressure (PS), as well as 8 adjacent meteorology.

(3) local and adjacent longitude and latitude values, and month

in each scenario.

2.2 Methodology

2.2.1 Model architecture

In previous"emissions-concentration"
:::::::
emulator modeling, �eld-to-�eld modeling using the convolution neural networks (CNN)

model
:::::::::
architecture

:
has been widely used because of the ef�cient usage of

::::::::
capturing

:
the spatial relationship between fea-

tures and concentrations(Xing et al., 2020; Huang et al., 2021)
::::::::::::::::::::::::::::::::::::::::::::
(Xing et al., 2020; Huang et al., 2021; Liu et al., 2022). How-285

ever,thisapproachmayincreasethedemandfor
:::
both

::::::
model

:::::
inputs

::::
and

::::::
outputs

:::
are

::::::::::
represented

::
as

:::::::::::::
high-resolution

::
3D

::::::::
matrices

::
in

::::
these

::::::::::
approaches,

:::::
which

::::::
require

:::::::::
signi�cant

::::
GPU

:::::::
memory

::::
and computational resources, especially whenaddressingconsiderable
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features.To addressthis issue,we built the TGEOSmodelbasedon a manageablesequencedataset(seeSection2.1) that

integratedGC simulationsfor eachgrid cell, local and surroundingemissions, meteorologicaland spatial information
:::
the

::::::
number

::
of

:::::
input

:::::::
variables

::::::::
increases.

:::
As

:
a
::::::
result,

::::
these

::::::
model

::::
were

::::::
limited

::
to

:
a
::::
few

::::
kinds

::
of

::::::::
emission

::::::
species

:::::::::::::::
(Xing et al., 2020)

:
,290

::
or

:::::
solely

::::::
average

::::::
values

::::::::::::::
(Liu et al., 2022).

::
In

::::::::
contrast,

:::
our

::::::
dataset

:::::::
includes

::::
over

:::
100

::::::::
variables,

::::::::
including

:::::::
sectoral

::::::::
emissions

::::
and

:::::::
multiple

::::::::::::
meteorological

::::::::::
parameters.

:::::::::::
Representing

::::
these

:::
as

:::
full

:::::
spatial

:::::
�elds

::::
and

::::::
training

::
a

:::::::::
CNN-based

::::::
model

::
in

:
a
:::::::::::
�eld-to-�eld

::::
form

::::
was

:::
not

:::::::
feasible

:::::
under

::::
our

::::::::
available

::::::::::::
computational

:::::::::
resources.

:::::::::
Therefore,

:::::::
instead

::
of

::::::::
modeling

::::::
spatial

:::::
�elds

::::::::
directly,

::
we

:::::::
adopted

::
a

::::::::::::::
high-dimensional

:::::::::
sequential

::::::::
modeling

::::::::
strategy.

::::
Our

::::::
dataset

::
is

:::
not

:::::::::
�eld-based

:::
but

::::::
rather

:::::::
consists

::
of

:::::::::
structured

::::::::::
multivariate

:::::::::
sequences,

::
in

::::::
which

::::::
spatial

:::
and

:::::::::::
feature-level

::::::::::
information

:::::
(e.g.,

:::::::::
emissions,

::::::::::::
meteorology,

:::
and

:::::::::::::
concentrations

::
at295

:::::::
multiple

:::
grid

:::::::
points)

:
is

::::::::
�attened

:::
and

::::::
treated

:::
as

:
a

::::::::
sequence

::
of

::::::
tokens

:::
fed

::::
into

:::::::
TGEOS

:::::
model. This approachmodelsbasedon

eachgrid while consideringtheimpactof regionaltransport,therebyreducingthecomputationalburden
:::::
offers

:
a

:::::
more

:::::::
scalable

::::::
solution

:::::
while

:::::::::
preserving

:::
the

::::::
ability

::
to

::::::
capture

::::::::
complex

::::::::::
relationships

::::::
among

::::::::
variables

::::::
across

:::
grid

::::::
points.

In this study, we employed an informative prediction model based on Transformer architecture comprising the encoder for

feature extraction and the regressor for target mapping.
:::
The

:::::::
detailed

::::::::::
architecture

::
of

:::::::
TGEOS

::::
was

::::::::
illustrated

::
in

::::
Fig.

:::
S1. In order300

to align with the shape of the dataset, the model wasdesignedwith 1048input channelsand12 outputchannels.
:::::::::
con�gured

::::
with

::
an

:::::
input

::::::
feature

:::::::::
dimension

::
of

::::
1045

::::
and

::
an

::::::
output

:::::::::
dimension

::
of

:::
12.

:
Six Encoder layers were con�gured with the model,

each of which primarily incorporates a multi-head self-attention mechanism with eight attention heads and a feed-forward

network. The multi-head self-attention mechanism was employed to capture the dependency relationships among various

positions within the input sequence, while the feed-forward network facilitates additional nonlinear transformations on the305

features at each position (Vaswani, 2017). By leveraging the multi-head self-attention mechanism, the model can compute the

similarity (or attention weights) of each feature in relation to all other features, thus producing a weighted representation for

each position and determining the extent to which each position relies on information from others. Moreover, the feed-forward

network, consisting of two fully connected layers, enhanced feature representation and improves the model's learning ef�cacy

by incorporating nonlinear activation functions. In this implementation, the ReLU activation function was selected due to its310

ability to prevent negative values and expedite the model's training process (Nair and Hinton, 2010). Additionally, each sub-

module incorporated residual connections and layer normalization to mitigate the risks of gradient disappearance or explosion.

The output from the Encoder undergoes global pooling to decrease model complexity. Finally, theregressorwascomprisedof

fully connectedlayersthatmaptheEncoderoutputto thespeci�ed outputchannels
:::::
output

::
of

:::
the

:::::::
encoder

::
is

::::::::::
transformed

::::
into

::
the

::::::::
speci�ed

::::::::
sequence

::
by

:::
the

:::::::::
regressor,

:::::
which

::
is

:::::::::::
implemented

::
as

:
a
:::::
linear

:::::
layer.315

As depicted by Fig. 1, the model incorporates local and surrounding sectoral emissions for each grid, along with various

meteorological parameters, to predict the probability distribution of pollutants under different scenarios, which is characterized

by a series of concentration indicators including the average, maximum, minimum, median, 25 and 75quantile
::::::::
percentile

of PM2:5 and O3. We selectedsix indicatorsfor eachpollutantasour predictiontargetssincethe distributionsof thesetwo

pollutantsgenerallyconformto eithera standardnormalor skeweddistribution.Theprobabilitydistributioncurvewould be320

quanti�ed with these6 indicatorsin thefollowing test
:::::::
Previous

:::::::
research

:::
has

::::::::
indicated

:::
that

::::::
PM2:5 :::

and
:::
O3 ::::::::::::

concentrations
::::
tend

::
to

:::::
follow

:::::::::::
characteristic

::::::::
statistical

:::::::
patterns

:::::::::::::::::::::::::::::::
Zhang et al. (2018); Zeng et al. (2021)

:
,

::::
with

:::::
PM2:5::::::::

generally
:::::::::
displaying

:
a

:::::::::::
right-skewed
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::::::::::
Gamma-like

::::::::::
distribution

:::
and

:::
O3::::::::::::

approximating
::
a

::::::
normal

::::::::::
distribution.

:::
This

:::::::::
distinction

::
is

::::
also

::::::
evident

:::::
from

:::
the

::::::::::
comparison

::
of

::::
their

:::::
mean

:::
and

:::::::
median

:::::::
values.

:::::
Based

:::
on

::::
this

::::::
insight,

::::
we

::::
used

:::
the

::::::::::::::::
TGEOS-predicted

::::::::
statistical

:::::::::
indicators

::
to

:::::::::::
approximate

:::::::
regional

:::::::::
probability

::::::::::
distribution

::::::
curves.

::::::::::
Speci�cally,

:::
the

::::::
mean,

::::
25th,

::::
and

::::
75th

:::::::::
percentiles

:::::
were

::::::
applied

::
to

:::::::
capture

:::
the

::::::
overall325

:::::
shape

::
of

:::
the

:::::::::::
distributions,

:::::
while

:::
the

::::::::
minimum

:::
and

:::::::::
maximum

:::::
values

:::::
were

::::::::::
incorporated

::
to

::::::::
constrain

::::
their

:::::::
ranges.

Figure 1. Work�ow of TGEOS technique.

2.2.2 Model training and evaluation

In this study,three
::::
four machine learning models were employed independently to evaluate the performance for each kind of

model structure. Except for the TGEOS model discussed in this paper,two conventional
::::
three

:
ML models, namelyrandom

forest(RF) andmulti-layerperceptron(MLP )
:::
RF,

::::
MLP

::::
and

:::::
CNN, which had demonstrated good performance in air quality330

forecasting(Fang et al., 2023)
:::::::
modeling

:::::::::::::::::::::::::::::::
(Huang et al., 2021; Fang et al., 2023)

:
,
:
were simultaneously employed based on the

same training strategy.
:::::::
Training

:::
and

:::::::::
evaluation

:::
of

::::
four

::::::
models

:::::
were

::::::::
conducted

:::
on

::
a

::::::::::::
GPU-equipped

::::::
server.

:::::::::::
Speci�cally,

:::
the

:::::::::
benchmark

:::
was

:::::::::
measured

::
on

:::
an

:::::::
NVIDIA

:::::::
GeForce

:::::
RTX

::::
4080

::::
with

:::
31

:::
GB

::::::::
memory,

:::::
using

:::::::
PyTorch

::::
2.3.1

::::
with

::::::
CUDA

::::
12.4

::::
and

::::::
Python

::::::
3.11.5,

::::::
running

:::::
under

:::::::
Ubuntu

:::::::
20.04.6.

The detailed dataset for model construction was derived from the multi-scenario inventory presented in Table 1. Samples335

from a total of 29 scenarios within the multi-scenario dataset were selected to construct the training set. While samples from

six scenarios of SSP2 (SSP2_30, SSP2_40, SSP2_50) and SSP3 (SSP3_30, SSP3_40, SSP3_50) that representing low and

high emission scenariosrespectively
::::::
relative

::
to

::::
2017

::::::::::
background

:::::::
scenario

:
were chosen to construct the test set.

In order to optimize the ability of TGEOS model to reproduce GEOS-Chem simulations, the mean squared error (MSE)

was adopt as the loss function that measures the squared variance between TGEOS predicted (mi ) and GC simulated (gi )340

concentrations to supervise the model training.
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L (m) =
1
N

NX

i =1

(mi � gi )2 (1)

The model weights were optimized with respect to the loss function using the Adam optimizer (Kingma, 2014) with an

learning rate is1� 10� 4. To save the optimal model weights during training, 20% of the randomly sampled training data were

set aside for model validation purposes. The model was trained for 100 epochs with a batch size of 64. To reduce the risk of345

over�tting, we applied L2 weight regularization on all trainable parameters during training and �ne-tuning.

The performance of TGEOS was evaluated usingtwo statisticalindices
::::
three

::::::::
statistical

::::::
indices

:::::::::
commonly

::::
used

::
in

:::::::::
evaluating

::
the

:::::::::::
performance

::
of

:::::
CTM

:::::::::
emulators

:::::::::::::::::
(Salman et al., 2024), namely,

::::::::
coef�cient

:::
of

:::::::::::
determination

:
R-Square (R2) and Mean Ab-

solute Error (MAE), which arecommonlyusedin evaluatingtheperformanceof CTM emulating(Salman et al., 2024). Their

corresponding mathematical formulas are delineated as follows.350

R2 = 1 �
P N

i =1 (mi � gi )2

P N
i =1 (mi � �m)2

(2)

MAE =
1
N

NX

i =1

jmi � gi j (3)

Heremi andgi denote the TGEOS-predicted and GC-simulated pollutant concentrations, respectively. Indicesi means the

i th grid cell. �m is the average of all the model-predicted samples andN refers to the number of samples from the training set.

3 Results and discussions355

The overall performance of TGEOS on the test set is shown in Table S1. We found that the model performed well across

all target indicators. The R2 ranges from 0.958 to 0.992, with relatively low RMSE and MAE, averaging 2.808�g=m 3 and

1.588�g=m 3, respectively. The following presents detailed analyses: Section 3.1 focuses on analyzing the differences between

the training set and the test set; Section 3.2 and 3.3 involves predicting spatial and probability distributions of PM2:5 and O3

concentrations; Section 3.4 is dedicated to comparison of different models.360

3.1 Differences between training and test set

In caseof potentialdataleakagedueto similar concentrationandemissionlevelsin someemissionscenarios
::::
Since

::::::::
emission

:::::::::
trajectories

::::
with

::::::::
different

::::::::
reduction

::::
rates

::::
may

::::::::
converge

::
at

::::::
certain

::::
time

::::::::
horizons,

:::::
there

:::::
exists

::
a

:::::::
potential

::::
risk

::
of

::::
data

:::::::
leakage

:::::
arising

:::::
from

:::::::::
similarities

::
in

::::::::
emission

:::
and

:::::::::::
concentration

:::::
levels

::::::
across

::::::::
scenarios.

:::
To

::::::
address

::::
this

::::::
concern, we analyzed thespatial

distributionof the meanvaluesof
::::::
Kernel

:::::::
Density

:::::::::
Estimation

::::::
(KDE)

::::::
curves

:::
for

:::
six

::::
key

::::::::
emission

::::::::
variables,

:::::
which

::::::::
strongly365

:::::::
in�uence

:
PM2:5 and O3 underthestochasticallyselectedSSP_2050scenarioof the testset,alongwith theotp2030scenario
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::::::::::::
concentrations

:::::::::::::
(Hu et al., 2023)

:
,
:
of the trainingsetthatexhibiting thehighestsimilarity in concentrationlevelsof SSP_2050

scenario.Focusing
:::
and

:::
test

::::
set,

::
as

:::::::::
illustrated

::
in

::::
Fig.

::::
S5.

:::
The

::::::
results

:::::::
indicate

:::::
that,

:::::::
although

::::
the

::::::
general

::::::::::
distribution

::::::
trends

::
are

:::::::
similar,

:::
the

::::::::
densities

::
at

:::::::
different

::::::::
emission

:::::
levels

::::
vary

:::::::::::
signi�cantly

:::::::
between

:::
the

::::
two.

:::::::::::
Furthermore,

::::::::
focusing on the North

China Plain (NCP)regionwhere both PM2:5 and O3 pollution aresevere,theabsolutedifferencein concentrationbetweentwo370

scenarioswasdemonstrated.Concurrently,distributionsof six emissionvariablesof two scenarioswith signi�cant impacts

on
:::::::::
particularly

::::::
severe,

::::
we

::::::::
examined

:::
the

:::::::
spatial

::::::::::
distribution

::
of

:::::
mean

:
PM2:5 and O3 concentrations(Hu et al., 2023),

:
,

:::
six

::::::
critical

::::::::
emissions

:
as well asthe differences, were also analyzed.The spatialdistribution of the concentration,emission,

andabsolutedifferencelevelsof
::::::::::::
corresponding

:::::::
absolute

:::::::::
differences

:::::
under

:::
the

:::::::::::
stochastically

:::::::
selected

::::::::::
SSP2_2050

:::
test

::::::::
scenario,

::
in

::::::::::
comparison

::::
with

:
a
:::::::
training

:::::::
scenario

::::::::::
(otp2030).

:::
The

::::::::
otp2030

:::::::
scenario

::::
was

:::::::
selected

::
by

::::::::::
calculating

:::
the

:::::::::
Euclidean

:::::::
distance375

:::::::
between

:::
the

:::::
mean PM2:5 areshownin Fig. 2, andthoseof

:::
and O3 :::::

values
:::
of

:::::::::
SSP2_2050

::::
and

:::::
those

::
of

::::
each

:::::::
training

::::::::
scenario,

:::
and

:::::::::
identifying

:::
the

:::::::
scenario

:::::
with

:::
the

::::::::
minimum

::::::::
distance.

:::
The

::::::
results

:
are illustrated in Fig.S4

:
2

:::
for

::::::
PM2:5 :::

and
::::
Fig.

::
S4

:::
for

:::
O3.

These pictures indicated that the concentrations of pollutants, as well as emission variables, of the training and test set are

exclusive despite some distributional similarities, particularly for samples from highly polluted regions.

::
In

:::::::
addition,

:::
we

::::::::
conducted

::::::::::::::::::
Kolmogorov-Smirnov

:::::
(K-S)

::::
tests

:::
on

:
a

::::
total

::
of

::
12

::::::::
emission

::::::::
variables,

:::::::::
comprising

:::
the

:::::::::::::
aforementioned380

::
six

:::::::::
emissions

::
as

::::
well

::
as

:::
an

:::::::::
additional

::
set

:::
of

:::
six

:::::::::
emissions,

::::
with

:::
the

::::::
results

::::::::::
summarized

::
in

:::::
Table

:::
S4.

::::::
Given

:::
the

::::
large

:::::::
sample

::::
size,

:::
the

:::::::
p-values

:::
for

::
all

::::::::
emission

::::::::
variables

:::
are

::::::::::::
approximately

::::
zero

::::::::::::
(Demir, 2022)

:
,

::::::
making

:::
the

::::
KS

::::::
statistic

:::::::::
(D-value)

:
a

:::::
more

:::::::::
meaningful

::::::::
indicator.

::::
Our

:::::::
analysis

::::::
shows

:::
that

:::
the

:::::::::
emissions

::
of

:::
the

::::
two

::::::::
scenarios

:::::
differ

::
to

::::::
varying

:::::::
extents,

::::
with

:::
all

::
D

::::::
values

::::
being

::::::
greater

::::
than

:::::
zero.

::
It

:
is

::::::::::
noteworthy

:::
that

::::::::
emission

:::::::
changes

:::
are

::::::::
primarily

::::::::::
concentrated

::
in

::::::
major

:::::::
emission

::::::
regions

:::
of

::::::
eastern

:::::
China,

:::::::
whereas

::
in

:::::
many

:::::::
western

:::
and

::::::::
southern

::::::
regions

:::
the

::::::::
variations

::::::
across

::::::::
scenarios

:::
are

:::::::::
negligible.

::::
This

:::::
spatial

::::::::::::
heterogeneity385

::::::
implies

:::
the

::::::::
presence

::
of

:::::::::
redundant

:::::::
samples

::
in

::::
the

::::::
dataset,

::::::
which

:::::
could

::
in

::::
turn

:::::::::
contribute

::
to

:::::::::
statistical

:::::::::
similarities

::::::::
between

:::::::
scenarios

::::::
when

:::::::::::
comparisons

:::
are

:::::
made

::::::::
(D-value

::
<

::::
0.3).

::::::::::::
Nevertheless,

:::
for

:::::
most

::::::::
emission

::::::::
variables,

:::
D

::::::
values

::::::
exceed

::::
0.1,

:::::::::
suggesting

:::
that

::::::
certain

:::::::::
differences

::::
still

::::
exist

:::::::
between

:::
the

::::
two

::::::::
scenarios.

:

3.2 Prediction of spatial distribution of PM2:5 and O3

We �rst evaluated the spatial distribution performance of TGEOS predictions of PM2:5 and O3 for 6 test scenarios. For the sake390

of brevity, we presented the results of two test scenarios, namely SSP2_2040 and SSP3_2040, to represent the low and high

emission scenarios. Additionally, we focused on the months with the highest concentrations of PM2:5 and O3 to better visualize

the spatial distribution of pollutants. Figure 3 and S6 present the spatial comparison of PM2:5 concentration indicators between

GC and TGEOS for SSP2_40 and SSP3_40 scenario in January.

The results demonstrate that, across various emission scenarios, the spatial distribution of PM2:5 concentrations simulated395

by TGEOS exhibits a high degree of similarity with that produced by GC. Speci�cally, TGEOS effectively captures the spatial

distribution patterns of PM2:5 concentrations, accurately identifying high-pollution zones in central and northern China, along-

side low-pollution areas in other regions. Furthermore, the disparities observed in PM2:5 concentration levels under distinct

emission scenarios indicate that TGEOS has successfully discerned the intricate relationships between precursor emissions

and PM2:5 concentrations. Beyond its capability to predict monthly mean values, TGEOS also excels in predicting additional400
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Figure 2. Spatial distributions of mean PM2:5 concentration and three emission variables in SSP2_2050 (a) and otp2030 (b) scenarios in

January, along with the quanti�ed absolute differences between two scenarios (c).

statistical indicators associated with PM2:5 concentrations, including the maximum concentrations of signi�cant concern to

policymakers as well as the 25th and 75thquantile
::::::::
percentile, which re�ect the distribution of concentrations. Other statistical

indicators, such as the median and minimum values that shown in Fig. S8, are also effectively predicted.

As illustrated in Fig. 5(a), 6(a), and S10(a), there exists a robust statistical correlation between the PM2:5 indicators predicted

by TGEOS and the actual GC simulations across varying emission scenarios, with R2 values ranging from 0.976 to 0.995.405

These results substantiate that PM2:5 accurately captures the principal trends and patterns of PM2:5 as simulated by GC.

Moreover,the
:::
The

:
evaluation of model prediction errors, as quanti�ed by theRoot MeanSquareError (RMSE ) andMean

AbsoluteError (MAE)
::::::
RMSE

:::
and

:::::
MAE, reveals relatively low error levels, with RMSE values ranging from 0.985 to 2.110

and MAE values between 0.685 and 3.243. Thisunderscoresthereliability of TGEOSpredictionsin relationto thoseachieved

by the ,
::::::::::::
demonstrating

:::
the

:::::::::
predictive

:::::::::
capabilities

:::
of

:::::::
TGEOS

::::
with

:
a
::::
high

::::::
degree

:::
of

:::::::
accuracy

::::
and

::::::::
reliability.

::::
The

:::::
MBE

::::::
values410
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::
are

:::::::
ranging

:::::
from

::::::
-1.453

::
to

:::::
1.420

:::
for

::::::
PM2:5,

::::::
-0.033

:::
to

:::::
1.125

:::
for

:::
O3,

:::::::::
indicating

::
a

:::::
slight

::::::
overall

:::::::::
deviations

::
in

::::::::::::
concentration

:::::::::
predictions

::::::::
compared

::
to

::::::::::::
corresponding

:
GC simulations.In otherwords,thepredictivecapabilitiesof TGEOSarecharacterized

by a high degreeof accuracyandreliability.
:::::::::
Considering

::::
that

::::
this

:::
bias

::
is

::::::::
relatively

:::::
small

:::::::::
compared

::
to

:::
the

:::::::::
magnitude

:::
of

:::
the

::::::::::::
concentrations,

:::
the

::::::
model

:::
can

:::
be

:::::::
regarded

:::
as

:::::
nearly

::::::::
unbiased.

:::
In

:::::::
addition,

::
to

::::::::
evaluate

:::
the

::::::::
capability

::
of

:::::::
TGEOS

:::
in

::::::::
capturing

::::::
extreme

::::::
events,

:::
we

:::::::::
employed

:::::::::
exceedance

:::::::
metrics

:::::
based

::
on

:::
the

::::
90th

:::::::::
percentile

:::::::
threshold

:::
of

:::
the

:::::::::::
concentration

::::::::::
distribution.

::::
The415

:::::
results

:::::::
indicate

::::
that

:::
the

:::::
model

:::::::
achieves

::::
high

::::::::
precision

::::
and

:::::
recall

::::
score

:::
for

::::
both

::::::
PM2:5 :::

and
:::
O3:::::::::

indicators,
::::
with

:::
all

::::
these

::::::
values

:::::
larger

::::
than

::::
0.85.

:::::
These

::::::
values

:::::::
suggest

:::
that

:::
the

:::::::
majority

:::
of

:::
the

::::::::
predicted

:::::::::
exceedance

::::::
events

:::::::::
correspond

::
to

::::::
actual

:::::::::::
exceedances,

::::
while

::::::
nearly

:::
all

:::
true

::::::::::
exceedance

::::::
events

:::
are

::::::::::
successfully

::::::::
detected.

::::
The

::::
high

:::
and

::::::::
balanced

:::::
values

:::
of

::::
both

::::::
metrics

:::::::::::
demonstrate

:::
that

:::::::
TGEOS

::
is

::::::
capable

::
of

:::::::::
accurately

:::::::::
identifying

:::::::
extreme

:::::::::
high-value

::::::::::
occurrences

::::
with

:::
low

::::
false

:::::
alarm

:::
and

::::
miss

:::::
rates.

:::::::::
Moreover,

:::
this

:::::::::::
performance

::::::::
highlights

:::
the

:::::::::
robustness

::
of

:::
the

::::::
model

::
in

::::::::::
reproducing

:::
the

:::::
upper

:::
tail

::
of

:::
the

:::::::::::
distribution,

:::::
which

::
is

::::::::::
particularly420

::::::::
important

:::
for

::::::::::
applications

:::::::
focusing

:::
on

:::::::
extreme

:::::::
pollution

::::::
events.

:

The spatial comparison of O3 concentration indicators between GC and TGEOS for two scenarios in July are presented in

Fig. 4, S7, and S9. Similar to the predictions for PM2:5, we observed that TGEOS successfully captures the spatial distribution

patterns of O3 as simulated by GC, as well as the concentration differences resulting from various emissions. The scatter

density plots presented in Fig. 5(b), 6(b), and S10(b) indicate a strong correlation between TGEOS and GC, with R2 values425

ranging from 0.966 to 0.996. Additionally, the accuracy of TGEOS predictions is further supported by the relatively low

RMSE values, which range from 0.985 to 2.110, and MAE values ranging from 1.593 to 4.933. These results demonstrate

that TGEOS is capable of accurately and reliably predicting both PM2:5 and O3 concentration distribution across different

scenarios, achieving a level of performance comparable to that of GC.

The error graphs of PM2:5 indicators for SSP2_40
::::
2040

:
and SSP3_40

::::
2040

:
are shown in Fig. 3 a3 to d3 and Fig. S6 a3 to430

d3. We found the model exhibits relatively large errors in predicting the monthly maximum concentrations of PM2:5. This is

attributed to the inherent randomness of these peak values compared to other indicators, which poses challenges for accurate

prediction. Furthermore, our analysis indicates the presence of both overestimation and underestimation within these error

graphs.Ononehand
:
In

::::
this

::::
study, the GC simulations for each scenarioin this studyaredrivenby a �xed initial concentration

�le derivedfrom a backgroundscenario,with monthly concentrationpredictions
::::
were

:::::::::
initialized

::::
from

::
a

::::
�xed

::::::::::::
concentration435

::::
�eld

::::::
derived

::::
from

:::
the

:::::
2017

::::::::::
background

::::::::
scenario.

::
As

::::::::
monthly

::::::::::::
concentrations

::::
were

:
treated as independent andnot accounting

for
:::
did

:::
not

::::::::::
incorporate the in�uence ofthe initial concentration�eld. This approachmay introducediscrepanciesbetween

the
:::::
initial

:::::
�elds,

::::::::::::
discrepancies

::::
may

:::::
arise

:::::::
between

:
model predictions andthe actualGC simulations,particularly when the

pollutant
::
GC

:::::::
outputs,

:::::::::
especially

:::::
when

:::::
future

:
concentration levels deviatesigni�cantly from thosein the initial concentration

�le. This phenomenonelucidateswhy the
::::::::::
substantially

::::
from

::::
the

:::::
initial

:::::
state.

::::
This

:::::
effect

:::::
helps

:::::::
explain

:::
the

::::::::
relatively

::::::
poorer440

predictive performance undertheSSP2scenario,asillustratedin Fig. 5and6, is somewhatinferior to thatobservedunderthe

SSP3scenario,
:::::::
scenarios

:::::
(Figs.

:::
5), as well as thepatternsof overestimationandunderestimationevident

::::::::
observed

:::::::
patterns

::
of

::::::::
systematic

:::::
over-

::::
and

::::::::::::::
underestimation in the errormapsfor eachscenario

::::::::::
distributions.

:::::::::::
Speci�cally,

::
in

:::
the

:::::
SSP2

::::::::
scenario

:::::::::::::
(SSP2-45-ECP),

::::::::
stringent

::::::::::::
environmental

:::::::
policies

::::
are

::::::::
projected

::
in

:::
the

:::::
short

::::
and

:::::::
medium

:::::
term

:::::::::::::::
(Tong et al., 2020)

:
,
:::::::
thereby

:::::::
widening

::::
the

:::
gap

::::::::
between

::::::
future

:::
and

:::::::::
historical

::::::::
emissions

::::
and

::::::::::
amplifying

::::::::
predictive

::::::
errors,

:::::::::::
particularly

::::::
during

:::
the

:::::
early445
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::::::::
simulation

:::::::
period.

::
In

:::::::
contrast,

:::::
under

:::
the

:::::
SSP3

:::::::
scenario

::::::::::::::
(SSP3-70-BAU),

:::::::::::
characterized

::
by

::::::::::
pessimistic

::::::::::
development

::::::::::
trajectories

:::
and

::::::
limited

::::::::::
investments

::
in

::::::::::::
environmental

:::::::::
protection

::::::::::::::::
(Tong et al., 2020),

:::::::::
emissions

:::
are

::::::::
projected

::
to

::::::
change

:::::::
slightly,

::::::::
resulting

::
in

::::::
smaller

::::::::::
differences

::::
from

::::::::
historical

:::::::::
conditions

::::::
(Figs.

::
6).

::::::::::::
Consequently,

::::::::::
predictions

::
in

:::::
SSP3

::::::::
scenarios

:::
are

::::
less

:::::::
affected

:::
by

::::::::::
initialization

::::::
effects

::::
than

:::::
those

::
in

::::
SSP2.

The predictions from TGEOS also demonstrate a clear pattern of seasonal variation. Here, we focus on two statistical450

indicators that are crucial for �tting the probability distribution curve, namely the 25thquantile
::::::::
percentile

:
and the 75th

quantile
::::::::
percentile, and select results from January, April, July, and October to represent the distribution of pollutants dur-

ing winter, spring, summer, and autumn, respectively. Figure 7and8
::
to

:
8

:::
and

:::::
�gure

::::
S15

::
to

::::
S16 illustrate the seasonal variation

of PM2:5 and O3 indicespredictedby TGEOSundertwo emission
::::::::
indicators

::::::::
predicted

::
by

:::
GC

::::
and

:::::::
TGEOS

:::::
under

::::::::::
SSP2_2040

:::
and

::::::::::
SSP3_2040

:
scenarios. The R2 values for the 25th and 75thquantile

::::::::
percentile

:
of PM2:5 are 0.964 to 0.994 and 0.973455

to 0.996, respectively, while those for O3 are 0.903 to 0.994 and 0.946 to 0.994, respectively, indicating a strong correlation

between predicted and simulated pollutant concentrations across all seasons.

Speci�cally, TGEOS effectively captures the seasonal trends and patterns of PM2:5 and O3 as simulated by GEOS-Chem.

Seasonal variations in both pollutants are evident, with PM2:5 concentrations gradually decreasing from winter to summer

(Fig. 7 a1 to a3
:
1
:::
to

:
3

:
and Fig.7 b1 to b3

:::
S15

:
1
:::
to

:
3), while ozone

::
O3 :

concentrations exhibit a gradual increase during the460

same period (Fig. 8c1 to c3
:
1

::
to

::
3

:
and Fig.8 d1 to d3

:::
S16

::
1

::
to

::
3). Furthermore, the accuracy of TGEOS predictions is

noteworthy, as evidenced by the low MAE values for the 25th and 75thquantiles
:::::::::
percentiles

:
of PM2:5 (0.297 to 0.832 and

0.670 to 1.561, respectively) and O3 (1.186 to 2.952 and 1.186 to 3.631), indicating that TGEOS predictions closely align

with GC simulations, despite some acceptable margin of error. Although the performance during periods of low concentration

was less optimal, TGEOS demonstrated decent effectiveness during critical months when elevated concentrations and extreme465

pollution events are more likely to occur, particularly for PM2:5 in January and O3 in July.

From the perspective of predicting the spatial distribution of pollutants, although some discrepancies exist, TGEOS exhibits

relatively high accuracy and reliability in predicting PM2:5 and O3 concentrations during key pollution months and across

various seasonal pollution conditions compared to the corresponding simulations from GC.

3.3 Prediction of probability distribution of PM 2:5 and O3470

The probability distribution offers a comprehensive representation of pollutant concentrations over a speci�ed time period and

effectively captures extreme values, which are typically re�ected in the tails of the probability distribution curve. Leveraging

this advantage, probability distributions are critical in various air pollution studies, including investigations into future air

quality under different emission scenarios (Zeng et al., 2022) or climate changes (Li et al., 2024), and potential mortality in

heavily polluted regions (Tian et al., 2022). In this study, we focus on the probability distributions predicted by TGEOS for four475

key polluted areas: the North China Plain (NCP
:
,

::::::
34–42°

::
N,

::::::::
113–120°

::
E), Yangtze River Delta (YRD

:
,
::::::
26–34°

:::
N,

::::::::
115–123°

::
E),

Fenwei Plain (FWP,
::::::
33–38°

:::
N,

::::::::
103–114°

::
E), and Sichuan Basin (SCB,

:::::::
26–34°

::
N,

::::::::
103–107°

::
E). For each region,wecalculated

theaverageof twelvestatisticalindicatorsacrossall grid pointsandsubsequentlyutilized theseaveragedindicatorsto �t the

::
the

::::::::::
probability

::::::
density

:::::::
function

:::::
(PDF)

::::::
curves

::::
were

:::::
�tted

:::::
using

:::
the

:::::::::::::::
TGEOS-predicted

:::::::
monthly

::::::::
indicators

::::::::
averaged

::::
over

::
all

::::
grid
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