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1. Overview

Response to Referee 2: We would like to thank the referee for the careful review throughout the paper and the
in-depth comments that help to improve our paper.

2. Major concerns

RC: The extensive critique of Response Surface Models (RSM) in Sections 1 appears disconnected from the
proposed Transformer-based TGEOS framework. While RSMs rely on empirical statistical approximations
to reduce dimensionality, TGEOS operates as a pure deep learning emulator that directly maps high-
dimensional inputs to outputs. Thus, positioning TGEOS as addressing core RSM challenges misrepresents
its paradigm. The review should focus on deep learning emulator challenges and explicitly contextualize
innovations against relevant works like NN-CTM (Huang et al., 2021). Crucially, benchmarking against
only architecturally inferior models (RF/MLP) – rather than comparable deep learning approaches like
CNN-based Deep-RSM (Xing et al., 2020) or NN-CTM – undermines claims of Transformer superiority.

AR: We thank the reviewer for this comment. In this research, RSM techniques were selected for discussion due to
its ongoing development and established reliability within existing CTM simulators. RSMs were constructed
based on the nonlinear relationship between emissions and concentrations using statistical methods, enabling
rapid estimation of pollutant concentrations under varying emission scenarios. This characteristic makes
RSMs closely aligned with the TGEOS model used in this study at the application level, leading us to
focus primarily on the limitations of RSMs. In addition, we did not compare TGEOS with the previous
DL-based emulators, as TGEOS differs from these models in terms of time resolution, learning objectives,
and applicable scenarios, making direct comparison infeasible. For example, DeepRSM uses CMAQ as
its target and is designed specifically for response prediction under a uniform regional emission coefficient
(Xing et al., 2020), limiting its applicability to more detailed emission scenarios like DPEC-SSP/DPEC-CA
scenarios used in this study. Following the reviewer’s comments, we have revised the original manuscript
to ensure that the discussion encompasses existing CTM simulator technologies more broadly, rather than
focusing solely on RSMs. Details are shown in blew.

Introduction (L59-L106)

To address the computational challenge and efficiently retrieve the nonlinear relationship between
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emissions and concentrations, data-driven statistical emulators have been proposed to accelerate numerical
simulations (Castruccio et al., 2014). A reliable emulator can accurately depict intricate relationships
between inputs and outputs, such as from emissions to concentrations. It can also faithfully approximate
the fundamental mechanisms of atmospheric models, thereby generating numerical simulations that
exhibit a high degree of consistency to the model (Salman et al., 2024). Among all the emulators,
Response Surface Model (RSM) is the most widely used method. It is a statistical method developed
by the US EPA (EPA, 2006) that uses the maximum likelihood estimation - empirical best linear
unbiased predictors (MLE-EBLUPs) technique (Santner et al., 2003) to establish the complex relationships
between emission rates of several pollutants and the responses they produce on the pollutant concentrations
by fitting response surfaces of the nonlinear system (Box and Draper, 2007), and provide best estimate
of the pollutant. When given some unknown emission scenarios, RSM can rapidly retrieve the
changes of aimed concentrations without additional CTM simulation involved (Wang et al., 2011).
RSM technique has been successfully employed in the response modeling of PM2:5 (Wang et al.,
2011) and ozone (Xing et al., 2011) to precursor emissions in China for typical regions. Since
conventional RSM commonly requires a large number of CTM simulations to fit reliable response
surfaces (Xing et al., 2011; Zhao et al., 2015), notable advances focusing on enhancements in both
efficiency and accuracy in RSM technology have been achieved (Li et al., 2022). For example,
Extended Response Surface Models (ERSMs) (Zhao et al., 2015; Xing et al., 2017) allow for the
incorporation of a greater number of variables and geographical regions, improving alignment with
independent CTM simulations compared with traditional RSM (Zhao et al., 2015; Xing et al., 2017).
Moreover, the polynomial function based RSM (pf-RSM) is capable of quantifying the nonlinear
relationships between air pollutant concentrations and precursor emissions by fitting CTM simulations
to a series of polynomial functions and mitigating the computational burden through decreasing
the number of required CTMs up to 60% (Xing et al., 2018). Recently, many studies have used
novel machine learning techniques to accelerate the modeling process of RSM by further reducing
the number of required CTMs. For instance, Deep-RSM, developed by Xing et al. (2020) using
convolution neural networks (CNN), requires only two CTM cases (i.e., base and control scenarios)
to startup the model; Self-adaptive RSM (SA-RSM, Li et al. (2022)) further reduces the number of
required CTMs for pf-RSM modeling by employing a stepwise regression method to estimate the
coefficients of polynomial functions.

Although existing RSM techniques exhibit more efficiency than traditional CTM in predicting the
response of pollutant concentrations to a wide range of emission changes, there are still several
issues to be addressed. Firstly, due to the structural limitations that restrict the model from executing
multi-target predictions, existing techniques focus mainly on the response of average of the target
pollutants over a period of time, such as the monthly average (Huang et al., 2021). However, predicting
the singular monthly average of pollutant concentrations may overlook critical variations throughout
the month, such as extreme values (Guo et al., 2020; Zhao et al., 2022). Therefore, these approaches
fall short in providing a comprehensive evaluation of future pollution states, including the ability
to identify potential extreme pollution events under various emission scenarios. Secondly, RSM
techniques 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 fitting (Zhao et al., 2015) and potentially leading to multi-collinearity
issues (Xing et al., 2018). This limitation restricts the applicability of RSM to more intricate emission
scenarios. Therefore, existing RSM studies have primarily concentrated on emissions of a few major
pollutants and the add-up emissions, failing to address air quality response under more detailed

2



scenarios that incorporate sectoral emissions and a broader range of emission species. While ERSM
considers emission sectors (Zhao et al., 2015), the inherent limitations of RSM in handling high-dimensional
data result in a substantial requirement for CTM samples, thus confining its application to modeling
studies in smaller areas. Thirdly, current RSMs e.g. pf-RSM (Xing et al., 2018) and SA-RSM (Li et al.,
2022) account for each spatial grid independently while neglect the impact of surrounding emissions,
which have been shown to affect local pollutant concentrations (Cheng et al., 2019). While ERSM
(Zhao et al., 2015) has considered regional transport of emissions, it requires a substantial number of
scenario simulations to ensure the accuracy of the model (Zhao et al., 2015; Xing et al., 2017). For
example, modeling for a middle-scale region typically necessitates hundreds of scenarios as support
(Zhao et al., 2015). The computational burden significantly limits the application of this technology
on a national scale. In summary, given that existing techniques inadequately address the challenges
associated with high temporal-resolution prediction, inapplicability of multivariate scenarios, and
negligence of emission transport, developing a comprehensive national-level "emission-concentration"
predictive model poses a significant challenge.

::
To

::::::::
overcome

::::
the

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

::::::::
challenge

:::
and

:::::::::
efficiently

:::::::
retrieve

:::
the

::::::::
nonlinear

::::::::::
relationship

:::::::
between

::::::::
emissions

:::
and

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

:::::::::
data-driven

::::::::
statistical

::::::::
emulators

::::
have

:::::
been

:::::::
proposed

::
to

:::::::::
accelerate

::::::::
numerical

:::::::::
simulations

::::::::::
(Castruccio

::
et

:::
al.,

:::::
2014).

:::
As

:
a
:::::::::::::
simplified-form

::
of

::::::
CTM,

:
a

:::::::
reliable

:::::::
emulator

:::
can

:::::::::
effectively

::::::
capture

:::
the

::::::::
intricate

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

:::::::
between

:::::::::
important

:::::
CTM

::::::
inputs

:::
and

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

:::::::
outputs,

::::
and

::::::
rapidly

:::::::
estimate

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

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

::
of

:::::::::
pollutants.

::::::::
Response

::::::
Surface

::::::
Model

::::::
(RSM),

::::::
served

::
as

::::::::
statistical

:::::::::
surrogates

::::::::
developed

:::
by

:::
the

:::
US

::::
EPA

:::::
(EPA,

:::::
2006)

:::
to

:::::::
establish

:::
the

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

:::::::
between

:::::::
emission

:::::
rates

:::
and

:::
the

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

::::::::
responses

::
of

::::::
CTM,

:::
has

::::
been

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

:::::::::
developed

:::::
since

:::
the

:::
past

:::::::
decade.

:::::
RSM

:::::::::
techniques

:::::
have

::::
been

::::::::::
successfully

:::::::::
employed

::
in

:::
the

::::::::
response

::::::::
modeling

::
of

::::::
PM2:5

:::::
(Wang

::
et

:::
al.,

:::::
2011)

::::
and

:::
O3 :::::

(Xing
::
et

:::
al.,

:::::
2011)

::
to

::::::::
precursor

::::::::
emissions

::
in

::::::
China

:::
for

:::::
typical

:::::::
regions.

:::
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

:::::
(Xing

::
et

:::
al.,

::::::
2018).

::::::::
Recently,

:::::
novel

:::::::
machine

:::::::
learning

:::::
(ML)

:::::::::
techniques,

::::
for

::
its

::::
well

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

::
in

::::::::::
simulating

:::::::
complex

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

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

::
in

::::::::::
atmospheric

:::::::
systems

::::
(Liu

:::
et

:::
al.,

:::::
2021)

::::
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

::::::::
efficiency

::::
and

:::::::::
estimation

:::::::
accuracy

:::
of

:::::
RSMs

::::::
(Xing

::
et

:::
al.,

:::::
2020;

:::
Li

::
et

::
al.,

::::::
2022).

::::::
Based

:::
on

:::
this

:::::::::
advantage,

:::::
many

:::::::
studies

::::
have

::::::::
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

:::::::::
framework

::
to

::::::
predict

:::::::
annual

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

concentration
::::
from

:::::
fossil

:::::::
energy

:::
use

::::
and

:::::
reveal

::
the

::::::::::
co-benefits

::
of

:::
the

::::::
energy

:::::::::
transition,

::::::::::::
demonstrating

:::
the

:::::::
potential

:::
of

:::
ML

:::::::
method

::
in

:::::::::
addressing

:::
the

:::::::
emulator

::::::::
modeling

::::
task.

::::::::
Although

:::::::
existing

:::::
CTM

::::::::
emulators

:::::::
exhibit

:::::
more

::::::::
efficiency

::::
than

:::::::::
traditional

:::::
CTM

:::
in

:::::::::
estimating

:::
the

:::::::
pollutant

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

::
to

::
a

::::
wide

::::::
range

::
of

::::::::
emission

::::::::
changes,

:::::
there

:::
are

::::
still

::::::
several

::::::
issues

::
to

:::
be

::::::::
addressed.

:::::::
Firstly,

:::
due

::
to

:::
the

:::::::::
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).

::::::::
Secondly,

:::::
while

:::::
some

::::::::
emulators

::::
have

:::
the

::::::
ability

::
to

::::
offer

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

::::::::::
estimations

::::
with

::::
finer

::::::::
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

:::::
fitting

::::::
(Zhao

::
et

:::
al.,

:::::
2015)

:::
and

:::::::::
potentially

:::::::
leading

::
to

::::::::::::::
multi-collinearity
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:::::
issues

:::::
(Xing

::
et

::::
al.,

::::::
2018).

:::
In

:::
the

:::::::
revised

::::::::::
manuscript,

:::
we

::::
will

:::::::
provide

::::::::
examples

::::::
(BTH,

::::::
YRD)

::
to

::::
avoid

:::::::::
ambiguity.

:::::
This

::::::::
limitation

:::::::
restricts

:::
the

:::::::::::
applicability

::
of

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

::::::::
emulators

::
to

:::::
more

:::::::
intricate

:::::::
emission

:::::::::
scenarios.

:::::::::
Therefore,

::::::::
existing

::::
RSM

:::::::
studies

::::
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.

:::
On

:::
the

:::::
other

:::::
hand,

::::
some

:::::::::
emulators

::::
were

::::::::::
constructed

:::::
based

:::
on

:::::
in-situ

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

::::
using

::::
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

::::::::::
insufficient

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

::::
data,

:::::
these

::::::
models

:::::
often

::
do

::::
not

::::
have

:::::::
enough

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

:::::::
samples

::
to

:::::::
achieve

::::::::
accurate

:::::
model

::::::
fitting,

::::::
which

::::
leads

::
to

::::::::::
suboptimal

::::::::
predictive

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

:::::
(Tang

::
et

::::
al.,

:::::
2024).

:::
In

::::::::
addition,

:::::::::
traditional

:::
ML

:::::::
models,

::::
such

::
as

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

:::::::::
Perceptron

::::::
(MLP)

::::
and

:::::::
Random

:::::
Forest

:::::
(RF),

::::
may

:::
not

:::::
fully

::::::
capture

:::
the

::::::::
nonlinear

::::::::::
relationships

::
in

:::::::
complex

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

:::::::
variables

::::::::::
(Masmoudi

::
et

::
al.,

:::::
2020;

:::::::::
Natarajan

:
et

:::
al.,

:::::
2024;

::::::::::
Abuouelezz

:
et

:::
al.,

::::::
2025),

::::::
which

::::::
further

:::::::::
undermine

::::
their

::::::::::
predictions.

:::::::
Thirdly,

:::::
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),

:::::
which

:::::
have

::::
been

:::::
shown

::
to

:::::
affect

:::::
local

:::::::
pollutant

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

::::::
(Cheng

::
et

::::
al.,

::::::
2019).

::::::::
Although

::::::
certain

:::::::
studies

::::
have

:::::::::
employed

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

::::::
neural

:::::::
network

::::::
(CNN)

::::::::::
architectures

:::::::
capable

::
of

::::::::
capturing

::::
local

:::::::
features

::
to

:::::::
develop

::::::
models

:::::
(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

::
of

::::
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

:::::::::
negligence

::
of

::::::::
emission

::::::::
transport,

::
it

:::
still

:::
be

:
a

::::::::
significant

::::::::
challenge

:::
to

::::::
develop

::
a

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

::::::::
emulator

:::::
using

::::
more

::::::::
advanced

:::::::
method.

Additionally, due to the distinct form of the input data derived from TGEOS, RF and MLP-rather than CNN
architecture that has been employed for emulator building (Xing et al., 2020; Huang et al., 2021)-were
selected for model comparison. Previous models represent both input and output features in matrix forms
(Xing et al., 2020; Huang et al., 2021), facilitating a "face-to-face" modeling approach that is well-suited for
CNNs, which is commonly used in image processing (Li et al., 2021). In contrast, the input of the TGEOS
consists of sequential samples from individual grids, for each sample containing 1045 features (mentioned in
Table 2 of the manuscript), making it incompatible with the CNN framework and thus not considered.

To highlight the advantages of the Transformer architecture, an attempt was made to construct a CNN-based
model for comparative analysis. The basic architecture of this model is illustrated in Figure 1. In this CNN-
based model, we transformed the feature input of each sample from its original dimension of (1, 1045) into a
matrix format of (9, 116). For the temporal features (i.e., month information corresponding to each scenario in
this study), we individually convert them into embedding vectors—following an approach commonly used in
NLP (Stankevičius and Lukoševičius, 2024)—and subsequently concatenate these vectors with the flattened
output of the final convolutional layer of the CNN before feeding them into the fully connected layer. The
same training and test set of TGEOS were used for model training and validation.

As illustrated in Figure 2, the performance of the four models on the test set is compared. On one hand,
compared to the previously selected MLP and RF models, the CNN-based model demonstrates superior
performance, characterized by higher R values as well as lower MAE. This advantage can be attributed to the
CNN’s local convolution kernel, which is capable of capturing patterns among adjacent data points. On the
other hand, when compared to TGEOS employed in this study, the CNN-based model underperforms across
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Figure 1: Basic architecture of CNN-based model.

all evaluation metrics. This is primarily due to TGEOS’s self-attention mechanism, which enables more
effective dynamic and global modeling. In contrast to CNNs, which are constrained by fixed convolution
kernels and limited network depth, Transformer-based TGEOS exhibits a stronger capacity for capturing
complex relationships in high-dimensional data.

Figure 2: Predictive performance of four models, with green represents RF predictions, blue denotes MLP
predictions, red denotes CNN predictions, and purple indicates TGEOS predictions. All indicators are
averaged in national scale and computed based on the six test scenarios.

We have updated the "Comparison of Different Machine Learning Models" section of the manuscript to
include a discussion on the CNN model. The details are provided below:

To validate the performance of the TGEOS model in "emission-concentration" modeling against other
machine learning models, two widely used machine learning models, including multilayer perceptrons
(MLP) and random forests (RF)

::::
three

::::::
widely

:::::
used

:::::::
machine

:::::::
learning

:::::::::::
frameworks,

::::::
namely

:::::::::
Multilayer

:::::::::
Perceptrons

:::::::
(MLP),

:::::::
Random

:::::::
Forests

:::::
(RF),

:::
and

::::::::::::
Convolutional

::::::
Neural

::::::::
Network

::::::
(CNN)

:::::::::
employed

::
in

:::::::
previous

::::::
studies

::::::::::::::::::::::::::::::
(Xing et al., 2020; Xing et al., 2021), were simultaneously employed based on the
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multi-scenario dataset mentioned in Section 2.1. For each ML model, we identified the model that
demonstrated optimal fitting performance for testing after conducting a series of parameter tuning
experiments.

:::
with

:::
the

::::
best

::::::::::
combination

:::
of

:::::::::::::
hyperparameters

:::::
after

:::::::::
fine-tuning

::::::
process

:::::
based

:::
on

::::::
Optuna

::::
tool. The MLP model uses 4 hidden layers with 2048, 1024, 512, and 256 neurons, applying ReLU
activation and Dropout to prevent overfitting. The optimizer is Adam with a learning rate of 1e−3, and
the loss function is Mean Squared Error (MSE). Training uses a batch size of 1024 and 100 epochs,
with a learning rate scheduler to adjust the learning rate dynamically. The RF model uses 300 trees
with a maximum depth of 25, a minimum sample split of 4, and a minimum sample per leaf of 2. It
uses parallel computation with all CPU cores and performs feature selection by choosing the top 500
important features.

:::
The

::::
CNN

::::::
model

:::::::
consists

::
of

:::
two

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

:::::
layers

::::::::
followed

::
by

::::
fully

:::::::::
connected

:::::
layers,

::::
with

:::
an

::::::::
additional

::::::::::
embedding

::::
layer

::
to

::::::::::
incorporate

::::::
month

::::::::::
information.

::::
The

::::
first

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

::::
layer

::::::
applies

:::
32

:::::
filters

:::
of

:::
size

::::
3×3

::::::::
(padding

::
=

::
1)

::
to

:::
the

:::::::::::::
single-channel

:::::
input,

::::::::
followed

::
by

::
a

::::::
second

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

::::
layer

::::
with

::::
128

:::::
filters

::
of

:::
the

:::::
same

::::
size.

:::::
Both

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

:::::
layers

:::
use

::::::
ReLU

:::::::::
activations.

:::
The

::::::
output

::::::
feature

::::
maps

:::
are

::::
then

:::::::::
processed

::
by

:::
an

:::::::
adaptive

::::::
average

:::::::
pooling

:::::
layer

::
to

:::::
reduce

:::
the

::::::
spatial

::::::::
resolution

::
to

::
29

::
×

::
3.

:::
To

:::::::
integrate

::::::::
temporal

::::::::::
information,

:
a
::::::
month

:::::::::
embedding

:::::
layer

::::
maps

::::::
month

::::::
indices

:::::
(1–12)

:::
to

:
a

::::::::::::
4-dimensional

::::::
vector.

::::
The

::::::
pooled

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

:::::::
features

:::
are

:::::::
flattened

::::
and

:::::::::::
concatenated

::::
with

::
the

::::::
month

::::::::::
embedding,

:::::::
forming

:::
the

::::
input

::
to

::
a

:::::::::
three-layer

::::
fully

:::::::::
connected

:::::::
network:

:::
the

::::
first

:::::
linear

::::
layer

:::::
maps

:::
the

:::::::::::
concatenated

:::::
vector

::
to

::::
256

::::
units,

:::
the

::::::
second

:::::::
reduces

::
it

::
to

::
64

:::::
units,

:::
and

:::
the

::::
final

::::::
output

::::
layer

::::::::
produces

::
12

:::::::::
regression

::::::
targets.

::::::
ReLU

::::::::
activation

::::::::
functions

:::
are

:::::::
applied

::::
after

:::
the

::::
first

:::
and

::::::
second

::::
fully

:::::::::
connected

::::::
layers.

:::
For

:::::
each

::::::
model,

::::::::::::::
hyperparameters

:::::
were

:::::::
obtained

:::::
after

:::::::::
fine-tuning

:::::
based

:::
on

::::::
Optuna

::::
tool.

Table S2 and S3 summarize the performance of the three models on the test set. We found that TGEOS
outperforms the other two models in both R2 and MAE metrics. To clearly illustrate the predictive
performance of different models, we presented a modified Taylor diagram (Taylor, 2005; Fang et al.,
2023) in Fig. 10. This diagram simultaneously displays the Mean Absolute Error (MAE) and correlation
coefficient (R) for predictions of PM2:5 and O3 indicators from three models in various regions. Our
findings indicate that the Random Forest (RF) model performs the poorest. This is primarily due to
its reliance on feature importance assessments during feature selection, which overlooks potential
underlying features in the data, adversely affecting the model’s fitting capability. Additionally, the
RF model is sensitive to the distribution of training data, leading to limited extrapolation abilities
and poor predictive performance for extreme values. In contrast, the Multi-Layer Perceptron (MLP)
shows a significant improvement in predictive performance relative to the RF model. Leveraging
its multi-layer neural network structure, the MLP can more effectively learn complex relationships
between multiple features. But this layered structure can struggle when dealing with high-dimensional
feature spaces, especially for highly stochastic indicators such as maximum values, where the MLP still
exhibits considerable prediction errors.

:::::::::
Compared

::
to

:::
the

::::::::
previously

:::::::
selected

:::::
MLP

:::
and

:::
RF

:::::::
models,

:::
the

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

::::::
model

:::::::::::
demonstrates

::::::::
superior

:::::::::::
performance,

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

:::
by

::::::
higher

::
R

:::::
values

:::
as

::::
well

::
as

:::::
lower

:::::
MAE.

::::
This

::::::::
advantage

::::
can

::
be

::::::::
attributed

::
to

:::
the

::::::
CNN’s

::::
local

::::::::::
convolution

::::::
kernel,

::::::
which

:
is

:::::::
capable

::
of

::::::::
capturing

:::::::
patterns

:::::
among

::::::::
adjacent

:::
data

::::::
points.

Conversely, the Transformer-based TGEOS model demonstrates superior performance compared to
the other models, exhibiting higher R values (exceeding 0.98 and 0.97) and lower MAE values (less
than 4.0 g=m3 for the majority indicators). These results suggest a higher degree of reliability and
accuracy in its predictions. For several indicators where MLP performs poorly, TGEOS demonstrates
substantial improvements. The superiority of the Transformer model can be attributed to its greater
number of parameters and more complex architecture, which leverage powerful feature extraction
capabilities and self-attention mechanisms, allowing it to adapt to intricate patterns and relationships.

6



::
In

:::::::
contrast

::
to

:::::
CNN,

::::::
which

:::
are

::::::::::
constrained

::
by

:::::
fixed

::::::::::
convolution

:::::::
kernels

:::
and

::::::
limited

::::::::
network

:::::
depth,

::::::
TGEOS

:::::::
exhibits

::
a

:::::::
stronger

::::::::
capacity

:::
for

::::::::
capturing

::::::::
complex

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

::
in

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

::::
data.

Consequently, in high-dimensional tasks like air quality modeling, Transformer models have proven
to be more advantageous compared to their counterparts.

RC: The exclusive use of 2017 MERRA-2 meteorology across all 36 emission scenarios creates critical limi-
tations. (1) Artificial performance inflation: Model validation (Section 3) only tests emission sensitivity
under identical meteorological conditions, ignoring O’s established sensitivity to temperature/radiation.
This likely overstates accuracy for real-world applications where meteorology co-varies. (2) Unverified
generalizability: No experiments challenge the model with meteorological variability (e.g., heatwaves),
leaving robustness under climate fluctuations untested. (3) Neglect of emission-climate feedbacks: The
abstract positions TGEOS for "future emission scenarios", yet fixed meteorology cannot capture feedbacks
like emission-driven aerosol-radiation interactions affecting O3. Given the study’s policy-assessment
ambitions, this design flaw is critical. Cross-meteorological sensitivity tests should quantify key indicator
fluctuations to establish operational reliability.

AR: We appreciate the reviewer for the insightful comment. At the beginning, we fully acknowledge that the use
of a fixed 2017 meteorological field limits TGEOS’s ability to capture meteorology–emission interactions or
emission–climate feedbacks. Indeed, this design precludes assessing the influence of future climate variability
(e.g., temperature/radiation changes, extreme events) on pollutant concentrations.

However, the primary objective of TGEOS in this study is to support air quality predictions under future
emission scenarios, with a specific focus on isolating the concentration responses attributable to emission
changes. So we intentionally did not include climate change effects in this work. The “fixed meteorology
(based on a certain meteorological year or meteorological field) with different emission scenarios” framework
has been widely adopted in future air quality assessment studies. For example, Shi et al. (2021) simulated
future air quality in China under carbon neutrality using the WRF-Comprehensive Air Quality Model with
Extensions (WRF-CAMx) with the meteorology fixed at 2019; Liu et al. (2022) adopted machine learning
approach to explore the interaction patterns between air-quality improvement and climate change mitigation
in China, using 2017 meteorology ; Wang et al. (2023) used GEOS-Chem model with identical meteorology
of year 2015 to assess the changes in concentrations of PM2:5 and O3 and associated health impacts. In
addition, many studies, namely He et al. (2018), Xiao et al. (2021) and Bhattarai et al. (2024), have also
employed similar designs to quantify the contribution of emissions to future air pollutant concentrations. This
approach enables a clean separation of emission-driven changes in pollutant levels, thereby allowing a clearer
estimation of mitigation benefits without the confounding influence of meteorological variability.

Additionally, simultaneously incorporating both emissions and meteorology changes in future projections is a
technically challenging task. From the modeling perspective, it requires training the emulator to represent
complex, nonlinear interactions between meteorology and emissions across a much larger parameter space.
From the data perspective, the resolution of the currently available future meteorological data is excessively
coarse (native 100-km resolution), and the number of available meteorological variables is limited (mainly
focus on temperature and precipitate (Zhang et al., 2025)) , which makes it challenging to comprehensively
represent the future meteorological field required for GEOS-Chem input.

To provide a preliminary evaluation of TGEOS’s generalization capability across different meteorology
scenarios, we designed a cross-meteorology sensitivity experiment, as summarized in Table 1.

* Group 1: The baseline TGEOS, trained exclusively on scenarios with 2017 meteorology (identical to
the model described in the manuscript).
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* Group 2: An extended TGEOS, trained on scenarios with 2017 meteorology and supplemented by
nine additional scenarios with 2014 meteorology.

* Test set: Six scenarios with 2022 meteorology.

The results of the two groups are shown in Fig. 3 and Fig. 4. Although the baseline TGEOS (Group
1) exhibited reduced performance when applied to 2022 meteorology compared to its performance under
2017 meteorology (R2> 0.9 in the manuscript), it still achieved acceptable predictive skill, with R2 values
exceeding 0.8. In contrast, the extended TGEOS (Group 2) consistently outperformed Group 1, demonstrating
that incorporating more meteorological conditions into the training set could stably enhance the model’s
robustness under unseen climatic conditions. It should be noted that reconciling the combined effects of
emissions and meteorology is inherently challenging, and a sufficiently large number of simulated samples
across diverse meteorology scenarios is essential to achieve reliable predictions. Here only a limited set of
samples was used to illustrate the feasibility of the proposed approach. Developing the capability for rapid air
quality predictions across varying meteorological scenarios will be the central focus of our next work.

Table 1: Design of cross-meteorology sensitivity experiments.

Experiment Scenario number Description

Group1 36 36 scenarios as depicted in Table 1 of the manuscript

Group2 45
36 scenarios of Group1, 9 scenarios with emissions of SSP1_2030,
SSP1_2040, SSP1_2050, SSP4_2030, SSP4_2040, SSP4_2050,
SSP5_2030, SSP5_2040, SSP5_2050 with meteorology of 2014

Test 6
6 scenarios with emissions of SSP2_2030, SSP2_2040, SSP2_2050,
SSP3_2030, SSP3_2040, SSP3_2050, with meteorology of 2022

Finally, we have revised in Conclusion section of the manuscript to emphasize the limitation of the
meteorology-fixed methodology.

The TGEOS model still have some limitations to be improved. Firstly, it should be noted that the pre-
dictions generated by TGEOS remain incapable of accurately representing actual air pollutant concen-
trations, even though TGEOS is highly consistent with GEOS-Chem, since systematic biases have been
demonstrated to exist within GEOS-Chem itself (Travis and Jacob, 2019; Miao et al., 2020). Therefore,
correcting errors in TEGOS based on near-real observations or reanalysis data is of paramount impor-
tance and constitutes a priority for our subsequent research. Additionally, due to the considerable effect
of meteorological conditions on the generation (Shi et al., 2020), spatiotemporal patterns (Zhang et al.,
2013; Chen et al., 2020), and concentration levels (Wang et al., 2019) of PM2:5 and O3 concentrations,
and meteorological conditions other than 2017 are not considered in this study. Consequently, there
is also a need to incorporate various climate scenarios that represent meteorological variations to
enhance the TGEOS’s predictive capability regarding future air quality under more complex scenarios
with variations in emissions and meteorology.

:::::::::::
Additionally,

::
in

:::::
order

::
to

:::::
isolate

:::
the

::::::
impact

::
of

::::::::
emission

::::::
changes

::
to

::::::
future

::
air

::::::
quality

::
as

:::::::
previous

::::::
studies

:::
did

::::::::::::::::::::::::::::
(Shi et al., 2021; Shi et al., 2023),

:::
the

::::::::::
meteorology

::::
used

::
in

:::
this

:::::
study

::::
was

::::
fixed

::
at

::::::
2017.

::::
The

::::::::
identified

::::::::::
meteorology

:::::
limits

:::::::::
TGEOS’s

::::::
ability

::
to

:::::::
generate

::::::
reliable

::::::::::
estimations

:
in

::::::::::::::::
cross-meteorology

::::::::
scenarios,

:::
and

::
to

:::::::
capture

::::::::::::::::::
meteorology–emission

::::::::::
interactions
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