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[bookmark: OLE_LINK19][bookmark: OLE_LINK20]S1. Structural Screening by Machine learning
S1.1 Data preparation
[bookmark: OLE_LINK10]All structural data of the 2D carbon-based nanoporous materials were obtained by applying the CALYPSO structure prediction method developed by Ma’s group, which is grounded on the ML particle swarm optimization algorithm to explore and predict functional materials on demand. In the structural prediction, the number for the C atom in one formula unit was 12, and the maximum number of formula units per cell was 2. Also, the primary estimated volume per formula unit was 20 Å3 and the prediction generation was 50. In addition, the population size of the predicted structures was 40 in every generation, and the proportion of randomly generated structures in each generation was 40%. It should be noted that our CALYPSO crystal structure prediction method was interfaced with the Vienna ab initio simulation package (VASP), and each generated structure was optimized thrice to ensure accurate calculation.
S1.2. Machine learning models
All data of the original dataset were split into 70% training and 30% test sets. The training set was used to optimize and train the model through cross-validation, while the test set was employed to evaluate the accuracy of the trained model. We trained each ML model utilizing a 5-fold cross-validated grid search to optimize the hyperparameters, i.e., dividing the data into five random groups and training the model with four of the five subsets, then evaluating the remaining subsets. The process was repeated for each of the five divisions as the test set, after which the predictive ability of the model was evaluated as the average performance of the model over all replications. This is done so that each segmented dataset is treated as a test set for the iteration. Neural networks (NN) have been extensively applied for predicting material properties and accelerating simulation to assist material characterization due to their advantages of self-learning, associative storage, and the ability to find optimization solutions at high speed. Numerical features such as energy density, adsorption energy, and mechanical properties were renormalized and served as the input feature vectors for the NN model. The correlation between the energy density and the pore size features of 2D membranes was first established using the NN model, which consists of an input layer, an output layer, and two totally connected hidden layers, and the size of the hidden layers was determined by applying the grid search method. Among them, the input characteristics of the NN input layer are E ≤ －8.5 eV/atom. In addition, we have selected the layer magnitude parameter set to 100 for the hidden layers. The mean squared errors and the rectified linear unit were adopted as the lost function and activation function, respectively. The root mean absolute error (MAE) of the test set measured on the model was 0.28%, and the coefficient of determination (R2) value was 0.97. Based on the similar operation described above, the adsorption energy and mechanical properties of the suitable pore size were further screened (the input characteristics of the NN input layer were U < －0.5 eV and Y(θ) > 32 GPa and v(θ) > 0.25, respectively).
S1.3 Structural screening
[bookmark: OLE_LINK11]Some crucial eigenvectors are considered during training: (i) The total energy released by forming the structure is applied as a physical parameter to determine the structural stability. The criterion for obtaining a stable structure is defined as the cohesive energy E ≤ −8.5 eV/atom after referring to the stability of numerous 2D carbon-based nanoporous materials; (ii) The pore size is an essential indicator for desalination properties. According to previous studies, a pore size of 0.45–0.55 nm can display excellent desalination efficiency, and the corresponding carbon rings in the carbon density model should contain 10–12 carbon atoms; (iii) To ensure the strength and integrity of the structure during desalination, the Young’s modulus Y and Poisson’s ratio v act as descriptors of the mechanical properties, and the screening terms are set to Y(θ) > 32 GPa and v(θ) > 0.25; (iv) The best-fitting algorithm for the training set is employed to predict the adsorption energy of a Na+ at a hollow site. For stable adsorption, the screening judgment of U < −0.5 eV is performed empirically; (v) Finally, we have to evaluate the preparation possibilities of the structures. 
We treated 292 2D carbon-based nanoporous materials and obtained 52 target spots (E ≤ −8.5 eV/atom) according to the stability criteria, which can be assumed as stable unit cells to be further investigated. The correspondence between carbon density and cohesive energy of feasible stable structures are based on the constructed carbon density model used to further search for the structures that match the screening eligibility. We searched for some stable structures incorporating 10- to 12-membered carbon rings, where the 10-membered carbon ring structures have energies in the range of −8.372 to −8.830 eV/atom. Similarly, the 12-membered carbon ring structures have energy values between −8.501 and −8.600 eV/atom.
[bookmark: OLE_LINK22][bookmark: OLE_LINK23]These structures have been further screened for mechanical properties and adsorption energy. Finally, based on the results of the screening, a main target was chosen for subsequent simulation validation in this paper to explore the universal characteristics of desalination membrane structures. Therefore, ML provides a possible solution for developing 2D carbon membranes for seawater desalination.


[bookmark: _Hlk136873587]S2. Classical Molecular Dynamics
[bookmark: _Hlk134455933]S2.1 Seawater desalination system model
All the molecular dynamics simulations were carried out using the LAMMPS package. The SPE/C water model was adopted for the explicit solvent. The long-range electrostatic interactions were treated by the Particle Mesh Ewald method, and a typical distance cutoff of 12 Å was used for the van der Waals interactions. The non-bonded interaction pair list was updated every 10 fs. In order to place strain on the Flme-C filter, the cross section along the x-y plane in the simulation box was fixed at a certain value. Canonical sampling was performed through the velocity rescaling method at constant temperature of 1000 K. An integration time step of 1 fs was used for all simulations. The simulation box contains 96 Na+, 96 Cl－, 5323 water molecules, a Flme-C filter, and an ideal single graphene sheets used as a piston. The system was firstly equilibrated with z-direction pressure coupling at 1atm for 10 ns, followed by 30 ns productive simulations under a given constant piston pressure in the otherwise NVT ensemble. 
[bookmark: _Hlk134214805]S2.2 SPC/E model and force field parameter
(1) LJ potential calculation formula：
	
      
	






Table S1. Parameters of SPC/E model for water molecules
	Parameters
	Values
	SPC/E water molecule model

	ε(kcal/mol)
	-0.1553
	[image: ]

	σ(Å)
	3.166
	

	R(Å)
	1 
	

	θ(°)
	109.47
	

	q(q) 
	(±)0.4238
	


(2) Core code：
Mass：
Ow       15.9994
Hw       1.008
Charge：
Ow       -0.8476
Hw       0.4238
pair_style   lj/cut/coul/long 9.0
pair_coeff   1 1 0.1553 3.166   # 1=Ow, 2=Hw
pair_coeff   1 2 0     0
pair_coeff   2 2 0     0
bond_style harmonic
bond_coeff 1 0.0 1.0   # 1=Ow-Hw
angle_style harmonic
angle_coeff 1 0.0 109.47   # 1=Hw-Ow-Hw
kspace_style pppm 1.0e-4
fix 1 watergroup shake 0.0001 20 0 b 1 a 1
(3) LJ potential parameters
The parameters are summarized in Table S2.
Table S2. LJ and charge parameters employed in this work
	Element
	Cpiston
	CFlme-C
	Hw
	Ow
	Cl-
	Na+

	ε(kcal/mol)
	0.1050
	0.1050
	0.0
	0.1553
	0.0128
	0.3526

	σ(Å)
	3.8510
	3.8510
	0.0
	3.1656
	2.1600
	4.8305

	q(e)
	0.0
	0.0
	0.4238
	-0.8476
	-1.00
	1.00





S3. The Self-cleaning Property of Flme-C
S3.1 The calculations of the self-cleaning property
Simulation were carried out by Forcite module of commercially available software Materials Studio (Accelrys Software Inc.). Forcite do not support such kind of calculation (Applying an electric field in modelled structures) but it has embedded PERL interpreter. Thus, the procedure of simulation combined with the electric field was carried out by PERL script language. In order to describe interatomic bonds and non-bonding potential energy, the ClayFF force field was used for simulations. Next, the structures were equilibrated by thermostat at desired temperature (300 K) during 100 fs. Such time is required to achieve uniform temperature distribution for the model, time step of simulation was set at 1 fs. The NVT ensemble was used at the next step. From this moment to the end of simulation (till 10 ps) at every time step (1 fs) and the constant value (1 V/Å), electric field strength was added along the electric field direction vector Z component. 
S3.2 Script of ions movement in the electric field
#!perl
use strict;
use Getopt::Long;
use MaterialsScript qw(:all);
my  $doc = $Documents{"packmol-Flme-C.xsd"};
Modules->Forcite->ChangeSettings([
				   ElectricFieldStrength => 1,
				   ElectricFieldX => 0,
				   ElectricFieldY => 0,
				   ElectricFieldZ => 1,
				   CounterElectricField =>"No"]);				   
my $results = Modules->Forcite->Dynamics->Run($doc, Settings(
	Quality => 'Medium',
	CurrentForcefield => 'Universal',
	ChargeAssignment => 'Use current',
	Ensemble3D => 'NVT',
	TrajectoryFrequency => 100,
	AssignFixedBonds => 'No'));
my $outTrajectory = $results->Trajectory;
my $results = Modules->Forcite->Dynamics->Run($doc, Settings(
	ChargeAssignment => 'Use current', 
	Ensemble0D => 'NVT',
	Ensemble3D => 'NVT',
	Temperature => 300,
	NumberOfSteps => 8000,
	TrajectoryFrequency => 8000));
my $outTrajectory = $results->Trajectory;


S4. The POSCAR file of Flme-C
Flme-C                                     
   1.00000000000000     
     7.1675830607992603    0.0001756054747656    0.0000000000000000
     0.0001755254256231    7.1678351271864260    0.0000000000000000
     0.0000000000000000    0.0000000000000000   15.0000000000000000
   C 
    17
Direct
  0.0013531997992260  0.9996039146164861  0.5000000000000000
  0.0013677451935550  0.7876750792182960  0.5000000000000000
  0.0013094816443981  0.2115205479150717  0.5000000000000000
  0.2132524819970456  0.9995912548717385  0.5000000000000000
  0.3137049315373943  0.1699744922487909  0.5000000000000000
  0.1716934441550890  0.3119691537993390  0.5000000000000000
  0.1093070156092821  0.4995968805856705  0.5000000000000000
  0.1717422053473996  0.6872021068523182  0.5000000000000000
  0.3137402910805562  0.8292171105134614  0.5000000000000000
  0.5013497977781185  0.8916296339536558  0.5000000000000000
  0.5013254705960719  0.1075661362524798  0.5000000000000000
  0.7894363530057831  0.9996064889465259  0.5000000000000000
  0.6889293338006439  0.1699813035004922  0.5000000000000000
  0.8309233995699898  0.3120037607045347  0.5000000000000000
  0.8933689539452274  0.4996134621303483  0.5000000000000000
  0.8309614257659277  0.6872307041064118  0.5000000000000000
  0.6889744101742536  0.8292279417843673  0.5000000000000000


S5. Adsorption properties of Cl－
[image: ]
Figure S1 Adsorption model and adsorption energies of Cl－ at different sites on the surface of Flme-C.

In addition
Dynamic simulation of seawater desalination
See Appendix 1.
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