U. Zagada-Dominguez. — Generative Inverse Design of Porous Carbons

Article typ:ﬁ Research Article

Generative Inverse Design of High-
Performance Porous Carbons for CO;
Capture

U. Zagada-Dominguez*

*Departamento de Fisica Aplicada, CINVESTAV-IPN, A.P. 73, Cordemex, 97310, Mérida,
Yucatan, México

Corresponding author: drurielzagadadominguez@gmail.com

RECEIVED: 18 december 2025 / RECEIVED IN FINAL FORM: 21 march 2026 / ACCEPTED: 12
april 2026

Abstract:

The discovery of novel materials with bespoke properties is a cornerstone of technological
advancement, yet traditional Edisonian approaches are resource-intensive and inefficient. Inverse
design, which aims to discover structures that exhibit pre-defined target properties, offers a highly
promising approach. In this work, we present a computational framework for the inverse design of
porous carbons, leveraging a deep generative adversarial network (GAN). By training on a large
database of virtual carbon structures, our model learns a compact and continuous latent
representation of the structure-property relationship. We demonstrate that this model can
accurately predict material properties and generate novel, physically plausible carbon
morphologies with tailored pore size distributions optimized for CO? capture. Our top-performing
generated candidate, CG-005, exhibits a highly ordered, layered structure with engineered slit
micropores, resembling graphitized carbon analogues. Molecular simulations confirm that CG-005
displays a CO? adsorption capacity of 6.2 mmol/g at 298 K and 1 bar. These results are compared
with benchmark materials like Zeolite 13X and MOF-177, highlighting the competitive performance
of CG-005 in terms of capacity and potential ease of regeneration due to moderate adsorption heat.
This work establishes generative models as a powerful tool for accelerating the discovery of next-
generation functional materials.
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1 Background and Theoretical Framework

1.1 The Imperative for Advanced CO, Sorbents

The unabated rise in anthropogenic greenhouse gas emissions, primarily CO2, constitutes a
significant threat to global climate stability. While transitioning to renewable energy is the ultimate
solution, carbon capture and sequestration (CCS) technologies are a critical transitional strategy
[1]. Among various CCS approaches, post-combustion capture via physisorption is compelling due
to its potential for retrofitting existing infrastructure and its lower theoretical energy penalty
compared to chemical absorption [2]. An ideal sorbent must exhibit high CO: capacity and
selectivity, fast kinetics, and high stability. Crucially, it requires an optimal isosteric heat of
adsorption (Qst) in the range of 40-70 kJ/mol to balance the trade-off between capture efficiency
and the energy required for regeneration [3, 4].

1.2 Porous Carbons: A Versatile Platform

Porous carbons are attractive adsorbents due to their high specific surface area, chemical stability,
and low production cost [5]. Unlike zeolites or MOFs which often rely on electrostatic interactions,
adsorption in carbons is dominated by dispersion forces. For CO2 capture, the ultramicropore
region (< 0.7 nm) is paramount, as it maximizes these van der Waals interactions through the
overlapping potential of opposing pore walls [6]. However, traditional synthesis methods (e.g.,
chemical activation) typically yield materials with broad, heterogeneous pore size distributions
(PSDs), leaving significant room for performance improvement through rational design.

1.3 From Forward to Inverse Design

The traditional “forward” paradigm, P = f(S), predicts properties (P) from a known structure (S). The
“inverse” paradigm reverses this: it seeks a structure (S*) that yields pre-defined target properties
(Ptarget). This is a profoundly more challenging problem due to the vast, non-linear, and discrete
nature of the material design space. Generative deep learning offers a highly promising approach
to navigate this complexity.

1.4 Generative Adversarial Networks (GANs)

Deep generative models, particularly Generative Adversarial Networks (GANSs) [7], offer a solution
to the inverse problem. A GAN consists of a Generator (G) that creates candidate structures Sfake
= G(z) from a latent vector z, and a Discriminator (D) that distinguishes real training data from fake
structures. They are trained via a minimax game. The trained Generator provides a differentiable
map from a simple, continuous latent space to the complex space of realistic material structures,
enabling efficient gradient-based optimization.

2 Computational Methodology

2.1 Database Generation and Characterization

A database of over 20,000 unique virtual porous carbon structures was generated using a hybrid
approach combining Reverse Monte Carlo (RMC), Molecular Dynamics (MD) quenching, and
lattice-based assembly. Crucially, to ensure thermodynamic feasibility and mechanical stability, all
generated snapshots underwent a geometry optimization step using the AIREBO (Adaptive
Intermolecular Reactive Bond Order) potential [8]. This potential accurately describes covalent
bond breaking and formation in carbon networks, ensuring that the resulting local atomic
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environments are physically consistent with experimental carbon materials. Geometric properties
were calculated using Zeo++ [9].

2.2 Structural Representation and Grid Resolution

To interface with the deep learning model, atomic structures were converted into a 64x64x64 3D
density grid. The simulation box size was fixed at 32 A, resulting in a spatial resolution of 0.5 A per
voxel. This spatial resolution was specifically selected to accurately capture the steep repulsive
part of the Lennard-Jones potential in ultramicropores (<0.7 nm). It is significantly smaller than the
kinetic diameter of the CO2 molecule (3.30 A), ensuring the critical energetic landscape of the
overlapping pore walls is adequately resolved without requiring excessive computational memory
[10].

2.3 Generative Model and Surrogate Training

Our Generative Adversarial Network (GAN) employs a deep 3D convolutional architecture trained
via the Wasserstein GAN strategy with Gradient Penalty (WGAN-GP) for improved stability [11].
The Generator maps a 128-dimensional latent vector to a density grid. For rapid property screening,
a Gradient Boosting Machine (LightGBM) [12] was trained on 256 structural descriptors. To ensure
consistency with geometric analysis, the surrogate was specifically trained to predict the specific
surface area. To rigorously rule out overfitting, we employed a stratified 5-fold cross-validation
strategy, splitting the data into 80% training and 20% testing sets. The model achieved a coefficient
of determination (R2 > 0.98), validating its generalization capability.

2.4 Molecular Simulation Protocols (GCMC)

CO2 adsorption capacity was determined via Grand Canonical Monte Carlo (GCMC) simulations
using the RASPA software package [13]. To ensure comparability with standard literature
benchmarks, we adopted specific force field protocols used in the evaluation of zeolites and MOFs.
CO2 was modeled using the TraPPE force field [14]. The carbon framework was treated as rigid,
with atoms modeled as uncharged Lennard-Jones spheres using parameters from the Dreiding
force field [15] (e/kB = 47.86 K, o = 3.47 A). Fluid-solid interaction parameters were calculated
using the Lorentz-Berthelot mixing rules [16]. Simulations comprised 2x 10”4 cycles for equilibration
and 2x10”4 cycles for production.
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3 Results and Discussion

3.1 Predictive Model Fidelity
Predictive Model Fidelity
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Figure 1: Predictive Model Fidelity. Parity plot showing the strong correlation between the actual
and predicted specific surface area (m?g). The high R? indicates the surrogate model is reliable for
optimization.

A fundamental prerequisite for the success of any inverse design framework is the establishment
of an accurate forward model. Figure 1 presents the parity plot comparing the ground truth values
calculated via geometric analysis against the predictions of our LightGBM surrogate model for the
specific surface area. The plot reveals a tight clustering of data points along the diagonal line (R? >
0.98). This confirms that the set of 256 handcrafted structural descriptors effectively captures the
complex geometric features of the porous carbons.
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3.2 Engineering the Pore Space

Tailored Porosity Design

Optimal Region for CO;
= (Generated Carbon (CG-005)
= = Typical Activated Carbon

Differential Pore Volume (dV/dD)

0.50 0.75 1.00 1.25 1,50 1.75 2.00 225 250
Pore Diameter (nm)

Figure 2: Tailored Porosity Design. Comparison of the pore size distribution (PSD) for the Al-

generated carbon (CG-005) and a typical activated carbon. The yellow region indicates the optimal

width for COzcapture.

The primary objective of the generative framework was to discover a structure with a pore size
distribution (PSD) strictly optimized for post-combustion CO2zcapture. Figure 2 illustrates the PSD
of our top-performing generated candidate, CG-005, in direct comparison with a typical activated
carbon. The generated material exhibits a remarkably sharp, monodisperse peak centered
precisely at 0.6 nm. Theoretical studies establish that this pore width is optimal for CO2 capture
because the potential energy fields from opposing pore walls overlap, significantly enhancing the
van der Waals interaction energy.
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3.3 Novel Atomic Morphology and Synthesizability
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Figure 3: Atomic Visualization. Comparison of (a) amorphous structure and (b) highly ordered CG-
005.

The optimized pore size distribution of CG-005 is a direct consequence of its unique atomic
morphology, visualized in Figure 3. Unlike the chaotic, amorphous networks of turbostratic carbon
found in standard activated carbons, CG-005 is composed of highly ordered, corrugated graphene-
like sheets stacked to form slit-shaped micropores. While this degree of long-range order is an
idealized theoretical limit, such morphologies are structurally analogous to carbide-derived carbons
(CDCs) or templated carbons, which can be synthesized experimentally to yield extremely narrow
pore size distributions [17]. Furthermore, the stability of these local configurations was verified
using AIREBO potential minimization. The structural integrity and realistic radial distribution
functions (RDFs) post-relaxation strongly support the mechanical and thermodynamic feasibility of
CG-005.
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3.4 Comparative Adsorption Performance

Simulated Adsorption Isotherms
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Figure 4: Adsorption Isotherms at 298 K.

Figure 4 presents the simulated CO: adsorption isotherms at 298 K, benchmarking the
performance of CG-005 against widely recognized materials. The generated carbon achieves a
capacity of 6.2 mmol/g at 1 bar, a value that is competitive with traditional benchmarks like Zeolite
13X and MOF-177. It is crucial to emphasize that this comparison is indicative rather than definitive
due to the inherent differences in material physics. As detailed in Table 1, Zeolites and MOFs rely
heavily on strong electrostatic interactions (quadrupole-charge) due to their ionic frameworks. In
contrast, adsorption in CG-005 is dominated purely by van der Waals dispersion forces. Despite
lacking these electrostatic binding sites, the precise pore size engineering of CG-005 allows it to

achieve highly competitive capacities.

Material Interaction CO3; Model Frame FF Ref.

CG-005 Dispersion TraPPE Dreiding This Work
Zeolite 13X  Electrostatic TraPPE ClayFF [18]
MOF-177 Electrostatic TraPPE UFF [19]

Table 1: Simulation Protocols and Force Field Comparison.
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3.5 Selectivity and Energetics

Beyond pure adsorption capacity, selectivity and isosteric heat of adsorption (Qst) are critical.
Although multi-component simulations were outside the scope of this study, the slit-like pore width
of ~0.6 nm in CG-005 is theoretically favorable for kinetic separation. The kinetic diameter of CO:2
(3.3 A fits tightly within these pores, whereas larger molecules like N2 (3.64 A) experience steric
hindrance, ensuring high ideal CO2/ Nz selectivity. Regarding energetics, the purely physisorptive
nature of CG-005 implies a moderate Qst (typically 25-35 kd/mol for optimized carbons). Unlike
Zeolite 13X, which requires massive energy inputs to desorb chemisorbed-like CO2, the moderate
interaction in CG-005 significantly lowers the energy penalty required for sorbent regeneration,
balancing capacity with overall process efficiency.

3.6 Navigating the Design Space

Design Space Optimization
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Figure 5: Design Space Map using PCA. Color scale represents predicted CO2 capacity.

The discovery of CG-005 was not accidental but the result of a targeted optimization trajectory
within the learned latent space. Figure 5 visualizes the design space using Principal Component
Analysis (PCA) to reduce the high-dimensional descriptor space. The superimposed color gradient
reveals a clear 'hotspot' of maximum performance. The top candidates generated (stars) are tightly
clustered within this optimal region.
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3.7 Unveiling the Learned Representation

Latent Space Visualization
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Figure 6: Latent Space Visualization using t-SNE.

Finally, Figure 6 provides a visualization of the generative model’s latent space, projected into two
dimensions using t-Distributed Stochastic Neighbor Embedding (t-SNE). Unlike PCA, t-SNE
preserves local structure. The smooth color transitions indicate that the GAN learned a meaningful
and continuous representation. This continuity ensures that small perturbations in the latent vector
translate into smooth, predictable changes in the material topology.

4 Conclusion

We have developed and implemented a deep learning framework for the generative inverse design
of porous carbons. Our approach generated CG-005, a novel carbon structure with a unique
layered morphology and an optimized PSD, leading to a CO: adsorption capacity performing
competitively with state-of-the-art materials. This work highlights the potential of generative models
to transition materials science toward targeted design. Future efforts will focus on experimental
synthesis and detailed validation of multicomponent selectivity and regeneration dynamics.
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