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Abstract 16 

The adsorption and reactivity of volatile organic compounds (VOCs) on metal 17 

oxides govern catalytic reaction pathways, yet predictive rules remain elusive because 18 

molecular functionality, surface chemistry, and adsorption geometry are strongly 19 

coupled. Here we report a transferable adsorption dual-tower framework (AdsDT) that 20 

independently encodes molecular and crystal features to predict adsorption energies 21 

directly from unrelaxed CIF structures. By pretraining on the Open Catalyst 2020 22 

dataset and progressively transferring through intermediate adsorption systems, AdsDT 23 

enables rapid construction of metal oxides-VOCs interaction databases and achieves 24 

strong agreement with density functional theory calculations (R2 = 0.85). Using 816 25 

TiO2 (anatase, 101)-VOCs adsorption configurations, we combine molecular 26 

fingerprints, SHAP analysis, and graph attention mapping to identify fragment-level 27 

and atom-resolved adsorption contribution. Saturated alkyl carbon environments 28 

increase predicted adsorption energies, whereas unsaturated and electronegative atoms, 29 

particularly carbonyl oxygen, favor stronger adsorption. Extension to eight 30 

representative metal oxides reveals material-dependent and functional-group 31 

correlation. Furthermore, a bond activation score integrating atomic attention, bond 32 

dissociation energy, and bond polarization links adsorption configurations to reaction 33 

pathways, showing that adsorption sites activate neighboring bonds through electronic 34 

redistribution rather than serving simply as cleavage centers. These results provide 35 

transferable atom-resolved descriptors for VOCs adsorption and catalytic reactivity 36 

across metal oxides. 37 

 38 
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Introduction 44 

Volatile organic compounds (VOCs) are among the major atmospheric pollutants, 45 

posing serious threats to environmental sustainability and human health1-3. Catalytic 46 

oxidation is an effective technology for VOCs elimination4-7, yet the rational design of 47 

efficient catalysts requires a fundamental understanding of the elementary processes 48 

governing VOCs conversion, particularly the initial adsorption and activation of 49 

reactant molecules on catalytic surfaces8,9. Metal oxides are widely used as catalytic 50 

substrates owing to their tunable electronic structures, diverse surface coordination 51 

environments, and abundant defect chemistry10-13. The interactions between surface 52 

metal sites and VOCs adsorption centers determine adsorption configurations, surface 53 

coverage, and interfacial charge redistribution, thereby regulating subsequent bond 54 

activation and reaction pathways14,15. Nevertheless, VOCs adsorption on metal oxide 55 

surfaces remains complex and strongly site-dependent. Therefore, establishing atom-56 

resolved adsorption principles and identifying transferable molecular descriptors that 57 

govern VOCs and metal oxides interactions are critical for understanding and predicting 58 

catalytic oxidation processes16,17. 59 

Systematically understanding adsorption behavior of VOCs requires 60 

comprehensive descriptions of the adsorption spanning diverse molecular structures, 61 

metal oxide surfaces, and adsorption configurations18. Such datasets are essential for 62 

uncovering transferable chemical principles, including functional-group-dependent 63 

surface affinity and the molecular factors governing adsorption strength and subsequent 64 

activation pathways19,20. Conventional density functional theory (DFT) approaches 65 

require extensive sampling of surface adsorption sites, molecular orientations, and 66 

structural relaxation for each adsorbate-surface combination, leading to prohibitive 67 

computational costs when exploring the vast chemical space21,22. Although descriptor-68 

based scaling relationships, such as oxygen charge descriptors for oxygenated molecule 69 

adsorption on MO2 surfaces, have provided useful insights23,24, its general applicability 70 

remains limited because adsorption energetics arise from the coupled effects of 71 

molecular functionality, surface coordination environments and interfacial electronic 72 
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interactions25,26. Therefore, a scalable strategy capable of efficiently expanding 73 

adsorption databases is urgently needed. 74 

Recent advances in artificial intelligence have provided new opportunities for 75 

accelerating molecular simulations by learning complex structure-property 76 

relationships from large-scale datasets27-29. Various machine learning (ML) models, 77 

such as random forests (RF)30, multilayer perceptions (MLP)31, and graph neural 78 

networks (GNNs)32,33, have been extensively explored to predict the adsorption energy 79 

of adsorbate-surface systems. However, most existing ML models remain highly 80 

dependent on explicitly defined and pre-relaxed three-dimensional adsorption 81 

configurations, requiring prior knowledge of adsorption geometries that are typically 82 

obtained through computationally expensive structural optimization34, 35. To overcome 83 

these limitations, Ulissi and co-workers proposed the AdsorbML workflow, which 84 

heuristic structure searching with machine learning potentials to accelerate the 85 

calculation36. Similarly, Margraf et al. proposed a global optimization protocol that 86 

employs on-the-fly ML potentials iteratively refined by DFT calculations, enabling 87 

efficient identification of stable adsorption configurations across diverse surface-88 

adsorbate combinations37,38. Nevertheless, these approaches still rely on extensive 89 

exploration of initial adsorption configurations and iterative DFT calculations, resulting 90 

in considerable computational costs for training data generation and adsorption 91 

geometry determination39. Therefore, current ML strategies have not yet fully addressed 92 

the challenges of scalable adsorption database construction and transferable descriptor 93 

discovery for complex metal oxides-VOCs interaction systems. 94 

In this work, we address these challenges by uncovering transferable atom-95 

resolved principles that govern VOCs adsorption and activation on metal oxides 96 

surfaces through an interpretable artificial intelligence framework. We first develop a 97 

transferable dual-tower (AdsDT) architecture that independently encodes molecular 98 

and crystal structures and subsequently learns their interfacial interactions, enabling 99 

geometry-free adsorption energy prediction through progressive transfer learning from 100 

the Open Catalyst 2020 dataset to complex metal oxides-VOCs interaction systems 101 

(Figure 1a). We further establish an open high-throughput prediction platform for rapid 102 
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construction of a comprehensive metal oxides-VOCs adsorption database, providing 103 

the data foundation for large-scale knowledge discovery (Figure 1b). Building on this 104 

database, we integrate molecular fingerprints, SHAP analysis, and graph attention 105 

mapping into an interpretable learning framework that reveals fragment-level and atom-106 

resolved descriptors governing VOCs adsorption across chemically diverse metal 107 

oxides (Figure 1c). Finally, we extend analysis across multiple representative metal 108 

oxides, revealing material-dependent responses. More importantly, we propose a Bond 109 

Activation Score (Sbond) by integrating atomic attention weights, bond dissociation 110 

energy, and bond polarization characteristics, thereby linking adsorption behavior with 111 

catalytic reactivity (Figure 1d). Overall, this work yields transferable atom-resolved 112 

descriptors and universal adsorption-activation principles, providing a unified atomistic 113 

framework for VOCs adsorption and catalytic reactivity across diverse metal oxide 114 

surfaces. 115 
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 116 

Figure 1. Workflow of the transferable and interpretable AI framework for VOCs adsorption 117 

and activation on metal oxide surfaces. (a) Transferable dual-tower architecture (AdsDT) for 118 

geometry-free adsorption energy prediction via progressive transfer learning from OC20 to metal 119 

oxides-VOCs systems. (b) High-throughput web platform for rapid construction of comprehensive 120 

metal oxide-VOCs adsorption database. (c) Data-driven discovery of fragment-level and atom-121 

resolved adsorption descriptors. Interpretable machine learning workflow integrating molecular 122 

fingerprints, SHAP analysis, and graph attention mapping. (d) Generalization of transferable 123 

adsorption-activation principles through cross-material attention analyses and bond activation score. 124 

 125 



 8 

Results 126 

AdsDT architecture and performance for adsorption energy prediction 127 

 128 

Figure 2. Architecture and performance of the transferable dual-tower AdsDT framework. (a) 129 

Overall architecture of the AdsDT framework. The framework consists of a crystal encoding tower 130 

(Tower A), a molecular encoding tower (Tower B), and a semi-interactive aggregator (b) Schematic 131 

illustration of adsorption systems in the Open Catalyst 2020 (OC20) dataset, highlighting catalyst 132 

surfaces, adsorbates, and primary/secondary interacting atoms used for model pretraining. (c) Parity 133 

plot comparing AdsDT-predicted adsorption energies with true values for the OC20 training and test 134 

sets. (d) Comparison of mean absolute error (MAE) with representative baseline models on the 135 

OC20 dataset. (e) Schematic illustration of the progressive transfer learning strategy. Task A 136 

transfers knowledge from alloy-functional group (FG) systems (Input A: alloy surfaces; Input B: 137 

FG molecules) to alloy-VOCs systems; Task B for transfer to metal oxides-VOCs systems (Input C: 138 

MOx surfaces; Input D: VOCs molecules). Frozen blocks denote encoder parameters retained 139 

during fine-tuning. Parity plots comparing the AdsDT-predicted adsorption energies against with 140 
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DFT values for the downstream (f) Alloy-VOCs and, (g) metal oxides-VOCs target datasets.  141 

We developed AdsDT, a transferable dual-tower deep learning framework that 142 

enables geometry-independent adsorption energy prediction by learning intrinsic 143 

representations of catalyst surfaces and adsorbate molecules. As illustrated in Figure 144 

2a, AdsDT consists of three interconnected components: a crystal encoding tower 145 

(Tower A), a molecular encoding tower (Tower B), and a semi-interactive aggregator. 146 

The crystal encoder employs a crystal graph convolutional neural network (Crystal 147 

Graph Convolutional Neural Network, CGCNN)40,41 to extract structural 148 

representations from periodic catalyst surfaces, including atomic features and local 149 

coordination environments. Meanwhile, the molecular encoder utilizes a graph 150 

convolutional network (Graph Convolutional Network, GCN) to characterize adsorbate 151 

structures42. The detailed internal architecture of AdsDT and the corresponding feature 152 

propagation process are illustrated in Figure S1 and Table S1. Unlike conventional 153 

approaches that directly concatenate surface and molecular descriptors (Figure S2), 154 

AdsDT introduces a semi-interactive aggregation module based on cross-attention43, 155 

enabling dynamic information exchange between catalyst and adsorbate representations 156 

(Aggregator). This hierarchical interaction strategy allows the model to capture 157 

adsorption-dependent interfacial features and establish nonlinear correlations between 158 

local chemical environments and adsorption energetics. 159 

We first evaluated the predictive capability of AdsDT using the Open Catalyst 160 

2020 (OC20) dataset, which contains a wide range of catalyst surfaces and adsorbate 161 

systems (Figure 2b). Since adsorption behavior is primarily governed by interactions 162 

between active surface atoms and adsorbed species, AdsDT incorporates both primary 163 

interacting atoms and their neighboring coordination environments into graph 164 

representations. The OC20-Dense dataset contains 58,576 adsorption configurations, 165 

including 52,068 samples for training and 6,508 samples for independent testing. As 166 

shown in Figure 2c and Figure S3, the predicted adsorption energies exhibit excellent 167 

agreement with DFT calculations, achieving R2 values of 0.883 and 0.885 for the 168 

training and test sets, demonstrating excellent predictive accuracy and robust 169 

generalization ability. Furthermore, noise perturbation tests demonstrate the robustness 170 
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of AdsDT, with R2 values remaining above 0.80 even under 25% noise, indicating stable 171 

adsorption representation learning against data uncertainties (Figure S4). Benchmark 172 

comparisons with representative state-of-the-art models further demonstrate the 173 

advantages of AdsDT (Figure 2d, Table S2-S3). Supported by these supporting results 174 

on model input requirements and performance of different graph encoder backbones, 175 

conventional structure-based models, including CGCNN and SchNet, exhibit relatively 176 

large prediction errors with MAEs exceeding 0.65 eV. Advanced multimodal models 177 

such as AdsMT improve prediction accuracy with an MAE of approximately 0.55 eV. 178 

In comparison, AdsDT achieves an MAE of approximately 0.48 eV on the OC20 179 

benchmark, demonstrating enhanced capability in capturing complex catalyst-180 

adsorbate interactions. 181 

To extend adsorption prediction toward metal oxides-VOCs systems where high-182 

quality training data remain limited, we constructed two customized DFT datasets 183 

covering Alloys-VOCs and metal oxides-VOCs systems for progressive transfer 184 

learning strategy (Figure 2e, Table S4-S5). Instead of directly optimizing models on 185 

small target datasets, AdsDT first learns general adsorption representations from 186 

chemically diverse alloy-functional group systems. During the first transfer stage, the 187 

pretrained surface encoder is retained while the molecular encoder is adapted toward 188 

Alloys-VOCs systems. Subsequently, the optimized molecular representation is 189 

transferred to metal oxides-VOCs systems and integrated with a newly initialized metal 190 

oxide surface encoder. This sequential transfer strategy enables efficient knowledge 191 

migration between chemically distinct catalytic domains. The effectiveness of this 192 

strategy was evaluated using downstream Alloys-VOCs and metal oxides-VOCs 193 

datasets. For the Alloys-VOCs system, AdsDT achieved R2 values of 0.858 and 0.845 194 

for training and testing sets, respectively (Figure 2f). For the more challenging metal 195 

oxides-VOCs system, the transferred model maintained comparable performance, 196 

achieving R2 values of 0.860 and 0.847 for training and testing sets (Figure 2g). The 197 

predicted adsorption energies remain closely distributed around the ideal fitting line 198 

across the entire energy range, confirming the reliability and stability of the transferred 199 

representations. 200 
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Comprehensive ablation studies further confirm the importance of the proposed 201 

transfer pathway (Figure S5-S6, Table S6). Direct fine-tuning of all model parameters 202 

leads to reduced testing performance, suggesting that excessive adaptation to limited 203 

target data compromises generalization. In contrast, progressive transfer learning 204 

preserves transferable adsorption knowledge learned from the source domain while 205 

enabling adaptation to new surface chemistries. The improved transferability stems 206 

from the rich chemical diversity of alloy-based source systems, which span wide-207 

ranging elemental compositions, metal coordination environments, and molecular 208 

adsorption configurations (Table S7). Detailed adsorbate statistics for OC20-Dense, 209 

Alloys-VOCs, and metal oxides-VOCs are documented in Table S8-S9, with their 210 

chemical-family distributions are summarized in Table S10-S11. Chemical-space 211 

analyses combining elemental-distribution mapping (Figure S7-S9) and UMAP 212 

dimensionality-reduction visualization (Figure S10) identify considerable feature 213 

overlap across the Alloys-VOCs, and metal oxides-VOCs systems. This observation 214 

validates the feasibility of knowledge transfer between these distinct catalytic domains. 215 

Collectively, these findings demonstrate that AdsDT functions as a transferable 216 

representation-learning framework to unify chemically heterogeneous adsorption 217 

systems. It lays a solid basis for large-scale adsorption database development and the 218 

subsequent extraction of atom-level adsorption principles. 219 

 220 
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Web platform and TiO2(anatase, 101)-VOCs adsorption databases 221 

 222 

Figure 3. High-throughput web platform for database construction and data-driven discovery 223 

of fragment-level and atom-resolved adsorption descriptors. (a) Schematic illustration of the 224 

AdsDT web-based adsorption energy prediction platform. (b) Parity plot comparing AdsDT-225 

predicted adsorption energies with DFT-calculated values across eight representative metal oxide 226 

surfaces. (c) Crystal structure configurations of anatase used for constructing the TiO2 (anatase, 227 

101)-VOCs adsorption databases. (d) Three-dimensional adsorption energy landscape of the TiO2 228 

(anatase, 101)-VOCs databases, illustrating the distribution of adsorption strengths associated with 229 

different molecular functional groups and chemical environments. (e)SHAP analysis based on 230 

MACCS molecular fingerprints to adsorption energy prediction. (f) Violin plots illustrating the 231 

statistical distribution of contributions from different atomic sites. (g) Atomic attention weight 232 
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visualization for ethyl acetate adsorption on TiO2. (h) Charge density difference of ethyl acetate 233 

adsorption on TiO2, where yellow and blue isosurfaces denote electron accumulation and depletion, 234 

respectively. (i) Reaction pathways comparing alternative bond cleavage mechanisms of ethyl 235 

acetate. (j) The time-of-flight mass (TOF-MS) evolution spectra of intermediates during ethyl 236 

acetate oxidation over TiO2 catalyst.  237 

To enable large-scale investigation of intrinsic metal oxides-VOCs interfacial 238 

interactions, we built an online platform for adsorption energy prediction based on the 239 

AdsDT model (Figure 3a). Users can directly upload unrelaxed crystallographic 240 

information (CIF) files of catalyst crystal structures and VOCs molecular structures, 241 

and corresponding surface orientations, after which the platform automatically 242 

performs structural encoding and outputs adsorption energies and adsorption 243 

characteristics. Compared with conventional DFT calculations, this platform 244 

accelerates adsorption energy evaluation by approximately five orders of magnitude 245 

(Figure S11), enabling rapid exploration of large adsorption chemical spaces. The 246 

predictive reliability of AdsDT was further validated across diverse metal oxide 247 

surfaces (Figure 3b and Table S12). The predicted adsorption energies show excellent 248 

agreement with DFT calculations, achieving an MAE of 0.095 eV and an RMSD of 249 

0.118 eV (Figure S12). Representative oxides, including TiO2, MnO2, Fe2O3, Co3O4, 250 

CuO, ZnO, Al2O3, and CeO2, all exhibit near-linear correlations between predicted and 251 

calculated adsorption energies, demonstrating that AdsDT effectively captures 252 

transferable metal oxides-VOCs interaction patterns across chemically distinct oxides 253 

systems. 254 

Given its well-defined surface structure and abundant coordinatively unsaturated 255 

Ti sites (Ti5c), anatase TiO2 (101) was selected as a representative metal oxide surface 256 

for systematic investigation of VOCs adsorption (Figure 3c). The exposed Ti5c sites act 257 

as primary Lewis acidic centers and play a critical role in coordinating VOCs molecules 258 

during adsorption44. Leveraging the efficient prediction capability of AdsDT, we 259 

subsequently constructed a TiO2 (anatase, 101)-VOCs adsorption datasets containing 260 

816 adsorption configurations (Figure S13 and Table S13). This database covers 261 

diverse VOCs families, including aldehydes, ketones, alcohols, carboxylic acids, 262 

nitriles, imines, and aromatic compounds. Principal component analysis (PCA)-based 263 
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chemical space visualization reveals distinct adsorption distributions associated with 264 

different functional groups (Figure 3d). Carbon-, fluorine-, and sulfur-centered 265 

adsorption species are mainly distributed in weaker adsorption regions (approximately 266 

0 to -1.0 eV), whereas oxygen- and nitrogen-containing adsorption configurations 267 

predominantly occupy regions with stronger adsorption energies (-1.5 to -3.5 eV). 268 

Particularly, O-centered adsorption exhibits the broadest energy distribution, 269 

suggesting that oxygen coordination not only enhances adsorption stability but also 270 

induces diverse interfacial electronic interactions. 271 

To uncover the molecular origins governing VOCs adsorption, we established a 272 

hierarchical interpretable learning strategy combining MACCS fingerprint-based 273 

SHAP analysis and graph attention mapping. Among the eight classical machine 274 

learning regression models, XGB yields the best prediction performance for adsorption 275 

energy (Figure S14). The MACCS-SHAP analysis identifies fragment-level 276 

descriptors, revealing that saturated alkyl groups (-CH3 and -CH2-) contribute the 277 

largest fraction of feature importance (approximately 55-70%), whereas unsaturated 278 

C=C bonds and carbonyl groups exhibit negative contributions, indicating their 279 

tendency to stabilize adsorption configurations (Figure 3e). At the atomic scale, we 280 

performed weight analysis based on our cross-attention GCN framework to quantify 281 

the contribution of individual atoms within VOCs molecules. As illustrated in Figure 282 

S15, the multi-head cross-attention layer computes pairwise attention scores between 283 

adsorbate atoms and surface atoms. The averaged attention weights are projected onto 284 

the material surface to produce atom-wise importance mappings, enabling systematic 285 

identification of the critical sites that govern VOC adsorption behavior. Averaged over 286 

816 VOC adsorption configurations on anatase TiO2 (101), Figure 3f and Table S14 287 

resolve the distinct contribution patterns of heteroatoms with different bonding 288 

environments. Saturated single-bond carbon atoms (C1) exhibit the strongest positive 289 

contribution (+0.404). The positive contributions originate mainly from weak van der 290 

Waals interactions and geometric confinement effects at the oxide surface45. In contrast, 291 

unsaturated carbon atoms in C=C bonds (C2) exhibit negative contributions (-0.188) 292 

due to π-electron interactions with oxide surfaces, indicating distinct roles of saturated 293 
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and unsaturated carbon environments46-47. For nitrogen-containing VOCs, atomic 294 

contributions also strongly depend on the local bonding environment. Single-bond 295 

nitrogen atoms (N1, +0.112) generally show positive contributions due to steric effects 296 

and weaker surface interactions, whereas nitro groups (N2, -0.157) preferentially 297 

interact through oxygen atoms because of resonance-induced charge delocalization48. 298 

Single-bond oxygen atoms (O1, -0.032) in alcohols and ethers contribute negatively 299 

through polar interactions and surface coordination, while carbonyl oxygen atoms (O2) 300 

in aldehydes, ketones, acids, and esters exhibit the strongest negative contribution (-301 

0.219), originating from direct coordination between oxygen lone-pair electrons and 302 

Lewis acidic metal sites49. The details of visualized attention weight maps for 303 

representative VOCs structures are provided in Figure S16-S23. More evidences are 304 

given in Figure S24. Oxygen attention values across different oxygen-containing 305 

VOCs exhibit consistent correlations with adsorption energies and oxygen charge loss. 306 

Increasing attention values are accompanied by stronger adsorption and enhanced 307 

oxygen charge redistribution, demonstrating that the attention mechanism captures 308 

chemically meaningful electronic features rather than arbitrary model weights. 309 

Additionally, halogen contributions follow a F-Cl-Br trend governed by the balance 310 

between electronegativity, polarizability, and steric effects50. Multifunctional VOCs 311 

exhibit competitive interactions among different reactive motifs, where the dominant 312 

adsorption center controls molecular activation. 313 

To further determine whether the atom-resolved adsorption descriptors identified 314 

by AdsDT are associated with catalytic activation, ethyl acetate adsorption on TiO2 was 315 

selected as a representative system. The atomic attention map reveals that the carbonyl 316 

oxygen exhibits the highest adsorption-related contribution (-0.159), identifying it as 317 

the dominant adsorption-contributing region predicted by the model, whereas the 318 

neighboring carbon framework displays opposite contribution trends, suggesting 319 

distinct roles of different atomic environments in regulating adsorption behavior 320 

(Figure 3g, Figure S25). Charge density difference analysis further confirms 321 

pronounced interfacial electron redistribution between carbonyl oxygen and Ti5c sites, 322 

as evidenced by electron accumulation and depletion regions around the adsorption 323 
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interface (Figure 3h). Moreover, density of states (DOS) analysis reveals strong orbital 324 

coupling between Ti states and the carbonyl group near the Fermi level (Figure S26), 325 

indicating that Ti-O=C coordination induces localized electronic polarization within the 326 

adsorbed molecule. Importantly, the preferential adsorption center does not necessarily 327 

represent the direct bond cleavage site. Instead, adsorption-induced electronic 328 

redistribution associated with C=O extends toward neighboring chemical bonds, 329 

modifying their local electronic environment and facilitating selective activation. To 330 

verify this hypothesis, nudged elastic band (NEB) calculations were performed to 331 

compare possible decomposition pathways of ethyl acetate on TiO2 (Figure 3i, Figure 332 

S27). The calculated barrier for C-O bond cleavage is 1.65 eV, which is substantially 333 

lower than that for C-C bond cleavage (2.18 eV), demonstrating that carbonyl-directed 334 

adsorption preferentially promotes adjacent C-O bond activation. To experimentally 335 

validate this adsorption-activation relationship, anatase TiO2 with exposed (101) facets 336 

was synthesized and structurally characterized by X-ray diffraction (XRD) and high-337 

resolution transmission electron microscopy (HRTEM), confirming the formation of 338 

anatase TiO2 and the exposed (101) facets (Figures S28-S29). The resulting TiO2 was 339 

further investigated using TOF-MS and in situ DRIFTS measurements (Figure 3j, 340 

Figure S30 and Table S15). During ethyl acetate oxidation, characteristic 341 

intermediates including ethanol and acetic acid were detected, supporting a reaction 342 

sequence involving carbonyl adsorption followed by neighboring C-O bond cleavage. 343 

Together, these computational and experimental results demonstrate that atomic 344 

attention weight provide not only adsorption-site identification but also mechanistic 345 

insight into how adsorption-induced electronic redistribution governs catalytic bond 346 

activation. 347 

 348 
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Cross-material generalization of adsorption-activation principles 349 

 350 

Figure 4. Molecule-aware graph attention framework for interpretable prediction of VOCs 351 

bond activation on metal oxides. (a) Workflow of the molecule-aware graph attention network 352 

(GCN) for interpretable prediction of VOCs adsorption on metal oxide surfaces. (b) Average atom-353 

level SHAP values of representative atomic species on different metal oxide surfaces and the 354 

corresponding performance ranking of metal oxides for each atom type. (c) Bond-activation scoring 355 

strategy integrating attention weights, bond dissociation energy (BDE) and electronegativity (χ) to 356 

identify the most favorable bond-activation site. (d) Metal oxides-VOCs bond activation response 357 

map predicted by the proposed framework. Bubble color denotes the dominant activated bond type, 358 

whereas bubble size represents the bond-activation score.  359 

To further extend the research framework from molecular to surface atomic scales 360 

and uncover transferable principles governing metal oxides-VOCs interactions, we 361 

constructed a comprehensive dataset comprising 816 VOCs molecules spanning nine 362 
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representative functional groups, 11 distinct crystal facets of eight metal oxides, and 363 

8,976 heterogeneous adsorption configurations (Figure 4a and Supplementary 364 

Data1). The selected metal oxides surfaces cover broad ranges of surface-metal 365 

coordination numbers (3-6) and acid-base properties (Figure S31 and Table S16). 366 

VOCs molecules were characterized using atom-level descriptors derived from 367 

MACCS fingerprints and RDKit molecular features, including atomic types and local 368 

chemical environments such as C1, C2, N1, N2, O1 and O2. Meanwhile, the metal 369 

oxides surfaces were encoded according to their atomic coordination environments and 370 

crystal structures. These molecular and surface representations were subsequently 371 

converted into unified atomic-level graphs and used to construct the adsorption 372 

configurations for training a molecule-aware graph convolutional network (GCN)51. By 373 

integrating attention mechanisms with SHAP analysis, the framework quantitatively 374 

resolves the contributions of molecular motifs and surface atomic environments to 375 

adsorption, providing atom-level contribution weights and enabling subsequent 376 

identification of preferential bond-activation sites. The GCN achieved reliable 377 

adsorption-energy prediction across all eight metal oxides systems, with test R2 values 378 

of 0.867-0.950 and MAE of 0.027-0.054 eV (Figure S32 and Table S17). This 379 

framework therefore establishes a unified connection from molecular and surface 380 

structural representations to adsorption prediction and microscopic mechanism 381 

interpretation. 382 

The atomic-attention heatmap and statistical ranking reveal a largely conserved 383 

contribution pattern across different metal oxides surfaces (Figure 4b and Table S18). 384 

Although the magnitude of each contribution varies with surface chemistry, its sign is 385 

generally preserved, suggesting transferable structure-adsorption relationships. 386 

Saturated carbon (C1) consistently exhibits positive attention weights (+0.360 to 387 

+0.442), indicating that saturated carbon motifs generally weaken surface-VOCs 388 

interactions and lead to less-negative adsorption energies. This effect is most 389 

pronounced on CeO2 (111), where C1 reaches the highest positive contribution. N1 390 

overall also shows a positive contribution, with CeO2 (0.153), ZnO (0.134), and MnO2 391 

(0.125) being the most significant. In contrast, unsaturated and heteroatom-containing 392 
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motifs, including C2, N2, O1, O2, F, Cl and S, predominantly show negative 393 

contributions, indicating enhanced surface interactions. In particular, C2 and O2 exhibit 394 

negative contributions across all investigated oxides, identifying unsaturated carbon 395 

and oxygen-containing motifs as broadly adsorption-promoting features. Different 396 

metal oxides show noticeable selectivity for various atoms. For example, MnO2 has the 397 

strongest negative effects on C2, O2, Cl, and S, with corresponding SHAP values of -398 

0.202, -0.298, -0.138, and -0.087. TiO2 contributes most negatively to N2 (-0.157), ZnO 399 

has the clearest impact on O1 (-0.099), and Al2O3 has the highest negative effect on F 400 

(-0.130). The ranking on the right further summarizes the top three key metal oxides 401 

for each type of atom, showing that the composition of metal oxides can significantly 402 

influence how different atoms or functional groups contribute to the model’s predictions. 403 

Overall, CeO2 and ZnO are more favorable for enhancing the positive effects of C1 and 404 

N1, while MnO2 is more sensitive to various negative features, which also reveals a 405 

clear matching dependency between metal oxide surfaces and different chemical 406 

structures52-54. 407 

To further bridge adsorption interpretation with reactive site prediction, we 408 

developed an atomic-scale bond-activation scoring framework that integrates model 409 

attention, bond energetics and adsorption-induced polarization (Figure 4c). For each 410 

candidate bond (i-j), the activation score is defined as Sbond,ij=Aij·Eij·Pij, where Aij, Eij, 411 

and Pij represent the normalized attention, energetic and polarization contributions, 412 

while Sbond,ij provides an integrated measure of the susceptibility of bond (i-j) to 413 

activation. The definition and detailed calculation of Aij, Eij, and Pij are shown in 414 

Supplementary Notes 15. The resulting score is bounded between 0 and 1 and 415 

integrates model attention, intrinsic bond strength, and bond polarization into a single 416 

descriptor. For the representative adsorption configuration, the α-C-H bond exhibited 417 

the highest score (Sbond=0.76), exceeding the corresponding values for the C-C 418 

(Sbond=0.42), C-O (Sbond=0.56), and O-H (Sbond=0.69) bonds (Table S19). The carbonyl 419 

oxygen first acts as the primary adsorption anchor, whereas the neighboring α-C-H 420 

bond exhibits the highest activation propensity. 421 
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We next applied this scoring framework to 39 representative VOCs molecules 422 

across eight metal oxides, generating a comprehensive bond-reactivity map (Figure 4d 423 

and Supplementary Data2). The dataset covers alkanes, alkenes, aromatics, alcohols, 424 

aldehydes, ketones, esters and halogen-containing organics. The activation response 425 

depended strongly on both metal oxides composition and VOCs functionality. For 426 

example, aromatic VOCs showed a high activation score on MnO2 (Sbond =0.85), with 427 

the response dominated by benzyl C-H activation, whereas halogenated VOCs reached 428 

a high score on Al2O3 (Sbond=0.80), consistent with preferential C-X activation. 429 

Similarly, alkenes on TiO2 exhibited a high score of 0.82, with C=C identified as the 430 

dominant activated bond, while ketones on CuO showed a score of 0.81. These indicate 431 

that the most favorable bond-activation site cannot be determined solely from the VOCs 432 

structure or the metal oxides surface independently. Instead, it emerges from their 433 

coupled influence on interfacial attention, bond strength, and polarization. Collectively, 434 

these results establish a transferable framework connecting molecular structure, surface 435 

atomic environment, adsorption energetics and bond activation, providing quantitative 436 

guidance for catalyst screening and rational design. 437 

Discussion 438 

We developed AdsDT, a transferable dual-tower framework that enables high-439 

throughput prediction of VOCs adsorption on diverse metal oxides surfaces directly 440 

from unrelaxed crystal structures. Beyond energy prediction, we employed SHAP 441 

analysis and graph attention mapping to extracts chemically meaningful descriptors 442 

across including molecular fragment, atomic, and bond level. The results reveal that 443 

saturated alkyl fragments generally weaken adsorption, whereas unsaturated groups and 444 

heteroatoms strengthen surface interactions through electronic coupling. More 445 

importantly, we propose a bond activation score (Sbond,ij=Aij·Eij·Pij) that integrates 446 

atomic attention, bond energy, and bond polarization to quantitatively predict 447 

preferential bond cleavage sites. This descriptor bridges the gap between 448 

thermodynamic adsorption and kinetic reactivity, uncovering that strongly adsorbed 449 

functional groups do not serve as direct cleavage centers but instead induce electronic 450 
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redistribution to activate adjacent bonds with the highest Sbond scores. These atom-451 

resolved insights provide a generalizable platform for understanding metal oxides-452 

VOCs interactions, accelerating catalyst discovery, and developing interpretable 453 

machine-learning strategies for heterogeneous catalysis. 454 

Methods 455 

Dataset construction 456 

The OC20-Dense dataset derived from the Open Catalyst 2020 project was employed 457 

as the source-domain dataset for transfer-learning. It contains DFT relaxation 458 

trajectories from IS2RE/IS2RS tasks with diverse adsorbate-surface configurations 459 

built from Materials Project crystal structures. Two target datasets, Alloys-VOCs and 460 

metal oxides-VOCs, were constructed in-house using consistent DFT settings. Surface 461 

structures were retrieved from the Materials Project database, and VOC adsorbate 462 

configurations were generated by heuristic and random sampling followed by geometry 463 

relaxation. Descriptor representation for surfaces was achieved using averaged smooth 464 

overlap of atomic positions (SOAP) descriptors implemented in DScribe v2.1.0, with a 465 

local cutoff of 4.0 Å, 8 radial basis functions, and spherical-harmonic maximum 466 

degree6. Adsorbate molecular descriptors were computed via RDKit. Dimensionality-467 

reduction analysis was performed with UMAP (umap-learn v0.5.5) using a fixed 468 

random seed for reproducibility. 469 

AdsDT model architecture 470 

The AdsDT dual-tower network consists of two independent encoding branches for 471 

surface and adsorbate, projecting heterogeneous inputs into a shared embedding space 472 

for cross-modal interaction via cross-attention layers. Key hyperparameters were 473 

optimized by grid-search on a held-out OC20 subset and major settings are summarized 474 

in Supplementary Table S1. The model was trained with batch size 64, initial learning 475 

rate 0.001, ReduceLROnPlateau scheduler (factor 0.7, patience10), and maximum 476 

epoch 200. Transfer-learning was implemented in a progressive fine-tuning workflow: 477 

pre-training on the source OC20-Dense/Alloys-VOCs dataset, then fine-tuning on 478 

metal-oxides-VOCs data with partial backbone freezing to preserve pre-learned 479 
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adsorption representations. To test geometric robustness, random atomic-coordinate 480 

perturbation (displacement < 0.2 Å) and in-plane lattice-vector distortion (< 2%) were 481 

applied to input surface slabs while keeping atomic connectivity unchanged. Model-482 

predicted uncertainties were calibrated following standard protocols using the 483 

Uncertainty Toolbox v0.1.1 to compute calibration curves and miscalibration area. 484 

Model training 485 

The model was trained by minimizing the mean absolute error (MAE) loss with the 486 

AdamW optimizer. A ReduceLROnPlateau scheduler was used to dynamically adjust 487 

the learning rate. The dataset was randomly partitioned into training, validation and test 488 

subsets at an 8:1:1 ratio. Target values were standardized using the mean and standard 489 

deviation calculated solely from the training set. Ten independent training runs with 490 

distinct random seeds were performed to obtain robust results. All models were trained 491 

on a single NVIDIA Tesla A100 GPU under float32 precision. For fair comparison, the 492 

models with and without transfer learning shared identical architectures and 493 

hyperparameters. 494 

Computational methods 495 

All density-functional theory (DFT) calculations were performed using the Vienna ab 496 

initio simulation package (VASP). The exchange-correlation functional adopted the 497 

generalized-gradient approximation (GGA) of Perdew-Burke-Ernzerhof (PBE). 498 

Projector-augmented-wave (PAW) pseudopotentials were used to describe core-valence 499 

electron interactions, and long-range van-der-Waals corrections were included via the 500 

zero-damping DFT-D3 method of Grimme. Plane-wave kinetic-energy cutoff was set 501 

to 450 eV. Brillouin-zone sampling was performed using a Monkhorst-Pack 2 ×2 × 1 502 

k-point mesh for slab models. Structural relaxation converged when atomic forces were 503 

less than 0.02 eV Å-1 and the electronic self-consistent-field energy change fell below 504 

10-5 eV. A vacuum layer of 15 Å along the z-direction was introduced to eliminate 505 

spurious interactions between periodic slab images. Crystal-structure visualizations 506 

were generated using the Visualization for Electronic and Structural Analysis (VESTA) 507 

software. 508 

SHAP atomic-contribution analysis 509 
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GraphSHAP was adopted to obtain atom-wise Shapley values quantifying atomic 510 

marginal contributions toward predicted adsorption energy. Monte-Carlo sampling was 511 

used to approximate exact Shapley values under chemical-connectivity constraints via 512 

atomic-node-feature masking. Obtained values were standardized by Z-score 513 

transformation followed by sigmoid mapping onto [-1,1] to enable cross-molecule 514 

comparison. Positive SHAP values indicate an atom promotes adsorption, negative 515 

values suppress adsorption. Global internal-layer attention weights were also extracted 516 

by forward-pass hooks for auxiliary atomic-importance visualization. 517 

GCN-Ads model for VOC adsorption-energy prediction 518 

The GCN-Ads graph-convolutional-network model treats each VOC molecule as an 519 

undirected graph built from SMILES strings using RDKit with explicit hydrogen atoms 520 

added. Atomic nodes were encoded as 29-dimensional feature vectors including 521 

element one-hot, atomic degree, hybridization, formal charge, ring membership, and 522 

adsorption-reactive-site markers identified by SMARTS sub-structure matching. The 523 

network contains five graph-convolution blocks followed by three fully-connected 524 

layers, using batch normalization and ReLU activation. A global-attention layer 525 

aggregated node embeddings for molecule-level representation to predict scalar 526 

adsorption energy. Training parameters: batch size 128, Adam optimizer, initial learning 527 

rate 10-4, mean-squared-error loss, maximum 1000 epochs. Dataset was filtered to 528 

remove missing labels, physically unreasonable entries, molecules larger than 500 Da 529 

and exotic elements, then split into training-validation-test subsets. 530 

Bond-activation score (Sbond,ij) construction 531 

For each covalent bond (i-j) within VOC molecules, the bond-activation score  532 

Sbond,ij=Aij·Eij·Pij was defined to evaluate bond susceptibility toward activation upon 533 

adsorption. Aij is the normalized atomic-weight interaction term derived from 534 

AdsDT/GCN atomic attention weights, incorporating an adsorption-reward 535 

hyperparameter λads ∈ [0,1]; bonds involving hydrogen set wH=0. Eij is normalized 536 

homolytic bond-dissociation-energy contribution. Pij quantifies bond polarization from 537 

Pauling electronegativity differences between bonded atoms. Sbond,ij serves for 538 

intramolecular bond-ranking rather than direct prediction of kinetic activation barriers. 539 
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Experimental methods 540 

Catalyst preparation. Pure anatase TiO2 powder was synthesized via a sol-gel route. 541 

Briefly, surfactant (1 g) was dissolved in 1-butanol; titanium tetraisopropanolate (0.01 542 

mol) precursor was added, followed by drop-wise addition of 1 g HNO3 at room 543 

temperature. The mixture was kept at 70 °C for 4 h to form a pale-yellow transparent 544 

gel, which was calcined in air at 450 °C for 4 h to obtain the final catalyst powder. 545 

In situ DRIFTS measurements. In-situ diffuse-reflectance Fourier-transform infrared 546 

spectroscopy (DRIFTS) was performed on a Thermo-Nicolet iS10 FTIR spectrometer 547 

equipped with an MCT-A detector and a Harrick in-situ cell with ZnSe window. 548 

Approximately 50 mg catalyst powder was loaded. Prior to gas exposure, the catalyst 549 

was pretreated at 300 °C for 1 h, and background spectra were collected under N₂ 550 

atmosphere before introducing ethyl-acetate-containing feed gas. 551 

PTR-TOF-MS characterization. Proton transfer reaction time of flight mass 552 

spectrometry (PTR-TOF-4000, IONICON Analytik GmbH) was used to qualitatively 553 

and quantitatively detect gas-phase intermediates during ethyl-acetate catalytic 554 

oxidation. Outlet gas was delivered through a heated transfer line; H3O⁺ reagent ions 555 

enabled soft proton-transfer ionization. Intermediates were assigned according to exact 556 

mass-to-charge ratios combined with reference mass-spectral data. 557 

Data availability 558 

Data supporting the findings of this study are available in the article and 559 

Supplementary Information.  560 

Code availability 561 

The source code of the AdsMT framework is available on GitHub at 562 

https://github.com/iojsea/metal-oxide-vocs-adsorption. 563 
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