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ABSTRACT 
Predicting solvent effects on reaction activation barriers is central to understanding chemical re-
activity and reaction kinetics, and guiding solvent selection. The solvent-induced change in acti-
vation free energy (∆∆𝐺𝐺solv

‡ ) provides a quantitative descriptor of this effect, but remains costly to 
evaluate across vast reaction-solvent spaces, using quantum mechanical methods. Recent data-
driven models have enabled prediction of solvent effects. However, most typically rely on two-
dimensional representation of reactions and do not explicitly encode sufficient reaction context, 
such as transition-state information, or three-dimensional structural changes along the reaction, 
resulting in limited generalizability and predictive accuracy. In this study, systematic evaluation is 
presented of modelling strategies for predicting ∆∆𝐺𝐺solv

‡ , with a focus on the role of reaction-state 
representation, input-geometry fidelity, and input modality. Using a large reaction-solvent dataset, 
models based on two-dimensional condensed reaction graphs are compared with models incor-
porating three-dimensional geometries of reactants, transition states, and products. The sensitiv-
ity of geometry-based models to structural accuracy is assessed by replacing quantum-chemically 
optimized transition states with structures predicted by a generative model. In addition, a dual-
modality architecture combining two-dimensional graph-based and three-dimensional geometry-
based representations is examined. The results show that explicit inclusion of both reactant and 
transition-state geometries leads to improved prediction accuracy relative to representations 
based on reaction endpoints or transition states alone. However, model performance depends 
strongly on the fidelity of the input geometries, with substantial degradation observed when low-
quality structures are used. The dual-modality approach partially mitigates this sensitivity by 
adaptively reweighting two-dimensional and three-dimensional information, leading to perfor-
mance recovery under low-fidelity conditions. 
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1. INTRODUCTION 
Solvents play a central role in chemical reactions 

because preferential stabilization of transition state (TS) 
relative to the reactant (R) can shift reaction energy bar-
riers and alter reaction rate and selectivity. This solvent 
effect can be quantified by the solvation contribution to 
the activation free energy, defined as ΔΔ𝐺𝐺solv

‡ = Δ𝐺𝐺solv
TS −

Δ𝐺𝐺solv
R . The solvation free energy of reaction, ΔΔ𝐺𝐺solv

‡  can 
serves as a key performance descriptor, making it 

possible to compare solvent effects across reaction-sol-
vent combinations and therefore useful for solvent selec-
tion. Traditionally, ΔΔ𝐺𝐺solv

‡  has been calculated via quan-
tum mechanics/molecular mechanics (QM/MM) simula-
tions or implicit solvation models, including such as the 
Solvation Model based on Density (SMD) and the COn-
ductor-like Screening Model for Real Solvent (COSMO-
RS). While these methods can provide reliable estimates, 
their high computational cost often limits scalability to a 
large and diverse reaction-solvent space [1]. In particular, 
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locating and optimising TS structures represents a major 
bottleneck, making systematic evaluation across many 
reactions and solvents impractical [2, 3].  

In recent years, data-driven approaches have 
emerged as efficient alternatives by enabling rapid esti-
mation of solvent effects at substantially reduced com-
putational cost. Early work in this area has largely fo-
cused on predicting solvation energy of individual mole-
cules [4-6] and extension to reaction kinetics have been 
more limited. Existing approaches for modelling solvent 
effect on activation energies broadly fall into two classes. 
The first class consider a single fixed reaction, treating 
solvent as the sole variable [7, 8]. While this yields mean-
ingful results within specific reaction classes, it faces a 
fundamental limitation in generalizability across diverse 
reaction-solvent combinations. The second class aims to 
model general reaction-solvent combinations by using 
both reaction and solvent as inputs, and hence covering 
a broader chemical space [9, 10].  

Recent progress in the latter direction has been 
driven by the effectiveness of two-dimensional (2D) re-
action representations for modelling reaction properties, 
such as activation energies and reaction yields [10-12]. 
These representations include condensed reaction graph 
(CGR) [13], which is obtained by superposing 2D molec-
ular graphs of R and product (P), and reaction fingerprint, 
which is generated by open-source software RDKit [14, 
15] or deep learning models [16, 17]. Such representa-
tions have been used as input and achieved high predic-
tive accuracy by effectively encoding structural changes 
resulting from reactions. This early success presents a 
promising modelling strategy of solvent effect on activa-
tion energy by combining 2D reaction representations 
with molecular representations of solvent. For example, 
Chung and Green [9] developed a data-driven model that 
can predict solvent-induced changes in activation energy 
utilizing CGR and 2D molecular graph of solvent. By inte-
grating reaction and solvent embeddings independently 
encoded by directed message passing neural network 
(D-MPNN) encoders, the model achieved state-of-the-
art performance in both ΔΔ𝐺𝐺solv

‡  calculated by COSMO-RS 
and experimental relative rate constant (𝑘𝑘rel) prediction. 
However, these representations primarily capture topo-
logical differences between R and P and do not explicitly 
encode information along the reaction coordinate or 
structural features of the TS. Moreover, 2D representa-
tions cannot uniquely determine three-dimensional (3D) 
properties, such as charge redistribution and spatial ar-
rangement of functional groups, which are known to in-
fluence solvation and activation energetics. As a result, 
current models may struggle to generalize across reac-
tion types and capture key physical factors governing 
solvent effects on reaction barriers. While employing TS 
geometries as input can provide richer information of re-
action context, this has been considered impractical due 

to the difficulties in computation, as we described. To ad-
dress this limitation, generative models that predict TS 
geometries have recently been actively proposed as a 
practical alternative [18-21]. These models generate TS 
geometries from relatively accessible inputs, e.g. CGR 
and geometries of R and P, at a fraction of the computa-
tional cost of QM methods. However, to the best of our 
knowledge, the effectiveness of explicit incorporation of 
the low-cost generated TS geometries for modelling sol-
vent effect on activation energy has yet to be explored.  

In this study, we develop systematic modelling 
strategies for ∆∆𝐺𝐺solv

‡   prediction that explicitly address 
these limitations. Rather than proposing a new architec-
ture, we analyse how predictive performance depends on 
three controlled aspects of model input design: (i) the re-
action-state(s) used to represent the reaction (R, TS, 
and/or P), (ii) the fidelity of the associated 3D geometries, 
and (iii) the representation modality, including 2D graph-
based, 3D geometry-based, and combined dual-modality 
inputs. Using a large reaction-solvent dataset derived 
from COSMO-RS calculations, we compare ∆∆𝐺𝐺solv

‡  pre-
diction performance on unseen reactions of a conven-
tional 2D model using CGR with models that explicitly in-
corporate geometries of various input configurations for 
reactants, transition states, and products. By replacing 
quantum-chemically optimised structures with geome-
tries locally optimised by force field or predicted from a 
generative model, the sensitivity of the model to geome-
try quality is assessed. Dual-modality approaches com-
bining 2D graph-based and 3D geometry-based repre-
sentations are implemented to further explore the ro-
bustness of the models depending on fidelity of input ge-
ometry.  

2 METHOD 

2.1 Molecular and reaction representation 
To investigate how input design influences model 

performance, we varied three factors systematically: (i) 
the state(s) of the reaction path encoded as input (R, TS, 
and/or P), (ii) the fidelity of the associated 3D geome-
tries, and (iii) the modality of the representation i.e., 
whether the model used 2D graph-based inputs, 3D ge-
ometry-based inputs, or both.  

For 2D representations, reactions were encoded as 
CGR [13], which represent the transformation between 
reactants and products within a single graph. CGRs were 
generated from atom-mapped SMILES using Chemprop 
[22]. Solvents were represented as standard 2D molecu-
lar graphs. Initial atom and bond features for both CGRs 
and solvent graphs were constructed using standard 
RDKit descriptors, including atomic number, bond order, 
formal charge, and aromaticity.  

To incorporate explicit structural information along 
the reaction coordinate, 3D molecular geometries were 
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used to construct reaction representations based on dif-
ferent states of the reaction path. Three reaction-path 
configurations were considered (Figure 1a): (1) an R-P 
representation, which encodes the reaction using the 3D 
geometries of reactants (R) and products (P); (2) a TS-
only representation, which encodes the reaction using 
only the 3D geometry of the transition state (TS); and (3) 
R-TS representation, which encodes the reaction using 
the 3D geometries of both reactants (R) and transition 
states (TS). These configurations enable a controlled 
comparison of how explicit inclusion of TS information 
and reaction-path context affects model behaviour. 

Input geometries for 3D-based representations 
were further grouped by fidelity to evaluate sensitivity to 
structural accuracy. High-fidelity geometries used R, P, 
and TS structures optimised in the gas phase at the 
𝜔𝜔B97X-D3/def2-TZVP level of theory from the Grambow 
dataset [23]. Moderate-fidelity geometries used R and P 
structures from the Grambow dataset, while TS geome-
tries were predicted using React-OT from the corre-
sponding high-fidelity R and P structures. Low-fidelity 
geometries used R and P structures generated using 
OpenBabel [24] and locally optimised with the general-
ized Amber force field (GAFF), and TS geometries pre-
dicted by React-OT from these lower-cost R and P struc-
tures. Note that React-OT is a flow-matching-based gen-
erative model that predicts TS structures from interpo-
lated R and P geometries [19] and was selected due to its 
deterministic predictions and computational efficiency. 
For solvents, 3D structures generated using the OpenBa-
bel force field were used consistently across all fidelitiles. 

2.2 Dataset for model training and evaluation 
We used the ΔΔ𝐺𝐺solv

‡   dataset proposed by Chung 
and Green [9]. In that work, COSMO-RS calculations were 
performed using optimised gas-phase geometries of R 
and TS from the Grambow dataset, spanning 500, 000 
reaction-solvent combinations with 13, 227 unique reac-
tions and 295 solvents. The dataset both contains neutral 
closed-shell and free radical reactions, restricted to sys-
tems composed of H, C, O, and N with at most seven 
heavy atoms (11, 876 closed-shell; 1, 351 radical). To 
evaluate generalization to unseen reactions, 5% of the re-
action were randomly selected and reserved as a test 
set. The remaining data were randomly split into a 90% 
training set and a 10% validation set.  

2.3 Model architecture 
Based on the molecular and reaction representa-

tions defined, three model architectures, namely, a 2D 
graph-based baseline model, a 3D geometry-based 
equivariant model, and a dual-modality model combining 
both representations. All architectures were adopted 
from existing frameworks and adapted to ensure a con-
sistent comparison across input configurations. 

2D-graph-based baseline model: As a baseline, we 
adopted a directed message passing neural network (D-
MPNN) architecture [25] previously used for reaction-
solvent modelling. This model independently encodes for 
the reaction and solvent by passing the 2D CGR and 2D 
solvent graph through separate D-MPNNs. A four-layer 
D-MPNN was used for the CGR to capture changes in 
atom and bond features associated with reaction, while a 
two-layer D-MPNN was used for the solvent graph owing 
to its comparatively simple structure. The resulting reac-
tion and solvent embeddings were concatenated and 
passed to a feed-forward predictor consisting of six fully 
connected layers to generate the final prediction. 

Geometry-based equivariant model: We adopted 
TorchMD-Net [26] as an SE(3)-equivariant encoder. 
TorchMD-Net takes atomic numbers and Cartesian coor-
dinates as inputs and constructs representations using 
attention mechanisms based on interatomic distance and 
relative position vectors, without relying on explicit bond 
connectivity. An eight-layer equivariant encoder was ap-
plied to all molecular species. The representations ob-
tained from the encoder for R, TS, and P were concate-
nated and passed through two fully connected layers to 
form reaction-level embedding. This embedding was 
then concatenated with the solvent representation and 
passed through the same six-layer feed-forward predic-
tor used in the baseline model. 

Duality-modality model: To evaluate whether com-
bining 2D and 3D representations improves robustness 
[27, 28], we implemented a dual-modality architecture 
that integrates the D-MPNN-based 2D encoders and the 
TorchMD-Net-based SE(3)-equivariant 3D encoder. In 
this setting, representations obtained independently 
from the 2D and 3D streams were combined using a late-
fusion strategy. Learnable scalar weights were applied to 
each modality stream, allowing the model to adjust their 
relative contributions during training. Specifically, two 
scalar parameters, i.e., w2D  and w3D , initialized to zero, 
were used. These weights are passed through a softmax 
function to normalise them and multiplied by the embed-
dings from each modality stream to obtain a fused repre-
sentation. The fused representation was then passed to 
the same feed-forward predictor used in the single-mo-
dality models (Figure 4a).  

All models were trained for 80 epochs using a batch 
size of 30. Optimisation was performed with the Adam 
optimiser and Noam learning-rate scheduler, with an ini-
tial learning rate of 1.8× 104. Mean squared error (MSE) 
was used as the loss function. Model implementation was 
performed in PyTorch 2.4.0, and training was conducted 
using PyTorch Lightning 1.8.6. 

3. RESULTS 

3.1 Effect of including TS geometries 
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To evaluate the effect of including TS geometries on 
ΔΔ𝐺𝐺solv

‡  prediction, we compared the model performance 
using three distinct combinations of R, TS, and P geome-
tries defined in Section 2.1—R-P, TS-only, and R-TS, with 
the 2D-based baseline model. The input configurations 
are summarised in Figure 1a, and all models in this com-
parison used high-fidelity geometries from the Grambow 
dataset. 

Notably, the model using 3D geometries of R and P 
(R-P) exhibited lower prediction accuracy than the 2D-
based baseline (Figure 1b, c). This result indicates that 
providing endpoint geometries alone does not improve 
prediction of solvent-induced activation free energy 
shifts. Although 3D molecular structures contain detailed 
geometric information, the absence of explicit TS 

information limits their relevance for describing kinet-
ically meaningful structural changes. As a result, replac-
ing 2D CGR inputs with 3D R–P geometries increase input 
complexities without improving representation of fea-
tures directly associated with the target quantity.  

The model using only TS geometry (TS-only) 
showed significantly lower prediction performance com-
pared to the baseline, even though TS is a critical deter-
minant of reaction kinetics (Figure 1d). This result likely 
stems from the fact that understanding reaction process 
requires not only TS geometry but also R structure as a 
reference state of change. The omission of the infor-
mation of the reference state has led to overfitting, con-
firming that TS structure alone is insufficient to capture 
the relative structural evolution that is necessary to 

 
Figure 1. Overview of input configurations and prediction performance for different representations. (a) Schematic 
of the three 3D input configurations considered in this study: R-P, which uses the geometries of R and P; TS-only, 
which uses only the TS geometry; and R–TS, which uses the geometries of both R and TS. In all cases, the solvent 
is represented separately and combined with the reaction representation. (b-e) Parity plots comparing predicted 
and calculated ΔΔ𝐺𝐺solv

‡  values for (b) the 2D graph-based baseline model, (c) the R-P model, (d) the TS-only model, 
and (e) the R–TS model. Root mean square error (RMSE), mean absolute error (MAE), and coefficient of 
determination (R2) are reported for each model.  

 
Figure 2. UMAP visualisations of the learned reaction-solvent representations for different input configurations. 
Latent embeddings are shown for (a) the 2D graph-based baseline model and the 3D models using (b) R-P, (c) 
TS-only, and (d) R-TS. Points are coloured by the corresponding ΔΔ𝐺𝐺solv

‡  values.  
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define a reaction path.  
In contrast, incorporating both R and TS 3D geome-

tries (R-TS) achieved the highest prediction accuracy 
(Figure 1e). This indicates that the model implicitly cap-
tured path dependent features, such as geometric dis-
tortion and charge redistribution, from the structural data 
of R and TS. Thus, explicitly incorporating R and TS 3D 
structures enables the model to encode structural differ-
ences between R and TS, which are directly relevant to 
solvent-induced changes.  

To further examine how different input configura-
tions influence the learned representation, the final reac-
tion-solvent embeddings were visualised using Uniform 
Manifold Approximation and Projection (UMAP) [29]. For 
the baseline model and the TS-only model, the latent rep-
resentations were broadly scattered and showed no 
clear patterns with respect to the target values (Figure2a, 
c). The R-P model showed a locally clustered region for 
reaction-solvent combinations with high ΔΔ𝐺𝐺solv

‡ , but re-
mained disordered for moderate to small values (Figure 
2b), consistent with its larger prediction errors observed 
in this region. In contrast, the latent space learned by the 
R-TS model exhibited the clearest global ordering with 
respect to ΔΔ𝐺𝐺solv

‡ , characterised by a continuous gradi-
ent across the embedding (Figure 2d). This suggest that 
the combined use of R and TS geometries yields repre-
sentations more strongly associated with solvent-in-
duced activation free energy shifts. 

3.2 Effect of input structure fidelity 
In previous section, we showed that incorporating 

both R and TS geometries improves prediction 

performance when high-fidelity structures are available. 
To assess the robustness of this approach under more 
practical conditions, we next evaluated how prediction 
performance depends on the fidelity of the input geome-
tries, using the three structure-fidelity levels defined in 
Section 2.1. 

As summarised in Figure 3a, model performance 
was compared across high-, moderate-, and low-fidelity 
input geometries. In the high-fidelity case, both R and TS 
geometries were taken from DFT-optimised structures in 
the Grambow dataset. In the moderate- and low-fidelity 
cases, TS geometries were generated using React-OT 
from progressively lower-fidelity R and P structures, as 
described in Section 2.1. Consistent with this construc-
tion, the TS RMSD relative to the DFT reference struc-
tures was smaller in the moderate-fidelity case and sub-
stantially larger in the low-fidelity case (Figure 3b). The 
broader RMSD distributions observed for radical reac-
tions further indicate increased difficulty in accurately 
predicting TS geometries for open-shell systems. 

Prediction accuracy decreased systematically as in-
put structure fidelity was reduced (Figure 3c, d). In the 
low-fidelity case, the model performed worse than the 
2D-based baseline, indicating that TS geometries gener-
ated from inaccurate R and P structures do not provide 
reliable information for learning solvent-induced changes 
in the activation free energy. In contrast, the moderate-
fidelity case maintained superior performance relative to 
the baseline, demonstrating that predicted TS geome-
tries can still be informative when the underlying R and P 
structures preserve essential geometric features.  

Overall, these results show that models explicitly 

 
Figure 3. Effect of input structure fidelity on TS geometry accuracy and prediction performance. (a) Schematic 
illustration of the three input-geometry fidelity levels considered for the R–TS configuration. (b) Distributions of 
TS root-mean-square deviations (RMSDs) relative to the DFT reference structures for moderate- and low-fidelity 
cases, shown separately for neutral and radical reactions. (c,d) Parity plots comparing predicted and calculated 
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incorporating R and TS geometries are sensitive to the 
fidelity of the input structures. Nevertheless, the perfor-
mance observed in the moderate-fidelity case indicates 
that practical modelling strategies based on low-cost TS 
generation are feasible, provided that the predicted 
structures retain key geometric characteristics of the ac-
tivated complex. 

3.3 Effect of input modality 
Because prediction performance of 3D-based mod-

els depends strongly on input-geometry fidelity, we next 
evaluated whether combining 2D and 3D representations 
can improve robustness to reduced structural accuracy. 
Specifically, we examined a dual-modality approach that 
integrates 2D graph-based representations with 3D ge-
ometry-based representations, as defined in Section 2.3.  

The dual-modality model integrates 2D graph-
based and 3D geometry-based representations using the 
late-fusion architecture described in Section 2.3 (Figure 
4a). Model performance was evaluated for high-, moder-
ate-, and low-fidelity input geometries and compared 
against the corresponding 3D-only and 2D-based base-
line models. 

For the high- and moderate-fidelity cases, the dual 
modality model showed only marginal difference relative 
to the 3D-only model as can be seen in Figure 4b. This 
suggests that when reliable 3D structures are available, 
the 3D representation alone captures sufficient infor-
mation for ΔΔ𝐺𝐺solv

‡ , limiting the additional contribution of 
2D graph-based inputs. In contrast, in the low-fidelity 
case, the dual modality model recovered prediction 

performance to a level comparable to the 2D-based 
baseline and outperformed the 3D-based model (Figure 
4b). Analysis of the learned modality weights (w) pro-
vides further insight into this behaviour (Figure 4c). In the 
low-fidelity case, the weight assigned to the 2D modality 
increased progressively during training while the 3D 
weight decreased, indicating a shift toward graph-based 
representations as the reliability of 3D geometries de-
creased. Conversely, in the high-fidelity case, the modal-
ity weights stabilised early and the gap between w2D and 
w3D remained smallest, indicating a more balanced con-
tribution of the two modalities.  

Overall, these results indicate that dual-modality 
models can improve robustness to reduced input-geom-
etry fidelity by adaptively reweighting information from 
different representations. The observation that perfor-
mance in the low-fidelity case does not exceed that of 
the 2D-based baseline highlights a limitation of the cur-
rent late-fusion strategy, suggesting that more effective 
integration schemes may be required to achieve syner-
gistic gains from combined 2D and 3D inputs.  

4. CONCLUSIONS 
We presented systematic modelling strategies for 

solvent-induced change in reaction activation energy, 
specifically for ΔΔ𝐺𝐺solv

‡  prediction. Comprehensive analy-
sis of prediction based on thee controlled aspects of 
model input design was performed: (i) the reaction-
state(s) used to represent the reaction, (ii) the fidelity of 
the associated input geometries, and (iii) the 

  
Figure 4. Dual-modality model architecture and performance across input-geometry fidelity levels. (a) Schematic 
illustration of the dual-modality architecture integrating 2D graph-based representations and 3D geometry-based 
representations. (b) Prediction performance, measured by RMSE, for the 2D-based baseline model, the 3D-only 
model, and the dual-modality (2D + 3D) model across high-, moderate-, and low-fidelity input geometries. (c) 
Evolution of the learned modality weights for the 2D and 3D streams during training for each fidelity level. 
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representation modality of 2D, 3D, and combined. The 
significant improvement in predictive accuracy was ob-
served through explicit incorporation of the geometries 
of both R and TS. Furthermore, the visualised latent 
space learned by the R-TS model exhibited the clearest 
trend with respect to ΔΔ𝐺𝐺solv

‡ . This proves that the struc-
tural differences encoded from the R and TS geometries 
yield representations strongly relevant to solvent effect 
on activation free energy. The performance of the 3D ge-
ometry-based model was strongly influenced by input 
geometry fidelity. When low-fidelity geometries were 
used, the model showed degraded performance com-
pared to the 2D graph-based baseline model. However, 
the performance under the moderate-fidelity case main-
tained superior performance relative to the baseline. This 
indicates the feasibility of the practical modelling strate-
gies based on predicted TS geometries and concurrently 
highlights the importance of preserving key geometric 
characteristics of the activated complex. Finally, we im-
plemented a dual modality approach that integrates 2D 
graph-based and 3D geometry-based representations to 
investigate the robustness of the model to reduced fidel-
ity of input geometries. Under the low-fidelity cases, the 
model exhibited a notable recovery of prediction perfor-
mance to a level comparable to the 2D-based baseline 
and outperformed the 3D-based model. Further analysis 
provided valuable insight that the improved robustness 
resulted from the adaptive reweighting of the information 
from different modalities based on their reliability. Nev-
ertheless, the current simple late-fusion strategy failed to 
facilitate synergistic interaction between modalities, lim-
iting the performance in the low-fidelity case to a similar 
level to the 2D-based baseline. This highlights that future 
works should focus on developing multi-modal frame-
works that enable complementary integration of infor-
mation using sophisticated techniques, such as contras-
tive learning and cross-attention mechanisms. We be-
lieve that such advancement can provide a practical 
strategy of modelling solvent-induced changes in reac-
tion barriers by harnessing the benefits of 3D geometries 
while enhancing the robustness from noise-resistant in-
puts. 
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