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Comprehensive Summary  

 

Accurate prediction for chemical reaction performance offers optimal direction for synthetic development. To this end, we present a 
novel multi-modal model called MMHRP-GCL to achieve the prediction of homogeneous chemical reaction yield, enantioselectivity, 
and activation energy by fusing the information from the text and graph modalities, requiring only 8 simple descriptors and Reaction 
SMILES obtained without high-cost DFT computation, and capable of managing reactions involving a fluctuating number of molecules. 
Experimental results on 4 datasets show that MMHRP-GCL outperforms at least 7 generalized SOTA methods. Ablation study confirms 
the critical roles of the complementation of graph and text modalities, as well as the significance of modality alignment and atomic 
features in prediction. Albeit there is still room for improvement in the interpretation of atomic relationships, the model has a re-
markable ability to identify important atoms. A statistically interpretable study of the feature importance and a test on challenging 
dataset further demonstrates the utility and potential of the model. As a high-accuracy, low-cost, interpretable, and general mul-
ti-modal model, MMHRP-GCL provides valuable guidance on the design of forward predictors for homogeneous catalytic reactions. 
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Background and Originality Content 

Homogeneous chemical reactions, an important branch of 
chemical science, greatly influence the economic and environ-
mental sustainability of chemical manufacturing through efficien-
cy, selectivity, and controllability.

[1]
 Accurately predicting the per-

formances of homogeneous chemical reactions — specifically the 
relationship between reactants, catalysts, and their effects on 
yield, enantioselectivity, and reaction activation energy — has 
far-reaching impacts on advancing catalyst development, opti-
mizing drug synthesis pathways, and enhancing environmental 
management strategies.

[2-4]
 Traditional experimental techniques 

investigating chemical reaction performance are labor-intensive, 
costly, and time-consuming. Despite the increased efficiency of 
reaction optimization enabled by automated reaction systems and 
optimization algorithms, data-driven prediction of homogeneous 
reaction performance is a promising alternative for its labor-free, 
cost-effective, and high-efficiency. However, homogeneous reac-
tions cover intricate interactions between compounds, while the 
complexity of chemical space and various factors from experi-
mental data make the task of data-driven reaction prediction even 
more challenging.

[5]
  

Developing efficient techniques for chemical reaction repre-
sentation is essential for the advancement of traditional machine 
learning methodologies since they largely rely on feature engi-
neering. Thus, tremendous progress has been made in establish-
ing different descriptors.

[6-7]
 Molecular fingerprints, which are 

one-dimensional (1D) vectors based on molecular structures, can 
capture key differences between compounds and predict reaction 
performance when combined at the molecular level.

[8-12]
 As an 

instance, the MFF proposed by Glorius et al. achieved an excellent 
performance on three chemical reaction prediction tasks using a 
random forest (RF) machine learning model.

[13]
 Whereas the wid-

er utilization of molecular fingerprints is limited due to their ina-
bility to make predictions for homogeneous reactions containing a 
fluctuating number of molecules. Density functional theory (DFT) 
parameters are also commonly employed for a wide range of re-
action prediction tasks for their exceptional description of elec-
tronic characteristics of chemical compounds.

[14-22]
 Associated 

works consist of Gao et al., who also used the RF model to predict 
the enantiomeric excess value of asymmetric transfer hydrogena-
tion by combining spatial characteristics with DFT parameters to 
describe the electronic properties of the substrates and cata-
lysts.

[23]
 Still, the massive computational cost of DFT parameters 

limits the large‐scale exploration of novel catalysts.
[24]

  
The advancement of deep learning techniques has spurred 

the rise of reaction prediction. Among them, graph neural net-
works have been vigorously advocated for their ability to emulate 
chemical topology information.

[25-31]
 Graph modality portrays the 

physical and chemical properties of the chemical compound, also 
exhibiting the characteristics of special atoms in compounds as 
two-dimensional (2D) features, which express the local infor-
mation of chemical reactions. Motivated by this, Hong et al. in-
troduced SEMG-MIGNN, a graph-based model considering the 
interaction between reactants, and successfully predicted both 
yield and enantiomeric excess value of reactions with an explana-
tion of essential groups.

[32]
 Nevertheless, akin to most existing 

efforts, their model focused on the interpretation of key chemical 
groups, neglecting an in-depth study of the reaction mechanisms. 
Additionally, due to the flexibility in handling chemical reactions 
with indeterminate molecular numbers, the simplified molecular 
input line entry system (SMILES) in text modal is also frequently 
utilized for chemical reaction prediction.

[33-35]
 While SMILES em-

phasizes the potential interrelationships of different atoms in a 
reaction and describes the 1D features of the reaction to fully 
represent the global information of chemical reactions. A typical 
example is Yield-BERT accomplished reaction yield prediction as it 
is not restricted by a fixed reaction template.

[36]
 The multi-modal 

model is gaining increasing attention for the benefit of modality 
complementariness.

[37-38]
 Yield-GNN proposed by Saebi et al. pre-

dicted chemical reaction yield with high precision on high- 
throughput experimentation (HTE) datasets by integrating graph 
information and molecular descriptors but limited on a large-scale 
dataset.

[39]
 

Chemical reaction prediction is a challenging field that re-
quires not only an excellent representation of the chemical com-
pound features but also an efficient capacity to extract their asso-
ciations, solely utilizing graph modal or text modal can only ex-
tract reaction features from one perspective. Therefore, the com-
bination of the two modalities to glean maximum insights into 
chemical reaction knowledge aids in the precise prediction of 
chemical reaction performance and also illuminates the compli-
cated interaction between reaction information and phenomena. 

Along this line, we proposed a Multi-Modal Homogeneous 
Reaction Predictor using Graph and Chemical Language informa-
tion (MMHRP-GCL). From a topological and sequence viewpoint, 
we designed a chemical reaction encoder that integrates text and 
graph modalities to facilitate homogeneous chemical reaction 
performance prediction at low computational cost. In three reac-
tion performance prediction tasks — yield prediction, enantiose-
lectivity prediction, and reaction activation energy prediction — 
our model outperforms existing state-of-the-art (SOTA) methods 
by evaluating the coefficient of determination (R

2
), root mean 

squared error (RMSE) and mean absolute error (MAE) values 
comprehensively and comparatively. Subsequent ablation studies 
demonstrate the successful design idea of information comple-
mentariness of graph and chemical language information fusion 
and also emphasize the significance of modality alignment in mul-
ti-modal model development as well as the atomic features for 
graph data. Via masking techniques and attention matrix analysis, 
we assessed the ability of the model interpretation of atomic im-
portance and potential associations. Afterwards, we evaluated the 
performance of the model on a challenging dataset and discussed 
the prospects for its application. MMHRP-GCL, a generalizable and 
interpretable model with high prediction precision and low com-
putational cost, as a novel alternative to homogeneous chemical 
reaction performance prediction, offers valuable insights into the 
model design for reaction forward prediction. 

Results and Discussion 

Datasets descriptions 

In this work, we chose 4 datasets: Buchwald-Hartwig reaction 
(B-H) HTE dataset,

[17]
 Suzuki-Miyaura reaction (S-M) HTE data-

set,
[40]

 asymmetric thiol addition reaction (A-T) HTE dataset,
[19]

 
and nucleophilic aromatic substitution reaction (SNAr) literature- 
based dataset

[15]
 for testing the performance of MMHRP-GCL on 3 

kinds of homogeneous reaction prediction tasks. Figure 1 pre-
sents the details of 4 datasets: 
·B-H HTE dataset: Yield dataset in % unit obtained by HTE 

approach with 3955 reactions, including 15 aryl halides, 22 addi-
tives, 4 Pd catalysts, and 3 bases. 
·S-M HTE dataset: Yield dataset in % unit comprising 7 quin-

olines, 4 indazoles, 12 ligands, 8 bases, 6 solvents, and a total of 
5760 reactions were acquired by the HTE platform. 
·A-T HTE dataset: The exponential relationship that exists 

between enantiomeric excess value and free energy differential 
(ΔΔG) between the transition structures leading to each enanti-
omer. Therefore, the dataset records the ΔΔG value in kcal/mol 
unit of 1075 reactions acquired via HTE approach, containing 5 
imines, 5 thiols, and 43 chiral phosphoric acid (CPA) catalysts, to 
test the enantioselectivity prediction ability of the model. 
·SNAr literature-based dataset: A collection of activation en-

ergy in kcal/mol unit from 37 cases of literature including 443 
reactions involving 119 substrates, 83 nucleophiles, and 17 sol-
vents. 
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Figure 1  From top to bottom lists the detailed information about B-H 

HTE dataset, S-M HTE dataset, A-T HTE dataset and SNAr literature-based 

dataset, respectively. 

Overview of MMHRP-GCL 

MMHRP-GCL, which is a two-modal, three-channel model, 
achieving reaction performance prediction by inputting graph 
data and text data representing chemical reactions, consists of an 
encoder for graph data with two input channels, an encoder for 
text data with one input channel, and a decoder with modality 
alignment module, as depicted in Figure 2A.  

For the data in graph modality, we utilized atomic features in 
Table 1 as the features for nodes and connected each node in 
accordance with the way molecules bond to represent com-
pounds in a reaction as the graph data to be fed into the graph 
encoder. To describe the electronic effect, we used atomic num-
ber, former charge, explicit valence, and Gasteiger charge contri-
bution,

[42]
 and the number of bonded hydrogen atoms (Hs), 

bonding number, whether the atom is in the aromatic system, 
and whether the atom is in a ring was employed to offer structur-
al information about the surroundings of an atom. All these pa-
rameters can be quickly generated by RDKit Python package,

[43]
 

saving a huge computational cost comparing to DFT calculation 
parameters. The 2 channels mentioned above are taken up by the 
graph encoder, which receives Compounds Graphs, the graph that 
includes multiple subgraphs with atomic features of compounds. 
Two GAT units (GATU), each learning the properties of the reac-
tants & products and catalysts & solvents, make up the graph 
encoder. Figure 2B depicts the structure of GATU. By the graph 
encoder, the input Compounds Graphs will be embedded as 2 
vectors and then spliced together to represent the information of 
the main reaction and reaction conditions of the chemical reac-
tion. 

Computers frequently save chemicals in SMILES format in text 
modality, for it makes storing molecular structures simple and 
effective. Chemical reactions involve multiple compounds, thus 
the use of “.” to split different chemicals, and “>” to indicate the 
direction in which the reaction is proceeding, that is, “REAC-
TANTS > REAGENTS > PRODUCTS” in Reaction SMILES format, 
which is also shown in Table 1. Since strings cannot be directly 
utilized as model inputs by neural networks, we converted strings 
into vectors using the Smi2Vec

[44]
 and input into the text encoder 

subsequently. The text encoder, aiming at capturing the global 

information of the chemical reactions, is made up of a transform-
er layer,

[45-46]
 as illustrated in Figure 2C, a Bi-GRU layer, which is 

frequently used in compound feature extraction,
[38,44,47]

 as well as 
a linear layer.  

Table 1  Description of the input features 

Modality Feature Description Type 

Graph 

Atomic number 
The atomic number of this 
atom, which shows the type of 
an atom. 

int 

Former charge 
Integer electronic charge as-
signed to atom. 

int 

Hs 
Number of bonded hydrogen 
atoms. 

int 

Explicit valence The valance of this atom. int 

Bonds 
Number of bonds the atom is 
involved in. 

int 

Aromatic 
Whether this atom is part of 
an aromatic system. 

bool 

Ring Whether this atom is in a ring. bool 

Gasteiger charge 
contribution[42] 

Atomic charge distribution 
descriptors derived from algo-

rithms. 

float 

Text Reaction SMILES 
SMILES for chemical reactions, 
with the form “REACTANTS > 
REAGENTS > PRODUCTS”. 

string 

 

Figure 2  Overview of MMHRP-GCL. (A) Architecture of MMHRP-GCL. (B) 

Framework of GAT unit (GATU). (C) Framework of the transformer layer. 

The vectors generated by the 2 encoders representing the 
corresponding modal information are subsequently transmitted 
into the model decoder after a concatenation operation. Aiming 
at achieving a better complementarity between modal infor-
mation, we utilized the transformer layer for implicit modality 
alignment.

[41]
 The modal-aligned vectors are subsequently passed 

through a 5-layer fully-connected layer to achieve a final predic-
tion of reaction performance. A more concise description of the 
model is shown in ESI Section 2. 
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Evaluation methods 

To comprehensively evaluate the prediction performance, we 
assessed the capability of the model to fit or predict the data us-
ing R

2
, RMSE, and MAE values. See Section 3 in ESI for their spe-

cific formulas. For every dataset, we separated it into a train set 
and a test set. The model was trained on the train set to learn its 
features, and model performance was evaluated on the test set. 
The model performs better at prediction on the test set the higher 
its R

2
 values and the lower its MAE and RMSE values. Although 

k-fold cross-validation allows for a better assessment of model 
prediction performance, in order to compare with related work, 5 
times random splits between the train and test sets were done for 
each dataset. To facilitate comparisons with the original work for 
the datasets, we employed distinct splitting for various datasets: 
train/test sets equal to 70%/30% for the B-H HTE dataset and the 
S-M HTE dataset, 600/475 for the A-T HTE dataset, and 80%/20% 
for the SNAr literature-based dataset. 

To assess the models' ability, we replicated and compared the 
performance of two graph neural network models, GCN

[48]
 and 

GAT,
[49]

 and two chemical reaction fingerprints proposed based 
on the SMILES sequences: RXNFP, generated by the BERT model 
through unsupervised learning,

[33]
 and DRFP, which borrows the 

creation of circular substructures from a molecule and the sub-
sequent hashing of their SMILES,

[11]
 to be used in RF and XGBoost 

machine learning models to test their performance on each da-
taset. Detailed parameter settings and regression performances 
for the replicated models are provided in Section 2.3 and 4.3 in 
ESI. Also, we collected some SOTA models and descriptors pro-
posed in related work to compare with our proposed model. The 

testing approach of the models proposed in these related works 
differs from ours only in the repeated test number of randomly 
splitting the train and test set. 

Predictions  

Yield prediction. MMHRP-GCL is able to predict chemical reac-
tion yields accurately after training on the B-H HTE dataset and 
the S-M HTE dataset. Table 2 displays the test performance of 
MMHRP-GCL compared to other SOTA models for the yield pre-
diction task on these 2 datasets. For the single-modal models, we 
additionally collected the test performance of RF using DFT pa-
rameters calculated by Saebi et al.,

[39]
 as well as the performance 

of Yield-BERT.
[36]

 To compare with multi-modal models, we show 
the test performance data on both datasets for Multimodal 
BERT

[37]
 and

 
Yield-GNN,

[39]
 which also uses their calculated DFT 

parameters as input. 
It is obvious that the multi-modal models generally outper-

form the single-modal models, except for Multimodal BERT in the 
S-M HTE dataset. On the B-H HTE dataset, the best performance 
of the single-modal models is R

2
 = 0.951, while the worst perfor-

mance of the multi-modal model is R
2
 = 0.959, and on the S-M 

HTE dataset, R
2
 = 0.841 represents the best single-modal model 

performance, while R
2
 = 0.855 represents the worst multi-modal 

model performance, with the exception of Multimodal BERT, 
demonstrating that the superior performance of multi-modal 
models due to its ability to integrate data in multi-view. In the B-H 
HTE dataset, the MAE of the SOTA model is in the range of 
0.04—0.13 and in the S-M HTE dataset, the MAE is ranging from 
0.08—0.12. Remarkably, MMHRP-GCL outperforms other SOTA 

Table 2  Comparison of MMHRP-GCL with other SOTA models on the yield prediction task 

Dataset Model Features 
Evaluation Metrics 

R2 RMSE MAE 

B-H HTE da-

taset (Yield 

Prediction) 

Single-Modal Model 

RF DFT[39] 0.915 ± 0.007 0.080 ± 0.003 0.054 ± 0.002 

RF RXNFP 0.615 ± 0.019 0.169 ± 0.005 0.128 ± 0.004 

RF DRFP 0.928 ± 0.002 0.073 ± 0.001 0.049 ± 0.001 

XGBoost RXNFP 0.631 ± 0.023 0.165 ± 0.005 0.119 ± 0.003 

XGBoost DRFP 0.946 ± 0.005 0.063 ± 0.003 0.042 ± 0.001 

GCN RDKit 0.802 ± 0.020 0.121 ± 0.007 0.087 ± 0.007 

GAT RDKit 0.911 ± 0.036 0.080 ± 0.018 0.056 ± 0.011 

Yield-BERT[36] SMILES 0.951 ± 0.005 0.058 ± 0.004 0.054 ± 0.003 

Multi-Modal Model 

Yield-GNN[39] DFT + RDKit 0.961 ± 0.005 — 0.040 ± 0.002 

Multimodal BERT[37] 
Chemical Descriptors + 

SMILES 
0.959 ± 0.005 0.055 ± 0.003 — 

MMHRP-GCL  
(This work) 

RDKit + SMILES 0.968 ± 0.002 0.049 ± 0.002 0.034 ± 0.001 

S-M HTE da-

taset (Yield 

Prediction) 

Single-Modal Model 

RF DFT + RDKit[39] 0.832 ± 0.011 0.118 ± 0.004 0.081 ± 0.002 

RF RXNFP 0.662 ± 0.017 0.164 ± 0.005 0.122 ± 0.004 

RF DRFP 0.824 ± 0.006 0.118 ± 0.002 0.081 ± 0.001 

XGBoost RXNFP 0.642 ± 0.015 0.169 ± 0.005 0.121 ± 0.003 

XGBoost DRFP 0.841 ± 0.010 0.112 ± 0.004 0.077 ± 0.002 

GCN RDKit 0.749 ± 0.013 0.141 ± 0.004 0.103 ± 0.002 

GAT RDKit 0.826 ± 0.006 0.118 ± 0.002 0.082 ± 0.002 

Yield-BERT[36] SMILES 0.815 ± 0.013 0.121 ± 0.005 0.081 ± 0.003 

Multi-Modal Model 

Yield-GNN[39] DFT + RDKit 0.855 ± 0.013 — 0.083 ± 0.001 

Multimodal BERT[37] 
Chemical Descriptors + 

SMILES 
0.833 ± 0.010 0.115 ± 0.003 — 

MMHRP-GCL 
(This work) 

RDKit + SMILES 0.872 ± 0.011 0.101 ± 0.004 0.067 ± 0.002 
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models in both datasets without the need for DFT calculation with 
R

2
 by 0.968, RMSE by 0.049 and MAE by 0.034 on the B-H HTE 

dataset, and R
2
 by 0.872, RMSE by 0.101 and MAE by 0.067 on the 

S-M HTE dataset, indicative of its capability of achieving higher 
accuracy in yield prediction. Although Han et al. used a pre- 
trained graph neural network to achieve higher performance than 
our model on both the B-H HTE and S-M HTE datasets, it is worth 
noting that they used an independent GNN model for each reac-
tant in graph data which implies that they were unable to handle 
chemical reactions with an unfixed number of reactants.

[26]
 

MMHRP-GCL uses Compounds Graphs and Reaction SMILES as 
inputs, indicating its ability in handling chemical reactions with a 
flexible number of molecules reacted. 

Enantioselectivity prediction. Training on the A-T HTE dataset 
enabled MMHRP-GCL to predict the enantioselectivity values of 
chemical reactions. The tested results of the models are present-
ed in Table 3. At an R

2
 of 0.910, RMSE of 0.203 kcal·mol

‒1
, and 

MAE of 0.143 kcal·mol
‒1

, the evaluation metrics of MMHRP-GCL 
confirm its highest accuracy in reaction enantioselectivity predic-
tion. However, the original work on the A-T HTE dataset achieved 
an R

2
 of 0.917 on the test set, using DFT to calculate multiple pa-

rameters to describe the electronic and spatial properties of the 
molecules with the supporting vector machine to learn the reac-
tion features, even though the MAE of this method is 0.152 
kcal·mol

‒1
, which is higher than that of our proposed model.

[19]
 

Consequently, even only employing basic descriptors, our model 
can still compete with the DFT parameters that are capable of 
accurately describing chemical reactions. 

Activation energy prediction. We also investigated the reac-
tion activation energy prediction ability of MMHRP-GCL. Test 
results of our proposed model, together with other SOTA models, 
are shown in Table 4. Obviously, the MMHRP-GCL shows marginal 

improvement in activation energy prediction. Apart from our 
replicated models, we also compared the prediction performance 
with the original work based on the Gaussian processing regres-
sion (GPR) model using DFT parameters or pre-trained BERT pa-
rameters.

[15]
 The original work achieved high accuracy prediction 

of chemical reaction activation energy using DFT calculation pa-
rameters with MAE of 0.80 kcal·mol

‒1
, the smallest error among 

many models, while our proposed MMHRP-GCL reaches the 
highest accuracy among R

2
 and RMSE, which are 0.88 and 1.26 

kcal·mol
‒1

, respectively, indicating that our model is another ac-
curate alternative method for reaction activation energy predic-
tion. 

Ablation study 

The ablation study is conducted by removing parts of the 
model structure to assess the importance of the deleted parts to 
the model. To support the model design, we carried out an abla-
tion study for MMHRP-GCL. Table S15 lists the test performance 
on the four datasets for the baseline model, the model without 
the graph encoder, the model without the text encoder, the 
model without the modality alignment, and the model without 
the atomic features in graph modality. Obviously, the baseline 
model performs best across all datasets. Compared to the models 
without graph encoder or text encoder, the result proves that the 
graph and text modality can complement one another's infor-
mation to achieve a higher accuracy prediction for reaction per-
formance prediction tasks than a single modality. Moreover, in 
Figure S1, a dimensionality reduction analysis towards the latent 
vectors of each modality was performed to further prove the 
complement of information between the two modalities, even 
though graph and SMILES representations are essentially inter-
convertible. The graph encoder appears to be a key component of  

Table 3  Comparison of MMHRP-GCL with other SOTA models on the enantioselectivity prediction task 

Dataset Model Features 
Evaluation Metrics 

R2 RMSE MAE 

A-T HTE dataset 

(ΔΔG Prediction) 

Single Modality Model 

RF RXNFP 0.446 ± 0.027 0.502 ± 0.014 0.374 ± 0.010 

RF DRFP 0.907 ± 0.009 0.206 ± 0.012 0.143 ± 0.009 

XGBoost RXNFP 0.419 ± 0.055 0.514 ± 0.016 0.388 ± 0.010 

XGBoost DRFP 0.887 ± 0.012 0.226 ± 0.013 0.155 ± 0.008 

GCN RDKit 0.880 ± 0.007 0.234 ± 0.009 0.173 ± 0.006 

GAT RDKit 0.872 ± 0.017 0.241 ± 0.015 0.175 ± 0.011 

Multi-Modal Model 

MMHRP-GCL 
(This work) 

RDKit Features + SMILES 0.910 ± 0.007 0.203 ± 0.008 0.143 ± 0.002 

Note: The units of RMSE and MAE are kcal·mol‒1. 

Table 4  Comparison of MMHRP-GCL with other SOTA models on the activation energy prediction task 

Dataset Model Features 
Evaluation Metrics 

R2 RMSE MAE 

SNAr dataset (Activation 

Energy Prediction) 

Single Modality Model 

GPR DFT[15] 0.87 ± 0.02 1.41 ± 0.14 0.80 ± 0.06 

GPR BERT (pre-trained)[15] 0.85 ± 0.02 1.51 ± 0.10 1.03 ± 0.05 

RF RXNFP 0.68 ± 0.07 2.05 ± 0.17 1.52 ± 0.15 

RF DRFP 0.69 ± 0.06 2.04 ± 0.26 1.30 ± 0.09 

XGBoost RXNFP 0.66 ± 0.10 2.08 ± 0.23 1.52 ± 0.16 

XGBoost DRFP 0.71 ± 0.10 1.95 ± 0.36 1.17 ± 0.11 

GCN RDKit 0.77 ± 0.05 1.73 ± 0.18 1.32 ± 0.12 

GAT RDKit 0.82 ± 0.07 1.51 ± 0.32 1.06 ± 0.22 

Multi-Modal Model 

MMHRP-GCL 
(This work) 

RDKit Features + SMILES 0.88 ± 0.04 1.26 ± 0.18 0.93 ± 0.15 

Note: The units of RMSE and MAE are kcal·mol‒1. Reaction activation energy is retained here to 2 decimal places as they can’t be obtained accurately.   
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the MMHRP-GCL model, as evidenced by the significantly inferior 
performance of the model without graph encoder compared to 
the model without text encoder, with the R

2
 value higher by 

0.024—0.107. Hence, the lower bound on the prediction ability of 
the model is determined by its graph encoder. This may be due to 
the fact that the data in graph modality is better suited to cap-
turing the differences in the substituents for different com-
pounds. 

We designed a modality alignment layer based on the trans-
former layer for the model to reduce the performance degrada-
tion brought on by the redundant information in multi-modal 
data.

[41]
 According to the ablation study, the model without mo-

dality alignment is marginally worse than the baseline model, 
whose R

2
 value is lower by 0.001—0.015, suggesting that modali-

ty alignment layer design indeed significantly enhanced the model 
performance. 

We subsequently evaluated the importance of atomic fea-
tures by the ablation study. The performance of MMHRP-GCL 
without atomic features is much lower than that of the bench-
mark model, with R

2
 values lower by 0.022—0.116 on the 4 da-

tasets, indicating that the atomic features are essential to the 
graph encoder. It is worth noting that the model without atomic 
features outperforms the model without graph encoder in all but 
the A-T HTE dataset, with R

2
 values higher by 0.003—0.020, 

showing that in situations where the descriptors in graph data are 
unable to characterize the compound properties, the model can 
still rely on the text data to predict the reaction performance with 
a relatively high degree of accuracy, which proves the superiority 
of multi-modal modeling. 

Interpretability 

Deep learning has always been challenging due to its black- 
box nature.

[50-51]
 Numerous comprehensible methods have been 

devised to tackle this problem, and attention matrices analysis 
and perturbation-based approaches are often employed among 
them.

[32-33,52]
 In this work, MMHRP-GCL will use these two meth-

ods respectively, to reveal the implicit relationship of atoms, 
which is beneficial for the exploration of the reaction mechanism, 
and to identify the important atoms to assist in the design of new 
chemocatalytic conditions. The methods for model interpretation 
and more interpretation results are shown in Section 5 in ESI. 

Figure 3 shows the results of model interpretation for one 
case in B-H HTE reaction and S-M HTE reaction. In Figure 3F, the 
model finds a potential relationship between “[Pd+2]” and “I”, 
representing an association between the Pd(II) ion in Pd(CH3COO)2 
and -I in 6-iodoquinoline, which is consistent with the insertion 
reaction of the Pd atom into the C—I bond in the S-M reaction.

[53]
 

Nevertheless, in Figures 3B, the model shows the implicit rela-
tionship of all “c” and “o” with “P”, which are not chemically 
meaningful, indicating the model has limited ability to explain 
potential relationships of atoms. Strikingly, however, MMHRP-GCL 
has good explanatory ability for atomic importance. In Figures 3C, 
3G, the model emphasizes the importance of -Cl in 3-chloropyri-
dine, -I in 6-iodoquinoline, demonstrating that the model is able 
to capture the electronic effects of the heteroatoms. The model 
also pays attention to the O and N atoms of isoxazole in Figure 3D, 
which is the insertion sites of Pd metal during the side reaction of 
B-H reaction,

[54]
 and the -OH and =O groups in the CPA reagent 

from Figure S2D, which form hydrogen bonds to control the reac-
tion stereoselectivity.

[55]
 These outcomes further confirm the abil-

ity of the model to focus on the key atoms in the compound and 
hence find potential reaction sites accordingly. 

With MMHRP-GCL, we obtained the importance of each 
atomic feature in the graph modality, which further demonstrat-
ed the utility of the model, the results of which are depicted in 
Figure 4. It is evident that every atomic feature contributed to the 
reaction prediction of MMHRP-GCL. Among them, “Formal Charge” 
is of less significance in all the datasets, due to the fact that no 

atom experienced a change in formal charge before or after the 
reaction. The B-H HTE dataset has similar feature importance to 
the S-M HTE dataset and low similarity to the other two datasets, 
indicating that similar feature information can be utilized for the 
same reaction prediction task. In the SNAr dataset, the “Gasteiger 
Charge Contribution” is the second-most important feature, 
which is in line with the phenomenon that the SNAr reaction is 
strongly influenced by the electronic effects of substituents, sug-
gesting that the interpretation result towards feature importance 
is chemically meaningful. 

 
Figure 3  Interpretability results of MMHRP-GCL on a case of B-H HTE 

reaction and S-M HTE reaction. (A) & (E) prediction result. (B) & (F) Atomic 

implicit relationship. (C) & (G) Atomic importance of reactants & products. 

(D) & (H) Atomic importance of catalysts & solvents.  

 

Figure 4  Atomic feature importance on 4 datasets produced by 

MMHRP-GCL. 

Towards challenging dataset 

To evaluate the prediction performance of MMHRP-GCL on a 
challenging task, we tested the model on the ELN dataset,

[39]
 a 

data-scarce chemical reaction yield dataset. As elaborated in Sec-
tion 6 of the ESI, the model achieves an R² of 0.194. This outper-
forms the Yield-GNN

[39]
 and GNN models with a context 

pre-trained strategy.
[56]

 While the performance of MMHRP-GCL is 
not as good as that of two traditional machine learning models, it 
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is important to note that these machine learning methods require 
high-cost DFT parameters for predictions and become more cum-
bersome and expensive to operate when applied to new reaction 
predictions. Therefore, we contend that MMHRP-GCL strikes a 
balance between computational cost and predictive capability. 

Possible applications 

As an emerging tool for exploring real chemical systems, 
chemical reaction performance prediction models have played a 
significant role in recent years. The development of forward pre-
dictor for chemical reactions underpins the advancement of au-
tomated synthetic robot.

[57]
 An AI-driven automated synthetic 

robotic platform relies on forward prediction models to forecast 
reaction outcomes, thereby assessing the feasibility of proposed 
synthetic routes.

[58]
 

Inspired by these prior works, we posit that MMHRP-GCL, as 
an effective forward predictor, holds promise for application in 
real chemical systems. In the Section 7 in ESI, we have outlined an 
initial framework illustrating the practicality of the MMHRP-GCL 
model for small laboratories to synthesis target organic com-
pounds at low cost and high yield. This comprehensive exploration 
marks one of our future goals, and we are eager to collaborate 
with organic chemists to bring this vision to fruition. 

Conclusions 

In this issue, we designed MMHRP-GCL, a novel model that 
combined the information of the data in graph and text modalities 
to achieve low-cost, high-precision prediction of homogeneous 
chemical reaction performance. We also designed a modality 
alignment method based on the transformer encoder to cope 
with the negative impact of modal data redundancy on model 
prediction. By parsing the attention matrix in the text modal en-
coder, we interpreted the relationship between atoms, though 
sometimes this explanatory capability is limited. Moreover, the 
perturbation method for graph data highlights significant atoms in 
the reaction, which can provide insights into the design of chemi-
cal reaction conditions. To further emphasize the potential value 
of our technique, we also employed a statistical interpretability 
study towards the significance of atomic features for graph data 
and a test of the model on a data-scarce dataset. Ultimately, the 
application prospect of MMHRP-GCL was discussed. 

MMHRP-GCL was tested for reaction yield prediction on the 
B-H HTE dataset, S-M HTE dataset with R

2
 values of 0.968 and 

0.872, respectively, on the test set in 70%/30% splitting of train 
and test set, reaction enantioselectivity prediction on the A-T HTE 
dataset with R

2
 value by 0.910 on the test set in 600/475 splitting 

of train and test set, and reaction activation energy prediction on 
the SNAr dataset with R

2
 value by 0.877 on the test set in 80%/20% 

splitting of train and test set. Comprehensively comparing R
2
, 

RMSE, MAE values on the test set for 4 datasets indicates that 
MMHRP-GCL outperforms at least 7 generalized SOTA methods in 
homogeneous reaction performance prediction requiring only 8 
simple descriptors and Reaction SMILES, which significantly saves 
computing resources compared to the DFT parameters. Also, the 
ability to handle chemical reactions containing a variable number 
of molecules is one of the great strengths of the model. Ablation 
study of MMHRP-GCL proves that both graph and text modalities 
play a role in reaction performance prediction, and a latent vector 
analysis for each modality further confirms this. It also validates 
the importance of the design for modality alignment as well as 
the atomic features. Cases study shows the reliable identification 
of key atoms despite the weak interpretability of MMHRP-GCL in 
atomic implicit relationships. The statistical result towards the 
significance of atomic features reveals that similar features in 
graph data are utilized for the same reaction prediction task. Ad-
ditionally, MMHRP-GCL tested on a challenging yield dataset illus-
trates its balance between computational cost and prediction 

accuracy. 

Experimental 

All data are described in the Datasets Descriptions section of 
the article. All the training results have been provided in the Elec-
tronic Supplementary Information (ESI). All the code and software 
files have been deposited on GitHub (https://github.com/AIChem- 
ShenWang/MMHRP-GCL-Code). 
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