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Accurate prediction of pharmacological properties of small molecules is becoming increasingly important in 
drug discovery. Traditional feature-engineering approaches heavily rely on handcrafted descriptors and/or 
fingerprints, which need extensive human expert knowledge. With the rapid progress of artificial intelligence 
technology, data-driven deep learning methods have shown unparalleled advantages over feature-engineering-
based methods. However, existing deep learning methods usually suffer from the scarcity of labeled data and 
the inability to share information between different tasks when applied to predicting molecular properties, thus 
resulting in poor generalization capability. Here, we proposed a novel multitask learning BERT (Bidirectional 
Encoder Representations from Transformer) framework, named MTL-BERT, which leverages large-scale pre-
training, multitask learning, and SMILES (simplified molecular input line entry specification) enumeration 
to alleviate the data scarcity problem. MTL-BERT first exploits a large amount of unlabeled data through 
self-supervised pretraining to mine the rich contextual information in SMILES strings and then fine-tunes 
the pretrained model for multiple downstream tasks simultaneously by leveraging their shared information. 
Meanwhile, SMILES enumeration is used as a data enhancement strategy during the pretraining, fine-tuning, 
and test phases to substantially increase data diversity and help to learn the key relevant patterns from 
complex SMILES strings. The experimental results showed that the pretrained MTL-BERT model with few 
additional fine-tuning can achieve much better performance than the state-of-the-art methods on most of 
the 60 practical molecular datasets. Additionally, the MTL-BERT model leverages attention mechanisms to 
focus on SMILES character features essential to target properties for model interpretability.

Introduction

Though biotechnology has made significant advances, drug devel-
opment is still a long, expensive, and complex process, which 
usually takes 10 to 15 years and billions of dollars [1]. There are 
several critical bottlenecks in this process, such as finding out 
validated molecular targets, designing and/or discovering prom-
ising lead compounds, optimizing pharmacokinetics and toxicity, 
and evaluating efficacy and clinical safety [2,3]. In these scenarios, 
the application of computational methods, particularly molecular 
property prediction methods, can alleviate the excessive depend-
ence on time-consuming and labor-intensive experiments [4,5]. 

Therefore, the development of computational methods to predict 
various properties of chemical compounds has attracted extensive 
attention in the last few decades [6,7].

For molecular property prediction, one of the primary chal-
lenges is to learn expressive representations of molecular struc-
tures. Traditional molecular representation methods, which 
rely on sophisticated handcrafted features such as molecular 
fingerprints and/or descriptors, frequently suffer from lengthy 
design procedures and limited adaptability [8–10]. In recent 
years, the surging deep learning (DL) methods deliver a data-
driven way to automatically learn molecular representations 
from primary data in the end-to-end training [11]. DL approaches 
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have replaced the conventional paradigm of machine learning 
(ML) based on expert knowledge, enabling superior generali-
zation ability and versatility in a wide variety of domains, such 
as molecular generation [12], drug-target affinity prediction 
[13], and protein structure prediction [14]. Inspired by the suc-
cess of DL, several studies have been performed to apply well-
established DL models to low-level molecular representations, 
including molecular graphs and SMILES (simplified molecular 
input line entry specification) [15–17].

Molecular graphs are natural representations for chemical 
molecules, which consist of atoms (nodes) connected through 
chemical bonds (edges) and are hence ideally suited for graph 
neural network (GNN). Up to now, various GNN architectures 
have been successfully applied to the prediction of molecular 
properties [11,18]. However, limited by overfitting and over
smoothing problems, existing GNNs are typically too shallow 
(generally 2 to 3 layers), thus limiting their ability to extract deep-
level patterns. The SMILES strings encode the composition and 
connection information of molecules in ASCII (American Standard 
Code for Information Interchange) characters and are widely used 
in cheminformatics to store molecular structures [19]. Various 
DL models suitable for text processing, such as long- and short-
term memory [16,20], convolutional neural networks [21,22], 
and Transformers [15], have been used to extract features from 
SMILES strings for molecular property prediction and achieved 
superior speed and performance with sufficient training data.

Generally, DL models require a large amount of labeled data 
to achieve high effectiveness and good generalization ability. 
For example, in image classification tasks, people usually collect 
millions of images to train their DL models [23]. Unfortunately, 
for most bioactivity-related tasks, labeled data are quite limited 
because of expensive and time-consuming laboratory experiments 
[24]. The scarcity of training data greatly increases the overfit-
ting risk and reduces the generalization abilities of data-hungry 
DL approaches [25].

A viable solution to the data scarcity problem is to harness 
information and knowledge contained in other labeled tasks 
or even unlabeled data [26]. Several biochemical data, such as 
absorption, distribution, metabolism, excretion, and toxicity 
(ADMET) properties, are highly interrelated [27]. As an exam-
ple, lipophilicity is often related to many ADMET properties. 
Thus, multitask learning can be used to exploit the correlation 
across different molecular property tasks and increase the 
model performance. While the use of multitask learning has 
been investigated for molecular property prediction, there are 
some limitations including possible performance degradation 
for unrelated tasks due to low model capacity and a lack of 
interpretability [2,27]. Except for learning representation from 
labeled data, unlabeled data contain rich knowledge and subtle 
patterns that are of high importance to representation learning 
and can be exploited through unsupervised learning [28,29]. In 
recent years, unsupervised learning methods have been widely 
used and have posed a considerable impact on computer vision 
and natural language processing [30,31], such as SimCLR [30] and 
BERT (Bidirectional Encoder Representations from Transformer) 
[32]. Inspired by these successes, unsupervised learning has 
been employed for molecular property prediction [33–35]. One 
strategy is to construct auto-encoder models that transform 
discrete SMILES representations to and from multidimensional 
continuous representations, which can then be used for down-
stream prediction tasks [33]. However, the SMILES recovery-
based molecular representations may not be quite optimal for 

general prediction tasks and cannot be further optimized. 
Inspired by the success of the BERT model in natural language 
processing, a SMILES-BERT model was proposed by consid-
ering SMILES as sequences, in which a part of SMILES tokens 
is masked, and the BERT model learns to predict the missing 
part based on the available tokens [34]. In this process, the model 
is driven to mine the contextual information in SMILES strings. 
However, SMILES-BERT models are fine-tuned separately for 
each downstream task, which is quite inefficient when multiple 
properties need to be predicted and eliminates the opportunity 
to leverage the useful information contained in multiple related 
tasks to improve their generalization performance [34]. Further
more, the SMILES-BERT model only uses the canonical form 
of SMILES strings to train their model, which limits its ability 
to capture the key relevant patterns in complex SMILES.

Another way to alleviate the data scarcity issue is data aug-
mentation. As discussed in a previous study [16], a given mol-
ecule can be presented by different SMILES strings by varying 
starting atoms and traversal orders. Thus, each training sample 
can be expanded by a different number of SMILES representa-
tions to increase data diversity and help to learn the key relevant 
patterns hidden in the complex syntax of SMILES strings. 
Additionally, the SMILES enumeration can also be used in the 
test phase to correct potential prediction biases and therefore 
make a robust and accurate prediction. Concretely, in the test 
phase, we can generate multiple SMILES strings for a given test 
sample and perform a fusion operation on all the predictions 
of these SMILES strings to obtain the final prediction result.

In this study, we attempted to develop a novel multitask 
learning framework called MTL-BERT to alleviate the data 
scarcity problem by combining large-scale unsupervised learn-
ing, multitask learning, and SMILES enumeration together. The 
proposed MTL-BERT model is firstly pretrained on a large 
amount of unlabeled molecular data to mine the rich contextual 
information in the SMILES strings. In the fine-tuning stage, 
the pretrained model is trained on multiple tasks jointly to mine 
and share relevant information in similar tasks. The training 
data from multiple tasks can also serve as an inductive bias by 
imposing constraints on each other, thus boosting prediction 
accuracy and learning speed. Additionally, the SMILES enu-
meration continues to be utilized as a data augmentation strat-
egy to substantially increase the data diversity in the pretraining, 
fine-tuning training, and test phases. By combining the 3 strat-
egies together, MTL-BERT may provide a solution to molecular 
property prediction tasks with insufficient data. Experimental 
results demonstrate that the pretrained model can generate 
context-sensitive representations for SMILES tokens by inves-
tigating what the MTL-BERT model learned in unsupervised 
pretraining, and the ablation study proves that multitask learn-
ing and SMILES enumeration can indeed boost the model 
performance. Moreover, we conducted extensive experiments 
to evaluate the MTL-BERT method on a wide range of drug 
discovery-related tasks. The evaluation results show that the 
pretrained MTL-BERT model with a little extra fine-tuning can 
significantly outperform the state-of-the-art methods on a wide 
range of molecular property prediction datasets. In addition, 
the MTL-BERT model leverages attention mechanisms to focus 
on SMILES character tokens essential to the target property 
and provides valuable clues to analyze and optimize molecules. 
The superior performance, high execution efficiency, and excel-
lent interpretability establish our proposed model as a competitive 
choice for molecular property prediction in drug discovery.
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Results

Overall pipeline
The overview pipeline of MTL-BERT is shown in Fig. 1. The 
MTL-BERT model is firstly pretrained through the masked 
token prediction task on a large amount of unlabeled molecular 
data to mine contextual information in the SMILES strings. In 
the pretraining stage, the SMILES strings are firstly enumerated 
by using different starting atoms and traversal orders. Then, 
these SMILES strings are tokenized and further randomly 
masked for pretraining prediction. The SMILES augmentation 
strategy can substantially increase the data diversity and effec-
tively learn the semantic information from the SMILES strings. 
Next, each dataset for the multiple molecular property predic-
tion tasks is randomly split into the training, validation, and 
test datasets with a ratio of 8:1:1. After that, the training, vali-
dation, and test datasets are concatenated into multitask 
training styles. Then, these datasets are augmented 20 times by 
random SMILES enumeration. According to previous research 
on SMILES enumeration [16], increasing the data size by 20 
times can effectively improve the performance of the model, 
but more augmentation times can only bring a very limited 
performance improvement and will greatly increase the com-
putational load. To generate the unique SMILES strings for 
each molecule, if an enumeration is identical to previous ones, 
we will repeat the search for new SMILES forms until 100 times. 
Next, the multitask training data are utilized to fine-tune the 
pretrained model. In the prediction phase, we carry out a fusion 
operation of all predictions for the enumerated SMILES from 
the same molecule to obtain the final prediction.

MTL-BERT structure study
To find what kind of MTL-BERT structure could perform bet-
ter on molecular property prediction tasks, we designed and 
compared 3 structures of different sizes. The model parameters 
and performance of the 3 types of MTL-BERT structures are 
listed in the Table. The pretraining recovery accuracy and the 
averaged fine-tuning performance were used as the evaluation 
metrics. From the Table, one can clearly see that the small 
model is inferior to the other 2 models because of fewer param-
eters and limited capacity. The large MTL-BERT performed 
best on the pretraining recovery task but slightly worse than 
the medium MTL-BERT on the fine-tuning tasks, probably due 
to slight overfitting. Thus, we chose the medium MTL-BERT 
structure since it takes much less training cost and can achieve 
better prediction performance.

Ablation study: The MTL-BERT architecture  
is indeed effective
To verify the effectiveness of the multitask learning and SMILES 
enumeration used in MTL-BERT, we performed an ablation 
study. We compared our developed MTL-BERT model with 
the single-task BERT (STL-BERT) model and the canonical 
SMILES-based BERT (Cano-BERT) model. STL-BERT applied 
the same settings as MTL-BERT but separately fine-tuned 
the pretrained model for each task. Cano-BERT removed the 
SMILES enumeration step in the MTL-BERT model, and only 
used the canonical SMILES to pretrain the BERT model and 
separately fine-tune the pretrained BERT model for each task. 
Herein, the developed Cano-BERT can be seen as the imple-
mentation of SMILES-BERT reported by Wang et al. [34]. The 

comparison results of the 3 different methods can be found in 
Fig. 2 and Tables S2 and S3. Compared with the STL-BERT 
model, the Cano-BERT model showed obvious performance 
loss in all tasks and even showed more than 10% degradation 
in some datasets such as CL (clearance of a drug), Fu (fraction 
unbound in plasma), and LC50DM [48-h Daphnia magna LC50 
(concentration of the test chemical in water in mg/l that causes 
50% of Daphnia magna to die after 48 h)]. These results demon-
strate the necessity and effectiveness of the data augmentation 
strategy. SMILES enumeration in the pretraining and fine-tuning 
stages can greatly improve the data diversity and enable the model 
to find more truly relevant features to generate more expressive 
molecular representations. Furthermore, the SMILES enumer-
ation during testing time can correct the prediction bias and 
provide a more robust prediction. SMILES enumeration in the 
3 stages together greatly boosts the performance of the regres-
sion tasks by a nontrivial margin. Despite both models using 
SMILES enumeration, the MTL-BERT model outperformed the 
STL-BERT model on the majority of the datasets. For some data
sets, such as F20% (human oral bioavailability 20%), SR-ARE (anti
oxidant response element), and SR-ATAD5 (ATPase family AAA 
domain-containing protein 5), the MTL-BERT even improved 
by more than 5%. For several datasets such as AMES, CYP1A2-Sub, 
and FreeSolv, the MTL-BERT showed slightly worse performance 
where it fell short by less than 1.2%. These results prove that the 
multitask learning strategy can mine and share relevant infor-
mation in similar tasks and therefore improve overall general-
ization capabilities. Except for better performance, the multitask 
learning strategy can greatly reduce memory usage and running 
times, proving that the MTL-BERT model has great practical 
value. In short, these results fully demonstrate the effectiveness 
of the multitasking and data augmentation strategies.

In addition, the MTL-BERT model uses attention weights 
to extract information from each token of the molecule to com-
pose task-relevant molecular representations. Thus, we convert 
task-related weights into vectors and calculate the average cor-
relation between these weight vectors. The correlation results 
between different tasks and the results of the hierarchical clus-
tering according to these correlation coefficients are shown in 
Fig. 3. The hierarchical clustering reveals several clustering 
groups, suggesting that the MTL-BERT model can explore the 
correlations between different tasks. For example, the tasks 
LogD and LogP are clustered together, which may be due to 
the fact that both are related to water solubility.

Comparison with other machine learning methods
We selected 5 state-of-the-art molecular property prediction 
models as the baselines for comprehensively evaluating our 
proposed MTL-BERT model. The first is the XGBoost model 
based on the Extended-Connectivity Fingerprints with diameter 
4 (ECFP4-XGBoost) [8,9], which is a classical paradigm for 
molecular property prediction tasks. Moreover, 3 representative 
and widely used GNNs are also included as the baselines: graph 
attention network [36], graph convolutional network [37], and 
AttentiveFP [17]. The last method is based on the continuous-
and-data-driven descriptor (CDDD) [33], and it consists of 
a fixed RNN (recurrent neural network) encoder that has been 
pretrained on a large number of unlabeled SMILES strings 
together with a fully connected neural network. For each task, 
we used the grid search algorithm to find the optimal hyper-
parameter settings for the baseline models.

https://doi.org/10.34133/research.0004
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The prediction results are shown in Fig. 4 and Tables S4 and 
S5. Clearly, the ECFP4-XGBoost models perform poorly on most 
tasks, but well on some tasks, such as F30% (human oral bioavail-
ability 30%), BACE, and CL, showing very obvious performance 
differences. The reason could be that ECFP4 is a fixed-length 
molecular representation, and the information it contains may 
not be useful for a specific task. As molecular graphs contain more 
information than molecular fingerprints, 3 GNNs (i.e., graph at
tention network, graph convolutional network, and AttentiveFP) 
perform better than molecular fingerprints on most tasks. How
ever, due to the scarcity of labeled data, these GNNs also show 
poor performance on some tasks. For example, on F30%, Carci
nogenicity, CL, and VD, both GNN models fall behind the 
ECFP-XGBoost by more than 3%. The CDDD model, which 
trained an auto-encoder model on large-scale data, can capture 
molecular features in a data-driven way. The CDDD representa-
tion has made some progress in many tasks. However, it cannot 
be further optimized for specific tasks such as molecular finger-
prints. Therefore, the information it contains may also not be 
sufficient for certain tasks, thus resulting in performance deg-
radation in some tasks. The MTL-BERT model not only can 
learn rich molecular contextual information through pretrain-
ing but also can be optimized for specific problems. Combining 
the benefits of information sharing between multiple tasks and 
SMILES enumeration, the MTL-BERT model has made an ad
vance on most tasks. Clearly, MTL-BERT performs better than 
all baseline models, except for 2 subtasks: CYP2C19-sub and 
BACE, where it fell short by less than 1.1%. The performance of 
MTL-BERT in NR-ER (estrogen receptor), NR-PPAR (peroxisome 
proliferator-activated receptor)-gamma, SR-ARE, SR-ATAD5, 
SR-HSE (heat shock factor response element), SR_MMP (mito-
chondrial membrane potential), Bioconcentration Factor, Fu, 
LC50FM, and lipophilicity tasks surpasses other models by more 
than 5%, and its performance in CL, PPB (plasma protein binding), 
VD (volume distribution), and LC50DM surpasses other models 

by more than 10%. The improvements of our model relative to 
the baselines on most datasets are statistically significant (95% con
fidence interval) according to the paired t test (P ≤ 0.001). These 
results convincingly highlight the excellent effectiveness and good 
generalizability of the proposed MTL-BERT model. In addition 
to better prediction performance, the MTL-BERT model does not 
need to perform a complex hyperparameter search for each task, 
and it runs very efficiently, which fully proves its potential as a 
good choice for molecular property predictions.

Analysis of the representations of the SMILES tokens 
from the pretrained MTL-BERT model by t-SNE
To analyze what the MTL-BERT model learned in the pretrain-
ing stage, we visualized the representations of the SMILES 
string tokens generated by the pretrained MTL-BERT model 
and tried to find some interesting patterns hidden in the SMILES 
string space. Specifically, 1,000 molecules (including approxi-
mately 35,000 tokens) were randomly selected and fed into the 
pretrained MTL-BERT model without masking, and the output of 
the Transformer encoder layer was gathered to perform visuali
zation analysis. In this way, a 256-dimensional vector was gen-
erated for each atom, and about 35,000 vectors were obtained 
in total. The classical dimensionality reduction method t-SNE 
(T-distributed stochastic neighbor embedding) [38] was used to 
visualize these high-dimensional vectors. As shown in Fig. 5, 
the tokens of different types are clearly clustered together and 
can be easily distinguished, demonstrating that the generated 
representations contain information of atomic types. Further 
observation shows that the atoms of the same type can be 
divided into several different groups. It seems that the generated 
atomic representations contain richer information than simple 
atomic types. To further observe the detailed patterns, we made 
some local enlarged graphs of token “O” and token “c”. In these 
enlarged graphs, we marked several token representations 

Fig. 1. Pipeline overview of the MTL-BERT model.
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clustered in a small region and displayed the corresponding 
molecules. “O” tokens on the first and second enlarged graphs 
all represent the oxygen atoms from the nitrate group attached 
to the benzene rings, but the oxygen atoms on different graphs 
are in different positions. In the third enlarged graph, the “O” 
symbols represent the oxygen atoms in the carbonyl group 
attached to the benzene ring. These results clearly indicate that 
molecular neighborhood environments of tokens from nearby 
locations are similar, whereas those from distant locations are 
significantly different. The other 3 enlarged graphs show similar 
results and can further prove this finding.

The above results demonstrated that the generated token 
representations can successfully capture the contextual infor-
mation in the SMILES strings. In this way, token representations 
can be regarded as continuous substructure representations, 
which should be extremely useful for downstream tasks.

Analysis of MTL-BERT's attention
MTL-BERT utilizes attention mechanisms to aggregate infor-
mation from all SMILES tokens to construct task-relevant 
molecular representations. Accordingly, the attention weights 
represent, in some sense, each SMILES token's specific con-
tribution to the final molecular representation and could 
be considered as a relevant measure to the target property. 
Therefore, MTL-BERT provides a natural method for discov-
ering the relationship between molecular substructures and 
molecular properties, which is critical for analyzing and opti-
mizing molecules.

To verify whether the MTL-BERT model can reasonably as
sign the attention weights, we analyzed some molecules in the 
test sets of the LogS and AMES tasks. The LogS task is related to 
the water solubility of molecules. In Fig. 6A, it appears that more 
attention is being paid to polar groups, which are important fac-
tors in determining the solubility of molecules in water. The 
AMES task is related to the mutagenicity of molecules. Accord
ing to Fig. 6B, the attention is mainly focused on the azide, 
nitrosamide, acylchloride, and nitrite groups, which have been 
shown to be mutagenic structural alerts due to their high appear-
ance in mutagens [39]. The results show that MTL-BERT is capa-
ble of assigning attention weights to specific tasks, which is very 
important for medicinal chemists to explore the relationship 
between molecular properties and substructures to some extent.

Discussion
For new drug development, accurate and efficient molecular 
property prediction is essential, as they can reduce reliance on 
time-consuming and labor-intensive experiments. Recently, 

data-driven DL models have shown great potential in molecular 
property predictions and have gained increasing attention. 
Despite their exceptional learning abilities, DL models need a 
large amount of labeled data in order to highlight relevant pat-
terns and guarantee high performance. Unfortunately, the labe-
led data for the majority of bioactivity-related tasks are usually 
quite limited due to expensive and time-consuming laboratory 
experiments. Therefore, when applied to bioactivity-related 
tasks, DL models are quite prone to overfitting, thus resulting 
in poor generalizability.

In our solution, we jointly leveraged large-scale pretraining 
to learn from unlabeled data, multitask-based transfer learning 
to learn from other tasks, and data augmentation to increase 
the labeled data diversity. The combination of 3 strategies can 
make full use of available data information and alleviate the 
problem of data scarcity as much as possible. Large-scale pre-
training can effectively dig out the rich knowledge and complex 
patterns hidden in unlabeled molecular data. By pretraining 
with masked token prediction tasks, we found that the pro-
posed model can generate contextually sensitive representa-
tions of SMILES tokens, which is quite useful for downstream 
tasks. Since molecular properties are usually highly related, 
multitask learning can then be used to explore the similarities 
between different tasks to promote the overall performance by 
transfer learning. In addition, multitask learning can also greatly 
improve the prediction performance and reduce the compu
tational cost by training multiple tasks at once. The SMILES 
enumeration, as an effective data augmentation strategy, can 
significantly increase the training data diversity and help to 
focus on more essential features, which are both used in pre-
training and fine-tuning to extract key relevant features from 
SMILES strings. Furthermore, SMILES enumeration can also 
be used in the testing phase to correct possible model bias and 
to perform a more robust prediction. Experimental results 
demonstrate that our proposed strategies are very effective and 
can greatly improve prediction performance. In addition, the 
MTL-BERT model has certain interpretability due to its use of 
attention mechanisms, making it a helpful tool for medicinal 
chemists to explore the relationship between substructures and 
property endpoints of interest. With superior performance, 
high efficiency, and good interpretability, the MTL-BERT model 
provides a competitive choice for accurately and efficiently pre
dicting molecular properties in drug discovery. More broadly, 
the paradigm of MTL-BERT can also be employed in other 
fields such as drug–protein interaction prediction, drug–drug 
interaction prediction, and so on. Specifically, in these fields, the 
proposed model can be used to learn a quite expressive rep-
resentation of molecules according to limited labeled data.

Table. Parameters and performances of the 3 structures of MTL-BERT

Name Layers Heads Embedding size FFN size Recovery accuracy Performance

MTL-BERTSMALL 4 4 128 512 0.931 0.826

MTL-BERTMEDIUM 8 8 256 1,024 0.962 0.852 (P < 0.07)

MTL-BERTLARGE 12 12 576 2,304 0.974 (P < 0.03) 0.848

MTL-BERT, multitask learning Bidirectional Encoder Representations from Transformer. FFN, feed forward network.
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Materials and Methods

Dataset collection
The training procedure of the MTL-BERT model consists of 
2 stages: pretraining and fine-tuning. During pretraining, 
1.7 million unlabeled molecules collected from the ChEMBL 
database [40] were used as the pretraining data to learn the con
textual information in the SMILES strings. We randomly kept 
10% of the entire pretraining data to evaluate the pretraining 

model. During fine-tuning, the pretrained model was further 
trained for the molecular property prediction tasks. Sixty data-
sets (16 for regression and 44 for classification) covering critical 
ADMET endpoints and various common molecular properties 
were collected from ADMETlab [41] and MoleculeNet [42] to 
train and evaluate MTL-BERT. The detailed information about 
these 60 datasets is listed in Table S1. All the molecules in these 
datasets are stored in the SMILES string format. Each dataset 
was randomly split into the training, validation, and test datasets 

Fig. 2. The performance comparison of MTL-BERT, STL-BERT, and Cano-BERT in the ablation studies for (A) classification tasks and (B) regression tasks.
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Fig. 3. Correlation analysis between different task representations between (A) classification tasks and (B) regression tasks.
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with a ratio of 8:1:1. Each dataset covers one molecular property 
prediction task, except for ClinTox and SIDER, which have 2 
and 27 tasks, respectively. Therefore, we ended up with 71 binary 
classification tasks and 16 regression tasks.

Model architecture
As shown in Fig. 2, the MTL-BERT model utilizes the Transformer 
encoder part as a feature extractor, which takes advantage of 

multihead self-attention to capture both long-term and short-
term dependencies, and different attention heads to focus on 
different aspects of patterns. The model architecture of MTL-
BERT can be found in Fig. 1. Specifically, the MTL-BERT model 
consists of 3 components: an embedding layer, several self-
attention layers, and a task-related output layer. In the embed-
ding layer, the input tokens x = (x1, x2, …, xn) are mapped into 
learnable dense vectors w = (w1, w2, …, wn) through an embed-
ding dictionary D ∈ RV×F, where wi ∈ RF, V is the vocabulary 

Fig. 4. The performance comparison of the MTL-BERT and state-of-the-art models for (A) classification tasks and (B) regression tasks.
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size, and F is the embedding vector size. As the BERT model 
cannot automatically learn positional information, a predefined 
positional encoding vector needs to be added to each embed-
ding vector in the embedding layer. In the multihead self-
attention layer, the input data Y is mapped into H distinct query 
matrix Qh = YW

Q

h , key matrix Kh = YWK
h

, and value matrix 
Vh = YWV

h
, respectively, where h = 1, 2, …, H, Y ∈ RN×F is 

the input feature matrix, and WQ

h
, WK

h
, and WV

h
 are learnable 

parameters. After these linear projections, the scaled dot-product 
attention computes a sequence of outputs:

where 
√
dk is a scaling factor and Oh is the output of one head 

output of the attention layer.

(1)Oh = softmax

�
QhK

T
h√

dk

�
Vh

Fig. 5. The t-SNE plot of token embedding vectors is colored by token category. In these enlarged graphs, the SMILES token, their corresponding embedding position, and their 
corresponding atoms in the molecule are marked with the same color.
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Afterward, O1, O2,…, OH are concatenated and linearly 
projected again to mix-up information of different heads. 
Upon the attention output, a position-wise feedforward net-
work with 2 fully connected layers and a Gaussian Error Linear 
Units activation function [43] in the middle are stacked. 
Besides, all the self-attention sublayers and position-wise feed-
forward sublayers are followed by a normalization layer [44] 

and a residual connection to well increase the generalization 
ability and utilize the original information. More detailed set-
tings can be found in the original literature [32,45].

The last layer is a fully connected neural network, which 
further processes the Transformer layer's output and performs 
specific classification or regression tasks. The embedding layer 
and the Transformer encoder layer are shared in the pretraining 

Fig. 6. Visualization of the MTL-BERT's attention weights allocated to the SMILES tokens for the (A) LogD task and (B) AMES task. Darker colors indicate higher 
attention weights.

https://doi.org/10.34133/research.0004
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and fine-tuning stages. The last layer for the pretraining and 
fine-tuning stages is not shared and is called the pretraining 
head and the prediction head, respectively.

Pretraining based on masked SMILES recovery
The schematic diagram of the pretraining stage is shown in Fig. 
7A. The original BERT method uses a combination of 2 tasks 
(the masked language model task and the sequential sentences 
classification task) to pretrain the model. The masked language 
model task is to use the contextual words surrounding a mask 
token to predict what the masked word should be. The next 
sentence prediction task is to determine if 2 sentences are con-
secutive. However, unlike natural language, there is no contin-
uous relationship between different SMILES strings. Roberta 
[46] proved that a good language model can be trained without 
using sequence relationships. Therefore, we just used the masked 
SMILES recovery task to pretrain our model.

Our pretraining strategy follows that of BERT to mask the 
input SMILES. Firstly, 15% of tokens in SMILES will be ran-
domly selected, and at least one token will be selected for the 
molecules with only a few tokens. For each selected token, it 
has an 80% chance to be replaced by special masking tokens, a 
10% chance to be randomly replaced by other tokens in the 
dictionary, and a 10% chance to be unchanged. The original 
SMILES is used as the ground truth to train the model, and the 
loss is only calculated at the masked tokens.

Fine-tuning for multiple molecular  
property predictions
The schematic diagram of the fine-tuning stage is shown in Fig. 
7B. After pretraining on a large number of unlabeled SMILES 
strings, the pretrained model has a nontrivial initialization. 
During the fine-tuning stage, we padded several task tokens 
based on the number of tasks before each input SMILES string. 
The model output at each of these tokens is paired with a 
task-related trainable feed-forward neural network and then 
used for different molecular property prediction tasks. Specifically, 
in the fine-tuning stage, we only added positional encoding to 
SMILES tokens to keep in accordance with the pretraining 
stage. Further, we also added an attention mask as shown in 
Fig. 7 to prevent task exchange information directly. Preventing 
the direct information exchange between task tokens allows 
the tasks to learn directly from SMILES tokens without causing 
interference between different tasks, especially when the num-
ber of tasks is quite large. Moreover, the inconsistency between 
pretraining and fine-tuning could be largely reduced, since the 
SMILES token cannot see the task token in the pretraining phase. 
Furthermore, it can also give the model better interpretability.

Input representations
The SMILES strings consist of characters of variable length, 
which need to be processed into some tokens before they can 

Fig. 7. The schematic diagram of the (A) pretraining and (B) fine-tuning processes of MTL-BERT. Except for the output layer, the same architecture is used for pretraining and 
fine-tuning. In the pretraining stage, the masked token prediction task is used to mine the contextual information in SMILES strings. In the fine-tuning phase, the task tokens 
are used to extract information from the SMILES tokens for the related prediction tasks and the visible matrix is used to modulate the attention matrix in the Transformer 
layer to prevent direct information exchange in different tasks.

https://doi.org/10.34133/research.0004
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be sent to the MTL-BERT model. We tokenized the SMILES 
strings using the following regular expression:

The possible matched tokens, such as [Si], [Br], and [1], are 
added to the dictionary, and they basically cover the commonly 
used characters in the SMILES strings. To accommodate as many 
tasks as possible in the fine-tuning stage, 1,000 task-related 
tokens denoted as [T0], [T1],…, [T1,000] are further added to 
the dictionary. Besides, the [MASK] token is needed for rep-
resenting the masked tokens in the pretraining stage and the 
[PAD] token allows SMILES token inputs of different lengths 
to be padded to form a batch.

Model training and evaluation
In the pretraining stage, the MTL-BERT model was trained 
via the standard batch gradient descent algorithm with an 
Adam optimizer [47]. According to our experience, the learn-
ing rate was set to 1e−4, and the batch size was set to 512. The 
model was pretrained for 50 epochs, after which further train-
ing shows very trivial performance improvement. To evaluate 
the pretraining performance, the pretraining masking strat-
egy was also used to mask the molecules from the test set, 
and then the recovery rate was calculated as the evaluation 
metric.

In the fine-tuning stage, for each output of the Transformer 
encoder layer corresponding to a task token, a 2-layer fully con-
nected neural network was added. The dropout strategy was 
adopted to prevent overfitting [48]. The Adam optimizer was 
used as the fine-tuning optimizer. After hyperparameter tuning, 
the learning rate was set to 5e−5, the batch size was set to 64, 
and the dropout rate was set to 0.1. We used the cross-entropy 
loss function for classification tasks and the mean squares loss 
function for regression tasks. For the multitask learning losses, 
we did not optimize the weights between each task's losses, but 
rather simply added them up.

The regression models were evaluated by the square deter-
mination coefficient (R2) and root mean square error (RMSE). 
The classification models were evaluated by the area under the 
receiver operating characteristic (ROC-AUC) and accuracy. 
We used early stopping with patience 20 to prevent overfitting 
by monitoring the model loss for the validation dataset and set 
a maximum training epoch to 200. To reduce random errors, 
the entire experiment was trained 10 times with random data 
splitting, and the mean value and the standard deviation were 
reported as the final performance. To note, for the datasets 
containing more than one task, we just reported their average 
performance for simplicity.
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