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Abstract

Molecular representation learning aims to cap-
ture chemically meaningful structures for vari-
ous downstream tasks such as accurate molec-
ular property prediction. However, incorpo-
rating functional group (FG) information into
SMILES-based models remains challenging.
The absence of explicit alignment between
graph-defined FG atom sets and tokens in se-
quence prevents complete substructure mask-
ing, while multiple valid SMILES forms of the
same molecule lead to inconsistent FG repre-
sentations in token space. To address these chal-
lenges, we propose FACT (Functional Group
Alignment and Consistency in Token Space),
an end-to-end framework for structure-aware
SMILES-based representation learning. FACT
introduces an atom—token alignment module
for complete FG span masking during pre-
training and enforces FG consistency across dif-
ferent SMILES forms during fine-tuning. Ex-
periments on MoleculeNet benchmarks show
that FACT achieves state-of-the-art or competi-
tive performance on eight tasks, demonstrating
the effectiveness of alignment and consistency
learning for molecular representation.

1 Introduction

Molecular representation learning aims to capture
chemically meaningful structures. Among down-
stream tasks, molecular property prediction (MPP)
is a fundamental task in drug discovery and mate-
rial science, to efficiently estimate physicochemi-
cal and biological properties of molecules (Wieder
et al., 2020; Dara et al., 2022). In recent days,
deep learning approaches have achieved signifi-
cant progress in this area through representation
learning over large-scale molecular data (Son et al.,
2024; Ji et al., 2024; Singh et al., 2026). Molecules
can be represented in different forms, including
SMILES strings (Weininger, 1988; Wang et al.,
2019), graph-based (2D) representations (Li et al.,
2022), and 3D conformations (Zhou et al., 2023).

While graph-based and 3D representations provide
rich structural information, they often require com-
putationally expensive preprocessing steps such as
graph construction or conformer generation that
can limit scalability. In contrast, SMILES represen-
tations enable scalable learning with direct applica-
tion of sequence-based models such as Transform-
ers due to their simplicity and compatibility (Wang
et al., 2019; Chithrananda et al., 2020; Ahmad et al.,
2022).

Despite their achievement, existing approaches
adopt pretraining objectives directly from natural
language processing, particularly masked language
modeling (MLM) (Liu et al., 2019), without ac-
counting for the structural nature of molecules.
While effective, such objectives do not fully re-
flect the structural nature of molecules. Random
masking can produce chemically invalid patterns
and, more importantly, disrupt meaningful chem-
ical substructures such as functional groups (Li
et al., 2023). Furthermore, unlike natural language,
SMILES vocabulary is highly constrained, consist-
ing of a limited set of atom symbols, bond types,
and structural tokens (Leon et al., 2024). As a re-
sult, randomly masked tokens alone can often be
predicted from simple local patterns without cap-
turing the underlying chemical structure, limiting
the effectiveness of the pretraining objective.

To better incorporate chemical structures into
pretraining, recent works have introduced func-
tional group (FG)-aware masking strategies, such
as FG-BERT (Li et al., 2023) and MLM-FG (Peng
et al., 2025). These approaches leverage struc-
tural information derived from molecular graphs
to guide masking. FG-BERT operates masking di-
rectly on molecular graph with connectivity-aware
attention (Li et al., 2023), and MLM-FG incorpo-
rates functional group information into SMILES-
based pretraining through predefined SMARTS pat-
terns (Peng et al., 2025). However, when such
structural information is transferred to SMILES
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token space, fundamental limitations arise.

First, existing SMILES-based FG masking ap-
proach lacks explicit FG alignment in token space.
While functional groups are defined over atom in-
dices in a molecular graph, SMILES sequences
interleave atom token with structural non-atom to-
kens (e.g., bond symbols, branch parentheses, or
ring closures). As a result, there is no deterministic
alignment that identifies the complete token span of
a functional group in the sequence, and FG-based
masking is applied only over atom tokens within
the group, leaving surrounding structural tokens
unmasked. Although Transformer attention can in
principle aggregate information across these tokens,
prior FG-aware SMILES methods do not explicitly
enforce complete substructure-level masking, and
the extent to which models learn chemically mean-
ingful substructures rather than relying on partially
exposed local patterns has not been directly exam-
ined. We hypothesize that closing this alignment
gap may benefit substructure-level representation
learning, and investigate this in our framework.

Second, the one-to-many mapping between a
molecule and its valid SMILES representations
leads to inconsistent functional group localiza-
tion in token space. Because a single molecule
can be represented by multiple valid SMILES
strings (Bjerrum, 2017), identical functional group
may appear at different token positions across rep-
resentations. This inconsistency is particularly
pervasive in real-world settings, where datasets
are aggregated from heterogeneous sources that
may not share a unified standard for molecular
structure representations. While prior work has
used SMILES enumeration as a form of data aug-
mentation (Bjerrum, 2017), existing FG-aware pre-
training approaches do not explicitly enforce repre-
sentational consistency of functional groups across
SMILES forms during fine-tuning. Without such
consistency, the model may rely on incidental token
positions rather than learning invariant chemical
structures.

To address the limitations, we propose FACT
(Functional Group Alignment and Consistency
in Token Space), an end-to-end framework for
structure-aware molecular representation learning
with SMILES data. We introduce an atom-token
alignment module to deterministically identify pre-
cise FG spans in token space for complete sub-
structure masking during pre-training. During fine-
tuning, we introduce FG-preserving consistency
loss to enforce representational invariance across

different SMILES forms of the same molecule,
leveraging the same alignment module to locate
and align identical functional groups across differ-
ent molecular views. We evaluate FACT frame-
work on MoleculeNet benchmarks for downstream
tasks (Wu et al., 2018) and achieve state-of-the-art
or competitive performance across multiple tasks,
demonstrating the effectiveness of explicit atom-
token alignment and end-to-end structure-aware
consistency learning for molecular representations.
Our contributions are as follows:

* We formalize the atom-token misalignment
problem in SMILES-based pre-training and
propose a deterministic alignment module that
enables precise functional group spans identi-
fication.

* We propose FACT framework, an end-to-end
framework that integrates complete functional
group span masking and an FG-preserving
consistency objective for invariant molecular
representations.

* We achieve state-of-the-art or competitive per-
formance on multiple MoleculeNet tasks, and
provide representation-level and attribution-
level visual analyses, demonstrating that our
FACT framework learns chemically meaning-
ful substructure representations.

2 Related Works

Molecular representation learning has increasingly
adopted sequence-based approaches by leverag-
ing the SMILES strings, which enables molecules
to be processed using natural language mod-
els. Transformer-based architectures pretrained
with masked language modeling (MLM) (Liu
et al., 2019) have demonstrated solid perfor-
mance across diverse molecular property predic-
tion tasks. SMILES-BERT (Wang et al., 2019)
applied BERT-style pretraining to molecular se-
quence, followed by ChemBERTa and its vari-
ants (Chithrananda et al., 2020; Ahmad et al.,
2022) and MolFormer (Ross et al., 2022), which
scaled pretraining to large-scale molecular data.
While these models have shown the viability of
SMILES-based pretraining, they adopt random to-
ken masking without adaptation to chemical struc-
ture. Various studies have also explored alter-
native training strategies and improved molecu-
lar representations to move beyond random mask-
ing. Broberg et al. (2022) pretrained Molecular
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Figure 1: Overview of the proposed FACT framework. (a) FGs are first identified and mapped to their corresponding
SMILES token spans via the atom-token alignment module. (b) The identified FG token spans are then used for
hybrid masking, combining complete FG span masking with random token masking during pre-training. (¢) During
fine-tuning, two SMILES representations of the same molecule are encoded via the pretrained encoder and alignment
module to obtain global and FG-level representations, which are concatenated for prediction. The FG-preserving
consistency loss enforces representational invariance within the same molecule during model updates.

Transformer (Schwaller et al., 2019) using reaction
template as a pre-training objective, demonstrat-
ing that chemically motivated training improves
molecular representations. In parallel, fragment-
based approaches have aimed to improve struc-
tural representations. t-SMILES (Wu et al., 2024)
represents molecules as hierarchical fragment se-
quences derived from graph decomposition, while
fragSMILES (Mastrolorito et al., 2025) encodes
molecules at the fragment level. While these ap-
proaches improve structural representations, they
do not explicitly incorporate chemically functional
groups that can directly determine molecular prop-

erties.

FG-BERT (Li et al., 2023) performs pretraining
on molecular graphs by masking predefined func-
tional groups and reconstructing them to enforce

chemically meaningful representations.

MLM-

FG (Peng et al., 2025) extends this idea to SMILES
sequences by applying functional group-based
masking over tokens associated with predefined
functional groups, both relying on SMARTS-based
patterns to specify functional groups. These ap-
proaches improve over random masking by in-
troducing chemically meaningful substructures,
yet remain constrained by the use of predefined
SMARTS-based patterns for FG identification,

thereby limiting adaptability across structurally
novel chemical spaces (Ertl, 2017; Colmenarejo,
2025).

Moreover, when functional group information is
expressed in SMILES token space, the absence of
a deterministic mapping between atom indices and
token positions prevents functional groups from
being represented as complete substructures, lead-
ing to only partial structural encoding. In addition,
structural supervision is limited to the pretraining
stage, leaving fine-tuning without preserving func-
tional group consistency. This becomes further
problematic because a single molecule can be repre-
sented by multiple valid SMILES strings (Bjerrum,
2017), where identical functional groups may ap-
pear at different token positions, causing the model
to rely on incidental token patterns rather than
learning invariant chemical structures. Our FACT
framework addresses these limitations through
explicit atom—token alignment with pattern-free
functional group detection, and functional group-
preserving consistency learning.

3 Method

Our FACT framework is illustrated in Figure 1.
The framework consists of three components: FG
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detection and atom-token alignment, FG-aware pre-
training, and FG-preserving consistency learning.

3.1 FG Detection and Atom-token Alignment

We first identify functional groups and establish
atom-token alignment to enable FG-aware train-
ing with SMILES strings. Unlike prior approaches
that rely on predefined SMARTS patterns (Li et al.,
2023; Peng et al., 2025), we adopt the Ertl algo-
rithm (Ertl, 2017) via the EFGs framework (Col-
menarejo, 2025) for pattern-free functional group
detection, which identifies FGs from local atomic
environments without relying on predefined pat-
terns.

We then implement a deterministic atom token
alignment module that establishes a one-to-one cor-
respondence between graph atoms and atom tokens
in sequence while explicitly distinguishing struc-
tural tokens. Specifically, given a molecule, we
obtain a SMILES representation and extract the
corresponding atom output order provided by RD-
Kit (RDKit, 2024), which defines the traversal of
atoms in the sequence with respect to the molecular
graph. We then tokenize the SMILES and check
each token sequentially, assigning each token as
either an atom token or a structural token, and map-
ping atom tokens to their corresponding graph atom
indices according to the extracted order.

Based on this alignment, a functional group de-
fined as a set of atom indices can be localized in
the SMILES sequence by identifying all token po-
sitions mapped to those atoms. These positions are
further expanded into a contiguous span by itera-
tively including adjacent structural tokens. This
results in a complete token-level representation
of each functional group, allowing both atom and
structural tokens to be jointly masked during pre-
training.

3.2 FG-aware Pre-training

Leveraging the aligned functional group spans, the
model can be trained with complete FG span mask-
ing. However, applying FG masking alone is in-
sufficient in practice. In our pre-training dataset,
functional groups cover only a small fraction of

Table 1: Summary statistics of the 10M molecules used
for pre-training.

Metric Mean Median Std Min Max
FGs per SMILES 4.74 4.00 2.60 0.00 215
Atoms per FG 1.71 1.00 1.39 1.00 881
SMILES Token Length ~ 43.64 39.00 20.32 4.00 2213

tokens per sequence (median of 4 FGs covering
roughly 4 atoms in a SMILES of length 39 tokens
at median, i.e., about 10% of tokens; see Table 1).
FG-only masking therefore provides limited train-
ing signal and leaves most context tokens unused
as a reconstruction objective. To increase coverage
while preserving substructure-level supervision, we
propose a hybrid masking strategy that combines
complete FG span masking with additional ran-
dom token masking. This design ensures that func-
tional groups are masked as complete substructures,
while random masking covers the remaining con-
text tokens that FG masking alone would leave
untouched.

This process contains of two stages: (i) FGs
are iteratively sampled and span-masked until a
minimum FG coverage ratio is reached, and (ii)
additional tokens are randomly masked until a pre-
defined total masking ratio is satisfied. For long
functional groups, sub-span sampling is further ap-
plied to increase diversity and encourage the model
to learn beyond fixed substructures. We also ex-
clude random token substitution, as it may produce
chemically invalid sequences; all selected tokens
are replaced exclusively with the [MASK] token.
The specific choice of masking ratio is also detailed
in Section 4.1.

3.3 FG-preserving Consistency Learning

The pretrained encoder is fine-tuned on down-
stream MPP tasks using a FG-preserving consis-
tency objective. For each molecule, let A denote
its original SMILES and B a randomized SMILES
variant generated via RDKit’s SMILES enumera-
tion (Bjerrum, 2017). Both A and B are encoded
by the shared encoder, although they describe the
same molecular structure, differences in atom or-
dering yield different token-level representations,
which we leverage to enforce representation con-
sistency.

From these representations, we obtain two types
of embeddings, a global representation via masked
mean pooling over valid tokens, and a FG-level
representation computed by aggregating tokens as-
sociated with the same functional groups. These
representations are then concatenated to construct
the final molecular embedding, which is fed into
a prediction head for the downstream task. To en-
force FG representational invariance, we introduce
a FG-preserving consistency objective that encour-
ages consistent representations of matched func-
tional groups across different SMILES views of the
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Table 2: Performance comparison on MoleculeNet classification benchmarks (ROC-AUC 7). Best results are in

bold, and second-best results are underlined.

Datasets
Methods
BACE BBBP ClinTox Tox21 SIDER HIV MUV
RoBERTa 0.825(-) 0.857(-) 0.928(-) 0.753(-) 0.611(-) 0.700(-) 0.623(-)
MoLFormer 0.828(-) 0.904(-) 0.945(-) 0.773(-) 0.583(-) 0.763(-) 0.760(-)
BROBERG 0.817(0.106)  0.921(0.101)  0.959(0.038) 0.792(0.013) 0.578(0.039) 0.757(0.052) -
FG-BERT 0.845(0.015) 0.702(0.009) 0.832(0.016) 0.784(0.080) 0.640(0.070) 0.774(0.010) 0.753(0.024)
MLM-FG (RoBERTa)  0.850(0.023) 0.897(0.043) 0.904(0.043) 0.838(0.020) 0.658(0.035) 0.800(0.027) 0.584(0.090)
MLM-FG (MoLFormer) 0.853(0.025) 0.893(0.034) 0.835(0.086) 0.850(0.015) 0.650(0.024) 0.801(0.038) 0.604(0.095)
Ours 0.931(0.006) 0.916(0.008) 0.950 (0.016) 0.866(0.010) 0.685(0.006) 0.835(0.023) 0.782(0.028)

same molecule. The overall training objective for
the fine-tuning process is defined as:

L= Etask + Afg'cfg—align (1)

where L, denotes the regular supervision loss
for molecular property prediction task, £ tg_aign
enforces representational consistency between
functional group representations, and A, is a
scalar hyperparameter, set to 0.001 in our experi-
ments, that balances the two objectives. Since two
SMILES representations are encoded per molecule,
Liask 18 computed for both views and summed,
matching the dual-branch task loss shown in Fig-
ure 1(c).

2

1 S(A) 1.(B
Efg—align - @ Z hg ) — hé )H2 (2)
geg*
G ={919€GanGg} 3)

where h = ﬁ, and G 4 and GG g denote the sets
of functional groups detected in the original and
randomized SMILES representations of the same
molecule, respectively. G* is their intersection, i.e.,
the set of functional groups that appear in both
representations. fléA), ﬁ!(]B) denote the normalized
representations of the functional group g in each

representation.

4 Experiments

4.1 Experimental Setups

Datasets. For pre-training, we use 10 million
SMILES sequences randomly sampled from Pub-
chem database (Kim et al., 2019), following the
setup of MLM-FG (Peng et al., 2025). The dataset
is split into training, validation, and test sets at a
ratio of 98:1:1. For downstream molecular prop-
erty prediction task, we conducted extensive exper-
iments on the MoleculeNet benchmark (Wu et al.,

Table 3: Performance comparison on MoleculeNet re-
gression benchmarks (RMSE |). Best results are bold,
and second-best results are underlined.

Datasets

Methods

Esol Freesolv Lipophilicity

RoBERTa 0.491(-) 4.444(-) 0.452(-)

MoLFormer 0.661(-) 4.449(-) 0.446(-)
BROBERG 0.428(0.077)  1.484(0.413)  0.700(0.035)
FG-BERT 0.944(0.025)  1.756(0.175)  0.655(0.009)
MLM-FG (RoBERTa)  0.605(0.068) 1.109(0.208)  0.662(0.032)
MLM-FG (MoLFormer)  0.609(0.053)  1.275(0.374)  0.612(0.014)
Ours 0.589(0.040)  0.964(0.124)  0.549(0.023)

2018), which contains binary classification, multi-
label classification, and regression tasks.
Baselines. We evaluate our method within
a SMILES-based Transformer framework, using
RoBERTa (Liu et al., 2019) as the backbone archi-
tecture due to its strong performance in masked lan-
guage modeling (MLM) and its widespread adop-
tion in molecular representation learning. The
baselines are categorized into two groups: ran-
dom masking models (Broberg et al., 2022; Ross
et al., 2022) and structure-aware models that in-
corporate domain knowledge into the pretraining
objective, including a reaction prediction-based ap-
proach (Broberg et al., 2022) and FG-aware ap-
proaches (Li et al., 2023; Peng et al., 2025).
Masking Ratio. Building on the statistics indi-
cated in Section 3.2 (FG-based masking naturally
covering only about 10% of tokens at the median),
we set the minimum FG coverage to 15% to en-
sure sufficient structural perturbation beyond this
natural baseline, with the remainder contributed by
random masking up to a total of 25%, balancing
reconstruction difficulty with structural integrity.
Parameters and Metrics. To ensure compa-
rability, we closely follow the pre-training con-
figuration of MLM-FG framework (Peng et al.,
2025), while certain configurations are adjusted
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Figure 2: UMAP visualization of SMILES embeddings from pre-trained models under different masking strategies:
(A) MLM-FG, the competing baseline, (B)-(D) FACT variants with different masking configurations, (B) FACT
with FG-only masking at 15% (without random masking), (C) FACT with 10% FG + 5% random masking (reduced
total masking ratio), and (D) FACT, our full configuration. SMILES samples containing a selected functional group

(F'Gx) are highlighted in pink.

due to practical constraints. Pre-training is con-
ducted for 50 epochs using a batch size of 512
and a learning rate of 3e-5 with cosine decay, dis-
tributed across two NVIDIA H200 GPUs with the
AdamW optimizer. SMILES sequences are tok-
enized using the Pytoda library, which is designed
to handle large-scale chemical diversity. The vo-
cabulary size is 576, including special tokens such
as [PAD], [START], [END], and [MASK]. For fine-
tuning, the pre-trained encoder is optimized on
downstream tasks with a lightweight linear pre-
diction head, using a batch size of 32 across six
NVIDIA RTX 3090 GPUs. For evaluation, ROC-
AUC is used for classification tasks and root mean
squared error (RMSE) for regression tasks. The pre-
trained encoder is available on Hugging Face', and
the full training code will be released on Github.

4.2 Results

Classification Tasks. FACT achieves state-of-the-
art performance on five out of seven classification
tasks and competitive performance on the remain-
ing two, with particularly strong gains on BACE
(Table 2). On BBBP and ClinTox, FACT ranks sec-
ond behind BROBERG, which may better capture
global reactivity-related properties relevant to these
tasks. Overall, these results suggest that explicit
atom-token alignment and FG-preserving consis-
tency learning provide consistent improvements
across tasks where substructure-level representa-
tions are critical.

Regression Tasks. On regression tasks, FACT

"https://huggingface.co/Zaeus/FACT

achieves state-of-the-art performance on FreeSolv,
with a substantial improvement over all baselines
(Table 3). However, performance on ESOL and
Lipophilicity remains below the best baselines. We
attribute this to the nature of these tasks: ESOL
and Lipophilicity are strongly influenced by global
molecular properties such as polarity and hydropho-
bicity, which may be better captured by models
that encode broader molecular context rather than
substructure-level supervision. This trade-off be-
tween substructure-level and global supervision is
a direction for future work.

S Analysis

5.1 Representation Analysis

To evaluate whether FACT learns chemically mean-
ingful functional group representations, we visual-
ize SMILES embeddings using UMAP (MclInnes
et al, 2018). We randomly sample 10,000
molecules from the PubChem database and ex-
tract representations from pre-trained models corre-
sponding to four variants: (A) MLM-FG, one of our
competing methods, (B) FACT variant, where only
15% of functional groups detected by the pattern-
free Ertl algorithm are masked, (C) another FACT
variant, where the total masking ratio is reduced to
15%, with 10% FG and 5% random masking, and
(D) FACT. Molecules containing a specific func-
tional group (F'Gx) are highlighted in pink.
Because individual molecules usually contain
multiple FGs (Table 1), we do not expect clear
FG-specific clusters. Instead, we examine whether
molecules sharing the highlighted functional group
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Figure 3: Attribution analysis on MoleculeNet BACE test samples under three prediction scenarios, where the
ground-truth label indicates whether the molecule inhibits BACE-1: (i) FACT only correct (GT = 0), (ii) both
models correct (GT = 1), and (iii) both models incorrect (GT = 1). Attribution scores are computed with respect

to the positive class.

tend to appear in more localized regions of the
embedding space. As shown in Figure 2, FACT
and FACT’s variants show more organized pat-
terns compared to MLM-FG. Among these, (C) ap-
pears more organized than (B), with both gray and
pink molecules forming tighter sub-regions, and
(D) FACT further produces the most concentrated
distribution, suggesting that combining FG-aware
masking with random masking helps the model
better capture FG-related structure.

5.2 Attribution Analysis

To examine whether FACT attends to chemically
relevant substructures during prediction, we apply
Layer Integrated Gradients (Sundararajan et al.,
2017) to models fine-tuned on the BACE dataset,
a binary classification task predicting whether a
molecule inhibits BACE-1, computing model at-
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tribution scores with respect to the positive class
score. Attribution scores are normalized and visual-
ized on the 2D molecular structure and SMILES se-
quence in red, while ground-truth functional groups
are color-coded by type.

To ensure a fair comparison, we analyze attribu-
tion patterns across multiple prediction scenarios
on the MoleculeNet BACE test set. Specifically,
we consider cases where only FACT predicts cor-
rectly (62 samples), where both models predict cor-
rectly (53 samples), and where both models fail (18
samples). From each group, we randomly sample
representative molecules for visualization, labeled
by their ground-truth class (GT). The selected ex-
amples correspond to (i) FACT only correct with
GT = 0, (ii) both correct with GT = 1, and (iii)
both incorrect with GT = 1.

In case (i), where GT = 0, FACT exhibits mini-



mal attribution with respect to the positive class, in-
dicating that it does not rely on spurious signals for
incorrect positive predictions. In case (ii), where
GT = 1, both models assign attribution to the
molecule, but FACT shows stronger alignment with
ground-truth functional groups, suggesting more
chemically meaningful reasoning. In case (iii),
where GT = 1, although both models fail, FACT
still assigns attribution to regions corresponding to
ground-truth functional groups, indicating that it
captures relevant substructures even when the final
prediction is incorrect.

6 Conclusion

In this work, we identified two key limitations
in existing SMILES-based FG-aware pretraining:
the lack of explicit atom—token alignment and the
absence of FG consistency under SMILES non-
uniqueness. To address these, we proposed FACT,
an end-to-end framework that introduces an align-
ment module for complete FG span identification
and an FG-preserving consistency loss for mol-
ceular representational invariance. Experiments
on MoleculeNet benchmarks demonstrate state-of-
the-art or competitive performance, and analyses
confirm that FACT learns chemically meaningful
substructure representations.

Limitations

While FACT demonstrates strong performance
across classification tasks, there remains room
for further improvement and extension. The
atom—token alignment module currently relies on
RDK:it-based SMILES parsing, which may present
challenges for molecules with complex stereochem-
istry or non-standard representations, suggesting
opportunities for more robust alignment strategies.
In addition, the FG-preserving consistency objec-
tive introduces additional computation during fine-
tuning, motivating more efficient learning mecha-
nisms. Furthermore, while our analyses examine
masking variants at the representation level (Fig-
ure 2), a complete downstream-task ablation iso-
lating the contribution of the FG-preserving con-
sistency loss from the alignment-based masking
is left as future work. Finally, extending FACT
beyond MoleculeNet to broader downstream tasks,
including ADMET property prediction, represents
a promising direction for future work.
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