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Abstract

Motivation: Rational molecule generation that balances binding affinity with favorable physicochemical properties
remains a formidable challenge in structure-based drug design. The number of functional groups is a key determinant, as
over-functionalization compromises physicochemical properties, whereas under-functionalization reduces binding affin-
ity. However, current methods are limited in their capacity to incorporate the constraint.

Results: To address this, we present NumMolFormer, a Transformer-based framework designed to explicitly model func-
tional group numbers. NumMolFormer adopts a dual-sequence input strategy, integrated with a numerical embedding
module and a dual-stream differential attention mechanism, allowing molecular structures and functional group numbers
to be encoded separately. This formulation alleviates the inherent limitations of standard Transformer in handling numer-
ical information. In addition, we construct a large-scale dataset of 18 million molecules with functional group annotations
for molecular pre-training, and further fine-tune the model using a combination of self-supervised learning and reinforce-
ment learning under protein pocket constraints. The results demonstrate that NumMolFormer effectively leverages func-
tional group information to generate molecules with improved binding affinity, synthetic accessibility, and drug-likeness
compared to baseline methods.

Availability and implementation: The source code and datasets are available at http://www.github.com/zengzhicun/
nummolformer.

graphs or point clouds (Liu et al. 2022b, Guan et al. 2023b), as
well as sequential models that generate molecules as tokenized

1 Introduction

Structure-based drug design (SBDD) aims to identify high-
quality molecules that bind to protein targets by leveraging
structural information (Ferreira et al. 2015, Van Montfort and
Workman 2017). Conventional SBDD relies on virtual screening
from existing chemical libraries, which cover only a tiny fraction
of the drug-like chemical space, approximately 108 molecules
out of a theoretically estimated 10%°, leaving many potentially
active compounds unexplored (Irwin and Shoichet 2005,
Corsello et al. 2017). To efficiently explore this vast chemical
space, recent advances in deep learning are pivoting SBDD to-
ward generative approaches, enabling the direct design of
novel ligands.

Early deep learning-based generative methods typically fol-
low a bottom-up strategy, constructing ligands at the atomic
level. Representative approaches include geometric models,
which represent protein-ligand complexes as 3D atom-level

SMILES strings (Zhou et al. 2023, Kong et al. 2024). While effec-
tive at modeling local interactions, such atom-centric formula-
tions often lacks global planning over functional substructures,
leading to limited synthetic feasibility.

Consequently, research has increasingly adopted top-down
strategies that utilize functional groups or pharmacophores as
fundamental units, thereby directly incorporating medicinal
chemistry knowledge. Recent works, such as PGMG (Zhu et al.
2023) and TransPharmer (Xie et al. 2025), leverage functional
group spatial information or fingerprints to guide generation. By
applying qualitative constraints on functional groups, these
approaches markedly enhance the drug-likeness of the gener-
ated molecules.

Despite their utility, current functional group-guided
approaches are hindered by a critical oversight: while they iden-
tify necessary chemical moieties, they fail to quantitatively
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constrain the number of each functional group during molecular
design. The lack of precise structural control undermines the
druggability of generated candidates (Mao et al. 2016, Ertl et al.
2020). Indeed, based on the principle of Ligand Efficiency, over-
functionalization often increases synthetic complexity and leads
to suboptimal binding geometries, whereas insufficient substitu-
tion typically results in diminished binding affinity (Hann et al.
2001, Li 2020). Moreover, such precision is vital given the preva-
lence of Activity Cliffs in medicinal chemistry, where minute
structural modifications can trigger disproportionate collapses
in biological activity (Lin and Lu 1997).

Methodologically, although the Transformer architecture has
established itself as the de facto standard for generative tasks, it
suffers from inherent limitations in inductive bias regarding con-
tinuous numerical values and precise counting (Achiam et al.
2023, Dziri et al. 2023). Standard Transformer typically discre-
tizes continuous values into separate tokens. Such tokenization
disrupts the inherent ordinality and metric relationships within
numerical data, consequently impairing the model’s capacity
for numerical reasoning—including tasks like magnitude com-
parison and arithmetic operations (Thawani et al. 2021).

To address the challenges, we propose NumMolFormer, an ex-
plicit functional group number-guided framework for structure-
based drug design. Our approach explicitly represents functional
groups as fine-grained triplets (Type, Number, Position), illus-
trated in Fig. la. This representation explicitly encodes the
quantitative and spatial features required for rational drug
design.

We next redesign the Transformer architecture to mitigate its
limitations in numerical reasoning as shown in Fig. 1b by intro-
ducing a dual-sequence input strategy, which comprises numer-
ical sequences and chemical text sequences, a numerical
embedding module, and a dual-stream differential attention
mechanism. This architecture explicitly injects functional group
numbers information and decouples the quantitative data from
chemical textual semantics, thereby significantly enhancing the
numerical presentation.

To deal with the scarcity of high-quality protein-ligand com-
plex data, we adopt three-stage progressive training strategy as
shown in Fig. 1c. In the first stage, unconditional pre-training is
performed on a large-scale dataset of 18 million molecules to
learn fundamental chemical structures. In the second stage,
fine-tuning is conducted by incorporating pocket information
through cross-attention, using protein features encoded by the
protein language model “Evolutionary Scale Modeling” (ESM2)
(Lin et al. 2022). In the third stage, we employ reinforcement
learning (RL) alignment with Policy Gradient, optimizing the
model via a multi-objective reward function.

Our main contributions are summarized as follows:

1) Quantitative functional group control in SBDD. NumMolFormer
utilizes the number of functional groups as prior information
in drug design based on protein pocket, demonstrating its
ability to generate molecules with high biological activity, syn-
thetic accessibility and druggability.

2) Architectural innovation for numerical reasoning. We propose
a dual-sequence architecture to separately encode molecular
structure and functional-group quantities, along with an

explicit numerical module and a dual-stream differential at-
tention mechanism. This design mitigates the standard
Transformer’s inductive bias toward continuous values,
allowing scalar constraints to be decoupled from chemi-
cal semantics.

Large-scale quantitatively annotated functional group data-
set. We construct a large-scale pre-training dataset of 18 mil-
lion examples annotated with fine-grained (Type, Number,
Position) triplets, providing the model with explicit quantita-
tive prior knowledge to guide the generation process.

«w

2 Materials and methods

2.1 Functional group identification

All molecules were converted to canonical SMILES using RDKit
(Landrum et al. 2013) for unambiguous representation.
Furthermore, functional group features were extracted using
RDKit’s base feature definitions (https://github.com/rdkit/rdkit/
blob/master/Data/BaseFeatures.fdef) to integrate chemical do-
main knowledge, as shown in Fig. 1a.

To ensure data consistency, absent functional groups were
assigned a count of zero, with the placeholder [NONE] retain-
ing their positional information. This padding strategy ensured
strict alignment across all samples and enabled efficient
batch training.

Formally, for a given molecule M, its set of functional groups
is represented as

F= {(Cianfvpf)}iT:l (l)

where ¢; denotes the type of the i-th functional group, n; is its
corresponding number, and p; provides a structured representa-
tion of its positions within the molecule.

Specifically, p; can be expanded as follows:

ki

pi={PY, ... PNy
() 0) ) @

P ={ay’,...,am}
Here, k; denotes the frequency of functional group c¢; within the
molecular graph. Each instance Pff) is defined by a set of m; con-
stituent atoms, where a,(’) specifies the elemental type and
unique positional index of each atom.

2.2 Dual-sequence input strategy

We introduce a text-numerical dual-sequence (Fig. 1a) to sepa-
rate discrete textual semantics from functional group numbers,
constructing an enriched molecular representation based on
extracted features. Specifically, a textual sequence is derived
from predefined templates to structurally encode functional
group types, site indices, and semantic context while preserving
the original SMILES notation. Concurrently, a numerical se-
quence provides strictly aligned numbers corresponding to the
textual components.
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Figure 1 Overview of the NumMolFormer framework. (a) Construction of text-numerical dual-sequences, mapping extracted functional group
features into aligned textual and numerical sequences. (b) Model Architecture. The framework presents a novel Transformer-based architecture built
upon dual-stream differential attention and an Enhanced Numerical Embedding Module (inset). The latter explicitly captures numerical semantics by
decomposing scalars into sign and magnitude components via MLP-based bucketization. (c) Three-stage training pipeline consisting of unconditional
molecular pre-training, pocket-conditional self-supervised learning, and reinforcement learning.

Furthermore, we introduce two special tokens, [NUM] and
[SEP], to differentiate between multiple instances of the same
functional group.

2.3 Model architecture

NumMolFormer constructs a novel numerical embedding mod-
ule and a dual-stream differential attention mechanism to

model numerical semantic information. The overall architecture
is illustrated in Fig. 1b.

2.3.1 Numerical embedding

To better capture functional group numbers as structured sig-
nals, we design an enhanced numerical embedding module that
decomposes each scalar value n; into three complementary
components: (i) a raw numerical injection to preserve the
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original scale, (ii) a discrete sign embedding to represent direc-
tionality, and (iii) a soft magnitude quantization embedding to
encode continuous scales.

Raw numerical injection. To retain the raw numerical informa-
tion, the scalar value n; is broadcast and added to the token em-
bedding ef*:

e;aw — efe’“ +n; (3)

where w; denotes the standard token embedding.
Sign embedding. We further encode the sign of n; as a discrete
categorical feature:

si = sign(n;) € {-1,0, +1} efig” = Embedsig(si)  (4)

where Embedsig, is a learned embedding layer that distinguishes
positive, negative, and zero values.

Soft magnitude quantization embedding. The absolute magni-
tude |n;| is projected through two parallel lightweight feedfor-
ward networks and softly assigned to K learnable bins:

pl = softmax (W (W |ni| +b\) + b)) (5)

i

P = softmax(W oW\ |n| +b\) + b)) (6)

where o is the GELU activation. Let {v\”}f | and {v\’}f
denote two magnitude embedding tables. The final magnitude
embedding is given by:

K K
el(nag _ Zpl(;?)v,(ﬂ) 42 Zplﬁ‘:)vl({r) (7)
k=1 k=1

where 1 is a learnable scaling parameter.

Final numerical embedding. The overall numerical embedding
is the combination of the three channels:
sign + e;‘nag (8)

i

e =e +e

Numerical embedding offers three systematic advantages:
(i) direct embedding of raw values to preserve precision;
(ii) continuity to capture scalar variations; and (iii) explicit
modeling of numerical structure via Sign and Soft Magnitude
Quantization embeddings.

2.3.2. Dual-stream differential attention

We further introduce a dual-stream differential attention mecha-
nism to disentangle text and numerical contributions. Let Eiext €
R:*9 denote the text embedding and Efysion = Etext + Enum repre-
sent the integrated numerical-text embedding. The self-
attention mechanism is then applied in parallel across the
two streams:

HteXt — Attention(Etext7 EteXt, Ete)(t ) (9)
Hfusion — Attention(Efusion7 Efusion7 Efusion) (10)

The incremental effect of numerical features is then isolated
via subtraction:

Hdiff — Hfusion _ Htext (11)

Thereafter, the differential signal is integrated with the fused
embeddings through a residual connection and normalization.

E = Norm(Efusion +Hdiff) (12)

followed by a SwiGLU and normalization transformation.

2.4. Training strategy

At present, high-quality experimental data for protein-ligand com-
plexes are notably limited. The PDBbind dataset (Liu et al. 2017),
currently the most extensive resource, comprises fewer than 20
000 complexes. Even with the inclusion of augmented datasets
generated via docking simulations, such as CrossDocked 2020
(Francoeur et al. 2020), the total volume remains around 100 000
samples—a scale insufficient for training robust machine learning
models from scratch. To circumvent this data scarcity, we employ
a pre-training and fine-tuning strategy.

2.4.1. Unconditional molecular pretraining

The objective of this stage is not to generate molecules with
target-specific bioactivity, but to capture the implicit molecular
syntax. Through this approach, we embed the chemical knowl-
edge from vast unlabeled datasets into the model.

To enable our dual-channel autoregressive model to capture
both functional group and molecular sequence information, as
well as the functional group numbers, we employ a composite
loss function. The loss jointly predicts the next textual token in
the sequence and the numerical value representing functional
group numbers. Formally, let i, denote the predicted token
sequence, Sy the ground-truth token sequence, S,.m the
predicted numerical sequence, and sy, the ground-truth nu-
merical sequence. The loss is defined as:

E(’s\y S) = CE(/s\tok :stok) + MSE(gnum7 snum) (13)

where CE(-) denotes the cross-entropy loss and MSE(-) denotes
the mean squared error loss.

2.4.2. Self-supervised fine-tuning on protein
pocket conditions

The pretraining stage enables the model to acquire a semantic
understanding of fundamental chemical principles, but it lacks
targeted knowledge of protein-ligand interaction features nec-
essary for structure-based drug design. To bridge the gap be-
tween unconditional molecule generation and structure-aware
specific generation, we introduce a fine-tuning stage.

At this stage, we keep the ESM2 (650M) model (Lin et al. 2022)
frozen to extract semantically meaningful representations from
the protein sequences, which are subsequently encoded into
feature embeddings. These protein embeddings are then
incorporated into the model’s embedding layer through a cross-
attention mechanism, enabling the network to effectively cap-
ture contextual interactions between the protein environment
and the molecular representations. Finally, the combined em-
bedding layer is optimized under the autoregressive training
framework as formulated in Equation (13).
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2.4.3. Reinforcement learning fine-tuning

Following self-supervised fine-tuning, a Policy Gradient method
is employed to optimize the resulting policy my (Ziegler et al.
2019), thereby enhancing generation diversity and steering the
molecular generation process. This approach balances the ex-
ploration of chemical space with semantic consistency by mini-
mizing the divergence from a reward-adjusted prior. The
objective function is defined as:

£(0) = Bsom, [(log Toror(S) + 6R(S) - lognH(S))z} (14)

where myior Serves as a frozen semantic anchor to prevent policy
collapse, and o regulates the trade-off between retaining prior
knowledge and maximizing rewards.

Reward function design. The reward function R(S) integrates
docking affinity, drug-likeness (QED), and synthetic accessibility
(SA) using a weighted sum:

R(S) = Wdock * f(sdock7 bdock) + qud' (15)
f(QED, bged) + Wsa - f(SA, bsa)

Weights are set to Wqock = 0.4, Wged = 0.3, and ws, = 0.3. Each
metric is normalized via a sigmoid function f(x,b)=
[1+exp(—k(x-b))]"* with a scaling factor k= 10. Empirical
thresholds are set as bgock = — 3.0, bged = 0.2, and b, = 0.5.

3. Results

This section presents the results for unconditional and protein-
aware molecule generation. Training configurations, hyperpara-
meters, and extended studies for each task are detailed in the
Supplementary Data.

3.1. Unconditional drug design

3.1.1. Dataset

We acquired approximately 18 million raw molecular structures
in SMILES format from Uni-Mol (Zhou et al. 2023). The functional
groups of these molecules were annotated according to the ex-
traction workflow detailed in Section 2.1.

The 18 million-molecule dataset was randomly split into train-
ing, validation, and test sets with a ratio of 0.9996:0.0002:0.0002.
For performance evaluation, we specifically utilized the first
2,048 molecules from the test set (Vaswani et al. 2017).

3.1.2. Baselines

To the best of our knowledge, no current molecule generation
method explicitly integrates functional group numbers informa-
tion to enable precise quantitative control. To evaluate this ca-
pability, we assess several general-purpose large language
models—including GPT-4.1 (Fachada et al. 2025), DeepSeek-v3.1
(Liu et al. 2024), and Grok-4 (Adinath and Is 2025). As a baseline,
we also train a Transformer model (Touvron et al. 2023) of
comparable scale on the exact same dataset used for
NumMolFormer. Additional training details are provided in
Supplementary Data.

Since the transformer architecture cannot directly handle
parallel sequences, we reconstructed the input sequences to pre-
serve functional group numbers, as illustrated in Supplementary
Data.

3.1.3. Molecule quality evaluation

We adopt widely used metrics to evaluate the quality of gener-
ated molecules. Specifically, Validity measures the proportion of
generated SMILES strings corresponding to chemically valid
molecules. Uniqueness quantifies the fraction of distinct mole-
cules, while Novelty indicates the proportion of molecules not
present in the training set. Lipinski (Lipinski et al. 1997) reports
the fraction of molecules satisfying all five of Lipinski’s rules for
drug-likeness. Additionally, QED (Quantitative Estimate of Drug-
likeness) (Bickerton et al. 2012) evaluates overall drug-likeness
on a continuous scale, and SA (Synthetic Accessibility) (Ertl and
Schuffenhauer 2009) measures the ease of chemical synthesis.

As shown in Table 1, NumMolFormer demonstrates superior
performance in generating diverse and highly drug-like mole-
cules. It achieves scores in Uniqueness and Novelty (1.000), indi-
cating robust exploratory capabilities. Critically, our method
outperforms both general large language models (e.g. GPT-4.1,
DeepSeek-v3.1) and the task-specific trained Transformer in key
pharmaceutical metrics, securing the highest scores in Lipinski
compliance (0.938) and QED (0.644).

3.1.4. Functional group constraint evaluation

To quantitatively evaluate the model’s compliance with func-
tional group constraints, we adopted three metrics. First, the
Mean Squared Error (MSE) was computed between the target
and generated molecules based on the distribution of 27 func-
tional group numbers. Second, the Exact Match Rate (EMR) was
defined as the proportion of molecules that fully satisfy all given
constraints. Third, the Fuzzy Match Rate (FMR) measured the
fraction of molecules whose functional group numbers fell
within a deviation of +3 from the targets.

As presented in Table 1, our model exhibits stronger control-
lability, successfully generating molecules under both strict and
relaxed constraints, and significantly outperforms existing base-
lines. Furthermore, it is noteworthy that while DeepSeek-v3.1
achieves high pharmaceutical metrics, it exhibits poor adher-
ence to functional group constraints, failing to generate mole-
cules aligned with specified conditions.

3.2. Pocket-aware drug design

3.2.1. Dataset

Following previous works (Peng et al. 2022, Guan et al. 2023b),
we select 100 protein pockets from CrossDocked 2020
(Francoeur et al. 2020), leading to 100 000 pairs of pocket-ligand
complexes for training, with 100 novel complexes as references
for evaluation.

3.2.2. Baselines

We compare NumMolFormer against various baselines for
pocket-aware molecule generation, including AR (Luo et al.
2021), CVAE (Masuda et al. 2020), GraphBP (Liu et al. 2022a),
Pocket2Mol (Peng et al. 2022), TargetDiff (Guan et al. 2023a),
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DecompDiff (Guan et al. 2023b), DrugGPS (Zhang and Liu 2023),
and FLAG (Zhang et al. 2023).

3.2.3. Setup

In alignment with previous works (Peng et al. 2022), we evalu-
ated 100 molecules generated for each protein pocket, resulting
in a total of 10 000 complex pairs for analysis.

We evaluate the performance across multiple dimensions
using several metrics, including Vina Score (binding affinity),
QED (drug-likeness), SA (Synthetic Accessibility), Success
Rate [the proportion of molecules satisfying Vina Dock < —8.18,
QED>0.25, and SA>0.59 (Guan et al. 2023b)], Lip (Lipinski’s
Rule of Five), and Div (Diversity) computed as the average pair-
wise Tanimoto distances.

3.2.4. Generated molecule evaluation

As shown in Table 2 and Fig. 2, molecules generated by
NumMolFormer outperform baseline models on most metrics,
particularly in QED, SA, and Success Rate. Remarkably,
NumMolFormer even exceeds the dataset reference values
across all metrics.

The substantial boost in success rate demonstrates that in-
corporating functional-group triples—specifically quantitative
data—effectively balances binding affinity with physicochemical
properties, enabling the design of potent molecules with supe-
rior drug-likeness and synthesizability.

3.2.5. Functional group analysis

Distribution consistency. As shown in Fig. 3a, our method demon-
strates superior fidelity in capturing the distribution of the six
primary functional groups. While baseline models like CVAE and
TargetDiff exhibit significant distributional discrepancies—either
underestimating common moieties (e.g. Phenyl) or failing to bal-
ance complex polar groups, our approach maintains the closest
alignment with the reference, a superiority quantified by an MSE
of 0.0082, which marks a significant improvement over
TargetDiff (0.0118) and AR (0.0134).

Quantitative performance. Additionally, the average number
per molecule for each functional group (Fig. 3b) further indicates
that our model accurately learns the numerical distribution of
chemical fragments, achieving an MSE of 0.0094, thereby
reflecting a more realistic structural composition.

Table 1 The table compares existing large language models (GPT-4.1, Grok-4, DeepSeek-v3.1), Transformer retrained on our dataset, and

NumMolFormer.

Metrics Large Language Models Trained Our
GPT-4.1 Grok-4 DeepSeek-v3.1 Transformer

General properties
Validity (1) 0.612 0.080 0.954 0.347 0.738
Uniqueness (1) 0.981 0.998 0.884 0.994 1.000
Novelty (T) 0.980 0.998 0.985 0.998 1.000
Lipinski () 0.514 0.750 0.812 0.923 0.938
QED (1) 0.590 0.539 0.628 0.631 0.644
SA (1) 0.794 0.747 0.882 0.763 0.800

Functional group match
Mean Squared Error (]) 0.553 0.412 0.519 0.290 0.121
Exact Match Rate (7) 0.006 0.000 0.005 0.106 0.362
Fuzzy Match Rate (1) 0.217 0.187 0.208 0.361 0.814

Metrics with an upward arrow (1) indicate higher values are better, while metrics with a downward arrow () indicate lower values are better. For each metric,

the best result is highlighted in bold.

Table 2 Performance of NumMolFormer and baselines on pocket-aware drug design.

Methods Vina Score (]) QED (1) SA (1) Success Rate (1) Lip (1) Div (1)
Reference -7.45 0.48 0.73 25.0% 4.25 -
AR -6.75 0.51 0.63 7.1% 4,79 0.70
CVAE -6.11 0.39 0.59 4.1% 4.03 0.65
GraphBP —4.80 0.43 0.49 0.1% 4.45 0.79
Pocket2Mol -7.15 0.56 0.74 24.4% 4.89 0.69
TargetDiff -7.80 0.48 0.58 10.5% 4.49 0.72
DecompDiff —8.39 0.45 0.61 24.5% 4.40 0.68
DrugGPS -7.27 0.62 0.74 - 4.92 0.68
FLAG -6.96 0.55 0.74 - 4.87 0.70
NumMolFormer -7.84 0.65 0.76 38.35% 4,93 0.90

(1)/(1) denotes that a higher/lower value is better. The best result in each column is bolded.
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4, Conclusion

NumMolFormer represents the first approach to explicitly guide
structure-based molecule generation by incorporating the num-
ber of functional groups. It introduces a novel architecture that
addresses the inherent limitations of Transformer in handling
numerical data, thereby enabling effective encoding of func-
tional group type, position, and number. As a result,
NumMolFormer promotes the discovery of molecules with sub-
stantially enhanced drug-likeness, synthetic accessibility, and
bioactivity. Although currently restricted to a predefined set of
functional groups and in need of further large-scale validation,
this work lays an important foundation for more precise and
controllable molecular design.
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