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Abstract

Molecular representation plays a central role in computa-
tional drug discovery. Pharmacophores, functional groups re-
sponsible for molecular bioactivity, have been widely stud-
ied in cheminformatics. However, their incorporation into
molecular representation learning, particularly in a context
reasoning or generalization, remains relatively limited. To
address this gap, we propose PharmaQA, a pharmacophore
oriented question answering framework that formulates tai-
lored prompts to extract context-aware molecular semantics.
Rather than encoding pharmacophore features, PharmaQA
learns to answer pharmacophore related queries. This de-
sign enables flexible reasoning across diverse tasks, includ-
ing molecular property prediction, compound-target interac-
tion prediction, and binding affinity estimation. Experimental
results on benchmark datasets demonstrate that PharmaQA
achieves competitive performance. In a ligand discovery case
study using FDA-approved compounds, the framework iden-
tified potential inhibitors for three therapeutic targets, with
strong docking performance. As a generalizable and modu-
lar solution, PharmaQA incorporates pharmacophoric knowl-
edge into molecular embeddings, enhancing both predictive
accuracy and interpretability in drug discovery applications.

Introduction

Effective molecular representation is essential for drug dis-
covery, where predictive performance relies on capturing
both structural and functional information. Traditional ma-
chine learning models relied on handcrafted descriptors
or fingerprints, which limited scalability and adaptabil-
ity (Dong et al. 2018; Butler et al. 2018). Deep learning tech-
niques, including convolutional, recurrent, and graph neu-
ral networks (CNN, RNN and GNNs) have enabled auto-
mated feature extraction from SMILES strings and molecu-
lar graphs (Xu et al. 2017; Gilmer et al. 2017; Li et al. 2023),
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yet often struggle to capture long range dependencies and
functional semantics essential to molecular bioactivity (You
et al. 2020; Sun, Dai, and Yu 2022). Although recent pre-
training strategies have improved generalization (You et al.
2020, 2021; Hu et al. 2020), these models still lack mecha-
nisms to integrate structured domain knowledge into molec-
ular embeddings that are sensitive to context.

Meanwhile, identifying molecules with specific pharma-
cological properties remains a central challenge in drug dis-
covery, mainly due to the high costs and time-consuming na-
ture of experimental screening (Dickson and Gagnon 2004;
Mullard 2014). Pharmacophores, spatially arranged func-
tional groups responsible for molecular bioactivity, offer a
powerful abstraction to capture molecular interactions with
biological targets (Jiang et al. 2023a). They have long played
a central role in ligand based virtual screening and pharma-
cophore modeling (Yu et al. 2025; Li et al. 2022; Zhu et al.
2023). While recent studies have begun to incorporate phar-
macophoric information into molecular modeling, these ap-
proaches often rely on static encodings or predefined phar-
macophore graphs, which limit their ability to model con-
textual and task-specific semantics (Jiang et al. 2023b). As
a result, existing methods may fall short in expressiveness,
interpretability, and generalization, particularly in multiple
property learning or unseen target binding scenarios.

Recent advances in Question-Answering (QA) methods,
especially those enabled by large language models, demon-
strate that structured prompting can elicit rich, context-
sensitive representations across diverse domains (Liu et al.
2025; Park et al. 2024; Li et al. 2024; Zhong et al. 2022).
These approaches offer a modular mechanism for inject-
ing external knowledge and supporting semantic reasoning,
moving beyond static, manually designed features. Inspired
by this, we reinterpret molecular representation learning as
a pharmacophore-centric QA task: the model is prompted
with domain-specific questions about functional groups that
underlie molecular bioactivity.



To realize this idea we propose PharmaQA, a
pharmacophore-oriented question answering frame-
work that formulates structured prompts to extract semantic,
context-aware molecular features (Figure 1). Firstly, we
construct a set of 27 natural language questions and ex-
planatory descriptions targeting common pharmacophoric
substructures, identified via SMARTS patterns in RDKit.
These prompts capture the spatial and functional roles of
key molecular motifs, serving as semantic queries to guide
molecular interpretation.

To integrate semantic signals with structural informa-
tion, we introduce a multi-path knowledge guided atten-
tion mechanism that jointly encodes pharmacophore-centric
questions, descriptive knowledge, and molecular graph fea-
tures. Each question is processed in parallel with its asso-
ciated substructure and chemical context through dedicated
attention branches, enabling alignment between function
and structure. The resulting fused representation serves dual
roles: it is used both to answer the pharmacophore query and
to act as a semantic prompt injected into downstream molec-
ular embedding modules. This design allows PharmaQA
to encode task-specific functional knowledge into molecu-
lar representations in a contextual and adaptive manner. We
evaluate PharmaQA across multiple public benchmarks in-
volving classification, regression, and compound-target in-
teraction and affinity prediction. Our method consistently
outperforms state-of-the-art baselines. Furthermore, in ret-
rospective validation, our model prioritized FDA-approved
compounds with high overlap to literature reported actives
(e.g., 13/20 for FGFR1), while docking studies further iden-
tified novel candidates with strong binding potential. Our
contributions are summarized as follows:

* We propose PharmaQA, a pharmacophore-oriented QA
framework for interpretable molecular representation.

¢ We design a multi-path knowledge guided attention mod-
ule that integrates semantic prompts with graph structure.

* We validate our approach across multiple tasks, demon-
strating improved performance over baselines.

Related Work

Molecular Representation Learning. Molecular repre-
sentation methods typically model molecules as graphs com-
posed of atoms and bonds. MoleBERT (Xia et al. 2023)
introduces a triplet masked contrastive learning strategy to
capture both local and global structure. Recent multimodal
approaches, such as MoleculeSTM (Liu et al. 2023) and
SPMM (Chang and Ye 2024), enhance representations by in-
tegrating textual or biochemical property features, but often
lack structured domain knowledge such as pharmacophores.
Knowledge guided models like KPGT (Li et al. 2023) in-
corporate knowledge nodes and use the LineGraphTrans-
former to improve structural encoding. PharmHGT (Jiang
et al. 2023a) introduces pharmacophore constraints but re-
lies on static representations. These limitations highlight the
need for a more flexible and contextual paradigm, motivat-
ing our pharmacophore-oriented QA approach.
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Proposed Framework: PharmaQA
Molecular Representation

We construct an augmented molecular graph Gy
(Vaug> Eaug) by abstracting each bond as a node con-
nected to its two atoms, and adding virtual edges between
bond nodes sharing an atom, following line graph construc-
tion (Chen et al. 2024; Li et al. 2023). This formulation
enriches interaction path representation and bond context.
To embed G4, we adopt a LineGraphTransformer encoder
that integrates multi-head self attention with structural pri-
ors. Node features are initialized using atom and bond level
attributes extracted via RDKit. In addition, two structural
bias matrices are introduced into the attention computation:
a path adjacency matrix AP capturing topological proximity,
and a distance matrix A¢ reflecting interatomic distances (Li
et al. 2023). At each layer [, the hidden states H() ¢ R"*¢
are updated as:

e (E Wl Wi
Vid
H®Y = Residual( H™Y A(H Y Wy)),

+ AP + Ad> ,
(1

where Wg, Wi, Wy, € R?*4s are learnable projection
matrices, ¢ is the softmax function, and Residual(-) in-
cludes normalization and skip connections. The final node
level representation H; = H L) serves as the graph em-
bedding input for downstream pharmacophore reasoning.

Question Representation

To capture pharmacophore level semantics, we define
a set of P natural language question—description pairs
{(q1,d1), - ,(gp,dp)}, each targeting a specific pharma-
cophoric substructure. These pairs are encoded using Pub-
MedBERT (Gu et al. 2021), a domain-specific pretrained
language model tailored for biomedical semantics. Given to-
kenized question g; and description d; with lengths [, and
l4, their contextual embeddings are computed as:

H, = PubMedBERT (), =z € {g;,d;}, 2)

where H, is the contextual embedding of question g; or de-
scription d; with dimension d;. Each question—description
pair serves as a semantic embedding prior knowledge of
pharmacophores, contributing to a contextual representation
that supports functional reasoning.

Pharmacophore Knowledge Alignment

Inspired by VTQA (Chen and Wu 2024), which introduces
external descriptive text to enhance cross modal reason-
ing, we integrate pharmacophore question and description
embeddings with molecular graph features using a multi-
path knowledge guided attention module. To enhance struc-
tural grounding during pharmacophore alignment, the em-
bedding of the SMILES is incorporated into the embeddings
of each description input. These SMILES-augmented em-
beddings serve as guidance, enabling the model to better
associate functional descriptions with relevant atomic re-
gions in the molecular graph. For notational simplicity, we
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Figure 1: Overall architecture of PharmaQA. A Molecular graph and pharmacophore related questions are encoded. B Multi-
path knowledge guided bilinear attention aligns graph—text modalities. C-D Answer prediction and prompt aggregation. E

Prediction across downstream tasks.

also denote the fused representation as H, in our formula-
tion. For each pharmacophore query ¢ = 1, ..., P, we com-
pute three attention maps: G;¢ € R"*!a (graph-question),
Gvé e R™*la (graph-description), and G¥* € Rla*la
(question-description), as follows:

.
ull

GV = ¢>((1 YTy & o(HeU;) - o(Hy, Vi) T)
G =¢(1-u'")0o(HGU;)  o(Hg,W;)"),

G =6 ((1-ul") 0 o(Hy Vi) - o(Ha W) ).

3)

u

where 1 € R" is an all one vector, ¢ is the softmax function,
o is the ReLU activation, and ® denotes elementwise multi-
plication. Matrices U;, V;, W, and vectors u; are learnable
parameters. Next, we use the attention maps to derive joint
embeddings for each pharmacophore query i, capturing in-
teractions between molecular structure, query, and descrip-
tive knowledge. For each attention type p € {vq, vd, qd} and
channel kK = 1,..., K, we compute the bilinear interaction
embedding as:

[E = o(HaU,), G} 0(Hg, Vi),
[Pt =o(HaUy), G o(Hg,W;)i, “
i = 0(Hg Vi) GI* o(Ha,Wi),
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we then concatenate the K dimensional outputs across all
channels:

=10 5)

To generate a compact representation from each interac-
tion branch, we apply a bilinear pooling operation followed
by sum pooling with stride s. This compresses the K dimen-
sional vectors into lower dimensional embeddings. To cap-
ture diverse relational patterns, we use a multi-head strat-
egy, aggregating M separate heads for each attention type
p € {vq,vd, qd}. The output for each attention type is de-
fined as:

M
p_ P
z; = E o SumPool,,, (f/, s),

where SumPool,, (-, s) denotes sum pooling on the m-th
head with stride s, and zf e RE/s, Finally, we obtain the
integrated representation for the ¢-th pharmacophore query
by summing the three pooled vectors:

P
10

p € {vq, vd, qd}.

p € {vq,vd,qd}, (6)

d
zi =24 200+ 21

(7

The resulting embedding z; integrates graph and textual
semantics for the ¢-th pharmacophore query, serving as a se-
mantic prompt for downstream tasks. Despite lacking ex-
plicit labels, the attention maps enable alignment between
functional queries and molecular substructures in a differen-
tiable manner.



Prompt Based Prediction

To effectively leverage the functional group hierarchy, we
first group these P pharmacophore types into 8 categories
(e.g., Donors, Acceptors, etc.) by applying the Substruc-
ture Fusion Module (SFM), implemented as an Multi-Layer
Perceptron (MLP), to fuse embeddings within each group.
Subsequently, the resulting 8 group level embeddings are
further integrated using the Pharmacophore Fusion Module
(PFM), which is also designed as an MLP, to obtain a holistic
pharmacophore-aware molecular representation. This repre-
sentation, concatenated with the graph encoding, is used for
final classification or regression prediction. Specifically, we
obtain the final prompt vector z:

z = PFM(SFM(z4,---,2p)), 8)

each z; can be viewed as the model’s answer to the
pharmacophore-related question gq; posed about the input
molecule, representing how strongly the molecule exhibits
the queried functional characteristic. The learned embed-
dings encode the molecular response to the query in a con-
tinuous vector space. In downstream tasks, we integrate this
semantic prompt z with molecular embeddings obtained
from a secondary encoder, denoted as H, ’g = Encoder’(G).
This produces a unified embedding for final prediction:

§ = MLP(concat(z, Hf)), 9)

where concat(-) denotes vector concatenation. This de-
sign allows PharmaQA to inject functional knowledge into
molecular representations in a flexible and modular fash-
ion. To formalize the answer in our QA framework, each
pharmacophore-aware embedding z; is additionally passed
through an Answering Inference Predictor (AIP), a regres-
sion head that outputs a score 7; corresponding to the
presence or strength of the pharmacophore feature in the
molecule:

7 = AIP(z;). (10)

During training, the AIP outputs are supervised by ground
truth scores r; obtained via substructure matching with RD-
Kit, which enforces interpretable and biologically meaning-
ful predictions. This pharmacophore answering loss encour-
ages each z; to capture specific functional group information
beyond the aggregated molecular embedding, as described
in the Model Training section.

Model Training

PharmaQA is trained using a composite loss function that
balances three objectives: task-specific prediction, pharma-
cophore QA, and structural alignment.

Task Prediction Loss. We denote the task loss as Ly,
which varies depending on the task type. For the classifi-
cation task, the Binary Cross Entropy (BCE) loss function
is adopted, which is suitable for handling binary or multi-
label classification problems. For regression tasks, we adopt
Mean Squared Error (MSE) loss.

Pharmacophore Answering Loss. To enhance the
model’s ability to reason over pharmacophoric prompts,
we introduce an auxiliary loss Ly, that supervises the

AIP outputs 77,

%

which estimate the answers for each
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pharmacophore-aware embedding z] of molecule j. The
ground truth scores r] are obtained by applying RD-
Kit pharmacophore substructure matching to identify
pharmacophore-related nodes in the molecule and aggregat-
ing presence and count information over the matched re-
gions. The loss is computed as the mean squared error be-
tween predictions and ground truth:

1 L1 <
_ RIS
Lph—N;:l:ﬁE:l(ﬁ—n%

where N is the number of molecules and P is the number of
pharmacophore queries.

Structural Alignment Loss. To improve interpretability
and localize pharmacophore-relevant substructures, we pro-
pose an alignment loss L,jign based on attention maps. For
each molecule, we define a binary matrix OU) e R"*P
indicating whether node & belongs to functional group <.
We derive predicted node-level response by aggregating G'; |
across the question dimension, yielding v; € R™ per query.
Stacking all P outputs gives predicted OU) € Rm*F:

N
L low — oW
Zl nP H

Y

1

Lalign = N (12)

2
» .

This loss encourages consistency between predicted at-
tention scores and known functional substructures, acting
as a supervision signal for the alignment between pharma-
cophore prompts and molecular regions.

Total Loss. The full training objective is a weighted com-
bination of the three components:

L= Lp + Oszh + ﬂLaligna (13)

where « and (3 are hyperparameters that control the trade-off
among prediction, reasoning, and alignment objectives.

Experiments
Datasets

To comprehensively evaluate the effectiveness of Phar-
maQA, we employ several benchmark datasets spanning
multiple drug discovery tasks. For molecular property pre-
diction, we use the MoleculeNet dataset (Wu et al. 2018),
which includes six classification tasks and three regression
tasks. Following (Li et al. 2023), molecules are split using
scaffold splitting to ensure structural diversity between train-
ing, validation, and test sets. To assess compound-target
interaction prediction, we adopt two datasets curated from
BindingDB by PMF-CPI (Song et al. 2023): a classifica-
tion dataset with binary interaction labels, and a regression
dataset with experimentally measured binding affinities. We
follow their default data splitting protocol to construct the
training and test sets. For ligand affinity prediction, we eval-
uate on three ligand datasets: FGFR1 and HPK1 from (Li
et al. 2023), representing kinase targets, and VIM-1 from
BindingDB, a comprehensive protein-ligand binding affin-
ity database.



Methods BACE 1 BBBP 1 ClinTox 1 SIDER 1 Tox21 1 ToxCast 1 AVE 1
GROVER 0.840+0.030 0.887+0.006 0.874+0.048 0.638+0.005 0.838+0.017 0.696+0.014 0.796
GraphLoG 0.830+0.014 0.846+0.008 0.667+0.021 0.615+0.013 0.796+0.025 0.677£0.019 0.739
MolICLR 0.796+0.057 0.91440.015 0.869+0.048 0.615+0.018 0.773£0.038 0.622+0.010 0.765
MoleBERT 0.843+0.031 0.851+0.022 0.797+0.074 0.615+0.010 0.832+0.021 0.720£0.009 0.776
KPGT 0.855+0.011 0.908+0.010 0.946+0.022 0.649+0.009 0.848+0.013 0.746%0.002 0.825
MoleculeSTM 0.812+0.008 0.880+0.013 0.875+0.031 0.615+0.018 0.813£0.023 0.730£0.013 0.788
SPMM 0.834+0.016 0.91440.015 0.897+0.014 0.620+0.010 0.821£0.020 0.708+0.011 0.799
MolTailor - 0.857+0.034 0.846+0.048 - 0.790+0.026 - -

PharmaQA 0.880+0.011 0.936x0.016 0.970%0.008 0.667+0.017 0.850%0.010 0.746%0.008 0.842

Table 1: AUC performance on MoleculeNet classification datasets (mean =+ std).

Experimental Setup

Implementation Details. We employ pretrained encoders
with selective finetuning, balancing efficiency and perfor-
mance. To ensure fair comparisons with baseline methods,
we follow the same data splitting protocols and evaluation
settings as established in previous works (Li et al. 2023;
Song et al. 2023). For most experiments, each setting is re-
peated three times with different random seeds, reporting the
mean and standard deviation to demonstrate result stability.
However, for the BindingDB experiments, we conduct a sin-
gle run to align with the original evaluation protocol.

All experiments conducted in this study are executed uti-
lizing the PyTorch deep learning framework, leveraging a
single GPU which is NVIDIA GeForce RTX 4090. The
training process is designed with 50 epochs, with an early
stopping criterion of 20 epochs to prevent overfitting. The
batch size is set to 12. In the AIP, SFM and PFM, each
of these components adopts a two-layer architecture with
GELU activation. In the multi-path knowledge guided bi-
linear attention module, we set the parameter head M to 2,
the stride s to 3. The hidden layer dimension is 768 and the
parameters « and 3 are both set to 0.1.

Pharmacophore  Question-Description  Generation.
The ChatGPT-40 is used to generate natural language
question—description pairs for each of the P = 27 phar-
macophore types, based on domain-specific SMARTS
definitions extracted from RDKit. These pairs are further
grouped into 8 pharmacophore categories (e.g., Donors, Ac-
ceptors), covering the major types of molecular interactions.

Evaluation Metrics. We adopt task-specific evaluation
metrics tailored to each dataset. For the moleculeNet dataset,
we follow the evaluation protocol of (Li et al. 2023), us-
ing the Area Under ROC Curve (AUC) for classification
datasets, and Root Mean Square Error (RMSE) for regres-
sion datasets. For the BindingDB dataset, we follow the
setup in (Song et al. 2023), using AUC and Area Under
the Precision-Recall curve (AUPR) for classification, and
mean squared error (MSE) as well as Pearson correlation
for regression. For the ligand prediction dataset, we evaluate
the predicted binding affinities using Pearson and Spearman
correlation coefficients, consistent with prior studies (Li
et al. 2023). These metrics together enable a comprehen-
sive assessment of both classification performance and re-
gression accuracy.
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Evaluation of Molecule Property Prediction

We conducted a comprehensive evaluation of PharmaQA
on MoleculeNet benchmark (Wu et al. 2018), which in-
cludes six classification and three regression datasets. Our
baselines cover two categories: (1) molecular graph pre-
training methods, including GraphLoG (Xu et al. 2021),
GROVER (Rong et al. 2020), MolCLR (Wang et al. 2022),
MoleBERT (Xia et al. 2023) and KPGT (Li et al. 2023);
(2) multimodal approaches such as MoleculeSTM (Liu et al.
2023), SPMM (Chang and Ye 2024), and MolTailor (Guo
et al. 2024), which leverage multiple modalities for en-
hanced molecular representation learning. To ensure fair
comparison, we reproduced baseline results under identi-
cal experimental settings. For GraphLoG and GROVER, we
adopted the results from (Li et al. 2023), where experiments
were conducted with settings consistent with ours.

As shown in Table 1 and Table 2, PharmaQA consistently
achieves the best performance across all molecular property
prediction tasks, attaining the highest average AUC in classi-
fication and the lowest average RMSE in regression among
the compared methods. While the AUC improvement over
KPGT is modest (1.7%), the RMSE reduction is more no-
table (13.6%), reflecting stronger predictive accuracy. These
results indicate that PharmaQA effectively leverages phar-
macophore questions and textual description information to
capture complex molecular relationships, leading to stable
improvements in predictive performance.

Methods Lipo | Esol | Freesolv| AVE |
GROVER 0.752+0.010 0.928+0.027 2.991+1.052 1.557
GraphLoG 1.104+0.024 2.335+£0.073 4.174+1.077 2.538
MolCLR 0.729+0.052 1.249+0.082 2.741+0.408 1.573
MoleBERT 0.690+0.023 1.185+0.083 2.801+0.602 1.559
KPGT 0.600+£0.010 0.803+0.008 2.121+0.837 1.175
MoleculeSTM 0.706+0.032 1.161+£0.078 3.244+0.634 1.704
SPMM 0.690+0.029 0.872+0.054 2.131+0.790 1.231
Mol Tailor 0.859+0.021 0.982+0.040 2.645+0.590 1.495
PharmaQA  0.598%0.026 0.794+0.047 1.726+0.521 1.039

Table 2: RMSE performance on MoleculeNet regression
datasets (mean = std).
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Figure 2: Performance Comparison on the BindingDB Clas-
sification Dataset (AUC, AUPR).

Evaluation of Compound-Target Interaction and
Affinity Prediction

We evaluate PharmaQA on the BindingDB classification
and regression benchmarks. Baseline results are adopted
from the PMF-CPI benchmark (Song et al. 2023), which
includes several state-of-the-art models. As shown in Fig-
ure 2, PharmaQA achieves the best performance on the
BindingDB classification task with an AUC of 0.992 and
AUPR of 0.992, outperforming all baseline methods, includ-
ing recent advanced models such as PMF-CPI (AUC 0.990,
AUPR 0.990). This demonstrates the strong capability of
PharmaQA in capturing discriminative interactions between
compound and protein representations. For the BindingDB
regression task (Figure 3), PharmaQA again surpasses all
competitors, achieving the lowest MSE (0.465) and the
highest Pearson correlation coefficient (0.887), highlight-
ing the effectiveness of PharmaQA’s reasoning ability over
continuous binding affinity values. These results demon-
strate that incorporating pharmacophore derived prompts
improves performance in both classification and regression
tasks on BindingDB, leading to a more accurate modeling of
compound—target interactions.
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Figure 3: Performance Comparison on the BindingDB Re-
gression Dataset (MSE, Pearson).

Evaluation of Binding Affinity Prediction on Key
Ligand Datasets

To validate the representation capability of our model on
important target molecules, we conducted an experiment in
which we trained our model on binding affinity datasets
for three key targets:FGFR1, HPK1 and VIM-1. Fibrob-
last growth factor receptor 1 (FGFR1) is a transmem-
brane receptor tyrosine kinase that is often overexpressed
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Figure 4: Affinity prediction comparison between Phar-
maQA and KPGT on three ligand datasets (Spearman, Pear-
son).

or mutated in various diseases, including myeloprolifera-
tive syndromes and multiple cancers (Acevedo et al. 2007).
Hematopoietic progenitor kinase 1 (HPK1) plays a criti-
cal role in the negative regulation of immune functions (Si
et al. 2020). Lastly, Verona integron-encoded metallo-3-
lactamase 1 (VIM-1) is capable of hydrolyzing carbapenem
[-lactam antibiotics, leading to serious drug-resistant infec-
tions (Boyd et al. 2020). These targets are particularly sig-
nificant as they are involved in immune regulation, cancer
progression, and the development of drug-resistant infec-
tions, making them highly relevant for advancing therapeu-
tic research and drug discovery. The prediction results were
compared with the leading KPGT method, as shown in Fig-
ure 4. Our model consistently outperforms KPGT across all
three ligand datasets in both Spearman and Pearson correla-
tions. Specifically, average improvements for FGFR1 were
0.038 (Spearman) and 0.020 (Pearson); for HPK1, 0.039
and 0.023; and for VIM-1, 0.018 and 0.015. These results
highlight the robustness and superior ability of our model to
capture binding affinity for key therapeutic targets.

To further assess the practical utility of our model in
target-specific molecular discovery, we conducted a retro-
spective validation using a curated set of FDA-approved
compounds. For each of the three targets, we ranked com-
pounds based on predicted binding affinity and validated the
top-20 candidates through literature evidence. Notably, 13
of the top-20 molecules for FGFR1 and 11 for HPK1 were
previously reported to exhibit bioactivity against the respec-
tive targets. For VIM-1, which poses a greater challenge
due to zinc ion coordination, 8 of the top-ranked molecules
were associated with zinc-binding proteins, supporting their
potential relevance. These findings suggest that our model
effectively prioritizes biologically meaningful compounds
and exhibits virtual screening capability, even within a con-
strained chemical space.

Ablation Studies

To assess the impact of pharmacophore prompts, we perform
ablation studies on MoleculeNet classification and regres-
sion tasks, comparing PharmaQA with the following vari-
ants: removing all prompt inputs and using only the molec-
ular graph (W/o prompt), following the KPGT (Li et al.
2023) baseline, which does not incorporate pharmacophore
information; replacing structured prompts with a semanti-
cally irrelevant sentence (‘“To be, or not to be, that is the
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Figure 5: Docking visualization of three identified ligands
with their respective targets.

question.”) to disrupt meaningful pharmacophore guidance
(Noise prompt); and substituting learned prompts with hand-
crafted pharmacophore features from RDKit as a static al-
ternative (Pharma_RDKit). The Table 3 presents the aver-
age performance of different model variants on Molecu-
leNet datasets. The W/o prompt baseline excludes all phar-
macophore prompt inputs and relies solely on molecular
structure encoding, achieving 0.825 AUC and 1.175 RMSE.
Replacing meaningful prompts with random noise (Noise
prompt) leads to a noticeable performance drop in both
classification ({3.4%) and regression (13.2%), highlight-
ing the necessity of pharmacophore guided features. Us-
ing static RDKit derived prompts without further adjustment
(Pharma_RDKit) also degrades AUC (]2.2%) and RMSE
(17.6%), suggesting that fixed patterns may introduce noise
or task-irrelevant signals. In contrast, our full model (Phar-
maQA) outperforms all variants with 0.842 AUC (11.7%)
and 1.039 RMSE ({13.6%), showing that learned and inte-
grated pharmacophore reasoning modules can enhance both
classification and regression tasks.

Variant Methods Classification (AUC) Regression (RMSE)
w/o prompt 0.825 1.175

Noise prompt 0.791 (13.4%) 1.207 (13.2%)
Pharma_RDKit 0.803 (J2.2%) 1.251 (17.6%)
PharmaQA 0.842 (11.7%) 1.039 (13.6%)

Table 3: Ablation Results on MoleculeNet datasets (Average
across tasks).

Case Studies

We further evaluate the molecular representations our model
through two case studies. Firstly, we investigates the model’s
ability to identify potential ligands. Building on previous
ligand discovery experiments, we examined additional top-
ranked molecules that lacked direct literature evidence.
Three representative candidates were selected from the top-
20 sets and docked to their respective targets (FGFRI:
5A4C, HPK1: 7SIU, and VIM-1: 5N5H) using AutoDock
Vina. As shown in Figure 5, all three achieved docking
scores below —7 kcal/mol, a commonly accepted threshold
for favorable binding affinity (Trujillo-Correa et al. 2019;
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Ahmad et al. 2021). These results provide additional struc-
tural evidence that our model can identify novel ligands with
strong binding potential, even in the absence of prior experi-
mental confirmation. Moreover, we analyzed attention maps
from the final Attention layer to evaluate the model’s identi-
fication of key pharmacophore information. Using the Lipo
training set, we generated pharmacophore-specific attention
maps for the test set, focusing on Single AtomDonor and Sin-
gleAtomAcceptor pharmacophores. Attention weights from
the graph-question and graph-description channels were ex-
tracted and ranked to identify the Top-10 tokens linked
to pharmacophore atoms. As shown in Figure 6, for Sin-
gleAtomDonor at atom 0, the model highlights ‘hydrogen’
in the graph-question and both ‘hydrogen’ and ‘nitrogen’
in the graph-description. For SingleAtomAcceptor at atom
25, although the graph-question map lacks key tokens, the
graph-description map emphasizes ‘oxygen’, demonstrating
the model’s ability to capture critical pharmacophore fea-
tures.

C:7.

S~
sar Q8 c18=—c17 C:28——C:27
N:9—c:1 ;
e Y 16»C:19 C:221C23
// %:125 10\\ C:14—C15 C:20——(21 s 2
V / C:24—0:26H
c3 o1 7

N=C \NHZ 0:25
SingleAtomDonor Question on atom number 0:

a, in, the, bonding, hydrogen, [CLS], atoms, atom, present, how.
SingleAtomDonor Discription on atom number 0:

this, or, hydrogen, hydrogen, and, description, smarts, atoms, positive,
nitrogen.

SingleAtomAcceptor Question on atom number 25:

as, present, molecule, question, a, to, connected, such, nitrogen, charged.
SingleAtomDonor Discription on atom number 25:

nitrogen, with, with, but, non, oxygen, aromatic, atoms, [CLS], charge.

Figure 6: Visualization under SingleAtomDonor (atom 0,
red background) and SingleAtomAcceptor (atom 25, blue
background) queries. Middle and bottom: Top-10 tokens per
atom with key terms color-highlighted.

Conclusion

We propose PharmaQA, a pharmacophore-oriented question
answering framework for molecular representation learn-
ing. Instead of directly encoding pharmacophore features,
PharmaQA employs structured question—description pairs
to guide semantic reasoning and aligns them with molecu-
lar graphs features via a multi-path knowledge guided bi-
linear attention module. This enables the model to generate
context-aware embeddings that capture both structural and
functional semantics. Extensive evaluations on molecular
property prediction, compound-target interaction, and bind-
ing affinity tasks show improvements over baselines. Target-
specific screening and docking validation further highlight
PharmaQA’s potential for identifying bioactive compounds.
Attention analysis confirms its ability on pharmacophore-
relevant regions, providing interpretability. Overall, Phar-
maQA offers a generalizable and interpretable framework
for pharmacophore-based molecular learning.
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