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Abstract

Drug repurposing significantly reduces development costs and shortens research cycles, making it a critical strategy in drug discovery.
An emerging class of drug repurposing approaches applies deep learning to structural data. However, these methods often depend on
static representations of molecular and protein structures, which may not fully capture the dynamic character of compound-protein
interactions. To address these challenges and enhance the accuracy of compound-protein interaction predictions, we introduce an inno-
vative prompt-based multimodal representation learning framework that dynamically encodes task-specific contextual information for
drug repurposing. Specifically, the framework includes a dynamic prompt generation module that adaptively creates receptor-specific
prompts and a prompt calibration module for effective multimodal feature integration and optimization. When applied to identifying
FDA-approved drug candidates targeting G-protein-coupled receptors, our method achieved a 7.4% improvement in mean absolute error
compared with state-of-the-art methods, with up to a 25.1% improvement for specific target-of-interest. By demonstrating potential in
repurposing non-opioid treatments without the risk of addiction for safe pain management, our method has the capacity to advance
drug discovery and meet a wide range of therapeutic needs.
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deep generative model that incorporated structural motifs to

Introduction generate chemically valid and diverse molecules. More recently,

Artificial intelligence (Al) has rapidly transformed drug discovery,
particularly in drug repurposing, allowing a faster, more cost-
effective and precise identification of therapeutic candidates [1-
3]. Traditional drug development pipelines are characterized by
high costs, lengthy timelines, and low success rates, highlighting
the necessity of Al in addressing these challenges. Early work
by Schneider and Schneider [4] introduced deep generative
models for de novo molecular design, demonstrating Al's ability
to efficiently explore extensive chemical spaces. Jin et al. [5]
advanced this approach by developing a hierarchical graph-based

Brown et al. [6] and Raffel et al. [/] demonstrated the potential
of large language models in natural language processing (NLP),
highlighting their applicability for a range of tasks. Zhang et al.
[8] applied prompt-based language models to synthetic lethality
tasks in cancer drug discovery, highlighting the synergy between
Al-driven molecular design and NLP techniques. In parallel,
progress in Al-based protein structure prediction has significantly
improved understanding of drug-target interactions. Jumper et al.
[9] and Senior et al. [10] introduced AlphaFold2 (AF2), which
delivers highly accurate 3D models of protein conformations. Baek
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et al. [11] further employed AF2 for modeling protein complexes
for unveiling drug-target interaction mechanisms. This progress
builds on foundational benchmarking studies by Kryshtafovych
etal. [12], which assessed protein structure prediction methods for
biomedical applications. Complementary work by Wang et al. [13]
introduced Al-integrated docking pipelines, achieving improved
accuracy in virtual screening processes. Additionally, the David
Baker group [14] illustrated how Al-driven structural predictions
advance the understanding of protein-protein interactions (PPIs)
and compound-protein interactions (CPIs) for identifying novel
targets and designing new treatments.

While previous drug repurposing efforts have explored a wide
range of diseases, pain management remains a critical yet under-
explored area of concern. This is largely due to the pervasive
reliance on opioids, which, despite their efficacy, are associated
with significant risks of addiction, tolerance, and severe side
effects. These challenges underscore the urgent need for repur-
posing efforts to identify safer and more effective options for anal-
gesia. Targeting G protein-coupled receptors (GPCRs), which play
pivotal roles in numerous physiological processes and diseases,
offers a promising avenue to address this pressing therapeutic
challenge [15-18]. Approximately 34% of FDA-approved drugs
target GPCRs [19], including well-characterized families such as
opioid receptors (u, 8, ), cannabinoid receptors (CB;, CB;), and
prostaglandin receptors, all key mediators in pain signal transduc-
tion [20-22]. Despite their therapeutic relevance, GPCRs-focused
drug discovery remains protracted and expensive, often exceeding
10 years and 1 billion, with success rates below 10% [23, 24]. Foun-
dational structural biology efforts clarified key GPCR activation
mechanisms [16, 17], while Venkatakrishnan et al. [25] identified
structural signatures that modulate GPCRs behavior. Recent work
[18, 26] highlights the elusive nature of GPCRs conformational
states and the need for Al approaches integrating dynamic struc-
tural data. Other efforts [27, 28] show how structure-based models
can expedite GPCRs drug discovery.

Computational approaches for drug repurposing can be
broadly categorized into four main methodological frameworks,
each with distinct advantages and limitations. Network-based
methods leverage biological networks such as PPI networks
and drug-target networks to identify potential drug-disease
connections through network proximity analysis [29]. While these
approaches excel at capturing systemic biological relationships
and can identify indirect drug effects, they often suffer from
incomplete network data and may miss novel mechanisms not
represented in existing networks. Structure-based methods uti-
lize 3D molecular structures for virtual screening and molecular
docking to predict drug-target interactions [30]. Although these
methods provide mechanistic insights and can handle novel
targets, they are computationally intensive and may be limited by
protein flexibility and binding site dynamics. Machine learning
(ML)-based methods have emerged as powerful tools, ranging
from traditional algorithms to deep learning approaches that can
automatically learn complex patterns from large-scale molecular
and biological data [31]. These methods demonstrate superior
performance in handling high-dimensional data and can discover
nonlinear relationships, but they often suffer from limited inter-
pretability and require extensive training data. Fuzzy logic-based
methods employ fuzzy set theory to handle uncertainty and
imprecision in biological data, enabling robust decision-making
in drug discovery [32]. While these approaches are well-suited
for dealing with noisy biological data and can incorporate expert
knowledge, they may lack the sophistication needed for complex
pattern recognition in high-dimensional molecular spaces.

Recent breakthroughs further demonstrate the rapid evolution
of computational drug repurposing. Le et al. [33] showcased ML'’s
transformative impact on carcinogenicity prediction, integrating
diverse Al approaches from compound screening to clinical
optimization, addressing traditional assay limitations through
innovative computational toxicology frameworks. Similarly,
advanced graph neural networks like EmerGNN [34] employ
flow-based architectures to predict drug-drug interactions in
emerging drugs, effectively leveraging biomedical networks to
capture complex relational patterns that traditional methods
miss, particularly for compounds with limited experimental data.
These advances underscore the field’s progression toward more
sophisticated, multifaceted computational approaches. Motivated
by this critical challenge, a recently groundbreaking method
[15] successfully demonstrated the promise of a deep learning
framework that integrates molecular imaging and protein 3D
structural representations to identify repurposable drugs for pain
management.

Despite these advances, significant challenges remain. Many
Al models still rely on analyzing representations extracted
from single modality, such as molecular structures or protein
sequences, failing to capture CPIs interactions [9, 35]. Zhang et al.
[36] highlighted the limitations of such embeddings for molecular
dynamics, underscoring the need for more innovative solutions.
Prompt learning, a learning paradigm that guides model behavior
through task-specific prompts or contextual cues, has revolu-
tionized Al by effectively unlocking the potential of pretrained
models through carefully designed prompts. Previous studies
leveraged NLP and demonstrated its remarkable effectiveness
in various downstream tasks [6, 7]. Language-based prompting
mechanisms featured broader applicability for NLP architectures
across biomedical tasks, such as pharmacological ontologies [37,
38]. Zhang et al. [8] further extended this paradigm by showing
how prompt-driven architectures improve interpretability in
molecular prediction tasks such as synthetic lethality detection.
Following the established paradigm of prompt-based learning
in NLP [39, 40], where prompts serve as contextual cues that
shape model behavior, our approach employs dynamic prompts
in the molecular domain. These learnable components adaptively
highlight receptor-specific molecular patterns, paralleling how
textual prompts guide language models toward specific tasks.
Inspired by these successes, we propose to introduce prompt
learning into drug repurposing to address the challenge of
capturing dynamic characteristics of drug—protein interactions.
Differentiating from conventional prompt tuning that relies on
fixed textual prompts, our method introduces visual prompts [41]
as dynamically generated receptor-specific features, allowing the
framework to model the complex spatial and chemical properties
of molecular interactions.

In response, we propose a novel Dynamic Prompt Guided
Network (DPGNet) tailored for GPCRs, incorporating two key
innovations. First, as shown in Fig. 1, a dynamic prompt block
(DPB) enhances model adaptability by encoding domain-specific
cues [6, 7, 37]. Specifically, our DPB consists of a prompt synthesis
module (PSM) that adaptively generates receptor-specific prompts
through learnable components, and a prompt calibration module
(PCM) that effectively integrates these prompts with molecular
features through a specialized transformer architecture. This
dual-module design enables our model to capture the complex
drug-GPCR interactions with high precision. Second, we employ
multimodal feature fusion, integrating 2D molecular data,
pretrained protein embeddings, and 3D structural insights to
improve receptor-ligand predictions [35, 36]. This comprehensive
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Figure 1. Dynamic prompt-based multi-modal framework for drug repurposing using adaptive dynamic prompt blocks to process 2D molecular images

and predict drug-GPCR binding affinity.

framework is inspired by several pioneering works, including Li
et al. [42], Wang et al. [43], and the groundbreaking AlphaFold2
(AF2) [9, 11].

Our preliminary results show significant improvements in
mean absolute error (MAE) on GPCR datasets, achieving 0.189
MAE on the top-20 GPCR dataset and 0.179 MAE on the pain-
related GPCR dataset, representing improvements of 35.9%
over ChemBERT (0.295) and 25.1% over ImageMol (0.239). On
challenging targets such as HRH3 (MAE: 0.148) in the top-
20 GPCR dataset and SHT1A (MAE: 0.145) in the pain-related
GPCR dataset, our method achieves state-of-the-art performance,
demonstrating superior predictive capability on therapeutically
relevant receptors. These results highlight the practical potential
of our framework in advancing GPCR-targeted drug discovery.
Our findings align with Stein [20] and Willoughby et al. [44], who
emphasize the urgent need for safer analgesics. The integration
of prompt learning, multimodal data, and Al-based structural
predictions reflects the shift toward context-aware, data-driven
drug repurposing.

Datasets and methods
Datasets

To evaluate generalizability, we employed two comprehensive
GPCR datasets, with summary characteristics shown in Table 1
and detailed statistics in Table 2.

Top-20 GPCR dataset: In this study, we used the Top-20 GPCR
dataset proposed by Yang et al. [15]. This dataset contains 71
757 ligand-GPCR interaction pairs, meticulously curated from the
ChEMBL and BindingDB databases, with a focus on interactions
featuring reported Ki values. Rigorous preprocessing steps were
applied to eliminate duplicates by matching InChIKey and UniProt
ID entries. For interaction pairs with multiple reported activity

values, the values were averaged. The processed dataset presents
a concentrated distribution of activity values, with 76.6% of the
compounds (55 001 in total) exhibiting activity values in the range
of [6,9], and an overall mean activity value of 7.18.

Pain-related GPCR dataset: We also utilized the pain-related
GPCR dataset proposed by Yang et al. [15], which comprises 33 212
ligand-GPCR interaction pairs, focusing on 13 GPCRs involved in
pain modulation. The activity value distribution in this dataset
follows a similar pattern, with 74.9% of compounds (25 826 in
total) exhibiting activity values in the range of [6,9] and an
overall mean activity value of 7.28. For the classification task, we
employed a subset of 10 816 ligand-GPCR pairs specifically labeled
as agonists or antagonists. Consistent with the original study, we
excluded CCR2 from this analysis due to its exclusive antagonistic
interactions, ensuring an unbiased evaluation of the model.

Metric: In this study, we followed the evaluation methods
proposed by Yang et al. [15], using MAE and root mean square
error (RMSE) as the primary metrics for model performance. MAE
measures the average absolute deviation between predicted and
actual values, while RMSE penalizes larger errors more heavily,
providing a more stringent evaluation of the model. To ensure
consistent scaling of these metrics, we applied Min-Max normal-
ization to the input data, rescaling feature values to the range
of [-1,1]. This normalization reduced feature range discrepan-
cies, enhanced model training stability, and improved numerical
robustness. For data splitting, we allocated 70% of the samples
from both the Pain-Related GPCR and Top-20 GPCR datasets to
the training set, with the remaining 30% used for testing.

Methods

In this paper, we present DPGNet, a novel deep learning
framework for CPI prediction, as illustrated in Fig. 2. We extract
multi-scale feature representations at different spatial resolutions
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Table 1. Dataset statistics for GPCR CPI prediction experiments. Alt text: A summary table of the two GPCR datasets used. The top-20
GPCR dataset has 71 757 pairs and a mean pKi of 7.18. The pain-related GPCR dataset has 33 212 pairs and a mean pKi of 7.28. Both

datasets show over 74 percent of activity values in the 6-9 pKi range

Dataset Total pairs GPCR targets Mean pKi Activity range Focus
Top-20 GPCR 71757 20 7.18 6-9 (76.6%) General GPCR discovery
Pain-related GPCR 33212 13 7.28 6-9 (74.9%) Pain management

Table 2. Statistical information of the top-20 GPCR dataset and Kinase dataset. Alt text: A breakdown of sample counts for the 20 GPCR
targets (total 71 757) and the 10 Kinase targets (total 1046), including positive and negative kinase pair counts

GPCR dataset Kinase dataset

Target Samples Target Samples Target Samples Positive Negative
SHT1A 4602 CNR2 3835 BTK 106 69 37
SHT2A 3874 DRD2 6897 CDK4 80 59 21
SHT2C 2470 DRD3 4880 EGFR 105 75 30
SHT6R 3635 DRD4 2554 FGFR1 108 76 32
SHT/R 2442 HRH3 3754 FGFR2 109 75 34
AA1R 4056 MC4R 1814 FGFR3 107 67 40
AA2AR 4572 OPRD 3617 FGFR4 107 59 48
AA2BR 1781 OPRK 3849 FLT3 110 79 31
AA3R 3970 OPRM 4471 KPCD3 109 68 41
CNR1 2923 OX2R 1761 MET 105 70 35
GPCR total: 71 757 Total 1046 697 349

(H/2' x Wy2' for level 1), encoding molecular patterns from
fine-grained atomic details to broader structural motifs. The
motivation for this hierarchical approach is to capture molecular
interactions across scales, ensuring that both local and global
structural information is effectively represented. We employ a
DPB to enhance the generalizability of DPGNet through adaptive
prompt learning. Furthermore, we introduce a multidimensional
enhancement strategy that integrates ImageMol and AlphaFold2.
Through extensive experimentation, DPGNet demonstrates
state-of-the-art performance in CPI prediction and outperforms
existing models.

The overview of DPGNet framework

Our framework takes as input 2D molecular images (I € REXWx3)
representing drug compounds. A distinguishing component is
the dynamic prompt generation mechanism, in which the PSM
synthesizes receptor-specific visual prompts rather than relying
on fixed textual inputs. These prompts, formulated as learnable
feature components {Pi}f“: ,» adapt to different GPCR subtypes and
direct the model’s attention toward relevant molecular patterns
without the need for explicit receptor annotations. The network
architecture of DPGNet follows a hierarchical feature extraction
pipeline. Given an input molecular image I € RF*XWx3 we first
employ a 3x3 convolutional layer to extract low-level features
Fo € R"*WxC These features are then processed through a cascade
of four Transformer blocks and three DPBs, where at each level I,
the feature map dimensionality transforms as F; € RH/2xW/2'x2C,
The final feature representations F, are aggregated via Global
Average Pooling (GAP) to obtain a global descriptor g € R8¢, which
is subsequently fed into a target classifier ¢(-) to predict the
interaction score s € R.

Dynamic prompt block

The DPB is designed to adaptively generate receptor-specific fea-
ture representations. Our framework focuses on 13 pain-related

GPCRs, with each receptor characterized by learnable dynamic
prompt weights that are intrinsically activated based on molecu-
lar characteristics. This approach eliminates the need for explicit
subtype annotations. The DPB consists of two core components:
the PSM and the PCM, which will be described in detail in subse-
quent sections.

Prompt Synthesis Module: Accurate binding affinity predic-
tion requires capturing receptor-specific structural features in
protein-ligand interactions. To address this, we propose the PSM,
which dynamically generates context-aware prompts using learn-
able components and attention-based weight allocation. Formally,
given the Ith block’s input features F; e RE/ZxW/2x2C pSM gen.-
erates dynamic prompts through the following pipeline. First, to
capture the global contextual information from the feature map,
we utilize GAP to aggregate spatial features across all positions
in Fj, which compresses the spatial dimensions into a channel-
wise feature vector v, € R2C. The features then pass through
a 1 x 1 convolutional layer and softmax operation to generate
attention weights W € RVN. These attention weights {Wi}} are
used to dynamically combine the prompt components {Pi}?i =

N
Pl=> WP, PjeRU2xW2x2C (1)
=1

Finally, the synthesized prompt is refined through a 3 x 3 convolu-
tional layer (chosen to capture local atomic neighborhoods while
preserving spatial relationships) to generate the guided features:

F, = Convs,s(P) € RF/ZxW/2x2¢, @)

This design enables PSM to generate receptor-specific prompts
by dynamically weighting a set of learnable prompt components,
thereby facilitating adaptive feature extraction for different GPCR
subtypes.



Prompt-based multimodal representation learning for drug repurposing | 5

Input: 2D Molecular Image (T)

| —
— ImageMalA
() (Pre-trained)

lobal A
Glol al Average
Pooling
1x1 Convolution
E 3x3 Convolution
@ Softmax operation
Prompt Component
L ) weight

Channel-wise

@ concatenation Fl
@ Linear g
—

i

Prompt
‘Components

/(]

Prompt Synthesis Module ~ Prompt Calibration Module
(PSM) (PCM)

Combination

Downsampling

Input: I

Prompt
Components

Prompt
Components

Prompt
Components

Transformer Block (L4)
H W

—X—=x8C
& 8 Target classifier

)¢ Affinity Score Prediction (s)
Transformer

Block

Figure 2. The architecture of DPGNet for drug-protein interaction prediction, integrating dynamic prompt modules, multi-scale transformer blocks, and
pretrained ImageMol and AlphaFold2 features to predict protein interaction scores.

Prompt Calibration Module: To effectively integrate receptor-
specific prompts with input features, we propose the PCM. While
the PSM generates dynamic prompts that capture receptor-
specific patterns, the PCM is responsible for calibrating and fusing
these guided features with the original input features to enhance
representation power. Given the input features F; and guided
features Flg from PSM, PCM first concatenates them along the
channel dimension:

| 1 1
X = [Fl; Flg] c RH/Q xW/2!x2-2 C_ (3)

To process the concatenated features, we design a specialized
Transformer block comprising two carefully crafted sub-modules:

Multi-Dconv Head Transposed Attention (MDTA) and Gated-
Dconv Feed Forward Network (GDFN). The MDTA module inte-
grates depth-wise convolutions with self-attention mechanisms,
enabling efficient capture of both local molecular geometries and
global structural dependencies. In contrast, the GDFN employs a
gated mechanism, utilizing depth-wise convolutions to adaptively
refine and modulate feature representations based on molecular
characteristics. The overall feature transformation process is
expressed as follows:

F| = Convs,s(Convy,1 (GDEN(MDTA(X))). (4)

In MDTA, we follow the standard multi-head attention mecha-
nism with depth-wise convolutions integrated for enhanced local
feature extraction [45]. Then, the final output feature map Z is
obtained by concatenating the outputs of all attention heads
followed by a linear projection:

7 = Concat(MDTA1 (X)), ..., MDTAL (X)) WP. (5)

Here, Wfa’ Wi, Wi, e RCxd are learnable parameter matrices for the
ith head, DConv denotes the depth-wise convolution operation, dy
is the scaling factor, h is the number of attention heads, and W° e
RMxC is the output projection matrix. This formulation clearly
shows how each attention head processes the input features

independently and how their outputs are combined to produce
the final result.

In the subsequent stage, the MDTA output Z is processed
through a GDFN to generate the stage output Y;. The GDFN
computation can be formulated as

Y) = GDFN(Z) = g - DConv(Project(2)) + Z, (6)

where g is the learnable gate parameter, Project denotes a linear
projection operation, and DConv represents depth-wise convo-
lution. This gated mechanism allows the network to adaptively
control information flow and feature enhancement.

Multidimensional enhancement strategy

AlphaFold2 enhancement: To leverage protein structural infor-
mation, we incorporate Evoformer features from AlphaFold2 (AF2)
to enhance the model’s predictive capability. Specifically, given
the global representation g € R obtained through GAP from
the backbone network, we concatenate it with the protein struc-
ture features Far e R84 generated by AF2 along the channel
dimension:

Fas = [g; Far] € RECTCa) 7)

where the fused features Fys are then fed into the target clas-
sifier for final activity score prediction. This design enables our
model to simultaneously consider both molecular features of
compounds and structural information of proteins, thereby cap-
turing CPI patterns more accurately.

ImageMol enhancement: To further boost the feature repre-
sentation capability, we utilize intermediate features from the
pretrained ImageMol model at multiple scales. At each hierarchi-
cal level ], the ImageMol features Fl,, ¢ RH/2xW/2x2Cu are concate-
nated with the backbone features along the channel dimension:

F = [ %n; F}M] c RH/QZXW/QKX(ZICJrZICzM)Y (8)
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where FI" represents the input features at level 1 before fusion. This
hierarchical feature enhancement strategy enables our model
to leverage the rich molecular understanding capabilities from
the pretrained ImageMol model across different scales, thereby
improving the overall representation power.

Results
Quantitative comparison

To validate the effectiveness of our method, we compare it
with recent state-of-the-art approaches, including ImageMol
[46], ChemBERT [47], MolCLR [48], and LISA [15] using the top-
20 GPCRs dataset. As shown in Table 3, our method achieves
superior performance, obtaining the best results on 15 out of
20 GPCR targets and reaching a mean MAE of 0.189 and RMSE
of 0.201 across all targets. This represents a significant 7.4%
improvement over LISA (MAE: 0.204, RMSE: 0.216) and substantial
gains compared with traditional methods such as ChemBERT
(MAE: 0.295, RMSE: 0.304). The performance advantages are
particularly pronounced for challenging targets such as HRH3
(MAE: 0.148, RMSE: 0.153) and DRD3 (MAE: 0.167, RMSE: 0.179),
where our method substantially outperforms existing approaches
- showing relative improvements of 4.5% and 25.1% over the
second-best method LISA, respectively. For clinically important
drug targets like DRD2, while LISA achieves the best performance
(MAE: 0.199, RMSE: 0.213), our method still shows competitive
results (MAE: 0.212, RMSE: 0.225) and clear improvements over
ImageMol (MAE: 0.232, RMSE: 0.243) and MolCLR (MAE: 0.270,
RMSE: 0.288). Furthermore, our method demonstrates remarkable
consistency across different receptor families, particularly in
the opioid receptor group (OPRM, OPRK, OPRD), with stable
MAE values ranging from 0.196 to 0.208 and correspondingly
low RMSE values (0.202-0.221). Notably, we achieve significant
improvements on serotonin receptors, with the 5SHT2C showing a
15.9% reduction in MAE (from 0.220 to 0.185) compared with LISA.
This robust and consistent performance can be attributed to our
dynamic prompt learning mechanism, which effectively captures
complex binding patterns, and our multimodal feature fusion
strategy that integrates structural and chemical information.
These results establish our approach as state-of-the-art in
compound-GPCR interaction prediction, delivering consistent
accuracy across diverse receptor types, as reflected by both MAE
and RMSE metrics.

Additionally, we evaluate our method on the Pain-Related
GPCRs dataset, comparing it with the traditional ImageMol [46]
and the recent state-of-the-art method LISA [15]. As shown in
Table 4, our method achieves superior performance, obtaining
the best results on 12 out of 13 GPCR targets and reaching a mean
MAE of 0.179 and RMSE of 0.181, significantly outperforming both
LISA (MAE: 0.190, RMSE: 0.194) and ImageMol (MAE: 0.239, RMSE:
0.254). The performance advantages are particularly pronounced
for serotonin receptors, with SHT1A achieving the best overall
improvement (MAE: 0.145, RMSE: 0.153, a 12.1% reduction over
LISA) and 5HT1B showing similar gains (MAE: 0.159, RMSE:
0.153, a 7.6% improvement). For key pain-modulation targets like
NK1R, our method demonstrates marked improvement (MAE:
0.157, RMSE: 0.159) over both LISA (MAE: 0.168, RMSE: 0.172) and
ImageMol (MAE: 0.173, RMSE: 0.182). Furthermore, our approach
shows consistent performance across different receptor families,
including cannabinoid receptors (CNR2: MAE 0.176, RMSE 0.172)
and the opioid receptor group (OPRM, OPRD, OPRK) with stable
MAE values ranging from 0.189 to 0.198. This robust performance
across diverse GPCR subfamilies, particularly those involved in

pain modulation, validates the effectiveness of our dynamic
prompt learning and multimodal fusion strategy in capturing
complex CPIs.

Computational screening for pain therapeutics

We used our computational framework to extensively screen 2308
FDA-approved small molecules from DrugBank (version 2021.1)
[49] against 13 pain-associated GPCRs to identify repurposing can-
didates (Table 5). The analysis revealed mebutamate as a potent
CNR1 full agonist (activity score: 9.92, on a 0-10 scale, where
higher values indicate stronger binding), suggesting unexplored
analgesic potential through endocannabinoid modulation. The
model validated known interactions including buprenorphine-
OPRM partial agonism (8.91), while uncovering novel applications
such as methylergonovine’s SHT2A antagonism (9.54), consistent
with its migraine efficacy. Rolapitant’s predicted NK1R antago-
nism (8.91) and vilazodone’s SHT1A agonism (9.46) confirmed
the framework’s ability to capture established pharmacological
mechanisms, supporting its reliability for systematic drug repur-
posing.

Additional analysis on 379 gut microbial metabolites iden-
tified endogenous compounds with pain-modulating potential
through GPCR interactions, further supporting our model’s ability
to uncover biologically relevant and underexplored therapeutic
potentials (Table 6). Bacteroides-derived citicoline demonstrated
SHT2A antagonism (activity score: 8.42) at high physiological con-
centrations (log, fold change: 13.4), suggesting neuroprotective
roles in peripheral neuropathic pain. NAD, another abundant
Bacteroides metabolite (log, fold change: 14.5), showed NKIR
antagonism (8.07), aligning with emerging NAD-pain pathway
connections. Clostridium-derived indoleacrylic acid emerged as
an OPRK agonist (7.21), while AICAR demonstrated NK1R inhibi-
tion (7.38), linking AMPK activation to antinociceptive effects in
inflammatory pain models.

Kinase interaction classification performance

We evaluated our model on 10 human kinase targets comprising
1046 compound-kinase pairs from ChEMBL database using 70/30
train-test split with 10-fold cross-validation. As shown in Fig. 3,
our approach achieved superior AUROC scores of 0.95+0.03
(EGFR) and 0.91+0.03 (FGFR1), markedly outperforming LISA
(0.89+£0.07, 0.86+0.07), ImageMol (0.7140.02, 0.7240.02), Chem-
BERT (0.5940.02, 0.51+0.02), and MolCLR (0.63+0.02, 0.53+0.02).
Across all kinases, our model maintained robust performance
(AUROC=0.81+0.08), representing 8% improvement over LISA
and 19% over ImageMol, demonstrating strong generalization
for kinase-ligand interaction prediction.

Computational efficiency

Our framework achieves real-time inference performance of
12 FPS on a single RTX 4090 GPU, enabling processing of
~1000 compound-protein pairs per minute. This computational
efficiency makes our method suitable for large-scale virtual
screening applications in drug discovery. The inference speed
demonstrates practical scalability for high-throughput screening
of compound libraries against multiple GPCR targets.

Ablation study

To demonstrate biological relevance, we analyzed the molecular
patterns underlying our superior performance. Our model iden-
tified 847 previously undetected compound-GPCR interactions
where existing methods failed (MAE > 0.3 versus our MAE
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Table 3. Comprehensive performance comparison of different methods on the top-20 GPCR dataset using MAE and MSE metrics. Our
method demonstrates superior performance across most GPCR targets, achieving the best average MAE of 0.189 and RMSE of 0.201,
with the best values highlighted in red and second-best values in blue. Alt text: A large table comparing MAE and RMSE for five
methods on 20 GPCR targets. “Ours” method shows the best mean performance (MAE: 0.189, RMSE: 0.201)

ImageMol[46] ChemBERT[47] MoICLR[48] LISA[15] Ours
Target MAE | RMSE | MAE | RMSE | MAE | RMSE | MAE | RMSE | MAE | RMSE |
HRH3 0.237 0.242 0.278 0.281 0.268 0.275 0.155 0.161 0.148 0.153
OX2R 0.240 0.247 0.323 0.331 0.308 0.316 0.172 0.179 0.182 0.186
SHT1A 0.270 0.281 0.323 0.331 0.312 0.326 0.177 0.191 0.172 0.183
MC4R 0.235 0.248 0.280 0.295 0.265 0.280 0.181 0.192 0.173 0.185
SHT6R 0.220 0.233 0.267 0.289 0.255 0.274 0.182 0.191 0.192 0.211
SHT7R 0.230 0.241 0.248 0.268 0.244 0.258 0.198 0.211 0.188 0.201
DRD2 0.232 0.243 0.282 0.231 0.270 0.288 0.199 0.213 0.212 0.225
AA2BR 0.250 0.255 0.312 0.323 0.298 0.303 0.202 0.209 0.189 0.202
AATR 0.262 0.288 0.318 0.323 0.307 0.312 0.205 0.218 0.194 0.215
OPRM 0.250 0.271 0.278 0.303 0.272 0.281 0.208 0.223 0.196 0.209
CNR2 0.250 0.264 0.280 0.291 0.270 0.285 0.210 0.223 0.221 0.234
SHT2A 0.288 0.303 0.302 0.313 0.288 0.313 0.212 0.227 0.201 0.213
AA3R 0.245 0.260 0.372 0.387 0.332 0.347 0.215 0.228 0.204 0.217
OPRK 0.250 0.265 0.278 0.293 0.280 0.295 0.218 0.231 0.208 0.221
SHT2C 0.265 0.281 0.302 0.314 0.308 0.321 0.220 0.233 0.185 0.197
AA2AR 0.255 0.263 0.270 0.281 0.278 0.282 0.221 0.234 0.179 0.191
CNR1 0.265 0.273 0.315 0.330 0.310 0.319 0.222 0.235 0.193 0.201
DRD3 0.265 0.273 0.302 0.307 0.308 0.312 0.223 0.236 0.167 0.179
DRD4 0.245 0.261 0.310 0.321 0.305 0.311 0.224 0.227 0.189 0.201
OPRD 0.242 0.257 0.262 0.276 0.258 0.271 0.240 0.253 0.196 0.202
Mean 0.250 0.262 0.295 0.304 0.287 0.298 0.204 0.216 0.189 0.201

Table 4. Comparison of different methods on pain-related GPCR datasets in terms of MAE and RMSE. Lower values are better, with best
and second-best results in red and blue. Alt text: A comparison table of MAE and RMSE for three methods on 13 Pain-Related GPCR
targets. “Ours” method achieves the best mean performance (MAE: 0.179, RMSE: 0.181)

ImageMol LISA Ours
Target MAE/ RMSE/, MAE/ RMSE/ MAE| RMSE/
SHT1A 0.227 0.291 0.165 0.171 0.145 0.153
CNR1 0.215 0.221 0.166 0.178 0.179 0.182
NK1R 0.173 0.182 0.168 0.172 0.157 0.159
SHT1D 0.280 0.288 0.170 0.173 0.158 0.156
SHT1B 0.230 0.241 0.172 0.179 0.159 0.153
SHT2A 0.218 0.223 0.180 0.178 0.164 0.161
SHT7R 0.220 0.231 0.191 0.193 0.198 0.206
CNR2 0.230 0.238 0.193 0.198 0.176 0.172
OPRM 0.250 0.281 0.208 0.212 0.190 0.193
OPRD 0.227 0.232 0.209 0.211 0.189 0.191
OPRK 0.250 0.261 0.209 0.210 0.198 0.199
GRMS5 0.305 0.318 0.214 0.218 0.202 0.208
CCR2 0.287 0.293 0.229 0.232 0.215 0.217
Mean 0.239 0.254 0.190 0.194 0.179 0.181

< 0.15), predominantly involving serotonin (SHT1A, 5HT2A),
histamine (HRH3), and dopamine (DRD2, DRD3) receptors. Physic-
ochemical analysis reveals distinct molecular signatures: SHT1A
interactions feature enhanced lipophilicity (mean logP = 3.2
versus 2.8 for known ligands) and increased hydrogen bond
acceptors (4.8 versus 3.2), while HRH3 interactions involve
compounds with optimal CNS penetration properties (PSA < 90
A?) and reduced cross-reactivity. These discoveries highlight our
dynamic prompt mechanism’s ability to capture transient binding
conformations that static representations miss, with potential
therapeutic implications for safer analgesics without addiction
liability.

Prompt block number and stage-wise depth: As shown in
Fig. 4, we conduct comprehensive ablation studies to evaluate
the effectiveness of key architectural components. (a) For the
DPB analysis, both MAE and RMSE metrics show a consistent
decrease as the number of blocks increases from N=0 to N=3.
When no DPB is used (N=0), the model exhibits relatively high
error rates (MAE: 0.275, RMSE: 0.315). However, adding each
block progressively improves performance, with the error curves
continuing to decline until reaching optimal performance at N=3.
This trend strongly supports the effectiveness of the dynamic
prompt mechanism. (b) In the stage-wise Transformer depth
analysis, where [D,D,D,D] represents the number of Transformer
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Table 5. Predicted interactions between FDA-approved drugs and pain-associated GPCRs identified through computational screening.
Alt text: A table listing six FDA-approved drugs and their predicted high-affinity interactions with pain-associated GPCRs, such as

Mebutamate with CNR1

Drug name Target GPCR Predicted function Activity score Validation

Mebutamate CNR1 Full agonist 9.92 Anxiolytic and sedative agent with antihypertensive
properties

Buprenorphine OPRM Partial agonist 8.91 Established p-opioid receptor partial agonist for chronic
pain management

Methylergometrine SHT2A Antagonist 9.54 Migraine prophylaxis and acute treatment

Rolapitant NK1R Antagonist 8.93 Validated NK1R antagonist for chemotherapy-induced
nausea and vomiting (CINV) prevention

Vilazodone SHT1A Agonist 9.46 Serotonergic antidepressant with anxiolytic properties

Ergometrine SHT2A Antagonist 9.02 Uterotonic agent for postpartum hemorrhage

management

Table 6. Gut microbial metabolite predictions for pain-associated GPCR modulation with source bacteria and activity scores. Alt text: A
table listing four gut microbial metabolites, their source bacteria, and their predicted interactions with pain-associated GPCRs, such as

Citicoline with SHT2A

Metabolite Source Target GPCR Predicted Activity Biological significance
genus function score
Citicoline Bacteroides SHT2A Antagonist 8.42 Log, fold change: 13.4; neuroprotective effects in peripheral
neuropathic pain
NAD Bacteroides NK1R Antagonist 8.07 Log, fold change: 14.5; metabolic modulator in neuropathic
pain pathways
Indoleacrylic Clostridium OPRK Agonist 7.21 Tryptophan-derived metabolite with anti-inflammatory
acid properties
AICAR Clostridium NK1R Inhibitor 7.38 AMPK activator with demonstrated anti-nociceptive effects
EGFR FGFR1 All Kinases
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Figure 3. ROC curve analysis demonstrating classification performance of DPGNet compared with baseline methods across kinase datasets.

blocks at each of the four hierarchical levels, both metrics show
significant improvement as the depth increases from D = [2,2,2,2]
(2 blocks per level) to D = [6,6,6,6] (6 blocks per level). Further
increasing the depth to D = [8,3,8,8] leads to a performance
plateau. Given this marginal improvement and computational
efficiency considerations, we adopt D = [6,6,6,6] as our default
configuration. These consistent trends indicate that D = [6,6,6,6]
strikes an optimal balance between model complexity and
performance gain. To validate DPB’s efficacy, we visualize the
evolution of feature distributions in Fig. 5, showing how mixed
GPCR subtype features transition into well-separated clusters,
demonstrating DPB’s ability to enhance discriminative feature
learning.

Multicomponent architecture integration: Through progres-
sive component integration experiments, we systematically
evaluate the contribution of each core module to the overall
performance. As shown in Supplementary Table 1, the baseline
model achieves an MAE of 0.424, which improves to 0.379 with
the incorporation of DPB (10.6% reduction), demonstrating the
effectiveness of the dynamic prompt mechanism in enhancing
feature extraction capabilities. Adding ImageMol further reduces
the MAE to 0.224 (40.9% reduction from DPB), highlighting
the crucial role of molecular image feature extraction in
improving prediction accuracy. Finally, the introduction of AF2
results in the optimal MAE of 0.186 (17% further improvement),
validating the effectiveness of integrating structural information
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performance.
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Figure 5. Feature space evolution from initial to final stage through
DPB. The scatter plots show progressive clustering of different GPCR
subtypes, demonstrating enhanced discriminative power of the learned
representations.

through our proposed hierarchical multimodal architecture. Each
component contributes significantly, achieving a total 56.1%
MAE improvement from baseline, validating our multicomponent
design.

Prediction performance on drug compounds

We conduct comprehensive distribution analyses to evaluate the
predictive capabilities of our Dynamic Prompt-based framework
across two critical datasets, as illustrated in Fig. 6. For the top-
20 GPCR dataset (n = 21537), our approach achieves a mean
predicted pKi of 7.18, with 76.6% of predictions falling within the
therapeutically relevant activity range (pKi 6-9). Similar robust-
ness is demonstrated in the Pain-Related GPCR dataset (n = 9971),
yielding a mean predicted pKi of 7.30 with 74.9% predictions
within the optimal activity window. The smooth Gaussian distri-
butions and substantial overlap between predicted and experi-
mental values across both datasets validate our model’s reliable
characterization of compound-receptor interactions.

To further validate these statistical findings with detailed inter-
action patterns, we visualize the correlation between predicted
and actual pKi values through density contour plots in Fig. 7. Our
results demonstrate strong predictive performance across both
Top-20 GPCR dataset (top row) and Pain-related GPCR dataset (bot-
tom row), with the darker blue regions along the diagonal indicat-
ing high-density areas of accurate predictions. Notably, our model
exhibits remarkable stability in the therapeutically relevant pKi
range (6-9), which is particularly evident for crucial drug targets

such as HRH3 and the opioid receptors (OPRK, OPRM). The consis-
tent performance across diverse GPCR subtypes, including both
well-characterized targets like AA2BR and pain-related receptors
like SHT1A, validates the robust generalization capability of our
approach.

Mechanistic insights into novel GPCR
interactions and therapeutic implications

Beyond the overall improvement in predictive accuracy, the key
value of our framework lies in its ability to identify novel, thera-
peutically significant compound-GPCR interactions that are often
overlooked by conventional static models. For instance, our model
identified that the FDA-approved antidiabetic drug metformin
exhibits moderate affinity for the SHT1A receptor (predicted pKi =
7.2). A potential physicochemical basis for this is the hydrogen
bonding capability of its biguanide moiety with key residues like
Asp116 and Ser159, mimicking known partial agonists. Similarly,
the antihistamine loratadine was found to selectively bind to the
HRH3 receptor (predicted pKi = 7.8), a discovery likely attributable
to our model’s capacity to capture subtle molecular features
related to optimal CNS penetration (e.g. PSA < 90 A?) that static
representations might miss. More importantly, our model reveals
clear structure-activity relationships that can guide medicinal
chemistry efforts. We consistently observed that compounds fea-
turing a benzisoxazole core exhibit over 10-fold selectivity for
DRD3 compared with DRD2. Our structural analysis suggests this
selectivity arises from the steric complementarity between this
rigid scaffold and DRD3’s uniquely constrained binding cavity.
This insight provides a direct design principle for developing
nonaddictive analgesics by targeting DRD3. This progression from
high-accuracy prediction to actionable mechanistic understand-
ing underscores our dynamic prompt-based approach’s potential
to generate testable hypotheses and accelerate the rational design
of next-generation therapeutics.

Structural mechanism of selective binding and
clinical translation

Our computational predictions reveal potential structure-activity
relationships with biological and therapeutic implications.
Metformin’s predicted SHT1A affinity (pKi = 7.2) may stem from
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Figure 7. Density contour plots comparing predicted versus actual pKi values across representative GPCR targets from top-20 GPCR datasets (top row)

and pain-related GPCR datasets (bottom row).

its biguanide moiety’s capacity to form hydrogen bonds with key
binding site residues, similar to the binding patterns observed in
known SHT1A partial agonists. This finding aligns with emerging
neuroprotective evidence in diabetic patients and suggests
potential for repurposing in pain management applications. Our
analysisindicates that benzisoxazole-containing compounds may
exhibit enhanced DRD3 binding selectivity due to structural
complementarity with the receptor's binding cavity, which
could be therapeutically relevant as DRD3 modulation has been
associated with analgesic effects without the motor side effects
typically linked to DRD2 interactions. Additionally, loratadine’s
predicted selective HRH3 binding (pKi = 7.8) suggests potential
for histaminergic pain modulation without sedation, leveraging
its established safety profile and favorable CNS penetration
properties. These computational insights, combined with the
established safety profiles of repurposed drug candidates, may
provide valuable guidance for the rational design of safer
pain therapeutics and could contribute to developing effective
analgesics with reduced addiction liability.

Failure cases and target-specific performance
degradation

These challenges highlight the model’s sensitivity to receptor
variability and data scarcity. Future improvements will focus
on incorporating more diverse receptor data, enhancing feature
extraction for flexible binding sites, and exploring advanced tech-
niques for modeling receptor flexibility. Additionally, test-time
adaptation strategies inspired by meta-learning frameworks [50]
could enable rapid calibration for novel receptor subtypes with
limited training data. These strategies aim to reduce performance
degradation and improve the model’s robustness across all target

types.

Discussion

Extending ML frameworks in drug discovery: From an ML per-
spective, numerous models have been proposed for CPI prediction,
ranging from traditional algorithms with handcrafted features to
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Figure 8. AF2 models are visualized based on pLDDT scores, reflecting prediction confidence levels (Very high confidence: pLDDT > 90; High confidence:
70 < pLDDT < 90; Low confidence: 50 < pLDDT < 70; Very low confidence: pLDDT < 50). Crystal structures are superimposed for reference.

more recent deep learning architectures [51-53]. Recent studies
have consistently shown that deep learning, and in particular
multimodal learning frameworks, substantially outperform
traditional ML approaches by better capturing the complexity of
CPIs [1, 10, 54]. While these advances mark significant progress,
many existing deep learning models [55, 56] remain constrained
by single-modality inputs, reliance on static feature extractors,
or limited ability to generalize across diverse protein families.
Our DPGNet framework advances beyond these limitations by
adopting a multimodal design that integrates 2D molecular
images with 3D protein structural information, yielding a more
comprehensive representation than single-modality models such
as ImageMol (image-only) or ChemBERT (sequence-only). Fur-
thermore, the introduction of the DPB enables receptor-specific,
context-aware prompts that replace fixed CNN backbones,
enhancing both scalability to large and diverse receptor sets
and generalizability across different molecular contexts [57]. This
methodological shift, from static feature extraction to dynamic,
prompt-guided representation learning, situates DPGNet as a
conceptual advance within the broader ML landscape for drug
discovery.

Merit: We present a comparative structural analysis of 12
representative GPCRs, contrasting our AF2 predictions with their
crystal structures, as shown in Fig. 8. The visualization high-
lights the predictive accuracy of AF2 models, particularly in the
TM regions. For all four receptors, the core TM domains are
predominantly colored dark blue (pLDDT > 90) and light blue
(70 < pLDDT < 90), indicating high prediction confidence. When
superimposed with their respective crystal structures (shown in
transparent gray), the AF2 models demonstrate excellent struc-
tural alignment, especially for the 5SHT2A, NK-1R, DOR, CCR2, and
CNR2 TM bundles. The extracellular and intracellular regions
exhibit more variable confidence scores, as evidenced by orange
and yellow shading, consistent with their known structural flexi-
bility. The calculated TM-RMSD values for these receptors further
validate the high accuracy of our structural predictions, partic-
ularly in the therapeutically crucial transmembrane domains
where most drug-receptor interactions occur.

Integration and Limitations of DPGNet in Current AIDD
Progress Al-driven drug discovery (AIDD) has already shown
tangible progress, with several Al-enabled compounds advancing

into clinical trials and even receiving regulatory approvals,
underscoring its growing role in the modern drug development
pipeline [58, 59]. While substantial steps remain in translating
computational predictions from bench to bedside, AIDD serves
as a powerful tool for accelerating hypothesis generation
and candidate prioritization. The “black-box” nature of deep
learning remains an open challenge; however, the ongoing
development of interpretability tools offers additional insights
and supports the active [60], impactful use of AIDD in current
drug discovery practice. The comparison between AF2 predicted
models and experimentally validated crystal structures reveals
both strengths and challenges in GPCR structure prediction.
While AF2 achieves high accuracy in transmembrane (TM)
regions, evidenced by low TM-RMSD values and strong alignment
with crystal structures, it faces limitations in predicting non-
TM regions. The extracellular loops and intracellular domains
show greater variability due to their inherent flexibility and
lower conservation. Additionally, these regions in experimental
structures are often stabilized through interactions with ligands,
cofactors, or other proteins [61], making direct comparisons
challenging. Looking ahead, emerging models such as AlphaFold3
(AF3), which integrate protein-ligand interactions and cryo-
EM data [62], offer clear promise in bridging current gaps
in non-TM region prediction. AF3 also provides substantial
speed advantages over AF2, making it an attractive tool for
large-scale applications. However, recent evaluations suggest
that predictive accuracy is not uniformly superior, and in
certain cases AF2 can still yield more reliable structural
models [63]. Moreover, our decision to employ AF2 is consis-
tent with recent evidence [64], which demonstrates that AF2
outperforms AF3, Chai-1, and RF-AA in GPCR—peptide structural
accuracy. These observations highlight both the potential and the
uncertainties surrounding AF3, underscoring the need for careful
benchmarking and integration into downstream drug discovery
pipelines. In silico modeling offers a cost-effective and scalable
approach to explore large structural spaces, complementing, but
not completely replacing, experimental validation. In this study,
our predictions are supported by retrospective evidence from the
literature, providing confidence in the biological plausibility of
the findings. Moving beyond the academic setting, prospective
experimental and clinical studies will be essential to translate
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these computational discoveries into actionable therapeutic
advances [65].

Key Points

e We introduce DPGNet, a novel prompt-based multi-
modal deep learning framework designed to accu-
rately predict compound-GPCR interactions by dynam-
ically encoding task-specific contextual information,
overcoming limitations of static representations.

e DPGNet features a unique DPB with Prompt Synthesis
and Calibration Modules, enabling adaptive generation
and integration of receptor-specific prompts to capture
intricate drug-GPCR binding patterns.

¢ By leveraging a multidimensional enhancement strat-
egy that integrates AlphaFold2 protein structural fea-
tures and ImageMol molecular image representations,
our framework significantly improves the holistic under-
standing of CPIs.

e Our method achieves state-of-the-art performance on
both top-20 GPCR and pain-related GPCR datasets,
demonstrating substantial improvements in MAE (up
to 25.1% for specific targets) and showcasing its strong
potential for drug repurposing, particularly for safer
pain management alternatives.
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Supplementary data is available at Briefings in Bioinformatics
online.
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