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Abstract

The two-dimensional (2D) graph structure of a molecule
encodes abundant latent property information. A well-
designed molecular graph encoder can capture informative
low-dimensional dense representations of molecules, which
can subsequently be applied to a wide range of downstream
tasks. To achieve fine-grained and discriminative molecular
representations that capture localized structural information,
we propose an novel atom-level adaptive receptive field en-
coder, enabling each atomic node in the molecular graph to
dynamically adjust its receptive field size. To the best of our
knowledge, we are the first to introduce an effective rank-
guided pruning strategy for 2D molecular graphs.

Introduction

Raw 2D molecular graph data can be processed by deep
learning models to generate continuous and dense embed-
ding vectors. These embedding vectors can subsequently be
applied to downstream tasks, including molecular property
prediction for applications such as drug discovery, reaction
optimization, and materials design.

However, existing methods face challenges in effectively
enabling models to learn discriminative representations for
structurally similar molecules, which in turn results in sub-
optimal performance in predicting properties that are highly
sensitive to local structural variations. Meanwhile, unlike
typical non-Euclidean data structures, such as social net-
works or knowledge graphs, 2D molecular graphs exhibit
a strong coupling between local structural motifs and global
functional properties. In graph neural networks, the inherent
risk of oversmoothing can result in the loss of local substruc-
tural features of molecules.

In this work, we propose Atom-level adaptive Receptive
Field Encoder (ARFE) for 2D molecular graph representa-
tion learning. By incorporating a innovative effective-rank
pruning strategy, ARFE is able to more effectively cap-
ture property-related information embedded in subtle lo-
cal molecular structures, while simultaneously mitigating
the adverse effects of oversmoothing on atom embeddings,
thereby producing fine-grained and discriminative molecu-
lar representations.
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Figure 1: Overall Architecture of ARFE.

Proposed Method

To better capture the property-related information residing
in the subtle local structures of molecules, while mitigating
the potential impact of oversmoothing on atom embeddings,
thereby obtaining fine-grained and discriminative molecu-
lar representations, we designed an atom-level adaptive re-
ceptive field encoder. Inspired by Diff-eRank (Wei et al.
2024), we propose a pruning-based two-stage message pass-
ing mechanism. First, the node-to-edge message passing
mechanism is performed. At each iteration of the message
passing process, the effective rank of the non-zero edge em-
beddings matrix Sy € RI€1*4 is defined as:
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where T' = min{|€|, d}, and 01, 09, . . ., op are the singular
values of matrix Ss. We then conduct message passing over
the edge embeddings as follows:
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of this edge, e@f f}% denotes the embeddings of the edge after

the current round of message passing. The detection matrix
Sn+1 can then be constructed. Subsequently, we compute
the AEdgeRank as follows:

AEdgeRank = EdgeRank(Sy+1) — EdgeRank(Sy/).
3)
EdgeRank (S +1) and EdgeRank(Sr) quantify the uncer-
tainty in the edge embeddings matrix before and after mes-
sage passing, respectively. AEdgeRank thus represents the



reduction in uncertainty within the edge embeddings ma-
trix resulting from the message passing in that iteration. If
AEdgeRank exceeds 0, pruning is considered necessary.
Sequentially compute the contribution of each edge to the
magnitude of change in the effective rank of the edge em-
bedding matrix before and after message passing, denoted
as AEdge, as follows:

AEdge = AEdgeRank — ‘EdgeRank(Sf\/ 1) — EdgeRank(S]{[)}

“
EdgeRank(S},) and EdgeRank (S}, ;) denote the EdgeR-
ank values computed after removing a specific edge from the
edge embeddings matrix before and after the current mes-
sage passing round, respectively. Then, we apply a masking
operation to the message updates of the top k edges, while
performing residual updates on the other edges.

Building on this, we further implement the edge-to-node
message passing mechanism. Similar to Equation (2), we
can compute the effective rank of non-zero node embed-
dings matrix X~ € RIVI*? as follows:
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where T' = min{|V|,d}, and 01, 09, . . ., o are the singular
values of matrix X »r. We then conduct message passing over
the node embeddings as:
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Similar to Equation (4), we compute the ANodeRank as:

ANodeRank = NodeRank(X11) — NodeRank(X /).

(N
Similarly, if ANodeRank is greater than zero, pruning is
performed. AEdge can be derived following an approach
similar to Equation (5):

ANode = ANodeRank — !NodeRank(X/ﬁ[H) — NodeRank(X})|

(®)
where NodeRank(X73,) and NodeRank(X},, ) represent
the NodeRank values calculated before and after the current
message passing round, respectively, following the removal
of a specific node from the node embeddings matrix. Then,
we mask the message updates for the top k nodes while
applying residual updates to the remaining nodes. Subse-
quently, we obtain the complete molecular representation
through a specific graph pooling method.

Experiment
Performance on Downstream Tasks

We selected seven molecular activity cliff prediction tasks
from MoleculeACE (Van Tilborg, Alenicheva, and Grisoni
2022) and one molecular property prediction task (Wu
et al. 2018) to evaluate ARFE, with the results presented
in Figure 2a and 2b, respectively. For the molecular ac-
tivity cliff prediction tasks, we adopt the models provided
in MoleculeACE as our baseline models. For the molecu-
lar property prediction task, we select MolGT (Chen et al.
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Figure 2: Results on the downstream tasks.

2025), MoleBLEND (Yu et al. 2023), GraphM VP (Liu et al.
2022), and PretrainGNN (Hu et al. 2020) as our baseline
models. All experiments are conducted following the same
data splitting protocol as used for the baseline models. Fig-
ure 2c shows the visualized predictions for randomly se-
lected samples from the test set on the Blood-Brain Barrier
Penetration (BBBP) task.

ARFE’s strong performance on both molecular activity
cliff prediction and the BBBP task demonstrates its ability
to generate fine-grained molecular representations and its
robustness for molecular property prediction in drug design
and optimization.

Results When Used as a Plug-and-Play

Leveraging the lightweight advantage of ARFE, it can be in-
tegrated as a plug-and-play module into existing molecular
representation learning models. For the BBBP task, integrat-
ing ARFE yields a performance improvement of 17.2% and
26.3% over the original MGSSL (Zhang et al. 2021) and
Uni-Mol (Zhou et al. 2023), respectively.

Conclusion

Obtaining fine-grained and discriminative molecular embed-
dings from 2D molecular graph data is crucial for a variety
of downstream prediction tasks. In this work, we propose
ARFE, which introduces a pruning strategy based on the ef-
fective rank of atom feature and bond feature matrices, en-
abling the encoder to generate fine-grained representations
of 2D molecular graphs. Meanwhile, we are committed to
further improving ARFE to facilitate protein-ligand docking
and other real-world applications.
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