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Abstract—Predicting atomic interactions that lead to hydro-
gen bond (HB) formation is fundamental for understanding
biochemical processes and accelerating drug discovery. When
dealing with such interactions, existing approaches ignore the
temporal evolution of the atoms; however, in dynamic molecular
systems atoms move continuously in 3D space. In such settings,
molecular spatial configurations vary, and HBs arise only when
certain geometric constraints co-occur. We propose a novel dual
link prediction (DLP) framework that predicts the co-occurrence
of geometric constraints enabling HB formation from dynamic
molecular graphs. DLP employs an edge encoder to fuse the
atomic relationships and temporal dynamics, a transformer-
based encoder to learn node representations, and an effective
memory module. Experiments demonstrate that DLP consistently
outperforms state-of-the-art baselines in both prediction accuracy
and computational efficiency.

Index Terms—Atomic Motion, Dynamic Molecular Graph,
Link Prediction

I. INTRODUCTION

Technological advancements in computational drug discov-
ery have generated large amounts of data on atomic and molec-
ular interactions. Traditional machine learning approaches
struggle to handle such large datasets efficiently, as they
often depend on complex and time-consuming preprocessing
steps [1]. To address this limitation, Graph Neural Networks
(GNNs) have emerged as a powerful framework for learning
molecular representations and predicting chemical proper-
ties [2], [3]. But most existing molecular GNNs operate on
static graphs in which atoms and bonds are assumed fixed, and
they typically target global molecular property prediction [4].
However, in reality, atoms as part of the molecules move
continuously due to thermal fluctuations and intermolecular
forces. This continuous motion leads to chemical interactions
to evolve over time. Static GNNs can not capture these
temporal dynamics, which are essential for modeling dynamic
molecular phenomena such as bond formation and breaking.
Although dynamic GNNs have shown success in domains such
as transportation networks [5] and recommender systems [6],
their application to modeling dynamic molecular graphs re-
mains limited.

To reduce costs and speed up drug development, researchers
often resort to molecular dynamics simulations (MDS) [8] to
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Fig. 1: Structural formations from molecular motion: (a)
snapshot of atomic movement [7] (b) two atoms in proximity
(d < 0) (c) three atoms satisfying angular range (6; < 6 < 65).

generate atomic motion data. Fig.la shows a snapshot of a
group of moving atoms at a given time. Many chemically
meaningful events are defined by the simultaneous satisfaction
of multiple geometric conditions, which vary due to atomic
motions. For instance, a hydrogen bond (HB) is typically
declared present only when (i) two atoms are within a distance
threshold and (ii) the corresponding bond angle lies within a
prescribed range (details in Sec. II-B). Fig.1b and Fig.1c illus-
trate distance-based and angle-based conditions on the same
underlying system shown in Fig.la. Treating distance-based
and angle-based events separately using existing methods can
misclassify HBs when only one condition is satisfied.

The distance-type and angle-type interactions arise from the
physical motion of atoms and therefore evolve continuously
over time. As atoms move through 3D space, these geomet-
ric relations can appear, disappear, or reoccur, reflecting an
inherent form of fine-grained mobility at the atomic level.
Additionally, instead of predicting distance-type and angle-
type interactions independently, we focus on the joint event
in which both geometric conditions are satisfied simultane-
ously. Designing a model for this task is challenging for
three reasons. First, the two types of links are geometric,
not purely topological: the model must consider chemistry-
aware constraints beyond graph connectivity. Second, MDS



data are long and irregular, with bursty activity and gaps
that make it difficult to infer long-range dependencies from a
short temporal window. Third, HB formations are chemically
constrained: only specific atoms from certain molecules can
participate, so treating all geometrically plausible pairs as
candidates leads to many false positives.

Existing temporal graph models rely on sequential encoders
or auxiliary memory modules to capture temporal dependen-
cies [9]-[12]. While effective for single link prediction, these
models are not well-suited to our setting, where prediction
depends on two geometry-dictated (distance and angle-type)
interactions that must be scored as a joint event. This mis-
match is amplified under sparse and irregular timesteps: a
windowed encoder often observes only a limited fragment
of history and may fail to retain stable, node-specific reg-
ularities across long gaps. Recent work partially addresses
long-horizon dependence by coupling encoders with per-node
memories that are updated at every event [13], [14]. However,
updating on every event policy is suboptimal for dual link
prediction, as a distance-type event often occurs without a
corresponding angle-type event at the same timestamp (and
vice versa). Indiscriminately updating memory on such a one-
sided event increases computational and storage cost and, more
importantly, pollutes the stored state with interactions that are
not valid evidence for dual link events.

In this work, we propose a novel dual link prediction
(DLP) framework for detecting HB formation in dynamic
molecular graphs. Here, the concept of dual link is essential
to capture the simultaneous coexistence of distance-based and
angle-based events. DLP utilizes a transformer encoder with
patching to summarize each node’s recent interaction history:
self-attention captures dependencies within a fixed temporal
window, while patching compresses long histories into locally
coherent representations. Now, HB formation often exhibits
node-specific preferences (an atom repeatedly interacts with a
chemically similar atom) over longer horizons than a single
window can cover. To capture this phenomenon, we introduce
a lightweight preference memory that maintains an exponential
moving average of recent destinations for each node and edge
type, updating only when a dual-link event occurs. A learned
gate controls how strongly this preference memory influences
the dual link score, enabling the model to rely on it only
when dual history is informative. Additionally, HB forma-
tion involves specific covalently bonded atoms rather than
arbitrary atom combinations. This chemical constraint moti-
vates explicitly encoding valid covalent identities in the edge
representation. Therefore, we extend the edge encoder with
a covalent group encoding module that integrates chemically
valid pairing constraints with temporal information, reducing
geometrically plausible but chemically infeasible predictions.
To our knowledge, this is the first attempt to incorporate the
evolution of the atoms’ locations over time to predict HB
formation. Our key contributions are summarized as follows:

e We introduce dual links to model HB as the coexis-

tence of distance-based and angle-based interactions in
dynamic molecular graphs.
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Fig. 2: Example temporal graph: Atoms change locations
— but only the dotted lines corresponding to potential HB
interactions are considered as temporal edges.

o We propose a DLP model for predicting dual links,
which combines an edge encoder, a patched Transformer,
and a node preference memory module. We design the
Node Preference Memory module as edge-type separated
and updated only on dual link events. Additionally, we
extend the edge encoder to fuse temporal information
with covalent group encoding, which encodes chemistry-
aware constraints into edge features.

e We evaluate DLP on three real-world MDS datasets
and show improved predictive accuracy and runtime
efficiency over strong baselines, with modest memory
overhead.

The rest of the paper is organized as follows: we introduce
the preliminaries and problem definition in Sec. II. Sec. III
presents the proposed DLP model, algorithm and complexity
analysis. Sec. IV elaborates on the datasets, and experimental
results. Sec. V provides a literature review, and Sec. VI gives
concluding remarks and outlines directions for future work.

II. PRELIMINARIES AND PROBLEM FORMULATION

In this section, we first introduce the preliminaries, includ-
ing the definitions of temporal graphs and HB. Subsequently,
we elaborate on how dynamic atomic interactions can be repre-
sented as graph structures and formally introduce the concept
of dual link and the criteria for detecting its existence. Finally,
we present the precise problem that this paper addresses,
namely, the dual link prediction task.

A. Graphs

A graph is typically represented as G = (N, £), where N/
is the set of vertices (or nodes), and &€ C N x A is the
set of edges (or links). When dealing with dynamic scenarios
in which the features of entities, including locations, evolve
over time, the concept of a temporal graph naturally emerges.
The temporal graph formulation has already been effectively
utilized in the literature, and we have the following definition
based on these works [9], [15]:

Def. 1 (Temporal Graph): A temporal graph is defined as
G(t) = (N, E(t)), where N represents the set of all vertices,
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Fig. 3: An example of (criteria for) HB Formation [20]

and £(t) is the set of all the temporal edges observed in any
time instant < ¢.

Here, each element e;;(t,,) € E£(t) represents an edge
between node n; and node n; at timestamp t,, with ¢, <.
We consider the evolution of a molecular system composed
of a finite set of atoms, and model it as a temporal graph
G(t) = (N,E(t)), where each node n; € N corresponds to
a unique atom and £(t) captures time-stamped connections
among atoms up to time ¢. Fig. 2 illustrates two snapshots of
the same pair of molecules. The solid black lines represent
each molecule’s intramolecular connectivity, i.e., permanent
structure, and remain unchanged throughout the interactions
in the system; these corresponds to covalent bonds [16]. In
contrast, molecules move relative to one another, so proximity
and angular configurations may transiently satisfy HB criteria.
These interaction-driven contacts are represented by dotted
lines in Fig. 2, which may appear or disappear over time.
We focus on these dynamic structures, i.e., we treat the
dotted, geometry-induced interactions between two molecules
as temporal edges in £(t), rather than the permanent in-
tramolecular bonds. Thus, the evolution of £(¢) specifically
refers to the formation and breaking of such geometry-induced
intermolecular interactions, while covalent bonds remain fixed.
Formally, each atom in the system corresponds to a node
n; € N with attributes:

attr(n;,t) = (mol(n;), atype(n;), Iy, (t)), (1

where mol(n;) identifies the molecule containing the atom,
atype(n;) is the atom type, and r,,(t) € R? is the atom’s
3D position at time t. While A/ remains fixed, the edge set
E(t) evolves over timestamps ¢; < --- < ¢ as atomic and
molecular motion induces HB formation and disappearance.
At each timestamp t¢,,, we add an edge e;;(tn) € £(t)
whenever the relevant chemistry-derived geometric criteria,
i.e., HB distance and angle thresholds, are satisfied.

B. Hydrogen Bond (HB)

In this section, we discuss HB. HB is a type of chemical
bond typically formed between a hydrogen (H) atom cova-
lently bonded to a highly electronegative atom (called donor)
such as nitrogen (N) or oxygen (O) interacts with a second
atom that has a lone pairs of electrons (called acceptor), such
as another N, O, or fluorine (F) [17], [18]. Fig. 3 shows an
example of an HB formation. As HB formation is crucial
in many biochemical and physical processes, researchers are
interested in their formation (and persistence) [19].

C. Transformed Representations

The process for transforming graph structure represen-
tations consists of defining two types of temporal edges:
distance-type and angle-type, which explicitly reflect the
geometric and structural conditions for HB formation. We
partition HB-relevant atoms into three disjoint sets us-
ing attributes atype(n;) and mol(n;): U = {n; €
N | n; is a node corresponding to an acceptor atom}, V =
{n; € N'| n; is a node corresponding to a donor atom}, and
W = {n; € N | n; is a node corresponding to an H atom}.
By construction, UNV = UNW = VNW = @ and
UUVUW C N (in many practical situations, U UV UW C
N). We focus on a subset of £(¢) involving nodes in U, V, and
W, since only acceptor—-donor—H combinations can participate
in HB formation. Accordingly, we construct distance-type
edges over pairs (u,v) € U x V and angle-type edges over
triplets (u, w,v) € U x W x V, while all other interactions
outside these sets are excluded from further processing.

Recall that the HB formation requires two geometric con-
straints — specifically: (i) the donor—acceptor distance (d) must
fall within a threshold §, typically within 2.2-4.0A, and (ii)
the angle for acceptor-H-donor triplet (#) must lie within
an angular range [0y, 02) commonly 135°-180° [21]. Let us
illustrate the geometric thresholds necessary for HB existence
with an example from a real MDS dataset f1avanone255k
(cf. Sec. IV-A). For this dataset, Molecule 1 is Flavanone and
Molecule 2 is Polymer, acceptor is an O atom, and donor is a
N atom. The O atom comes from the Flavanone, and the N and
H atoms belong to the Polymer. Following domain guidance,
we use a distance threshold of 3.5A. Thus, for this example,
d(O,N) < 3.5A and 135° < ZOHN < 180° must hold.

Although these geometric rules define HB existence at
an instant, molecular systems evolve continuously due to
thermal motion and intermolecular forces. Consequently,
donor—acceptor distances and bond angles evolve over time.
The configuration that qualifies as an HB at time ¢ may break
at t + 1 and, possibly, reform later. To explicitly model this
dynamic behavior, we represent the system as a temporal
graph, where each satisfied geometric constraint generates
a time-stamped edge of the corresponding type. Here, we
formalize the HB conditions as two types of edges:

(a) Distance edges. A distance-type edge €4 (t) between
nodes u € U and v € V at time ¢ exists if their Euclidean

distance, d,, ,(t), satisfies:

du,V(t) = [ru(t) — ru(t)]l2 < 0. (2)

angle

(b) Angle edges. An angle-type edge e, 5, (t) between nodes
uw e U and w € W at time ¢ exists if:
91 S eu,w,v(t) < 02; (3)
_ o (ra(t) —ra(£)- (xy (£) — 1w (t))
where yu,v(t) = arCCOb( EXOENOL urv<t>—rw<t>n) :
These definitions yield a structured temporal graph (Fig. 4),
with distance-type edges capturing proximity between atom
pairs and angle-type edges corresponding to angular relation-
ships among atom triplets.
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Fig. 4: Graphical illustration of the transformed representation:

(a) distance-type edge ¢4 (¢) (b) angle-type edge ¢:'%¢(t).
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Fig. 5: Existence of dual link at time ¢,, (v; and w; belong
to the same molecule).

Temporal Dynamics: As atomic positions r,,(t) evolve
over time due to atomic motion in MDS, both d, ,(¢) and
Ou,w,w(t) are dynamic functions of ¢. Thus, the existence of
distance-type and angle-type edges is not static but fluctuates
with atomic trajectories. A valid HB corresponds to the
simultaneous satisfaction of both constraints, which we refer
to as a dual link. Formally, we define the concept of dual link
existence as follows:

Def. 2 (Dual Link): Given nodes u € U,v € V,w € W, a
dual link, e (%), exists at time ¢ if both the corresponding

u,v,Ww
angle

dist () and angle-type edges ey %, (t) are present

distance-type €;,%,

at time t.

Example: Fig. 5 illustrates interactions between nodes
across different timestamps. At time ¢ = ¢;, node u; estab-
lishes a distance-type edge with node v, but does not form
any angle-type edge. At time ¢ = ¢, node u; creates an angle-
type edge with node w;. At t; and t, dual link does not exist,
as they have only one kind of edge. Now, we observe a dual
link at time ¢ = ¢,,,. Here node u; simultaneously forms both
edge types, distance-type with node v; and angle-type with
node w;. Thus, the pair of edges {ed™, (tm), NS (tm)}
exemplifies the existence of a dual link.

Problem Statement: Given a temporal molecular graph
G(t), the task is to predict the existence of a dual link,

edual (t), at a future time t,, using all historical information

u,v,w
up to t,_; for a candidate triplet (u,v,w). In contrast to
static link prediction, the model must capture how distance and
angle-based interactions evolve over time: dual link emerges
as a consequence of continuous atomic motion rather than
independent, memoryless events. Accurately predicting dual
links thus amounts to forecasting HB formation, which is
important in applications such as drug development and molec-
ular modeling.

III. METHODOLOGY

In this section, we present the proposed DLP framework
for dynamic molecular graphs. DLP consists of three main
components: an edge encoder, a transformer encoder with
patching, and a node preference memory module. The overall
architecture is shown in Fig. 6a, and the memory update mech-
anism is illustrated in Fig. 6b. The edge encoder combines
temporal information with covalent group identity features
at the edge level. The transformer encoder summarizes each
node’s interaction history within a fixed window. The node
preference memory stores per-node, per-edge-type exponential
moving averages of recent positive destinations and is updated
only when a dual link occurs. Finally, the dual-link predictor
combines the learned node representations and the memory
bias to score the existence of dual links. We detail each
component in the following subsections.

We first construct historical interaction sequences for both
distance-type and angle-type edges by collecting each node’s
past interactions as time-ordered tuples. These interactions are
sorted by interaction time to retain recency. When multiple
links occur at the same timestamp, each interaction is treated
as a separate entry in the sequence. Fig. 7a and 7b illustrate
the historical interactions and resulting sequence for node
uy. Each sequence captures local structural changes and the
evolving interaction context around the node. These temporally
ordered sequences are then fed into the edge encoder.

A. Edge Encoder Module

The edge encoder module consists of two submodules:
temporal encoding and covalent group encoding. By inte-
grating covalent group identity and time encoding in the
edge encoder, we fuse the atomic structure relationship and
temporal dynamics into the model.

1) Temporal Encoding: In a temporal heterogeneous net-
work, utilizing the timestamps for the link formation is crucial
for modeling evolving network structures. We incorporate
the temporal encoding to explicitly model the evolution of
atomic interactions over time. The idea behind the technique
is that interactions occurring within similar timeframes exhibit
similarities in their encoding.

P(ta = t) = cos ((ta — t) X W) )

dy

i—1

where w = (a_T is a fixed d; dimensional vector, and

a=B=+d. Asw %s ;ot updated during the training phase,
it simplifies the model’s optimization and leads to performance
improvements [15]. This technique preserves similarity among
interactions occurring close in time to obtain temporal dynam-
ics that align with other temporal graph learning techniques.

2) Covalent Group Encoding: According to the HB defi-
nition in Sec. II-B, every H atom is covalently bonded to a
specific donor atom within the same molecule. Consequently,
valid HB interactions must respect these fixed donor—H co-
valent groups rather than considering arbitrary combinations.
Encoding this structural constraint into the representation is
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Fig. 6: (a) Overview of the DLP architecture. (b) Memory update mechanism. Each memory maintains a compact representation
of long-term preferences by summarizing the recent destinations.
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Fig. 7: (a) Historical interactions of node u;, (b) Interaction
sequence for node u; before time 5.

therefore essential for capturing chemically valid interactions
and reducing false-positive predictions.

Recall from Sec. II-C, the nodes corresponding to the donor
and H atoms are partitioned into two disjoint node sets V'
and W, respectively, where V,7W C N. To identify the
covalent groups, we determine the donor node (representing
the covalently bonded donor atom) associated with each H
node using a distance-based criterion at an initial reference
time. Specifically, for each w € W, we select the v € V that
minimizes the Euclidean distance argmin ||r,(0) — r,,(0)[|,,
where r,(0) and r,,(0) denote the 3D coordinates of nodes
v and w at time ¢ = 0. As covalent bonds are fixed, these
covalent groups remain constant across all timestamps.

Each identified covalent group is then assigned a discrete
categorical index. We encode the identity using a one-hot
vector x2°% ¢ R as one-hot encoding is a simple and
computationally efficient method. C' denotes the number of
unique covalent groups and x&° = [0,...,1,...,0], is
a binary vector with a single nonzero entry corresponding
to the covalent group index. This covalent group encoding
injects chemically valid pairing constraints into the edge rep-
resentation, ensuring that the model distinguishes structurally
feasible atomic configurations from geometrically plausible
but chemically infeasible ones.

To construct the dual-edge representation, we combine
temporal encoding, covalent group encoding, and raw edge
features. For a distance-type edge, we fuse v, ,(t, — t),

255", and 229 (edi (1)), For an angle-type edge, we combine

Yy (tn — t), xgumwup, and 7°%° ("8 (¢)). The two representa-
tions are concatenated and passed through a one-layer MLP
to obtain the final dual edge embedding:

X(ebv(t)) = MLP(%,v(tn —t) || =P || =% (e

e (®) |

distance-type

G(tn — 1) [| 280 | x50 (e225(1)) ).

®)

angle-type

B. Transformer Encoder Module with Patching

Traditional sequence models often struggle when handling
lengthy interaction sequences due to diminishing correlations
among distant input tokens. As the nearby tokens exhibit
stronger semantic relationships, we incorporated the patching
method introduced in Vision Transformer (ViT) [22]. Patching
technique splits the sequence into patches, emphasizing local
semantic coherence. Then, it aggregates tokens at the patch
level rather than individually, thereby improving the efficiency
of capturing interactions by reducing the sequence length. Let
us consider S, (t,) as the interaction sequence containing all
historical links involving node w, which includes all nodes
that interacted with u before ¢,,. Since atomic interaction
sequences are one-dimensional, they can be directly segmented
into patches. Let X, (t,) € RISu(tn)Ixds denotes the edge
embeddings of S, (t,). We divide this one-dimensional se-
quence into patches of fixed length p, and each patch has
N = |S,(t,)|/p interactions. We write XP(t,) € RN*dr
for the resulting patch embeddings. Standard positional en-
codings p, € R% are added to each patch to retain order
information. We use the classic transformer encoder [23] to
capture higher-order dependencies within temporal interaction
sequences. It contains two main components: (i) a multi-head
self-attention layer that computes contextualized representa-
tions by modeling dependencies across interactions, and (ii)



a feed-forward network with residual connections to stabilize
training. The self-attention mechanism projects each input em-
bedding, X?(t,), into queries, keys, and values via learnable
weight matrices Wq, Wi, Wy,. For a sequence of embed-
dings, the attention scores are computed using scaled dot-

product attention: Attn(Q,K,V) = \C}Zi £
key

where dj., is the key dimension. Each interaction embedding
is updated as a weighted sum of all value vectors, with weights
determined by the similarity between its query and all other
keys. Formally, given the sequence embedding XZ2(t,,) for
node u, the output of one transformer block H,,; is:

Q= Xﬁ(tn) W,

Hyes = XP(t,) + Attn(Q,K, V),

softmax

K == Xﬁ(tn) WK7 V == Xg(tn> Wv. (6)

Hout = Hres + FFN(LN(Hres))' (7)

where LN denotes layer normalization, and F'F'N is a two-
layer feed-forward network. We employ LN before the feed-
forward blocks because it provides effective optimization [24].
Stacking L such blocks yields the final patch-level represen-
tation, which we average-pool to compress H,,; to obtain the
link representation h'i"*(¢,,) for node u at time t,,.

To capture the local structural context, we aggregate the
node features from the 1-hop neighborhood of w over the time
window [t,,]. Let P(u;ty,t) be the set of neighbors of u in
this window, and let X, denote the node features of v. The
neighborhood information is aggregated as follows:

hﬁode(tn) =X, + Mean{Xv ‘ VES P(Lh tnyt)}- (8)

We concatenate the link representation and embedding of
node w at time ¢, to get the final representation, h,(t,) =
[hkink(t,) || h°de(t,)]. We use similar techniques to obtain
h,(t,) and h,,(t,) for the v and w nodes, respectively.

C. Node Preference Memory Module

In this module, we maintain a persistent vector for each
source node and each edge type. For a source u, we denote
mq(}), mq(f) e RP as memory blocks for the distance and angle
edge-type, respectively. Each m&k) summarizes the recent
positive destinations of » and acts as a compact representation
of long-term connection preferences. Memories are updated
only on positive dual-link events, using an exponential moving
average with a time aware half-life. Let ¢},4(u) be the last time
at which node u’s memory was updated. So, At = t,, — 15 (),
where At denotes the elapsed time since the last update of
node u. Let v = exp(—1In2- At/7) is the time decay factor.
When a dual-link occurs, we update

mt(ll) — 'yml(ll) + (1 - ’Y) hV(tn)7

9
n{? « ym® + (1 —7) hy(ta). ©)

The half-life parameter 7 defines the rate at which historical
preferences decay. This exponential decay ensures that older
interactions gradually lose importance while recent ones dom-
inate the memory update. At prediction time, the preference

memory contributes an edge-type-averaged dot-product bias to
the dual-link score:

bores = a(mff) Ty (ts) +m® - hw(tn)). (10)

where @ € R is a learned scalar gate (initialized to zero)
that controls how strongly the preference signal influences the
logit. If the history is uninformative, training keeps o ~ 0, and
the model effectively reduces to a transformer-only model.

Predictor: As the two temporal edge types, distance and
angle, are extracted from the same molecular system, they
share a global node ID space. For each time ¢,,, we therefore
form dual-link candidates only for source nodes that appear in
both edge-types. If node u’s representations are h&l)(tn) and
hq(f)(tn) for distance-type and angle-type edges, respectively,
we construct an aggregated embedding A, (t,) = h&l)(tn) +
hgf)(tn). Sources observed on only one type of edge at t,, are
treated as single events and are not used as dual links. Finally,
we score the dual-link candidate using the source embedding,
the two destination embeddings, and the preference bias:

p = MLP([hy(ts) || By (ta) || ha(tn)]) + bpres.  (11)

As we formulate dual link prediction as a binary classi-
fication problem, we select the Binary Cross-Entropy loss
corresponding to the negative log-likelihood of a Bernoulli
distribution [25].

1 N

Lo = —3 ;[yi log(ps) + (1 — y3) log(1 —ps)|. (1)
Here N denotes the total number of dual-link candidates in a
mini-batch, and y; is the ground-truth label: y; = 1 when a
dual link exists at time ¢, and y; = O otherwise.

Algorithm 1 summarizes the workflow of the DLP method.
Lines 1-5 describe the construction of edge features by com-
bining temporal, covalent group, and raw edge features. Line 6
encodes them with a transformer to obtain contextualized node
representations. Lines 7-12 update the preference memory
with time decay, and Lines 13—15 perform dual link prediction
and loss computation.

We provide a detailed analysis of the time and space complex-
ities of the DLP method in the following section.

Complexity Analysis: Let |N| be the number of nodes
and |&| denotes the total number of edges (distance-type or
angle-type) observed across the dataset. Each edge instance
constitutes one training example whose interaction history
is transformed into a sequence of 7' patches. Training is
performed using mini-batches of fixed size B, where each
iteration processes B edge instances. The encoder consists of
L transformer blocks with hidden dimension D.

Time Complexity: Processing a single edge instance with T'
patches using transformer encoder costs O(T?D) + O(TD?),
corresponding to attention and FFN layers. Since 7T is fixed
and typically small, O(T'D?) term dominates. For a batch
of B edge instances and L layers, the cost per iteration
is O(BLTD?). The predictor evaluates one positive can-
didate (if present) and a constant number K of negatives



Algorithm 1 Dual Link Prediction (DLP)

Require: memories mqal), mq(f); last-update time ti.s(u); preference

gate «; half-life 7; time ¢,,; dual labels y
Ensure: loss £
// Edge Feature Construction

1: for each edge (u,v,t) do

2 time_feat «— (¢, — t)

3: covalent_group_feat +— one_hot(covalent_group(v, w))
4 feat < [time_feat || covalent_group_feat || raw_edge_feat]
5: end for

/I Transformer Encoding

2 hu(tn), ho(tn), hw(tn) < TRANSFORMERENCODER (feat)
/I Preference Memory Module

7 At 4ty — tase(u)

8: v« exp(—1n2- At/7)

9: mil) — quﬁ” + (1 = y)ho(tn)

10: mf) — vmq(f) + (1 = y)hw(tn)

11: tast(u) < tn

12 bpres +— - (m&l) “hy(tn) + mg) - hw(tn))

// Dual-Link Prediction

13: p = MLP([hu(tn) || Fow (tn) || B (8)]) + bprer

14: £ < BCEWithLogits(p, y)

15: return £

=)

(in our implementation, K = 3) for each edge instance.
The two-layer MLP requires O(D?) per instance, yielding
O((K +1)BD?) = O(BD?). For the preference module,
only positive dual events update the memory. Let BT < B
be the number of positives in a batch. The update cost is
O(B*TD) C O(BD), which is negligible compared to the
encoder O(BD?) term.

Combining all, the running time per batch of B edge
instances is O(BLTD?) + O(BD?) + O(BD), with the
transformer term O(BLT D?) dominating. Since B, T, and L
are fixed hyperparameters, the run time scales linearly with
the number of edge instances across epochs.

Space complexity: The transformer contributes O(LD?)
space, and the predictor adds O(D?), giving O(LD?) over-
all. The preference module maintains two D-dimensional
memories per node, yielding O(JA|D) additional space. For
backpropagation, storing intermediate activations for a batch of
B edge instances with T tokens requires O (BT D). Thus, the
overall space usage is O(LD?) + O(BTD) + O(|N'|D). The
memory overhead therefore grows linearly with the number of
nodes, while the dominant cost in practice is the transformer
parameters and activations.

IV. EXPERIMENTS

In this section, we perform comprehensive experiments
to present the effectiveness of the proposed DLP method.
Specifically, we aim to address the following research ques-
tions: RQ1: How does DLP perform on the dual-link pre-
diction task compared to strong graph-based and temporal
link prediction baselines? RQ2: What is the contribution of
the node preference memory to predictive performance? RQ3:
Does the covalent group encoding module provide additional
gains by injecting chemistry-aware information into the edge
representation? RQ4 - How does the computational cost of

TABLE I: Dataset Statistics

flavanone255k flavanone80k benzoin

# Nodes 866 874 649
# Edges 14,644 67,914 74,668

DLP compare to two-stage pipelines that predict links indepen-
dently and enforce dual link constraints via post-processing?

A. Data Description

We evaluate our proposed DLP method using three real-
world MDS datasets [26], [27]. MDS has become a valuable
tool for domain scientists, offering a cost-effective alternative
to laboratory experiments while reducing failure rates and
accelerating drug development [8]. The significance of this
MDS data lies in its ability to detect important chemical
phenomena, specifically HB formation, which is of particular
interest in a wide range of research [28]-[30]. The selected
datasets contain atomic (and molecular) motion represented as
quadruplets (x, y, z, t) where (x, y, z) denote the 3D spatial
coordinates of an atom at time ¢. From this raw data, we derive
two types of interactions: distance-type and angle-type edges,
covering a simulation period of 1000 time units. We note that
this data preprocessing step is necessary for all the models
used in this paper. The total number of nodes and number of
edges per dataset are summarized in Table 1.

We perform a chronological train-validation-test split (70%-
15%-15%), using existing links as positive examples and
randomly sampled non-existent links as negative examples.

B. Configurations

We run our experiments on an HPC cluster using a single
GPU node with an NVIDIA A100-SXM4 80 GB, equipped
with dual AMD EPYC 7543 32-core processors. Each job is
allocated 4 CPU cores and 64 GB RAM through Slurm. The
software stack consists of Python 3.9.21, PyTorch 1.13, and
CUDA 12.8 for GPU acceleration. We provide implementation
details at https://github.com/hasananowar/DLP.

C. Baseline Models for Comparison

To provide a comparative analysis of our proposed DLP
model, we compare it with the state-of-the-art methods from
three distinct categories: static, dynamic, and molecular graph
models. For static graph modeling, we select GraphSAGE [33],
a popular model known for its effective aggregation of
neighbor information to generate node embeddings. Dynamic
graph models include TGAT [9], GraphMixer [15], and
FreeDyG [31], which incorporate temporal information into
node and edge embeddings to address evolving graph struc-
tures. We also compare DLP with the SkipGNN [32], which
uses a skipping mechanism to gather information from both
nearby and distant nodes in the graph. SkipGNN was initially
designed for biological networks but can also be applied
to molecular data to predict relationships without requiring
detailed chemical features.



TABLE II: Performance Comparison

Method flavanone255k flavanone80k benzoin
AUROC AP F1 Time (s) AUROC AP F1 Time (s) AUROC AP F1 Time (s)
TGAT [9] 95.59 89.19  76.99 317.17 97.58 94.13 75.69 1026.82 95.81 89.92 7229 1088.61
GraphMixer [15] 95.32 88.86 73.31 434.98 97.6 94.3 74.9 1701.69 97.98 95.13 7726  1729.05
FreeDyG [31] 95.95 89.75 75.93 2318.6 97.7 94.35 72.7 6308.7 98.81 97.09  79.79  5408.24
SkipGNN [32] 93.34 92.33 70.41 122.58 92.68 89.07 67.42 463.87 86.41 82.68 70.71 336.46
GraphSAGE [33] 90.18 88.18 78.75 2.25 87.26 86.53 74.64 222 88.41 87.87  75.78 221
DLP (Ours) 97.94 95.44 90.38 44.56 99.4 98.62 96.66 190.76 99.78 99.48 98.1 247.86
Best results are in bold. Values are reported as mean over 5 runs.
We note that existing baseline models primarily focus on bip
single-link predictions rather than simultaneously predicting 8" oM O
. . & %
dgal links. Con.sequentl.y, we adapt.these models to al.lgn 8. Q Q
with our dual link prediction scenario. Specifically, we im- & T ricer
. . () 1X(
plement each baseline separately on distance-type and angle- Dol Grapsacs FreeDyG
type edges, then combine their predictions in post-processing g o O3 — Zt;ﬁ)i';;“@
steps to enable dual link prediction performance evaluation. 0 . DLP

This adaptation allows for a fair comparison and highlights
the effectiveness of explicitly modeling dual links.

D. Result Analysis

Table II presents the results of a performance comparison
of the proposed DLP method against the baseline models.
We use AUROC, Average Precision (AP), and F1 scores as
primary evaluation metrics, along with computational runtime
to assess efficiency. We report performance averaged over
5 independent runs with different random seeds to assess
result consistency. For each run, we train the model from
scratch while keeping the data split and hyperparameters
fixed, and report the mean of the evaluation metrics. Our
results demonstrate that DLP consistently achieves superior
predictive performance compared to all baseline models. For
instance, on the flavanone255k dataset, DLP attains an
AUROC of 97.94%, outperforming strong temporal baselines
such as TGAT [9] (95.59%), GraphMixer [15] (95.32%), and
FreeDyG [31] (95.95%). On benzoin, DLP achieves near-
perfect performance (99.78% AUROC, 99.48% AP), indi-
cating that the model generalizes well to different chemical
systems. Static graph models (GraphSAGE, SkipGNN) are
competitive only on the smallest dataset but underperform on
the larger datasets.

An important observation is that GraphSAGE consistently
shows the lowest runtime. However, there is a specific reason:
we applied this model only to the graph structure at the final
timestamp, given that it is a static graph model. Thus, in
reality, GraphSAGE cannot capture the temporal evolution
of the graph, as reflected in its performance; for example,
AUROC drops to 87.26% on the flavanone80k dataset.

Unlike all baselines which operate on a single edge type,
DLP considers distance and angle edges jointly at each times-
tamp. This avoids false positives arising from one-sided events
(e.g., distance satisfied but angle not satisfied), which are com-
mon in molecular simulations. The higher F1 scores for DLP
across all datasets indicate that joint modeling is crucial for
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Fig. 8: Model size, performance, and run time comparison.

identifying the dual links. For example, on flavanone80k,
DLP achieves an F1 of 96.66%, whereas the best baseline
(TGAT) reaches only 75.69%, despite having comparable
AUROC. This reflects DLP’s sharper ability to distinguish true
dual links from abundant near-miss negatives.

Fig. 8 relates parameter size, AP, and training (with vali-
dation) time on flavanone80k. Although DLP has fewer
trainable parameters (0.21M) than TGAT (1.11M), Graph-
Mixer (0.81M), and FreeDyG (1.02M), it achieves the highest
AP among all models. DLP’s node preference memory intro-
duces only a small number of non-trainable buffers, which
provide temporal state without inflating model complexity
and enables high accuracy under long, irregular interaction
sequences where attention-based temporal models tend to
struggle.

Another critical advantage of DLP is that it directly predicts
dual links in a single forward pass. Baseline methods, designed
for single-edge prediction, must run twice (once per edge
type) and combine the outputs via additional post-processing.
Fig. 9 reports total inference time, including post-processing
for the baselines. DLP achieves substantial speedups relative
to temporal GNNs. For example, on flavanone255k, DLP
completes inference in 0.084 s, whereas TGAT and Graph-
Mixer require 0.480 s and 1.132 s, respectively. On benzoin,
FreeDyG requires 13.170 s, while DLP completes inference
in 0.426 s. These results highlight that DLP architecture is
not only more accurate but also computationally leaner, as it
eliminates redundant passes and post-processing.

E. Hyperparameter Tuning

We study two standard encoding strategies for the covalent
group feature: (i) one-hot encodings: which are parameter-free;
removes the optimization and memory overhead; (ii) trainable
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Fig. 9: Inference time comparison.

TABLE III: Covalent Group Encoding: One-hot vs. Trainable
Embedding

Method Dataset AUROC AP F1  Time (s) Memory (MB)
flavanone255k 97.94 95.44  90.38 44.56 1.39
One-hot flavanone80k 99.4 98.62  96.66 190.76 1.39
benzoin 99.78 99.48  98.1 247.86 1.20
flavanone255k 97.65 95.37 89.92 86.53 1.47
Trainable  flavanone80k 99.66 99.38 97.52  363.75 2.29
benzoin 99.85 99.70 98.57  423.60 2.20

Reported the mean values over 5 runs.

embeddings: which introduce additional learnable parameters
and can capture latent similarity among categories [34]. Our
goal is to quantify whether learnable embeddings provide
benefits for the dual link prediction task relative to their
added cost. Such comparative evaluations are commonly used
in literature to choose the embedding strategy from both
performance and practical viewpoints [25].

Table III reports predictive performance (AUROC/AP/F1),
model training time, and memory usage (parameters -+
buffers). For trainable embeddings, we tune the embedding
dimension over {16,32,64} and report results for the best
configuration selected by AUROC. Overall, both variants yield
comparable accuracy: trainable embeddings provide a small
gain on flavanone80k and benzoin, while one-hot is
slightly better on flavanone255k. These differences are
modest, suggesting that covalent group identity is already
discriminative, and introducing learnable embeddings does
not consistently improve performance. In contrast, efficiency
differences are substantial. Trainable embeddings increase
training time by approximately 1.7-1.9 times across datasets
and nearly double the memory usage (e.g., 1.39MB —
2.29MB on flavanone80k). Given the minimal accuracy
gains and significantly higher computational cost associated
with learnable embeddings, we adopt one-hot encoding as the
default representation in our model.

F. Ablation Study

We now present the individual contributions of the pref-
erence memory module and covalent group encoding in the
proposed DLP model.

1) Memory Module: We compare the proposed DLP model
with a variant that is architecturally identical but does not use
the node preference memory. We observe from Table IV that

removing the memory leads to a consistent drop across all
three datasets (up to 7 points in AP and more than 6 points
in F1 on flavanone255k), confirming that the preference
memory is necessary for accurately detecting dual-links.

We observe from the complexity analysis in Sec. III-C that
the preference module adds only linear space in terms of
the number of nodes and linear time in terms of number of
edges. The preference memory does not introduce additional
trainable parameters beyond a single gating scalar o, making it
a lightweight extension. The only additional state it maintains
is a set of non-trainable, per-node buffers. So, while the
number of trainable parameters remains almost unchanged,
the total memory usage by parameters and buffers slightly
increases. To make a fair comparison, we report the total
memory (parameters + buffers) for both variants. The model
without preference memory uses 0.82 MB, whereas enabling
the memory increases this up to 1.39 MB. In other words,
the extra buffers account for a small fraction of the overall
persistent memory, yet they yield a substantial performance
improvement. This reinforces our design choice: the memory
trades a modest, predictable increase in buffer space for a large
performance gain.

2) Covalent Group Encoding: We compare DLP with a
variant that excludes the covalent group encoding from the
edge representation. As shown in Table IV, adding covalent
group encoding improves accuracy and efficiency as it re-
duces false positives and shrinks the effective search space.
Compared to DLP w/o covalent group, it yields AUROC
gains of 0.2-0.7 points, AP gains of 0.5-2.5 points, and F1
improvements of 1.7—6 points. Additionally, runtime decreases
by roughly a factor of 2 on all datasets (e.g., from 389.45s to
190.76s on flavanone80Xk).

V. RELATED WORK

Link prediction on static graphs has long been approached
using local heuristics, such as common neighbors and Adamic-
Adar, which use handcrafted proximity scores for node
pairs [35]. These methods are simple and interpretable, but are
difficult to extend to temporal, heterogeneous, or geometry-
aware settings and cannot encode domain-specific geomet-
ric constraints. Modern GNN-based approaches generalize
this line by learning node representations and then scoring
candidate links. Early architectures such as GCN [36] and
GraphSAGE [33] learn node embeddings that can be combined
to form edge scores, but treat links implicitly and have been
shown to struggle when used for link prediction [37]. To
address this, pair-aware GNNs have been proposed, including
subgraph encoders such as SEAL [38], path-reasoning models
such as NBFNet [39], and transformer-style decoders such as
LPFormer [40]. These methods encode enclosing structures or
multi-hop paths around a candidate pair [35]. They improve
accuracy but often at a substantial computational cost as each
candidate pair requires a separate neighborhood extraction.

Our work is closest in spirit to these pair-aware methods,
but these techniques treat a link as a purely fopological object:
the representation is learned on the basis of graph connectivity.



TABLE IV: Ablation study.

flavanone255k flavanone80k benzoin
Method
AUROC AP F1 Time (s) AUROC AP F1 Time (s) AUROC AP F1 Time (s)
DLP 97.94 95.44  90.38 44.56 99.4 98.62  96.66 190.76 99.78 99.48  98.1 247.86
DLP (w/o Memory) 96.52 88.96  83.99 48.7 98.38 94.53 89.53 157.19 98.77 9545 920 202.39
DLP (w/o Covalent Group) 97.45 94.05 88.67 63.0 99.2 98.13 94.23 389.45 99.05 96.99  92.05 429.69

Reported the mean values over 5 runs.

In contrast, our framework considers geometric information
alongside the topological structure. In our settings, the model
must predict whether a distance-type edge and an angle-type
edge occur simultaneously. The coupling between the two
edges is induced by shared molecular geometry (distance and
angle constraints), not by topological overlap in a single graph.
Classical pair encoders do not enforce such dual geometric
conditions.

A complementary line of research models interaction
streams as temporal graphs where temporal order is preserved
via persistent, time-aware node states. Temporal GNNs such as
TGAT [9], TGN [10], DyRep [11], and JODIE [12] update the
node states upon incoming event. Recent heterogeneous exten-
sions such as THAN [13] and HTGN [14], further integrate
relation-aware encoders to model multi-typed neighborhood
dynamics. While successful on recommendation and user-
item settings, these models typically operate on a single edge
process and update memory on every event, regardless of
their semantic relevance. In contrast, we retain the notion of
persistent node states but introduce two key modifications:
(i) we transition from single-stream modeling to a dual-
event process, predicting the co-occurrence of distance and
angle-type interactions; (ii) we implement selective memory
updates: node states are updated only upon a “dual-positive”
event, where both geometric constraints are simultaneously
satisfied. This architectural shift differentiates the proposed
DLP method from existing models in both function and intent.
While THAN and HTGN maintain a latent summary of recent
neighborhood dynamics, DLP’s memory serves as a specific
preference signal that models long-term preferences of nodes.
Furthermore, unlike HTGN, which feeds memory directly into
the encoder, DLP utilizes an opt-in mechanism. Here, a learned
gate controls how strongly the memory influence the dual-
link score. Additionally, HTGN assumes periodic temporal
patterns, while DLP addresses molecular dynamics which
evolves as continuous physical processes.

A large body of prior work models chemical and biomedical
domains, casting tasks such as drug-target interactions (DTIs),
drug-drug interactions (DDIs), and protein-protein interac-
tions (PPIs) as link prediction problems. Approaches such
as DTINet [41] embed heterogeneous biological information
into a low-dimensional space and infer DTIs via proximity
in the embedding space. Deep sequence-based methods such
as DeepDDI [42] directly learn interaction patterns from drug
descriptors. Graph-based approaches, including Decagon [43]
(applies multirelational GCNs to drug-drug-side-effect net-

works), and NeoDTI [44] (aggregates neighborhood signals
across multiple biomedical association networks) exploit the
relational structure of static knowledge graphs. These formu-
lations typically predict a single edge type, and lack temporal
dynamics or geometric constraints.

Recent work has also begun to address higher-order tem-
poral structures. In this study [45], the authors study motif
transition processes in temporal graphs to learn how motifs
appear and evolve over time. This work is related to our
motivation of capturing recurring interaction patterns, but
their objective is to characterize and predict motif transitions,
rather than predicting chemically defined dual events. Triangle
completion time prediction (TCTP) [46] is another related
problem, where the goal is to predict when the third edge
of a triangle will appear in a dynamic network. However,
TCTP focuses on closing topological triangles in a single
temporal network, whereas our task enforces dual geometric
conditions that must be satisfied simultaneously. In addition,
our task differs from prior works in that we predict a dual
link in a dynamic molecular system which requires encoding
chemistry-aware edge features, i.e., covalent group identity,
and incorporating a preference memory to capture long-
horizon interaction tendencies. To our knowledge, existing
topological, temporal, and biochemical methods do not model
these joint geometric constraints in continuous time.

VI. CONCLUSION

In this paper, we introduced the notion of dual links
in dynamic molecular graphs, characterizing HB formation
through the simultaneous satisfaction of distance and angular
constraints. We presented DLP, a unified framework that
integrates a transformer encoder with a memory module to
predict dual links. Our experiments demonstrate that DLP
outperforms static, temporal, and biomolecular graph baselines
while minimizing computational overhead. An extension of
this research is to move beyond instantaneous event pre-
diction to model HB persistence. In a molecular system,
HBs frequently form, break, and reform, introducing temporal
causality. Consequently, the persistence of HB depends not
only on whether distance and angle thresholds are satisfied at a
single timestamp but also on the temporal consistency of these
conditions. Future work will investigate models capable of
predicting persistence (e.g., bond stability) from the temporal
evolution of dual-link events.
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