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ABSTRACT
Discrete-Time Dynamic Graphs (DTDGs) are commonly used to

model and analyze systems evolving in discrete time steps (snap-

shots). For DTDG representation, existing approaches typically

manage nodes’ neighbors using an individual adjacency matrix for

each snapshot, which provides neighbor information for structure

learning based on neural networks. They either focus on the cur-

rent snapshot, overlooking the evolution of temporal structures,

or require preprocessing to access historical neighbors, resulting

in significant computational overhead. In addition, the adjacency

matrices for a DTDG consume𝑂 (𝑇 |V|2) memory, where𝑇 and |V|
are the snapshot size and node size, respectively, restricting scala-

bility on large DTDGs. To address these issues, in this paper, we

propose a scalable and efficient framework (called UnderGS) with

an efficient neighbor store, which can understand evolving graph

structures for representation learning over DTDGs. Concretely,

we first define a temporal influence score that helps identify in-

fluential temporal neighbors from current and previous snapshots.

Upon it, we develop a temporal-cohesive neighbor store that main-

tains influential temporal neighbors for each node directly on the

GPU, preserving evolving structural relationships across snapshots,

which takes𝑂 ( |V|𝐾) memory for a DTDG (𝐾 is the neighbor size).

Furthermore, our neighbor store enables seamless integration with

message-passing graph neural networks and non-message-passing

neural networks for temporal structure learning. Last, we intro-

duce a lightweight training pipeline with a late-snapshot gradient

aggregation mechanism, which enhances computational efficiency.

Extensive experimental results on eight DTDGs show that Un-

derGS achieves up to 9× speed-up against the best competitors

while achieving an average improvement of 31.36% in accuracy.
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1 INTRODUCTION
Discrete-Time Dynamic Graph (DTDG) is a type of dynamic graph

where the graph structure (nodes and edges) evolves over discrete

time intervals, known as snapshots. Unlike Continuous-Time Dy-

namic Graphs (CTDGs), which update continuously at arbitrary

timestamps, DTDGs change at predefined intervals, such as days

and weeks. Each snapshot is treated as a static graph, with struc-

tural changes occurring between successive snapshots. DTDGs

are widely applied in domains like retail systems [31], financial

systems [11], database security [24], and social networks [32]. For

instance, in retail analytics, businesses analyze weekly transaction

data to detect purchasing trends, facilitating inventory manage-

ment and pricing strategies. Similarly, in financial markets, DTDGs

capture asset correlations over daily intervals, helping investors

optimize portfolio strategies and manage risks by leveraging histor-

ical patterns. To support these applications, recent research efforts

focus on learning high-quality embeddings for DTDGs, enabling

more effective modeling and analytics in dynamic environments.

State-of-the-Art Approaches. The existing approaches often

leverage the adjacency matrix for neighbor management to sup-

port structure learning over DTDGs. On the one hand, most of

the existing approaches [1, 7, 8, 14, 15, 17, 21, 28, 29, 33, 43, 49–

51, 55, 56, 58, 61] rely on adjacency matrices for providing all multi-

hop neighbors to static Graph Neural Networks (GNNs), model-

ing structural relationships within each snapshot (e.g., G(𝑡)). This
makes it difficult to incorporate historical neighbors from previ-

ous snapshots (e.g., {G(𝑖)}𝑡−1
𝑖=1

). To model temporal dependencies

across snapshots, they introduce additional temporal modules (e.g.,
Gated Recurrent Units (GRU)) to generate final node embeddings

(as shown in Fig. 1a). Nevertheless, such approaches could un-

derutilize the evolving nature of graph structures across consec-

utive snapshots, compromising embedding quality and incurring

additional costs of temporal modules. On the other hand, several

studies [4, 31, 41, 58] preprocess graph structures using multiple

adjacency matrices to build dynamic propagation paths for node

embeddings or construct node sequences, which are then fed into

sequence models (e.g., Transformer) to generate final node em-

beddings (as shown in Fig. 1a). While these approaches capture
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Figure 1: Comparison of adjacency matrices and our neighbor stores for neighbor management over DTDGs. In (b), 𝑣∗ (𝑡) refers
to the current neighbor, while 𝑣∗ (𝑡 ′) for 𝑡 ′ < 𝑡 denotes the historical neighbor.

long-term temporal dependencies, they suffer from substantial stor-

age and computational overhead caused by decoupled learning

paradigms and handlingmultiple adjacencymatrices. Consequently,

their scalability to large DTDGs is significantly limited. In sum-

mary, both research lines fall short in addressing the dual challenge

of modeling structural evolution and scalability for large DTDGs,

leaving critical gaps that hinder real-world applicability.;

Limitations. First, existing approaches [1, 7, 8, 14, 15, 17, 21, 28,

29, 31, 33, 43, 49–51, 55, 56, 58, 58, 61] rely heavily on the adjacency

matrix for neighbor management, resulting in 𝑂 (𝑇 |V|2) memory

consumption, where 𝑇 is the snapshot size and |V| is the node

size of a DTDG. As shown in Fig. 1a, each adjacency matrix stores

only binary interaction signals (0/1) and degree information (sum

of rows), lacking information that can measure the structural im-

portance of nodes for effective graph learning. For instance, GNNs

aggregate information of all multi-hop neighbors from the adja-

cency matrix, requiring GNNs to distinguish between influential

and insignificant neighbors, which may lead to biased performance

on high-degree and low-degree nodes and overlook the structural

importance [18, 35]. Looking at the left table of Fig. 1b, in the 𝑡-th

snapshot, the node 𝑣1 (𝑡) assigns a higher weight to 𝑣4 (𝑡) than 𝑣8 (𝑡)
based on the GCN aggregation. However, when incorporating the

structural importance of nodes (right table, Fig. 1b), the influence

of 𝑣8 (𝑡) surpasses 𝑣4 (𝑡) captured by the 𝑘-core value [54]. This

implies that the adjacency matrix fails to preserve the structural

importance of nodes, leading to an inaccurate understanding of

the underlying graph structure in the current snapshot. Second,

the adjacency-matrix-based structure learning typically captures

structural relationships solely from the current snapshot G(𝑡) (on
the left of Fig. 1a), leading to a substantial loss of temporal con-

text. Additionally, temporal modules can help recover temporal

dependencies across snapshots, but at the cost of additional compu-

tation. Although several approaches [4, 31, 41, 58] capture evolving

structures across consecutive snapshots (e.g., {G(𝑖)}𝑡
𝑖=1

), they ei-

ther traverse all 𝑡 adjacency matrices to generate node embedding

sequences or store all previous interactions into node sequences

up to time 𝑡 (on the right of Fig. 1a). As a result, they impose sig-

nificant storage overhead and time cost during the preprocessing.

For instance, FALCON [4] takes about 2.2 hours on the Reddit-title

dataset, as shown in the bottom-right of Fig. 1a. These factors ren-

der existing approaches impractical for large DTDGs (as evidenced

in Table 2). Third, structure learning depending on the adjacency

matrix constrains the training pipeline to snapshot-level process-

ing, preventing efficient batch processing and ultimately limiting

training efficiency.

Our Contributions. In this paper, we propose UnderGS, a scal-

able and efficient framework that can Understand evolving Graph

Structures for DTDG representation. Our primary goal is to design

an efficient neighbor management strategy that replaces the ad-

jacency matrix for DTDGs, ensuring seamless compatibility with

neural networks for temporal structure learning. To achieve this,

we present a temporal-cohesive neighbor store that efficiently main-

tains influential temporal neighbors for each node based on a newly

defined temporal influence score. This score incorporates three fac-

tors: (1) Node importance, which quantifies local structural impor-

tance within a snapshot; (2) Path length, an exponential weighting

function that prioritizes closer neighbors within a snapshot; and (3)

Interaction time, which dynamically adjusts the influence of neigh-

bors over time. We theoretically demonstrate that our neighbor

store satisfies three properties: temporal awareness, cohesiveness,

and structural awareness, allowing it to preserve structural evo-

lution across snapshots. Then, we design a time-aware filter to

mitigate the over-dominance of historical neighbors, preserving

the most relevant evolving structures. Our neighbor store with

the filter mechanism is compatible with six neural networks, al-

lowing it to model temporal and structural relationships without

requiring additional temporal modules. To further enhance training

efficiency, UnderGS introduces a lightweight training pipeline based

on batch processing for training over DTDGs, where we design a

late-snapshot gradient aggregation mechanism to prevent informa-

tion leakage, improving training efficiency. Through its efficient

neighbor management, lightweight training pipeline, and simple
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architecture, UnderGS enables high-quality node representations

for large discrete-time dynamic graphs.

Our main contributions are summarized as

• We propose a scalable and efficient training framework for

dynamic graph representation, enabling significantly faster

training on large discrete-time dynamic graphs.

• We develop a temporal-cohesive neighbor store with three

provable properties, which is a scalable alternative to the

adjacency matrix for neighbor management. Our neigh-

bor store reduces storage complexity from 𝑂 (𝑇 |V|2) to
𝑂 ( |V|𝐾), where𝑇 is the snapshot size, |V| is the node size,
and 𝐾 is the neighbor size.

• Our UnderGS is compatible with both message-passing

GNNs and non-message-passing neural networks, provid-

ing them with access to both historical and current neigh-

bors to support temporal structure learning.

• We introduce a lightweight training pipeline with late-

snapshot gradient aggregation for efficiently training large

dynamic graphs without potential information leakage.

• Extensive experiments demonstrate that UnderGS outper-

forms the best competitors, achieving up to 9× speed-up

while improving accuracy by an average of 31.36%. Further-

more, we confirm its versatility and effectiveness across six

neural networks for DTDG representation.

2 RELATEDWORK
2.1 Discrete-Time Dynamic Graph Learning
Discrete-time dynamic graphs treat dynamic graphs as a sequence

of snapshots that evolve at discrete intervals, storing static struc-

tures within each snapshot and temporal dynamics across snap-

shots. Researchers tend to model the static structure within each

snapshot and then account for discrete changes across snapshots

after each snapshot is processed. The intuitive idea was to adopt

static graph neural networks for structure learning in each snapshot;

meanwhile, they designed temporal modules to capture temporal

dependencies, both of which worked in an end-to-end framework

for node representation. This idea [1, 21, 22, 28, 29, 33, 43, 49–

51, 55, 56, 61] was extensively explored by leveraging different struc-

tural modules (e.g., GNNs and sparse nets) and temporal modules, es-

pecially the latter with two main research lines: model-induced and

gradient-induced temporal modules. Concretely, the former lever-

aged sequence models (e.g., GRU) to model long-term temporal de-

pendencies [1, 21, 22, 29, 33, 43, 49, 50, 55]. The latter [28, 51, 56, 61]

focused on gradient-induced strategies that passed the gradients of

previous snapshots to the current one, capturing temporal depen-

dencies across consecutive snapshots. However, the aforementioned

temporal modules incur extra model parameters or computational

overhead. Furthermore, these approaches employ the adjacency ma-

trix for neighbor management, preserving neighbor relationships

using binary signals for structure learning. Such management fails

to record the structural cohesiveness of each snapshot while isolat-

ing the evolution across snapshots, limiting the learning capabilities

of GNNs for DTDG representation.

Recent research investigates the potential of pure sequence mod-

els for learning over DTDGs [4, 31, 41, 58], where they preprocess

the graph structures as node sequences and then input them into

sequence models for node representation and prediction. For ex-

ample, FALCON [4] represented each node as a sequence compris-

ing four types of information, which were processed by a Trans-

former to generate node embeddings for anomaly detection. Besides,

DGNN [58] introduced an approximation of feature propagation

based on the adjacency matrix to generate structural embeddings

for each node and then employed three sequence models to cap-

ture temporal dependencies for downstream tasks. However, they

suffer from extensive preprocessing cost for sequence construction,

limiting their scalability to large DTDGs. Moreover, they also rely

on adjacency matrices for preprocessing, failing to incorporate the

structural property and resulting in suboptimal performance.

In addition, some explorations [7, 8, 14, 15, 17, 58] designed

graph propagation to capture structural relationships depending on

adjacency matrices, where they leveraged machine learning tech-

niques, such as Singular Value Decomposition (SVD), to generate

node embeddings in DTDGs. However, they fail to access temporal

neighbors efficiently, leading to excessive memory overhead when

directly modeling temporal structures. In contrast, our goal is to

design a new neighbor management strategy for temporal structure

learning. Furthermore, to accelerate the training of DTDG models,

several studies [12, 24, 34, 57, 60] have explored multi-GPU train-

ing pipelines and introduced various techniques (e.g., hybrid-batch
training [34]) to minimize synchronization overhead and compu-

tational load during snapshot updates. While these approaches

primarily focused on optimizing data storage and communication

in multi-GPU environments, they typically relied on graph neural

networks and RNNs for structural and temporal modeling. Orthog-

onal to these efforts, our work aims to enhance training efficiency

and scalability within a single-GPU setting.

2.2 Continuous-Time Dynamic Graph Learning
Continuous-time dynamic graphs are represented as a sequence of

temporal events (edges), preserving continuous dynamics and tem-

poral structural changes. To represent the continuously evolving

edges, the temporal graph neural networks [3, 5, 9, 10, 13, 23–27, 32,

39, 40, 43–48, 52, 53, 58, 59] served as the representative methods

to model temporal structures and dynamics within CTDGs. They

typically leveraged temporal sampling strategies for subsequent

temporal structure learning [32], but they hardly handled entire

snapshots, as they were primarily designed to process the sequen-

tial evolution of CTDGs. Furthermore, researchers [9, 10, 25, 47, 59]

focused on the scalability of CTDG learning by introducing various

techniques. For example, TGL [59] introduced a scalable multi-GPU

training framework featuring a temporal neighbor sampler that

selected neighbors from all historical edges according to the times-

tamps. However, when applied to DTDGs, they fail to account for

snapshot-level properties and easily lead to potential information

leakage, where future data is inadvertently used to predict current

data, such as predicting edges within snapshot G(𝑡) when training

on the same snapshot.

Another related line is streaming dynamic graph processing

frameworks [2], which primarily emphasize efficient data manage-

ment for accelerating classical graph computations (e.g., triangle
counting). These include optimizing edge updates and refining
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Figure 2: The overall framework of the proposed UnderGS. As a toy DTDG evolves from G(1) to G(3), we partition G(3) into
𝐵(3) batches and update our temporal-cohesive neighbor store based on the maintenance rule, thereby ensuring three key
properties. To generate node embeddings for G(3), we employ a time-aware filter to further select temporal neighbors and
leverage six neural networks to model temporal structures. Model parameters are updated through backpropagation, utilizing
our late-snapshot gradient aggregation. Last, we outline several applications of DTDG representation.

memory layouts. In contrast, we focus on efficient neighbor man-

agement and scalable node representation for large DTDGs.

3 PRELIMINARIES
Definition 3.1 (Discrete-Time Dynamic Graph). A discrete-time

dynamic graph is defined as a sequence of snapshotsG = {G(𝑡)}𝑇𝑡=1,
where 𝑇 is the number of snapshots. The snapshot at time 𝑡 is

denoted as G(𝑡) = (V(𝑡), E(𝑡)), where V(𝑡) and E(𝑡) represent

the node and edge sets at time 𝑡 .V =
𝑇⋃︁
𝑡=1
V(𝑡) and E =

𝑇⋃︁
𝑡=1
E(𝑡).

|V| denotes the node size of the discrete-time dynamic graph G.

We use the terms ‘DTDG’ and ‘dynamic graph’ interchangeably

and follow the setting of unweighted and undirected DTDG [51, 58].

Problem 1 (Representation learning on DTDGs). Given a
snapshot G(𝑡) at time 𝑡 , our goal is to model evolving structures of
snapshots up to time 𝑡 and to compute embeddings 𝑍𝑖 (𝑡) ∈ R𝑑 for
each node 𝑣𝑖 (𝑡) ∈ V(𝑡), where 𝑑 denotes the embedding dimension.

Then, the learned embeddings are used for downstream tasks,

such as future link prediction and link ranking.

4 THE PROPOSED UNDERGS
4.1 Overview
Fig. 2 presents an overview of our proposed UnderGS framework

for representation learning on DTDGs. The novelty lies in the

design of a general and efficient neighbor store alongside a light-

weight training pipeline, enabling seamless integration with six

neural networks for node representation. Specifically, we propose a

temporal-cohesive neighbor store as a scalable alternative to the ad-

jacency matrix for neighbor management, which is initialized and

maintained directly on the GPU due to its less memory overhead.

To efficiently manage neighbors, we define a temporal influence

score as the maintenance rule to select𝐾 influential temporal neigh-

bors for each node. We theoretically demonstrate that our neighbor

store satisfies three essential properties. To further emphasize the

structure of the current snapshot, we design a time-aware filter to

prevent the over-dominance of historical neighbors. The filtered

neighbors can be directly fed into various neural networks (e.g.,
Graph Convolutional Network (GCN)) for temporal structure learn-

ing, as our neighbor store inherently preserves evolving graph

structures. Last, we introduce a lightweight training pipeline with a

late-snapshot gradient aggregation mechanism, which mitigates in-

formation leakage while significantly improving training efficiency.

4.2 Temporal-Cohesive Neighbor Store
Here, we introduce the temporal-cohesive neighbor store that main-

tains influential temporal neighbors for each node. The neighbor

store includes three components: temporal influence score as the

neighbor management rule, basic structure, and maintenance. We

elaborate on them below.
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4.2.1 Temporal Influence Score. Unlike the adjacency matrix for

neighbor management, which stores all neighbors of each node of

the current snapshot and conveys only binary signals and degree

information, our temporal-cohesive neighbor store retains the 𝐾

influential temporal neighbors of each node from both the current

and previous snapshots with their temporal influence score. We

define the temporal influence score that provides richer and more

explicit cues for temporal structure learning, integrating three fac-

tors: node importance, path length, and interaction time. We begin

by motivating and formalizing node importance, and then present

the full definition of the temporal influence score.

Example 4.1 (Motivating Example for Node Importance). Fig. 3
presents a toy graph G(𝑡) to illustrate the difference between node

degree and node importance based on structural property. Based

on the adjacency matrix, two neighbors of node 𝑣8 (𝑡), i.e., 𝑣1 (𝑡)
and 𝑣2 (𝑡), having the same degree, would exert identical influence

on 𝑣8 (𝑡). However, the interactions within respective two-hop sub-

graphs exhibit distinct structural densities. When applying degree-

aware structure learning (e.g., GCN) to node 𝑣8 (𝑡), it would assign

equal weight to neighbors 𝑣1 (𝑡) and 𝑣2 (𝑡), disregarding their struc-

tural differences and potentially leading to biased node embeddings.

Building on Example 4.1, degree information alone is insufficient

for accurately reflecting the underlying graph topology. Thus, we

define a node importance measure that explicitly considers struc-

tural properties, as detailed below.

Definition 4.2 (Node Importance). Given a snapshotG(𝑡) = (V(𝑡),
E(𝑡)) at time 𝑡 , we first compute the interaction number of 𝑣𝑖 (𝑡)
in G(𝑡) as 𝑟𝑖 (𝑡) =

|︁|︁{︁𝑒𝑖, 𝑗 (𝑡) ∈ E(𝑡) |︁|︁ 𝑣 𝑗 (𝑡) ∈ 𝑁𝑖 (𝑡)
}︁|︁|︁
𝑚
, where 𝑒𝑖, 𝑗 (𝑡)

denotes an interaction between nodes 𝑣𝑖 (𝑡) and 𝑣 𝑗 (𝑡) within snap-

shot G(𝑡) and 𝑁𝑖 (𝑡) denotes the neighbor set of 𝑣𝑖 (𝑡) in G(𝑡); | · |𝑚
denotes multiset cardinality, i.e., repeated interactions are counted 1

.

Then, the node importance based on the structural cohesiveness

for node 𝑣𝑖 (𝑡) ∈ V(𝑡), denoted as 𝐶𝑖 (𝑡), is defined as

𝐶𝑖 (𝑡) =
∑︂

𝑣𝑗 (𝑡 ) ∈𝑁𝑖 (𝑡 ),𝑟 𝑗 (𝑡 )≥𝑟𝑖 (𝑡 )
𝑒

𝑟𝑖 (𝑡 )
𝑟 𝑗 (𝑡 ) +

∑︂
𝑣𝑗 (𝑡 ) ∈𝑁𝑖 (𝑡 ),𝑟 𝑗 (𝑡 )<𝑟𝑖 (𝑡 )

𝑒
− 𝑟𝑖 (𝑡 )

𝑟 𝑗 (𝑡 ) .

(1)

Based on Eq. (1), we assign higher importance to neighbors

within cohesive subgraphs while reducing the influence of those

in sparse interactions, ensuring that node importance aligns with

structural integrity and better reflects the underlying graph topol-

ogy. Considering the example in Fig. 3, we compute the node im-

portance scores as 𝐶1 (𝑡) = 3.91 for node 𝑣1 (𝑡) and 𝐶2 (𝑡) = 0.24 for

node 𝑣2 (𝑡) according to Eq. (1). In neighbor management for node

𝑣8 (𝑡), our node importance metric distinguishes between 𝑣1 (𝑡) and
𝑣2 (𝑡) by capturing structural cohesiveness, whereas relying solely

on degree information fails to achieve this distinction (as illustrated

in Example 4.1).

Beyond prioritizing neighbors within cohesive structures, our

neighbor store aims to (i) preserve temporal neighbors from both

historical and current snapshots, weighing them by the recency of

their interactions, and (ii) retain informative multi-hop neighbors

while distinguishing them from direct interactions. We motivate

the design by the following example.

1
We exclude edge features from the interaction number computation.

𝐶2 𝑡 = (
1

𝑒
)𝑟2(𝑡)/𝑟8(𝑡)+(

1

𝑒
)𝑟2(𝑡)/𝑟9(𝑡)

              +(
1

𝑒
)𝑟2(𝑡)/𝑟10(𝑡)+(

1

𝑒
)𝑟2(𝑡)/𝑟11(𝑡)

+(
1

𝑒
)𝑟2(𝑡)/𝑟12(𝑡)+(

1

𝑒
)𝑟2(𝑡)/𝑟13(𝑡)

= 0.24

𝐼10,1 𝑡 = 𝐶1 𝑡 𝑐(𝑙1−1) = 0.03, 𝐼10,2 𝑡 = 𝐶2 𝑡 𝛼1
(𝑙2−1) = 0.24 𝛼1 = 0.1

𝒗𝟐(𝒕)

𝒗𝟏(𝒕)1
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1213

𝐶1 𝑡 = 𝑒𝑟1(𝑡)/𝑟5(𝑡) + (
1

𝑒
)𝑟1(𝑡)/𝑟3(𝑡)

+(
1

𝑒
)𝑟1(𝑡)/𝑟4(𝑡)+(

1

𝑒
)𝑟1(𝑡)/𝑟6(𝑡)

+(
1

𝑒
)𝑟1(𝑡)/𝑟7(𝑡)+(

1

𝑒
)𝑟1(𝑡)/𝑟8(𝑡)

= 3.91
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𝒗𝟖(𝒕)
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10
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Figure 3: Illustration of node importance and influence score
based on structural property and decay mechanism.

Example 4.3 (Motivating Example for Decay Mechanism). Consid-
ering the toy graph in Fig. 3 with the target node 𝑣10 (𝑡), selecting
neighbors solely by the node importance would prefer the distant

neighbor (𝐶1 (𝑡) = 3.91) over the direct one (𝐶2 (𝑡) = 0.24), overlook-

ing immediate information. Likewise, if temporal order is ignored,

we would retain 𝑣7 (1) for node 𝑣1 (𝑡) rather than 𝑣4 (𝑡) in Fig. 1b

because 𝐶7 (1) = 3.44 exceeds 𝐶4 (𝑡) = 1.40 under the same path

length. In this case, historical neighbors outweigh current ones,

generating outdated node embeddings.

Motivated by these examples, we introduce a decay mechanism

that accounts for path length and temporal evolution, allowing

us to quantify the importance of neighbors from path and time

perspectives. Below,we define the temporal influence score between

a node and its neighbors by integrating the node importance with

these two decay mechanisms.

Definition 4.4 (Temporal Influence Score in Discrete-Time Dynamic
Graphs). Given a discrete-time dynamic graph G = {G(𝑡)}𝑇𝑡=1,
assume that node 𝑣𝑖 (𝑡) has interacted with a neighbor 𝑣 𝑗 (𝑡 ′) at
snapshot G(𝑡 ′) (𝑡 ′ ≤ 𝑡 ), where this interaction occurs over 𝑙-hop

connectivity. The temporal influence of node 𝑣 𝑗 (𝑡 ′) on node 𝑣𝑖 (𝑡)
at time 𝑡 , denoted as 𝐼𝑖 𝑗 (𝑡), is defined as:

𝐼𝑖 𝑗 (𝑡) = 𝐶 𝑗 (𝑡 ′)𝛼1 (𝑙−1)𝛼2 (𝑡−𝑡
′ ) , (2)

where G(𝑡 ′) is the snapshot when 𝑣𝑖 (𝑡 ′) and 𝑣 𝑗 (𝑡 ′) interacted, 𝛼1 ∈
(0, 1) is the 𝑙-hop decay hyperparameter, modeling the decay of

influence with increasing path length, and 𝛼2 ∈ (0, 1) is another
hyperparameter, which is the snapshot decay factor, capturing the

diminishing influence of historical interactions over time.

Eq. (2) ensures that both structural and temporal factors con-

tribute to the temporal influence score, enabling effective modeling

of evolving structures in dynamic graphs. Considering Fig. 3, we

prefer 𝑣2 (𝑡) to 𝑣1 (𝑡) for 𝑣10 (𝑡) since 𝐼10,1 (𝑡) < 𝐼10,2 (𝑡) under the
decay mechanism.

4.2.2 Basic Structure. Based on our newly-defined temporal in-

fluence score, we can select and maintain 𝐾 influential temporal

neighbors for each node. Here, we utilize a GPU key-value store to

initialize our temporal-cohesive neighbor store and define its basic

structure below.
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Definition 4.5 (Temporal-Cohesive Neighbor Store). For a given
node 𝑣𝑖 (𝑡) in snapshot G(𝑡), its neighbor store 𝑆𝑖 (𝑡) stores at most

𝐾 key-value pairs

(︁
𝑣 𝑗 (𝑡 ′), 𝐼𝑖 𝑗 (𝑡)

)︁
, where 𝑡 ′ ≤ 𝑡 and 𝐾 denote the

number of temporal neighbors stored. Here, the value 𝐼𝑖 𝑗 (𝑡) is the
temporal influence score defined in Eq. (2). 𝑣 𝑗 (𝑡 ′) denotes a tempo-

ral neighbor of 𝑣𝑖 (𝑡), where 𝑡 ′ = 𝑡 indicates a current neighbor and
𝑡 ′ < 𝑡 indicates a historical neighbor.

Based on Definition 4.5, the temporal-cohesive neighbor store

keeps the 𝐾 most influential temporal neighbors drawn from all
snapshots up to time 𝑡 . The temporal influence score records both

structural and temporal properties, providing far more information

than the binary signals and degrees available in an adjacencymatrix.

Our neighbor store supports 𝑂 (1) lookup and update per node.

By capping each store at 𝐾 entries, the memory cost drops from

𝑂
(︁
𝑇 |V|2

)︁
(full adjacency matrices for all 𝑇 snapshots) to 𝑂

(︁
|V|𝐾

)︁
,

which is linear in the number of nodes and independent of the

number of snapshots. Next, we explain how the temporal-cohesive

neighbor store is maintained as the snapshot or batch evolves.

4.2.3 Maintenance. Our temporal-cohesive neighbor store sup-

ports efficient updates at both the snapshot and batch levels. When

a new batch, either a full snapshot or a partition, is loaded, we

first compute the node importance scores for all nodes in the batch

using Eq. (1). For each batch, we perform an 𝐿-hop traversal for

each node to collect candidate neighbors, then compute their in-

fluence by combining the node importance with the path decay. If

the resulting influence exceeds that of any existing neighbor in the

store, the new neighbor replaces the least influential one. Once an

entire snapshot has been processed, we apply a snapshot decay to

all stored neighbors, ensuring that older influences diminish over

time and remain comparable to those from newer snapshots.

4.2.4 Theoretical Analysis for Neighbor Store. Based on the tempo-

ral influence score defined in Eq. (2), our neighbor store exhibits

three key properties: temporal awareness (Snapshot decay prop-

erty), cohesiveness (Cohesive priority property), and structural

awareness (Path decay property). We elaborate on each below.

Theorem 4.6 (Snapshot decay property). For a given node
𝑣𝑜 (𝑡) in G(𝑡), consider two 𝑙-hop neighbors 𝑣𝑖 (𝑡𝑖 ) and 𝑣 𝑗 (𝑡 𝑗 ) that
interacted with 𝑣𝑜 (𝑡) at snapshot G(𝑡𝑖 ) and G(𝑡 𝑗 ), respectively, where
𝑡𝑖 < 𝑡 𝑗 < 𝑡 . The influence scores 𝐼𝑜𝑖 (𝑡) and 𝐼𝑜 𝑗 (𝑡) at time 𝑡 are
determined as⎧⎪⎪⎨⎪⎪⎩
𝐼𝑜𝑖 (𝑡) < 𝐼𝑜 𝑗 (𝑡), if 𝐶𝑖 (𝑡𝑖 )

𝐶 𝑗 (𝑡 𝑗 ) ≤ 1 + 𝜖,with 0 ≤ 𝜖 < 1

𝛼2

𝑡 𝑗 −𝑡𝑖 − 1,
𝐼𝑜𝑖 (𝑡) > 𝐼𝑜 𝑗 (𝑡), if 𝐶𝑖 (𝑡𝑖 )

𝐶 𝑗 (𝑡 𝑗 ) >
1

𝛼2

𝑡 𝑗 −𝑡𝑖 ,
(3)

where𝐶𝑖 (𝑡𝑖 ) and𝐶 𝑗 (𝑡 𝑗 ) represent respective node importance at time
𝑡𝑖 and 𝑡 𝑗 , and 𝛼2 is the snapshot decay factor.

The proof of Theorem 4.6 is provided in Section 2.1 of the tech-

nical report. When historical neighbors are less important than

recent ones in structural importance, our neighbor store keeps the

most recent temporal neighbors for the target node; alternatively,

much more important historical neighbors will be preserved.

Theorem 4.7 (Cohesive priority property). Given a snapshot
G(𝑡) at time 𝑡 and a node 𝑣𝑜 (𝑡) ∈ V(𝑡) that interacts exclusively
withinG(𝑡), we manage influential temporal neighbors for node 𝑣𝑜 (𝑡)

using our neighbor store, denoted as 𝑆𝑜 (𝑡). Let 𝑁𝑜 (𝑡) represent the
complete set of neighbors of 𝑣𝑜 (𝑡) in G(𝑡). According to the mainte-
nance rule of our neighbor store, the following inequality holds:

E𝑣𝑖 (𝑡 ) ∈𝑆𝑜 (𝑡 ) [𝐶𝑖 (𝑡)] ≥ E𝑣𝑖 (𝑡 ) ∈𝑁𝑜 (𝑡 ) [𝐶𝑖 (𝑡)] . (4)

Proof. Let 𝑆𝑙𝑜 (𝑡) denote the set of 𝑙-hop neighbors selected into
the neighbor store, and 𝑁 𝑙

𝑜 (𝑡) denote all 𝑙-hop neighbors connected
to node 𝑣𝑜 (𝑡) in G(𝑡). We prove it by separately considering 𝑣𝑜 (𝑡)’s
neighbors at G(𝑡) with different path lengths. Thus, we aim to

compare E
𝑣𝑖 (𝑡 ) ∈𝑆𝑙𝑜 (𝑡 ) [𝐶𝑖 (𝑡)] and E𝑣𝑖 (𝑡 ) ∈𝑁 𝑙

𝑜 (𝑡 ) [𝐶𝑖 (𝑡)]. Based on the

definition of the neighbor store, a node 𝑣𝑖 (𝑡) is included in the

neighbor store 𝑆𝑙𝑜 (𝑡) if it has a higher influence score than nodes

not selected. Therefore, for any 𝑣 𝑗 (𝑡) ∈ 𝑁 𝑙
𝑜 (𝑡) \𝑆𝑙𝑜 (𝑡), where 𝑁 𝑙

𝑜 (𝑡) \
𝑆𝑙𝑜 (𝑡) ≠ ∅, we have

𝐼𝑜𝑖 (𝑡) > 𝐼𝑜 𝑗 (𝑡), where 𝑣𝑖 (𝑡) ∈ 𝑆𝑙𝑜 (𝑡) . (5)

Based on Eq. (2), we have

𝐼𝑜𝑖 (𝑡) = 𝐶𝑖 (𝑡)𝛼𝑙−11
𝛼
(𝑡−𝑡 )
2

= 𝐶𝑖 (𝑡), (6)

𝐼𝑜 𝑗 (𝑡) = 𝐶 𝑗 (𝑡)𝛼𝑙−11
𝛼
(𝑡−𝑡 )
2

= 𝐶 𝑗 (𝑡), (7)

where the snapshot decay factor 𝛼
(𝑡−𝑡 )
2

= 1 for neighbors that

interact with 𝑣𝑜 (𝑡) at time 𝑡 . For each hop (𝑙) of neighbors and

∀𝑣 𝑗 (𝑡) ∈ 𝑁 𝑙
𝑜 (𝑡) \𝑆𝑙𝑜 (𝑡), the comparison of temporal influence scores

reduces to a direct comparison of the node importance scores:

𝐶𝑖 (𝑡) > 𝐶 𝑗 (𝑡), for 𝑣𝑖 (𝑡) ∈ 𝑆𝑙𝑜 (𝑡). (8)

This directly implies:

E
𝑣𝑖 (𝑡 ) ∈𝑆𝑙𝑜 (𝑡 ) [𝐶𝑖 (𝑡)] > E

𝑣𝑖 (𝑡 ) ∈𝑁 𝑙
𝑜 (𝑡 )\𝑆𝑙𝑜 (𝑡 ) [𝐶𝑖 (𝑡)] . (9)

Based on Eq. (9), we have

E
𝑣𝑖 (𝑡 ) ∈𝑁 𝑙

𝑜 (𝑡 ) [𝐶𝑖 (𝑡)]

=
E
𝑣𝑖 (𝑡 ) ∈𝑆𝑙𝑜 (𝑡 ) [𝐶𝑖 (𝑡)] + E𝑣𝑖 (𝑡 ) ∈𝑁 𝑙

𝑜 (𝑡 )\𝑆𝑙𝑜 (𝑡 ) [𝐶𝑖 (𝑡)]
2

<
E
𝑣𝑖 (𝑡 ) ∈𝑆𝑙𝑜 (𝑡 ) [𝐶𝑖 (𝑡)] + E𝑣𝑖 (𝑡 ) ∈𝑆𝑙𝑜 (𝑡 ) [𝐶𝑖 (𝑡)]

2

= E
𝑣𝑖 (𝑡 ) ∈𝑆𝑙𝑜 (𝑡 ) [𝐶𝑖 (𝑡)] .

(10)

By averaging over all path length 𝑙 ∈ {1, 2, · · · , 𝐿}, we obtain

E𝑣𝑖 (𝑡 ) ∈𝑆𝑜 (𝑡 ) [𝐶𝑖 (𝑡)] =
∑︁𝐿
𝑙=1

E
𝑣𝑖 (𝑡 ) ∈𝑆𝑙𝑜 (𝑡 ) [𝐶𝑖 (𝑡)]

𝐿

>

∑︁𝐿
𝑙=1

E
𝑣𝑖 (𝑡 ) ∈𝑁 𝑙

𝑜 (𝑡 ) [𝐶𝑖 (𝑡)]
𝐿

= E𝑣𝑖 (𝑡 ) ∈𝑁𝑜 (𝑡 ) [𝐶𝑖 (𝑡)] .

(11)

In summary,E𝑣𝑖 (𝑡 ) ∈𝑆𝑜 (𝑡 ) [𝐶𝑖 (𝑡)] ≥ E𝑣𝑖 (𝑡 ) ∈𝑁𝑜 (𝑡 ) [𝐶𝑖 (𝑡)]. This equal-
ity is achieved when the size of the complete neighbor set does not

exceed the storage capacity (𝐾 ). □

Theorem 4.7 implies that our neighbor store preferentially retains

influential neighbors that have high node importance from the com-

plete neighbor set. This helps select temporal neighbors from cohe-

sive structures, preserving the structural cohesiveness property.

867



Theorem 4.8 (Path Decay Property). For a node 𝑣𝑜 (𝑡) in snap-
shot G(𝑡), which serves as the 𝑙𝑖 -hop neighbor of 𝑣𝑖 (𝑡) and the 𝑙 𝑗 -hop
neighbor of 𝑣 𝑗 (𝑡), if 𝑙𝑖 > 𝑙 𝑗 , then 𝑣𝑜 (𝑡)’s temporal influence scores on
𝑣𝑖 (𝑡) and 𝑣 𝑗 (𝑡) satisfy 𝐼𝑖𝑜 (𝑡) < 𝐼 𝑗𝑜 (𝑡).

The proof of Theorem 4.8 is provided in Section 2.2 of the tech-

nical report. Our neighbor store preferentially retains directly-

connected or tightly-linked neighbors over distant ones, providing

more strongly correlated information for representation learning.

4.3 Temporal Structure Learning based on the
Neighbor Store

4.3.1 Time-aware Filter. Based on our temporal-cohesive neighbor

store, we can access two types of neighbors: current neighbors and

historical neighbors, which facilitates temporal structure learning

using various neural networks (e.g., GCN) for DTDG representa-

tion. However, this introduces a potential issue: for nodes with

sparse interactions in the current snapshot, historical neighbors

may dominate node representations, distorting structure evolution

and introducing bias in representation learning over DTDGs. To

accurately capture evolving structures and mitigate this issue, we

present a time-aware filter for our neighbor store, which randomly

masks historical neighbors before temporal structure learning. For

each node 𝑣𝑖 (𝑡) with neighbor store 𝑆𝑖 (𝑡), we randomly mask the

temporal influence score of its historical neighbor 𝑣 𝑗 (𝑡 ′), where
𝑡 ′ < 𝑡 , with a probability 𝜌 . We formulate it as

𝐼𝑖 𝑗 (𝑡) = 𝜋𝑖 𝑗 (𝑡)𝐼𝑖 𝑗 (𝑡), (12)

where 𝜋𝑖 𝑗 (𝑡) ∼ Bernoulli(1 − 𝜌). By applying this time-aware

filter, UnderGS shifts its focus toward current interactions, ensuring

that even in a sparse current snapshot, historical neighbors do not

disproportionately impact node representations.

4.3.2 Compatibility with Six Classic Neural Networks. Like adjacency-
matrix-based neighbor management, our temporal-cohesive neigh-

bor store is compatible with message-passing GNNs (i.e., GCN
(Graph Convolutional Network) [20], GIN (Graph Isomorphism

Network) [42], GraphSAGE [16], and GAT (Graph Attention Net-

work) [38]) and non-message-passing neural networks (i.e., Mixer

(MLP Mixer) [36], TF (Transformer) [37]). Next, we introduce tem-

poral structure learning based on our neighbor store using six

neural networks. Given a node 𝑣𝑖 (𝑡) in snapshot G(𝑡), we access
its neighbors from its neighbor store, i.e., 𝑆𝑖 (𝑡), which contains

neighbor IDs, interaction times, and corresponding temporal influ-

ence scores. Based on them, we construct the input representations

by concatenating node features, edge features, and time attributes.

Specifically, for 𝑣 𝑗 (𝑡 ′) ∈ 𝑆𝑖 (𝑡), the message embedding is computed

as𝑴𝑖 𝑗 (𝑡) = [𝒁 𝑗 (𝑡 − 1) ∥ 𝒆𝑖 𝑗 (𝑡 ′) ∥ 𝜙 (𝑡 − 𝑡 ′)]𝑾𝑚 , where 𝒁 𝑗 (𝑡 − 1) is
the latest node embedding, 𝒆𝑖 𝑗 (𝑡 ′) denotes the edge feature,𝑾𝑚 is

the learnable weight for dimension alignment, and 𝜙 (·) is the time

encoding function [6]. Then, we employ six different neural net-

works for temporal structure learning, each containing two primary

operations: aggregation and update. In the aggregation operation,

we utilize our temporal influence score (e.g., 𝐼𝑖 𝑗 (𝑡)) to aggregate

neighbor information. Specifically, our temporal influence score

serves as an alternative to degree information, and the aggregation

operations for the six neural networks are outlined below.

GCN: 𝛀𝑖 (𝑡) =
∑︂

𝑣𝑗 (𝑡 ′ ) ∈𝑆𝑖 (𝑡 )
𝐼𝑖 𝑗 (𝑡)𝑴𝑖 𝑗 (𝑡), (13)

GIN: 𝛀𝑖 (𝑡) =
∑︂

𝑣𝑗 (𝑡 ′ ) ∈𝑆𝑖 (𝑡 )
𝐼𝑖 𝑗 (𝑡)𝑴𝑖 𝑗 (𝑡), (14)

GAT: 𝛀𝑖 (𝑡) = 𝜎
(︃ ∑︂
𝑣𝑗 (𝑡 ′ ) ∈𝑆𝑖 (𝑡 )

𝑎𝑖 𝑗 𝐼𝑖 𝑗 (𝑡)𝑴𝑖 𝑗 (𝑡)
)︃
, (15)

SAGE: 𝛀𝑖 (𝑡) = MAX({𝜎 (𝐼𝑖 𝑗 (𝑡)𝑴𝑖 𝑗 (𝑡)) | ∀𝑣 𝑗 (𝑡 ′) ∈ 𝑆𝑖 (𝑡)}), (16)

Mixer:

𝒀𝑖 (𝑡) = CONCAT(𝐼𝑖 𝑗 (𝑡)𝑴𝑖 𝑗 (𝑡) | 𝑣 𝑗 (𝑡 ′) ∈ 𝑆𝑖 (𝑡)),
𝑹𝑖 (𝑡) = 𝒀𝑖 (𝑡) +𝑾2𝜎 (𝑾1LN(𝒀𝑖 (𝑡)),
𝛀𝑖 (𝑡) = Γ(𝑹𝑖 (𝑡) +𝑾4𝜎 (𝑾3LN(𝑹𝑖 (𝑡)))),

(17)

TF:

𝒀𝑖 (𝑡) = CONCAT(𝐼𝑖 𝑗 (𝑡)𝑴𝑖 𝑗 (𝑡) | 𝑣 𝑗 (𝑡 ′) ∈ 𝑆𝑖 (𝑡)),
𝐻𝑖 (𝑡) = LN

(︁
𝑌𝑖 (𝑡) +MHSA(𝑌𝑖 (𝑡))

)︁
,

𝛀𝑖 (𝑡) = Γ
(︁
LN

(︁
𝐻𝑖 (𝑡) + FFN(𝐻𝑖 (𝑡))

)︁ )︁
,

(18)

Here,𝛀𝑖 (𝑡) is the aggregated features from the neighbors of node

𝑣𝑖 (𝑡), 𝜎 (·) is the activation function, 𝑎𝑖 𝑗 is the attention weight,

MAX(·) is the max pooling, CONCAT(·) is the concatenation oper-

ation, LN(·) is the layer normalization, FFN(·) is the feedforward
network,MHSA(·) is the multi-head self-attention mechanism,𝑾∗
is the learnable weight matrix, and Γ(·) represents sum pooling

applied along the neighbor dimension. Then, we update node em-

beddings by combining previous node embeddings with aggregated

features, which is formulated as

𝒁𝑖 (𝑡) =
{︄
MLP((1 + 𝜉)𝒁𝑖 (𝑡 − 1) + 𝛀𝑖 (𝑡)), if GIN,

MLP(CONCAT(𝒁𝑖 (𝑡 − 1),𝛀𝑖 (𝑡))), otherwise,
(19)

where MLP(·) denotes the multi-layer perceptron, 𝜉 is the learn-

able parameter of GIN. Based on Eq. (19), we obtain node embed-

dings (e.g., 𝒁𝑖 (𝑡)) in the snapshot G(𝑡). According to Eqs. (13) -

(19), UnderGS captures evolving graph structures as our neighbor

store provides temporal neighbors for temporal structure learn-

ing. This removes the need for additional temporal modules to

model cross-snapshot dependencies, significantly reducing com-

putational overhead. In a word, our temporal-cohesive neighbor

store elegantly supports six neural networks for temporal structure

learning, highlighting its flexibility and compatibility for efficient

neighbor management.

4.4 Lightweight Training Pipeline
Most existing DTDG approaches rely on storing and training over

one or multiple snapshots, primarily due to their temporal module

design and adjacency-matrix-based structure learning. However,

such designs pose scalability challenges when dealing with snap-

shots containing a large number of nodes and edges, as they incur

significant computation and memory costs on the GPU. Here, we

aim to develop a lightweight and efficient training pipeline for

large dynamic graph learning. To achieve this, we borrow the idea

of mini-batch processing to train each snapshot by partitioning it

while designing a late-snapshot gradient aggregation mechanism to

postpone the gradient update. Given a snapshot G(𝑡), we partition
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it into 𝐵(𝑡) batches, where each batch 𝑏 ∈ 𝐵(𝑡) contains a subset
of nodes, edges, and their associated interactions. We process each

batch independently, computing the batch-specific training loss

using Binary Cross-Entropy (BCE) loss:

L𝑏G(𝑡 ) = −
∑︂

𝑒𝑖,𝑗 (𝑡 ) ∈E𝑏 (𝑡 )
𝑦𝑖 𝑗 log 𝑦̂𝑖 𝑗 +

(︁
1 − 𝑦𝑖 𝑗

)︁
log

(︂
1 − 𝑦̂𝑖 𝑗

)︂
, (20)

where 𝑦𝑖 𝑗 is the ground-truth label and 𝑦̂𝑖 𝑗 is the predicted label.

L𝑏G(𝑡 ) denotes the train loss of batch 𝑏 at snapshot G(𝑡). E𝑏 (𝑡)
denotes the edge set within batch 𝑏. Unlike traditional mini-batch

training, where losses are directly used to update model parameters

after each batch, our UnderGS cannot immediately apply L𝑏G(𝑡 )
for model updates due to the characteristics of DTDGs. Concretely,

if we sequentially update model parameters after batch 𝑏, later

batches 𝑏 + 1, 𝑏 + 2, ... would be influenced by parameter updates

derived from the same snapshot, leading to information leakage. To

prevent this issue, we introduce a late-snapshot gradient aggrega-

tionmechanism, where gradients are accumulated across all batches

of a snapshot before updating model parameters. Specifically, the

aggregated gradient for snapshot G(𝑡) is computed as

∇LG(𝑡 ) =
1

𝐵(𝑡)

𝐵 (𝑡 )∑︂
𝑏=1

∇L𝑏G(𝑡 ) , (21)

where ∇L𝑏G(𝑡 ) represents the gradient of the loss computed for

batch𝑏 and the overall gradient∇LG(𝑡 ) is the mean gradient across

all batches in snapshot G(𝑡). Once training on all batches of snap-

shot G(𝑡) is completed, we apply the aggregated gradient to update

model parameters:

𝜃 ← 𝜃 − 𝜂∇LG(𝑡 ) , (22)

where 𝜃 denotes model parameters and 𝜂 is the learning rate. This

ensures that all batches within the same snapshot contribute equally

to the model update, preventing information leakage across batches.

By combining batch training with late-snapshot parameter updates,

UnderGS ensures a scalable and safe training pipeline for large

dynamic graph learning.

4.5 Complexity Analysis
The computational complexity of the proposed UnderGS consists of

two main parts: neighbor store maintenance and temporal structure

learning. Given an edge in the batch, UnderGS costs a complexity

of 𝑂 (𝐾𝐿) for neighbor store maintenance; for temporal structure

learning, UnderGS costs a complexity of 𝑂 (V𝑏¯ (𝑡)𝐾𝑑) taking GCN

as an example, where 𝐾 is the storage capacity, 𝐿 is the path length,

V𝑏¯ (𝑡) is the average number of nodes within a batch, and 𝑑 is the

embedding dimension. We present a complexity comparison with

existing techniques in Section 3 of the technical report.

5 EXPERIMENTS
5.1 Experimental Setup
Datasets. We collect eight discrete-time dynamic graphs from [30,

51], including extreme scenarios such as high-frequency structural

changes (e.g., 744 snapshots in Wikipedia) and sparsely connected

Table 1: Statistics of the datasets. 𝐷𝑖𝑚𝑛 and 𝐷𝑖𝑚𝑒 refer to the
dimensions of node and edge features.

Alias Dataset #Nodes #Edges 𝐷𝑖𝑚𝑛 𝐷𝑖𝑚𝑒 #Snapshots Span

UCI UCI-Message 1,899 59,835 - - 193 daily

BO Bitcoin-OTC 5,881 35,592 - 1 273 weekly

BA Bitcoin-Alpha 3,783 24,186 - 1 271 weekly

WK Wikipedia 9,227 157,474 - - 744 hourly

RB Reddit-body 27,863 286,561 300 87 178 weekly

RT Reddit-title 43,695 571,927 300 87 178 weekly

WT Wiki-Talk 1,140,149 7,833,140 - - 324 weekly

SO Stack-Overflow 2,601,977 63,497,050 - - 92 monthly

dynamic graphs (e.g., an average node degree of 1.9 in Reddit-body).

The detailed dataset statistics are summarized in Table 1.

Baselines. To evaluate the effectiveness of our proposed UnderGS,

we select six state-of-the-art baselines with nine models, covering

two research lines: four GNN-based models focusing on current

snapshots (EvolveGCN-H [29], EvolveGCN-O [29], Roland [51], and

WinGNN [61]) and five sequence-based models with preprocessing

(DGNN-LSTM [58], DGNN-GRU [58], DGNN-Transformer [58],

SimpleDyG [41], and FALCON [4]).

Evaluation Metrics.We evaluate the performance of comparative

approaches on two downstream tasks: future link prediction and

link ranking. For link prediction, we use AUC (Area Under the ROC

Curve) as the metric, while for link ranking, we employ MRR (Mean

Reciprocal Rank). In the link ranking task, we sample 100 negative

edges for each source node and rank the positive edges above these

negative samples. Following the baselines [4, 29, 41, 51, 61], we

split snapshots into training, validation, and test sets using a ratio

of 7 : 1 : 2. We conduct each experiment ten times and report the

mean and standard deviation of the results.

Training Configurations. All experiments are conducted on a

single machine equipped with an Intel Core i9-10980XE 3.00GHz

CPU, a GeForce RTX 3090 GPU, and 24 GB of RAM. We run the

official codes of nine baseline models in our environment, ensuring

that configurations (e.g., embedding dimension) align with our

settings for a fair comparison. The batch size is set to 200, and

the embedding dimension is fixed at 128. For temporal-cohesive

neighbor storage, we set 𝐾 = 16. For the temporal influence score,

we set the path decay hyperparameter 𝛼1 = 0.1 and the snapshot

decay hyperparameter 𝛼2 = 0.05. For path length, we set 𝐿 = 2. The

time-aware filter probability 𝜌 is adjusted according to the dataset

density: 𝜌 = 0.3 for datasets with an average density greater than

10
−4
, and 𝜌 = 0.5 for those with lower density. Training runs for a

maximum of 50 epochs with an early stopping mechanism, where

patience is set to 5 epochs. The UnderGS model is trained using the

Adam optimizer [19] with an empirical learning rate of 0.0001.

5.2 Effectiveness Evaluation
We compare our UnderGS with nine baselines across two down-

stream tasks in terms of two metrics, where we employ GCN neural

network in our UnderGS.

Exp-1: Effectiveness on link prediction.We present the AUC

results for link prediction in Table 2. UnderGS consistently outper-

forms nine baseline models across nearly all cases, achieving up

to 13.56% improvement. This highlights the effectiveness of our

neighbor store and temporal influence score as aggregation weights,
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Table 2: Comparative results in AUC for link prediction and MRR for link ranking. The best and second-best results for each
metric are highlighted in bold and underlined, respectively. “OOM" indicates an out-of-memory error when executing the
model in our environment.

Metric Dataset UCI-Message Bitcoin-Alpha Bitcoin-OTC Wikipedia Reddit-body Reddit-title Wiki-Talk Stack-Overflow

AUC (↑)

EvolveGCN-H 71.99 ± 1.8 63.71 ± 1.0 63.35 ± 1.6 OOM OOM OOM OOM OOM

EvolveGCN-O 62.05 ± 3.8 68.90 ± 0.9 69.74 ± 2.5 OOM OOM OOM OOM OOM

Roland 91.81 ± 0.3 93.69 ± 0.7 93.88 ± 0.1 91.68 ± 0.3 96.21 ± 0.2 97.66 ± 0.1 OOM OOM

DGNN-LSTM 80.07 ± 0.7 92.27 ± 0.2 94.86 ± 0.1 92.84 ± 0.5 93.40 ± 0.1 95.90 ± 0.0 85.69 ± 4.3 OOM

DGNN-GRU 79.06 ± 0.5 89.22 ± 3.6 94.65 ± 0.3 93.39 ± 0.1 93.40 ± 0.0 95.93 ± 0.0 86.83 ± 0.7 OOM

DGNN-TF 66.79 ± 1.9 82.42 ± 0.8 93.27 ± 0.1 92.35 ± 0.1 93.06 ± 0.0 95.50 ± 0.4 85.56 ± 4.3 OOM

WinGNN 98.11 ± 0.4 56.03 ± 11.0 95.74 ± 2.9 99.98 ± 0.0 97.38 ± 1.3 96.41 ± 5.4 OOM OOM

SimpleDyG 86.11 ± 1.3 70.34 ± 2.2 73.91 ± 1.1 86.72 ± 0.2 72.19 ± 0.3 71.66 ± 0.2 OOM OOM

FALCON 92.42 ± 0.8 88.64 ± 2.3 82.26 ± 0.8 97.71 ± 0.4 72.74 ± 1.5 63.67 ± 4.3 OOM OOM

Ours 98.84 ± 0.2 99.65 ± 0.0 99.97 ± 0.0 98.61 ± 0.0 97.84 ± 0.1 98.39 ± 1.6 98.60 ± 0.3 97.65 ± 0.1

MRR (↑)

EvolveGCN-H 8.17 ± 0.2 9.34 ± 0.3 10.48 ± 0.5 OOM OOM OOM OOM OOM

EvolveGCN-O 10.81 ± 0.5 10.04 ± 0.5 11.44 ± 0.5 OOM OOM OOM OOM OOM

Roland 11.84 ± 0.3 32.91 ± 0.3 33.16 ± 0.1 16.67 ± 0.4 36.21 ± 0.2 42.58 ± 1.5 OOM OOM

DGNN-LSTM OOM 17.31 ± 0.8 29.20 ± 0.2 OOM OOM OOM OOM OOM

DGNN-GRU OOM 18.10 ± 0.8 28.85 ± 0.9 OOM OOM OOM OOM OOM

DGNN-TF OOM 17.47 ± 1.9 23.03 ± 2.9 OOM OOM OOM OOM OOM

WinGNN 28.74 ± 0.4 36.20 ± 12.0 51.77 ± 2.1 18.00 ± 9.4 18.87 ± 8.3 28.49 ± 3.0 OOM OOM

SimpleDyG 14.76 ± 0.7 11.70 ± 0.9 27.47 ± 1.3 36.60 ± 0.5 40.92 ± 0.2 44.66 ± 0.2 OOM OOM

FALCON OOM 63.03 ± 5.4 73.03 ± 3.4 OOM OOM OOM OOM OOM

Ours 68.87 ± 2.1 95.01 ± 0.5 92.07 ± 0.3 62.56 ± 3.0 61.06 ± 3.6 52.98 ± 2.1 80.39 ± 1.4 46.26 ± 1.3

together with our time-aware filter. Compared to GNN-based mod-

els (EvolveGCN-H, EvolveGCN-O, Roland, andWinGNN), UnderGS

achieves up to 4.42% higher AUC performance, indicating that our

neighbor store with the temporal influence score provides more

influential temporal neighbors for structure learning than the tra-

ditional adjacency matrix. This further validates the importance of

temporal neighbors in DTDG representation, a factor often over-

looked by existing approaches. Additionally, UnderGS significantly

outperforms five sequence-based models (DGNN-LSTM, DGNN-

GRU, DGNN-Transformer, SimpleDyG, and FALCON), as they focus

primarily on temporal dependency modeling using preprocessed

structural features. In contrast, UnderGS directly learns evolving

graph structures by leveraging temporal neighbors, enabling a more

effective representation of the underlying DTDG structures.

Exp-2: Effectiveness on link ranking.We present the MRR re-

sults for link ranking in Table 2. UnderGS beats all nine baselines,

achieving an average improvement of 59.20% under the MRRmetric.

Notably, the performance gain in link ranking surpasses that in

link prediction, validating the effectiveness of UnderGS, as link

ranking requires higher-quality embeddings due to the complexity

of the task. Additionally, we observe that sequence-based models

perform better in more complex tasks compared to other base-

lines, suggesting that modeling temporal dependencies is crucial

for representation learning in DTDGs. In this regard, our neighbor

store efficiently manages influential temporal neighbors, capturing

evolving graph structures without requiring additional temporal

modules. Furthermore, the scalability of the four baseline models

(DGNN-LSTM, DGNN-GRU, DGNN-Transformer, and FALCON)

is significantly limited due to excessive GPU memory and stor-

age costs in more complex link ranking. Among comparative ap-

proaches, only UnderGS scales to two large dynamic graphs (e.g.,
the Stack-Overflow dataset with over 63 million edges and the

Wiki-Talk dataset with over 7 million edges), benefiting from its

lightweight training pipeline and less GPU memory usage.

5.3 Efficiency Evaluation
Weevaluate the efficiency of comparative approaches on six datasets

under two metrics (overall training time and per-epoch training

time). Since DGNN-LSTM, DGNN-GRU, and DGNN-Transformer

are all variants built upon DGNN and exhibit similar runtime across

both metrics, we present only the training time of DGNN-GRU.

Likewise, between EvolveGCN-H and EvolveGCN-O, we report re-

sults only for EvolveGCN-H. For our UnderGS, we use GCN neural

network.

Exp-3: Overall efficiency. Fig. 4a presents the overall training time

comparison, where comparative approaches employ the same early

stopping mechanism. UnderGS achieves up to 9× speed-up over the
best baseline, attributed to its lightweight training pipeline and sim-

ple network architecture. Among comparative approaches, Roland

exhibits the second-best training efficiency due to the gradient-

based temporal modules, which reduce model parameters and cor-

responding computational costs. In contrast, UnderGS eliminates

the need for explicit temporal modules by directly modeling tempo-

ral structure learning based on our neighbor store, thereby reduc-

ing the model parameters. This results in rapid convergence and

reduced computational costs, facilitating efficient learning while

preserving model expressiveness.

Exp-4: Efficiency per epoch. We present the per-epoch training

time of comparative approaches in Fig. 4b. UnderGS outperforms

the best competitor in time efficiency, achieving a speed-up of up

to 6×. This is due to the efficient neighbor store maintenance and

temporal structure learning based on GCN, which eliminates re-

dundant computations for insignificant neighbors and additional

aggregation weight parameters. Among the baselines, DGNN ex-

hibits the longest training time, as it requires two decoupled steps:

approximate propagation and temporal module learning, which

significantly increases training time and incurs preprocessing time.

These results highlight the potential of UnderGS for scalable dy-

namic graph modeling.
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Figure 4: Runtime comparison of comparative approaches over six datasets in terms of two metrics.
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Figure 5: Resource consumption of comparative approaches
as the number of snapshots selected from the Wiki-Talk
dataset increases during training.

5.4 Scalability Evaluation
Exp-5: Scalability under different percentages of snapshots.
We assess the scalability of comparative approaches on the Wiki-

Talk dataset by varying the proportion of training snapshots and

discarding any model that cannot finish a full epoch. We report

both the training time per snapshot and GPU memory usage in

Fig. 5. We can observe that (1) WinGNN and Roland quickly run

out of memory after processing only a few snapshots. This is due to

their reliance on large adjacency matrices and the accumulation of

gradients from previous snapshots during training. (2) The training

time for DGNN increases with the size of the snapshots, making it

less suitable for DTDG with large snapshots. In contrast, our Un-

derGS maintains relatively stable training costs regarding different

snapshot sizes. Notably, as shown in Fig. 5a, DGNN requires up to

123× more time per snapshot than UnderGS, benefiting from our

lightweight, batch-level training pipeline. (3) As shown in Fig. 5b,

DGNN and UnderGS consume similar amounts of GPU memory.

This is because DGNN offloads its first step (embedding generation)

to the CPU and only trains the second step on the GPU. In contrast,

UnderGS is an end-to-end approach and shows memory efficiency

due to our efficient neighbor store and simple network architecture.

5.5 Investigation of UnderGS
We investigate our UnderGS from four perspectives: module effec-

tiveness, training pipeline efficiency, parameter sensitivity, com-

patibility of six neural networks, and temporal influence score

effectiveness.

Exp-6: Effectiveness of each module.We assess the impact of

each module in UnderGS across eight datasets on link ranking task

by constructing five variants: (1) without the time-aware filter (“w/o

Filter"), (2) without snapshot decay (“w/o SD"), (3) without path

decay (“w/o PD"), (4) replacing our node importance score with

node degree (“w degree"), and (5) replacing our node importance

score with 𝑘-core value (“w core"). The results in Table 3 reveal the

following key findings: (1) Removing the time-aware filter leads to

an average performance drop of 4.35% in MRR. This is particularly

pronounced in dynamic graphs with sparse snapshots (please refer

to [61] for snapshot density visualization over these datasets). The

decline in performance in the “w/o Filter" variant aligns with our

discussion in Section 4.3.1 and supports our initial motivation. (2)

Removing snapshot decay reduces model performance by up to

82.30% in MRR. This suggests that without snapshot decay, histori-

cal neighbors may disproportionately impact temporal structure

learning, thereby distorting the model’s ability to capture evolv-

ing graph structures effectively. (3) UnderGS outperforms “w/o

PD", as path decay enables the model to prioritize recent neigh-

bors, enhancing temporal structure learning. (4) Node importance

plays a crucial role in maintaining the neighbor store, achieving

an average MRR performance gain of 26.18% and 9.29% compared

to degree-based and 𝑘-core scores, respectively. While 𝑘-core ef-

fectively quantifies structural cohesiveness, our node importance

measure serves as a soft constraint, capturing cohesiveness without

enforcing strict interconnections, making it adaptable to real-world

DTDGs. Additionally, our mechanism smoothly adjusts weights,

amplifying the influence of cohesive interactions while suppressing
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Table 3: Ablation study of UnderGS in terms of MRR (%) on link ranking task over eight datasets.

Dataset UCI-Message Bitcoin-Alpha Bitcoin-OTC Wikipedia Reddit-body Reddit-title Wiki-Talk Stack-Overflow

UnderGS 68.87 ± 2.1 95.01 ± 0.5 92.07 ± 0.3 62.56 ± 3.0 61.06 ± 3.6 52.98 ± 2.1 80.39 ± 1.4 46.26 ± 1.3

w/o Filter 68.13 ± 1.7 94.38 ± 0.4 90.85 ± 0.7 58.22 ± 2.3 57.16 ± 2.3 44.04 ± 7.6 79.64 ± 0.3 45.98 ± 2.7

w/o SD 19.89 ± 1.4 33.33 ± 5.4 16.30 ± 3.3 42.33 ± 3.4 15.68 ± 2.2 13.76 ± 0.5 45.35 ± 2.6 30.10 ± 0.5

w/o PD 66.02 ± 2.1 90.93 ± 1.1 88.90 ± 0.2 60.58 ± 2.2 45.40 ± 7.7 50.19 ± 8.3 78.30 ± 1.0 45.43 ± 1.9

w degree 65.49 ± 2.8 54.53 ± 0.8 65.55 ± 2.9 55.04 ± 1.8 49.78 ± 0.1 47.61 ± 6.0 73.48 ± 1.0 34.89 ± 4.1

w 𝑘-core 59.28 ± 1.9 87.34 ± 1.3 89.08 ± 0.8 56.27 ± 5.5 56.05 ± 1.9 46.14 ± 6.2 73.47 ± 1.5 45.52 ± 0.6

Table 4: Ablation study of our training pipeline under overall
training time and per-epoch training time.

Dataset Approach Overall training time (s) Per-epoch training time (s)

Reddit-body

w/o pipeline 1248.65 47.32

UnderGS 180.11 12.95

Improvement 6.93× 3.65×

Reddit-title

w/o pipeline 3931.41 262.17

UnderGS 378.13 25.21

Improvement 10.40× 10.44×

UCI

BABO

WK

RB RT

AUC

UCI

BABO

WK

RB RT

MRR
GCN GAT GraphSAGE GIN MLP Mixer Transformer

Figure 6: Performance of UnderGS with six different neural
networks under AUC and MRR on six datasets.

sparser ones, enabling the neighbor store to record evolving struc-

tures. By prioritizing influential temporal neighbors, our temporal

influence score differentiates our neighbor store from adjacency-

matrix-based neighbor management, leading to a more effective

representation of dynamic graph structures.

Exp-7: Efficiency of training pipeline.We assess the efficiency of

our lightweight training pipeline by training UnderGS in a snapshot-

by-snapshot manner, excluding the late-snapshot gradient aggre-

gation mechanism. We report both the overall training time and

per-epoch training time in Table 4. The results reveal that our light-

weight training pipeline accelerates model training by up to 10×
compared to its variant “w/o pipeline". This significant speed-up

highlights UnderGS’s efficiency in handling large dynamic graphs,

overcoming the computational bottlenecks of existing snapshot-

based training pipelines.

Exp-8: Effect of six neural networks and temporal influence
score. Our UnderGS framework is compatible with six message-

passing and non-message-passing neural networks, as discussed

in Section 4.3.2. To evaluate this, we conduct experiments using

four message-passing GNNs (i.e., GCN, GAT, GraphSAGE, GIN) and
two non-message-passing neural networks (i.e., MLP Mixer, Trans-

former) and report their performance across six datasets using two

GCN

MLP MixerGAT

GraphSAGE

GIN Transformer

AUC

GCN

MLP MixerGAT

GraphSAGE

GIN Transformer

MRR

w temporal influence score w/o temporal influence score

Figure 7: Ablation study of temporal influence score with six
different neural networks in AUC and MRR on the Reddit-
body dataset.

evaluation metrics. It is observed from Fig. 6 that the GCN exhibits

stable and superior performance across various dynamic graphs,

validating the effectiveness of our neighbor management. For the

GCN, our temporal influence scores serve as aggregation weights in-

stead of degree-based weights, enhancing temporal structure learn-

ing by considering structural and temporal properties. Although

MLP-Mixer and Transformer are not explicitly designed for graph

structures, they exhibit strong representation capabilities. This is

because they can capture global correlations while preserving local

structural relationships, thereby facilitating the learning of high-

quality embeddings. Additionally, GAT outperforms GraphSAGE

and GIN since GAT adaptively learns the relationships between

historical and current neighbors, effectively capturing the evolving

structures in DTDGs. Furthermore, as shown in Fig. 7, the removal

of our temporal influence score leads to a substantial decrease in

the performance of six neural networks regarding AUC and MRR.

This highlights the crucial role of the temporal influence score in

quantifying neighbor importance for temporal structure learning in

both message-passing and non-message-passing neural networks.

5.6 Case Study
Exp-9: Visualization of the temporal-cohesive neighbor store.
As shown in Fig. 8b, we visualize the contents of our neighbor store

and the corresponding adjacency matrix for this subgraph, setting

𝐾 = 8 and 𝐿 = 1. Visualizations reveal that our neighbor store pre-

serves𝐾 neighbors, including both current neighbors and historical

neighbors. For example, a node with ID 2 has only three one-hop

neighbors in the 8-th snapshot (Fig. 8a), whereas our neighbor store

stores eight neighbors, including both current and historical ones,

as shown in Fig. 8b (first row). Furthermore, the temporal influence
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(a) Adjacency Matrix (b) Our Neighbor Store

Figure 8: Illustration of the adjacency matrix and temporal-
cohesive neighbor store for a selected subgraph of the UCI.

scores presented in Fig. 8b reveal substantial differences among

current-historical neighbors and current-current neighbors (see the

color distribution), which help quantify interaction importance and

understand the evolving graph structures. In contrast, the adjacency

matrix maintains neighbors within current snapshot, using binary

connectivity signals. Thus, our temporal-cohesive neighbor store

offers a more effective neighbor management strategy for DTDGs.

5.7 Training Framework Evaluation
We evaluate the efficiency of our training framework with the

temporal-cohesive neighbor store by comparing UnderGS with the

TGL framework using its temporal sampler [59]. For TGL, it adopts

snapshot-level temporal sampling and applies uniform sampling for

each snapshot, as all interactions in a snapshot co-occur. We incor-

porate our late-snapshot gradient aggregation into TGL to prevent

information leakage. UnderGS uses GCN for neighbor aggregation

while TGL employs DySAT (the only snapshot-based temporal GNN

supported in TGL). We report results on three datasets regarding

five metrics in Table 5. Note that we provide a theoretical analysis

and complexity comparison between our neighbor store and the

temporal sampler of TGL in Section 3 of the technical report.

Exp-10: Efficiency of our neighbor management. For the per-
epoch sampling time, UnderGS accounts for computing temporal

influence scores and maintaining the neighbor store; TGL refers to

the sampling time. It is observed that our neighbor store achieves

two orders of magnitude speed-up across three datasets. This arises

from design differences: TGL uniformly samples a fixed number of

neighbors per snapshot, requiring𝑂 (𝑡) sampling for node represen-

tations at time 𝑡 , which scales poorly with large numbers of DTDG

snapshots. In contrast, UnderGS maintains a temporal-cohesive

neighbor store caching the top-𝐾 temporal neighbors, enabling

𝑂 (1) neighbor access and incremental updates as snapshots or

batches evolve, thus greatly reducing sampling overhead.

Exp-11: Effectiveness and efficiency of our training frame-
work. UnderGS outperforms the TGL framework regarding AUC

andMRR, achieving an average improvement of 24.07% across three

datasets. Although TGL accesses both historical and current neigh-

bors, it overlooks the snapshot property and fails to distinguish

Table 5: Comparison between UnderGS and TGL regarding
five metrics across three datasets. “OOM" indicates an out-of-
memory error in our environment.

Metric Dataset Wikipedia Reddit-body Reddit-title

AUC (%)

UnderGS 98.61 ± 0.0 97.84 ± 0.1 98.39 ± 1.6

TGL 83.38 ± 1.6 97.79 ± 0.1 98.13 ± 0.3

MRR (%)

UnderGS 62.56 ± 3.0 61.06 ± 3.6 52.98 ± 2.1

TGL 40.38 ± 2.7 31.83 ± 2.8 OOM

Per-epoch sampling time (s)

UnderGS 1.32 5.04 10.56

TGL 271.09 170.56 461.59

Per-epoch training time (s)

UnderGS 8.44 12.95 25.21

TGL 3470.15 1755.36 3774.90

Overall training time (s)

UnderGS 112.88 180.11 378.13

TGL 38171.62 35107.17 41523.87

between them, making it difficult to capture the underlying tem-

poral evolution of discrete-time dynamic graphs. Furthermore, Un-

derGS achieves an average 94× speed-up through its GPU-resident

neighbor store, simple neural architecture, and lightweight training

pipeline. In contrast, TGL stores the dynamic graph in CPU mem-

ory and transfers sampled subgraphs to the GPU at each iteration,

incurring substantial CPU–GPU transfer overhead. Moreover, TGL

with DySAT depends on an auxiliary RNN model to capture tempo-

ral dependencies, whereas UnderGS stores temporal awareness via

the temporal influence score without such an additional module.

6 CONCLUSION
In this paper, we explore a scalable and efficient framework for

large discrete-time dynamic graph representation. Unlike existing

approaches that rely on adjacency-matrix-based neighbor manage-

ment, we propose a temporal-cohesive neighbor store to efficiently

preserve influential temporal neighbors for each node directly on

the GPU. To achieve this, we define a temporal influence score as

the maintenance rule, which accounts for three key factors: node

importance, path length, and interaction time. We provide a the-

oretical analysis demonstrating that our neighbor store satisfies

three essential properties: temporal awareness, cohesiveness, and

structural awareness. Our temporal-cohesive neighbor store is de-

signed to be model-agnostic, enabling seamless compatibility with

six neural networks. Combined with a time-aware filter, this allows

UnderGS to effectively capture evolving structures across consecu-

tive snapshots. Furthermore, we introduce a lightweight training

pipeline with a late-snapshot gradient aggregation mechanism, im-

proving computational efficiency while preventing information

leakage. Extensive experiments across eight datasets validate the ef-

fectiveness, compatibility, efficiency, and scalability of our UnderGS

in discrete-time dynamic graph representation learning.
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