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Abstract

Temporal embeddings play a crucial role in dy-
namic graph neural networks (DGNNs) by captur-
ing the temporal dynamics of interactions. How-
ever, existing Random Fourier Feature (RFF)-based
methods in DGNNs directly sample Fourier fre-
quencies from a fixed, data-independent distri-
bution p(w), neglecting the temporal characteris-
tics of dynamic graphs and thereby limiting rep-
resentational capacity. We propose DEEPSTE, a
deep spectral temporal embedding framework for
dynamic graphs. DEEPSTE learns RFF repre-
sentations via Monte Carlo importance sampling
with a tractable proposal distribution ¢(w) (e.g.,
Gaussian) to approximate the feature map of
a shift-invariant or positive-definite kernel whose
latent spectral density is analytically intractable.
DEEPSTE adopts a data-dependent scale parameter
7, estimated from interaction intervals, to construct
the frequency proposal distribution ¢(w) reflecting
time—frequency uncertainty. The frequency DNN
fu and the importance-weighting DNN gy, ini-
tialized from g(w), are jointly optimized to model
the importance-sampled spectral representation and
learn adaptive temporal features. Experiments
demonstrate the effectiveness of DEEPSTE on dy-
namic link prediction and node classification tasks,
while also revealing insights such as temporal em-
bedding decay and accelerated convergence.

1 Introduction

Dynamic graphs are prevalent in real-life systems such as
social networks, recommender systems, biological interac-
tomes, and financial transaction networks, where the topo-
logical structure evolves over time [Kazemi er al., 2020;
Pareja et al., 2020; Rossi et al., 2020; Wang et al., 2021a;
Lu et al., 2022; Zhang et al., 2022; Huang et al., 2023;
Qian et al., 2024; Huang et al., 2025; Yuan et al., 2025].
However, representation learning on dynamic graphs poses
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significant challenges due to continuous temporal dynam-
ics and evolving graph topology, in contrast to the static
and time-invariant nature-of conventional graphs [Kipf and
Welling, 2016; Velickovié et al., 2017; Ying et al., 2018;
Xu et al., 2020]. Dynamic graph neural networks (DGNNs),
such as TGAT [Xu et al., 2020], TGN [Rossi et al., 20201,
APAN [Wang et al., 2021a], CAWN [Wang e al., 2021b],
and SimpleDyG [Wu et al., 2024], model dynamic graphs
by aggregating information from temporal neighbors. A core
component of these models is the temporal embedding ker-
nel, which encodes continuous time to capture latent tem-
poral patterns. For example, on e-commerce platforms, pur-
chases typically reflect long-term interests, while views cap-
ture short-term preferences. Since older interactions may be
less relevant to the current topology, modeling temporal rele-
vance is crucial for accurate recommendation.

Kernel methods, such as Support Vector Machines, of-
fer strong theoretical guarantees and effectively approximate
complex nonlinear decision boundaries. However, their scal-
ability to large dynamic graphs is hindered by the high com-
putational and memory overhead of nonlinear kernel evalu-
ations [Joachims, 2006; Cortes et al., 2010; Si et al., 2017;
Li et al., 2019]. Random Fourier Features (RFFs) approx-
imate shift-invariant kernels by mapping input data into a
randomized feature space via Monte Carlo direct sampling
from the prior spectral distribution, e.g., Gaussian and
Laplacian kernels. This enables scalable learning by
replacing costly kernel matrix decomposition with explicit
mappings, allowing efficient linear methods to approximate
nonlinear models [Rahimi and Recht, 2007]. To address the
limitation of positional encoding in self-attention, which cap-
tures discrete orderings but fails to model continuous time,
[Xu et al., 2019] propose a translation-invariant time kernel
based on RFFs that embeds time spans into high-dimensional
representations and enables self-attention to capture temporal
patterns. TGAT adopts a learnable linear projection to ap-
proximate the frequency components of the Fourier basis in
RFFs, enabling the model to dynamically learn the spectral
distribution [Xu et al., 2020]. These RFF methods have been
widely incorporated into DGNNs to model temporal dynam-
ics in continuous-time edges [Wu et al., 2024].

Despite their success, existing RFF-based methods in



PRELIMINARY PREPRINT VERSION - DO NOT CITE
This is not the version of record. The final version will appear in the Proceedings of JCAI-ECAI 2026.

DGNN:Ss struggle with two fundamental challenges.

e Data-Independent Direct Sampling. Existing RFF-based
methods sample Fourier frequencies from a fixed, data-
independent distribution, neglecting the latent, analytically
intractable spectral distribution. This limits the expressive-
ness of the RFF representations and prevents adaptation
to real-world dynamic graphs with complex temporal pat-
terns [Li ef al., 2019; Xu et al., 2019; Chung ef al., 2025].

o Shallow Temporal Embeddings. Merely using a single lin-
ear layer to approximate the frequency component in vanilla
RFFs is insufficient to capture complex temporal patterns in
dynamic graphs. This limited model depth constrains the
ability to learn adaptive temporal embeddings that accurately
represent continuous-time edge dynamics.

To address the aforementioned challenges, we propose
DEEPSTE, a novel DEEP Spectral Temporal Embedding
framework for dynamic graph representation learning, which
introduces the following two key advances:

e Data-dependent Importance Sampling. To approximate the
analytically intractable spectral density distribution in real-
world dynamic graphs, DEEPSTE constructs RFFs via Monte
Carlo importance sampling with a tractable, data-dependent
proposal distribution (e.g., Gaussian), which is estimated
from the empirical distribution of interaction time intervals
and reflects the time—frequency uncertainty principle.

o Adaptive Temporal Features. DEEPSTE employs mul-
tilayer perceptrons (MLPs) to learn adaptive temporal em-
beddings. Guaranteed by the generalization error bounds
we establish, the frequency DNN and importance-weighting
DNN are jointly optimized to approximate non-analytic fre-
quency and importance weighting patterns in importance-
sampled RFFs, enabling DEEPSTE to capture temporal dy-
namics through the learnable DNN components. Contribu-
tions can be summarized as follows:

* We propose DEEPSTE, a novel deep spectral tempo-
ral embedding for dynamic graphs, which reformulates
RFFs via data-dependent Monte Carlo importance sam-
pling estimated from interaction time intervals and con-
sistent with the time—frequency uncertainty principle.

* We establish generalization error bounds that guarantee
the DEEPSTE design, which employs a frequency ini-
tialization DNN and an importance-weighting DNN to
approximate shift-invariant positive-definite kernels, en-
abling the learning of adaptive temporal embeddings.

» Extensive experiments on dynamic graphs show that
DEEPSTE improves the dynamic link prediction and
node classification tasks by 2.32% and 1.32%, respec-
tively, while uncovering insights on DNN depth, tempo-
ral embedding decay effect, and faster convergence.

2 Preliminaries

Dynamic Graphs. A dynamic graph over continuous time
t € (0,T), denoted G(t) = (V(t),E(t)), is defined by a time-
ordered sequence of edge events: X (£)= (z(t1),...,x(ty)).
Each event x(t;) € X (t) represents an interaction between
nodes u; and v; at time ¢; with edge feature e; € R®, z(t;) =
(u;,v;, €;,t;). The set of neighbors of a node u € V(t) at time
t is defined as Ny, (¢) ={v | (u,v) € E(t)}.

RFFs-based Temporal Embedding. The temporal embed-
ding function ¢(¢) in DGNNs maps the continuous-time
t € R into a d-dimensional vector space, ¢ : R — R% [Xu
et al., 2019; Xu et al., 2021]. Random Fourier Features
(RFFs) explicitly map inputs into a low-dimensional fea-
ture space via Monte Carlo direct sampling from the ker-
nel’s prior spectral distribution, resulting in the approxi-
mation k(t1,t2) =~ z(t1)'z(t2) [Rahimi and Recht, 2007;
Xu et al., 2019]. Based on Bochner’s theorem, any contin-
uous, shift-invariant and positive-definite kernel k(ty,t5) =
k(t; — t2) on R? can be represented as the Fourier trans-
form of a non-negative finite measure. Specifically, if k is
integrable, we have k(t; — t2) = [pe™1)p(w)dw =
Eu[€w(t1)&, (t2)*] with spectral density p(w), feature map
£.(t) = €™, and * for complex conjugation. For the
real part Re(k(t; — t2)), we have E,; [cos (w(t; —t2))] =
E,, [cos(wty) cos(wtz) + sin(wty)sin(wtz)] . This motivates
mapping time into a finite-dimensional random feature space:

B (t) == \/g [cos(wrt), sin(wit),. .., cos(wqt), sin(wqt)] ,

iid. , L
where w; '~ p(w). By Mercer’s theorem, periodic,
translation-invariant kernels admit a Fourier decomposition
k(t1,t2) = Z;il ¢; z;(t1) z;(t2), where ¢; are Fourier coef-
ficients and {z; } are the corresponding eigenfunctions. This
leads to the Mercer random feature map:

it

jmt . ]
oM (t):=]..., /25 COS(T), VC2jt1 Sln(7)7 o
where c; are the kernel’s Fourier coefficients. Truncating the

expansion and combining multiple frequencies yields the fi-
nal Mercer temporal embedding function as follows:

oM(t) = [@1(0), - ol ()] -
3 Deep Spectral Temporal Embeddings

In this section, we present DEEPSTE, a framework that in-
tegrates data-dependent Monte Carlo importance sampling
with adaptive temporal embeddings learned via DNNGs.

3.1 Data-dependent Importance Sampling

Temporal Embedding. By Bochner’s theorem, a contin-
uous, shift-invariant kernel k(t1,t2) = k(t1 — t2) admits
the Fourier representation, k(t; — t3) = (¢(t1), d(t2)) =
Jp e tr—t2) % q(w) dw, where g(w) is a proposal distribu-

tion and w(w) = % is the importance weight with spectral
density p(w). By estimating the real part of the above inte-

gral, we obtain the Bochner Fourier features:

8 (0) =[S [ cos@ont). . ieosteut),
Varsinet)....., yasin(wat))

where w; "% q(w) and w; = ZEZ? '

For the mercer embedding, we reformulate the kernel
as an importance-weighted expectation with Fourier coeffi-
cients encoded in the spectral density implicitly, k(t1,t2) =
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Proposal Distribution ~PDF Variance

Gaussian N(0,02) ﬁexp <—%) o2

Laplace(0,b) 2 €Xp (7%) 2b2

Cauchy(0, —1 -
uchy(0,7) ﬂ7(1+%

Table 1: Common proposal distributions g(w) and their probability
density functions (PDFs) and variances.

Eosmq(w) [qgwg Zy(t1) Zw(t2)]. Thus, we obtain the Mercer
Fourier features with frequency w and importance weights:

PM(t) = [ @cos(Jﬂt), ,/wQJHsm(]”t),...},

where w] xcj E 7; denote the importance weight g E 7; com-

bined with the Fourier coefficient ¢;. The full Mercer feature
map is constructed by concatenating the sampled blocks cor-
responding to different frequency components:

Phro(t) = [0 (1), ¢ (1), ..., o], @

where w; l'kil'q(w), each gzbﬁ;‘ (t) is a spectral embedding asso-
ciated with the periodic kernel component k,, ;.
Data-dependent Proposal Distributions ¢(w). Specifically,
DEEPSTE uses Gaussian, Laplacian, and Cauchy
distributions as proposal distributions g(w), chosen for their
analytical tractability and complementary spectral properties,
as summarized in Table 1. The scale parameter of the pro-
posal distribution g(w) controls the spectral bandwidth and
influences the range of frequencies sampled. Instead of us-
ing a fixed parameter, we adopt an adaptive data-dependent
approach and learn it jointly with the model. To approximate
the latent spectral properties of dynamic graphs, we estimate
the scale parameter from the empirical distribution of interac-
tion time intervals. According to Claim 1 in [Li ef al., 20191,
the optimal frequency sampling distribution satisfies

q(w) o fo(—20F|w]|?), 3)

where f.(-) is a positive monotonically increasing function
that also depends on the kernel bandwidth, a% denotes the
variance of the time-interval distribution. This form shows
that o directly controls the spectral concentration of ¢(w),
with larger o7 leading to a sharper decay in w and thus a more
low-frequency—concentrated distribution, consistent with the
time—frequency uncertainty principle.

Thus, given a set of i.i.d. normalized time intervals AT =
{Aty, ..., At,} between nodes and their temporal neighbors
in dynamic graphs, we rescale the empirical temporal disper-

sion as o = 4/ Var(AT) 4+ h?/h, where Var(AT') denotes
the empirical variance and h = 1 is a small constant intro-
duced to prevent degenerate scaling and ensure numerical sta-
bility. Since prior results suggest that the spectral concentra-
tion of ¢(w) increases (i.e., corresponding to a smaller scale
parameter) with the temporal variance a%, the scale of the
frequency-domain proposal should decrease accordingly. We

therefore adapt the scale parameter nr € {c,b, v} according
to the inverse relation Std(w) ~ é In practice, we adopt

nr =mno/or, “)
where 7 is a base scale controlling the spectral width. Con-
sequently, the resulting proposal distribution ¢(w) adapts to
empirical temporal statistics, yielding a data-dependent dis-
tribution motivated by Fourier uncertainty intuition governing
the spectral behavior with respect to temporal dispersion.

3.2 Learning Adaptive Features via DNNs

To handle complex frequency distributions, and high-
dimensional features in importance-sampled RFFs, we use
MLPs to jointly learn frequencies and their importance
weights in an adaptive manner. By the Universal Approxi-
mation Theorem [Hornik et al., 1989; Lu et al., 20171, there
exists an MLP f can approximate the function with an error
bounded by sup,¢y | f(z) —¢(z)] < €. We state the follow-
ing claim, which provides guidelines for constructing DNN-
based RFFs with a guaranteed error bound (see Appendix).
Claim 1. Let X C R be compact, and let k : R xR—R be
a continuous, shift—invariant, positive-definite kernel, weights
wi=p(w;)/q(wi) <W, o2  :==Eqw ( )2w?). Let f(t) be the

DNN feature map: If € < 2C(W+f)(\ﬁ+1)’ then
f(t2) = k(t1,12)] > )

IIlaX d€2
<4\/70'pq exp(—W)

Proof Sketch. The key is to decompose the DNN kernel ap-
proximation error via an intermediate RFF map:

|f(t) f(t2) = k(t1, t2))|
= ‘f(fl)'f(tz) — B(t1) d(t2) + ¢(t1) p(t2) — k(tlatz)‘
< |p(t1) d(ta) — k(tr, t2)| + | f(£2) f(E2) — (t1) p(t2)],

@ RFF sampling error ® DNN approximation error

Pr( s, [7(1)
tito€X

(&)

corresponding to the RFF sampling error and the DNN ap-
proximation error, respectively, by the triangle inequality.

© Based on prior work [Rahimi and Recht, 2007; Xu et al.,
2019], and by Hoeffding’s inequality, we derive the former,

. . . .. o 2t max de?
which attains its minimum at N*=o0,, , 4/ =22 exp (16—;‘,2> .
® For the DNN approximation error, exploiting the 1-

L1psch1tz property of trigonometric functions, we obtain
‘ g €os wz ngCOS(fw 1( ))| < % fw,i(t)*wit|+
\gw,i— VI < Y e, < (YE)e, ¢ =

max{e,, €,, }. Applying the Euclidean norm ||-||, and the in-
equality va+b+c < va+vVb++/c, gives || f(t)—o(t)] <
CL(VW +Vd)e'. As [[o(t)|| < VW, [If(1)]| < C2(VWV +

1), utilizing the Cauchy-Schwarz inequality, we obtain
supy, rex |f(t1) f(t2) = (1) ¢(t2)| <supy, y,ex [1f (1) -

o[ fE)I + o)l f(t2) — d(t2)| < C(VW +
! s / €

VA (VW + 1) < €/2, gives ¢ < SOV (D

where C' = C(C3+1) absorbs all normalization and norm-

aggregation constants. O
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Algorithm 1: Training process of DEEPSTE Dataset # Nodes # Edges dy dp tmaz OT
Input: Dynamic graph G(V(t), £(t)); proposal UCI 2K 60K 172 100 1.67x 107 3.26
distribution g(w); frequency DNN f,,, and Wikipedia OK 157K 172 172 2.68x10% 1.45
importance-weighting gy . MOOC 7K 412K 172 4 2.57x106 1.75

1 Scale parameter nr with Eq. (4). USLegis IK 60K 172 1 1.10x10' 1.01
2 for each layer | = 1,..., L do StackOverflow 201K~ 5M 172 172 6.73x 107 1.19

3 Sample weight parameters W) ~ q(w; n21).
Initialize layer [ in f,, and g with weights W),

4

s end

¢ for iterations from 1 to I do

7 for number of steps do

8 Batch time intervals T, = (Aty, ..., Aty).

9 Spectral temporal embedding ¢pnn (7p) using
Bochner Eq. (6) or Mercer Eq. (7).

10 Compute DGNN model loss function Lg.

11 Update DNNs f,, gw via V¢, Lg, Vg, Lg.

12 end

13 end

Guided by the existing analysis, the importance-sampled
Bochner RFF gbilfnp (t) in Equation (1) consists of two com-
ponents: frequencies sampled from the proposal distribution
and their corresponding importance weights. Thus, we em-
ploy two DNNs: a frequency DNN £, : R — R? to simu-
late frequency components w, and an importance-weighting
gw : R?? — R to approximate the square root of correspond-
ing importance weights, \/w(w)/d. To incorporate both the
proposal distribution and the data-dependent scale parameter,
we initialize the DNN weights using samples from ¢(w), aim=
ing to better approximate the underlying sample features. The
DEEPSTE Bochner temporal embedding is defined as:

SDNN () 1= gw ([cos(fu (1)) @ sin(fu (t))]) €R?,  (6)

where @ denotes vector concatenation.
Correspondingly, for the importance-sampled Mercer RFF
qﬁﬁﬁp(t) with m Fourier components as introduced in Equa-

tion (2), the frequency DNN f,,,;R — RY/™ where dmodm =
0, is responsible for learning the reciprocal of spectral fre-
quencies, -. The importance-weighting gw : R?* — R? aims
to approximate the square root of the importance weights
combined with the Fourier coefficients, /cw(w). The DEEP-
STE Mercer temporal embedding is defined as:

¢$ANN(t) i=gw ([cos (7 fu(t) ® - ®mrfu(t)) &
sin (mfu(t) & - & mm fu(1))]) € RY.
The harmonic components {k f,,(t) }}", correspond to mul-
tiples of the learned base frequency, facilitating approxima-
tion of the kernel’s spectral density. The cosine and sine terms
form a 2d-dimensional intermediate representation, which is

transformed by gy to yield the final embedding. Algorithm 1
presents the training procedure of DEEPSTE.

@)

4 Experimental Evaluation

4.1 Experimental Settings

Datasets. The five benchmark datasets, including four
small-scale and one large-scale, with time spans of up to

Table 2: Statistics of the datasets used in the experiments.

107 are summarized in Table 2 and introduced in Ap-
pendix. For transductive tasks, graphs are chronologically
split 70%/15%/15% for training/validation/testing. For in-
ductive tasks, 10% of nodes are masked as unseen, consistent
with previous work.

Baselines. We compare DEEPSTE against 5 state-of-the-art
temporal embedding methods commonly used in DGNNs,
including: the TGAT-Timer [Xu er al., 2020], RNN [Cho
et al., 2014], Attention [Vaswani et al., 20171, and two
advanced spectral temporal embedding: Sampling-Bochner
and Sampling-Mercer [Xu er al., 2019; Xu et al., 2020].
All baselines are built upon six representative backbone
DGNNs—including attention-based (e.g., TGAT, APAN),
memory-augmented (e.g., TGN), and motif-based models
(e.g., CAWN)—as well as two efficient DGNN frameworks,
DyG [Wu er al., 2024] and TGL [Zhou erf al., 2022], with
ROC AUC used as the evaluation metric.
Hyparparameters. The base scale parameter 7y in Equa-
tion (4) is set to 0.01. The m in the DEEPSTE-Mercer (7)
is set to 4 to evenly partition the embedding dimension. The
hidden dimension of the DGNNSs is set to 128. The learning
rate is set to 0.001, and early stopping is applied with a pa-
tience of 3 epochs over 3 runs. Detailed configurations are
in the appendix. Experiments were conducted on NVIDIA
A800 GPUs. The code for DEEPSTE is publicly available at
https://github.com/johnnyhuangcs/DeepSTE.

4.2 Main Results

This section summarizes the experimental results for the dy-
namic link prediction and node classification tasks.

Dynamic Link Prediction. We compare DEEPSTE against
baseline temporal embeddings under both transductive and
inductive settings on 4 backbone DGNNs. As shown in Ta-
ble 3, DEEPSTE consistently outperforms all baseline tem-
poral embeddings across all settings and datasets on all 4
backbone DGNNSs, achieving the highest ROC AUC scores.
For TGAT, DEEPSTE-Mercer achieves the most significant
improvement on the USLegis dataset, yielding an 11.24%
increase in ROC AUC over the best-performing baseline
(TGAT-Timer). The average improvement on TGAT across
all datasets is 5.66%. DEEPSTE consistently outperforms
the best baselines across three DGNNs (TGN, CAWN, and
APAN), with an average increase of 2.32% across all models
and datasets, demonstrating its effectiveness in dynamic link
prediction. Notably, on TGAT, DEEPSTE-Mercer achieves
the highest ROC AUC scores on 7 out of 8 datasets across
both transductive and inductive settings, whereas DEEPSTE-
Bochner attains the top score on only one time. How-
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. \ Transductive \ Inductive
DGNN Time Encoder — - — -
| UCI  Wikipedia MOOC  USLegis | UCI ~ Wikipedia MOOC  USLegis
TGAT-Timer 76.71 032 75.54+048 60.23+046 60.16+137|67.54+0.08 75.39x065 57.40=x055 56.07 +1.36
RNN 75.51£151 75.04 +040 60.70+0.23 48.47 +180|71.15+045 74.09+027 60.15+080 54.84 +1.98
Attention 54.97 +197 73.30x0.13 55.60+034 43.35+049(51.93+1.19 72.11x0.15 54.20+075 43.70+0.21
TGAT Sampling-Bochner [61.81+136 72.17+027 59.66+1.84 50.83 +123|58.46+139 71.01x041 57.40:033 49.20+1.62
Sampling-Mercer |73.16+196 73.54+0.06 59.93 +144 55.94+134]69.03 161 75.82x0.14 58.05+3.00 55.77 +032
DEEPSTE-Bochner |81.16 + 1.76 80.44 +0.53 60.61+0.17 61.48 +045|77.76 +2.77 78.82 +0.36 60.37 +0.09 55.09 +1.28
DEEPSTE-Mercer |83.02:1.90 80.47 +0.08 61.10+0.04 71.40+1.43|80.09 £0.62 78.62 £0.23 61.20 £0.00 65.50 +0.31
TGAT-Timer 87.52+141 92.50+275 87.33+0.77 80.86+0.08|78.81+1.68 90.86+1.68 84.46+0.76 59.71+0.69
RNN 87.23+029 95.81+003 88.67+0.13 77.55+0.17|83.86 008 95.31 002 87.69 +0.83 55.58 +1.40
Attention 85.74 +0.08 95.70+003 87.74+030 74.58 +0.19]|82.20+0.83 95.17x0.01 87.03+037 59.89+0.70
TGN  Sampling-Bochner |86.41+0.16 95.56+007 78.15+1.68 78.44+033|82.72+0.12 94.83+0.04 76.80+1.83 59.98 +0.06
Sampling-Mercer |86.74+0.10 95.69x003 85.08 <042 76.31+0.60|83.07+027 95.04+003 85.88+029 60.23 +073
DEEPSTE-Bochner | 90.89 + 0.14 98.27 +0.00 91.63+0.53 81.23 +0.06|85.95+2.06 95.45 +026 88.43 +1.62 60.68 + 1.44
DEEPSTE-Mercer |89.23 +0.12 97.84 024 89.15+1.75 81.27+0.36|85.18 +0.83 95.58 +0.64 87.35+1.49 58.82+134
TGAT-Timer 86.69 £0.00 97.12+£0.03 67.02 002 69.40+0.12|85.56 005 97.14+0.06 66.46+0.15 72.36x0.12
RNN 85.11+002 97.17+001 66.37+0.11 84.59+0.11|85.02£004 97.18 001 65.86+0.08 87.45+0.07
Attention 82.75+0.02 96.52 003 60.97 +0.08 69.07+037|81.39+004 96.31 £000 59.07 +0.14 71.94+0.24
CAWN Sampling-Bochner |85.32+029 96.94 +0.01 63.40+022 74.37 £0.60 | 85.42+030 96.96+0.00 63.49+024 78.1520.13
Sampling-Mercer |83.99:0.05 96.87+005 63.43x0.16 75.56=082|83.94x012 9690001 63.49:025 78.79 +034
DEEPSTE-Bochner | 86.45 +0.10 97.63+0.02 67.22 +0.03 86.02 +0.14|86.20 + 0.13 97.64 +0.01 67.87 +0.16 87.96 +0.17
DEEPSTE-Mercer |87.08+0.04 97.57 £0.02 67.63 +0.03 86.55+0.23|86.38+0.16 97.59 £0.00 68.46 +0.02 88.22 +0.04
TGAT-Timer 75.75+061 84.45+1.49 98.98+008 75.95£092|84.01+029 84.09+185 99.07=+023 74.50=+1.69
RNN 73.12 062 86.93+236 98.10+1.14 74.75+170|82.26+0.75 87.27+1.48 98.10x122 82.31+0.96
Attention 71.59 £047 90.69 +091 99.29 1004 72.47 £1.07|79.25+022 92.01+2.13 99.34+0.03 80.10+2.76
APAN Sampling-Bochner |74.37 +1.80 85.54+031 85.58+1.00 71.03 £1.25|82.56+135 86.50=2.01 80.58=+1.10 71.24 +1.76
Sampling-Mercer |76.35 +051 87.95+178 98.72+021 68.52+1.74|83.75+011 90.69 +188 99.40 + 0.04 64.72 +1.06
DEEPSTE-Bochner |76.38 +0.98 90.69 +0.18 99.27 +0.23 79.94 +1.14 | 84.30 = 1.21 93.77 £0.79 99.32 +0.03 83.82:1.82
DEEPSTE-Mercer |76.19x026 91.04 +2.65 99.35+0.06 79.65 + 1.35/85.03+0.15 92.09 +1.27 99.41 +0.13 82.66 + 2.85

Table 3: ROC AUC results of DGNNs on the dynamic link prediction task across benchmark datasets under transductive and inductive
settings. The best, second-best results are highlighted in bold, underlined, respectively.

Transductive Inductive

DyG TGL-TGN = DyG TGL-TGN

Time Encoder

TGAT-Timer 84.33+021 88.52%0.12.67.28 £0.24 67.31 +0.11

RNN 82.46 +0.02 87.02+0.00 64.91 +0.17 61.99 + 0.66
Attention 77.67 £0.60 88.26+0.01 59.14 120 66.57 +0.10
Sampling-B. 82.23x0.61 88.84+0.06 60.97 +1.08 66.02 +0.03
Sampling-M. 82.80£0.31 89.06+0.08 63.33£2.04 67.27 x0.10
DeepSTE-B. 85.64 +0.00 89.46 +0.93 68.41 +0.25 67.75 + 0.19
DeepSTE-M. 85.34 +0.16 89.65 +0.06 68.61 +0.35 68.24 = 0.11

Table 4: Link prediction performance of time encoders on the large
StackOverflow dataset with the efficient DyG and TGL-TGN.

ever, on TGN, DEEPSTE-Bochner achieves more top scores
than DEEPSTE-Mercer. DEEPSTE-Bochner and DEEPSTE-
Mercer achieve the highest ROC AUC scores 13 and 19 times,
respectively, across all settings. This suggests that DEEP-
STE-Mercer appears to be more effective at capturing tem-
poral dynamics than DEEPSTE-Bochner. For the baseline
temporal embedding methods, we observe that the spectral-

temporal method Sampling-Mercer achieves the second-best
ROC AUC score three times, while TGAT-Timer and RNN
each achieve it twice. Spectral temporal methods appear to
be more effective than classical temporal embeddings.

We further evaluate our method on large-scale dynamic
graphs using efficient DGNN models (e.g., DyG and TGL-
TGN) whose training time does not exceed 10,000 seconds
(see appendix for details). As shown in Table 4, our pro-
posed DEEPSTE achieves an average accuracy improvement
of 1.04% over the strongest baselines, with a maximum im-
provement of 1.33%, demonstrating its effectiveness on large
dynamic graphs and recent efficient DGNNss.

Dynamic Node Classification. Table 5 shows dynamic node
classification results on Wikipedia and MOOC, which have
node labels. DEEPSTE consistently achieves the best re-
sults across various settings and datasets, generally outper-
forming baseline temporal embedding methods. DEEPSTE-
Mercer yields its largest performance gain on the MOOC
dataset when integrated with the TGAT DGNN backbone,
showing a 5.34% increase in ROC AUC compared to the
best-performing baseline, Sampling-Mercer. On average, it
achieves a 1.32% improvement across all datasets. Similar to
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TGAT TGN CAWN APAN
Time Encoder . . . .
Wikipedia MOOC Wikipedia MOOC Wikipedia MOOC Wikipedia MOOC

TGAT-Timer T7.19+168 54241024 87.74x064 61.58+020 77.33:091 63.56x007 85.02+006 66.21=x0.10
RNN 75.57+186 56.30+025 84.91+209 59.28+147 76.05+017 64.58+005 82.89+029 66.52+127
Attention 76.54+125 5494+026 83.25+137 61.41+191 76.20x019 64.76+068 84.66+086 67.83+049
Sampling-Bochner  76.63+1.64 55.68:072 87.07x120 58.95:049 75.88x012 63.89x002 82.60x064 65.87033
Sampling-Mercer 75.86x059 56.43x009 87.05x065 57.54x080 74.92:074 63.76:x051 82.39:033 68.28=+0.72
DEEPSTE-Bochner 77.93+192 60.66+052 88.07+0.18 61.08x022 77.78+088 065.22+112 84.67+036 68.36=0.38
DEEPSTE-Mercer 77.51 100 61.77 062 88.42:045 62.09:015 77.80:074 66.87+053 85.63:037 67.64+043

Table 5: ROC AUC results on the dynamic node classification task using various time encoders evaluated on the Wikipedia and MOOC
datasets. The best, second-best results are highlighted in bold, underlined, respectively.
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(d) DEEPSTE spectral temporal embedding decay effect.

Figure 1: Analysis of key factors in DEEPSTE-Bochner influencing TGN performance on the transductive link prediction task, along with a
visualization of DEEPSTE temporal embedding decay as interaction time intervals increase in the UCI dataset.

the results observed in dynamic link prediction, DEEPSTE-
Mercer consistently outperforms DEEPSTE-Bochner across
most experimental settings, achieving the highest ROC AUC
scores in 6 out of 8 cases, compared to only 2 for DEEPSTE-
Bochner, suggesting potentially better temporal modeling.

4.3 Micro Experiments

We conduct an in-depth analysis of the impact of various fac-
tors on the performance of DGNNS, as shown in Figure 1.
Effect of DNN Depth. We investigate the impact of the num-
ber of linear layers in the DNNs on the performance of TGN.
As shown in Figure 1a, increasing the number of layers gen-
erally leads to significantly improved performance compared
to using a single linear layer. On the UCI dataset, DEEP-
STE-Bochner achieves the best performance with 3 linear
layers, while DEEPSTE-Mercer performs best with 5 layers.
On the Wikipedia dataset, the corresponding optimal num-
bers of layers are 4 and 2, respectively. These results show
that increasing DNN depth effectively enhances model per-
formance, highlighting the effectiveness of deep models.

Impact of Hidden Dimension Size. Figure 1b illustrates the
impact of hidden dimension size in the MLPs on TGN per-
formance. The results show that increasing the hidden di-
mension generally improves performance, with the optimal
result achieved at size 128. This suggests that larger hidden
dimensions enhance the DNNs’ ability.

Influence of Sampling Distribution. As illustrated in Al-
gorithm 1, the DNN weights are initialized using a proposal
distribution g(w). We analyze the effect of different sam-
pling distributions (Gaussian, Laplace, and Cauchy),
with the results presented in Figure 1c. The proposal distri-
bution g(w) is initialized with a data-driven scale parameter
for each dataset, as shown in Table 2. The results indicate
that the choice of sampling distribution significantly affects
model performance. The Gaussian and Laplace distri-
butions generally yield the best results, while the Cauchy
distribution performs the worst. Therefore, the Cauchy dis-
tribution may be less suitable as a sampling distribution for
Random Fourier Features, as its heavy-tailed characteristics
can introduce high variance in the sampled features.
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Figure 2: (a) Total training time for temporal embedding methods.
(b) Sensitivity analysis of the hyperparameter 7o under different ini-
tialization values. Experiments are conducted using TGN with the
DeepSTE-Bochner temporal embedding on the Wikipedia dataset.

ucCl Wikipedia

DEEPSTE-Bochner 90.89+0.14 98.27 +0.00
— (w/o) Data-dependent .~ 87.53+0.76 97.72 +0.11
— (w/o) Frequency DNN f,, 88.87+026 95.01 +021

— (w/o) Weight DNN gy, 86.15+0.10 96.17 +0.07
— (w) Positional embedding 91.15:022 98.35x0.15

Table 6: Results of the ablation study on the DEEPSTE-Bochner
temporal embedding module within the TGN framework for the
transductive link prediction task.

Spectral Temporal Embedding Decay Effect. Figure 1d
visualizes the temporal embeddings generated by DEEPSTE-
Bochner on the UCI dataset. The left panel shows 128 in-
teraction intervals, while the right displays the corresponding
172-dimensional temporal embeddings. The model assigns
higher weights to recent interactions, with embedding magni-
tudes decaying and becoming more uniform over time. This
indicates a stronger emphasis on temporally close events, po-
tentially enhancing representation learning.

Training Efficiency. Figure 2(a) and the appendix com-
pare DEEPSTE’s training efficiency with temporal embed-
ding baselines. DEEPSTE converges in fewer epochs and
achieves shorter overall training times: On Wikipedia, DEEP-
STE-Mercer achieves the fastest training time and the fewest
required epochs. Specifically, DeepSTE-M and DeepSTE-B
consistently rank among the top-3 methods in training time
across all model-dataset combinations, with mean ranks of
2.83 and 3.25, respectively (see appendix for details).

Scale Parameter Initialization. Figure 2(b) shows the effect
of the base scale parameter 7y, varied from 1073 to 107!,
DEEPSTE performs best at 10~2, suggesting a favorable bal-
ance between high- and low-frequency temporal patterns.

4.4 Ablation Studies

We conduct ablation studies to evaluate the impact of each
component in DEEPSTE, as shown in Table 6. Remov-
ing the data-driven scale parameter 7 reduces performance
by 3.36% on UCI and 0.55% on Wikipedia, underscoring
its importance. Excluding the frequency DNNs f,, leads to
drops of 2.02% and 3.26%, respectively, indicating the im-
portance of phase information. Eliminating the importance-
weighting gy, results in declines of 4.74% on UCI and 2.10%
on Wikipedia, underscoring the significance of frequency-

specific weighting. Combining DEEPSTE with positional
embeddings yields minor gains (0.26% on UCI and 0.08%
on Wikipedia), suggesting that positional information slightly
enhances DGNNS’ recognition of ordering information.

5 Related Work

DGNNs. DGNNs effectively model dynamic graphs by rep-
resenting them as event sequences that capture evolving topo-
logical structures. Specifically, attention-based DGNNs em-
ploy a self-attention mechanism with functional time encod-
ing to capture temporal dependencies and dynamic topologi-
cal structures [Xu et al., 2020]. TGN represents a continuous-
time dynamic graph as a sequence of time-stamped events
and leverages a novel combination of memory modules and
graph-based operators, using memory-based aggregation and
update mechanisms to model temporal dynamics [Rossi et al.,
2020]. Motifs-based DGNNSs represent temporal networks
using causal anonymous walks derived from temporal ran-
dom walks, capturing temporal motifs in network dynam-
ics [Wang er al., 2021b; Jin et al., 2022]. Recent advanced
DGNNs employ Transformer-based architectures with tem-
poral encoding to model temporal dynamics [Wu et al., 2024;
Yu et al., 2023; Feng et al., 2025].

Temporal Embedding. The temporal embedding kernel is
crucial in DGNNs, enabling the capture of temporal dynam-
ics in‘contrast to static graphs. Pioneering works employ a
single linear layer to project time intervals, thereby enabling
the learning of dynamic embedding trajectories or exoge-
nous features in temporal interactions [Kumar et al., 2019;
Chung et al., 2025]. Similarly, DyRep also utilizes a linear
layer to project time intervals as exogenous features that influ-
ence the evolution of embeddings [Trivedi et al., 2019]. RFF-
based temporal embeddings use translation-invariant kernels
to map continuous time spans into vectors, extending the self-
attention mechanism from sequence order to the temporal do-
main [Xu et al., 2019]. The TGAT timer employs a linear
layer to learn the phase patterns of standard RFFs introduced
in [Xu et al., 2019], which are subsequently integrated into
the attention mechanism [Xu ez al., 2020]. This approach has
demonstrated strong performance and been widely adopted in
later DGNNs for dynamic graph representation learning.

6 Conclusion

We propose DEEPSTE, a deep spectral temporal embed-
ding framework for dynamic graphs that encodes contin-
uous time via Random Fourier Features. The framework
employs Monte Carlo importance sampling of the tempo-
ral kernel to estimate the target spectral density, together
with a data-dependent scale parameter that adapts the fre-
quency distribution of the kernel. Frequency and importance-
weighting networks, initialized from proposal distributions,
are jointly optimized to learn adaptive temporal embeddings
through importance-sampled RFF components. Extensive ex-
periments demonstrated consistent improvements across dy-
namic link prediction and node classification tasks, while also
revealing phenomena such as temporal embedding decay and
accelerated convergence for temporal modeling.
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