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Abstract

Temporal Knowledge Graph (TKG) reasoning
seeks to predict future missing facts from his-
torical evidence. While diffusion models (DM)
have recently gained attention for their ability
to capture complex predictive distributions, two
gaps remain: (i) the generative path is condi-
tioned only on positive evidence, overlooking
informative negative context, and (ii) training
objectives are dominated by cross-entropy rank-
ing, which improves candidate ordering but pro-
vides little supervision over the calibration of
the denoised embedding. To bridge this gap,
we introduce Negative-Aware Diffusion model
for TKG Extrapolation (NADEx). Specifically,
NADEx encodes subject-centric histories of
entities, relations and temporal intervals into
sequential embeddings. NADEx perturbs the
query object in the forward process and recon-
structs it in reverse with a Transformer denoiser
conditioned on the temporal-relational context.
We further derive a cosine-alignment regular-
izer derived from batch-wise negative proto-
types, which tightens the decision boundary
against implausible candidates. Comprehen-
sive experiments on four public TKG bench-
marks demonstrate that NADEx delivers state-
of-the-art performance1.

1 Introduction

Temporal Knowledge Graphs (TKGs) serve as dy-
namic structures representing entities and their
evolving relationships through time (Ji et al., 2021;
Liang et al., 2024), expressed via quadruples of
the form (s, r, o, t), such as (Donald Trump, meet,
Joseph Biden, 2024/12/21). Reasoning over TKGs
predicts unknown links from historical observa-
tions and comprises two settings: interpolation
(Cai et al., 2023; Luo et al., 2024), which infers
missing facts within the observed timeline, and

*Corresponding Author
1The source code is online at: https://github.com/

AONE-NLP/TKG-NADEx.

extrapolation, which forecasts events beyond it
(Yang et al., 2015; Zhu et al., 2021; Li et al., 2021).
We focus on extrapolation as it provides anticipa-
tory insight for future-oriented decision-making.

Accurate forecasting of future events necessi-
tates a deep and nuanced comprehension of his-
torical event sequences and relational dynamics.
Prior research efforts (Jin et al., 2020; Li et al.,
2021; Trivedi et al., 2017) commonly adopt deter-
ministic embedding strategies by integrating neigh-
boring structural contexts and temporal dependen-
cies. These representations are subsequently uti-
lized within scoring functions such as TransE (Bor-
des et al., 2013), DistMult (Yang et al., 2015), to
assess the plausibility of prospective facts.

Recent progress in TKG reasoning has largely
followed a learn-to-classify paradigm, seeking
ever-richer representations while maintaining deter-
ministic prediction targets. One prominent line of
research augments graph neural networks (GNNs)
with temporal gates that selectively transmit histor-
ical information, enabling fine-grained updates to
entity and relation embeddings (Li et al., 2021,
2022b). A complementary stream adopts con-
trastive objectives, sharpening decision boundaries
by contrasting local versus global neighborhoods
(Chen et al., 2024b; Pang et al., 2025) or his-
torical versus non-historical contexts (Xu et al.,
2023). Rule-based techniques further enhance
interpretability by injecting symbolic priors into
embedding models (Chen et al., 2025b,c), while
reinforcement-learning approaches guide multi-
hop exploration with temporally calibrated rewards
(Sun et al., 2021; Zheng et al., 2023).

Although these techniques secure strong empir-
ical results, their deterministic nature limits their
ability to model the inherent uncertainty of future
events. Motivated by the generative prowess of
diffusion models (DMs), recent work has reframed
TKG reasoning as a learn-to-generate paradigm,
exploiting DMs to sample plausible target object
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Figure 1: Illustration of entity embedding distributions
learned by Diffusion-based TKG reasoning framework.
(a) Neglecting the negative item distribution leads to pre-
dicted entities potentially drifting toward non-interacted
negative entities. (b) Incorporating the negative sam-
pling sharpens the predictive distribution, positioning
the predicted entity centroid closer to the true target.

(Cai et al., 2024; Chen et al., 2025a; Cao et al.,
2025). Despite their empirical success, existing
methods exhibit two key limitations:

• Neglect of Negative Context in Query Con-
ditioning. Existing DM-based methods gen-
erate entity embeddings by conditioning solely
on observed positive facts, without accounting
for negative examples that are essential for dis-
crimination (Xu et al., 2023; Chen et al., 2024b;
Cao et al., 2025). As illustrated in Figure 1(b),
explicitly incorporating negative samples into
the generative diffusion process introduces coun-
terfactual evidence that regularizes the trajec-
tory and reduces false-positive bias, yielding
a lower-variance predictive distribution that is
more tightly centered on true positives.

• Reliance on Generic Loss Formulations. Most
existing work optimizes diffusion dynamics with
generic reconstruction losses such as vanilla
cross-entropy ranking (Cai et al., 2024), that em-
phasize relative ordering of candidate entities
rather than enforcing explicit margins separat-
ing plausible from implausible outcomes (Chen
et al., 2025a). Therefore, the generative potential
of diffusion remains under-exploited.

In this paper, we propose a Negative-Aware
Diffusion model for temporal knowledge graph
Extrapolation (NADEx). Specifically, we reformu-
late temporal knowledge graph (TKG) reasoning as
a sequence prediction task by encoding historical
objects, event types, and temporal intervals into se-
quential embeddings. To capture uncertainty in fu-
ture events, Gaussian noise is injected into target en-
tity embeddings, and a Transformer-based denois-
ing network conditioned on historical contexts and

temporal dynamics reconstructs these embeddings.
Moreover, we develop a cosine-alignment regular-
izer for diffusion-based TKG reasoning that lever-
ages batch-wise negative prototypes, computed by
averaging the embeddings of the other targets in the
mini-batch. Used alongside cross-entropy recon-
struction loss, this direction-aware constraint sharp-
ens separation between plausible and implausible
candidate entities. Our contributions are three-fold:

• We propose NADEx, a negative-aware diffu-
sion model for temporal knowledge graph ex-
trapolation, explicitly capturing the dynamic and
stochastic nature of future events through a Gaus-
sian perturbed sequence denoising process.

• NADEx optimizes a cross-entropy reconstruction
objective augmented with a cosine-alignment reg-
ularizer, sharpening separation between plausible
and implausible candidate entities thus yielding
a more discriminative predictive distribution.

• Extensive experiments conducted on four real
world datasets demonstrate that NADEx yields
superior performance, while remaining robust
across diverse evaluation scenarios.

2 Related Works

2.1 Discriminative TKG Reasoning

Temporal Knowledge Graph (TKG) reasoning
seeks to infer future facts by leveraging the chrono-
logical trajectory of previously observed triples.
Early work such as Know-Evolve (Bordes et al.,
2013; Chen et al., 2024a) treats the TKG as a
set of mutually-exciting Hawkes processes, yield-
ing continuous-time intensity functions for en-
tity–relation interactions. THCN (Chen et al.,
2024a) couples a Hawkes process with a tempo-
ral causal convolutional network, enabling causal
convolutions to inherit the self-exciting inductive
bias of point processes. However, these methods
propagate information only to adjacent timestamps,
leaving long-range dependencies under-exploited.
Subsequent studies enhance static KG encoders
with temporal signals. RE-NET (Jin et al., 2020),
RE-GCN (Li et al., 2021), and CyGNet (Zhu
et al., 2021) inject recurrent gating, temporal self-
attention, and cycle-aware constraints, respectively,
to capture evolving patterns, while structural exten-
sions, CEN (Li et al., 2022c), xERTE (Han et al.,
2021) and HisMatch (Li et al., 2022d) exploit hier-
archical alignment for richer representations. Yet
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their reliance on single-scale memories still limits
sensitivity to distant context.

Considering the long-term dependencies among
entities and relations, Zhang et al. (Zhang et al.,
2023) decompose each entity–relation trajectory
into long- and short-term streams. Building on that
idea, CENET (Xu et al., 2023) formulates temporal
reasoning as a history-aware contrastive task: for
every query, positive events are contrasted against
hard negatives drawn from both historical and non-
historical contexts. LogCL (Chen et al., 2024b) fur-
ther refines this idea with a local–global paradigm
that first selects query-relevant snapshot windows
via entity-centric attention and then applies four
bespoke contrastive patterns.

Parallel to these efforts, symbolic and structural
approaches pursue interpretability and inductive
generalization. Rule-based systems such as Tlogic
(Liu et al., 2022) mine time-stamped first-order
clauses via temporal random walks, offering in-
terpretable but coverage-limited priors. DaeMon
(Dong et al., 2023) aggregate relation-specific tem-
poral paths between query entities, replacing brittle
entity embeddings with structural evidence that
generalizes to unseen nodes. CognTKE (Chen
et al., 2025c) further unifies shallow reasoning and
local deep path reasoning over a cognitive temporal
relation digraph, achieving notable gains.

2.2 Generative TKG Reasoning

Most recently, generative frameworks have intro-
duced principled uncertainty modelling. DiffuTKG
(Cai et al., 2024) recasts forecasting as conditional
sequence denoising under a forward-and-reverse
Gaussian diffusion process, and DPCL-Diff (Cao
et al., 2025) couples graph-node diffusion with
dual-domain periodic contrastive learning to dis-
entangle recurrent cycles from genuinely novel
events. Complementing these methods, Luo et al.
(Luo et al., 2024) leverage large language models
(LLMs) to generate multi-step event chains that
capture higher-order dependencies, while LLM-
DR (Chen et al., 2025a) harnesses a classifier-free
guided diffusion model conditioned on temporal
KG contexts and refines generated candidate rules
with LLM-based constraints. Despite these ad-
vances, existing methods often overlook negative
contexts and rely on generic loss formulations, re-
sulting in blurred predictive distributions. Such lim-
itations underscore the need for a generative frame-
work that can sharply discriminate future events.

3 Preliminary

Definition 1. Temporal Knowledge Graph. Let
E , R, and T denote finite sets of entities, relation
types, and timestamps, respectively. A temporal
knowledge graph G is a collection of time-stamped
quadruples:

G =
{
(s, r, o, t)

∣∣∣ s, o ∈ E , r ∈ R, t ∈ T
}
, (1)

where each tuple encodes the fact that relation r
holds from subject s to object o at time t. More
specifically, the TKG can be viewed as an ordered
sequence of static snapshots:

G =
{
G1,G2, . . . ,G|T |

}
, Gt ⊆ E ×R× T , (2)

where Gt aggregates all triples that are valid at
timestamp t. Following the standard bidirec-
tional–relation convention (Kazemi and Poole,
2018), we augment every quadruple (s, r, o, t) with
its inverse (o, r−1, s, t), where r−1 is a distinct re-
lation denoting the reverse semantics of r.
Definition 2. Temporal Knowledge Graph Rea-
soning. Let q = (s, r, ?, t) be a query quadru-
ple whose object entity is missing at timestamp
t. Given the sliding history window of length
L, Gt−L−1:t−1 = {Gt−L,Gt−L+1, . . . ,Gt−1}. The
TKG reasoning task is to learn a scoring function:

scoret(o) = f(s, r, o,G), ô = argmax
o∈E

scoret(o). (3)

Each candidate object o ∈ E is assigned a plau-
sibility score and the highest-scoring entity com-
pletes the quadruple.

4 Method

4.1 Temporal Representation Learning
Given a query q = (s, r, ?, t), we follow Cai
et al. (2024) and cast TKG extrapolation as se-
quence prediction over the subject’s history. Let
the subject-centric history up to time t − 1 be
Q0:t−1 = {(s, r0, o0, t0), . . . , (s, ri, oi, ti), . . . ,
(s, rt−1, ot−1, tt−1)}, where L is the window
length. We form three aligned sequences O0:t−1,
R0:t−1, T0:t−1, and employ three trainable matrices
to get their corresponding embeddings,

O+ = Eo [o0; o1; . . . ; ot−1,ot] ;

R = Er [r0; r1; . . . ; rt−1, rt] ;

T = E∆t [t0; t1; . . . ; tt−1, tt] .

(4)

where Eo ∈ RE×h, Er ∈ RR×h, E∆t ∈ Rt×h.
E , R, and h denotes the number of entities, event
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Figure 2: Overview of NADEx. In Forward Diffusion, Gaussian noise is applied to the future object o. During the
reverse denoising process, NADEx incorporates both positive and negative (on−t ) samples to disentangle plausible
from implausible event predictions. For negative samples, we first stack all target embeddings in the mini-batch into
a single row, copy this row n times to form an n × n matrix, set the diagonal to 0 to exclude each target itself, and
then take the row-wise mean of the remaining entries to obtain one compact negative prototype per target.

types and the embedding dimension, respectively.
O0:t−1 denotes the embeddings of the historical
object entities, denoted as H = O0:t−1 for brevity,
while ot ∈ R1×h refers to the representation of the
target entity to be predicted.

4.2 Negative Sampling Strategy
To exploit the discriminative signal from nega-
tive evidence, we design a batch-wise negative
sampling strategy. For a mini-batch of size n,
we first collect the target entities into a sequence
Ot = {o0t , o1t , . . . , ont } ∈ Rn×1, and then construct
an n× n mask by permuting the diagonal entries,
resulting in each row containing the other N − 1
objects from the batch as negatives. Averaging
these negative candidates along each row generates
a compact negative sequence, defined as:




o0t o1t · · · ont
o0t o1t · · · ont

.

.

.
.
.
.

. . .
.
.
.

o0t o1t · · · ont




⇒ AV G.





(
0 o1t · · · ont

)

(
o0t 0 · · · ont

)

(
.
.
.

.

.

.
. . .

.

.

.

)

(
o
t0

o1t · · · 0
)





=




o0−t
o1−t

.

.

.

on−
t




.

(5)

The treatment of negative samples o−t is equivalent
to ot, which is obtained through the entity embed-
ding matrix Eo:

o−
t = Eo[o

−
t ]. (6)

Finally, our negative sequence can be expressed as:

O− =
[
o0; o1; . . . ; ot−1,o

−
t

]
. (7)

It is important to note that, due to the event-
stream formulation of temporal knowledge graph
(TKG) extrapolation and the way events are orga-
nized in our benchmarks, we treat all events sharing
the same timestamp as a single training unit. Con-
cretely, if N events occur at a given timestep, we
construct one full batch that contains all N corre-
sponding target entities. This design follows di-
rectly from the standard TKG reasoning objective:
at timestamp t+1, the model is required to predict
the missing object entities for all queries occur-
ring at that time. Consequently, N is not a tunable
batch-size hyperparameter but is uniquely deter-
mined by the number of real-world events recorded
at each timestamp, which can vary substantially
across time.

4.3 Forward Diffusion Process

We model predictive uncertainty by diffusing only
the candidate object embedding ot and sampled
negatives o−t . The forward process progressively
add Gaussian noise over M steps:

o+m =
√
αmot +

√
1− αmϵ,

o−m =
√
αmo−t +

√
1− αmϵ,

(8)

where ϵ ∈ N (0, I) introduces Gaussian noise, and
ᾱm ∈ (0, 1) controls the signal-to-noise ratio at
step m, simulating the predictive uncertainty.

To regulate the accumulation of noise over time,
we employ a linear schedule that defines 1-ᾱm as:

3355



1− ᾱm = δ ·
(
αmin +

m− 1

M − 1
(αmax − αmin)

)
. (9)

where δ ∈ [0, 1] is a global scaling factor that mod-
erates the overall diffusion strength, and αmin and
αmax are hyperparameters that determine the lower
and upper bound of noise levels.

4.4 Reverse Denoising Process
In reverse process, we aim to recover the target
sequence of object entities representation ot or o−t
iteratively from a pure Gaussian noise o+m or o−m. At
each step, the model is conditioned on the temporal
T and relational R context:

pθ(ôm−1|∗) = N (ôm−1;µθ(∗),Σθ(∗)) . (10)

where we use a Transformer to model µθ(∗) and
Σθ(∗) during reverse process. For brevity, ∗ de-
notes [ôm, r, t,m], which is the denoising condi-
tions. ôm is set to H for the first step:

ô+
0 = fθ (Zx) = Transformer

([
o+
i + Emb(i)

])
,

ô−
0 = fθ (Zx) = Transformer

([
o−
i + Emb(i)

])
.

(11)

where i ∈ [0,m], Emb(·) denotes denoising step
embeddings to manage the hidden representations
at different noise levels.

4.5 Training Objective
Reconstruction Loss. We introduce a distance
quantification measurement based on the dot prod-
uct between embeddings:

Y = Softmax(ô+
0 · (E)T ), (12)

where ô+0 ∈ R1×h denotes the representation of
the target object from the reverse process. (·)T is
the matrix transposition operation. Moreover, we
utilize a reconstruction loss function Lr as follows:

Lr = −
∑

i∈{1,2,...,d}
yi log(Yi), (13)

where yi denotes the one-hot encoding of the i-th
gold entity, and Yi is the predicted probability.
Negative Sampling Loss. Exclusively depending
on the generation of optimization objectives may
result in model overfitting to historical frequent
events. Though this method can alleviate the im-
pact of sparse and noisy interactions inherent in the
system, it might fail to fully harness the generative

and generalization capacities of diffusion models,
thereby leading to inaccurate assessments of both
unseen and observed facts. To gain a better under-
standing and to specifically redesign for modeling
object distributions in order to achieve diffusion op-
timization goals. Specifically, our negative sample
cosine loss (Lneg) is represented as:

Lneg =
1

N

N∑

i=1

(
o−
i

∥o−
i ∥2

· ô−
i

∥ô−
i ∥2

− 1

)2

. (14)

The training objective can be formulated as:

L = −(1− λ) log σ (−γ · (Lr − Lneg) + ϵ) + λLr. (15)

where σ is the Sigmoid function, ϵ = 1e − 8 to
prevent numerical instability, and λ and γ are equi-
librium weight hyperparameters.

4.6 Inference
During the inference phase, the denoising network
fθ(∗) is employed to reconstruct the original sam-
ples from Gaussian noise ϵm through a progressive
refinement process. The denoising generation pro-
cess of target ô0 is formulated as:

ôm = [o0:m; ϵm] + rt + tt,

ô0 = fθ(ôm,m).
(16)

Subsequently, we compute the similarity between
ô0 and the object embedding matrix Eo ∈ R|E|×h

to derive ranking results:

P = ô0 ·E⊤
o . (17)

Entities are then ranked in descending order based
on these similarity scores P . The top-K ranked
entities are evaluated using standard metrics such
as Mean Reciprocal Rank (MRR) and Hit@K.

5 Experiments

5.1 Experimental Setups
Datasets. Our experiments employ four bench-
mark datasets, including ICEWS14, ICEWS05-15,
ICEWS18, and GDELT, to evaluate the proposed
model. Specifically, the ICEWS datasets originate
from the Integrated Crisis Early Warning System
(Boschee et al., 2015), while the GDELT dataset is
sourced from the Global Database of Events, Lan-
guage, and Tone (Leetaru and Schrodt, 2013). The
data statistics are summarized in Appendix C.1.
Baseline Models. We benchmark NADEx against
a broad set of state-of-the-art knowledge-graph rea-
soning methods across three categories: Static
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Table 1: Overall performance comparison (%) on four datasets in terms of MRR and Hit@1/3/10 with time-aware
metrics. The best results are highlighted in bold, while the second-best results are underlined. Statistical significance
is determined via paired bootstrap t-test, with differences at p < 0.05 deemed significant.

Models ICEWS14 ICEWS18 ICEWS05-15 GDELT

MRR Hit@1 Hit@3 Hit@10 MRR Hit@1 Hit@3 Hit@10 MRR Hit@1 Hit@3 Hit@10 MRR Hit@1 Hit@3 Hit@10

DisMult (2015) 15.44 10.91 17.24 23.92 11.51 7.03 12.87 20.86 17.95 13.12 20.71 29.32 8.68 5.58 9.96 17.13
ConvE (2018) 35.09 25.23 39.38 54.68 24.51 16.23 29.25 44.51 33.81 24.78 39.00 54.95 16.55 11.02 18.88 31.60
RotatE (2019) 21.31 10.26 24.35 44.75 12.78 4.01 14.89 31.91 24.71 13.22 29.04 48.16 13.45 6.95 14.09 25.99

TTransE (2018) 13.72 2.98 17.70 35.74 8.31 1.92 8.56 21.89 15.57 4.80 19.24 38.29 5.50 0.47 4.94 15.25
TA-DisMult (2018) 25.80 16.94 29.74 42.99 16.75 8.61 18.41 33.59 24.31 14.58 27.92 44.21 12.00 5.76 12.94 23.54
DE-SimIE (2020) 33.36 24.85 37.15 48.92 19.30 11.53 21.86 34.80 35.02 25.91 38.99 52.75 19.70 12.22 21.39 33.70

RE-NET (2020) 36.93 26.83 39.51 54.78 28.81 19.05 32.44 47.51 43.32 33.43 47.77 63.06 19.62 12.42 21.00 34.01
RE-GCN (2021) 40.39 30.66 44.96 59.21 30.58 21.01 34.34 48.75 48.03 37.33 53.85 68.27 19.64 12.42 20.90 33.69
CyGNet (2021) 35.05 25.73 39.01 53.55 24.93 15.90 28.28 42.61 36.81 26.61 41.63 56.22 18.48 11.52 19.57 31.98

TITer (2021) 41.73 32.74 46.46 58.44 29.98 22.05 33.46 44.83 47.69 37.95 52.92 65.81 15.46 10.98 15.61 24.31
CEN (2022c) 42.20 32.08 47.46 61.31 31.50 21.70 35.44 50.59 46.84 36.38 52.45 67.01 20.39 12.96 21.77 34.97

TiRGN (2022b) 44.04 33.83 48.95 63.84 33.66 23.19 37.99 54.22 50.04 39.25 56.13 70.71 21.67 13.63 23.27 37.60
HisMatch (2022d) 46.42 35.91 51.63 66.84 33.99 23.91 37.90 53.94 52.85 42.01 59.05 73.28 22.01 14.45 23.80 36.61

RETIA (2023b) 42.76 32.28 47.77 62.75 32.43 22.23 36.48 52.94 47.26 36.64 52.90 67.76 20.12 12.76 21.45 34.49
CENET (2023) 39.02 29.62 43.23 57.49 27.85 18.15 31.63 46.98 41.95 32.17 46.93 60.43 20.23 12.69 21.70 34.92
CRAFT (2024) 45.71 35.05 51.83 65.21 34.21 23.96 38.53 54.11 50.14 39.56 56.18 70.09 23.78 15.38 26.23 40.15
THCN (2024a) 45.39 36.58 50.84 66.07 35.63 24.90 39.26 56.76 51.94 40.32 57.79 72.18 23.46 15.18 25.21 39.03

DiffuTKG (2024) 47.58 36.38 53.41 66.01 35.65 27.19 44.04 59.55 48.97 39.80 56.92 69.84 21.87 14.43 23.68 36.05
LogiQ (2025b) 44.71 35.72 51.03 64.21 34.94 24.76 39.57 56.32 51.04 40.71 57.55 71.00 – – – –

CognTKE (2025c) 46.06 36.49 51.11 64.49 35.24 25.21 39.93 54.71 53.13 42.62 59.42 72.70 – – – –

NADEx 49.03 39.45 57.48 70.55 36.84 27.58 45.12 60.58 52.17 43.38 60.75 71.93 23.67 16.10 28.35 43.05

methods: DisMult (Yang et al., 2015), ConvE
(Dettmers et al., 2018), RotatE(Sun et al., 2019);
Interpolation methods: TTransE (Leblay and
Chekol, 2018), TA-DistMult (Garcia-Duran et al.,
2018), DE-SimplE (Goel et al., 2020); Extrapola-
tion methods: RE-NET (Jin et al., 2020), Re-GCN
(Li et al., 2021), TITer (Sun et al., 2021), CEN
(Li et al., 2022c), TiRGN (Li et al., 2022b), His-
Match (Li et al., 2022d), RETIA (Liu et al., 2023b),
CENET (Xu et al., 2023), CRAFT (Zhang et al.,
2024), THCN (Chen et al., 2024a), DiffuTKG (Cai
et al., 2024), LogiQ (Chen et al., 2025b), Cogn-
TKE (Chen et al., 2025c). We provide baseline
descriptions in Appendix C.2.
Evaluation Metrics. To measure temporal extrap-
olation performance, we cast the task as masked
entity prediction, where either the subject or object
is held out in quadruples of the form (s, r, ?, t) or
(?, r, o, t). Predictions are scored and ranked, and
we report Mean Reciprocal Rank (MRR) alongside
Hits@1, Hits@3, and Hits@10. All results are
computed under the time-aware filtering protocol.
Implementation Details. We train all models with
the Adam optimizer. For ICEWS14 and ICEWS18
we use a learning rate of 1e−3 and 1e−5 for
ICEWS05-15 and GDELT. Each model is trained
for 100 epochs with an embedding dimension of
200 for both entities and relations and a dropout
rate of 0.2 applied throughout. All experiments are
executed on a single NVIDIA A100 (80G) GPU.
All evaluations follow the filtered ranking protocol.

Statistical significance is assessed using a bootstrap
paired t-test. In practice, our framework can be ef-
fectively trained within 12 hours on a single GPU
on the largest dataset GDELT.

5.2 Overall Performance
Table 1 summarizes NADEx’s performance against
state-of-the-art (SOTA) baselines across four
benchmark datasets. From these results, we make
the following key observations:

• Extrapolation-oriented methods uni-
formly outperform both interpolation
and time-agnostic (“static”) approaches.
Static models, by design, ignore any tempo-
ral ordering and therefore cannot track how
entity–relation interactions evolve over time. In-
terpolation models improve upon static baselines
by filling in gaps within the observed timeline,
but their training objective and architecture
remain tethered to historical fact completion
rather than forward-looking prediction. In
contrast, extrapolation models explicitly learn
the dynamics of temporal progression, enabling
them to predict future facts.

• Across all four benchmarks, NADEx consis-
tently surpasses SOTA methods on nearly ev-
ery metric. In terms of MRR, NADEx improves
over the runner-up by 3.05% on ICEWS14 and
3.33% on ICEWS18 and falls sligtly short on
ICEWS05-15 and GDELT. Moreover, NADEx
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Table 2: Ablation study results ICEWS14 and GDELT
datasets in terms of MRR and Hit@1/10.

Settings
ICEWS14 GDELT

MRR Hit@1 Hit@10 MRR Hit@1 Hit@10

NADEx 49.03 39.45 70.55 23.67 16.10 43.05

w/o. E∆ 43.16 33.35 62.06 18.82 12.26 36.32
w/o. Er 40.05 30.23 58.47 18.21 11.76 35.52

w/o. Er&E∆ 32.48 22.71 51.69 18.06 11.66 35.21
w/o. neg 47.42 36.39 67.61 21.25 14.22 42.34

delivers substantial uplifts in Hit@K on GDELT
dataset, recording performance gain of 4.68% at
Hit@1, 8.08% at Hit@3, and 7.22% at Hit@10.

• NADEx achieves superior results on all four
benchmarks compared against the leading
diffusion-based method DiffuTKG. Notably,
the performance gap widens on the more com-
plex ICEWS05-15 and GDELT datasets. NADEx
improves MRR by 6.53% on ICEWS05-15 and
8.23% on GDELT. We attribute this pattern to
the richer, longer-range temporal interactions
present in ICEWS05-15 and GDELT, which pose
greater challenges for diffusion pipelines. By
incorporating negative-aware conditioning and
a likelihood-driven training objective, NADEx
more effectively models these intricate dynamics,
whereas DiffuTKG’s reconstruction loss strug-
gles to discriminate plausible from spurious fu-
ture facts under such complex scenarios.

5.3 Ablation Studies

To quantify the contribution of each NADEx com-
ponent, we perform ablations on ICEWS14 and
GDELT, measuring MRR, Hit@1, and Hit@10, as
presented in Table 2. Removing the time-interval
embedding (“w/o E∆”) degrades MRR by 5.87
points on ICEWS14 and 4.85 points on GDELT,
highlighting the importance of explicit temporal
cues. Omitting the relation-type embedding (“w/o
Er”) incurs an even larger drop across all metrics,
confirming that relational context is essential for
accurate reconstruction. Omitting both temporal
and relational embeddings simultaneously (“w/o
Er&E∆”) Omitting both temporal and relational
embeddings simultaneously. Lastly, eliminating
our negative-sampling strategy (“w/o neg”) consis-
tently lowers performance, affirming the value of
negative-aware training in improving the model’s
discriminative capability between plausible and

Table 3: Performance of predicting unseen events in
terms of MRR and Hit@1 on ICEWS14 and ICEWS18.

Models ICEWS14 ICEWS18

MRR Hit@1 MRR Hit@1

RE-GCN 23.26 13.91 15.08 7.09
CEN 22.06 13.28 15.41 8.20

RETIA 24.17 14.67 16.62 9.08
HisMatch 27.49 19.04 17.51 11.13
DiffuTKG 25.22 15.23 16.48 8.84

LogCL 29.19 18.72 18.40 11.74

NADEx 30.85 20.08 19.52 12.17
Improve. 5.89% 5.46% 6.09% 3.66%
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Figure 3: Performance of NADEx compared with three
baselines in terms of MRR and Hit@1 on ICEWS14
under different training data scale settings.

implausible event predictions. Together, these re-
sults confirm that NADEx’s strength derives not
merely from its generative backbone but from the
harmonious integration of temporal, relational, and
negative-aware conditioning.

5.4 Effectiveness of Unseen Events

To further verify the capacity of NADEx in cap-
turing discriminative and generalizable represen-
tations for unseen event queries, we specifically
evaluate its predictive performance on ICEWS14
and ICEWS18 datasets, both characterized by a rel-
atively higher proportion of previously unobserved
events. As reported in Table 3, NADEx consistently
surpasses existing state-of-the-art methods by sig-
nificant margins. Specifically, NADEx achieves
remarkable improvements of approximately 4.43%
and 5.40% in terms of absolute MRR on ICEWS14
and ICEWS18, respectively, compared with the
strongest baseline (LogCL). Additionally, NADEx
attains notable enhancements of 3.10% and 3.43%
in absolute Hit@1 performance on the two datasets,
underscoring its superior precision in accurately
identifying true future entities. These empirical re-
sults substantiate that explicitly incorporating nega-
tive contexts and employing a diffusion-based gen-
erative framework effectively enhances the model’s
discriminative power, enabling robust extrapolation
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Table 4: Case studies on ICEWS14 showing each model’s top-5 predicted entities for sample queries.

Query NADEx LogCL DiffuTKG THCN

<China, 057, ?>
Date: 2014-12-3
Label: Maldives

Maldives, 0.534
Taavi Roivas, 0.167

Angola, 0.019
South Korea, 0.010

Malaysia, 0.006

Japan, 0.457
South Korea, 0.195

Thailand, 0.081
Legislature, 0.043

Malaysia 0.035

Laos, 0.324
Thailand, 0.212

Japan, 0.073
Iran, 0.053

Malaysia, 0.043

Laos, 0.298
Malaysia, 0.141

Iran, 0.102
Thailand, 0.095

Japan, 0.074

<South Korea, 060, ?>
Date: 2014-12-9
Label: Japan

Japan, 0.414
North Korea, 0.347

China, 0.084
Philippines, 0.028

Iran, 0.026

Japan, 0.289
North Korea, 0.128
North Korea, 0.027

Japan (Newspaper), 0.021
China, 0.006

North Korea (Military), 0.128
China, 0.122
Qatar, 0.078
Iran, 0.060

Japan, 0.025

North Korea (Military), 0.329
North Korea, 0.122

China, 0.113
Iran, 0.061

South Korea (Police), 0.025

to rare/unseen future events under uncertainty.

5.5 Performance under Limited Data

To assess data-efficiency, we subsample the
ICEWS14 training set at several fractions (5%,
10%, 30%, 50%, 70%, and 90%) while keeping
the validation and test splits intact. Figure 3 shows
that every model deteriorates as the available data
diminish, reflecting the increased difficulty of learn-
ing reliable representations under sparse supervi-
sion. Even so, NADEx maintains a clear lead
over HisMatch, CEN, and RE-GCN in both MRR
and Hit@1 at every sampling ratio. Notably, be-
tween the 50% and 5% splits, NADEx’s MRR de-
grades by only 7%, whereas all baselines suffer
losses exceeding 15%. A similar trend holds for
Hit@1. We attribute this robustness to the negative-
aware diffusion mechanism, which supplies infor-
mative counter-examples during generation, the
model learns fine-grained decision boundaries with
far fewer labeled instances, and it maintains cal-
ibrated uncertainty estimates that remain reliable
even when supervision is extremely sparse. No-
tably, the performance margin in favor of NADEx
widens as the training fraction decreases, under-
scoring its superior generalization in low-resource
settings. We attribute these strengths to NADEx’s
negative-aware diffusion mechanism: by injecting
negatives drawn from each mini-batch into the gen-
eration process, the model learns more discrimina-
tive decision boundaries with fewer samples.

5.6 Case Study

Table 4 presents two illustrative queries on
ICEWS14, comparing NADEx against LogCL and
DiffuTKG by listing each model’s top-5 predicted
entities and their associated scores. For the first
query <China, 057, ?, 2014-12-3>, NADEx places
the correct target, Maldives (score 0.534), firmly

Table 5: Computational efficiency test on ICEWS14/18.

Model ICEWS14 ICEWS18

Inf.
Time Params.

Inf.
Time Params.

RE-GCN 28.96s 26.52Mb 393.67s 42.68Mb
TiRGN 32.88s 43.35Mb 159.90s 59.59Mb

DiffuTKG 13.49s 18.35Mb 135.80s 34.46Mb

NADEx 10.91s 16.30Mb 96.95s 32.42Mb

at the top, followed by semantically coherent but
less plausible alternatives such as Taavi Roivas
(0.167) and Angola (0.019). LogCL instead places
Japan first (0.457) and omits Maldives from its
top-5; DiffuTKG similarly favors Laos (0.324) and
does not rank Maldives among its candidates. For
the second query <South Korea, 060, ?, 2014-12-
9>, NADEx correctly identifies Japan as the most
likely future partner (0.414), with close runner-up
North Korea (0.347) reflecting plausible regional
dynamics. LogCL also selects Japan but with lower
confidence (0.289) and a more diffuse allocation
across other entities; DiffuTKG ranks North Ko-
rea highest (0.128) and places Japan fifth (0.025).
Across both queries, NADEx concentrates proba-
bility mass on the true target and suppresses near-
neighbor distractors. The negative-aware condi-
tioning sharpens the posterior and yields more cali-
brated confidence relative to the baselines.

5.7 Computational Efficiency

On computational efficiency, NADEx attains the
best speed–size trade-off on both ICEWS14 and
ICEWS18, as shown in Figure 5. It yields
the lowest inference time and smallest parameter
10.91s/16.30Mb on ICEWS14 and 96.95s/32.42Mb
on ICEWS18. Relative to the diffusion baseline
DiffuTKG, NADEx reduces inference time by
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Table 6: Performance comparison (%) with LLM-driven approaches on ICEWS14 and ICEWS18. The best results
are highlighted in bold, while the second-best results are underlined. The experimental results are retrieved from
(Luo et al., 2024) and (Chen et al., 2025a), respectively.

Models GenTKG
(2024)

GPT-NeoX
(2022)

Llama-ICL
(2023)

Vicuna-ICL
(2023)

Llama-CoH
(2024)

Vicuna-CoH
(2024)

LLM-DR
(2025a) NADEx

ICEWS14
Hit@1 34.90 29.50 28.60 28.10 34.90 32.80 40.60 39.45
Hit@3 47.30 40.60 39.70 39.10 47.00 45.70 55.80 57.48
Hit@10 61.90 47.50 45.30 45.30 59.10 65.60 67.00 70.55

ICEWS18
Hit@1 21.50 17.70 17.70 17.20 22.30 20.90 30.40 27.58
Hit@3 36.60 29.00 29.40 28.80 36.30 34.70 40.90 45.12
Hit@10 49.60 38.20 36.40 36.40 52.20 53.60 55.60 60.58

AVG. 41.97 35.42 32.85 32.48 41.97 42.22 48.38 50.13

19.1% on ICEWS14 and 28.6% on ICEWS18 with
smaller parameter sizes. Against graph-based base-
lines, NADEx is much faster than RE-GCN/TiRGN
on ICEWS14 ICEWS18, while using 20% to 60%
fewer parameters. When scaling from ICEWS14
to ICEWS18, the inference time of NADEx grows
by 8.89×, compared with 10.07× for DiffuTKG
and 13.59× for RE-GCN, indicating more favor-
able scaling with dataset size. These results demon-
strate that NADEx achieves better computational
efficiency without increasing model capacity.

5.8 Comparison with LLM-based Approaches

In this section, we systematically evaluate our pro-
posed approach against recent state-of-the-art large
language model (LLM)-driven temporal knowl-
edge graph (TKG) reasoning methods. Specifi-
cally, we benchmark our model against prominent
LLM-based baselines including GenTKG (Liao
et al., 2024), GPT-NeoX (Lee et al., 2023), Llama-
2 (Luo et al., 2024), Vicuna (Luo et al., 2024),
and LLM-DR (Wang et al., 2024) on two bench-
marks, ICEWS14 and ICEWS18. Performance is
measured across standard ranking metrics: Hit@1,
Hit@3, and Hit@10, and Table 6 summarizes
the comparative results. Experimental results in-
dicate that certain LLM-based approaches such
as GenTKG and GPT-NeoX do not consistently
outperform traditional TKG reasoning methods.
This observation can be primarily attributed to the
overly general logical rules derived from LLM-
generated reasoning chains, which may fail to pre-
cisely model the intricate temporal dynamics in-
herent in TKGs. Notably, LLM-DR, which contin-
uously refines its rule set to mirror the empirical
distribution, yields the best Hit@1 scores (40.60%
on ICEWS14 and 30.40% on ICEWS18 datasets).
However, its Hit@3 and Hit@10 scores decline

because the iterative rule-pruning aggressively nar-
rows each query to a high-precision candidate set,
increasing the likelihood that the top prediction is
correct while simultaneously sacrificing lower-rank
diversity and overall recall. In contrast, our pro-
posed approach achieves robust performance across
all metrics, surpassing all baseline methods on
Hit@3 and Hit@10, and obtaining a strong Hit@1
result second only to LLM-DR. With an average
overall hit score of 50.13% across both datasets.

6 Conclusion

In this paper, we propose NADEx, a novel
Negative-Aware Diffusion model specifically de-
signed for TKG extrapolation. By recasting
TKG reasoning as a sequence-denoising problem,
NADEx perturbs target-entity embeddings with
Gaussian noise and then leverages a Transformer-
based denoiser to reconstruct the true entity repre-
sentation. Crucially, we embed batch-wise nega-
tive prototypes into the diffusion process and train
under objectives that combine cross-entropy recon-
struction with a cosine-alignment regularizer. This
formulation not only sharpens the model’s ability
to discriminate between plausible and implausi-
ble future events but also preserves the generative
strengths of diffusion dynamics. Comprehensive
experiments conducted across four widely-used
TKG benchmarks demonstrate that NADEx consis-
tently achieves state-of-the-art performance.
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Limitation

One limitation of this work lies in its reliance on
four widely used TKG benchmarks (ICEWS14,
ICEWS05–15, ICEWS18, and GDELT), although
standard, represent a relatively narrow spectrum of
event data. These datasets are dominated by politi-
cal and international relations events, with limited
diversity in domains such as science, economics,
or natural disasters. As a result, the model’s gen-
eralizability to other types of temporal knowledge
graphs remains untested. In addition, while the pro-
posed negative-aware diffusion framework intro-
duces a cosine-alignment regularizer to incorporate
negative prototypes, the construction of negatives
is limited to batch-level sampling. This strategy
may not fully capture semantically hard negatives
or long-tail entities, potentially leading to overly
coarse approximations of implausible events.
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A Additional Related Work

A.1 Diffusion Models on Discrete Data
Diffusion models (DMs) (Sohl-Dickstein et al.,
2015) have emerged as a unifying generative
paradigm, delivering state-of-the-art sample quality
in image generation (Dhariwal and Nichol, 2021;
Nichol et al., 2022) and audio (Kong et al., 2020;
Liu et al., 2023a). While the original formula-
tions operate in continuous Euclidean space, sev-
eral lines of work now transpose the framework to
discrete symbol sequences. Diffusion-LM (Li et al.,
2022a) projects word tokens into continuous em-
beddings and performing score matching within
that continuous latent space, enabling effective
non-autoregressive and controlled text generation,
whereas DiffuSeq (Gong et al., 2022, 2023) adopts
a discrete corruption process aligned with time in-
dices and employs a transformer-based denoiser,
enabling the generation of coherent sequences with
arbitrary length. Beyond sequence generation, dif-
fusion has also been adapted for structured pre-
diction. DiffusionNER (Shen et al., 2023), for in-
stance, formulates named-entity recognition as a
boundary denoising task, gradually refining noisy
span boundaries into consistent entity predictions.

More recently, diffusion-based frameworks have
been introduced into domain-specific applications
that involve symbolic or sequential interactions. In
recommendation systems, DiffRec (Wang et al.,
2023) and DreamRec (Yang et al., 2023) lever-
age diffusion to model user–item interaction se-
quences. By injecting noise into observed behav-
iors and learning to reverse this process, these mod-
els uncover preference distributions and capture
fine-grained uncertainty in recommendation out-
comes. Such extensions highlight the versatility of
diffusion paradigms as they are not only effective in
dense continuous domains but also adaptable to dis-
crete symbolic reasoning tasks, where noise-driven
generative processes can reveal hidden structure
and probabilistic dependencies.

B Preliminary

Definition 3. Diffusion Models for Discrete Data.
Diffusion models (DMs) are probabilistic genera-
tive frameworks comprising two coupled Markov
chains: a forward diffusion that gradually corrupts
data with noise, and a reverse denoising that learns
to recover the original samples. Although origi-
nally formulated for continuous domains, recent
works have extended DMs to discrete sequences.
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We summarize the key components of discrete-data
diffusion below.

Forward diffusion. Given a discrete sequence
w, we first embed it into continuous space via,

x0 ∼ q (x0 | w) = N (x0; Emb(w), β0I) , (18)

where Emb(·) ∈ Rd is an mapping function that
projects each word into vector. β0 > 0 con-
trols the initial noise level. Thereafter, for t ∈
{0, 1, . . . , T}, the latent states evolve according to
:

q(xt | xt− 1) = N
(
xt; ,

√
ᾱt,xt− 1, , (1− ᾱt)I

)

=
√
ᾱt,xt−1; +;

√
1− ᾱt, ϵ, ϵ ∼ N (0, I),

(19)

where ϵ ∼ N (0, 1) is a random Gaussian noise,
and ᾱt =

∏t
t′=1, αt′ ∈ (0, 1) governs the noise

schedule.
Reverse denoising. Starting from xT ∼

N (0, I), the reverse chain is parameterized by a
neural network fθ that predicts the Gaussian transi-
tion,

pθ(xt−1|xt) = N (xt−1;µθ(xt, t); Σθ(xt, t)), (20)

where µθ and Σθ are learnable functions of
(xt, t). By iteratively sampling from pθ, one can
recover an estimate x̂0.

Discrete rounding and training objective. To
map x̂0 back to tokens, we apply a soft-max based
decoder,

pθ (w | x̂0) = Softmax (x̂0) . (21)

The end-to-end loss combines a continuous re-
construction term and a discrete rounding term,

Lsimple(w) = E
qϕ(x0:T |w)

[
T∑

t=2

[
∥x0 − fθ (xt, t)∥2

]
]
+

E
qϕ(x0:1|w)

[
∥Emb(w)− fθ (x1, 1)∥2 − log pθ (w | x0)

]
.

(22)

Where the first term trains the model to denoise
from t = 2 to T , reducing continuous approxi-
mation errors, while the second term aligns the
t = 1 denoised output with the original embedding
and encourages accurate rounding to the discrete
sequence.

Table 7: The statistics of the datasets. |E| and |R|
denote the number of unique entities and event types,
respectively.

Datasets |E| |R| Train Valid Test Unseen Ratio

ICEWS14 6,869 230 74,845 8,514 7,371 58.43%
ICEWS18 23,033 256 373,018 45,995 49,545 55.69%

ICEWS05-15 10,094 251 368,868 46,302 46,159 39.82%
GDELT 7,691 240 1,734,399 238,765 305,241 43.72%

C Experimental Setup

C.1 Dataset Statistics

To ensure consistency and comparability, we ad-
here to the chronological splitting protocol (80%
training, 10% validation, and 10% testing) estab-
lished in prior studies by (Li et al., 2021; Cai et al.,
2024).

C.2 Baselines

Static Baselines:

• DistMult (Yang et al., 2015), employs a bilinear
scoring function, modeling triple plausibility via
a diagonal relation matrix that captures pairwise
interactions between subject and object embed-
dings.

• ConvE (Dettmers et al., 2018), applies 2D con-
volution over reshaped entity and relation em-
beddings, followed by a projection layer to learn
richer feature interactions for link prediction.

• RotatE (Sun et al., 2019), represents relations
as complex-valued rotations in the embedding
space, enabling the model to naturally encode
and infer diverse relational patterns such as sym-
metry and inversion.

Interpolation Baselines:

• TTransE (Leblay and Chekol, 2018), explicitly
models temporal dynamics by embedding enti-
ties and relations within a continuous time frame-
work, using translation operations along the time
dimension to capture their evolution.

• TA-DistMult (Garcia-Duran et al., 2018), extends
the DistMult scoring function with time-aware
embeddings, allowing the model to adapt relation
parameters according to temporal context.

• DE-SimplE (Goel et al., 2020), employs di-
achronic embeddings that parameterize entity
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and relation representations as functions of time,
hence modeling progressive change across differ-
ent timestamps.

Extrapolation Baselines:

• RE-NET (Jin et al., 2020), integrates recurrent
neural architectures with graph convolution to
capture the sequential evolution of entities and
predict future links.

• Re-GCN (Li et al., 2021), employs a Recurrent
Evolutionary GCN that recurrently updates entity
and relation embeddings at each timestamp by
propagating temporal signals through the KG.

• CyGNet (Zhu et al., 2021), models cyclical tem-
poral patterns, enabling the framework to learn
periodic behaviors and extrapolate yet-unseen
links.

• TITer (Sun et al., 2021), applies hierarchical
transformations to entity embeddings, iteratively
tracking their evolution to anticipate future TKG
states.

• CEN (Li et al., 2022c), uses length-aware convo-
lutional filters to extract multi-scale evolutionary
patterns, with an online training strategy to han-
dle temporal variability.

• TiRGN (Li et al., 2022b), leverages recurrent
graph networks to encode dynamic relational
structures, improving inference of unseen facts.

• HisMatch (Li et al., 2022d), aligns historical en-
tity representations via a matching mechanism,
enhancing prediction accuracy for future interac-
tions.

• RETIA (Liu et al., 2023b), constructs a twin
hyper-relation subgraph and evolutionarily ag-
gregates adjacent entity and relation features for
enriched message passing.

• CENET (Xu et al., 2023), incorporates con-
trastive learning objectives to strengthen dynamic
representation learning within temporal graphs.

• CRAFT (Zhang et al., 2024), utilizes hypergraph
convolutional aggregators to fuse coarse- and
fine-grained historical contexts, yielding robust
extrapolation.

• THCN (Chen et al., 2024a), introduces tempo-
ral causal convolutional networks grounded in
Hawkes processes to distinguish the relative im-
portance of concurrent facts.

• DiffuTKG (Cai et al., 2024), reframes TKG rea-
soning as a denoising diffusion process over
entity embeddings to generate plausible future
links.

• LogiQ (Chen et al., 2025b), augments diffusion-
based generation with logical constraints, im-
proving both accuracy and interpretability.

• CognTKE (Chen et al., 2025c), integrates cogni-
tively inspired symbolic priors into embedding
learning, enabling more transparent and reliable
extrapolation.

D Experimental Analysis

D.1 Sensitivity Analysis

In this section, we evaluate NADEx’s sensitivity
to three key hyperparameters on the ICEWS14
and ICEWS18 benchmarks in terms of MRR and
Hit@1, including the impact of temperature coef-
ficient τ , different lengths of event sequence and
different scale of noise in the forward process. Our
findings are summarized in Figure 4.
Impact of Temperature Coefficient. The tem-
perature coefficient τ in our log-likelihood ranking
loss controls the sharpness of the softmax distribu-
tion over candidate entities. From Figure 4(a) on
ICEWS14, we observe that both MRR and Hit@1
improve as τ increases from 0.1 to 0.5. Beyond this
point, performance plateaus or slightly dips. In con-
trast, on the more temporally complex ICEWS18
(Figure 4(d)), performance initially drops at τ =
0.3, but then steadily rises across the range τ = 0.5
to τ = 0.9, with optimal MRR and Hit@1 achieved
at τ = 0.9.
Impact of Event Sequence Length. The length
of the historical event sequence notably influences
NADEx’s predictive power, as shown in Figures
4(b) and (e). On ICEWS14, increasing the input
window from 4 to 8 events yields a substantial
jump, indicating that the model benefits from addi-
tional context. Further extending the sequence to
16, 32, and 64 events provides diminishing but still
positive returns. The plateau around 32 to 64 sug-
gests extra history adds limited new information
on ICEWS14. ICEWS18 exhibits a similar pattern,
with steady MRR and Hit@1 increases up to 64
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Figure 4: Sensitivity analysis on ICEWS14 and ICEWS18.

events, and a relative acceleration in improvement
beyond 32, reflecting its more complex temporal
dynamics. It is worth-noting that we restrict our
analysis to a maximum sequence length of 64 to
balance predictive gains against the computational
overhead on a single NVIDIA A100 (80 GB) GPU.
Impact of Noise Scale. We further investigate
the influence of the maximum noise scale in the
forward diffusion process on NADEx’s capacity
to model and denoise intricate temporal dynam-
ics. Figures 4(c) and (f) report MRR and Hit@1
as the perturbation magnitude applied to the tar-
get embedding is varied. When the scale is small
(5–10), the injected noise is insufficient to exploit
the generative power of diffusion, resulting in sub-
optimal accuracy. Performance improves markedly
at a moderate scale of 25 and reaches its optimum
at 50 on both ICEWS14 and ICEWS18, indicating
that a balanced level of stochasticity best enriches
the denoising signal. Conversely, very large per-
turbations drive the latent representation far from
the data manifold; the reverse process must then
traverse a longer, noisier trajectory, weakening gra-
dient signals and making accurate reconstruction
substantially more difficult.
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