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Abstract

Temporal knowledge graph reasoning (TKGR)
is crucial for capturing dynamic relational de-
pendencies and inferring evolving facts. How-
ever, existing embedding-based and diffusion-
based methods primarily rely on Euclidean
point embeddings and face two limitations:
(1) sparse entities may suffer from embed-
ding crowding and norm-sensitive scoring, es-
pecially under limited supervision in long-tail
temporal knowledge graphs; (2) uniform noise
schedules in diffusion models ignore tempo-
ral heterogeneity and instance-level predic-
tion difficulty. To address these challenges,
we propose SimDiff-DNS (Simplex Diffusion
with Dynamic Noise Scheduling), a simplex-
anchored logit diffusion framework for TKGR.
First, we represent entity states as probabil-
ity distributions on the simplex and obtain
continuous embeddings as convex combina-
tions of learnable entity basis vectors. This
simplex-coordinate parameterization provides
a probabilistic view of uncertainty and allevi-
ates norm-sensitive ranking behavior for sparse
entities. Second, we introduce a difficulty-
aware dynamic noise scheduling strategy for
the training corruption process, which adjusts
the noise applied to target-entity logits accord-
ing to a bounded difficulty score. Extensive
experiments on three TKGR datasets show that
SimDiff-DNS consistently improves over the
diffusion-based baseline (improving MRR by
3.25 points on ICEWS14) and achieves com-
petitive or state-of-the-art results on several
metrics. Additional diagnostic analyses further
demonstrate its benefits for long-tail entities,
calibration, and ranking stability.

1 Introduction

Temporal knowledge graphs (TKGs) (Gottschalk
and Elena, 2018; Zhao, 2021; Zhang et al., 2024a)
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Figure 1: (a) The simplex representation of the entities.
(b) Adaptive Dynamic Noise Scheduling.

are dynamic multirelational graphs represented in
the form of quadruples (s, r, o, τ ), where s denotes
the subject (i.e., head entity), r denotes the relation,
o denotes the object (i.e., tail entity), and τ de-
notes the timestamp. The TKG reasoning (TKGR)
tasks are primarily divided into interpolation and
extrapolation (Jin et al., 2020). The interpolation
task (Xu et al., 2020; Xiong et al., 2024) involves
inferring missing facts at past timestamps, while
the extrapolation task (Xu et al., 2020; Sun et al.,
2021; Liu et al., 2022) focuses on predicting fu-
ture events. This study specifically addresses the
extrapolation task of TKGs, as it can forecast fu-
ture events and provide forward-looking insights
for decision-making, offering substantial practical
value in areas such as event prediction (Deng et al.,
2020), trend analysis (Choudhury et al., 2020), and
risk prediction (Jhee et al., 2025).

Existing TKGR methods mainly leverage geo-
metric transformations or historical sequence en-
coders, and typically map entities and relations to
Euclidean space (Wang et al., 2023a; Cai et al.,
2023). For instance, Re-Temp (Wang et al., 2023b)
extends graph neural network (GNN) encoders with
explicit temporal embeddings and learns Euclidean-
space representations for entities. CyGNet (Zhu
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et al., 2021) learns time-aware Euclidean embed-
dings via a copy–generation mechanism. Despite
the promising results achieved by existing meth-
ods, there are still several key challenges: On one
hand, sparse entities in TKGs often receive limited
supervision, which makes Euclidean point embed-
dings vulnerable to embedding crowding and norm-
sensitive global scoring; on the other hand, deter-
ministic point embeddings provide limited tools
for diagnosing prediction uncertainty in temporally
evolving entity states. Recently, methods based
on generative diffusion models have emerged. Dif-
fuTKG (Cai et al., 2024) models temporal reason-
ing as a conditional sequence denoising process.
However, it employs a uniform noise scheduling
strategy, which overlooks the inherent heterogene-
ity and evolving fluctuations in temporal data.

In addition, in TKGs, there is often a severe
long-tail distribution of entities, which leads to a
significant drop in model performance when han-
dling sparse tail entities. Existing geometric trans-
formation models typically treat entities as points.
Due to the lack of sufficient training samples, the
embeddings of tail entities are difficult to update
effectively, resulting in failure of the geometric
transformations. On the other hand, although dif-
fusion models excel at learning data distributions,
during the reverse denoising process, they tend to
overlook the weak feature signals of long-tail en-
tities because these entities lack sample support,
making it difficult to capture rare or sudden events.

To address these challenges, we propose
SimDiff-DNS (Simplex Diffusion with Dynamic
Noise Scheduling), a diffusion-based framework
that anchors entity states in simplex coordinates.
First, unlike Euclidean point embeddings, the sim-
plex constraint models entities as sparse probability
distributions. As shown in Figure 1(a), each entity
state lies on the probability simplex, allowing the
model to vary from sharp low-entropy distributions
for predictable entities to more diffuse high-entropy
distributions for ambiguous or sparse entities. The
resulting continuous embedding is a convex com-
bination of learnable entity basis vectors, which
provides a more controlled representation than free
Euclidean point vectors when basis norms are reg-
ularized. This structure encourages discriminative
entity distributions and is especially useful for long-
tail entities with limited supervision.

Furthermore, we introduce a difficulty-aware
adaptive dynamic noise scheduling (DNS). As de-
picted in Figure 1(b), by quantifying historical

predictability, DNS adaptively adjusts noise lev-
els according to the predicted difficulty of each
entity. Specifically, the mechanism assigns lower
noise to simple entities to refine decision bound-
aries, while injecting higher noise into hard-to-
predict entities to promote robust structural learn-
ing. This difficulty-aware strategy significantly bol-
sters model resilience to data sparsity and enhances
inductive reasoning on unseen facts.

Our contributions are summarized as follows:

• To the best of our knowledge, SimDiff-DNS
is the first work to incorporate simplex-
coordinate entity states into a diffusion frame-
work for TKGR. By representing entity states
as probability distributions and continuous
embeddings as convex combinations of basis
vectors, SimDiff-DNS reduces norm-sensitive
ranking behavior and provides a natural uncer-
tainty measure through entropy.

• We design a difficulty-aware dynamic noise
scheduler for training-time logit corruption.
Instead of uniform noise scheduling, DNS
adaptively adjusts noise levels according to
bounded prediction difficulty and uses clipped
coefficients to guarantee a valid perturbation
process.

• Experiments on three datasets show that
SimDiff-DNS consistently improves over the
diffusion-based baseline and achieves compet-
itive performance against strong TKGR meth-
ods. Further long-tail, calibration, entropy-
correlation, norm-stability, and ranking-
stability analyses demonstrate the benefits
of simplex-coordinate representations and
difficulty-aware training-time corruption.

2 Related Work

2.1 Temporal Knowledge Graph Reasoning

Existing TKG reasoning (extrapolation) methods
can be broadly divided into several categories:
(1) Embedding-based models dynamically model
temporal evolutionary patterns of entities and re-
lationships using low-dimensional vectors, infer-
ring missing facts through the similarity of his-
torical embeddings. Representative models in-
clude CyGNet (Zhu et al., 2021), HIP (He et al.,
2021), among others. (2) GNN-based models fo-
cus on uncovering structural evolution in TKGs,
predicting dynamic associations by aggregating
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neighborhood information through message pass-
ing, e.g., xERTE (Han et al., 2020) and RE-
NET (Jin et al., 2020). Most embedding spaces
of embedding-based and GNN-based models are
Euclidean spaces. To address the intrinsic limita-
tions of Euclidean space, non-Euclidean geometric
embeddings attract attention in TKG interpolation
task. IME (Wang et al., 2024a) models TKGs into
multi-curvature spaces, including hyperspherical,
hyperbolic, and Euclidean spaces. 5EL (Zhang
et al., 2025) models TKGs into projective geomet-
ric space and utilizes Möbius transformations to
capture complex topological structures. (3) Rule-
based models focus on inductively deriving inter-
pretable logical rules, such as TLogic (Liu et al.,
2022) and TempValid (Huang et al., 2024). (4)
Language model-based models treat entities and
relations as semantic symbols, using generative
models to predict missing facts, such as CoH (Xia
et al., 2024) and GenTKG (Liao et al., 2024).

2.2 Diffusion-based TKGR
Diffusion models are a type of generative model
that learn data distributions by gradually adding
and removing noise, and they are commonly used
for high-quality image and audio generation. Cur-
rently, some research has explored text diffusion
models in discrete state spaces (Li et al., 2022; Reid
et al., 2023; Gong et al., 2023). DiffuTKG (Cai
et al., 2024) is the first model to introduce diffusion
methods into TKG reasoning tasks, by introducing
random noise to target entities and reconstructing
the entities. However, DiffuTKG adopts a uniform
noise scheduling strategy that is independent of the
data, ignoring the inherent heterogeneity and evolv-
ing differences in time-series data. As a result, the
model fails to adaptively adjust the diffusion pro-
cess based on the prediction difficulty of samples.

Different from existing methods, in our work:
(1) We model entity states as sparse probability dis-
tributions in simplex coordinates, which provides
entropy-based uncertainty diagnostics beyond de-
terministic point embeddings; (2) unlike the uni-
form noise scheduling in DiffuTKG, we introduce
a difficulty-aware Dynamic Noise Scheduler (DNS)
that adaptively adjusts the perturbation intensity in
the forward logit space for each training sample.
By constraining the temporal reasoning difficulty,
DNS directly modulates the instance-conditioned
forward perturbation distribution; (3) by integrating
simplex-coordinate representation with diffusion
dynamics, our method mitigates the long-tail prob-

lem in TKGs and is further validated by frequency-
stratified, calibration, entropy-correlation, norm-
stability, and ranking-stability analyses.

3 Problem Formulation

A temporal knowledge graph (TKG) is
defined as G = (E ,R, T ,Q), where E ,
R, and T denote the sets of entities, re-
lations, and timestamps, respectively, and
Q = {(es, r, eo, τ) | es, eo ∈ E , r ∈ R, τ ∈ T } is
the set of timestamped quadruples. We further
represent G as a sequence of snapshots ordered
by time, G = {G1,G2, . . . ,G|T |}. Given a query
(sq, rq, ?, τq), the goal of TKG reasoning (extrap-
olation) task is to predict oq from the historical
snapshots {G1, . . . ,Gτq−1}.

4 Method

In Figure 2, we present the SimDiff-DNS frame-
work, which begins by grounding entity represen-
tations in simplex coordinates (§4.1) to enforce
sparsity-inducing probabilistic constraints. Build-
ing on this, we formulate a simplex-anchored logit
diffusion process (§4.3), where Gaussian pertur-
bations are applied in unconstrained logit coordi-
nates and each state is projected to the simplex
through softmax. The diffusion process is further
augmented by a difficulty-aware adaptive noise
scheduling strategy (§4.4) that dynamically modu-
lates noise levels based on bounded instance hard-
ness. Finally, we detail the sequence encoding and
denoising network (§4.5), which leverages histori-
cal contexts to guide TKG reasoning (§4.6).

4.1 Simplex Manifold Embedding

We model entities as sparse probability distri-
butions using simplex embeddings. According
to Han et al. (2023), we map an arbitrary entity
e ∈ {1, 2, . . . , |E|} to a simplex-based Logit Vec-
tor se ∈ R|E|:

se [i] =
{︃

+k if i = e,
−k otherwise,

(1)

where k > 0 is a scaling hyperparameter control-
ling the peakiness of the initial distribution. We
then derive the simplex probability vector pe via:

pe = softmax(se), s.t. pe ∈ ∆|E|−1, (2)

where ∆|E|−1 = {x ∈ R|E| | x ≥ 0, ∥x∥1 = 1}
denotes the standard simplex.
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Figure 2: The overall framework of SimDiff-DNS. It comprises four primary components: (1) Simplex-coordinate
Entity Embedding, which represents entity states as probability distributions and projects them into continuous
embeddings; (2) Dynamic Adaptive Noise Mechanism, which estimates difficulty and adaptively modulates the
noise injected into logit coordinates; (3) Reverse Denoising Process, designed to reconstruct the clean logit state ŝ0
whose softmax projection yields a simplex-valued state; and (4) Inferred Evolving Facts, which predicts the target
tail entity otarget based on historical quadruples.

To integrate semantic information, we project
the discrete probability distribution pe into a con-
tinuous latent space to derive the entity embedding
e of the entity e:

e = peE, (3)

where E ∈ R|E|×d represents the learnable entity
embedding matrix with hidden dimension d, result-
ing in e ∈ Rd.

4.2 Geometric Analysis of Simplex Space

By representing entity states as bounded probabil-
ity distributions, simplex coordinates reduce norm-
sensitive effects and provide an entropy-based view
of prediction uncertainty, which is particularly use-
ful for long-tail entities with limited supervision.
We defer the detailed geometric analysis to Ap-
pendix A.

4.3 Simplex-Anchored Logit Diffusion

SimDiff-DNS performs diffusion in the uncon-
strained logit space rather than directly on the sim-
plex. Each perturbed logit state st is mapped by

softmax to a valid simplex-valued entity state, in-
ducing a logistic-normal distribution as discussed
in Appendix H.3.

4.3.1 Forward Diffusion
The forward propagation perturbs the initial logit
vector s0 through dynamically adaptive noise
scheduling (see Section 4.4). Given an entity e,
we first obtain its simplex-based logit vector s0 ac-
cording to Eq. (1). Without DNS, the standard logit
diffusion process is:

st =
√
ᾱts0 +

√
1− ᾱtϵ, (4)

where, ϵ ∼ N (0, I) denotes Gaussian noise, and
ᾱt =

∏︁t
i=1(1 − βi) is the cumulative noise coef-

ficient. During training, DNS replaces the base
coefficients in Eq. (4) with the sample-dependent
clipped coefficients defined in Eq. (15). The noisy
logit vector st is mapped by softmax to pt ∈
∆|E|−1, from which the continuous noisy entity
embedding et is obtained via Eq. (3).

4.3.2 Reverse Denoising
The reverse process uses a conditional denoising
network Mθ to reconstruct the initial target-entity
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logit state s0 from its noisy state st. Given the
noisy embedding et and historical context H, the
network predicts a denoised representation, which
is projected to the entity vocabulary via ET :

p
pred
0 ≈ softmax

(︁
Mθ(et, t,H)ET

)︁
. (5)

To obtain the predicted clean logit state, we map
the predicted simplex-valued distribution back to
logit coordinates:

ŝ0 = log
(︂
p

pred
0 + δ

)︂
, (6)

where δ is a small constant for numerical stability.
For DNS-corrupted training states, the forward

coefficients become sample-dependent. Let at and
bt denote the signal and noise coefficients at step t,
where at = c̃t and bt = σ̃t when DNS is used for
training corruption. Under a fixed detached diffi-
culty score, the corresponding Gaussian posterior
can be written as follows. Define

ρt =
at
at−1

, vt = b2t − ρ2t b
2
t−1, (7)

with vt > 0, and the posterior variance

ṽt =

(︃
1

b2t−1

+
ρ2t
vt

)︃−1

. (8)

The posterior mean parameterized by the predicted
clean state is

µ̃t(st, ŝ0) = ṽt

(︃
at−1

b2t−1

ŝ0 +
ρt
vt
st

)︃
. (9)

When at =
√
ᾱt and bt =

√
1− ᾱt, this form

reduces to the standard DDPM posterior. The in-
ference procedure uses the fixed base schedule, as
described in Section 4.6.2.

4.4 Difficulty-Aware Adaptive Dynamic Noise
Scheduling

DNS adaptively corrupts target-entity logits during
training by estimating entity-level prediction diffi-
culty from model feedback. Unlike timestep-only
schedules, it performs instance-level noise modu-
lation using bounded temporal reasoning difficulty
while preserving a valid clipped perturbation pro-
cess.

4.4.1 Difficulty Assessment
We propose an evaluation mechanism that dy-
namically updates the prediction difficulty of en-
tities based on the continuously evolving train-
ing feedback of the model. For a given query

tuple (sq, rq, ?, τq) in the training batch, we as-
sess the prediction difficulty using the current
model parameters and the historical sequence H
(in Section 4.5.1). Specifically, we obtain the real-
time output probability distribution p ∈ ∆|E|−1

by masking the target entity. We compute three
bounded difficulty components:

u1 =
H(p)

log |E| , u3 = 1− pmax,

u2 = min
{︁
− log(ptarget + ϵ)/ log |E|, 1

}︁
,

(10)

where H(p) = −∑︁i pi log pi measures predictive
uncertainty, ptarget is the probability of the target
entity, and pmax is the maximum predicted proba-
bility. The bounded difficulty score is:

W̄diff = clip

(︃
ω1u1 + ω2u2 + ω3u3
ω1 + ω2 + ω3 + ϵ

, 0, 1

)︃
,

(11)
0 ≤ W̄diff ≤ 1, which prevents the adaptive noise
coefficient from becoming unbounded.

4.4.2 Adaptive Noise Scheduling
We adjust the perturbation intensity based on the
bounded difficulty score W̄diff. For entities that are
easy to predict, we assign a lower noise level to
refine local decision boundaries. In contrast, for
hard-to-predict entities, we inject stronger pertur-
bations to promote broader semantic exploration
during denoising.

We first compute the raw adaptive noise coeffi-
cient:

σ̂t =
√
1− ᾱt · (1 + γ · W̄diff), (12)

where γ ≥ 0 is the noise scaling factor. To guaran-
tee numerical validity, we clip the coefficient:

σ̃t = clip (σ̂t, σmin, 1− ϵσ) , (13)

where 0 < σmin < 1 and 0 < ϵσ < 1. The signal
component is then:

c̃t =
√︂
1− σ̃2

t . (14)

Therefore, c̃2t + σ̃2
t = 1, ensuring a valid pertur-

bation process. Utilizing the modified coefficients,
we perturb the initial logit representation s0 to de-
rive the state st at time step t:

st = c̃ts0 + σ̃tϵ, (15)

where ϵ ∼ N (0, I). Appendix H.5 proves that
the clipped DNS coefficients are bounded and Ap-
pendix H.6 shows that difficulty monotonically re-
duces the signal-to-noise ratio in the unclipped re-
gion.
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4.5 Sequence Encoding and Denoising
Network

4.5.1 Sequence Construction
Unlike prior approaches such as DiffuTKG, which
aggregate quadruple information via element-wise
summation, we preserve the fine-grained tempo-
ral structure by constructing the input sequence H
through chronological concatenation:

H = [es1 , r1, eo1 , τ 1, . . . , esn , rn, eon , τn] ,
(16)

where, n denotes the historical sequence length.
Entity embeddings are obtained from the simplex-
space mapping in Section 4.1. Relations are em-
bedded as ri = Rri with inverse relations included
in R ∈ R2|R|×d. We use relative time encoding
τ i = T|tq − τi|, where T ∈ R|T |×d is learnable
and tq is the query timestamp.

4.5.2 Transformer Denoising Network
We use a Transformer-based architecture to model
conditional dependencies and perform denoising
operations. We concatenate the historical sequence
H, query relation rq, query timestamp τq, and the
noise target entity embedding et of the current dif-
fusion step as the input:

ê0 = Transformer (H⊕ rq ⊕ τ q ⊕ et,M) ,
(17)

where ⊕ denotes the concatenation operation, and
M represents the attention mask. We extract the
output vector corresponding to the position of the
noisy entity et as the predicted denoised represen-
tation ê0.

4.6 Training and Inference

4.6.1 Training Objective
The training proceeds by sampling a time step
t ∼ U(1, T ) and perturbing the target entity logit
coordinate via DNS (Eq. (15)). The noised logit
state is mapped to the simplex via softmax and then
projected to the continuous embedding space. The
model is optimized to reconstruct the initial state
s0 conditioned on the historical sequence.

Global Entity Scoring. We project the predicted
denoised embedding ê0 back into the entity vocab-
ulary space to compute the plausibility scores for
all candidate entities. Specifically, we employ a
scaled dot-product formulation:

z =
ê0E

T

√
d · τ

, (18)

where z ∈ R|E| denotes the output logits,
√
d

serves as a scaling factor to maintain gradient sta-
bility. The temperature parameter τ regulates the
sharpness of the probability distribution.

Loss Function. The model is optimized by min-
imizing the Cross-Entropy loss between the pre-
dicted distribution and the ground-truth entity o.
This objective maximizes the log-likelihood of the
correct entity:

L = − log

(︄
exp(zo)∑︁|E|
i=1 exp(zi)

)︄
, (19)

where zo corresponds to the logit score of the
ground-truth entity.

4.6.2 Inference Procedure
We initialize the logit state with Gaussian noise
sT ∼ N (0, I). At each reverse step t, the de-
noising network estimates the clean state ŝ0 condi-
tioned on the historical context H and the current
noisy state st. We compute the reverse mean using
the standard posterior parameterization with the
base coefficients at =

√
ᾱt and bt =

√
1− ᾱt. De-

note the resulting mean and variance by µbase
t and

vbaset , respectively. The previous state is sampled
as

st−1 = µbase
t (st, ŝ0) +

√︂
vbaset ϵ, (20)

where ϵ ∼ N (0, I). This iterative refinement con-
tinues until t = 0, after which candidate entities
are ranked by the global scoring function.

5 Experiments

5.1 Experimental Setup

Datasets We evaluate SimDiff-DNS on three
widely used datasets: ICEWS14 (García-Durán
et al., 2018), ICEWS05-15 (García-Durán et al.,
2018), and YAGO (Mahdisoltani et al., 2013).

Evaluation Metrics During testing, we per-
form experiments under time-aware filtering set-
tings (Dong et al., 2023; Zhang et al., 2023) to filter
out other correct entities. To evaluate model perfor-
mance, we adopt standard evaluation metrics from
the field, including Mean Reciprocal Rank (MRR),
Hits@1, Hits@3, and Hits@10, where higher met-
ric values indicate better performance.

Baseline Methods We compare SimDiff-DNS
with representative state-of-the-art TKGR base-
lines, covering embedding-based, GNN-based,
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Method
ICEWS14 ICEWS05-15 YAGO

MRR H@1 H@3 H@10 MRR H@1 H@3 H@10 MRR H@1 H@3 H@10

CyGNet† (Zhu et al., 2021) 39.86 30.11 44.02 58.10 40.42 29.44 46.06 61.60 68.98 58.97 76.80 86.98
RE-NET† (Jin et al., 2020) 38.48 28.52 42.85 58.10 44.56 34.16 50.06 64.51 66.93 58.59 71.48 86.84
xERTE (Han et al., 2020) 40.79 32.70 45.67 57.30 46.62 37.84 52.31 63.92 53.62 48.53 58.42 60.53
REGCN† (Li et al., 2021) 42.48 31.90 47.73 62.85 48.10 37.48 53.92 68.56 82.30 78.83 84.27 88.58
ODE (Han et al., 2021) 26.25 17.30 29.07 44.18 42.86 32.72 48.14 62.34 62.50 58.77 64.73 68.63
TLogic (Liu et al., 2022) 42.53 33.20 47.61 60.29 46.94 36.16 53.24 67.21 78.76 74.31 83.38 83.72
TempValid (Huang et al., 2024) 45.78 35.50 51.34 65.06 50.31 39.46 56.71 70.55 79.72 74.64 84.78 85.73
ONSEP (Yu et al., 2024) - 33.20 46.50 57.70 - 39.00 55.10 66.80 - - - -
ChapTER (Peng et al., 2024) 33.80 - 38.00 52.70 33.10 - 36.90 52.50 14.80 11.50 14.40 20.20
STORE (Zhang et al., 2024b) 48.77 36.53 55.58 71.91 49.74 38.52 55.91 71.14 64.65 51.94 71.50 83.10
CoH (Xia et al., 2024) 43.94 33.07 49.64 64.90 49.71 38.01 56.40 71.25 - - - -
GenTKG (Liao et al., 2024) - 36.85 47.95 53.50 - - - - - 79.15 83.00 84.25
LLM-DA (Wang et al., 2024b) 47.10 36.90 52.60 67.10 52.10 41.60 58.60 72.80 - - - -
DiffuTKG (Cai et al., 2024) 48.51 36.41 - 72.75 52.69 40.35 - 75.97 80.98‡ 74.25‡ 85.63 ‡ 89.41‡

CognTKE (Chen et al., 2025) 46.06 36.49 51.11 64.49 53.13 42.62 59.42 72.70 - - - -
MESH (Deng et al., 2025) 44.36 - 49.81 64.21 48.66 - 54.26 68.57 - - - -

SimDiff-DNS(Ours) 51.76 39.31 53.37 76.87 53.73 43.58 57.48 75.98 81.61 76.30 86.33 89.81

APG 2.99 ↑ 2.41 ↑ -2.21 ↓ 4.12 ↑ 0.60 ↑ 0.96 ↑ -1.94 ↓ 0.01 ↑ -0.69 ↓ -2.85 ↓ 0.70 ↑ 0.40 ↑
RPG(%) 6.13 ↑ 6.53 ↑ -3.98 ↓ 5.66 ↑ 1.13 ↑ 2.25 ↑ -3.26 ↓ 0.01 ↑ -0.84 ↓ -3.60 ↓ 0.82 ↑ 0.45 ↑

Table 1: Performance (%) comparison of TKG reasoning (the extrapolation task) on three event-based TKG datasets (ICEWS14,
ICEWS05-15, and YAGO). APG and RPG represent the absolute and relative performance differences of our model over the
best-performing baselines, calculated as APG = Rours − Rbaseline and RPG = (Rours − Rbaseline) /Rbaseline, where Rours

and Rbaseline denote the results of our model and best-performing baselines, respectively. Best results are in bold, and the
second best are underlined. The results marked with † are from Huang et al. (2024), the results marked with ‡ are reproduced by
us, and other results are retrieved from the original papers.

rule-based, language-model-based, diffusion-
based, and recent hybrid neural methods. The
compared methods include CyGNet (Zhu et al.,
2021), RE-NET (Jin et al., 2020), xERTE (Han
et al., 2020), REGCN (Li et al., 2021), ODE (Han
et al., 2021), TLogic (Liu et al., 2022), Temp-
Valid (Huang et al., 2024), ONSEP (Yu et al., 2024),
ChapTER (Peng et al., 2024), STORE (Zhang et al.,
2024b), CoH (Xia et al., 2024), LLM-DA (Wang
et al., 2024b), GenTKG (Liao et al., 2024),
CognTKE (Chen et al., 2025), MESH (Deng et al.,
2025), and DiffuTKG (Cai et al., 2024). We pro-
vide the implementation details of SimDiff-DNS
in Appendix B and introduce each baseline model
in Appendix C.

5.2 Main Results

The performance comparison of SimDiff-DNS
against strong baselines on three TKG datasets is
presented in Table 1. The results demonstrate that
our proposed framework achieves the best or highly
competitive performance across most metrics.

Specifically, compared to the diffusion-based
baseline DiffuTKG, SimDiff-DNS achieves sig-
nificant improvements. On the ICEWS14 dataset,
our model surpasses DiffuTKG by 3.25% in MRR
(reaching 51.76%) and 2.90% in Hits@1. Simi-
larly, on the larger and more complex ICEWS05-15
dataset, SimDiff-DNS achieves an MRR of 53.73%,

outperforming DiffuTKG (52.69%) by nearly 1%.
Furthermore, compared to advanced generative

methods like GenTKG and LLM-DA, SimDiff-
DNS remains highly competitive. While LLM-
based methods benefit from massive pre-trained
knowledge, our method achieves comparable or
better results with fewer parameters, highlighting
the efficiency of our geometrically grounded diffu-
sion process.

5.3 Ablation Study

To validate the contribution of each component, we
conduct ablation studies in Table 2. First, replacing
the simplex-coordinate embedding with Euclidean
representations (w/o Simplex) leads to a notable
MRR drop, indicating that simplex coordinates are
effective for modeling sparse entity distributions
and mitigating norm-sensitive ranking bias. Sec-
ond, replacing DNS with a uniform schedule (w/o
DNS) decreases MRR by 4.52%, demonstrating
that DNS better calibrates training dynamics by
sharpening decision boundaries for predictable en-
tities while encouraging broader exploration for
challenging samples.

5.4 Analysis of Long-Tail Performance

To examine long-tail robustness, we group
ICEWS14 test entities by their training-set fre-
quency into high-, medium-, and low-frequency
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Method
ICEWS14

MRR H@1 H@3 H@10

SimDiff-DNS w/o Simplex 46.04 36.72 50.60 63.91
SimDiff-DNS w/o DNS 47.24 37.90 51.34 65.56

SimDiff-DNS 51.76 39.31 53.37 76.87

Table 2: Results (%) of the ablation studies on ICEWS14.
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Figure 3: Fine-Grained Model Performance Analysis
under Different Entity Frequencies on ICEWS14.

groups. As shown in Figure 3, all methods degrade
as entity frequency decreases, while SimDiff-DNS
consistently performs best. Additional long-tail
diagnostics are summarized in Appendix E; hyper-
parameter sensitivity is reported in Appendix F.

5.5 Inference Efficiency Analysis

As shown in Figure 4, reducing the number of de-
noising steps from 400 to 100 decreases the average
latency from 45.0 ms to 12.1 ms, while MRR de-
creases moderately from 51.76% to 49.61%. When
using only 50 steps, the latency further drops to 6.3
ms, with MRR decreasing to 48.90%. These results
indicate that SimDiff-DNS can trade off accuracy
and efficiency by adjusting the length of the reverse
denoising trajectory.

5.6 Case Study

Appendix D shows that SimDiff-DNS assigns
higher uncertainty and stronger DNS perturbation
to ambiguous queries, while producing sharper can-
didate margins for easier queries.

5.7 Euclidean Regularization Controls

Table 3 compares Euclidean variants with L2 reg-
ularization, norm clipping, and label smoothing.
These controls improve the Euclidean baseline but
remain behind SimDiff-DNS, especially for long
tail entities. Please refer to Appendix E for details.

Figure 4: MRR–latency trade-off under different reverse
denoising steps on ICEWS14.

Method Overall Long tail.

MRR H@1 H@3 H@10 MRR H@10

Euclidean 46.04 36.72 50.60 63.91 29.68 45.27
+ L2 Reg. 46.83 37.18 51.02 64.85 30.54 46.91
+ Norm Clip 47.06 37.31 51.29 65.17 31.08 47.74
+ Label Smooth. 47.41 37.65 51.57 65.63 31.36 48.12
SimDiff-DNS w/o DNS 47.24 37.90 51.34 65.56 31.72 48.36

SimDiff-DNS 51.76 39.31 53.37 76.87 37.92 57.86

Table 3: Comparison with Euclidean control variants on
ICEWS14. L2 regularization, norm clipping, and label
smoothing partially improve Euclidean embeddings but do
not close the gap on low-frequency entities.

6 Conclusion

We propose SimDiff-DNS, a simplex-anchored
logit diffusion framework for TKG reasoning. We
represent entity states as simplex-valued probabil-
ity distributions and project them into continuous
embeddings through convex combinations of ba-
sis vectors. Furthermore, the proposed clipped
difficulty-aware adaptive noise scheduling strikes a
balance between boundary refinement and seman-
tic exploration. Experiments show that SimDiff-
DNS consistently improves over the diffusion-
based baseline and achieves competitive results
against strong TKGR methods, with particularly
clear gains on ICEWS14 and in long-tail diagnostic
settings.

Limitations

Despite its effectiveness, SimDiff-DNS presents
certain limitations. First, the iterative softmax pro-
jections and reverse denoising steps introduce ad-
ditional computational overhead and inference la-
tency compared to non-diffusion Euclidean coun-
terparts. Second, our diffusion process is imple-
mented in logit coordinates and induces simplex-
valued states through softmax, rather than perform-
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ing intrinsic Riemannian Brownian motion directly
on the simplex. Third, the history-dependent na-
ture of our DNS strategy may exhibit a temporal lag
when adapting to sudden semantic drifts triggered
by bursty events, potentially affecting responsive-
ness to unexpected distributional shifts.
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A Geometric Analysis of Simplex Space

Existing TKGR methods typically represent enti-
ties as unconstrained vectors in Euclidean space.
For long-tail entities, since they appear only a
few times in the training set, their representa-
tions can receive only limited supervision signals.
As a result, they may be insufficiently separated
from frequent entities or contextually similar enti-
ties. Meanwhile, dot-product-based global entity
scoring is sensitive to embedding norms. Uncon-
strained Euclidean representations may therefore
introduce unstable logit scales, further affecting the
ranking results of long-tail entities.

In contrast, we constrain entity states in the sim-
plex coordinate space. For an arbitrary entity e, its
probability representation pe satisfies pi ≥ 0 and∑︁

i pi = 1. This constraint provides a bounded
probability coordinate: every state remains inside
the simplex and cannot diverge in probability space.
The final continuous embedding peE lies in the
convex hull of the entity basis vectors in E; there-
fore, when basis row norms are controlled by stan-
dard regularization, the induced embedding is also
norm-controlled.

Second, probability mass competes among can-
didate entities: increasing the probability assigned
to one entity necessarily reduces the mass assigned
to others. This competitive structure encourages
sparse and discriminative entity distributions. Fur-
thermore, simplex representations have a natural
probabilistic interpretation, where entropy can be
used to measure distributional uncertainty. This
property is consistent with our DNS module, where
normalized entropy is used as one component for
estimating instance difficulty. We provide a formal
analysis of simplex preservation, logistic-normal

diffusion states, convex-hull boundedness, and
ranking stability in Appendix H.

B Implementation Details

Training configuration. We implement SimDiff-
DNS in PyTorch and optimize all trainable pa-
rameters with AdamW. The learning rate is set to
1× 10−3. The learning rate is reduced by a factor
of 0.5 if the validation MRR does not improve for
5 consecutive epochs. We select the checkpoint
with the highest validation MRR and report the
corresponding test performance.

Historical context construction. For each query
(sq, rq, ?, τq), we construct the historical sequence
using facts that occur before τq. We retain at most
L = 20 historical quadruples associated with the
query subject and relation context, ordered chrono-
logically. If fewer than L historical facts are avail-
able, we use zero-padding and mask padded posi-
tions in the Transformer attention mask. Following
common TKGR practice, we augment the graph
with inverse relations, resulting in 2|R| relation
embeddings.

Model architecture. The entity and relation hid-
den dimension is d = 200. The Transformer de-
noising network has 2 layers, 4 attention heads,
feed-forward dimension 800, and dropout rate 0.2.
The temperature parameter in global entity scoring
is set to τ = 1.0. The simplex scaling factor is set
to k = 5.0.

Diffusion configuration. The diffusion process
uses T = 400 steps. The noise variance ranges
from βstart = 1× 10−4 to βend = 0.02.

Dynamic noise scheduling. For DNS, the nor-
malized entropy weight, target confidence loss
weight, maximum confidence loss weight, and
noise scaling factor are set to ω1 = 0.3, ω2 = 0.5,
ω3 = 0.2, and γ = 0.5, respectively. For clipped
DNS, we set σmin = 1× 10−4 and ϵσ = 1× 10−5.
The difficulty score is computed online from the
current model prediction distribution and detached
from the computation graph when used to deter-
mine the adaptive noise coefficient.

Loss and candidate scoring. We use full soft-
max over all candidate entities rather than sampled
negative entities. The training objective is cross-
entropy over the entity vocabulary. During test-
ing, we use time-aware filtered evaluation: other
entities that form true facts with the same query
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Ntrain Nvalid Ntest Nent Nrel Ntime Interval

ICEWS14 74845 8514 7371 7128 230 365 24 hours
ICEWS05-15 368868 46302 46159 10488 251 4017 24 hours
YAGO 161540 19523 20026 10623 10 188 1 year

Table 4: Statistics of the datasets.

(sq, rq, ?, τq) are removed from the candidate set
before computing ranks. MRR, Hits@1, Hits@3,
and Hits@10 are computed after filtering.

Calibration and diagnostic metrics. For ECE,
we use 10 equal-width confidence bins over [0, 1].
For NLL and Brier score, we compute probabilities
over the filtered candidate distribution and evaluate
the ground-truth entity probability. For entropy-
correlation diagnostics, we compute normalized
entropy

H(p) = − 1

log |E|
∑︂

i

pi log pi.

We report Spearman correlation between H(p) and
log(1+ f), where f is the target entity training fre-
quency, AUROC for detecting incorrect top-1 pre-
dictions using entropy as the risk score, and Spear-
man correlation between H(p) and log(rank).

Euclidean control variants. For Euclidean + L2
regularization, we tune the additional regulariza-
tion strength over {10−6, 10−5, 10−4, 10−3}. For
Euclidean + norm clipping, we clip each entity em-
bedding row after every optimizer step and tune the
clipping radius over {1, 2, 5, 10}. For Euclidean
+ label smoothing, we tune the smoothing coef-
ficient over {0.05, 0.1, 0.2}. All control variants
use the same Transformer architecture, optimizer,
batch size, evaluation protocol, and random seeds
as SimDiff-DNS.

Random seeds and hardware. We run each
main experiment with three random seeds: 2023,
2024, and 2025. Unless otherwise specified, tables
report the mean over three runs. All experiments
are conducted on an NVIDIA A100 GPU.

Datasets ICEWS14 and ICEWS05-15 are de-
rived from the Integrated Crisis Early Warning Sys-
tem (ICEWS) (Boschee et al., 2015), which records
political events that occurred in 2014 and from
2005 to 2015, respectively. YAGO (Mahdisoltani
et al., 2013) is a knowledge base that includes tem-
poral information. The statistics of these datasets
are shown in Table 4.

C Baselines

The comparison of TKG reasoning models with
our work is presented as follows:

CyGNet (Zhu et al., 2021) introduces time-
aware replication generation, combining new facts
with repeated pattern recognition to improve pre-
diction accuracy.

RE-NET (Jin et al., 2020) combines event en-
coding and neighbor aggregation using an autore-
gressive architecture to sequentially reason about
future facts.

xERTE (Han et al., 2020) is based on query
subgraphs and integrates temporal attention and
reverse update, taking into account both accuracy
and interpretability.

REGCN (Li et al., 2021) combines relation-
aware convolution with gated recurrence to dy-
namically model entity relations and fuse static
attributes.

ODE (Han et al., 2021) extends multi-relation
graph convolution to continuous time, integrates
temporal structures, and models the dynamic for-
mation and resolution of relationships.

TLogic (Liu et al., 2022) extracts logical rules
based on temporal random walks, taking into ac-
count both temporal consistency and inductiveness,
and supports rule migration and cross-set predic-
tion.

TempValid (Huang et al., 2024) dynamically
models rule confidence based on time functions
and combines adversarial and time-aware negative
sampling to improve learning efficiency.

ONSEP (Yu et al., 2024) integrates dynamic
causal rule mining and dual history enhanced gen-
eration.

ChapTER (Peng et al., 2024) integrates con-
trastive learning and prefix tuning, and uses virtual
time prefixes to achieve low-parameter fine-tuning
and multi-scenario adaptation.

STORE (Zhang et al., 2024b) combines time-
aware semantic sampling and virtual tokens, using
multi-head attention to jointly optimize both se-
mantic and topological representations of temporal
knowledge graphs.

CoH (Xia et al., 2024) leverages higher-order
historical information to enhance temporal reason-
ing capabilities in large language models.

LLM-DA (Wang et al., 2024b) utilizes large
language models to extract temporal rules, enabling
dynamic adaptation to ever-changing knowledge.
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Query＆history Candidate ranking Simplex / DNS diagnostics Mechanistic readout

Top-k ranking evidence
Baseline / ablation
Benjamin Netanyahu rank = 1

Ashraf Ghani rank = 2

Gold target rank = ?

SimDiff-DNS

Benjamin Netanyahu rank = 2

Ashraf Ghani rank = 3

Gold target rank = 1

Hard case
ambiguous inverse statement relation

Query
（Ministry，Make statement-1，？，
    2014-11-30）

Local temporal context(recent history)

τq-4
11-26

τq-3
11-27

τq-2
11-28

τq-1
11-29

τq
11-30

H ： high
Wdiff ： high
noise ： high

v1

v2 v3

Competing candidates 
remain plausible. 
DNS increases noise 
to preserve 
exploration before 
final denoising.

Conclusion

Top-k ranking evidence
Baseline / ablation
Police(Egypt) rank = 1

Military rank = 2

Government rank = 3
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Figure 5: Qualitative comparison of hard and easy ICEWS14 queries using local context, top-k ranking, simplex
uncertainty, and DNS diagnostics.

GenTKG (Liao et al., 2024) integrates tempo-
ral logic rule retrieval and few-shot instruction
fine-tuning, connecting temporal knowledge graphs
with large language models.

DiffuTKG (Cai et al., 2024) frames temporal
knowledge graph reasoning as a denoising pro-
cess for future fact sequences. It restores target
facts using conditional sequence encoding and a
Transformer-based denoiser, while applying uncer-
tainty regularization to reduce prediction bias and
handle rare or unseen facts.

CognTKE (Chen et al., 2025) introduces a
temporal cognitive relation directed graph and per-
forms dual-process-inspired global shallow reason-
ing and local deep reasoning, enabling interpretable
extrapolation over both long-range historical rela-
tions and complex multi-hop temporal paths.

MESH (Deng et al., 2025) introduces a multi-
expert structural-semantic hybrid framework to
adaptively integrate graph-structural and semantic
reasoning for different temporal event prediction
scenarios.

D Case Study

Figure 5 compares two ICEWS14
examples. For the hard query
(Ministry,Make statement−1, ?, 2014-11-30),
multiple candidates remain plausible, so
SimDiff-DNS produces a dispersed simplex

distribution with higher entropy and assigns
stronger DNS perturbation. For the easy query
(Protester,Use tactics−1, ?, 2014-11-07), the
historical context more clearly supports Police
(Egypt), yielding lower entropy, a sharper margin,
and weaker perturbation.

E Additional Diagnostic and Component
Analyses

This appendix provides additional analyses of long-
tail behavior, calibration, representation spaces,
and difficulty-aware noise scheduling. Unless oth-
erwise stated, all experiments are conducted on
ICEWS14 using the same training configuration
and time-aware filtered evaluation protocol as in the
main experiments. Ranking metrics are reported in
percentage.

E.1 Frequency-Stratified and Representation
Diagnostics

For each entity e, we define ftrain(e) as the num-
ber of times that e occurs as either a subject or
an object in the training quadruples. We divide
the entities into high-frequency (ftrain(e) ≥ 201),
medium-frequency (51 ≤ ftrain(e) ≤ 200), and
low-frequency (ftrain(e) ≤ 50) groups.

Table 5 evaluates calibration across high-,
medium-, and low-frequency entities. SimDiff-
DNS achieves the lowest ECE, NLL, and Brier
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score in every group, with the largest absolute im-
provements on low-frequency entities.

Table 6 complements the ranking results with
uncertainty, stability, and neighborhood diagnos-
tics. SimDiff-DNS exhibits the strongest entropy–
difficulty alignment, the lowest norm-sensitive
ranking variation, and the most coherent low-
frequency neighborhood structure.

E.2 Representation-Space Controls and
Simplex–DNS Interaction

We compare Euclidean, L2-regularized, unit-norm,
Gaussian probabilistic, and simplex representations
using the same denoising network and a uniform
noise schedule. IME-style multi-curvature (Wang
et al., 2024a) and 5EL-style projective (Zhang
et al., 2025) representations are included as non-
Euclidean controls. As shown in Table 7, the sim-
plex representation achieves the best overall and
long-tail performance among these controls. Rela-
tive to Euclidean + L2, it improves long-tail MRR
and H@10 by 1.89 and 2.11 points, respectively.

Table 8 reports a controlled 2 × 2 comparison
of representation space and noise schedule. The
difference-in-differences interaction gains between
Simplex and DNS are 4.37 points in overall MRR,
5.58 points in long-tail MRR, and 8.88 points in
long-tail H@10, showing that the two components
are complementary.

E.3 Ablation of DNS Difficulty Signals

DNS estimates sample difficulty from prediction
entropy, target-entity confidence, and maximum
prediction confidence. Table 9 compares the in-
dividual signals, two-signal combinations, and
margin- and frequency-based alternatives. Full
DNS achieves the best result on every metric, indi-
cating that the three signals provide complementary
information.

E.4 Comparison with Alternative
Difficulty-Aware Strategies

We compare DNS with uniform noise, inverse
DNS, frequency-aware schedules, margin-based
DNS, and difficulty-based loss reweighting. In-
verse DNS assigns weaker noise to difficult sam-
ples. Frequency-aware high-noise and low-noise as-
sign stronger and weaker noise to low-frequency en-
tities, respectively. Difficulty-based loss reweight-
ing retains the uniform noise schedule and changes
only the training loss weights.

Figure 6: Sensitivity of the simplex scaling factor k on
ICEWS14.

As shown in Table 10, the proposed DNS
achieves the best results across all metrics. It
improves MRR and H@10 over inverse DNS by
3.74 and 9.73 points, respectively, and exceeds
difficulty-based loss reweighting by 2.13 points in
MRR and 5.82 points in H@10. These results sup-
port the use of stronger but bounded training-time
corruption for difficult samples.

F Sensitivity Analysis

To further examine the robustness of SimDiff-DNS,
we conduct additional sensitivity analysis on the
key hyperparameters, including the simplex scaling
factor k, the weights used in difficulty estimation,
and the adaptive noise scaling factor γ. All exper-
iments are conducted under the same evaluation
protocol as the main experiments. Since ICEWS14
sensitivity results are shown in Figure 6 and Ta-
ble 12, Table 11 and Table 13 report additional
results on ICEWS05-15 and YAGO.

F.1 Effect of the Simplex Scaling Factor k

The simplex scaling factor k controls the sharp-
ness of the initial target distribution in Eq. (1). A
small k produces a smoother distribution, while
a large k makes the initial distribution closer to a
one-hot vector. As shown in Table 11, SimDiff-
DNS achieves the best performance when k = 5.0.
When k is too small, the target distribution may
not provide sufficiently discriminative supervision.
When k is too large, the distribution becomes
overly sharp, which may reduce the benefit of dis-
tributional denoising.

In DNS, the difficulty score is computed from
multiple uncertainty-related terms, including nor-
malized entropy and target confidence loss. We
compare different weight configurations in Ta-
ble 13. Using either normalized entropy or target
confidence loss alone leads to inferior performance.
The best results are obtained when both terms are
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Method High Freq. Medium Freq. Low Freq.

ECE↓ NLL↓ Brier↓ ECE↓ NLL↓ Brier↓ ECE↓ NLL↓ Brier↓
Euclidean 4.92 1.46 0.421 6.73 2.03 0.534 10.84 2.78 0.662
Euclidean + Label Smoothing 4.51 1.41 0.407 6.12 1.94 0.509 9.37 2.61 0.625
SimDiff-DNS w/o DNS 3.86 1.32 0.389 5.39 1.82 0.481 8.21 2.46 0.597
SimDiff-DNS 3.08 1.21 0.362 4.24 1.61 0.441 6.43 2.22 0.548

Table 5: Calibration analysis on ICEWS14. ECE is reported in percentage; NLL and Brier score are computed on the filtered
candidate distribution.

Entropy and Error Diagnostics

Method H–Freq.
Corr.↓

Error
AUROC↑

H–Rank
Corr.↑

Euclidean -0.31 0.68 0.42
Euclidean + Norm Clip – – –
SimDiff-DNS w/o DNS -0.44 0.73 0.50
SimDiff-DNS -0.53 0.79 0.58

Neighborhood Diagnostics

Method Tail–Hub
↓

Tail Purity
↑

Euclidean 41.8 33.6
Euclidean + Norm Clip 36.7 38.9
SimDiff-DNS w/o DNS 31.4 44.1
SimDiff-DNS 24.6 51.8

Norm and Ranking Stability

Method Low Norm
CV↓

Freq.–Norm
Corr.↓

Low
Margin↑

Flip
Rate↓

Rank
Var.↓

Euclidean 0.61 0.44 0.18 18.6 25.4
Euclidean + Norm Clip 0.42 0.29 0.22 15.1 20.7
SimDiff-DNS w/o DNS 0.34 0.23 0.28 12.4 16.9
SimDiff-DNS 0.29 0.18 0.34 9.7 12.8

Table 6: Compact representation diagnostics on ICEWS14. Entropy diagnostics measure the relations among uncertainty,
frequency, prediction error, and rank. Stability diagnostics quantify norm-sensitive ranking behavior, while neighborhood
diagnostics characterize low-frequency embedding structure. Flip rate, tail–hub overlap, and tail-neighbor purity are reported in
percentage. “–” denotes an unreported diagnostic.

jointly considered, indicating that different aspects
of prediction uncertainty provide complementary
information for difficulty-aware noise scheduling.

F.2 Effect of the Adaptive Noise Scaling
Factor γ

The hyperparameter γ controls the strength of
difficulty-aware noise modulation in DNS. A
smaller γ weakens the effect of adaptive noise
scheduling, while a larger γ may introduce exces-
sive perturbation for difficult samples. As shown
in Table 14, γ = 0.5 achieves the best performance
across the three datasets. This suggests that a mod-
erate level of adaptive perturbation is more effec-
tive than either under-adjusted or over-amplified
noise.

G Additional Results on YAGO

We provide additional comparison results on
YAGO in Table 15. Compared with existing gener-
ative and diffusion-based baselines, SimDiff-DNS
achieves competitive or better performance on
most ranking metrics. In particular, SimDiff-DNS
achieves strong Hits@3 and Hits@10 results, in-
dicating that the proposed method is effective in

ranking the correct entity within the top candidate
set.

H Mathematical Analysis of
Simplex-Anchored Logit Diffusion

This appendix provides the mathematical details
supporting the simplex-anchored logit diffusion
process and the clipped dynamic noise scheduling
(DNS) mechanism. We separate the analysis into
four parts: simplex preservation, the distribution
induced by logit-space diffusion, boundedness and
stability of simplex-induced embeddings, and the
adaptive posterior under sample-dependent DNS
coefficients.

H.1 Notation and Scope
Let N = |E| denote the number of entities. For
an entity e, the initial logit coordinate is s0 ∈ RN ,
and its simplex-valued state is

p0 = softmax(s0) ∈ ∆N−1,

where

∆N−1 =

{︄
p ∈ RN | pi ≥ 0,

N∑︂

i=1

pi = 1

}︄
.
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Representation Overall MRR Long-tail MRR Long-tail H@10

Euclidean 45.89 29.06 44.65
Euclidean + L2 46.59 29.83 46.25
Unit-norm 46.62 30.08 46.45
Gaussian probabilistic 46.88 30.64 47.10
IME-style multi-curvature 31.82 20.14 34.72
5EL-style projective 28.67 18.08 31.56

Simplex 47.24 31.72 48.36

Table 7: Comparison of representation spaces on ICEWS14 under a uniform noise schedule. All values are reported in
percentage.

Representation Schedule Overall MRR Long-tail MRR Long-tail H@10

Euclidean Uniform 45.89 29.06 44.65
Euclidean DNS 46.04 29.68 45.27
Simplex Uniform 47.24 31.72 48.36
Simplex DNS 51.76 37.92 57.86

Table 8: Interaction between representation space and noise
schedule on ICEWS14. All values are reported in percentage.

The continuous entity representation is obtained by

e0 = p0E,

where E ∈ RN×d is the learnable entity basis ma-
trix.

We emphasize that SimDiff-DNS does not inject
Gaussian noise directly into the constrained sim-
plex. Instead, it performs diffusion in the uncon-
strained logit coordinate st and maps the resulting
state to the simplex via softmax:

pt = softmax(st).

Therefore, the proposed process is a simplex-
anchored logit diffusion process.

H.2 Simplex Preservation under Softmax
Projection

Proposition 1. For any logit vector s ∈ RN , the
vector p = softmax(s) lies in the interior of the
probability simplex ∆N−1.

Proof. The i-th coordinate of p is

pi =
exp(si)∑︁N
j=1 exp(sj)

.

Since exp(si) > 0 for all i, we have pi > 0. More-
over,

N∑︂

i=1

pi =

N∑︂

i=1

exp(si)∑︁N
j=1 exp(sj)

= 1.

Thus, p ∈ int(∆N−1).
This proposition ensures that every noisy logit

state st corresponds to a valid simplex-valued entity
state pt.

H.3 Logistic-Normal Interpretation of the
Forward Process

In the forward process, the logit coordinate is per-
turbed as

st = ats0 + btϵ, ϵ ∼ N (0, I),

where at and bt are signal and noise coefficients
satisfying a2t + b2t = 1. Therefore,

q(st | s0) = N (ats0, b
2
t I).

The corresponding simplex-valued state is

pt = softmax(st).

Proposition 2. The random variable pt =
softmax(st) follows a logistic-normal distribution
over the simplex.

Proof. A logistic-normal random variable is
obtained by applying the softmax transformation
to a Gaussian random vector in logit coordinates.
Since st | s0 is Gaussian and pt = softmax(st),
pt is logistic-normal on ∆N−1.

Equivalently, using the log-ratio coordinates
with the N -th coordinate as reference,

ui = log
pt,i
pt,N

= st,i−st,N , i = 1, . . . , N−1,

we see that u is Gaussian because it is a linear
transformation of the Gaussian vector st. Thus,
the simplex-valued state pt has a logistic-normal
interpretation.

H.4 Bounded Convex-Hull Property of
Simplex-Induced Embeddings

The simplex-valued entity embedding is

et = ptE =
N∑︂

i=1

pt,iEi,

where Ei denotes the i-th row of the entity basis
matrix E.
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Difficulty signal MRR H@1 H@10 ∆MRR

Uniform schedule (w/o DNS) 47.24 37.90 65.56 −4.52
Entropy only 44.31 34.12 63.82 −7.45
Target confidence only 45.06 34.52 65.43 −6.70
Maximum confidence only 43.58 33.21 63.37 −8.18
Entropy + maximum confidence 44.08 34.85 61.97 −7.68
Target + maximum confidence 45.23 35.63 63.19 −6.53
Margin-based difficulty 48.38 37.60 69.31 −3.38
Frequency-based difficulty 48.96 38.44 69.74 −2.80

Full DNS 51.76 39.31 76.87 0.00

Table 9: Ablation of DNS difficulty signals on ICEWS14. ∆MRR is the absolute MRR difference from Full DNS. All values
are reported in percentage.

Strategy MRR H@1 H@10

Uniform noise 47.24 37.90 65.56
Inverse DNS 48.02 38.03 67.14
Frequency-aware high-noise 48.96 38.44 69.74
Frequency-aware low-noise 48.55 38.29 68.75
Margin-based DNS 48.38 37.60 69.31
Difficulty-based loss reweighting 49.63 38.80 71.05

Proposed DNS 51.76 39.31 76.87

Table 10: Comparison of DNS with alternative difficulty-
aware strategies on ICEWS14. All values are reported in
percentage.

k ICEWS05-15 YAGO

3.0 50.06 77.78
5.0 53.73 81.61
7.0 52.96 80.09

Table 11: Sensitivity analysis of the simplex scaling factor k
in terms of MRR (%).

Proposition 3. The embedding et lies in the
convex hull of the entity basis vectors {Ei}Ni=1.

Proof. From Proposition 1, pt,i ≥ 0 and∑︁
i pt,i = 1. Therefore,

et =

N∑︂

i=1

pt,iEi

is a convex combination of the rows of E. Hence,

et ∈ conv{E1, . . . ,EN}.

Corollary 1. If ∥Ei∥2 ≤ RE for all i, then

∥et∥2 ≤ RE .

Proof. By convexity of the norm,

∥et∥2 =
⃦⃦
⃦⃦
⃦

N∑︂

i=1

pt,iEi

⃦⃦
⃦⃦
⃦
2

≤
N∑︂

i=1

pt,i∥Ei∥2,

N∑︂

i=1

pt,i∥Ei∥2 ≤
N∑︂

i=1

pt,iRE = RE .

Weights ICEWS14

(ω1, ω2, ω3) MRR H@1 H@3 H@10

(0.0, 0.8, 0.2) 45.23 35.63 50.15 63.19
(0.8, 0.0, 0.2) 44.08 34.85 48.49 61.97
(0.3, 0.5, 0.2) 51.76 39.31 53.37 76.87

Table 12: Sensitivity analysis of DNS difficulty weights on
ICEWS14.

Weights ICEWS05-15 YAGO
ω1 ω2 ω3

0.0 1.0 0.0 48.33 73.25
1.0 0.0 0.0 48.19 75.27
0.3 0.5 0.2 53.73 81.61

Table 13: Sensitivity analysis of the difficulty estimation
weights in terms of MRR (%).

This result clarifies the role of simplex coor-
dinates. The simplex constraint does not mean
that the learnable basis matrix E is automatically
bounded. Rather, it ensures that each entity state is
represented as a convex combination of basis vec-
tors. When the basis row norms are controlled by
weight decay, norm clipping, or empirical training
stability, the resulting simplex-induced embedding
is also norm-controlled.

H.5 Bounded Difficulty Score and Clipped
DNS

The original difficulty score combines normalized
entropy, target confidence loss, and maximum con-
fidence loss. To ensure bounded adaptive coeffi-
cients, we use a normalized and clipped difficulty
score.

For a predicted distribution p, define

u1 =
H(p)

logN
, H(p) = −

N∑︂

i=1

pi log pi,

u2 = min

(︃− log(py + ϵ)

logN
, 1

)︃
,
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γ ICEWS14 ICEWS05-15 YAGO

0.3 49.64 51.13 80.10
0.5 51.76 53.73 81.61
0.7 50.63 52.94 79.32

Table 14: Sensitivity analysis of the adaptive noise scaling
factor γ in terms of MRR (%).

Model MRR Hits@1 Hits@3 Hits@10

TempValid 79.72 74.64 84.78 85.73
STORE 64.65 51.94 71.50 83.10
GenTKG – 79.15 83.00 84.25
ChapTER 14.80 11.50 14.40 20.20
DiffuTKG 80.98 74.25 85.63 89.41
SimDiff-DNS 81.61 76.30 86.33 89.81

Table 15: Additional comparison results on YAGO. Results
are reported in percentage.

and

u3 = 1− pmax, pmax = max
i

pi.

Since 0 ≤ H(p) ≤ logN , 0 ≤ u1 ≤ 1. By
construction, 0 ≤ u2 ≤ 1, and since 0 ≤ pmax ≤ 1,
0 ≤ u3 ≤ 1.

We define the bounded difficulty score as

W̄diff = clip

(︃
ω1u1 + ω2u2 + ω3u3
ω1 + ω2 + ω3 + ϵ

, 0, 1

)︃
.

Thus,
0 ≤ W̄diff ≤ 1.

Let the base noise coefficient be

bt =
√
1− ᾱt.

The raw adaptive noise coefficient is

b̂t = bt(1 + γW̄diff),

where γ ≥ 0. To avoid invalid coefficients, we clip
it as

b̃t = clip
(︂
b̂t, bmin, 1− ϵσ

)︂
,

where 0 < bmin < 1 and 0 < ϵσ < 1. The signal
coefficient is then defined by

ãt =

√︂
1− b̃2t .

Therefore,
ã2t + b̃2t = 1,

and ãt is always real-valued.
The DNS forward process becomes

st = ãts0 + b̃tϵ, ϵ ∼ N (0, I).

H.6 Monotonic SNR Control

The signal-to-noise ratio under DNS is

SNRt(W̄diff) =
ã2t

b̃2t
=

1− b̃2t

b̃2t
.

In the unclipped region,

b̃t = bt(1 + γW̄diff).

Since bt > 0 and γ ≥ 0,

∂b̃t
∂W̄diff

= btγ ≥ 0.

Moreover,

SNRt =
1

b̃2t
− 1,

so
∂SNRt

∂W̄diff
= − 2

b̃3t

∂b̃t
∂W̄diff

≤ 0.

Thus, increasing difficulty monotonically decreases
SNR in the unclipped region. In the clipped region,
b̃t is constant, so the SNR is non-increasing. This
supports the design choice that harder samples re-
ceive stronger perturbation and easier samples re-
tain cleaner local geometry.

H.7 Adaptive Gaussian Posterior under DNS

Because DNS introduces sample-dependent coeffi-
cients, the reverse posterior should be written using
the adaptive coefficients rather than only the stan-
dard DDPM coefficients.

For a fixed sample difficulty W̄diff , define

q(st | s0, W̄diff) = N (ãts0, b̃
2
t I).

For notational simplicity, write

at = ãt, bt = b̃t.

To obtain a Markov transition whose marginal
matches q(st | s0), define

q(st | st−1, W̄diff) = N (ρtst−1, vtI),

where
ρt =

at
at−1

,

and
vt = b2t − ρ2t b

2
t−1.

When the noise schedule is monotonic, vt ≥ 0.
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The posterior is

q(st−1 | st, s0, W̄diff)

∝ q(st | st−1, W̄diff)q(st−1 | s0, W̄diff).

Since both terms are Gaussian, the posterior is also
Gaussian:

q(st−1 | st, s0, W̄diff) = N (µ̃t(st, s0), ṽtI).

The posterior variance is

ṽt =

(︃
1

b2t−1

+
ρ2t
vt

)︃−1

.

The posterior mean is

µ̃t(st, s0) = ṽt

(︃
at−1

b2t−1

s0 +
ρt
vt
st

)︃
.

During reverse denoising, s0 is unknown and is
replaced by the model prediction ŝ0:

µ̃t(st, ŝ0) = ṽt

(︃
at−1

b2t−1

ŝ0 +
ρt
vt
st

)︃
.

The reverse sampling step is

st−1 = µ̃t(st, ŝ0) +
√︁

ṽtϵ, ϵ ∼ N (0, I).

When DNS is disabled and at =
√
ᾱt, bt =√

1− ᾱt, the above posterior reduces to the stan-
dard DDPM posterior.

H.8 Ranking-Margin Stability

For a query with correct entity y and a competing
entity j, the score margin is

my,j = zy − zj =
ê⊤0 (Ey −Ej)√

dτ
.

If the denoised representation changes from ê0 to
ê0 + δ, the margin perturbation is

|∆my,j | =
⃓⃓
⃓⃓
⃓
δ⊤(Ey −Ej)√

dτ

⃓⃓
⃓⃓
⃓ .

By Cauchy–Schwarz,

|∆my,j | ≤
∥δ∥2∥Ey −Ej∥2√

dτ
.

If ∥Ei∥2 ≤ RE for all i, then

∥Ey −Ej∥2 ≤ 2RE ,

and therefore

|∆my,j | ≤
2RE∥δ∥2√

dτ
.

This bound shows that controlling embedding
norms reduces the sensitivity of ranking margins to
representation perturbations. The simplex-induced
embedding further constrains entity states to the
convex hull of basis vectors, which helps reduce
unstable ranking behavior for sparse entities when
the basis norms are controlled.

H.9 Long-Tail Robustness Interpretation

Let ne denote the number of training occurrences
of entity e. In unconstrained Euclidean embedding
models, rare entities with small ne receive fewer
direct updates. This often leads to higher estima-
tion variance, unstable vector norms, and smaller
ranking margins.

The simplex-induced representation mitigates
this issue in two ways. First, an entity state is rep-
resented through a probability vector pe ∈ ∆N−1,
so updates are competitive across entity coordi-
nates. Increasing the probability mass assigned
to one candidate necessarily decreases the mass
assigned to others. Second, the continuous repre-
sentation peE lies in the convex hull of the entity
basis vectors, making the representation less prone
to uncontrolled extrapolation than a free Euclidean
point vector when basis norms are controlled.

DNS further complements this behavior. Since
the target-confidence component satisfies

u2 = min

(︃− log(py + ϵ)

logN
, 1

)︃
,

low-confidence samples obtain higher difficulty
scores. Rare entities are more likely to have low
target confidence during training, so they receive
stronger perturbation and broader local exploration.
This provides a mechanistic explanation for why
the combination of simplex-induced representation
and DNS improves long-tail temporal knowledge
graph reasoning.

H.10 Summary

The above analysis supports the following claims.
First, Gaussian diffusion in logit coordinates in-
duces valid simplex-valued states through soft-
max projection. Second, the resulting simplex-
valued states have a logistic-normal interpretation.
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Third, simplex-induced embeddings lie in the con-
vex hull of the entity basis vectors, which pro-
vides a more controlled representation than uncon-
strained free entity vectors when basis norms are
bounded. Fourth, clipped DNS guarantees valid
signal and noise coefficients and monotonically de-
creases SNR as sample difficulty increases. Finally,
the adaptive posterior remains Gaussian and re-
duces to the standard DDPM posterior when DNS
is disabled.
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