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Abstract

Temporal knowledge graph (TKG) reasoning
aims to predict future events from historical
facts. A key challenge for graph-based TKG
models is to simultaneously capture higher-
order structural dependencies and identify
query-relevant temporal evidence, yet existing
methods are largely limited to pairwise inter-
actions or query-agnostic history aggregation.
To address this, we propose SHAPE (Structural
Hypergraph Augmentation with Personalized
Event Memory), a plug-and-play enhancement
framework for graph-based TKG models that
strengthens the backbone at both structural and
temporal levels without modifying its archi-
tecture. Specifically, Dual Hypergraph Pre-
Enhancement(DHPE) constructs learnable en-
tity and relation prototype hypergraphs with
cross-view information exchange to inject
higher-order structural priors before tempo-
ral encoding, while Query-Denoised Event
Memory(QDEM) retrieves query-relevant re-
cent events and converts them into subject en-
hancement and candidate-level scoring bias via
structure-aware expert gating. Extensive exper-
iments on three benchmarks with two heteroge-
neous graph backbones verify the effectiveness
of SHAPE.

1 Introduction

Temporal knowledge graphs (TKGs) organize dy-
namic facts as timestamped quadruples (s, r, o, t),
where entities s, o are connected by relation r at
discrete time t. Reasoning over TKGs aims to
predict future events from historically observed
facts and supports applications such as geopolitical
forecasting (Boschee et al., 2015), financial risk
assessment (Deng et al., 2020), and recommenda-
tion (Wang et al., 2019). The central challenge
is to model both the structural dependencies in-
side each snapshot and the temporal dependencies
across snapshots.

*Corresponding author.

Figure 1: Illustration of the two problems of TKG rea-
soning task.

Recent methods have substantially improved
TKG extrapolation by combining graph encoders
with temporal models. RE-GCN (Li et al., 2021)
couples relation-aware graph convolution with
gated recurrence. TiRGN (Li et al., 2022) aug-
ments decoding with global historical vocabular-
ies. HGLS (Zhang et al., 2023b), L2TKG (Zhang
et al., 2023a), and LogCL (Chen et al., 2024) fur-
ther strengthen long-range or query-aware history
modeling. Despite this progress, two important
limitations remain.

Limitation 1: Weak higher-order structural pri-
ors. Most existing encoders propagate messages
only along pairwise edges, which captures local
connectivity but cannot explicitly model higher-
order semantic groups shared by multiple enti-
ties and relations. In ICEWS-style data, for ex-
ample, countries such as the United States and
France may exhibit similar diplomatic behaviors,
yet such shared roles are difficult to recover from
fragmented pairwise paths alone. As illustrated
in the upper part of Figure 1, their local interac-
tions with Russia are observable, but their common
semantic role is not explicitly encoded.

Limitation 2: Query-agnostic use of recent his-
tory. Many decoder-side history modules aggre-
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gate recent events with limited query condition-
ing, so irrelevant contemporaneous events may be
mixed into the representation. For instance, a diplo-
matic query can be distracted by nearby economic
or humanitarian events, weakening the supervision
signal for the current reasoning target. The lower
part of Figure 1 shows such a case, where query-
relevant retrieval is polluted by unrelated timeline
events.

To address both limitations within a single frame-
work, we propose SHAPE (Structural Hypergraph
Augmentation with Personalized Event Memory).
SHAPE enhances a backbone at both ends of
the reasoning pipeline: before temporal encoding,
Dual Hypergraph Pre-Enhancement (DHPE; §3.3)
learns higher-order structure through entity and
relation prototype hypergraphs with a cross-view
semantic bridge; after temporal encoding, Query-
Denoised Event Memory (QDEM; §3.4) retrieves
query-relevant recent events, refines the subject
representation, and produces a candidate-level bias
via structure-aware expert gating (SAEG). Since
SHAPE only modifies encoder inputs and decoder-
side representations, it can be plugged into existing
TKG backbones without changing their internal ar-
chitectures. Our main contributions are as follows:

• We propose DHPE, a dual hypergraph pre-
enhancement module that learns entity and re-
lation prototype hypergraphs end-to-end and in-
jects higher-order structural priors before tem-
poral encoding.

• We introduce QDEM, a query-conditioned
memory module that performs denoised recent-
event retrieval and produces both subject en-
hancement and candidate-level bias through the
proposed SAEG mechanism.

• We show that SHAPE consistently improves
two heterogeneous backbones, HGLS and
LogCL, and achieves the best MRR on all three
evaluated ICEWS benchmarks. Extensive ab-
lation, sensitivity, efficiency, and sparsity anal-
yses further validate the effectiveness of the
design.

2 Related Work

TKG Reasoning. Early work extends static KG
embeddings with time-aware representations (Das-
gupta et al., 2018; Lacroix et al., 2020; Jain et al.,
2020; Xu et al., 2021). For extrapolation, RE-
NET (Jin et al., 2020) and RE-GCN (Li et al.,
2021) combine graph encoders with recurrent tem-

poral updates; CyGNet (Zhu et al., 2021) and
CENET (Xu et al., 2023) introduce copy and
contrastive retrieval mechanisms to exploit long-
term global history; TiRGN (Li et al., 2022) fur-
ther models repetitive and cyclical historical pat-
terns. xERTE (Han et al., 2021), TITer (Sun
et al., 2021), and TLogic (Liu et al., 2022) re-
trieve query-relevant subgraphs or temporal rules
for interpretable reasoning. HGLS (Zhang et al.,
2023b) and LogCL (Chen et al., 2024) capture
long- and short-term history via global graph con-
struction and contrastive learning, while Cogn-
TKE (Chen et al., 2025) and DiMNet (Dong et al.,
2025) further strengthen query-aware history se-
lection and adaptive temporal evolution. Despite
their diversity, most methods rely on pairwise prop-
agation without a higher-order structural prior, and
their decoder-side history mechanisms offer limited
query-conditioned filtering.

Hypergraph and Memory-Augmented Rea-
soning. Hypergraph neural networks (Feng et al.,
2019; Chien et al., 2022; Yadati et al., 2024;
Huang et al., 2026) generalize GNNs to group-
wise interactions. DHE-TKG (Liu et al., 2024)
and MGESL (Shi et al., 2024) apply dynamic
and multi-granularity hypergraph convolution to
TKG forecasting, yet both build hyperedges via
heuristic co-occurrence rules and restrict struc-
tural priors to the encoder side. On the mem-
ory side, CyGNet (Zhu et al., 2021), TiRGN (Li
et al., 2022), HGLS (Zhang et al., 2023b), and
LogCL (Chen et al., 2024) aggregate historical
signals at decoding, while MemoTime (Tan et al.,
2026) couples explicit retrieval with a self-evolving
experience memory for LLM-grounded question
answering. None of these methods coordinates
query-conditioned memory scoring with a learn-
able higher-order structural prior.

3 Method

3.1 Preliminaries

A temporal knowledge graph G = {(s, r, o, t)}
consists of timestamped facts, where s, o ∈ E
are entities, r ∈ R is a relation, and t ∈ T is
a discrete timestamp. We denote the snapshot
at time t by Gt = {(s, r, o) | (s, r, o, t) ∈ G}.
Given a query (s, r, ?, t) and historical snapshots
{G1, . . . , Gt−1}, the TKG extrapolation task aims
to rank all candidate entities o′ ∈ E such that
the ground-truth object is ranked as high as possi-
ble. Following standard practice (Li et al., 2021,
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Figure 2: Overall architecture of SHAPE. DHPE is inserted before the backbone’s temporal encoder to produce
structure-enhanced embeddings X̃, R̃. QDEM is inserted after the encoder to produce a query-specific enhanced
subject ŝ and a candidate scoring bias b. The backbone encoder remains entirely unmodified.

2022; Chen et al., 2024), we add inverse facts
(o, r−1, s, t) to treat object and subject predic-
tion symmetrically. We write X ∈ RN×d and
R ∈ RR×d for the entity and relation embedding
matrices.

A graph-based TKG backbone typically follows
an embed→encode→decode pipeline: the embed
step initializes X,R; the encode step processes
historical snapshots to produce updated entity rep-
resentations Z ∈ RN×d; and the decode step scores
each candidate against the query. SHAPE exploits
this shared interface and is therefore applicable to
diverse backbones without modifying their archi-
tecture.

3.2 Overview

SHAPE is designed as an enhancement framework.
Its key design choice is to insert one module at
each end of the standard TKG pipeline introduced
in §3.1, while keeping the backbone encoder un-
changed and reusing existing temporal modeling.
The two modules address the two limitations iden-
tified in §1: weak higher-order structural priors
at the embedding level and query-agnostic use of
recent history at the decoding level. As shown in
Figure 2, DHPE prepares structure-aware inputs
for the encoder, whereas QDEM personalizes the
decoder output for the current query.

3.2.1 Pre-encoder structural enhancement.

The first module, Dual Hypergraph Pre-
Enhancement (DHPE; §3.3), replaces the
raw entity and relation lookup tables X,R with
structure-aware embeddings X̃, R̃. It learns entity
and relation prototype hypergraphs end to end and
exchanges information between the two views
through a cross-view semantic bridge. DHPE also
outputs the entity-side soft prototype-membership
matrix, which is passed to QDEM as a structural
signal for candidate scoring.

3.2.2 Post-encoder query personalization.

The second module, Query-Denoised Event Mem-
ory (QDEM; §3.4), operates on the encoder output
Z and the relation matrix R̃. Rather than using the
full recent-event window indiscriminately, it main-
tains a memory bank of recent facts and performs
query-conditioned top-k retrieval. It then produces
an enhanced subject representation ŝ for candidate
scoring and an additive bias b ∈ RN that combines
historical prior, memory–entity similarity, and the
prototype-membership signal from DHPE.
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Figure 3: DHPE constructs entity and relation prototype
hypergraphs via learnable prototypes, performs gather–
scatter convolution, and links the two views through a
cross-view semantic bridge.

3.2.3 Pipeline.

Putting these two modules together, the SHAPE
pipeline can be summarized as





(X̃, R̃) = DHPE(X,R),

Z = Encoder(X̃, R̃, G1, . . . , Gt−1),

(ŝ,b) = QDEM(Z, R̃,H, q),

logits = Decoder(ŝ,Z) + b,

(1)

where H denotes the recent event bank used by
QDEM and q = (s, r) is the current query. The
backbone encoder appears in Eq. (1) as a black
box: SHAPE only transforms its inputs and post-
processes its outputs, and does not require access
to the encoder’s internal modules or temporal mod-
eling assumptions.

3.3 Dual Hypergraph Pre-Enhancement
(DHPE)

DHPE addresses Limitation 1 by discovering
higher-order semantic groups through learnable
prototype hypergraphs and linking entity and re-
lation views via a cross-view bridge, as illustrated
in Figure 3. It contains three sub-modules.

3.3.1 Entity Prototype Hypergraph.

We define Ke learnable entity prototype vectors
Pe ∈ RKe×d, each representing a latent semantic
group (e.g., sovereign states, political leaders). Be-
fore computing entity–prototype membership, Pe

is first modulated by global relation context through
a scaled dot-product affinity and an additive resid-
ual update, making the prototypes relation-aware
from the outset:

P′
e = Pe +A⊤

rpRWr,

Arp = softmax

(
RP⊤

e√
d

)
.

(2)

where the softmax in Arp ∈ RR×Ke is taken
column-wise so that each prototype receives a nor-
malized distribution over relations. The modulated
prototypes P′

e are then used to compute a soft inci-
dence matrix via multi-head cross-attention with a
learnable temperature τ :

He = softmax

(
meanhead

[
XWq(P

′
eWk)

⊤]

τ
√
dh

)
,

(3)
where dh = d/h is the per-head dimension and
τ is clamped to [0.1,+∞). The resulting He ∈
RN×Ke is a fully differentiable soft incidence ma-
trix, where each row encodes an entity’s member-
ship distribution over prototypes. An optional top-
k sparsification mask retains only the k strongest
memberships per entity to improve efficiency.

Given He, we perform hypergraph convolution
via the gather–scatter paradigm (Feng et al., 2019).
The gather step aggregates entity features into
prototype-level representations and refines them
with a residual feed-forward block:

Z̃e = D−1
e H⊤

e X, Ze = Z̃e + FFN(Z̃e), (4)

where De = diag(H⊤
e 1) is the prototype-degree

matrix. The scatter step then distributes the proto-
type features back to entities:

X(e)
agg = ReLU

(
LN

(
D

− 1
2

v HeZeWv

))
, (5)

where Dv = diag(He1) is the vertex-degree ma-
trix and Wv ∈ Rd×d projects prototype features.
Finally, a gated residual balances the hypergraph-
enhanced representation with a skip projection
XWs of the original embedding (Ws ∈ Rd×d

is a learnable skip projection):

ge = σ
(
[X(e)

agg; XWs]Wg

)
, (6)

X(e) = ge ⊙X(e)
agg + (1− ge)⊙XWs, (7)

where Wg ∈ R2d×d produces the per-dimension
gate.

3.3.2 Relation Prototype Hypergraph.
A symmetric module operates on relation em-
beddings with Kr learnable relation prototypes
Pr ∈ RKr×d. The incidence matrix Hr ∈ RR×Kr

is computed analogously to Eq. (3) but uses Pr

directly without prototype modulation, since re-
lations are now the nodes rather than the modu-
lators. To still inject cross-side information, the
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Figure 4: QDEM encodes recent events into a memory
bank, performs query-conditioned top-k retrieval for
subject enhancement, and generates a candidate scoring
bias via three parallel signals (HCP, MES, SPS) fused
by structure-aware expert gating.

entity-context vector x̄ = mean(X(e)) is added
to the gathered hyperedge features Zr (Eq. (4),
with Hr,R in place of He,X), providing type-
constraint priors. The same scatter step and gated
residual then produce the enhanced relation embed-
dings R(r).

3.3.3 Cross-View Semantic Bridge.
The entity and relation hypergraphs operate inde-
pendently so far. To enable inter-view informa-
tion flow, we introduce M learnable anchor vectors
B ∈ RM×d as a compact information bottleneck.
Concretely, the anchors first absorb entity-view in-
formation via multi-head attention (MHA) and then
broadcast it to the relation view; for instance, the
entity-side cross-view context is computed as

Xcv = MHA
(
X(e),

MHA(B,R(r),R(r)),

MHA(B,R(r),R(r))
)
.

(8)

and the relation-side context Rcv is obtained sym-
metrically by swapping the roles of X(e) and R(r).
Because all attention paths go through the M an-
chors, the overall cost is O(M(N + R)), inde-
pendent of N × R. The two cross-view contexts
are then fused with their own views through gated
residuals (same form as Eq. (7)) and refined by a
position-wise FFN with LayerNorm, yielding the
final DHPE outputs X̃ and R̃.

3.4 Query-Denoised Event Memory (QDEM)

QDEM addresses Limitation 2 by performing
query-conditioned retrieval from recent history, as
shown in Figure 4. It operates on the post-encoder
entity matrix Z and the relation matrix R̃ from the
SHAPE pipeline (Eq. (1)); we write zs for the row
of Z corresponding to the query subject and zr for
the row of R̃ corresponding to the query relation.

QDEM produces two outputs: an enhanced subject
embedding ŝ and a candidate scoring bias b.

3.4.1 Event Bank and Query-Conditioned
Retrieval.

Given the L most recent snapshots, each historical
fact (si, ri, oi, ti) is encoded into a dense event vec-
tor ei by concatenating the encoder-side subject, re-
lation, object, and a learnable temporal position em-
bedding indexed by the recency offset ∆i = t− ti,
projecting them through an FFN, and adding a role-
direction term computed from zoi − zsi . The bank
is augmented with the inverse fact (oi, r−1

i , si, ti)
so that each original event contributes from both
directions. For a query q = (s, r, ?, t), we compute
a biased relevance score for each event:

ai =
q⊤Wkei√

d
− λ

∆i

L

+ bs⊮[si = s] + br⊮[ri = r], i ∈ H.
(9)

Here H is the index set of all events in the bank,
q = Wq[zs; zr] is the query vector, λ ≥ 0 is a
learnable recency decay (parameterized via soft-
plus to ensure non-negativity), and bs, br are learn-
able bias terms. Events whose forward or inverse
form matches neither the query subject nor relation
are masked out before top-k selection. Let Tk(q)
denote the retained event indices for query q. We
normalize the retained scores only within this top-k
set:

αj =
exp(aj)∑

ℓ∈Tk(q) exp(aℓ)
, j ∈ Tk(q). (10)

The memory context is then obtained by a weighted
sum of the retained event values:

m =
∑

j∈Tk(q)
αj Wvej . (11)

3.4.2 Subject Enhancement.

The memory context m is fused with the encoder-
side subject embedding through a gated residual to
produce the enhanced subject:

ŝ = LN(zs + σ(Wg [q; m])⊙ FFN([q; m])).
(12)

ŝ replaces the encoder-side subject embedding for
decoding, injecting query-specific historical con-
text into the prediction.
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3.4.3 Candidate Scoring with
Structure-Aware Expert Gating
(SAEG).

The candidate bias b ∈ RN fuses three comple-
mentary scoring signals, each acting on the same
candidate set but exploiting a different source of
evidence. HCP (Historical Candidate Prior) is an
explicit, recency-weighted frequency over entities
that previously appeared as the answer to the same
(s, r) in the bank:

HCPn = αhcp log
(
1 +

∑

i∈H:si=s, ri=r, oi=n

e−λ∆i/L
)
,

(13)
for each candidate n ∈ E , with αhcp a learnable
scaling factor. MES (Memory–Entity Scoring) is
an implicit dense bias that projects the retrieved
memory context m and scores it against all entity
embeddings:

MES = αmes
ZWmm√

d
∈ RN , (14)

SPS (Structural Proximity Score) bridges DHPE’s
structural knowledge into scoring by measur-
ing prototype-membership similarity between the
query subject and every candidate:

SPS = αsps ·He[s] H
⊤
e , (15)

where He[s] ∈ RKe is the prototype-membership
vector of subject s from DHPE (detached to prevent
gradient instability). Entities sharing prototype
memberships with the query subject thus receive a
structural prior boost.

The three signals are combined through
structure-aware expert gating, where HCP and SPS
are activated by query-conditioned scalar gates and
MES is always on as a dense fallback:

b = ghcp ·HCP + MES + gsps · SPS, (16)

ghcp = σ
(
w⊤

hcp[q; m]
)
,

gsps = σ
(
w⊤

sps[q; m]
)
.

(17)

Both ghcp and gsps are initialized with a negative
bias so they default to near-zero. This lets the
model adaptively fall back on the explicit historical
prior and structural prior only when the query con-
text indicates they are useful, while MES provides
a smooth dense bias for queries with no strong
recurring or structural cue.

3.5 Training Objective

SHAPE is trained jointly with the backbone end-
to-end. The total loss augments the backbone’s
task loss with two prototype regularization terms
applied to both DHPE views:

L = Ltask +
∑

v∈{e,r}

[
λdiv

∥∥∥P̂vP̂
⊤
v − I

∥∥∥
2

F

+ λbalVar
(
H⊤

v 1
) ]

.

(18)

where v = e refers to the entity-side prototype
matrix Pe and incidence He, and v = r to their
relation-side counterparts Pr and Hr. P̂v denotes
the row-normalized prototype matrix. The diversity
term encourages prototype orthogonality, and the
balance term prevents mode collapse by penalizing
load imbalance across prototypes (H⊤

v 1 is the per-
prototype load vector). No pre-training or multi-
stage schedule is required.

4 Experiments

4.1 Experiment Settings

4.1.1 Datasets
We evaluate SHAPE on three widely used
TKG benchmarks: ICEWS14, ICEWS18, and
ICEWS05-15. All three datasets are derived
from the Integrated Crisis Early Warning Sys-
tem (Boschee et al., 2015) and capture geopolitical
interactions over one year, one year, and eleven
years, respectively. Following standard chronologi-
cal splits used in prior TKG work (Li et al., 2021,
2022; Chen et al., 2024), we divide each dataset
into training, validation, and test subsets with an
80%/10%/10% ratio. The details of datasets statis-
tics are shown in Appendix A.

4.1.2 Evaluation Metrics
We report the standard time-aware filtered metrics
for TKG extrapolation: Mean Reciprocal Rank
(MRR) and Hits@{1,3,10}. MRR captures overall
ranking quality, while Hits@k measures whether
the correct entity appears among the top-k predic-
tions. For fair comparison, all results follow the
same time-aware filtering protocol adopted in prior
work (Li et al., 2021, 2022; Chen et al., 2024).

4.1.3 Baselines
We compare SHAPE with a broad set of represen-
tative KG and TKG reasoning methods, spanning
static graph methods, recurrent and history-based
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Model
ICEWS14 ICEWS18 ICEWS05-15

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

DistMult 27.67 18.16 31.15 46.96 10.17 4.52 10.33 21.25 28.73 19.33 32.19 47.54
ComplEx 30.84 21.51 34.48 49.59 21.01 11.87 23.47 39.97 31.69 21.44 35.74 52.04
GCN 32.15 23.07 35.53 50.63 24.99 16.04 27.86 42.75 33.67 24.08 36.99 53.67
R-GCN 28.03 19.42 31.95 44.83 15.05 8.13 16.49 29.00 27.13 18.83 30.41 43.16
ConvTransE 31.50 22.46 34.98 50.03 23.22 14.26 26.13 41.34 30.28 20.79 33.80 49.95

RE-NET 39.86 30.11 44.02 58.21 29.78 19.73 32.55 48.46 43.67 33.55 48.83 62.72
CyGNet 37.65 27.43 42.63 57.90 27.12 17.21 30.97 46.85 40.42 29.44 46.06 61.60
RE-GCN 42.00 31.63 47.20 61.65 32.62 22.39 36.79 52.68 48.03 37.33 53.90 68.51
xERTE 40.79 32.70 45.67 57.30 29.31 21.03 33.51 46.48 46.62 37.84 52.31 63.92
TiRGN 44.04 33.83 48.95 63.84 33.66 23.19 37.99 54.22 50.04 39.25 56.13 70.71
HGLS 47.00 35.06 – 70.41 29.32 19.21 – 49.83 46.21 35.32 – 67.12
RPC 44.55 34.87 49.80 65.08 34.91 24.34 38.74 54.22 51.14 39.47 57.11 71.75
DHE-TKG 40.02 30.13 44.99 – 29.23 19.73 33.31 – 45.05 34.16 50.97 –
LogCL 48.87 37.76 54.71 70.26 35.67 24.53 40.32 57.74 57.04 46.07 63.72 77.87
MGESL 45.88 35.43 51.54 65.70 34.18 23.66 38.64 54.89 53.78 42.52 60.40 75.04
CognTKE 46.06 36.49 51.11 64.49 35.24 25.21 39.93 54.71 53.13 42.62 59.42 72.70
RE-SEGNN 45.81 35.79 51.01 64.66 34.94 24.57 39.44 55.08 51.54 41.05 57.62 71.19
DiMNet 45.72 34.41 51.37 67.99 34.13 23.29 38.42 55.80 58.93 48.55 65.16 78.33

HGLS-SHAPE (Ours) 51.08 40.10 56.67 72.41 37.15 26.32 41.73 58.64 49.96 40.37 54.91 68.04
LogCL-SHAPE (Ours) 51.23 40.63 56.87 72.02 37.89 26.83 42.43 59.90 58.95 48.43 65.27 78.72

Table 1: Overall performance comparison on three ICEWS benchmarks. The best result in each column is in bold
and the second best is underlined. All metrics are reported as percentages (%); – indicates that the metric is not
reported in the original paper.

(a) HGLS-SHAPE (b) LogCL-SHAPE

Figure 5: Relative improvements of SHAPE over two
TKGC backbones on three benchmarks.

models, rule/path-based reasoning models, long-
range temporal graph models, and recent methods
with higher-order structure or richer temporal se-
mantics. Among them, HGLS and LogCL are also
used as the two backbone models for evaluating the
plug-and-play effect of SHAPE. A detailed descrip-
tion of all baselines is provided in Appendix B.

4.2 Main Results

To demonstrate the effectiveness and flexibility of
SHAPE, we integrated it into two leading TKGC
models. Table 1 reports the overall comparison
with 18 baselines across three ICEWS benchmarks,
while Figure 5(a) and Figure 5(b) show the rela-
tive improvements of SHAPE over the HGLS and
LogCL backbones, respectively.

As demonstrated in Table 1, SHAPE consis-
tently improves both backbones and achieves the
strongest overall performance among the compared
methods.

(1) SHAPE achieves the best MRR on all three
benchmarks. LogCL-SHAPE attains the highest
MRR on ICEWS14, ICEWS18, and ICEWS05-
15. Overall, the two SHAPE variants achieve the
best result in 11 of the 12 columns, with the only
exception being Hit@1 on ICEWS05-15, where
DiMNet remains slightly higher.
(2) SHAPE improves both backbones consis-
tently. Figures 5a and 5b show positive gains on ev-
ery reported metric for both HGLS and LogCL. The
improvements are especially pronounced on Hit@1.
For example, HGLS-SHAPE improves Hit@1 by
14.38% on ICEWS14 and 37.01% on ICEWS18,
while LogCL-SHAPE improves the same metric by
7.60% and 9.38%, respectively. This suggests that
SHAPE does not merely reshuffle lower-ranked
candidates; it more often moves the correct entity
to the top of the ranking.
(3) The gains are larger when the backbone
lacks one of SHAPE’s capabilities. HGLS ben-
efits more strongly than LogCL, particularly on
ICEWS18, where its baseline MRR is only 29.32.
After adding SHAPE, HGLS rises to 37.15, corre-
sponding to a 26.71% relative improvement. This
is consistent with the design of SHAPE: DHPE
contributes higher-order structural priors before
temporal encoding, while QDEM improves query-
conditioned history selection after encoding. Back-
bones that lack one or both capabilities therefore
gain more from the augmentation.
(4) The improvements generalize across differ-
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Variant
ICEWS14 ICEWS18 ICEWS05-15

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

Full SHAPE (A0) 51.08 40.10 56.67 72.41 37.15 26.32 41.73 58.64 49.96 40.37 54.91 68.04 –

w/o DHPE (A1) 47.44 36.52 52.73 68.78 35.04 24.53 39.06 56.13 45.59 36.21 49.51 63.65 –3.37
w/o QDEM (A2) 47.77 36.33 53.60 69.94 33.73 22.84 38.02 55.40 46.88 35.44 50.39 64.68 –3.27

w/o Cand. Bias (A3) 50.01 38.86 56.17 71.42 36.59 25.64 41.16 58.39 47.05 37.52 51.57 65.47 –1.52
w/o Subj. Enh. (A4) 50.60 39.21 56.78 72.43 36.12 25.25 40.64 57.44 47.48 38.03 51.94 65.59 –1.32
w/o Cross-View (A5) 50.31 39.40 55.81 71.30 36.62 25.80 41.24 58.03 47.02 37.56 51.46 65.26 –1.40
w/o Ent. Hyper. (A6) 50.71 39.42 56.59 72.41 36.13 25.35 40.51 57.45 46.88 37.39 51.48 64.81 –1.46

Backbone Only (A7) 47.00 35.06 – 70.41 29.32 19.21 – 49.83 46.21 35.32 – 67.12 –5.55

Table 2: Ablation study on the HGLS backbone. Best results are in bold. ∆MRR denotes the absolute MRR drop
from Full SHAPE, averaged over three datasets.

Variant
ICEWS14 ICEWS18 ICEWS05-15

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

Full SHAPE (A0) 51.23 40.63 56.87 72.02 37.89 26.83 42.43 59.90 58.95 48.43 65.27 78.72 –

w/o DHPE (A1) 46.55 37.15 54.72 70.58 37.16 26.21 41.63 58.88 56.81 45.81 63.36 77.70 –2.52
w/o QDEM (A2) 48.55 37.23 54.54 70.23 36.27 25.07 40.94 58.47 56.73 45.63 63.54 77.74 –2.17

w/o Cand. Bias (A3) 48.83 37.51 54.53 70.87 36.16 24.84 40.77 58.64 57.11 46.01 63.92 78.21 –1.99
w/o Subj. Enh. (A4) 48.76 37.57 54.70 70.22 37.59 26.45 42.24 59.75 58.56 48.13 64.82 78.41 –1.05
w/o Cross-View (A5) 48.68 37.57 54.58 70.54 37.61 26.42 42.34 59.76 57.56 46.32 64.10 78.31 –1.41
w/o Ent. Hyper. (A6) 48.73 37.15 55.15 70.75 37.36 25.25 43.01 61.12 57.02 46.13 63.69 77.99 –1.67

Backbone Only (A7) 48.87 37.76 54.71 70.26 35.67 24.53 40.32 57.74 57.04 46.07 63.72 77.87 –2.16

Table 3: Ablation study on the LogCL backbone. Best results are in bold. ∆MRR denotes the absolute MRR drop
from Full SHAPE, averaged over three datasets.

ent temporal regimes. Although the three ICEWS
datasets differ in timespan, entity cardinality, and
event density, SHAPE remains beneficial on all
of them. This suggests that the learned prototype
structure and query-conditioned event memory cap-
ture reusable reasoning biases. HGLS-SHAPE
still lags behind LogCL on ICEWS05-15, but it
improves HGLS by 3.75 MRR, consistent with
SHAPE’s plug-and-play goal.

4.3 Ablation Study

To assess the contribution of each component in
SHAPE, we benchmark seven variants on both
backbones; the corresponding numbers are re-
ported in Tables 2 and 3. Starting from the full
model A0, A1 and A2 remove DHPE and QDEM,
respectively. A3 and A4 disable the candidate-
bias pathway and the subject-enhancement pathway
in QDEM. A5 and A6 remove the cross-view se-
mantic bridge and the entity hypergraph branch in
DHPE. A7 is the bare backbone.We further conduct
fine-grained ablations on LogCL-SHAPE to isolate
the three candidate-scoring signals in QDEM, as
reported in Table 4.

Removing either DHPE or QDEM consistently
degrades MRR on both backbones, showing that
the two modules are both necessary. DHPE brings a

slightly larger average gain overall, while QDEM is
particularly helpful on ICEWS18, suggesting that
the two modules capture complementary structural
and temporal signals. The full model also outper-
forms the single-module variants by a clear margin,
especially on LogCL, indicating that DHPE and
QDEM are not redundant but mutually reinforcing:
DHPE provides structural priors, and QDEM con-
verts them into query-conditioned scoring gains.

Inside QDEM, disabling the candidate-bias
pathway (A3) hurts performance more than dis-
abling subject enhancement (A4), implying that the
HCP+MES+SPS bias is the dominant contributor,
while subject enhancement plays a supporting role.
Inside DHPE, removing the cross-view semantic
bridge (A5) and removing the entity hypergraph
branch (A6) lead to comparable drops, suggest-
ing that DHPE depends on the interaction between
these two parts rather than on either one alone.

Table 4 isolates the three candidate-scoring sig-
nals on LogCL-SHAPE. Removing HCP, MES, or
SPS reduces the average MRR by 0.72, 0.92, and
0.71 percentage points, respectively. Full SHAPE
achieves the highest MRR and Hits@1, indicating
that the three signals provide complementary ev-
idence. HistFreq-only improves over the LogCL
backbone by 0.63, 1.01, and 0.43 MRR points on
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Variant
ICEWS14 ICEWS18 ICEWS05-15

MRR H@1 MRR H@1 MRR H@1

Full SHAPE 51.23 40.63 37.89 26.83 58.95 48.43
w/o HCP 50.01 39.45 37.43 26.06 58.47 47.99
w/o MES 49.84 38.61 37.30 26.29 58.16 47.42
w/o SPS 49.88 39.12 37.60 26.51 58.45 47.06
HistFreq-only 49.50 39.05 36.68 25.33 57.47 46.56

Table 4: Fine-grained ablation of the QDEM candidate-
scoring signals on LogCL-SHAPE. HistFreq-only re-
tains only the recency-weighted historical-frequency
bias. The best results are shown in bold.

ICEWS14, ICEWS18, and ICEWS05-15, respec-
tively. However, it remains 1.73, 1.21, and 1.48
points below Full SHAPE. Historical repetition is
useful but cannot fully account for SHAPE’s gains.
Memory–entity matching and structural prototype
proximity provide additional improvements.

5 Conclusion

We present SHAPE, a plug-and-play enhance-
ment framework for TKG reasoning that com-
bines higher-order structural augmentation with
query-conditioned event denoising. In particular,
DHPE learns prototype hypergraphs for entities
and relations, and injects cross-view structural pri-
ors before temporal encoding to enrich represen-
tation learning. QDEM further retrieves query-
relevant recent events and transforms them into
subject enhancement and candidate-level bias after
encoding, thereby refining predictions with query-
specific temporal evidence. Extensive experiments
on three datasets demonstrate the effectiveness of
our model.

Limitations

SHAPE is designed as a plug-and-play enhance-
ment framework, so its effectiveness naturally de-
pends on the quality of the underlying backbone.
When the backbone already captures strong struc-
tural or temporal dependencies, the marginal gains
brought by SHAPE may be limited. Therefore, in
our future work, we will focus on how to better
adapt SHAPE to stronger backbone models.
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A Datasets

The details of the dataset used in the experiment
are shown in Table 5.

Datasets Entities Relations Total Facts Train Facts Time Steps

ICEWS14 7128 230 90730 74845 365
ICEWS05-15 10488 251 479329 368868 4017
ICEWS18 23033 256 468558 373018 304

Table 5: Statistics of the benchmark datasets.

B Baselines

We compare SHAPE with a broad set of repre-
sentative KG and TKG reasoning methods. The
static and graph-based baselines include Dist-
Mult (Yang et al., 2015), ComplEx (Trouillon
et al., 2016), GCN (Kipf and Welling, 2017),
R-GCN (Schlichtkrull et al., 2018), and Con-
vTransE (Shang et al., 2019). These methods
cover widely used embedding, convolutional, and
relation-aware graph encoders, and therefore pro-
vide reference points for evaluating how much tem-
poral modeling and structural augmentation im-
prove over non-temporal or weakly temporal scor-
ing functions.

For TKG extrapolation, we include methods that
represent several major modeling families: recur-
rent or history-vocabulary models (RE-NET (Jin
et al., 2020), CyGNet (Zhu et al., 2021), RE-
GCN (Li et al., 2021), and TiRGN (Li et al., 2022)),
query-aware or rule/path-based reasoning mod-
els (xERTE (Han et al., 2021) and RPC (Liang
et al., 2023)), long-range temporal graph models
(HGLS (Zhang et al., 2023b) and LogCL (Chen
et al., 2024)), and recent models with higher-
order structure or richer temporal semantics (DHE-
TKG (Liu et al., 2024), MGESL (Shi et al., 2024),
CognTKE (Chen et al., 2025), RE-SEGNN (Cai
et al., 2025), and DiMNet (Dong et al., 2025)).

For baselines without results on the considered
ICEWS benchmarks in their original papers, we
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use results reported by prior published TKG studies
under the time-aware filtered protocol. Otherwise,
results are taken from the corresponding original
papers. Our main comparisons between HGLS and
HGLS-SHAPE, as well as between LogCL and
LogCL-SHAPE, are conducted with identical back-
bone implementations, data splits, and evaluation
code within each pair.

C Implementation Details

For both backbones, the hidden dimension is fixed
to d = 200. We use dataset-specific SHAPE config-
urations on the three ICEWS benchmarks.For the
optimal results reported in the paper, the settings
are as follows. On ICEWS14, we set Ke = 256,
Kr = 32, h = 4, and L = 3. On ICEWS18,
we set Ke = 256, Kr = 32, h = 4, and L = 8.
On ICEWS05-15, we set Ke = 256, Kr = 64,
h = 4, and L = 10. The regularization weights
are λdiv = λbal = 0.01. All models are trained
with Adam (lr = 0.001, weight decay 10−5) and
early stopping (patience = 10 epochs, monitoring
validation MRR). Gradient norms are clipped at
1.0.

D Evaluation on an Additional Backbone

To further assess the architectural generality of
SHAPE, we integrate it into RE-GCN, a recurrent
evolution-based TKG backbone, and evaluate both
variants under the time-aware filtered protocol.

Dataset Model MRR Hits@1 Hits@3 Hits@10

ICEWS14
RE-GCN 42.00 31.63 47.20 61.65
RE-GCN-SHAPE 45.31 34.97 50.87 64.80

ICEWS18
RE-GCN 32.62 22.39 36.79 52.68
RE-GCN-SHAPE 35.03 24.66 39.40 55.42

ICEWS05-15
RE-GCN 48.03 37.33 53.90 68.51
RE-GCN-SHAPE 50.52 40.48 56.04 69.47

Table 6: Performance on the additional RE-GCN back-
bone under time-aware filtered evaluation.

RE-GCN-SHAPE improves all 12 metrics, with
MRR gains of 3.31, 2.41, and 2.49 points on the
three datasets, respectively. These results provide
further evidence that SHAPE transfers effectively
to a recurrent evolution-based backbone.

E Sensitivity Analysis

We study three hyperparameters that directly con-
trol the capacity of SHAPE: the number of entity
prototypes Ke, the number of relation prototypes
Kr, and the event memory length L. All sensitiv-
ity experiments are conducted on LogCL-SHAPE

while varying one hyperparameter at a time. Fig-
ures 6 and 7 report the results on ICEWS14,
ICEWS18, and ICEWS05-15.
Entity prototype capacity. The top row of Fig-
ure 6 shows a consistent pattern across all three
datasets: increasing Ke from 64 or 128 to 256 im-
proves the results, while further increasing it to 512
brings no additional benefit and slightly reduces
most metrics. This indicates that DHPE needs
enough prototypes to represent recurring entity
roles and higher-order semantic groups, but exces-
sive entity prototypes mainly introduce redundant
partitions of an already learnable structure. The sta-
bility of the optimum across ICEWS14, ICEWS18,
and ICEWS05-15 is important: it suggests that
Ke = 256 is not a dataset-specific accident, but a
robust capacity level for ICEWS-style event graphs
with thousands to tens of thousands of entities.
Relation prototype capacity. The bottom row of
Figure 6 shows that relation prototypes require a
smaller capacity than entity prototypes. ICEWS14
and ICEWS18 achieve the best performance at
Kr = 32, while ICEWS05-15 favors Kr = 64.
This trend is consistent with the structure of tempo-
ral event graphs, where the relation vocabulary is
much smaller and semantically more regular than
the entity vocabulary, making a compact set of re-
lation prototypes sufficient for most datasets. The
larger optimum on ICEWS05-15 is also reasonable,
since this dataset spans a much longer temporal
period and exhibits more diverse relation usage pat-
terns over time, which increases the demand for
prototype diversity. Overall, these results support
the asymmetric design of DHPE, in which entity
and relation hypergraphs are both necessary, but
their prototype capacities should not be set to the
same value.
Model #Params #SHAPE Epochs Time/Ep. Total Time Mem

HGLS 5.97M – 32 99.9s 76.5min 2.18GB
HGLS-SHAPE 8.65M 2.72M 33 99.3s 78.2min 2.37GB

LogCL 8.28M – 22 229.5s 90.2min 1.54GB
LogCL-SHAPE 11.00M 2.72M 22 234.2s 91.2min 1.95GB

Table 7: Efficiency comparison on ICEWS14.

Event memory length. Figure 7 shows that the pre-
ferred memory length is dataset-dependent, but the
overall behavior is stable. ICEWS14 favors a short
window around L = 3, ICEWS18 benefits from
a medium window around L = 8, and ICEWS05-
15 reaches its best results around L = 10. These
differences match the temporal scale of the bench-
marks: shorter one-year event streams often con-
centrate useful evidence in very recent snapshots,
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(a) ICEWS14, entity prototypes (b) ICEWS18, entity prototypes (c) ICEWS05-15, entity prototypes

(d) ICEWS14, relation prototypes (e) ICEWS18, relation prototypes (f) ICEWS05-15, relation prototypes
Figure 6: Sensitivity to the number of entity and relation prototypes on LogCL-SHAPE. The top row varies
Ke ∈ {64, 128, 256, 512}, and the bottom row varies Kr ∈ {16, 32, 64, 128}.

(a) MRR (b) Hits@1

(c) Hits@3 (d) Hits@10
Figure 7: Sensitivity to the event memory length L on
LogCL-SHAPE. Each heatmap is normalized within
each dataset to highlight the preferred history-length
region, while the cell values report the original metric
scores.

whereas the longer ICEWS05-15 sequence benefits
from a wider context that can cover slower recur-
ring patterns. More importantly, performance tends
to stabilize after the effective historical range is cov-
ered rather than degrading sharply as L increases.
This behavior supports the design of QDEM. Since
QDEM performs query-conditioned top-k retrieval
instead of indiscriminately pooling all events in the
window, increasing L expands the candidate mem-
ory bank but does not force the decoder to consume
every historical event. As a result, SHAPE is ro-

bust to the memory length once the window is large
enough to include the relevant temporal evidence.

F Robustness under Data Sparsity

To evaluate whether SHAPE’s improvements stem
from genuine structural and historical priors rather
than merely fitting more parameters to abundant
data, we conduct a data sparsity experiment on
ICEWS14. We randomly remove {10%, 30%, 50%,
70%, 90%} of the training triples (preserving tem-
poral structure by sampling independently within
each snapshot) and compare both backbones with
and without SHAPE. The results are shown in Fig-
ure 8.
(1) SHAPE remains beneficial across all sparsity
levels. Across all three metrics and both backbones,
SHAPE-enhanced models consistently outperform
their corresponding baselines at the original set-
ting and under 10%–90% deletion. This makes it
unlikely that the gains are driven merely by param-
eter count. This robustness can be attributed to the
complementary nature of DHPE and QDEM under
data-scarce conditions
(2) The structural prior becomes more valuable
for HGLS under moderate sparsity. For HGLS,
the MRR gap widens from +4.08 at the full-data
setting to +6.60 at 30% deletion. A similar trend ap-
pears on Hit@1. This is consistent with the role of
DHPE: when local neighborhoods become sparse,
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Query Truth RankB RankS Backbone Top-3 SHAPE Top-3

s: Ali_Tayyebnia
r: Express_intent_to_cooperate
t: 337

Iran 192 1 Shahid Khan; MP (India); Media
(Pakistan)

Iran; Business (Iran); Citizen
(India)

s: Public_Prosecutor_(Thailand)
r: Express_intent_to_cooperate
t: 359

Citizen_(Thailand) 47 1 Employee (India); Armed rebel
(NSCN); F. Fasehun

Citizen (Thailand); Thailand;
Public Prosecutor (Thailand)

s: Member_of_Parliament_(Russia)
r: Make_statement
t: 342

RIA_Novosti 45 1 F. Mogherini; Gov. (Ukraine);
Interfax

RIA Novosti; Ministry (Russia);
Interfax

s: Amara_Essy
r: Use_conventional_military_force
t: 356

Citizen_(Cote_d’Ivoire) 38 1 Citizen (Tanzania); Citizen (India);
Citizen (Botswana)

Citizen (Cote d’Ivoire); Criminal
(Mexico); Citizen (Kenya)

s: Ministry_(France)
r: Engage_in_symbolic_act
t: 341

Francois_Hollande 27 1 Ministry (France); Military
(France); Student (France)

Francois Hollande; Citizen (UK);
Military (France)

s: Government_(United_States)
r: Accuse
t: 353

North_Korea 26 1 Bahrain; Citizen (Kenya); Human
Rights Watch

North Korea; Boko Haram; China

Table 8: Case study on ICEWS14. RankB and RankS denote the filtered ranks assigned by the LogCL backbone
and LogCL-SHAPE, respectively.

Analysis Query group MRRB MRRS ∆MRR ∆H@1 (pp)

Overall All object queries 0.4879 0.5123 +0.0244 +2.62

Error severity

RankB = 2–3 0.4450 0.5966 +0.1515 +37.86
RankB = 4–10 0.1764 0.3231 +0.1467 +14.46
RankB = 11–30 0.0604 0.1369 +0.0765 +3.84
RankB = 31–100 0.0204 0.0540 +0.0336 +0.58
RankB > 100 0.0033 0.0196 +0.0163 +0.67

Recent evidence Exact answer observed in recent history 0.7282 0.8407 +0.1125 +15.05

Relation type
Make optimistic comment 0.3644 0.4551 +0.0907 +12.12
Meet at a third location 0.6566 0.7397 +0.0831 +12.33
Discuss by telephone 0.7726 0.8379 +0.0653 +9.38

Table 9: Systematic analysis of object-prediction queries on ICEWS14. MRRB and MRRS denote the results
of LogCL and LogCL-SHAPE, respectively. ∆H@1 denotes the absolute percentage-point improvement. The
relation-type rows report selected relations with substantial gains.

prototype sharing provides an additional channel
for transferring structural information.
(3) QDEM helps LogCL degrade more grace-
fully under severe sparsity. At 90% deletion,
LogCL-SHAPE retains a higher proportion of its
original performance than the bare backbone. This
resilience is attributable to the design of QDEM’s
biased relevance scoring, which explicitly rewards
events matching the query subject or relation and
therefore concentrates the model’s attention on the
most informative subset of available history.

G Efficiency Analysis

A natural concern is whether SHAPE’s perfor-
mance gains come at prohibitive computational
cost. We report the parameter count, convergence
speed, total training time, and peak GPU memory
on ICEWS14 for both backbones in Table 7. All ex-
periments are conducted on a single NVIDIA RTX
4090 GPU with identical batch sizes, data loaders,
and early-stopping configurations.#Params is the
total trainable parameter count; #SHAPE denotes

the additional parameters introduced by DHPE and
QDEM; Epochs is the number of epochs to con-
verge; Time/Ep. is the average wall-clock training
time per epoch (excluding validation); Total Time
is the end-to-end training wall-clock time; Mem is
the peak GPU memory.

SHAPE introduces approximately 2.72M ad-
ditional trainable parameters on both backbones,
comprising the DHPE prototype matrices, cross-
view bridge weights, and QDEM event-memory pa-
rameters. This corresponds to 31.5% of the HGLS-
SHAPE parameters and 24.7% of the LogCL-
SHAPE parameters, which is a moderate increase
relative to the performance gains reported in Sec-
tion 4.2.

Per-epoch runtime remains comparable after
adding SHAPE: the difference is below 1% on
HGLS and around 2% on LogCL. The number
of epochs to convergence also remains nearly
unchanged. The memory increase is modest
(+0.19 GB on HGLS and +0.41 GB on LogCL),
with the main overhead coming from the soft inci-
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(a) MRR (b) Hits@1 (c) Hits@10
Figure 8: Performance under varying training data sparsity on ICEWS14. The x-axis denotes the ratio of randomly
deleted training facts. Each subplot shows four curves: HGLS, HGLS-SHAPE, LogCL, and LogCL-SHAPE.

dence matrix He ∈ RN×Ke .
Overall, the efficiency analysis shows that

SHAPE delivers consistent accuracy gains with
only modest additional computation, which is im-
portant for a plug-and-play module intended for
existing TKG backbones.

H Case Study

To provide qualitative evidence of how SHAPE im-
proves predictions, we select representative queries
from the ICEWS14 test set under a strict criterion:
the LogCL backbone ranks the correct answer out-
side the top 20, while LogCL-SHAPE moves it
to rank 1. Table 8 lists such examples together
with the top-3 predictions of each model. Here,
t denotes the timestamp identifier in the dataset.
These cases are particularly informative because
they highlight situations in which the backbone
fails to identify the correct entity, whereas SHAPE
is able to recover it reliably.

(a) Rank migration (b) Rank distribution
Figure 9: Case-study visualization on hard ICEWS14
queries.

The table and Figure 9 reveal two recurring pat-
terns. First, SHAPE can correct severe ranking er-
rors rather than merely refine already strong predic-
tions: in all listed cases, the correct entity is ranked
outside the top 20 by the backbone but is promoted
to the first position after applying SHAPE. This
behavior is also reflected in Figure 9(a). For ex-
ample, among queries whose ground-truth entities

are ranked within the 4–10 bin by LogCL, 14.5%
are promoted to rank 1 and another 21.2% are pro-
moted to the ≤3 bin by LogCL-SHAPE. Similar
upward migration appears in harder bins, indicat-
ing that SHAPE improves a non-trivial portion of
queries that the backbone does not solve confi-
dently.

Second, the backbone often prefers plausible but
incorrect entities that are topically related to the
query, whereas SHAPE more reliably retrieves the
ground-truth target. Figure 9(b) further supports
this observation at the distribution level: on hard
queries, LogCL-SHAPE raises the Top-1 and Top-
3 proportions to 15.5% and 33.9%, respectively,
and improves the hard-query MRR by +0.1009.
These results suggest that higher-order structural
priors and query-conditioned memory denoising
help the model disambiguate between superficially
similar candidates. Overall, SHAPE improves not
only ranking quality but also the model’s ability to
identify the truly relevant entity under challenging
query conditions.

Table 9 extends the case study to all object-
prediction queries in ICEWS14. SHAPE increases
the overall MRR from 0.4879 to 0.5123 and im-
proves Hits@1 by 2.62 percentage points. It im-
proves MRR across every error-severity interval;
among the 4,448 queries not ranked first by LogCL,
54.72% receive a better rank and 15.47% reach
rank 1. Gains are particularly large when the exact
answer appears in recent history, with an MRR gain
of 0.1125 and a 15.05-point Hits@1 improvement.
Several diplomatic-contact relations also exhibit
substantial gains. These results show that the ex-
amples in Table 8 reflect broader rank-correction
patterns rather than isolated cases.
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