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Abstract

Temporal Knowledge Graph (TKG) reasoning
remains challenging to characterize with con-
ventional flat representations due to its intrin-
sic heterogeneous structure. Existing multi-
geometry approaches face two key bottlenecks:
1) the Riemannian depth barrier driven by nu-
merical instability, which restricts models to
shallow architectures; and 2) gate collapse,
where adaptive fusion mechanisms suffer from
gradient starvation and degenerate into single-
geometry solutions. To this end, we propose
MAGIC (Multi-geometry Annealing Graph
Interaction with Consensus). Our framework
introduces a Tangent-Residual Engine in multi-
geometric spaces, which enables the first stable
8-layer geometric evolution and reveals a phe-
nomenon termed Geometric Annealing, where
manifold curvature spontaneously evolves from
semantic flatness in shallow layers to structural
complexity in deeper layers. We further design
an explicit reasoning module with structural
consensus, leveraging geometric invariants and
structural priors to regulate gradient flow, pre-
vent collapse, and ensure robust synergy across
Hyperbolic, Spherical, and Euclidean spaces.
Experiments show that MAGIC achieves state-
of-the-art performance in TKG reasoning, im-
proving MRR by up to 2.9 points.

1 Introduction

Temporal Knowledge Graphs (TKGs) incorporate
the dynamic evolution of factual knowledge and en-
tity semantics into structured representations, pro-
viding crucial support for NLP applications from
question answering to event forecasting. However,
behind this temporality lie highly heterogeneous
topological structures: hierarchical relations (e.g.,
organizational frameworks) require models capable
of tree-like expansion, while periodic events (e.g.,
elections, diplomatic visits) correspond to cyclic
and spherical geometries.

* Corresponding Author.

Traditional TKG reasoning approaches mostly
embed data into a single Euclidean space (Xu
et al., 2021) or simply extend static embedding
techniques to the temporal dimension, leading to
severe distortion of heterogeneous geometric struc-
tures, commonly referred to as the “Euclidean bot-
tleneck” (Nickel and Kiela, 2017). As illustrated in
Figure 1A, flat Euclidean spaces inevitably flatten
tree-like hierarchies and break periodic cycles. In
recent years, multi-geometric representation learn-
ing has emerged as a promising direction to address
this geometric mismatch by integrating hyperbolic,
spherical, and Euclidean spaces to jointly model hi-
erarchical and periodic patterns (Wang et al., 2024).
However, these methods remain hindered by two
fundamental challenges that limit their reasoning
capability (Figure 1B):

1) The Riemannian Depth Barrier—due to nu-
merical instability in exponential/logarithmic maps
and the accumulation of projection errors across
layers (Wang et al., 2021), existing geometric archi-
tectures are typically confined to shallow designs
(with depth L ≤ 2), which prevents them from
capturing long-range temporal dependencies and
multi-hop reasoning paths.

2) Gate Collapse—current adaptive geometric
fusion mechanisms (e.g., attention gating) are also
prone to "gradient starvation" (Wang et al., 2020)
early in training. This is because we observed
that different datasets can cause gradient norms
in a particular space to become significantly larger.
This leads to the greedy optimization of that space
and the suppression of other geometric spaces, ul-
timately causing the model to degenerate into a
single-geometry representation and lose the expres-
sive advantage of multi-geometry fusion.

To resolve these limitations, we propose
MAGIC (Multi-geometry Annealing Graph
Interaction with Consensus). First, we introduce
multiple geometric spaces (spherical, hyperbolic,
and Euclidean) to model TKGs, aiming to break
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Figure 1: Motivation and Methodological Comparison. (Left) Existing Dilemmas: (A) Geometric Distortion:
Single Euclidean space flattens hierarchies and breaks periodic cycles. (B) Instability & Collapse: Riemannian
instability limits architectures to shallow encoders (L ≤ 2), while adaptive gating suffers from gradient starvation,
leading to single-view degeneration. (Right) MAGIC (Ours): (C) Deep Evolution: Our Tangent-Residual Engine
enables stable 8-layer evolution, inducing Geometric Annealing from semantic flatness to structural complexity.
(D) Robust Reasoning: Explicit invariant injection and fixed structural priors regulate gradient flow to prevent gate
collapse.

the limitations of single-space modeling. To
enable deep geometric evolution, we design a
Tangent-Residual Engine to address the depth
barrier. It constructs a stable Euclidean gradient
pathway in the tangent space, enabling the first
stable deep geometric evolution (up to L = 8)
and inducing a phenomenon termed geometric
annealing: the model tends toward flat geometry
in shallow layers to align semantics, while spon-
taneously increasing curvature in deeper layers
to accommodate complex topological structures
(Figure 1C).

Second, to counter gate collapse, we propose ex-
plicit geometric reasoning with structural consen-
sus. Instead of relying on unstable implicit fusion,
we explicitly inject geometric invariants—geodesic
distance (Locality Filter), norms (Hierarchy Depth),
and angles (Semantic Compass). Furthermore, we
enforce a structural consensus strategy. We reframe
fusion weights not as learnable parameters prone
to overfitting, but as fixed structural priors. This
mechanism regulates gradient flow, compelling the
model to optimize representations across all man-
ifolds simultaneously and preventing the suppres-
sion of non-dominant geometries (e.g., Spherical

cycles) (Figure 1D).
Our contributions are summarized as follows:

• Diagnosis (Gate Collapse): We demonstrate that
existing adaptive fusion methods degenerate into
single-view solutions due to gradient starvation,
ignoring crucial patterns like periodic events.

• Mechanism (Deep Evolution): The MAGIC
model achieves geometric annealing via a
Tangent-Residual Engine, evolving from shal-
low semantic to deep structural reasoning, while
its fixed-prior consensus mechanism regulates
gradient flow to prevent gate collapse.

• Performance (SOTA): MAGIC achieves SOTA
results (e.g., 82.5% MRR on ICEWS05-15),
demonstrating superior modeling of long-term
dynamics.

2 Related Work

Temporal Knowledge Graph Completion. Ex-
isting TKG reasoning methods largely extend static
embedding techniques to the temporal domain.
Early translation-based models, such as TTransE
(Leblay and Chekol, 2018) and HyTE (Dasgupta
et al., 2018), project entities onto temporal hyper-
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Figure 2: Overview of MAGIC.

planes. Rotation-based approaches like ChronoR
(Sadeghian et al., 2021) and RotatE (Sun et al.,
2019) model relations as complex space rotations,
while tensor decomposition methods (e.g., TCom-
plEx (Lacroix et al., 2020), TeLM (Xu et al., 2021))
capture high-order interactions. Other works like
QDN (Wang et al., 2023) and BoxTE (Messner
et al., 2022) further address temporal uncertainty.
However, these methods primarily operate in flat
Euclidean space, inherently imposing significant
distortion when modeling heterogeneous topolo-
gies like hierarchies and cycles (Nickel and Kiela,
2017).

Geometric Graph Representation Learning.
To mitigate Euclidean distortion, geometric learn-
ing leverages constant curvature manifolds. For
static graphs, MuRMP (Wang et al., 2021) and
ATTH (Chami et al., 2020) pioneered the use of
product manifolds to simultaneously model hierar-
chies and cycles. In the temporal domain, recent
works have integrated geometric bias: DyERNIE
(Han et al., 2020) utilizes velocity vectors for evo-
lution, while BiQCap (Zhang et al., 2023) com-
bines biquaternions with hyperbolic space. More
recently, Liu et al. (2025) introduced PoinKI, which
leverages Poincaré embeddings to capture evolv-
ing hierarchical structures in continuous-time dy-
namic graphs. Most relevant to our work is IME
(Wang et al., 2024), which fuses parallel Hyper-
bolic, Spherical, and Euclidean spaces. However,

it relies on simple pooling mechanisms and lacks
the deep structural evolution required for robust
reasoning.

Positioning against LLM-based Approaches.
While LLMs have revolutionized semantic reason-
ing, recent works like TCompoundE (Ying et al.,
2024) and TeAST (Li et al., 2023) demonstrate that
rigorous geometric modeling remains indispens-
able for capturing complex topological structures
(e.g., spirals) that text-based models often over-
look. Unlike LLM-based paradigms that are prone
to hallucination, structure-centric frameworks like
MAGIC provide deterministic reasoning paths and
superior efficiency.

3 Method

We present MAGIC, a unified framework tailored
for the heterogeneous topology (e.g., hierarchies
and cycles) of TKGs. To overcome the limita-
tions of shallow architectures and adaptive collapse,
MAGIC orchestrates a deep geometric evolution
across Hyperbolic, Spherical, and Euclidean mani-
folds. As illustrated in Figure 2, MAGIC operates
in three strategic phases. (A) Temporal-Geometric
Initialization decouples entity dynamics into static
and periodic components within a unified tangent
space. (B) Deep Geometric Evolution utilizes a
Tangent-Residual Engine to enable stable deep rea-
soning (L = 8) and induce curvature annealing.
(C) Explicit Reasoning injects geometric invariants
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and enforces structural consensus to prevent gate
collapse.

3.1 Problem Definition
A TKG is denoted as G = {(s, r, o, t)} ⊆ E ×R×
E ×T , where E ,R, T represent the sets of entities,
relations, and timestamps. The goal is to predict
missing links, i.e., (s, r, ?, t).

We operate on three distinct manifolds (forming
a product manifold signature (Gu et al., 2019; Dong
et al., 2025)): Hyperbolic space Hd

cneg
(Poincaré

ball with curvature cneg < 0) for hierarchies,
Spherical space Sdcpos (Hypersphere with cpos > 0)
for cycles, and Euclidean space Ed (c = 0) for
flat regularities. Operations are defined via the ex-
ponential map expcx(v) : TxM → M, and the
logarithmic map logcx(y) : M → TxM.(Detailed
definitions of these operations and numerical stabil-
ity constraints are provided in Appendix B.) Here,
the exponential map expcx(v) projects a tangent
vector v from the tangent space TxM to a point
y on the manifold M, while the logarithmic map
logcx(y) performs the inverse.

3.2 Temporal-Geometric Initialization
Effective geometric evolution requires a rich se-
mantic initialization. Unlike static KGs, entities
in TKGs exhibit heterogeneous time-dependent dy-
namics. To capture these patterns without prema-
turely distorting them in curved spaces, we propose
a multi-granularity temporal decoupling strategy
within a unified tangent space (approximated as Ed

at the origin). We construct time-aware representa-
tions in a unified tangent space (approximated as
Ed) at the origin before geometric projection. For
a query (s, r, ?, t), the input embedding hs(t) is
decoupled into static, periodic, and trend compo-
nents:

hs(t) = es + Norm
(
Φper(t)⊕Φtrend(t)

)
︸ ︷︷ ︸

Temporal Bias Φ(t)

(1)

where es ∈ Rd denotes the static entity identity,
and Norm(·) denotes Layer Normalization, applied
to stabilize the scale of the temporal bias before
addition. To model time at different frequencies,
we discretize t into Year (y), Month (m), and Day
(d) granularities.

The periodic bias Φper(t) utilizes sinusoidal
functions to capture seasonality:

Φper(t) = [ sin(wy1 ⊙ ty), sin(wm1 ⊙ tm),

sin(wd1 ⊙ td)]
(2)

Conversely, the trend bias Φtrend(t) employs hy-
perbolic tangent (tanh) functions to model long-
term drift and state saturation:

Φtrend(t) = [ tanh(wy2 ⊙ ty), tanh(wm2 ⊙ tm),

tanh(wd2 ⊙ td)]

(3)

Here, w∗ ∈ Rd′ are learnable frequency embed-
dings, and ⊙ denotes element-wise multiplication
with broadcasted time indices.

To incorporate relational semantics r into the
query, we parameterize each relation as a static
embedding r ∈ Ed in the same unified tangent
space. We adopt a tangent translation strategy
for fusion: the relation r acts as a displacement
vector added to the subject embedding, formally
hquery(t) ≈ hs(t) + r. This Euclidean addition
in the tangent space efficiently approximates the
complex parallel transport required on curved man-
ifolds, maintaining the translational intuition of
knowledge graph embeddings (e.g., TransE) while
remaining compatible with our deep geometric evo-
lution module.

3.3 Deep Geometric Evolution

Traditional geometric GNNs face a severe depth
bottleneck, typically collapsing beyond 3 layers
due to the numerical instability of Riemannian op-
erations. To overcome this, we propose a deep geo-
metric evolution module that enables stable scaling
to deeper architectures (e.g., L = 8).

Geometric Annealing Mechanism To strictly
control topological evolution, we introduce a Cur-
vature Manager (Figure 2B). Instead of fixing cur-
vature globally, it parameterizes the curvature of
each layer l as a learnable scalar c(l). Mechanism:
To ensure correct geometric inductive bias while
maintaining stability, we employ a Sign-Specific
Initialization strategy: the hyperbolic curvature is
initialized to a small negative value (cneg ≈ −0.1)
and the spherical curvature to a small positive
value (cpos ≈ +0.1). This places the model in
a Quasi-Euclidean state (|c| ≈ 0) at the onset of
training, creating a flat “safe zone” for semantic
alignment. Driven by task gradients without ex-
plicit constraints, we observe a spontaneous phe-
nomenon termed Geometric Annealing (Figure 3):
learned curvatures naturally evolve from near-zero
in shallow layers to high absolute values in deep
layers. We attribute this to the model’s intrinsic
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optimization strategy: 1) Shallow Phase (Seman-
tic Alignment): The model retains flatness (c ≈ 0)
to linearly align heterogeneous semantic features
without distortion, mirroring the manifold property
that local neighborhoods are well-approximated by
Euclidean tangent spaces. 2) Deep Phase (Struc-
tural Expansion): As the receptive field grows
exponentially, the model increases curvature to
expand manifold volume capacity, accommodat-
ing complex hierarchical (Hyperbolic) and cyclical
(Spherical) structures that cannot be embedded in
flat spaces without distortion.

The Tangent-Residual Engine. To support this
deep evolution, we design a layer that performs
non-linear transformations on the manifold but
aggregates residuals in the tangent space. Cru-
cially, by leveraging the tangent space at the origin
(x = 0) and projecting features back via logc

(l)

0

before the residual addition, we bypass the numeri-
cally unstable Möbius addition. This constructs a
Euclidean gradient pathway that facilitates direct
gradient flow, effectively resolving the vanishing
gradient problem in deep geometric networks. For-
mally, let h(l−1) be the input in the tangent space.
The update rule for layer l is defined as:

hM = expc
(l)

0 (h(l−1))

hlinear = W(l) ⊗c(l) hM

htan = logc
(l)

0 (Project(hlinear))

h(l) = σ(htan) + h(l−1)

(4)

3.4 Explicit Geometric Reasoning
Explicit Geometric Interaction. Standard dot-
product decoders discard topological information.
We explicitly inject geometric invariants into the
reasoning process. For each branch, we construct
an interaction feature vector fs,o:

fs,o =


⟨hs,ho⟩︸ ︷︷ ︸

Similarity

, dM(hs,ho)︸ ︷︷ ︸
Locality Filter

, ∥hs∥, ∥ho∥︸ ︷︷ ︸
Hierarchy Depth

, cos(hs,ho)︸ ︷︷ ︸
Semantic Compass




(5)
Specifically, the Locality Filter (dM) enforces

spatiotemporal locality by ensuring interacting
events are geometrically close; Hierarchy Depth
(∥h∥) quantifies semantic specificity by mapping
radial distance to hierarchical levels (distinguishing
broad concepts near the origin from specific actors
near the boundary); and the Semantic Compass
(cos) determines relation orientation (e.g., ally vs.
enemy). These features are subsequently fused via

a lightweight MLP to produce geometry-specific
scores.

Structural Consensus. A common approach to
fusing heterogeneous geometries is using learn-
able attention weights (e.g., Softmax gating). How-
ever, we identify a critical optimization pathology
which we term Gate Collapse: since the Hyperbolic
branch typically provides larger initial gradients
for hierarchical data, adaptive gates often greedily
optimize the hyperbolic weight to 1.0, effectively
"starving" the Spherical branch of gradients (visu-
alized in Section 4.4).

To mitigate this, we propose structural consen-
sus as a form of strong structural regularization.
We argue that in highly heterogeneous manifolds,
purely data-driven gating is prone to shortcut learn-
ing (i.e., Gate Collapse). Therefore, we treat the
fusion weights α, β as rigid structural priors rather
than learnable parameters. Aligning with our hier-
archical architecture (Figure 2C), the final score is
computed via a two-stage convex combination:

Sfinal = (1−β)·((1− α)Shyp + αSsph)︸ ︷︷ ︸
Curved Space Consensus

+β·Seuc

(6)
Here, Shyp, Ssph, and Seuc represent the distinct
reasoning scores computed within the Hyperbolic
(hierarchical), Spherical (cyclical), and Euclidean
(flat) manifolds, respectively. The hyperparameter
α ∈ [0, 1] balances the internal trade-off between
hierarchy and periodicity in curved spaces, while
β ∈ [0, 1] controls the global regularization from
the Euclidean tangent space. By fixing these pri-
ors (e.g., α = 0.5, β = 0.2), we enforce a gra-
dient flow constraint, compelling the encoder to
optimize representations across all manifolds si-
multaneously. This ensures the decision boundary
respects all geometries to prevent degeneration, ef-
fectively providing a robust inductive bias against
mode collapse.

3.5 Optimization and Complexity Analysis
We train MAGIC using binary cross-entropy loss
with negative sampling:

L =− log σ(Sfinal(s, o))

−
Nneg∑

i=1

log(1− σ(Sfinal(s, o
′
i)))

(7)

To ensure numerical stability near the manifold
boundary, we enforce a strict Riemannian projec-
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tion ∥x∥2 ≤ 1√
|c|

− ϵ before any logarithmic map-

ping. Notably, unlike methods requiring expensive
Riemannian SGD, our Tangent-Residual Engine
allows efficient optimization via standard Adam in
the tangent space. Consequently, the time complex-
ity remains O(L · |E| · d), which is linear w.r.t the
graph size and scalable to large datasets.

4 Experiments

4.1 Experimental Setup

Datasets. We evaluate MAGIC on three stan-
dard benchmarks (Lin et al., 2023): ICEWS14,
ICEWS05-15, and GDELT.

Baselines. We compare against: (1) Static meth-
ods (TransE, DistMult, SimplE, RotatE); (2) Tem-
poral methods (TeRo, ChronoR, TeLM, EvoEx-
plore, QDN); and (3) Geometric models (Dy-
ERNIE, BiQCap), focusing on the SOTA multi-
curvature model IME, See Appendix C.

Implementation. Implemented in PyTorch,
MAGIC uses dimension d = 200 for ICEWS05-15
and d = 100 otherwise. Models are optimized
via Adam (lr = 1e-3), reporting filtered MRR
and Hits@1/3/10.(Refer to Appendix A for the
detailed computational budget, model scale, and
dataset statistics.)

4.2 Main Results

Table 1 summarizes the performance comparison.
SOTA Performance: MAGIC consistently outper-
forms all baselines. On the long-range ICEWS05-
15, it achieves an MRR of 0.825, significantly sur-
passing the best baseline IME (0.796). On GDELT,
MAGIC achieves a remarkable 0.668 MRR, demon-
strating its capability to handle high-density, peri-
odic event streams. Geometric Advantage: Com-
pared to single-space models (e.g., TeLM, Dy-
ERNIE), our performance gains validate the ne-
cessity of multi-geometry modeling. Furthermore,
compared to IME, which uses simple pooling,
MAGIC’s deep evolution and explicit geometric
interaction prove to be superior feature extractors.

Performance Analysis on GDELT. A notable
observation in Table 1 is MAGIC’s substantial mar-
gin on GDELT (+4.4 points over SOTA). We at-
tribute this robustness to three factors: 1) Spherical
Contribution: GDELT is dominated by recurrent
political events (cycles). While adaptive gates tend
to collapse to the Hyperbolic branch (as diagnosed

in Sec. 4.4), our Structural Consensus ensures the
Spherical branch remains active, effectively captur-
ing these periodic dynamics. 2) Locality Filtering:
The geodesic distance in GeoInteract effectively fil-
ters out geometrically distant entities in the dense
event space. 3) Protocol Verification: We strictly
follow the time-aware filtered protocol (Xu et al.,
2021), ensuring inverse relations at the same times-
tamp are excluded to prevent data leakage.

4.3 Ablation Study

We conduct comprehensive ablation studies on
ICEWS14 to verify our core hypotheses. Results
are summarized in Table 2.

Explicit Geometry vs. Implicit Learning. Re-
placing our geometry-augmented interaction with a
simple dot product causes a substantial drop (MRR
0.842 → 0.690). To pinpoint contributions: re-
moving geodesic distance drops MRR to 0.794
(−4.8%), confirming its role as a spatiotemporal
Locality Filter; removing angles leads to 0.833
(−0.9%), validating the need for directional se-
mantics.

Deep Evolution vs. Static Embedding. First,
w/o Tangent Residual: Removing the residual
connection drops performance to 0.839 and pre-
vents numerical scaling beyond 2 layers. Second,
w/o Curvature Manager: Fixing curvature globally
causes a significant drop to 0.675. This strongly
validates that Geometric Annealing (evolving from
flat to curved) is essential for accommodating the
exponentially growing receptive field.

Structural Consensus and Initialization. Re-
placing fixed priors with learnable Softmax gates
triggers Gate Collapse (MRR drops to 0.675),
where adaptive weights greedily overfit to the hy-
perbolic view (Figure 5). Unlike this degeneration,
Structural Consensus acts as a regularizer to en-
force effective multi-geometry utilization. Addi-
tionally, removing time-aware initialization (w/o
Time Initialization) decreases MRR to 0.795, val-
idating the necessity of decoupling temporal dy-
namics in the tangent space.

4.4 Mechanism Analysis

Verification of Geometric Annealing. Figure
3 visualizes the training dynamics of curvature
scalars |c|, where line intensity encodes layer depth.
As training progresses, the trajectories exhibit a dis-
tinct stratification: while all layers initialize near
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Dataset ICEWS14 ICEWS05-15 GDELT
Metric MRR H@1 H@3 H@10 MRR H@1 H@3 H@10 MRR H@1 H@3 H@10

TransE 0.280 0.094 - 0.637 0.294 0.090 - 0.663 0.113 0.000 0.158 0.312
DistMult 0.439 0.323 - 0.672 0.456 0.337 - 0.691 0.196 0.117 0.208 0.348
SimplE 0.458 0.341 0.516 0.687 0.478 0.359 0.539 0.708 0.206 0.124 0.220 0.366
RotatE 0.418 0.291 0.478 0.690 0.304 0.164 0.355 0.595 - - - -

TA-DistMult 0.477 0.363 - 0.686 0.474 0.346 - 0.728 0.206 0.124 0.219 0.365
ATiSE 0.550 0.436 0.629 0.750 0.519 0.378 0.606 0.794 - - - -
TeRo 0.562 0.468 0.621 0.732 0.586 0.469 0.668 0.795 0.245 0.154 0.264 0.420
ChronoR 0.625 0.547 0.669 0.773 0.675 0.596 0.723 0.820 - - - -
TeLM 0.625 0.545 0.673 0.774 0.678 0.599 0.728 0.823 - - - -
TuckERTNT 0.604 0.521 0.655 0.753 0.638 0.559 0.686 0.783 0.381 0.283 0.418 0.576
BoxTE 0.613 0.528 0.664 0.763 0.667 0.582 0.719 0.820 0.352 0.269 0.377 0.511
EvoExplore 0.725 0.653 0.778 0.852 0.790 0.719 0.843 0.915 0.514 0.353 0.602 0.748
BDME 0.635 0.555 0.683 0.778 - - - - 0.278 0.191 0.299 0.448
QDN 0.643 0.567 0.688 0.784 0.692 0.611 0.743 0.838 0.545 0.481 0.576 0.668

DyERNIE 0.669 0.599 0.714 0.797 0.739 0.679 0.773 0.855 0.457 0.390 0.479 0.589
BiQCap 0.643 0.563 0.687 0.798 0.691 0.621 0.738 0.837 0.273 0.183 0.308 0.469
IME 0.819 0.790 0.835 0.872 0.796 0.750 0.821 0.875 0.624 0.485 0.754 0.791

MAGIC (Ours) 0.842 0.790 0.881 0.928 0.825 0.762 0.874 0.931 0.668 0.533 0.761 0.918

Table 1: Link prediction results (MRR and Hits@1/3/10) on three TKG datasets. Bold denotes the best results
(MAGIC), and underlined denotes the best baseline results. Baseline results are retrieved from (Wang et al., 2024).

Model Variant MRR

MAGIC (Full) 0.842

• Ablation on Interaction
w/o GeoInteract (Dot-only) 0.690
w/o Distance (Locality Filter) 0.794
w/o Angle (Semantic Compass) 0.833

• Ablation on Geometry
w/o Curvature Manager (Fixed) 0.675
w/o Multi-Space (Single Euclidean) 0.677
w/o Tangent Residual 0.839

• Ablation on Consensus
w/ Learnable Gate (Softmax) 0.675
w/o Time Initialization 0.795

Table 2: Ablation study on ICEWS14 (MRR).

zero, the deep layers (dark lines) rapidly diverge
to high curvature values, whereas shallow layers
(light lines) remain effectively flat (|c| ≈ 0). This
behavior empirically validates the Geometric An-
nealing phenomenon, indicating that the model
spontaneously organizes a topological curriculum.
Crucially, it maintains quasi-Euclidean space in
early layers for linear semantic alignment, while
expanding manifold curvature in deeper layers to
accommodate the exponentially growing structural
complexity.

Breaking the Depth Barrier. Figure 4 com-
pares the scalability of MAGIC against Single-
Hyperbolic and Euclidean baselines across depths

Figure 3: Geometric Annealing on ICEWS14. Line
intensity indicates depth (Light=Layer 0 → Dark=Layer
7).

L ∈ {1, 2, 4, 8}. The Single-Hyperbolic model
(Blue) suffers a steep collapse to < 0.50 MRR at
L = 8, empirically confirming the Riemannian
Numerical Instability inherent in deep geometric
GCNs. Conversely, the Euclidean baseline (Grey)
stagnates below 0.72, illustrating the Euclidean
Bottleneck where flat spaces fail to encode complex
topology. In sharp contrast, MAGIC (Red) main-
tains a stable high-performance plateau (> 0.84)
regardless of depth. This stability strongly vali-
dates that our Tangent-Residual Engine effectively
constructs a gradient pathway, successfully decou-
pling model depth from numerical instability.

Robustness of Structural Consensus. We
jointly analyze the failure of adaptive gating and
the stability of our proposed consensus. Figure 5
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Figure 4: Impact of Model Depth. Comparison of
MRR across varying layers. Unlike baselines that suffer
from collapse (Hyperbolic) or bottlenecks (Euclidean),
MAGIC maintains robust performance.

Figure 5: Gate Collapse in Adaptive Fusion. Evolu-
tion of learnable weights (Area) and MRR (Line). The
mechanism fails to maintain diversity, degenerating to a
single geometry (wneg → 1.0).

visualizes the instability of learnable baselines, re-
vealing a critical Sudden Mode Switch near epoch
45. Here, the Hyperbolic weight rapidly expands
to 1.0, completely suppressing the Spherical and
Euclidean signals. This Gate Collapse causes
performance to stagnate at a suboptimal plateau
(≈ 0.675), confirming that adaptive mechanisms
suffer from gradient starvation and degenerate into
single-geometry solutions. In contrast, MAGIC
enforces a fixed structural consensus to mitigate
this issue. Figure 6 addresses potential concerns
about brittleness by mapping test MRR across a
hyperparameter grid. Instead of a narrow peak, the
heatmap reveals a wide “basin of attraction”: the
model consistently achieves SOTA performance
(MRR > 0.83) with minimal fluctuation (< 1.5%).
This confirms that our consensus acts as a robust
regularizer, effectively leveraging hybrid geome-
tries without requiring delicate manual tuning.

Case Study: Periodic Events. Analysis of cyclic
elections confirms that MAGIC mitigates baseline

Figure 6: Sensitivity Analysis. The wide high-
performance plateau (MRR > 0.83) across α and β
confirms MAGIC’s robustness to hyperparameter varia-
tions.

frequency bias and temporal hallucinations. By pre-
serving spherical structure, our model effectively
captures long-term periodicity. See Appendix D.

5 Conclusion

We presented MAGIC, a framework that transcends
depth and stability bottlenecks in TKG reasoning
via a Tangent-Residual Engine and Structural Con-
sensus, enabling stable multi-layer evolution and
inducing Geometric Annealing. Experiments con-
firm that MAGIC establishes a new SOTA by ro-
bustly capturing heterogeneous topologies. Future
directions include generalizing to continuous-time
manifolds via Neural ODEs and deploying MAGIC
as a geometric adapter to ground LLMs. By inject-
ing structural constraints via RAG (Lewis et al.,
2020), we aim to mitigate hallucinations (Ji et al.,
2023) through rigorous spatiotemporal reasoning.

Limitations

Despite establishing a new SOTA in TKG rea-
soning, MAGIC entails specific design trade-offs.
Computational Overhead: While our Tangent-
Residual Engine successfully bypasses expensive
Riemannian SGD, the mandatory element-wise
manifold projections introduce a slight inference
latency. We view this as a necessary cost for cap-
turing complex topology, which can be further
mitigated via kernel fusion optimization. Fixed
Structural Priors: To rigorously prevent the "Gate
Collapse" pathology, we employ fixed consen-
sus weights (α, β) rather than fully learnable gat-
ing. Although our sensitivity analysis confirms
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a wide "basin of attraction," developing a stable,
fully adaptive mechanism (e.g., via bi-level opti-
mization) remains a theoretical challenge. Dis-
crete Granularity: Our deep evolution focuses on
snapshot-based dynamics. Extending this curva-
ture annealing mechanism to continuous-time man-
ifolds (e.g., integrating with Neural ODEs) repre-
sents a promising direction for handling irregular
event streams.
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This paper investigates the problem of temporal
knowledge graph reasoning, aiming at capturing
complex geometric evolutions to empower a wide
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A Implementation Details and
Computational Budget

To facilitate reproducibility, we provide detailed
statistics regarding the computational resources,
dataset characteristics, and model scale. All experi-
ments were conducted on a single NVIDIA A100
(80GB) GPU. The framework is implemented in
PyTorch and optimized using the Adam optimizer.

Computational Cost. Table 3 summarizes the
dataset topology and the associated training time.
Thanks to the efficient Tangent-Residual Engine,
MAGIC avoids the expensive Riemannian gradi-
ents typically associated with geometric GNNs.
This efficiency makes training feasible even on the
large-scale GDELT dataset (2.3M events) within a
reasonable timeframe.

Model Scale. The total number of parameters
is dominated by the entity and relation embed-
dings. Specifically, the model contains approxi-
mately 3.2M parameters for ICEWS14 and 14.5M
parameters for ICEWS05-15. GDELT, despite its
high event density, has a smaller entity set, result-
ing in fewer parameters (<0.5M).

Dataset Graph Topology Dataset Splits (Edges) Cost
|E| |R| |T | Train Valid Test Time

ICEWS14 6,869 230 365 72,826 8,941 8,963 ≈ 4h
ICEWS05-15 10,094 251 4,017 368,962 46,275 46,092 ≈ 12h
GDELT 500 20 366 2,735,685 341,961 341,961 ≈ 28h

Table 3: Detailed statistics of the datasets and compu-
tational cost. |E|, |R|, and |T | denote the number of
entities, relations, and timestamps, respectively. Train-
ing time is measured on a single NVIDIA A100 GPU.

B Manifold Operations

We strictly follow the formalism of Gyrovector
spaces for operations in the product manifold
M = Hd × Sd × Ed. The exponential map
expcx : TxM → M and logarithmic map logcx :
M → TxM at the origin (0) are defined as fol-
lows. These operations are applied element-wise
within our Tangent-Residual Engine.

Hyperbolic Space (Hd
c ). For a component with

constant negative curvature c < 0 (represented as
−|c|), the maps are:

expc0(v) = tanh
(√

|c|∥v∥2
) v√

|c|∥v∥2
(8)

logc0(y) = tanh−1
(√

|c|∥y∥2
) y√

|c|∥y∥2
(9)

where ∥ · ∥2 denotes the Euclidean L2 norm.

Spherical Space (Sdc ). For a component with con-
stant positive curvature c > 0, the maps are defined
as:

expc0(v) = tan
(√

c∥v∥2
) v√

c∥v∥2
(10)

logc0(y) = tan−1
(√

c∥y∥2
) y√

c∥y∥2
(11)

Numerical Stability. To prevent gradient explo-
sion near the boundaries of the Poincaré ball or
singularities in the Spherical space, we apply norm
clipping. Specifically, for an input vector x, we
restrict ∥x∥2 ≤ 1√

|c|
− ϵ (with ϵ = 10−5) before

applying the logarithmic map.

C Baseline Descriptions

We provide brief descriptions of the baselines re-
ported in Table 1.

Static KGE Methods.

• TransE (Bordes et al., 2013), DistMult (Yang
et al., 2015), RotatE (Sun et al., 2019): Fun-
damental models using translation, bilinear di-
agonal interaction, and complex space rotation,
respectively.

• SimplE (Kazemi and Poole, 2018): A tensor fac-
torization approach based on CP decomposition
that allows independent embeddings for head and
tail entities.

Temporal KGE Methods.

• TA-DistMult (García-Durán et al., 2018): Ex-
tends DistMult by incorporating temporal embed-
dings (often via RNNs) to capture time-sensitive
relation semantics.

• ATiSE (Xu et al., 2020a): Models entity evo-
lution using additive time series decomposition
(trend and seasonality) within a Gaussian embed-
ding framework.

• TeRo (Xu et al., 2020b), ChronoR (Sadeghian
et al., 2021), TeLM (Xu et al., 2021): Meth-
ods modeling temporal evolution via complex
rotation or high-order multivector tensor decom-
position.

• BoxTE (Messner et al., 2022) & QDN (Wang
et al., 2023): Approaches utilizing box embed-
dings or query-dependent variations to explicitly
handle temporal uncertainty.

• EvoExplore (Zhang et al., 2022): A recent struc-
tural learning method that explores the interac-
tions between static and dynamic graph struc-
tures.
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Geometric & Multimodal Methods.

• DyERNIE (Han et al., 2020): Evolves entity
embeddings using velocity vectors in Euclidean
space.

• BiQCap (Zhang et al., 2023): Combines Hyper-
bolic space with quaternary representations to
capture hierarchies.

• IME (Wang et al., 2024): The primary baseline,
mapping data into product manifolds (H×S×E)
using simple pooling.

D Detailed Case Study

To qualitatively validate MAGIC’s reasoning capa-
bility, we analyze a specific prediction case from
the ICEWS dataset involving a recurrent political
event.

Case Description.

• Query: (South Korea, Legislative Election, ?,
2012-04).

• Ground Truth: South Korea (Targeting the do-
mestic election event).

• Context: Legislative elections in South Korea
typically occur every four years (e.g., 2004, 2008,
2012). Capturing this pattern requires reasoning
over long-range historical dependencies span-
ning nearly a decade.

Model Comparison.

• Baseline Failure (IME/TeLM): The baseline
models incorrectly predict high-frequency enti-
ties such as United States or Japan. We attribute
this error to Gate Collapse. Despite the exis-
tence of cyclic signals, the adaptive gating mech-
anism assigns near-zero weight to the Spherical
component during training. Consequently, the
model fails to capture the “4-year cycle” and de-
generates into predicting “hub” nodes (entities
with high global degree), exhibiting a form of
temporal hallucination.

• MAGIC Success: In contrast, MAGIC success-
fully predicts the correct tail entity. This success
is driven by three factors:

(1) Deep Evolution (L = 8): Our stable deep
architecture allows the model to effectively prop-
agate information from distant historical snap-
shots (2004, 2008) to the current query time
(2012), overcoming the standard depth bottle-
neck (L ≤ 2).

(2) Geometric Annealing: The model correctly
aligns the static semantics of “South Korea” in
shallow layers (flat space) while evolving to cap-
ture the complex cyclic topology in deep layers
(curved space).

(3) Structural Consensus: By enforcing fixed
priors (e.g., αpos > 0.3), MAGIC explicitly pre-
vents the Spherical branch from being suppressed
by high-frequency noise. This ensures the discov-
ered periodicity is utilized for the final decision.

This case confirms that MAGIC’s geometric
constraints effectively ground the model against
generic semantic dominance, enabling robust rea-
soning over long-range periodic dynamics.
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