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Abstract

Temporal knowledge graph forecasting predicts
future facts from historical snapshots, and its
accuracy hinges on how well a model exploits
the historical evidence available to each query.
Existing methods route every query through a
single reasoning pipeline, yet queries with the
same predicate form can rest on very different
histories and call for different inductive biases.
We observe that query histories fall into three
regimes: sparse histories with few prior events,
recurrent histories dominated by stable repeti-
tion, and ambiguous histories with many com-
peting candidates. Building on this observation,
we propose QTI-MoE, a Query-Type-aware
Inductive-bias Mixture-of-Experts framework.
QTI-MoE characterises each query with a soft
type label derived from its historical prefix
and forwards it to one of three experts whose
memory pathways carry complementary bi-
ases: recency-weighted aggregation for sparse
queries, count-based repetition for recurrent
queries, and diversity-normalised scoring for
ambiguous queries. QTI-MoE achieves state-
of-the-art performance on four standard bench-
marks, and a type-stratified analysis confirms
that each expert peaks on its target regime1.

1 Introduction

Temporal Knowledge Graphs (TKGs) encode real-
world events as timestamped relational facts, cap-
turing how entities interact and how those interac-
tions change over time (Cai et al., 2024a). TKG
forecasting, the task of predicting missing enti-
ties in future queries from historical snapshots
(Wang et al., 2023), supports applications including
foreign-affairs analysis, social-event anticipation,
and conflict early warning (Mirtaheri et al., 2023;
Xu et al., 2025). Unlike static knowledge graph

*Corresponding author.
1The code and data are available at

https://github.com/wooden070/QTI-MoE.
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(a) TKG forecasting examples: queries with the same predi-
cate form may have sparse, recurrent, or ambiguous histories.
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(b) RE-GCN and LogCL on ICEWS14 perform notably worse
in low-frequency (f ) and high-diversity (d) regions, where f
denotes the number of historical occurrences and d the number
of distinct candidate entities.

Figure 1: Motivation for query-type-aware forecasting.

completion, TKG structures evolve over time, mak-
ing query predictability depend on historical evi-
dence. A query with a sparse event record poses
a very different challenge from one supported by
frequent, recurrent patterns (Zhao et al., 2026).

Faced with this evidence-dependent nature of
TKG forecasting, prior work has advanced along
two complementary lines. The first line is structure-
based (Li et al., 2022b; Chen et al., 2024; Dong
et al., 2025). It models graph evolution with rela-
tional graph convolutions and recurrent dynamics,
with later refinements sharpening the temporal en-
coder through contrastive learning, entity-aware at-
tention, and multi-scale encoding (Ma et al., 2025;
Dong et al., 2025). The second line is LLM-based
(Xia et al., 2024; Zhang et al., 2025). It casts fore-
casting as semantic reasoning over linearised event
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histories (Lee et al., 2023), and is subsequently
extended with retrieval-augmented and parameter-
efficient adaptations that inject scenario-specific
knowledge into the LLM (Liao et al., 2024). More
recently, hybrid multi-expert frameworks such as
MESH (Deng et al., 2025) attempt to bring the two
signals together by assigning a structural expert
and a semantic expert to handle different aspects
of the same query. These lines of work differ in
machinery, but converge on a shared assumption:
one reasoning pipeline is expected to serve every
query equally well. Even when multiple experts are
introduced, routing operates within a query, decid-
ing which signal to trust rather than which strategy
fits the query at hand. Yet queries with the same
predicate form can rest on very different histories
(Figure 1a). Such differences in evidence shape
are not cosmetic; they change what kind of reason-
ing a query actually demands. A uniform pipeline
cannot match this variation, suggesting that not all
queries are equal.

To check whether this gap is observable in prac-
tice, we evaluate two representative forecasters,
RE-GCN(Li et al., 2021) and LogCL(Chen et al.,
2024), on ICEWS14(García-Durán et al., 2018),
stratifying their predictions by the historical evi-
dence available to each query. As shown in Fig-
ure 1b, both follow an inverted-U pattern, with
accuracy peaking in the mid-range and dropping at
the low-frequency and high-diversity ends. Despite
their architectural differences, both models suffer
a sharp drop across all metrics when queries fall
into the few-observation or many-candidate regions.
This is not an artefact of any single architecture.
It indicates that different query regimes call for
different inductive biases, and that no monolithic
pipeline can host all of them at once. A natural
response is to assign each regime its own expert
and inductive bias, with a router that selects by the
shape of a query’s history rather than its content.
This shifts routing from operating within a query
to operating across queries.

Building on this observation, we propose QTI-
MoE, a Query-Type-aware Inductive-bias Mixture-
of-Experts method for TKG forecasting. QTI-MoE
reads the historical shape of each query and for-
wards it to the expert best suited to that regime. The
method has three components. We first construct
soft type labels for each forecasting query from its
historical prefix statistics, calling on a frozen LLM
only to refine boundary cases. We then design
three experts that share a structural backbone but

carry distinct inductive biases in their memory path-
ways: recency for sparse histories, stable repetition
for recurrent histories, and diversity-aware aggre-
gation for ambiguous histories. A query-aware
router, conditioned on subject and relation embed-
dings, finally mixes the three expert predictions
according to the historical shape of the query. Soft
labels and the LLM enter only at training time.
Inference relies on query embeddings alone, with-
out invoking the LLM. We evaluate QTI-MoE on
four standard benchmarks and obtain state-of-the-
art performance. A type-stratified analysis further
shows that each expert reaches its highest accuracy
on the query type it is designed for, confirming the
effectiveness of our type-specialised expert design.

Our contributions can be summarised as below.

• We propose a soft query-type labelling scheme
that characterises each forecasting query
across sparse, recurrent, and ambiguous
regimes for query-type-aware reasoning.

• We design QTI-MoE, in which three ex-
perts carry complementary inductive biases
matched to the three regimes, and a query-
aware router mixes them by historical shape
with no LLM involvement at inference.

• QTI-MoE achieves state-of-the-art perfor-
mance on four standard benchmarks, and a
type-stratified analysis confirms that each ex-
pert peaks on its target regime.

2 Problem Formulation

A Temporal Knowledge Graph (TKG) is a time-
ordered sequence of snapshots G = {G1, . . . , GT },
where each Gt = (V,R,Ft) shares an entity set
V and a relation set R, and Ft = {(s, r, o, t)}
collects the facts at time t with s, o∈V and r∈R.
We write G<tq = {G1, . . . , Gtq−1} for the strict
prefix before the query time tq. Given G<tq , TKG
forecasting ranks candidate entities e ∈ V for a
candidate object query (s, r, ?, tq). Subject queries
(?, r, o, tq) are converted to object queries on the
inverse relation r−1, i.e., (o, r−1, ?, tq), which are
then scored using the same prediction pipeline. No
fact or temporal information at time tq or later may
be accessed during prediction.

3 Method

This section presents QTI-MoE. As shown in Fig-
ure 2, the framework proceeds in three steps, each
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Step 1. Query-Type Soft Labels (Offline Preprocessing on Training Set Only)
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Figure 2: Overview of QTI-MoE. The framework consists of three modules: (1) offline query-type soft label
construction that fuses rule-based statistics with LLM refinement on a boundary subset; (2) type-specialised experts
that share a structural backbone but carry complementary memory pathways for sparse, recurrent, and ambiguous
queries; and (3) a query-aware router that mixes expert predictions from query embeddings at inference.

developed in one subsection below. We first con-
struct query-type soft labels that characterise the
historical behaviour of each (s, r) pair (§3.1). We
then design three type-specialised experts whose
memory pathways implement complementary in-
ductive biases, one matched to each query type
(§3.2). Finally, a query-aware router combines the
expert predictions and is trained jointly with the ex-
perts (§3.3). Soft labels and the LLM are used only
during training; at inference, the router operates on
query embeddings alone.

3.1 Query-Type Soft Labels
For each query pair (s, r), we assign a soft label
q̂(s, r) = (q̂sp, q̂re, q̂am) over three query types
that capture how the historical prefix supports the
query: sparse (sp), where the prefix contains few
events and the target entity has rarely appeared; re-
current (re), where the same targets repeat across
the prefix and the historical pattern is stable; and
ambiguous (am), where a rich history involves
many competing candidates and the most frequent
one is often not the correct answer. These abbrevi-
ations are used throughout the rest of the paper.

Rule-based construction. We summarise the his-
tory of (s, r) with three prefix scalars: the event
frequency fsr, the candidate diversity dsr, and the
target occurrence count g∗sr. Each scalar is passed
individually through three sigmoid memberships
indicating whether it is low, middle, or high relative
to dataset-level percentile thresholds. Each type

score is then the geometric mean of the member-
ships defining it: sparse requires all three signals
to be jointly low, recurrent requires reliable target
recurrence under moderate frequency and diversity,
and ambiguous requires frequency and diversity
to be jointly high. The geometric form makes a
type score collapse whenever any defining condi-
tion fails, and the three scores are ℓ1-normalised
across the types to obtain q̂rule. We treat g∗sr as a
privileged training signal: it is strictly used only
during offline labelling and is never accessed dur-
ing model updates or inference.

LLM-based refinement. We query the frozen
LLM only on a boundary subset: pairs whose
top-two rule probabilities differ by less than ϵ, or
whose statistics lie within a class threshold toler-
ance. For each pair, we provide an instruction I
containing the relation surface form, the statistics
(fsr, dsr, g

∗
sr) with dataset-level reference scales,

and a request to choose one of the three type labels.
The LLM type distribution is read from next-token
probabilities over the label tokens:

q̂ llm
τ = Pllm(y = τ | I(s, r, fsr, dsr, g∗sr)) (1)

for τ ∈{sp, re, am}. The two distributions are then
fused together as follows:

q̂(s, r) = (1− w) q̂rule + w q̂ llm (2)

where w is zero outside the boundary subset and,
within it, is the product of the LLM’s confidence
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and its disagreement with the rule (both in [0, 1]).
The rule therefore remains dominant unless the
LLM is both confident and points to a different
type. The LLM is invoked only during this offline
refinement step. The definition of w, the prompt
template, the boundary criteria, and the factor defi-
nitions are provided in Appendix C.2.

3.2 Type-Specialised Experts

We instantiate three experts {Esp, Ere, Eam}, one
for each query type in Section 3.1. Each expert Eτ
produces an output distribution pτ over V by com-
bining a structural prediction with a type-specific
memory score.

The three experts share the same backbone
design but learn independent parameters. Each
expert instantiates its own copy of a recurrent
R-GCN(Schlichtkrull et al., 2018) with relation-
conditioned message passing and a GRU cell, fol-
lowing the recurrent encoding scheme of Chen
et al. (2024), followed by a ConvTransE decoder
(Shang et al., 2019). Each expert therefore main-
tains its own entity and relation embeddings and
encoder-decoder weights, and produces a type-
specific structural distribution pstr

τ from its own
subject embedding hτ

s and relation embedding eτr .
Decoupling parameters lets each expert align its
representations with its target type, while sharing
the architecture keeps the encoder, parameter bud-
get, and history length consistent across experts.
The structural backbone is adopted from existing
recurrent TKG forecasters rather than newly de-
signed; our contribution lies in the type-specific
memory pathways and the query-aware routing
built on top of it. The backbone specification is
provided in Appendix B.

Type-specific memory pathways. For a query
(s, r, ?, tq), every expert reads the same evidence
from the prefix: the (s, r)-conditioned event set
Isr = {(∆ti, oi, ci)}i, where ∆ti = tq− ti, oi is
the observed object, and ci its per-snapshot count.
The experts differ only in how they aggregate this
evidence into a memory score mτ ∈R|V|.

Sparse expert: Sparse histories contain few
events, and recent matches carry disproportionately
strong signals. We aggregate per-event contribu-
tions with exponential recency decay and logarith-
mic count compression:

msp(o) =
∑

i∈Isr: oi=o

e−∆ti/τsp log(1 + ci) (3)

where τsp > 0 is a learnable time constant. When
no event matches, the score vanishes and the struc-
tural pathway takes over via the gate below.

Recurrent expert: Repeating co-occurrence pat-
terns make the total count more reliable than any
single occurrence:

mre(o) = log(1 + c̃o), c̃o =
∑

i∈Isr: oi=o

ci (4)

This pathway has no expert-specific learnable pa-
rameters; stable repetition is fully captured by
count aggregation.

Ambiguous expert: When many distinct objects
appear, a raw count score concentrates probability
on the most frequent candidate, which is often a
near-miss. The ambiguous expert divides the count
score by the log-diversity of the candidate pool
Usr={oi : i∈Isr}:

mam(o) =
log(1 + c̃o)

log(1 + |Usr|)
(5)

where c̃o is defined as in Eq. 4. For a fixed query,
the denominator is a single constant and acts as a
query-adaptive temperature, preserving the count-
induced ranking but flattening the resulting mem-
ory distribution as the pool grows.

Structure-memory mixture. Each memory
score is turned into a probability distribution
pmem
τ =softmax(mτ ) and combined with the ex-

pert’s structural distribution pstr
τ through a learned,

query-conditioned scalar gate ατ ∈(0, 1):

pτ = (1− ατ )p
str
τ + ατ p

mem
τ (6)

where ατ = σ(MLP τ ([h
τ
s ; e

τ
r ])) is produced by a

small expert-specific MLP from its own subject and
relation embeddings. The gate lets each expert rely
on its memory pathway when the query matches
its type and fall back to the structural backbone
otherwise; in particular, when the memory score
vanishes the gate naturally yields pτ ≈ pstr

τ .

3.3 Mixture-of-Experts Routing
This subsection formalises the fusion of the three
expert distributions into a unified prediction and
the subsequent end-to-end training of the model.

Query-aware router. The router maps each
query to a mixing distribution π=(πsp, πre, πam)
over the three experts from the concatenated
subject–relation embedding fsr = [hs; er]:

π = softmax(MLPrt(fsr) / T ) (7)
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where T > 0 is a learnable temperature and the
MLP output bias is initialised to log q̄, the corpus-
level prior. The router takes no soft label or gold-
aware statistic as input. The final prediction is
the routed mixture, implemented in log space for
numerical stability:

pfinal =
∑

τ∈{sp,re,am}
πτ pτ (8)

Training objective. QTI-MoE is trained with a
single objective that combines a prediction term
with two specialisation terms:

L = Lpred + λd Ldistill + λu Luniform (9)

The three terms supervise the model at different
levels: the routed mixture, the type-conditioned
per-expert prediction, and the per-expert prediction
averaged uniformly across experts.

The prediction term Lpred = − log pfinal(o
∗)

is the standard NLL of the gold answer on the
routed mixture; it is the direct task signal that the
router and the experts must jointly produce a cor-
rect prediction. The distillation term Ldistill =∑

τ q̂τ NLLτ (o
∗) is the only place where the soft

label q̂ shapes training: it routes gradient mass
to the expert responsible for each query, with
NLLτ (o

∗) = − log pτ (o
∗) the per-expert NLL of

the gold answer under pτ . This term drives type-
conditioned specialisation, so that each expert im-
proves most on the queries matching its target type.
The uniform term provides a small baseline super-
vision to every expert regardless of the soft label,
preventing experts with persistently low responsi-
bility from degrading on out-of-type queries:

Luniform =
1

3

∑

τ

NLLτ (o
∗) (10)

The weights λd and λu balance soft-label-guided
specialisation and uniform supervision, with their
sensitivity analysed in Appendix A.4.

4 Experiments

4.1 Datasets
We evaluate QTI-MoE on four widely used
TKG forecasting benchmarks: ICEWS14 (García-
Durán et al., 2018), ICEWS18 (Jin et al., 2020),
ICEWS05-15 (García-Durán et al., 2018), and
GDELT. The first three are derived from the Inte-
grated Crisis Early Warning System (Boschee et al.,
2015), which records international political events

in the form of (s, r, o, t) quadruples. ICEWS14
covers events from the year 2014; ICEWS18 cov-
ers events from January to October 2018; and
ICEWS05-15 spans an eleven-year period from
2005 to 2015. GDELT is constructed from the
Global Database of Events, Language, and Tone,
and contains geopolitical events recorded at a finer
temporal resolution of 15 minutes. Following stan-
dard protocol (Li et al., 2021; Chen et al., 2024),
each dataset is split chronologically into training,
validation, and test sets. The key statistics of the
four datasets are summarised in Table 1.

Statistic ICEWS14 ICEWS18 ICEWS05-15 GDELT

Entities 7,128 23,033 10,488 7,691
Relations 230 256 251 240
Training 74,845 373,018 368,868 1,734,399
Validation 8,514 45,995 46,302 238,765
Test 7,371 49,545 46,159 305,241
Time granularity 24h 24h 24h 15m
Number of snapshots 365 304 4,017 2,975

Table 1: Statistics of TKG forecasting benchmarks.

4.2 Experimental Settings

We evaluate QTI-MoE on four standard TKG
forecasting benchmarks: ICEWS14, ICEWS18,
ICEWS05-15, and GDELT. Following prior
work (Chen et al., 2024; Zhang et al., 2025), we
report MRR and Hits@{1, 3, 10} under the stan-
dard time-aware filtered setting, and select the test
checkpoint by validation MRR. The three experts
share a backbone of a two-layer R-GCN encoder
and a ConvTransE (Shang et al., 2019) decoder,
with hidden dimension 200, 100 relation bases,
and dropout 0.2; each expert keeps its own param-
eters. History lengths for ICEWS14, ICEWS18,
ICEWS05-15, and GDELT are 7, 7, 9, and 7. We
train for 30 epochs with Adam at learning rate
5e−4, setting λd = 0.6, λu = 0.2, and the rule-
LLM fusion weight w = 0.2. The Adam optimiser
(Kingma and Ba, 2015) is applied for all param-
eters. InternLM2-7B serves as the frozen LLM
for soft label refinement (temperature 1.0), and is
invoked only at the offline labelling stage. All ex-
periments run on eight 48GB NVIDIA GPUs.

4.3 Baselines

To comprehensively evaluate QTI-MoE, we com-
pare it against twelve representative baselines cov-
ering two technical paradigms that have dominated
TKG forecasting in recent years:

(1) Structure-based TKG Forecasting Methods,
which model the structural evolution of the tempo-
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Model
ICEWS14 ICEWS05-15 ICEWS18 GDELT

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

RE-GCN (Li et al., 2021) 41.50 30.86 46.60 62.47 46.41 35.17 52.76 67.64 30.55 20.00 34.73 51.46 19.31 11.99 20.61 33.59
HisMatch (Li et al., 2022b) 46.42 35.91 51.63 66.84 52.85 42.01 59.05 73.28 33.99 23.91 37.90 53.94 22.01 14.45 23.80 36.61
LogCL (Chen et al., 2024) 48.90 37.80 54.70 70.26 57.04 46.07 63.72 77.87 35.67 24.53 40.32 57.74 23.75 14.64 25.60 42.33
DiffuTKG (Cai et al., 2024b) 48.50 36.40 49.40 72.70 52.70 40.30 60.20 75.90 36.70 25.70 38.80 57.80 25.10 16.30 27.50 42.30
DiMNet (Dong et al., 2025) 45.72 34.41 51.37 67.99 58.93 48.55 65.16 78.33 34.13 23.29 38.42 55.80 21.93 14.03 23.57 37.49

TiRGN-ICL (Lee et al., 2023) 43.27 32.28 49.04 64.17 49.15 37.25 55.73 70.90 32.18 21.07 36.98 54.04 – – – –
TiRGN-COH (Xia et al., 2024) 43.94 33.07 49.64 64.90 49.71 38.01 56.40 71.25 32.98 21.83 37.79 54.92 – – – –
GenTKG (Liao et al., 2024) / 36.85 47.95 53.50 – – – – / 24.25 37.25 42.10 / 13.90 22.55 30.45
LLM-DA (Wang et al., 2024) 47.10 36.90 52.60 67.10 52.10 41.60 58.60 72.80 35.70 25.50 40.30 57.00 – – – –
MESH (Deng et al., 2025) 44.36 – 49.81 64.21 48.66 – 54.26 68.57 33.96 – 38.37 54.12 – – – –
ANRE (Tang et al., 2025) 47.40 36.90 51.10 65.70 50.90 39.10 58.00 69.60 35.50 26.00 39.20 56.70 24.30 16.60 26.60 37.50
SRM-LLM (Zhang et al., 2025) 50.84 39.80 56.82 71.92 57.97 46.98 64.91 78.54 37.23 25.92 42.01 59.67 25.23 15.92 27.21 –

QTI-MoE 51.53 40.48 57.68 72.86 59.27 48.82 65.75 78.89 38.45 27.07 43.39 61.07 27.53 17.46 30.34 48.36

Table 2: Performance comparison on ICEWS14, ICEWS05-15, ICEWS18 and GDELT. All metrics are reported in
percentage (%). ‘/’ indicates non-computable results, while ‘-’ denotes unavailable public results.

ral graph through relational graph encoders and re-
current temporal dynamics, often augmented with
historical contrastive learning, diffusion-based gen-
eration, or structural matching mechanisms: RE-
GCN (Li et al., 2021), HisMatch (Li et al., 2022b),
LogCL (Chen et al., 2024), DiffuTKG (Cai et al.,
2024b), and DiMNet (Dong et al., 2025).

(2) LLM-based and LLM-Augmented Forecast-
ing Methods, which cast forecasting as semantic
reasoning over linearised event histories or aug-
ment structural models with LLM-derived priors,
retrieval, or multi-expert designs: TiRGN-ICL (Lee
et al., 2023), TiRGN-COH (Xia et al., 2024), Gen-
TKG (Liao et al., 2024), LLM-DA (Wang et al.,
2024), MESH (Deng et al., 2025), ANRE (Tang
et al., 2025), and SRM-LLM (Zhang et al., 2025).

4.4 Performance Comparison

Table 2 reports the comparison of QTI-MoE against
twelve baselines on four benchmarks. QTI-MoE
consistently attains the best score on every met-
ric across all four benchmark datasets. On the
relatively dense ICEWS14 and ICEWS05-15, QTI-
MoE leads the strongest prior result by 0.69 and
0.34 MRR; on the more challenging ICEWS18 and
GDELT, the MRR margin widens to 1.22 and 2.30,
and the largest single gain reaches 6.03 points on
GDELT Hits@10. The advantage of QTI-MoE
grows as the data shifts toward sparser and more di-
verse query histories, consistent with a model that
adapts its inductive bias to the shape of each query.
Against MESH, the most recent multi-expert base-
line, QTI-MoE improves MRR by 7.17 points on
ICEWS14 and 4.49 points on ICEWS18, show-

ing that routing across queries by historical shape
captures information that within-query evidence
routing does not. Overall, QTI-MoE achieves state-
of-the-art performance on all four benchmarks.

4.5 Ablation Study

We ablate one component at a time to verify its
contribution. Table 3 reports MRR and Hits@1;
full results are in Table 6.

Model
ICEWS14 ICEWS05-15 ICEWS18 GDELT

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

QTI-MoE 51.53 40.48 59.27 48.82 38.45 27.07 27.53 17.46
w/o MoE 50.79 39.78 58.49 47.63 37.57 26.14 24.24 14.85
w/o sparse 50.09 38.89 58.14 47.39 37.03 25.67 23.74 14.47
w/o recurrent 47.73 36.30 56.03 44.78 35.62 24.41 23.13 14.09
w/o ambiguous 49.43 38.22 56.95 45.81 35.84 24.37 23.28 14.10
w/o Ldistill 49.24 37.95 57.81 46.96 37.76 26.32 27.15 16.97
w/o Luniform 50.27 39.14 56.28 45.58 37.12 25.92 26.58 16.46
w/o LLM 50.38 38.98 57.65 46.85 37.75 26.39 24.81 15.36

Table 3: Ablation study results across four datasets (%).

(1) Effect of the MoE framework. Replac-
ing the three-expert mixture with a single shared
backbone (w/o MoE) degrades performance on all
datasets, with MRR dropping by 0.74 on ICEWS14
and 3.29 on GDELT. The gap is largest on GDELT,
where finer temporal resolution yields more diverse
historical shapes, supporting our premise that rout-
ing across queries pays off when query variation is
pronounced.

(2) Effect of the three experts. Removing any
expert causes a larger drop than removing the MoE
itself, showing that each occupies a distinct func-
tional slot. The recurrent expert is the most critical
(MRR -3.80 on ICEWS14, -4.40 on GDELT), re-
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Figure 3: H@1 robustness sweep across three query scenarios (columns) and two TKG datasets (rows). The focal
expert for each scenario is drawn in bold; the dashed vertical line marks the default threshold.

ICEWS14 MRR Hit@1 Hit@3 Hit@10

QTI-MoE 51.53 40.48 57.68 72.86
Ens-3 48.04 36.81 53.85 69.94
Ens-6 47.95 36.96 53.64 69.26

ICEWS18 MRR Hit@1 Hit@3 Hit@10

QTI-MoE 38.45 27.07 43.39 61.07
Ens-3 35.84 24.82 40.32 57.69
Ens-6 35.13 24.04 39.67 57.20

Table 4: Parameter-budget controls (%). Ens-k is a uni-
form ensemble of k independently trained backbones
without query-type awareness. Ens-3 matches the pa-
rameter budget of QTI-MoE; Ens-6 doubles it.

flecting the prevalence of repeating patterns. The
ambiguous expert matters most on ICEWS18 (-
2.61), where rich but conflicting histories cannot
be resolved by count alone, while the sparse ex-
pert yields a smaller yet consistent drop, peaking
at -3.79 on GDELT. The three inductive biases are
thus complementary.

(3) Effect of training signals and LLM refine-
ment. Ablating Ldistill reduces ICEWS14 MRR
by 2.29, confirming its role in type-conditioned spe-
cialisation; ablating Luniform reduces ICEWS05-
15 MRR by 2.99, demonstrating its importance in
preserving competence among low-responsibility
experts. Removing LLM refinement consistently
degrades performance, most notably on GDELT
(-2.72), where boundary queries are more frequent,
while the refinement incurs no inference cost.

(4) Effect of the parameter budget. QTI-MoE
runs three backbones, so a natural question is
whether its gains simply follow from a larger model.
We build two parameter-only controls that keep the
backbones but drop the query-type-aware design:
Ens-3 averages the predictions of the same three
encoders with uniform weights, and Ens-6 does
the same with six. Table 4 shows that QTI-MoE
outperforms Ens-3 on every metric at an identical
parameter budget, and that Ens-6 brings no further
gain despite twice the parameters. The advantage
of QTI-MoE therefore comes from how experts are
specialised and routed, rather than from how many
of them are available.

4.6 Type-Stratified Expert Analysis

We compare the three experts and the routed QTI-
MoE on type-specific subsets defined by percentile
thresholds over the statistics in Section 3.1. The
sparse and ambiguous subsets take the top X%
of queries by fewest historical events and highest
candidate diversity respectively, and the recurrent
subset takes the middle X% of the diversity band.
Sweeping X traces each expert as the subset nar-
rows toward the extreme end of each regime. Fig-
ure 3 reports H@1 on ICEWS14 and ICEWS18;
full results on the four datasets are in Figures 8–11.
Two observations emerge:

(1) Per-regime leadership with MoE consoli-
dation. The matched expert consistently leads its
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Scenario Method Gate Top-5 prediction Rank

Sparse (2018-10-18)
Ministry (Vietnam)
–[Sign formal agreement (inv)]– ?
True tail: Nyamdorj

Sparse 1.00 Nyamdorj*, Ministry (Vietnam), Ministry (South Korea), Matia Kasaija, Guinea 1
Recurrent 0.00 Mongolia, Ministry (Vietnam), Vietnam, Nigeria, Government (Indonesia) 48
Ambiguous 0.00 Vietnam, Ministry (Vietnam), Government (Indonesia), European Union, Botswana 20
QTI-MoE – Nyamdorj*, Ministry (Vietnam), Ministry (South Korea), Matia Kasaija, Mongolia 1

Recurrent (2018-10-03)
President of the. . .
–[Make statement]– ?
True tail: Senate (Philippines)

Sparse 0.00 Rodrigo Duterte, Government. . . , Other Authorities. . . , Police (Philippines), City Mayor. . . 12
Recurrent 0.99 Senate (Philippines)*, Congress (Philippines), President of the. . . , Liberal Party. . . , Ruling Parties. . . 1
Ambiguous 0.01 Rodrigo Duterte, Government. . . , Philippines, City Mayor. . . , Police (Philippines) 6
QTI-MoE – Senate (Philippines)*, Congress (Philippines), Rodrigo Duterte, President of the. . . , Liberal Party. . . 1

Ambiguous (2018-10-30)
China
–[Make statement (inv)]– ?
True tail: Foreign Affairs. . .

Sparse 0.00 Central Committee of. . . , Walid Muallem, Head of Government. . . , UN General Assembly, Scholar (United. . . 21
Recurrent 0.35 Head of Government. . . , Cui Tiankai, Foreign Affairs. . . *, Huanqiu Shibao, Li Keqiang 3
Ambiguous 0.65 Foreign Affairs. . . *, Donald Trump, Media Personnel. . . , United States, Xi Jinping 1
QTI-MoE – Foreign Affairs. . . *, Head of Government. . . , Media Personnel. . . , Donald Trump, Xi Jinping 1

Table 5: Case study on three representative queries. The ground-truth tail is marked with bold∗. Gate columns
report the soft assignment produced by the gating network.

own column across all thresholds on both datasets,
confirming that the three memory pathways faith-
fully carry their intended inductive biases, while
the QTI-MoE curve stays at least on par with the
focal expert in every focal column and occasionally
surpasses all single experts, showing that the router
accurately identifies suitable experts and exploits
their complementarity under mixed regimes.

(2) Specialization sharpens at the extreme
ends. The gap between the focal expert and the
other two widens steadily as the subset narrows;
on the ICEWS14 ambiguous column the focal lead
is about 0.08 H@1 at X=0.5% but gradually con-
verges at X=15%, and on ICEWS18 the sparse
expert is the only one with non-trivial accuracy at
the tightest sparse threshold, mirroring the inverted-
U observation in Figure 1b and showing that the
three experts recover accuracy at exactly the low-
frequency and high-diversity ends where a mono-
lithic pipeline visibly degrades.

4.7 Case Study

To illustrate how QTI-MoE handles different
regimes, we examine three queries from ICEWS18,
one per type. Table 5 reports the gate, top-5 pre-
dictions, and gold rank; a further set of cases with
full histories is in Figure 7 of the appendix. Three
observations follow: (1) experts behave differ-
ently across regimes, since only the matched ex-
pert places the gold at rank 1, while the other two
push it to ranks 20–48 by over-relying on frequent
entities such as Vietnam; (2) the router selects
the right expert, with gate values reaching 1.00,
0.99, and 0.65 on the focal expert of the sparse,
recurrent, and ambiguous query, indicating that his-
torical shape is read from (hs, er) alone; (3) the
mixture refines rather than duplicates, as QTI-
MoE matches the rank-1 of the focal expert in all
cases and reorganises the rest, e.g. keeping the gold

from the ambiguous expert while inheriting Head
of Government from the recurrent one, yielding a
list no single expert produces.

5 Related Work

Structure-based TKG Forecasting: Early work
on TKG forecasting models the structural evo-
lution of the graph by combining relation-aware
graph convolutions with recurrent networks (Jin
et al., 2020; Li et al., 2022a), and later studies
further strengthen the encoder through historical
contrastive learning (Chen et al., 2024; Xu et al.,
2023) or structural matching paradigms (Li et al.,
2022b; Liu et al., 2023).

A few of these methods implicitly recognize that
queries differ in their historical behaviour, for in-
stance by separating repeating facts from newly
emerging ones (Xu et al., 2023; Ma et al., 2025).
The same encoder and decoder are still used for
every query at inference, so the model has limited
capacity to adjust when query patterns vary across
the event stream.

LLM-based Generative Forecasting: With the
rapid progress of Large Language Models (LLMs),
a second line of work introduces LLMs into TKG
forecasting. TKG-ICL (Lee et al., 2023) casts fore-
casting as in-context learning over linearised event
histories, and CoH (Xia et al., 2024) further reasons
over chains of historical events to expose temporal
dependencies to the LLM. To reduce inference cost
and adapt the LLM to scenario-specific knowledge,
retrieval-augmented and parameter-efficient frame-
works such as GenTKG (Liao et al., 2024) and G2S
(Bai et al., 2025) have also been developed. These
methods benefit from the LLM’s reasoning ability,
but often underperform on queries that rely heavily
on graph topology (Chen et al., 2025), and applying
a single generative paradigm to all inputs leads to
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unstable behaviour on structure-dominated cases.
A third line of work attempts to fuse structural

and semantic signals within a single architecture,
either by using LLMs to extract logical priors for
graph-based scoring (Zhang et al., 2025) or through
Mixture-of-Experts (MoE) designs (Mu and Lin,
2025). The closest example is MESH (Deng et al.,
2025), which pairs a structural expert with a seman-
tic one and routes between them according to the
type of evidence each query carries. Such routing
operates within a query, choosing which signal to
trust, but treats queries as interchangeable. Our
work routes across queries instead: each query is
associated with a soft distribution over three histori-
cal regimes, and three experts with regime-matched
inductive biases are mixed accordingly.

6 Conclusion

This paper studies TKG forecasting and observes
that queries with the same predicate form can
rest on very different histories, falling into three
regimes: sparse, recurrent, and ambiguous. A
stratified analysis of RE-GCN and LogCL on
ICEWS14 shows an inverted-U accuracy curve
across event frequency and candidate diversity, mo-
tivating regime-specific inductive biases. Based
on this analysis, we propose QTI-MoE, which
assigns each query a soft label from rule-based
statistics with offline LLM refinement on boundary
cases, and routes it to one of three experts with com-
plementary memory pathways: recency-weighted
aggregation, count-based repetition, and diversity-
normalised scoring. QTI-MoE achieves state-of-
the-art results on four standard benchmarks, with
the largest margins on sparser and more diverse
datasets, and type-stratified analyses confirm that
each expert peaks on its target regime.

Limitations

While QTI-MoE delivers consistent gains across
four benchmarks, several limitations remain. First,
our method discretises a continuous spectrum of
historical shapes into three query types. Soft la-
bels and LLM refinement smooth the boundaries
between sparse, recurrent, and ambiguous queries,
but other historical patterns are absorbed into the
closest of the three; extending the type set or mov-
ing towards a continuous typing scheme is left
to future work. Second, although the LLM is in-
voked only offline and the inference stage carries
no LLM cost, soft label construction still requires

running a frozen LLM over the boundary subset
of the training set, which may be less convenient
in resource-limited settings. Third, our evaluation
follows the standard transductive protocol on four
widely used benchmarks in which test entities are
observed during training; how regime-specialised
experts behave under inductive settings with emerg-
ing entities is left for future investigation.
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A Appendix

The appendix provides supplementary experiments,
specifications, and analyses. Sections A.1–A.4 ex-
tend the experimental results. Section A.1 gives
the full ablation under MRR and Hits@{1, 3, 10}.
Section A.2 varies the refinement stage, replacing
InternLM2-7B with two other LLMs and with a
lightweight MLP classifier. Section A.3 compares
training and testing cost against representative base-
lines. Section A.4 sweeps the fusion weight w
and the two loss weights λd and λu. Sections B
and C specify the model: the shared R-GCN, GRU,
and ConvTransE encoder held by each expert, and
the three-stage training and inference procedure.
The remaining sections analyse the trained model.
Section C.1 presents an extended case study with
the historical events behind each routing decision.
Section C.2 details the soft label construction and
shows that the labels remain effective without the
privileged count g∗sr. Section C.3 reports the com-
plete type-stratified sweep. Section C.4 verifies
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that each of the three query types is necessary, and
Section C.5 examines whether the router responds
to historical shape rather than to pair identity.

A.1 Full Ablation Results

Table 6 reports the full ablation results on the four
benchmarks under MRR and Hits@{1, 3, 10}, ex-
tending the simplified view in Table 3. The three
patterns identified in Section 4.5 hold consistently
across Hits@3 and Hits@10. The recurrent ex-
pert is again the most critical component, with
Hits@10 falling by 2.54 on ICEWS14 and 6.82
on GDELT once it is removed. The ambiguous
expert still produces the largest drop on ICEWS18
among the three experts, and the sparse expert
peaks on GDELT with a Hits@10 drop of 5.71.
On the training signals, Ldistill shows its strongest
effect on ICEWS14 with a Hits@3 drop of 2.36,
while Luniform matters most on ICEWS05-15 with
a Hits@3 drop of 3.00, both in line with their as-
signed roles. Removing LLM refinement produces
a 4.19 Hits@10 drop on GDELT, the largest among
the four benchmarks, matching the higher preva-
lence of boundary queries on that dataset. The only
cell where QTI-MoE is not the best is Hits@10
on ICEWS05-15, where w/o MoE exceeds the full
model by 0.10. This margin is well within the vari-
ation observed across other settings and does not
affect the overall trend.

A.2 Effect of the Refinement LLM

To check whether QTI-MoE depends on a spe-
cific LLM for soft-label refinement, we replace
InternLM2-7B2 with Qwen2.5-7B-Instruct3 and
Llama-3.1-8B-Instruct4, keeping all other settings
identical. As shown in Figure 4, the three choices
yield closely matched MRR on all three datasets,
with the spread staying within 0.10 on ICEWS18
and 1.44 on ICEWS05-15. The variation is also
smaller than the drop observed when the LLM
stage is removed entirely (Table 3), which is consis-
tent with our design where the LLM only adjusts a
small portion of boundary queries while rule-based
labels remain dominant.

Replacing the LLM with a lightweight classi-
fier. We further ask whether an LLM is needed
at all. We train a small MLP classifier that takes

2https://huggingface.co/internlm/internlm2-7b
3https://huggingface.co/Qwen/Qwen2.

5-7B-Instruct
4https://huggingface.co/meta-llama/Llama-3.
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Figure 4: MRR of QTI-MoE on three ICEWS bench-
marks when the refinement LLM is replaced by
Qwen2.5-7B and Llama3.1-8B.

the same prefix statistics as the rule and outputs a
three-way type distribution, fit on the confidently
labelled non-boundary pairs, and use it to refine
the same boundary subset B under the same fusion
weight w; all other settings are unchanged. Table 7
shows that the MLP recovers most of the benefit,
so it is a practical substitute when running an LLM
is inconvenient. The LLM nevertheless keeps a
small and consistent margin on every metric, and
together with the w/o LLM row of Table 6 the three
settings order monotonically: no refinement, MLP
refinement, LLM refinement. The gap is what one
would expect from the inputs each sees. The MLP
reads only the numeric statistics that the rule is al-
ready built from, whereas the LLM also reads the
relation surface form and can bring semantic priors
to bear on boundary pairs. Since labelling is a one-
time offline cost, we keep the LLM as the default
and report the MLP as the cheaper alternative.

A.3 Inference Time Analysis

We further compare per-epoch training cost on
ICEWS14 against four representative baselines,
with results reported in Table 8. The numbers
for HTCCN, LogCL, RETIA, and SRM-LLM are
taken from Zhang et al. (2025), who measured all
four methods on the same hardware setup.

QTI-MoE takes about 10 minutes per training
epoch on ICEWS14, which sits in the middle of
the four baselines. It is roughly three times slower
than LogCL, consistent with running three struc-
tural backbones in parallel, but remains faster than
SRM-LLM and almost an order of magnitude faster
than RETIA. The full training run finishes within
a few hours on a single card, and the offline soft-
label construction is a one-time cost that does not
enter the per-epoch budget. Taken together with the
inference-time results above, this places the overall
training and deployment cost of QTI-MoE on the
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Model
ICEWS14 ICEWS05-15 ICEWS18 GDELT

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

QTI-MoE 51.53 40.48 57.68 72.86 59.27 48.82 65.75 78.89 38.45 27.07 43.39 61.07 27.53 17.46 30.34 48.36
w/o MoE 50.79 39.78 56.61 72.49 58.49 47.63 65.33 78.99 37.57 26.14 42.49 60.17 24.24 14.85 26.22 43.54
w/o sparse 50.09 38.89 56.00 71.90 58.14 47.39 64.65 78.43 37.03 25.67 41.87 59.58 23.74 14.47 25.64 42.65
w/o recurrent 47.73 36.30 53.72 70.32 56.03 44.78 62.89 77.41 35.62 24.41 40.19 58.03 23.13 14.09 24.85 41.54
w/o ambiguous 49.43 38.22 55.28 71.26 56.95 45.81 63.84 78.14 35.84 24.37 40.60 58.59 23.28 14.10 25.05 42.07
w/o Ldistill 49.24 37.95 55.32 71.32 57.81 46.96 64.75 78.06 37.76 26.32 42.51 60.26 27.15 16.97 30.04 48.26
w/o Luniform 50.27 39.14 56.47 71.54 56.28 45.58 62.75 76.62 37.12 25.92 41.93 59.36 26.58 16.46 29.39 47.87
w/o LLM 50.38 38.98 56.66 72.48 57.65 46.85 64.43 78.04 37.75 26.39 42.51 60.40 24.81 15.36 26.91 44.17

Table 6: Ablation study results on ICEWS14, ICEWS05-15, ICEWS18 and GDELT. All metrics are reported in
percentage (%).

Dataset Refinement MRR H@1 H@3 H@10

ICEWS14 LLM 51.53 40.48 57.68 72.86
MLP 51.13 39.81 57.37 72.66

ICEWS05-15 LLM 59.27 48.82 65.75 78.89
MLP 58.40 47.76 65.02 78.33

ICEWS18 LLM 38.45 27.07 43.39 61.07
MLP 38.11 26.60 43.10 60.98

Table 7: Refining the boundary subset with the frozen
LLM against a lightweight MLP classifier over the same
prefix statistics (%). All other settings are identical.

Model Train (per epoch) Test (per epoch)

HTCCN 5.93 min 1.05 min
LogCL 3.33 min 0.18 min
RETIA 93.68 min 8.78 min
SRM-LLM 13.1 min 1.32 min
QTI-MoE (ours) 10.15 min 0.46 min

Table 8: Per-epoch training and testing time on
ICEWS14. Baseline numbers are taken from Zhang
et al. (2025).

same order as recent structure-based forecasters.

A.4 Sensitivity to Key Hyperparameters

QTI-MoE has three hyperparameters that shape
label construction and expert specialisation. The
fusion weight w controls how strongly the LLM
refines rule-based soft labels on boundary queries,
while λd and λu balance type-conditioned distilla-
tion and uniform supervision in Eq. 9. We sweep
each one while keeping the others at their default
values, and report MRR on the four benchmarks.

Effect of w. Figure 5 reports the four metrics on
ICEWS14 as w varies from 0.1 to 1.0. All curves
remain nearly flat, with MRR moving within 1.5
points and Hits@10 within 1.1 points over the full
range. The peak sits at w=0.2 on every metric.

This is in line with how the refinement stage is
designed. The LLM is invoked only on bound-
ary queries, so a small fusion weight is enough
to correct ambiguous cases without overriding the
rule-based labels on the remaining majority. Larger
w propagates the LLM’s noise to confident queries
and produces a mild but consistent drop.
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Figure 5: Sensitivity of QTI-MoE to the rule-LLM fu-
sion weight w in Eq. 2, evaluated on ICEWS14 across
MRR and Hits@{1,3,10}.

Effect of λd. Panel (a) of Figure 6 sweeps λd

over {0.2, 0.4, 0.6, 0.8, 1.0}. The peak is reached
at λd=0.6 on all four datasets, with the total spread
reaching 1.63 MRR on ICEWS14 and staying
within 0.5 MRR on the other three. A small λd

weakens the soft-label signal and reduces type-
conditioned specialisation, while a large λd over-
rides Lpred and hurts the joint optimisation of the
router and the experts. The intermediate value
therefore matches the role that Ldistill is intended
to play, providing strong but bounded type guid-
ance.
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Effect of λu. Panel (b) sweeps λu under the same
protocol. The optimum lies at the centre of the
swept range on three of the four benchmarks, and
ICEWS18 stays flat across all five values. A small
λu lets non-dominant experts gradually lose com-
petence, since few training queries route gradient
through them. A large λu dilutes the type-specific
gradient injected by Ldistill and pushes the three
experts toward homogeneity. The intermediate set-
ting therefore preserves baseline competence on
every expert without erasing the specialisation that
distillation builds up.
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(a) Effect of d  ( u=0.2)
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Figure 6: Sensitivity of QTI-MoE to the two loss
weights in Eq. 9 on four benchmarks. (a) varies λd

with λu fixed, and (b) varies λu with λd fixed. Cell
values are MRR (%), and colours encode the per-row
gap to the row maximum.

B Shared Structural Encoder

We provide the full specification of the structural
encoder used by each expert Eτ in Section 3.2. The
three experts share the same encoder design but in-
stantiate independent parameters. The description
below therefore applies to each τ ∈ {sp, re, am}
with its own copy of weights Θτ and embedding
tables (Eτ ,Rτ ). Our encoder is built on LogCL
(Chen et al., 2024), from which we retain the R-
GCN + GRU snapshot encoder and the ConvTransE
decoder (Shang et al., 2019); LogCL itself follows

the recurrent graph paradigm popularised by RE-
GCN (Li et al., 2021). We reorganise these compo-
nents into a per-expert pathway, so that each expert
produces its own structural distribution pstr

τ that
feeds the gated mixture in Equation 6.

Per-snapshot graph encoding. At each
snapshot Gt within the history window
{Gtq−L, . . . , Gtq−1}, expert Eτ applies a
two-layer R-GCN (Schlichtkrull et al., 2018) to
obtain entity representations Hτ,(2)

t . Messages are
passed along each typed edge (s, r, o) in Gt using
the relation embedding Rτ , so that the resulting
node states encode the structure observed at that
snapshot. The input to the R-GCN at snapshot t
is the recurrent state Hτ

t−1 produced by the GRU
update below, with Hτ

tq−L−1 initialised to the
persistent entity table Eτ .

Recurrent update across snapshots. The per-
snapshot states are fused along the history window
with a GRU cell:

Hτ
t = GRU τ(H

τ,(2)
t , Hτ

t−1)t = tq−L, . . . , tq−1
(11)

For a query (s, r, ?, tq), the expert reads its subject
and relation representations from the last hidden
state in the window:

hτ
s = Hτ

tq−1[s], eτr = Rτ [r] (12)

and uses them throughout the gated mixture of
Section 3.2.

ConvTransE decoder. The structural distribu-
tion pstr

τ ∈ R|V| is produced by a ConvTransE de-
coder (Shang et al., 2019) that is also held private
to the expert. Stacking hτ

s and eτr into a two-row
matrix, the decoder applies one-dimensional convo-
lutions followed by a feed-forward projection, and
then takes an inner product against the final entity
matrix Hτ

tq−1,

pstr
τ = softmax(ConvTransEτ (h

τ
s , e

τ
r )H

τ
tq−1

⊤)
(13)

The resulting distribution enters the gate of Equa-
tion 6, where it is mixed with the type-specific
memory distribution pmem

τ to form the expert pre-
diction pτ .

Forward pass summary. Algorithm 1 traces the
forward pass of one expert from the history window
to the structural distribution. The full QTI-MoE
forward pass invokes this procedure once per expert
and routes the three resulting distributions through
Equations 7 and 8.
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Algorithm 1 Shared Structural Encoder of Expert
Eτ
Require: Query (s, r, ?, tq); history window
{Gtq−L, . . . , Gtq−1}; embeddings Eτ ,Rτ ; back-
bone parameters Θτ

Ensure: hτ
s , eτ

r , pstr
τ

1: Hτ
tq−L−1 ← Eτ

2: for t = tq − L to tq − 1 do
3: H

τ,(2)
t ← R−GCNτ

(
Gt, H

τ
t−1, Rτ

)

4: Hτ
t ← GRUτ

(
H

τ,(2)
t , Hτ

t−1

)
(Eq. 11)

5: end for
6: hτ

s ← Hτ
tq−1[s], eτ

r ← Rτ [r] (Eq. 12)
7: pstr

τ ← softmax
(
ConvTransEτ (h

τ
s , e

τ
r )H

τ
tq−1

⊤)
(Eq. 13)

8: return hτ
s , eτ

r , pstr
τ

C Training and Inference of QTI-MoE

We summarise the full QTI-MoE procedure in Al-
gorithm 2. The procedure proceeds in three stages,
all specified in Section 3.1 and Section 3.3.

Stage 0 constructs the query-type soft labels of-
fline. For each pair (s, r) in the training set, the
prefix statistics (fsr, dsr, g∗sr) yield the rule distri-
bution q̂rule, which is refined by a frozen LLM
on the boundary subset through Equations 1 and 2.
The resulting q̂ is fixed throughout the rest of the
procedure.

Stage 1 jointly trains the three experts and the
router. Each expert produces its structural distri-
bution through Algorithm 1, combines it with the
type-specific memory distribution via the gate in
Equation 6, and contributes to the routed predic-
tion in Equation 8. The composite objective of
Equation 9 is then minimised end-to-end.

Stage 2 performs inference on the test set. The
router computes π from the query embeddings
alone, each expert is evaluated on the visible history
prefix, and the routed mixture is read out without
any LLM call or soft-label access.

C.1 Extended Case Study with Historical
Events

Figure 7 presents a second, more self-contained
set of case studies on ICEWS18, with one query
per regime drawn independently of Table 5. Each
panel lists the historical events of the subject up
to Tn−1, the gate vector produced by the router,
the top-5 prediction of every single expert, and
the rank of the gold tail under each expert as well
as under the routed QTI-MoE. The history block
makes the shape of the prefix directly visible, so
the gate values can be read alongside the evidence
that the router is actually responding to.

Algorithm 2 Training and Inference of QTI-MoE
Require: Training set Dtrain; test set Dtest; frozen LLM;

weights λd, λu, w
Ensure: Trained parameters Θ∗ and test-set predictions
1: Stage 0: Offline Soft Label Construction
2: for each pair (s, r) in Dtrain do
3: Build q̂rule from (fsr, dsr, g

∗
sr)

4: end for
5: Refine q̂ on boundary subset B via LLM (Eq. 1, 2)
6: Stage 1: Joint Training of Experts and Router
7: Initialise {Θτ}τ∈{sp,re,am} and router
8: while not converged do
9: for each query (s, r, o∗, tq) ∈ Dtrain do

10: for τ ∈ {sp, re, am} do
11: Run Algorithm 1, obtain pstr

τ

12: Compute pmem
τ via memory pathway (Eq. 3–

5)
13: Fuse to pτ via gate ατ (Eq. 6)
14: end for
15: Compute routed mixture pfinal (Eq. 7, 8)
16: Compute L (Eq. 9) and update parameters
17: end for
18: end while
19: Stage 2: Inference on Dtest

20: for each query (s, r, ?, tq) ∈ Dtest do
21: Compute pτ for each τ via Algorithm 1 and memory

pathway
22: Predict pfinal (no LLM, no soft label)
23: end for
24: return Θ∗ and predictions

The sparse panel shows Naval (Vietnam) with
no prior events on the subject, and the router places
full mass on the sparse expert, which is the only
one that ranks the gold tail Naval Base (Japan) first
while the other two return generic country-level
candidates. The recurrent panel shows Salva Kiir
with several recent interactions on Riek Machar and
related entities, and assigns 0.77 of the gate weight
to the recurrent expert, which lifts the gold Citizen
(South Sudan) from rank 3 under the sparse expert
to rank 1. The ambiguous panel shows Iran with a
dense and heterogeneous prefix covering diplomats,
governments and domestic actors, and the router
produces a split gate of 0.58 and 0.42 across the
ambiguous and recurrent experts, which together
recover Hassan Rouhani at rank 1 while the sparse
expert collapses to rank 28. Across the three panels,
the routed top-5 inherits the focal expert’s rank-1
entity and rearranges the lower ranks by borrowing
from the secondary expert, mirroring the behaviour
described in the main text.

C.2 LLM-based Soft Label Construction

This subsection completes the description of the
soft labelling procedure introduced in §3.1. We
specify (i) when the frozen LLM is invoked, (ii)
what prompt it receives, and (iii) how its output
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Sparse query sample  ·  2018-09-28

Naval (Vietnam)   ─[Host a visit (inv)]→   ?      (true tail: Naval Base (Japan))

train_cnt=0 · train_uniq=0 · tail_freq=0

Subject history (most recent first):

(no prior events for this subject)

Sparse expert

rank of true tail = 1

Recurrent expert

rank of true tail = 4

Ambiguous expert

rank of true tail = 9

QTI-MoE
fused

rank of true tail = 1

gate 1.00

1.✓ Naval Base (Japan)
2.  Business (Japan)
3.  Military (Australia)
4.  Philippines
5.  Botswana

gate 0.00

1.  Uzbekistan
2.  Philippines
3.  Armenia
4.✓ Naval Base (Japan)
5.  Poland

gate 0.00

1.  France
2.  United States
3.  Philippines
4.  Japan
5.  Turkey

1.✓ Naval Base (Japan)
2.  Business (Japan)
3.  Military (Australia)
4.  Philippines
5.  Botswana

Recurrent query sample  ·  2018-09-28

Salva Kiir   ─[Make an appeal or request]→   ?      (true tail: Citizen (South Sudan))

train_cnt=3 · train_uniq=3 · tail_freq=45

Subject history (most recent first):
2018-09-22    Make a visit    →   Sudan
2018-09-22    Express intent to meet or negotiate    →   Riek Machar
2018-09-22    Make an appeal or request    →   Riek Machar
2018-09-22    Consult    →   Riek Machar
2018-09-21    Express intent to engage in…    →   Riek Machar

Sparse expert

rank of true tail = 3

Recurrent expert

rank of true tail = 1

Ambiguous expert

rank of true tail = 7

QTI-MoE
fused

rank of true tail = 1

gate 0.23

1.  Intergovernmental…
2.  Riek Machar
3.✓ Citizen (South Sudan)
4.  South Sudan
5.  Salva Kiir

gate 0.77

1.✓ Citizen (South Sudan)
2.  Riek Machar
3.  Citizen (Sudan)
4.  South Sudan
5.  Umar al Bashir

gate 0.00

1.  Salva Kiir
2.  South Sudan
3.  Riek Machar
4.  Other Authorities /…
5.  United Nations

1.✓ Citizen (South Sudan)
2.  Riek Machar
3.  Citizen (Sudan)
4.  South Sudan
5.  Umar al Bashir

Ambiguous query sample  ·  2018-10-17

Iran   ─[Make statement (inv)]→   ?      (true tail: Hassan Rouhani)

train_cnt=819 · train_uniq=239 · tail_freq=1235

Subject history (most recent first):
2018-10-16    Praise or endorse    →   Lebanon
2018-10-16    Engage in diplomatic cooperation    →   European Union
2018-10-16    Engage in diplomatic cooperation    →   Iraq
2018-10-16    Arrest, detain, or charge with legal…    →   Drug Gang (Iran)
2018-10-16    Host a visit    →   China

Sparse expert

rank of true tail = 28

Recurrent expert

rank of true tail = 7

Ambiguous expert

rank of true tail = 1

QTI-MoE
fused

rank of true tail = 1

gate 0.00

1.  Walid Muallem
2.  Muhammad ibn Salman
3.  Mike Pompeo
4.  Military Personnel…
5.  Alexander Novak

gate 0.42

1.  Military Personnel…
2.  Mevlut Cavusoglu
3.  Ministry (Iran)
4.  Mohammad Javad Zarif
5.  Mike Pompeo

gate 0.58

1.✓ Hassan Rouhani
2.  Donald Trump
3.  Foreign Affairs (Iran)
4.  Mevlut Cavusoglu
5.  Media Personnel (Iran)

1.✓ Hassan Rouhani
2.  Donald Trump
3.  Mevlut Cavusoglu
4.  Foreign Affairs (Iran)
5.  Ministry (Iran)

Case Study 2
Figure 7: Extended case study on ICEWS18 with one query per regime, showing the historical events of the subject,
the gate vector, the top-5 prediction of each expert, and the rank of the gold tail.

is converted into the three-way distribution q̂ llm

that enters the fusion of Eq. (2). The LLM is used
only during offline labelling. It is never called
during training or inference of the QTI-MoE router,
experts, or gate.

When the LLM is invoked. Following §3.1, the
LLM is queried on a boundary subset B of training
pairs. A pair (s, r, t) enters B when its rule label
q̂rule is uncertain. Two conditions trigger entry:
the top two rule probabilities differ by less than a
small margin, or the prefix statistics (fsr, dsr, g∗sr)
lie close to a class-defining percentile threshold.
Pairs outside B keep q̂rule unchanged, so LLM
compute is concentrated on the small fraction of
queries where the rule is least reliable.

Prompt template. Every boundary pair is for-
matted with the same prompt template, which has
four blocks: a task description, the three candidate
labels with their intended meanings, the query con-

text together with strict prefix statistics, and a final
instruction to answer with one letter. The block
structure is summarised in Table 9, and a verbatim
instantiation is provided in the released artefact.

Reading the LLM as a three-way distribution.
The filled prompt is fed through a single forward
call of the frozen LLM. We read the logits at the
position that follows the literal answer cue and
restrict attention to the three label letters {A,B,C}.
Because the same letter may be tokenised with or
without a leading space depending on the tokeniser,
we take the maximum logit across these surface
variants for each letter, then apply a softmax over
the three resulting scores to obtain q̂ llm as defined
in Eq. (1). Restricting the softmax to the three letter
tokens has two consequences that match the role of
the LLM in our pipeline. The LLM cannot escape
the label set by emitting an unrelated token, and its
uncertainty is fully expressed by the entropy of the
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Block Content

Task The LLM is asked to classify the difficulty of a temporal KG query using only events
strictly earlier than the query time.

Labels Three candidate labels are listed in the prompt: A for sparse, B for recurrent, C for
ambiguous. Each label is paired with a one-line description that mirrors the definitions
in §3.1.

Query context Surface forms of the subject and the relation, the query time, and the three prefix scalars
fsr , dsr , g∗sr introduced in §3.1. A short list of dataset-level reference scales is included
so the LLM reasons about relative rather than absolute counts.

Decision and readout Three short hints aligned with the rule (low evidence favours A, jointly high frequency
and diversity favour C, intermediate evidence favours B), followed by the instruction to
answer with one letter A, B, or C.

Table 9: Structure of the prompt template used by the frozen LLM on the boundary subset B. All numeric fillers are
computed from the strict temporal prefix of the pair, so no future event is exposed to the LLM. The privileged signal
g∗sr is included in the prompt for labelling only and is not accessible to the router or the experts.

three-way distribution rather than by free-form text
that would require additional parsing.

Fusion with the rule. The fusion in Eq. (2) is
governed by a single scalar w(s, r, t). Outside B
the weight is zero by construction. Inside B it is
the product of two factors in [0, 1]: the confidence
of q̂ llm, measured by its peak probability, and the
disagreement between q̂ llm and q̂rule, measured
as one minus their inner product. This factorisation
has three properties that justify the claim in §3.1
that the rule remains dominant unless the LLM is
both confident and points to a different type: (1)
a low-confidence LLM vote contributes nothing,
so noisy boundary cases are absorbed by the rule;
(2) an LLM vote that agrees with the rule cannot
sharpen the label further, so the LLM never ampli-
fies an already-confident rule decision; and (3) the
fusion weight is capped, so a single LLM call can
only move a bounded fraction of the probability
mass.

Privileged-signal containment. The gold occur-
rence count g∗sr is the only privileged statistic that
appears in the prompt. Following the discipline
stated in §3.1, this slot is read by the labeller and
the rule but is never exposed to the router, the ex-
perts, or the gate at any update step or at test time.
Reproducing the soft labels therefore requires only
the released LLM weights, the prompt template
summarised in Table 9, and the strict prefix statis-
tics.

Gold-free ablation. To verify that the contain-
ment above is not merely nominal, we rebuild the
soft labels without g∗sr, keeping only the frequency
and diversity statistics, and retrain on ICEWS14
and ICEWS18 with all other settings unchanged.

Dataset Soft label MRR H@1 H@3 H@10

ICEWS14 full 51.53 40.48 57.68 72.86
w/o g∗sr 51.00 39.83 57.08 72.41

ICEWS18 full 38.45 27.07 43.39 61.07
w/o g∗sr 38.16 26.62 43.28 61.00

Table 10: Soft labels constructed with and without the
target occurrence count g∗sr (%). All other settings are
identical.

Table 10 reports the result. Removing the statistic
costs less than 0.6 MRR on both datasets. The gold-
free variant still exceeds the strongest baseline in
Table 2 on both benchmarks, and remains far above
the parameter-matched Ens-3 of Section 4.5. The
target count therefore supplies useful supervision
for label construction, but it is not the source of the
gains reported in this paper.

C.3 Full Type-Stratified Expert Results

Figures 8, 9, 10, and 11 present the complete
type-stratified sweep on the four benchmarks un-
der MRR and Hits@1, 3, 10, extending the H@1
view in Figure 3. The two patterns identified in
Section 4.6 hold consistently across datasets and
metrics. In every column the focal expert leads the
other two, and its lead widens as the subset narrows
toward the extreme end of the regime. The QTI-
MoE curve tracks the focal expert at all thresholds
and rises above the strongest single expert in the
mid-range of each regime, where the router has
room to combine signals from neighbouring types.
ICEWS05-15 and GDELT, which differ from the
two main-text datasets in size and temporal granu-
larity, produce the same shape of curves, indicating
that the three-way correspondence between regime
and expert is not tied to a particular benchmark
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Dataset Type n
Single expert QTI-MoE

sp re am

ICEWS14
sp 423 14.43 10.92 7.61 12.88
re 13,729 42.81 50.45 46.10 53.16
am 590 24.48 37.43 38.23 41.24

ICEWS18
sp 1,471 12.69 10.45 8.51 11.66
re 93,655 31.95 36.61 35.39 39.37
am 3,964 19.36 23.24 25.17 27.09

ICEWS05-15
sp 1,909 22.61 21.37 22.01 25.56
re 86,716 53.14 57.93 57.11 59.74
am 3,693 47.08 57.13 56.82 58.19

GDELT
sp 284 8.34 2.53 4.56 8.23
re 585,779 21.01 23.13 22.05 27.86
am 24,419 14.51 15.62 15.81 20.65

Table 11: MRR (%) of each expert in isolation and of the
routed QTI-MoE on the three query types of the test set.
Each expert is evaluated with the router bypassed. Bold
marks the strongest single expert in a row; it coincides
with the in-type expert in 11 of the 12 rows.

scale.

C.4 Necessity of the Three Query Types

Table 11 complements the threshold sweep of Sec-
tion 4.6 with a fixed partition of the test set. We tag
every test query with the type attaining the largest
rule-based score of Section 3.1, computed from its
temporal prefix; the tags group queries for analysis
and never enter the model. Each test fact yields an
object query and an inverse-relation query, so the
counts n are twice the test sizes in Table 1. Each
expert is then evaluated with the router bypassed.

The in-type expert is the strongest single expert
in 11 of the 12 rows, the exception being a near-
tie on ICEWS05-15 ambiguous, so no expert is
redundant. The routed model exceeds the best sin-
gle expert on every recurrent and ambiguous row,
indicating that queries in these types benefit from
combining neighbouring biases rather than from
committing to one. On the sparse rows, the rarest
of the three, it stays close to the sparse expert and
trails it slightly on two datasets, which marks the
setting in which routing is hardest. These results
also bear on the discretisation noted in the Limi-
tations section: the routing weights of Equation 7
and the soft label of Equation 2 are continuous, and
Equation 8 always mixes all three experts, so the
three types act as anchors of a continuous mixing
space rather than as disjoint classes. We do not
claim the anchors to be complete or optimal, only
that each of the three is necessary.

Dataset Regime n
Selected expert (%)

sp re am

ICEWS14
sp 423 63.1 8.5 28.4
re 13,729 29.0 45.7 25.3
am 590 25.8 35.3 39.0

ICEWS18
sp 1,471 60.8 0.3 39.0
re 93,655 25.8 42.4 31.8
am 3,964 19.5 31.0 49.5

ICEWS05-15
sp 1,909 97.9 0.1 2.0
re 86,716 37.6 41.4 21.0
am 3,693 23.5 31.0 45.5

GDELT
sp 284 62.3 2.8 34.9
re 585,779 25.8 43.8 30.4
am 24,419 20.7 22.2 57.0

Table 12: Share of test queries in each regime whose
largest routing weight goes to each expert (%). Rows
may not sum to 100 because of rounding. Bold marks
the in-type expert, which is the most frequently selected
one in all 12 regimes. The counts n match those of
Table 11.

C.5 Router Behaviour across Query Types
The router reads only fsr = [hs; er], which leaves
open whether it responds to historical shape or to
the identity of the (s, r) pair. Two properties of the
design bear on this. First, hs is the recurrent state
at query time (Equations 11 and 12) rather than a
static lookup, so the same subject queried at two
different times gives two different router inputs.
Second, the router is supervised by Ldistill, whose
targets are computed from prefix statistics.

Table 12 reports which expert receives the largest
routing weight, grouped by the type tags of Sec-
tion C.4. The in-type expert is the most frequently
selected one in all 12 rows, against the 33.3% that
uniform routing would give. The share is highest
on the sparse rows, where the recurrent expert is
almost never chosen, consistent with prefixes that
offer no repetition to exploit, and lower on the re-
current rows, where the remaining mass falls on
the neighbouring types and matches the mixing
behaviour that Section C.4 shows to be beneficial.
Pair identity does not account for this alignment:
sparse queries make up 0.05% of the GDELT test
set, far too few to support memorisation, yet a clear
majority of them are still routed to the sparse ex-
pert.
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(ICEWS14)  Each expert dominates its target scenario under percentile-band sweeps
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Figure 8: Full type-stratified sweep on ICEWS14 under MRR and Hits@{1, 3, 10}.
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Figure 9: Full type-stratified sweep on ICEWS18 under MRR and Hits@{1, 3, 10}.
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(ICEWS05-15)  Each expert dominates its target scenario under percentile-band sweeps
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Figure 10: Full type-stratified sweep on ICEWS05-15 under MRR and Hits@{1, 3, 10}.
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Figure 11: Full type-stratified sweep on GDELT under MRR and Hits@{1, 3, 10}.
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