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Abstract. Volatile assertions in knowledge graphs are often valid over intervals
rather than a single point in time. Existing temporal fact-checking and valida-
tion methods predominantly treat temporal validity as a time-point prediction
task, generating a single timestamp and failing to jointly model the start and end
boundaries required for interval-based assertions. To address this gap, we pro-
pose RANGEFC, an interval-aware neural architecture designed to infer discrete
validity intervals [§s, §e] for knowledge graph assertions. RANGEFC leverages
frozen pre-trained embeddings and employs a relation-aware Mixture-of-Experts
(MoE) to adapt to diverse temporal regimes, such as short political tenures and
long organizational lifespans. To ensure coherent predictions, we introduce a
coupled interval prediction head and optimize using overlap-aware objectives,
including a soft Intersection-over-Union (IoU) loss. We further construct and
release a Wikidata-derived dataset of temporal assertions with year-range anno-
tations to enable interval-based evaluation. Experimental results show that our
model improves IoU by on average 3.7% over strong time-point baselines, par-
ticularly for relations with heterogeneous temporal patterns and long validity
spans. These findings highlight the importance of interval modeling for tempo-
ral reasoning in knowledge graphs. Our implementation is publicly available at
https://github.com/dice-group/RangeFC.

Keywords: Temporal Knowledge Graphs - Fact Checking - Interval Prediction - Mixture-
of-Experts - Wikidata - Temporal Reasoning - Intersection-over-Union - Knowledge
Graph Embeddings.

1 Introduction

Many real-world assertions are inherently time-dependent: they hold only within specific
periods rather than at a single point in time [20]. For example, positions, affiliations, or
organizational roles are valid only during well-defined intervals. However, knowledge
graphs (KGs) such as Wikidata [15], which serve as the backbone for applications such as
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Same predicate and object, different validity intervals
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Fig. 1: Motivating example: The same predicate—object pair (e.g., position held: President of the
United States) is associated with different validity intervals for different entities. Temporal validity
is inherently interval-based rather than a single time point.

question answering and semantic search [17,21,1], often present such assertions without
fully capturing their temporal extent. Ignoring temporal validity can therefore lead to
misleading or incomplete conclusions [4,3,18].

Figure 1 illustrates a typical scenario in Wikidata: multiple entities share the same
predicate—object pair but differ in their validity intervals. While such assertions are
naturally represented as time spans, most existing approaches reduce temporal validity to
a single timestamp [18,9,16]. This simplification ignores duration and overlap, and fails
to capture the full semantics of temporal validity. We use this example throughout the
paper. The assertion (Barack Obama, position held, President of the
United States) is valid over the interval [2009, 2017], not a single year. While
time-point models predict one timestamp, interval prediction captures the full validity
range and enables time-specific validation.

Recent advances in temporal fact checking have incorporated temporal signals from
structured and unstructured sources [9,18]. In particular, embedding-based [16] and
hybrid approaches such as TemporalFC [18] achieve strong performance by estimat-
ing the plausibility of assertions at specific time points. However, these approaches
fundamentally formulate the problem as time-point prediction, either by regressing a
single timestamp or ranking candidate years. As a result, they are inherently limited in
modeling assertions whose validity spans extended and variable time intervals.

In practice, many assertions are associated with validity intervals, defined by a
start and an end time. Modeling such intervals introduces several challenges. First, the
start and end boundaries are interdependent, requiring coherent predictions that respect
temporal order. Second, temporal patterns vary significantly across relations, ranging
from short-lived events (e.g., political terms) to long-lasting facts (e.g., organizational
lifespans). Third, standard evaluation metrics such as mean absolute error (MAE) do not
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capture the semantic quality of predicted intervals, as they ignore the degree of overlap
with the ground truth.

In this paper, we argue that temporal fact checking should be formulated as an inter-
val prediction problem rather than a time-point estimation task. To this end, we propose
RANGEFC, an interval-aware model that explicitly predicts validity intervals [§s, Jc]
for a given assertion (s, p, o). Our approach builds on pre-trained embeddings and
introduces a relation-aware Mixture-of-Experts (MoE) architecture to capture heteroge-
neous temporal patterns across relations. The model combines a factorized calendar head
with a regression head to jointly capture global temporal structure and precise boundary
localization. To ensure coherent predictions, we employ a coupled interval prediction
head with consistency constraints that ensure . > s during training and inference.
Furthermore, we optimize the model using overlap-aware objectives, including a soft
Intersection-over-Union (IoU) loss, to directly align training with interval quality.

To evaluate our approach, we construct and release a Wikidata-derived dataset of
temporal assertions annotated with year ranges. We compare RANGEFC against strong
time-point baselines and analyze performance across relations and interval characteristics.
Our results show that explicitly modeling intervals leads to consistent improvements
in overlap-based metrics, particularly for relations with diverse temporal regimes. This
paper makes the following contributions:

— We formulate temporal fact checking for complete KG assertions as an interval
prediction task rather than a time-point prediction task.

— We propose a relation-aware Mixture-of-Experts architecture for modeling heteroge-
neous temporal patterns across relations.

— We introduce overlap-aware training objectives for validity range prediction, includ-
ing a soft IoU loss.

— We construct a Wikidata-derived benchmark with explicit start/end year annotations
for evaluating interval-based temporal fact checking.

— We evaluate against TemporalFC-based time-point baselines and show improved
interval quality, with ToU gains of up to 3.7%.

The remainder of this paper is structured as follows. Section 2 introduces the nec-
essary preliminaries. Section 3 reviews related work. Section 4 presents the proposed
interval-aware model. Section 5 describes dataset construction, Section 6 presents the
experimental setup, and Section 7 reports and discusses the results. Finally, Section 8
concludes the paper and outlines directions for future work.

2 Preliminaries

We formalize temporal fact checking as an interval prediction problem over a knowledge
graph (KG). We first introduce the underlying KG and then define the prediction task.

Definition 1 (KG). Let £ be a set of entities and R a set of relations. A KG is a set of
assertions

GCEXRXE, (D
where each assertion is represented as (s, p,0) € G with subject s € £, predicate p € R,
and object o € .
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Definition 2 (Temporal extension of KG). We consider a discrete set of calendar years
T = {Ymin, - - - , Ymax |- A temporal assertion is associated with a validity interval

[ysa ye] c T, with Ys < Ye, 2)

indicating that the assertion (s, p, o) holds for all t € [ys,y.]- A temporal assertion
extends an assertion with a validity interval. We denote such an assertion by

x = (8,p,0,[Ys, Ye|)

where s,0 € £, p € R, and ys,y. € T are the start and end years of the interval,
respectively. The set of temporal assertions is therefore defined as

GrCEXRXEXT xT.

In contrast to time-point temporal fact checking, where the goal is to predict a single
timestamp ¢ € 7T, our setting requires predicting two dependent temporal boundaries

(Us> Te)-
Definition 3 (Interval prediction). Given an assertion (s, p, o), the task of interval

prediction is to predict a validity interval [{js, §.] to form a correct temporal fact (s, p, o,
Us, Ue ), where §s and §. denote the beginning and end of the validity period, respectively.

Unlike time-point prediction, evaluating interval predictions requires measuring the
overlap between predicted and ground-truth intervals.

Definition 4 (Interval Quality). Let the predicted interval be I = [jjs,§.] and the
ground truth be I = [y, y.]. We define the temporal Intersection-over-Union (IoU) as:

max (0, min(ge, y.) — max(gs, ys) + 1)

IoU(I, 1) =
o ( ’ ) max(;t)e7ye) — min(gsvys) +1

3)

IoU measures the degree of temporal overlap between predicted and ground-truth inter-
vals, and ranges from 0 (no overlap) to 1 (perfect alignment).

3 Related Work

Temporal KGs extend KGs by associating assertions with temporal information, enabling
reasoning over time-dependent assertions. Temporal KG Embedding (TKGE) models
incorporate temporal signals into entity and relation representations for tasks such
as link prediction and forecasting [6,13,8,2,23,14,12,22,5,16,7,24]. Early approaches
such as HyTE [6], T-TRANSE [13], and TA-TRANSE [8] extend translation-based
KGEs with temporal representations, while TDistMult [23], and TA-DistMult [14] adapt
tensor factorization to temporal settings. RE-NET [12] models historical interactions via
recurrent networks, while TeRo [22] and T-COMPLEX [5] improve temporal relational
reasoning. Despite this progress, most TKGE approaches target relation prediction at
specific timestamps rather than the full temporal validity interval of an assertion [18].
Temporal fact checking assesses whether an assertion holds at a given point in time.
Existing approaches combine TKGEs with neural architectures and external evidence to



RANGEFC: Interval-Aware Temporal Fact Checking for Knowledge Graph 5

estimate assertion plausibility conditioned on time [16,9,18]. TemporalFC [18] predicts
the most plausible timestamp for an assertion, while DYHE [16] uses dihedron algebra
in a 4D hyper-complex embedding space for the same purpose. In all cases, temporal fact
checking is formulated as time-point prediction via timestamp regression or candidate
ranking, without explicitly modeling validity intervals or optimizing for temporal overlap.

Interval-aware modeling has been studied within temporal KG completion. TEMT [11]
uses pre-trained language models for text-enhanced completion, including time-interval
prediction, while TeRo [22] models interval assertions via separate rotation-based repre-
sentations for start and end times; recent surveys [24] summarize such interval-aware
embedding models. These works target KG completion or representation learning with
ranking-oriented objectives, whereas we address temporal fact checking for a complete
assertion (s, p, o), directly predicting its validity boundaries [{s, §.] via coupled pre-
diction heads and overlap-aware training. MoE architectures are well established for
modeling heterogeneous data through conditional routing [19], but remain unexplored
for temporal fact checking; relation-aware expert specialization for diverse temporal
regimes has, to our knowledge, not been studied previously. In summary, unlike prior
temporal fact-checking work, we cast factual validity as an interval prediction problem
and optimize directly for interval overlap.

4 Methodology

We propose an interval-aware model for temporal fact checking that predicts validity
intervals [¢s, J| for a given assertion (s, p, 0).
Given an assertion (s, p, 0), the goal is to predict its validity interval:

fo:EXRXEST T, 4)

fQ(Sapv 0) = (Qsage)7 such that ye Z gsa (5)

where 6 denotes the model parameters. In our running example of Figure 1, the input is
an assertion such as (Barack Obama, position held, President of the
United States), and the output is the interval [2009, 2017]. We use this assertion
as a running example throughout this section: a correct model should place s near 2009
and gy, near 2017, while enforcing y. > ¥s.

This formulation differs fundamentally from time-point prediction, which estimates
a single timestamp ¢ € 7. Interval prediction requires: 1. joint boundary estimation with
consistency constraints to ensure g, > ¢, and 2. overlap-aware evaluation, as boundary-
wise errors do not capture interval quality. To address these challenges, we design an
interval-aware architecture composed of four key components: input representation, a
shared encoder, relation-aware specialization, and coupled interval prediction.

Figure 2 illustrates the overall architecture of the proposed model. Given an asser-
tion (s, p, o), pre-trained entity and relation embeddings are first concatenated and
passed through a shared MLP encoder to obtain a latent representation. This repre-
sentation is then processed by a relation-aware MoE module, where a gating network
conditioned on both the input and the relation embedding selects a subset of experts. The
outputs of the selected experts are combined via a weighted aggregation to produce an
expert-mixed representation.
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Fig. 2: RangeFC architecture: an assertion (s, p, o) is encoded, refined via relation-aware MoE,
and passed to a calendar head (logits /5, {.) and a regression head (indices s, ¢.), coupled via
consistency loss Lcon (dashed). Only the calendar head is decoded into the final interval [s, ge]-

On top of this representation, two complementary prediction heads are applied: 1. a
factorized calendar head that produces distributions over candidate start and end years,
and 2. a regression head that predicts continuous boundary indices. Both heads are
trained jointly and connected via a consistency constraint that ensures their predictions
to agree, as detailed in Section 4.4.

4.1 Input Representation

As illustrated in Figure 2, we begin by constructing a feature representation for each
assertion using pre-trained embeddings for entities and relations:

bp:E > RE  $p:R — R, (6)
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where d. and d,. are the embedding dimensionalities for entities and relations, respec-
tively. For an assertion (s, p, o), the input feature vector is constructed as:

20 = concat(pr(s), dr(p), o5 (0)). 7

For our running example, zj is the concatenation of the pre-trained embedding of
Barack Obama, the embedding of the relation position held, and the embedding of
President of the United States. These embeddings are kept frozen during training to
isolate the effect of the interval prediction head.

4.2 Shared Encoder

The input vector z is processed by a multi-layer perceptron (MLP) to obtain a shared
representation:
z = MLP(zp), (8)

where the MLP projects the input vector zy € R2% 4 to a shared hidden space R (i.e.,
the hidden dimension of the MLP).

4.3 Relation-aware Mixture-of-Experts

Temporal patterns vary significantly across relations. To capture this heterogeneity, we
employ a MoE module conditioned on the relation.

Let M € N denote the number of experts, and let {E,, }*/_, be a set of expert
networks, where each E,, : R? — R maps an input representation to a transformed
feature space. Let z € R? denote the encoded representation of an assertion, and
recall ¢r(p) € R? is the embedding of relation p (Section 4.1). A gating function
g : Rt 5 RM implemented as a two-layer MLP, takes the concatenated vector
concat(z, r(p)) as input and produces a score vector over the M experts; we write
this as g(z, ¢ r(p)) for brevity in the equations below. The scores are normalized using a
softmax function:

a= softmax(g(z, (j)R(p)))7 aeAM-1 9)

where AM~1 denotes the (M — 1)-dimensional probability simplex, ensuring that
M
Y meq m = land a,, > 0.
To encourage expert specialization, we apply top-k routing. Let K denote the set of
indices corresponding to the k largest gate weights. We retain only these weights and set
all remaining expert weights to zero. The selected weights are then renormalized:

(07 .
T ifm e Ky,

G = 4 2ojery Y (10)
0, otherwise.

The final representation is computed as a weighted combination of the selected
expert outputs:

5= Z G B (2). a1

meky
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The routing mechanism shown in Figure 2 selects the top-k experts for each assertion
while still using relation and input information to guide the selection. As a result, the
model can allocate capacity dynamically and learn specialized temporal patterns for
different relations, such as short political tenures and longer organizational lifespans.

For our running example, the gating function conditions on both z and ¢ g (position held)
to select experts suited to short, sharply bounded intervals typical of political tenures
(e.g., 2001-2009, 2009-2017, 2017-2021 for the U.S. presidency in Figure 1), as op-
posed to the longer, more loosely bounded intervals typical of organizational lifespans
(relation P571).

4.4 Coupled Interval Prediction Head

To predict coherent validity intervals, the proposed model uses two complementary
prediction heads on top of the expert-mixed representation z. The first head is an index
regression head, which predicts continuous start and end indices in the discrete year-
index space. The second head is a factorized calendar head, which produces start and
end logits over the complete set of candidate years.

Let Ep € RITIXd: denote a trainable calendar embedding table, where each row
represents one year in the discrete timeline and d; is the dimensionality of the year
embeddings. The factorized calendar head projects the representation Z € R? into two
query vectors using learned projections Wy, W, € R%*d:

qs = Wsév (12)
qe = Wez, (13)

so that g,, g. € R% share the same dimensionality as the rows of the calendar embedding
table Er. The start and end logits are then computed by comparing these query vectors
with the shared calendar table:

ls =q,E7, (14)
le = q.Ey. (15)

This formulation allows the model to score all candidate start and end years while sharing
temporal structure through the same calendar representation.
In parallel, the index regression head directly predicts continuous boundary indices:

2s = (|T| - 1>0-(fs<2))7 (16)
ie =15+ (|T] = 1—1is) o (fa(2)), (17

where o (-) denotes the sigmoid function, mapping both terms into [0, 1] so that 7, €
[0,]7] — 1] and the offset term in Eq. (17) is non-negative by construction, guaranteeing
ic > 1s. Both heads are trained jointly: the calendar head captures global temporal
structure over the entire timeline, while the regression head provides precise boundary
localization in continuous index space. Applying softargmax(-) to the calendar logits
ls, L, yields a continuous index in the same space as %s, 26; to encourage agreement
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between the two heads, we include a consistency term (Eq. (21)) between these two
continuous index estimates.

For our running example, the calendar head should assign most of its probability mass
to 2009 for the start year and 2017 for the end year, while the regression head should
predict continuous indices %5, 7. corresponding to these same two years; a disagreement
between the two (e.g., the regression head predicting 2010 while the calendar head favors
2009) is penalized by Loy, introduced below in Equation 21.

The boundaries are predicted jointly from a shared representation and coupled
through consistency and ordering constraints. At inference time, the final validity
interval is decoded from the calendar head alone: we take §j; = argmax({;) and
J. = arg max({.), directly yielding calendar years without an intermediate index-to-
year mapping, since the calendar table E'r is already indexed by year. The regression
head is not used to produce the final decoded interval; instead, it supplies complementary
training-time supervision (via Ly and Leon, introduced in Section 4.5) that shapes the
shared representation z and regularizes the calendar head toward precise, well-localized
boundary predictions.

Unlike the regression head (Equation (17)), which guarantees %e > %s, the calen-
dar head’s independent logits may violate ordering. We apply a decoding correction
Je < max(Js, Je) to enforce coherence. During training, Loq (Eq. (22)) penalizes such
violations, while L, indirectly reinforces ordering by coupling the calendar head with
the regression head. This primarily prevents rare crossing cases (e.g., predicting an end
year before the start year in our running example).

4.5 Learning Objectives

The model is trained with a combination of boundary-level, distributional, consistency,
and overlap-aware objectives. This combination ensures both accurate boundary estima-
tion and high-quality interval overlap.

Boundary-level Regression Loss. Boundary-level supervision is applied in the discrete
year-index space. Let 75 and i, denote the gold start and end indices, and let is and %e
denote the corresponding regression outputs. We use a robust Huber loss [10], which
behaves as a squared-error (Ls) loss for small residuals and as an absolute-error (L1)
loss for large residuals, transitioning at a threshold 4:

Lo 02 —_ul <
Huber(l‘,y) — {2(3) y) ’ |.T,' y| — 67

18
§ (lz —y|—46), otherwise, (18)

This makes training less sensitive to outlier-length intervals (e.g., organizational lifes-
pans) that would otherwise dominate the gradient. Formally,

Licg = Huber(is, is) 4+ we Huber (ie, i), (19)

where w, controls the relative weight of the end-boundary error. This weighting is
useful because end years are often more variable and harder to predict than start years.
For our running example, i, and 7. correspond to the year indices for 2009 and 2017,
respectively.
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Calendar Classification Loss. In addition to the regression head, the factorized calendar
head produces logits over all candidate years for the start and end boundaries. To avoid
treating neighboring years as completely unrelated classes, we use Gaussian-smoothed
targets around the gold year indices, i.e., §; = N(t | y,7%), normalized over the
timeline, with y being the gold year index and 7 controlling the smoothing bandwidth.
The corresponding classification loss is:

Lee = CE((S, gs) + CE(EEJ ge)’ (20)

where £ and /. are the start and end logits, and g, and y. are Gaussian-smoothed target
distributions. For our running example, this means that, rather than treating 2017 as
the only correct label for Obama’s end year, adjacent years (e.g., 2016 or 2018) receive
partial target probability, while distant years (e.g., 1995) do not.

Consistency and Ordering Losses. To align the two prediction heads, we include a
consistency loss between the soft-argmax of the calendar logits and the continuous
outputs of the regression head:

2y

Leon = Hsoftargmax(ﬁs) — i

+ Hsoftargmax(ée) — e
1 1

While the regression head inherently enforces %e > %S via its formulation, the calendar
head’s logits do not guarantee this ordering. To encourage the calendar head to produce
coherent start/end distributions, we penalize cases where the soft-argmax of the calendar
logits violates temporal order:

Lo = max(O, softargmax(¥s) — softargmax(ﬁe)). (22)

This loss aligns the calendar head with the regression head’s inherent ordering and
provides additional supervision during early training, when the regression head may not
yet have stabilized.

Overlap-aware Loss. Boundary errors alone do not fully capture interval quality. To
provide differentiable overlap supervision, we compute a soft Intersection-over-Union
loss directly on the index intervals [is, 7] and [i, ic], using the same discrete-inclusive
convention as the evaluation metric in Definition 4, but evaluated on the continuous,
pre-rounding indices so that gradients can flow to the regression head:

Lioy = 1 — 10U ([is,de], [is,ie)), (23)

where
max (0, min(b, d) — max(a,c) + 1)

IoU([a, b], [e, d]) = max (()7 max(b, d) — min(a, c) + 1) +e

(24)

with e added to the denominator for numerical stability. This matches the functional form
of Eq. (4) up to the stabilizing constant €, so Loy directly optimizes a differentiable
relaxation of the evaluation metric rather than a separate quantity, and the two coincide
(up to €) once i, 1. are rounded to integer year indices at decoding time. For our running
example, predicting I = [2010, 2016] against the gold interval I = [2009, 2017] yields
ToU = 206=2010+1 _ 7/9 ~ (.78, providing a graded overlap signal that complements

20172009+ 1
the boundary-wise losses.
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Final Objective. The final training objective combines all components:
L= »Creg + )\(:e»cce + >\IUU£IOU + )\ordﬁord + )\con»ccom (25)

The regression loss provides stable boundary-level supervision, the calendar loss en-
courages year-aware classification, the consistency term aligns the two heads, and the
IoU term promotes semantically meaningful interval overlap. Together, these objectives
allow the model to optimize both boundary accuracy and overall interval quality.

5 RANGEFC Dataset

Existing temporal resources are not directly aligned with the interval fact-checking set-
ting studied here. TemporalFC [18] focuses on single timestamp prediction and therefore
does not provide paired start/end boundaries. Temporal KG completion benchmarks such
as YAGO11k and Wikidatal2k [6], used in prior interval-aware TKGE work [11,22],
contain temporal intervals but are primarily designed for entity or relation ranking
with metrics such as MRR and Hits @k rather than assertion-level interval prediction.
Constraint-based temporal validation datasets [20] serve a different purpose, focusing
on validation through discovered temporal constraints and including many literal-valued
cases. In contrast, our benchmark provides explicit (s, p, 0, ys, y.) instances, relation-
aware splits, and evaluation using interval-overlap metrics such as IoU.

5.1 Dataset Construction

To evaluate interval-based temporal fact checking, we construct a dataset from Wikidata
consisting of assertions annotated with validity intervals. We focus on relations that
provide explicit temporal qualifiers (e.g., start time and end time), enabling the extraction
of year ranges. For each relation p € R, we identify corresponding temporal properties
(e.g., P580 for start time and P582 for end time). We extract instances of the form
(s,p,0,[ys, Ye]), where ys and y,. are parsed from the associated qualifiers.

All timestamps are mapped to calendar years, yielding a discrete timeline 7. Intervals
are represented as closed year ranges. We exclude assertions for which either the start or
end boundary is missing, since the task requires complete validity intervals for supervised
training and evaluation. We apply consistency checks to ensure valid intervals: 1. removal
of instances with missing or malformed timestamps, 2. enforcement of ys < ., and
3. deduplication of identical assertions. Each resulting instance is represented as a
quintuple:

(8,00, Yss Ye)- (26)
We create train, validation, and test splits using a per-relation stratified strategy,

ensuring that each relation is represented across all splits while preventing leakage of
identical intervals.
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5.2 Dataset Characteristics

The resulting dataset contains 134,037 assertions spanning five relation types with
interval semantics. The data is split into 107,229 training, 13,403 validation, and 13,405
test instances.

The temporal range covers mainly years from 1428 to 2027, reflecting both historical
and contemporary assertions. The dataset exhibits a highly imbalanced distribution
across relations: organizational assertions dominate with over 100,000 instances, while
other relations such as office terms and military equipment contain a few thousand
instances each.

The dataset captures diverse temporal regimes, including short-lived intervals (e.g.,
political tenures), medium-duration intervals (e.g., military service), and long-term spans
(e.g., organizational lifecycles and biographical lifetimes). This variability makes the
dataset well-suited for evaluating models that must adapt to heterogeneous temporal pat-
terns. This construction yields a large-scale, real-world dataset that reflects the inherent
temporal variability and imbalance present in Wikidata.

6 Experimental Setup

We use Dihedron-based pre-trained temporal embeddings for entities and relations [16].
The entity and relation embeddings are kept frozen during training, while only the interval
prediction components are optimized for the task. The shared encoder is implemented as
a multi-layer perceptron (MLP) with a hidden dimension of 1024 and GELU activation.
The relation-aware MoE module consists of M = 5 experts with top-3 routing, where
only the top-k experts (based on gating scores) contribute to the final representation.
The factorized calendar head uses a trainable embedding dimension of 128. Models are
trained using the objective defined in Section 4, combining boundary-level regression,
calendar classification, consistency, ordering, and overlap-aware losses. We use the
Adam optimizer with a learning rate of 1.9 x 103 and a batch size of 1024. Training
runs for up to 120 epochs with early stopping based on validation IoU. The loss weights
in Equation 25 are set to Ace = 0.1, Aoy = 0.2, Agra = 0.07, and Ao = 0.5. The
Huber loss threshold is 8 = 0.74, the end-boundary weight is w. = 1.0 (no additional
weighting), and the Gaussian smoothing bandwidth is 7 = 1.35. We use a dropout rate
of 0.12, a fixed gating temperature of 1.43, and an auxiliary load-balancing weight of
0.02 for the MoE. To regularize the frozen pre-trained embeddings, we add Gaussian
noise (0, 0.012) during training.

We evaluate models on the test set and report average performance across all relations.
In addition, we perform: 1. per-relation analysis, 2. evaluation across interval length
buckets, and 3. ablation studies to assess the contribution of model components.

6.1 Baselines

To the best of our knowledge, most existing temporal fact-checking approaches focus
on predicting a single timestamp rather than a validity interval, and dedicated interval-
prediction baselines for this setting remain scarce. We therefore adapt strong time-point
methods for comparison.



RANGEFC: Interval-Aware Temporal Fact Checking for Knowledge Graph 13

Table 1: Overall performance comparison. Higher IoU is better; lower MAE is better.

Model IoU 1 MAE, | MAE. |
Time-point baseline 0.611 15.11  34.66
TemporalFC 0.624 12.07 28.74
RANGEFC 0.661 1894 21.37

— Time-point MLP: a neural model with the same input representation as our ap-
proach, trained to predict a single timestamp .

— TemporalFC model: a state-of-the-art hybrid approach combining pre-trained
embeddings with a neural predictor for time-point estimation [18].

To enable comparison with interval prediction, we extend these models to produce
interval estimates. Specifically, we predict start and end years independently by applying
the time-point predictor twice, once for g, and once for 7.

This adaptation provides a controlled baseline, allowing us to evaluate the benefits
of explicitly modeling temporal intervals over independent time-point estimation.

6.2 Evaluation Metrics

We evaluate interval quality using Intersection-over-Union (IoU), which measures the
overlap between predicted and ground-truth intervals, defined in Equation 3. We also
report mean absolute error (MAE) for start and end boundaries:

MAE, = EHyAs - ys”v MAE, = EHZ)@ - ye”' 27)

Returning to the running example, predicting [2010, 2016] for the Obama presidency
would not be an exact match, but it would still have high temporal overlap with the gold
interval [2009, 2017]. This is why we report IoU in addition to boundary-wise MAE.

7 Results

We evaluate the proposed interval-aware model against strong time-point baselines to
assess its effectiveness in predicting temporal validity spans. Our analysis focuses on
overall performance, relation-specific behavior, and the impact of interval characteristics.

7.1 Overall Performance

Table 1 reports the results on the test set. Our model outperforms time-point baselines in
terms of Intersection-over-Union (IoU), highlighting the benefit of explicitly modeling
validity intervals.

The results in Table 1 reveal a clear trade-off between boundary accuracy and interval
quality. Our model achieves the highest IoU (0.661), outperforming the TemporalFC
baseline (0.624) by +3.7 percentage points and the time-point MLP by +5.0 points. On
this benchmark, this result suggests that explicitly modeling temporal intervals leads to
substantially better overlap with ground-truth validity spans.
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Table 2: Seed robustness of RANGEFC on the test split. Higher IoU is better; lower MAE is better.

Seed ToU 1 MAE, | MAE. |
42 (reported) 0.661 18.94 21.37
0 0.652 19.39 21.17
1 0.653 19.12 21.16
7 0.655 18.85 20.73
123 0.655 18.98 21.00

Mean =+ Std 0.655 + 0.003 19.06 = 0.21  21.09 £ 0.24

Table 3: Per-relation performance on the test split (lower MAE is better; higher [oU is better).

Relations #Assertions TemporalFC RANGEFC
MAE; MAE. IoU MAE; MAE. IoU

P571/P576 (Organizations) 10,635 14.79 31.26 0.595 22.89 23.06 0.635
P569/P570 (Biographical) 1,759 1.42 17.67 0.797 2.72 13.82 0.822

P1619/P3999 (Buildings) 549 0.44 22.08 0.738 2.85 18.80 0.749
P580/P582 (Political roles) 254 4.51 20.58 0.417 9.82 12.86 0.406
P729/P730 (Military) 208 3.12 21.10 0.618 7.93 16.19 0.673

Interestingly, TemporalFC achieves the lowest start boundary error (MAE;, = 12.07),
indicating that time-point models can localize individual timestamps accurately. However,
this does not translate into high-quality interval predictions, as reflected by its lower IoU.
In contrast, our model exhibits a higher MAE; (18.94), but significantly improves the
end boundary prediction (MAE, = 21.37 vs. 28.74), suggesting that it better captures
the temporal extent of assertions.

This behavior highlights a key limitation of time-point approaches: optimizing for
point-wise accuracy does not ensure coherent or well-aligned interval predictions. By
jointly modeling start and end boundaries with dual prediction heads and overlap-aware
objectives, our approach prioritizes global interval quality over local boundary precision,
leading to superior performance under IoU. Table 1 reports results for seed 42; Table 2
confirms stability across five seeds (mean IoU = 0.655 + 0.003).

7.2 Per-Relation Analysis

To better understand where the improvements originate, Table 3 reports performance
across relation types.

Overall, our model achieves higher IoU on four out of five relations, with partic-
ularly strong gains for relations characterized by long or variable-duration intervals.
For instance, on organizational assertions (P571), our model improves IoU from 0.595
to 0.635 (44.0 points), and on military-related relations (P72 9), from 0.618 to 0.673
(+5.5 points). Similar improvements are observed for biographical (P56 9) and building-
related (P1619) assertions, indicating consistent benefits of interval-aware modeling.

A key observation is that our model significantly reduces the end boundary error
(MAE_) across all relations. For example, on P571, MAE, decreases from 31.26 to
23.06, and on P729 from 21.10 to 16.19. This suggests that the proposed coupled
interval prediction mechanism is particularly effective at capturing the temporal extent of
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Table 4: Performance across interval-length buckets (in years). Higher IoU is better; lower MAE
is better. TempFC denotes TemporalFC, Ours denotes RANGEFC, and # Assertions denotes total
number of Assertions.

[0-1] [2-5] [6-10] [11-25] [26-50] [51-100] [101+]

IoU 036 049 0.51 0.59 0.72 0.83 0.65
MAE; 13.34 1276 12.11 8.90 7.88 4.63 134.07
MAE. 19.71 17.37 18.56 17.94 18.09 14.73 68.89

IoU 036 046 047 0.54 0.65 0.80 0.68
MAE; 827 680 795 3.71 4.18 2.64 94.04
MAE. 27.19 25.03 2759 25.85 26.90 20.20 76.90

# Assertions 817 1480 1192 2321 2327 4138 1130

TempFC Ours

assertions. As in Section 7.1, TemporalFC’s lower MAEs does not translate into higher
IoU.

An exception is the political roles relation (P580), where TemporalFC slightly
outperforms our model in IoU (0.417 vs. 0.406). This relation is characterized by
relatively short and less variable intervals. As a result, the benefit of explicit interval
modeling is less pronounced.

Overall, these results show that interval-aware modeling is most beneficial for
relations with diverse or long temporal spans, where independent time-point estimation
fails to capture the full validity interval.

7.3 Effect of Interval Length and Overlap

To further analyze model behavior, we evaluate performance across different interval
lengths. Table 4 reports results grouped by ground-truth interval duration.

For very short intervals ([0—1] years), both models achieve identical IoU of 0.36.
However, as interval duration increases, the advantage of interval-aware modeling
becomes more apparent. Our model outperforms TemporalFC across most medium
and long-duration buckets. For example, in the [26-50] and [51-100] year ranges,
our approach achieves IoU scores of 0.72 and 0.83, compared to 0.65 and 0.80 for
TemporalFC.

A notable observation is that our model achieves lower end-boundary error (MAE,),
indicating improved estimation of interval duration. In contrast, TemporalFC generally
achieves lower start-boundary error (MAE;), reflecting its strength in predicting individ-
ual timestamps. Nevertheless, lower boundary error does not necessarily translate into
better interval quality, as evidenced by the lower IoU scores in most duration buckets.
For extremely long intervals (1014 years), TemporalFC slightly outperforms our model
in IoU (0.68 vs. 0.65). This may be due to the higher sparsity and variance in this bucket,
where predicting a central timestamp can still yield reasonable overlap.

Overall, the results highlight a key limitation of time-point approaches: approxi-
mating long validity spans with a single timestamp often leads to suboptimal overlap.
By explicitly modeling interval boundaries and optimizing overlap-aware objectives,
the proposed approach produces more accurate and semantically meaningful temporal
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Table 5: Ablation study of RANGEFC, covering both the relation-aware MoE component and the
interval-specific design choices.

Model variant MAE; MAE. IoU (AloU)
Full model 18.94 21.37 0.661 -

No MoE 22.67 23.19 0.587 -0.074
Top-1 routing 2222 22.73 0.597 -0.064
w/o consistency loss 19.19 21.87 0.628 -0.033

w/o soft-IoU objective 20.03 21.26 0.644 -0.017
w/o auxiliary ordering loss 19.91 21.59 0.646 -0.015
Regression-only 20.74 21.50 0.612 -0.049
Calendar-only 22.00 30.95 0.347 -0.314

predictions. These improvements are particularly relevant for downstream applications
such as temporal question answering, and fact checking over temporal KGs.

7.4 Ablation Study

Table 5 reports component-level ablations of RANGEFC, covering both the MoE module
and the interval-specific design choices. Removing MoE or restricting routing to top-1
costs 6—7 IoU points, confirming the benefit of relation-aware specialization. The dual-
head design is similarly critical: regression-only and calendar-only variants drop IoU to
0.612 and 0.347, respectively, and removing the consistency loss lowers it to 0.628. The
soft-IoU and ordering losses contribute smaller gains (0.015-0.017), as interval order is
already enforced architecturally at decoding.

8 Conclusion

In this paper, we introduced an interval-aware formulation of temporal fact checking that
models assertions’ validity as a time range rather than a single timestamp. To address the
challenges of interval prediction, we proposed a relation-aware MoE architecture with
coupled interval prediction heads and overlap-aware learning objectives. Experimental
results on a Wikidata-derived benchmark show that explicitly modeling validity intervals
improves overlap quality, particularly for relations with heterogeneous temporal patterns
and long-duration validity spans. As future work, we plan to explore uncertain and
open-ended temporal intervals, incorporate textual evidence, and investigate downstream
applications such as temporal question answering and temporal KG completion.
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