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Abstract

Event prediction plays a critical role in high-
stakes applications such as military operations,
public safety, and healthcare. Current meth-
ods learn temporal knowledge graphs to pre-
dict events at future timestamps, and the pre-
dictions directly influence decision-making and
resource allocation. However, these methods
lack rigorous uncertainty quantification, which
limits their reliability for decision-making, es-
pecially in high-stakes scenarios where the cost
of errors is high. In this paper, we propose
CFEP, a conformal prediction framework tai-
lored for event prediction to address this chal-
lenge. This is achieved through end-to-end
optimization that ensures coverage while im-
proving efficiency. Specifically, we first intro-
duce non-conformity score diffusion, which
captures both topological and temporal uncer-
tainty in temporal knowledge graphs. Addi-
tionally, we propose an efficiency-aware opti-
mization algorithm to reduce the coverage gap
and improve computational efficiency. Experi-
mental results on three public datasets demon-
strate that our approach consistently guaran-
tees statistical coverage while improving effi-
ciency. The code and datasets are available at
https://github.com/hucheng-IIE/CFEP.

1 Introduction

Event prediction determines which event types will
occur at a future time by learning from historical
events, which are extracted from past news arti-
cles (Han and Ning, 2022). Event prediction has
broad applications in criminal activities (Jhee et al.,
2023), political (Deng et al., 2024a), and economic
domains (Liu et al., 2024). Current event predic-
tion methods learn temporal knowledge graphs to
generate point predictions of future events (Deng
etal., 2019; Ma et al., 2023; Deng et al., 2020; Han
and Ning, 2022), as illustrated in Fig. 1a. As event
prediction is increasingly deployed in high-stakes
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Figure 1: Comparison of our method with current event
prediction methods.

domains, understanding the uncertainty associated
with its predictions becomes crucial.

To achieve robust uncertainty quantification, re-
searchers have proposed a variety of approaches,
including Bayesian-based (Wu et al., 2021),
Frequentist-based (Kan et al., 2022), and conformal
prediction methods (Vovk et al., 2005a). Among
these approaches, conformal prediction stands out
due to its distribution-free nature and its ability to
provide rigorous statistical guarantees on predic-
tion confidence. The fundamental assumption of
conformal prediction is the exchangeability condi-
tion !. This assumption holds broadly in domains
such as computer vision and natural language pro-
cessing due to the independent nature of data sam-
ples. The inherent interdependence of nodes and
edges induces structural dependencies that violate
the assumption of independent and identically dis-
tributed observations, complicating the application
of conformal prediction to graph data. Recent work
(Huang et al., 2023) addresses this issue by lever-
aging the permutation equivariant nature of graph

"Exchangeability definition: ~For any zi,...,2nt1
and any permutation 7 of {1,...,n + 1}, it holds

that P((Zﬁ(l),...7zﬂ(n+1)) = (21,“.7Zn+1)) =
*Corresponding authors P((Z1,...,Zns1) = (21, -, Zn+1))
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https://github.com/hucheng-IIE/CFEP

neural network architectures. However, event pre-
diction based on temporal knowledge graphs vi-
olates exchangeability. This violation arises be-
cause each event in a temporal knowledge graph
may follow a distinct distribution, influenced by
the temporal dependencies in the event’s structure,
the attributes of its participants, and the prediction
labels. Consequently, the probability of selecting
different calibration sets becomes unequal, break-
ing the exchangeability condition.

As shown in Fig. 1b, we propose CFEP, a
novel conformal event prediction framework de-
signed to address this issue. This is achieved by
generating prediction sets that are both coverage-
guaranteed and highly efficient. We first prove
that the exchangeability condition is violated in
event prediction, then develop a theory to quan-
tify the coverage gap between exchangeable and
non-exchangeable settings. Our analysis indicates
that the weighted quantile and the non-conformity
score are the primary factors contributing to this dis-
crepancy. Building on these insights, we introduce
CFEP, a conformal prediction algorithm for event
prediction that calibrates event prediction models
by minimizing the deviation from a predefined cov-
erage level. CFEP consists of two modules: non-
conformity score diffusion and efficiency-aware op-
timization. Non-conformity score diffusion lever-
ages both temporal ordering and topological struc-
ture to enhance uncertainty quantification in tempo-
ral knowledge graphs. Efficiency-aware optimiza-
tion reduces the coverage gap while improving effi-
ciency. Our main contributions can be summarized
as follows:

e We identify the non-exchangeability chal-
lenges that arise when applying conformal predic-
tion to event prediction and formally define the
conformal prediction problem in this setting.

e We theoretically analyze the impact of
weighted quantiles and non-conformity scores on
the coverage gap and introduce CFEP to enhance
efficiency while maintaining coverage.

e Experimental results on three public datasets
demonstrate that our approach consistently guaran-
tees statistical coverage while improving efficiency.

2 Preliminary

In this section, we first provide an overview of
event prediction and conformal prediction and then
formulate the problem we aim to address. The
notations are summarized in Table 5.

Event Prediction. We model historical events to
predict co-occurring future events along with their
event types (e.g., consult, civil unrest, appeal).

P(ytﬂ-At‘gt—h—&-l:t), (1)

where y't2t € RIRI denotes the probability of co-
occurring event types at future timestamp ¢ + At.
Gt=h+1% denotes the temporal knowledge graph
within the time window from ¢ — h + 1 to ¢.

Definition 1 Temporal Knowledge Graph. A tem-
poral knowledge graph G is a directed graph with
multiple relations between graph nodes, each re-
lation with a timestamp. For an event occurring
at time t, it is depicted as a timestamped edge in
the temporal event graph, formalized as a quintu-
ple (s,r,0,t,c), where s € € and o € & are the
head and tail entities, r € R is the event type, and
¢ € C denotes an event text, with £, R, and C being
finite sets of entities, event types, and event texts,
respectively.

Conformal Prediction. Given a set of data points
(X1,¥1), -5 Xy ¥n)s (Xpt1,¥n+1) and a de-
sired coverage level 1 — a € (0,1), consider a
score function s : X x Y — R. The prediction set
for X, 41 is C(Xpt1) = {y : s(Xn+1,y) < g},
where g is the 22 (1 — «)-th smallest value in the
set { s(X;,yi) : @« = 1,...,n}. Under this scor-
ing rule, the resulting prediction set satisfies (Vovk
et al., 2005b)

P(ynt1 € C(Xps1)) =1 — o )

Conformal prediction relies on the assumption of
exchangeability to guarantee that the prediction
set achieves a coverage level of at least 1 — a.
Recent studies (Huang et al., 2023; Zargarbashi
et al., 2023) show that this assumption holds in
static graphs. However, event prediction based on
temporal knowledge graphs typically violates the
exchangeability condition. Here, let X! denote
the learned representations of each event type at
time ¢, produced by the event prediction model
f(Gt=h+1t) "and F(X?) denote the corresponding
predicted labels. y represent the corresponding
ground-truth labels. The detailed proof is provided
in Appendix A.1.

Problem Definition. With the aforementioned no-
tations, we formally define the problem of confor-
mal prediction for event prediction. Given: (i)
The temporal knowledge graph G*~"*1:* and the
ground-truth y*; (ii) An event prediction model
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f(Gt=h+1t) = X* and the transformation function
F(X') = y; (iii) A predefined miscoverage level
a € (0,1). Find: A prediction set that ensures the
ground-truth value falls within the set with a con-
fidence level of at least 1 — «, while maintaining
high efficiency.

3 Theoretical analysis

To address the non-exchangeability issue in event
prediction, we introduce an additional compensa-
tion term to quantify the coverage gap between
exchangeability and non-exchangeability. The cov-
erage gap refers to the discrepancy between ex-
changeable and non-exchangeable settings given
the calibration and test sets, and is defined as fol-
lows:

Definition 2 Coverage Gap in Event Prediction.
Assume d’est = (X7t y7t) is a randomly selected
data point from the test set D,, and the calibration
set D. contains n. data points. Together, the data
points in D, and the single test point from Dy form
a set of n. + 1 data points. Let C7t denote the
prediction set for the randomly selected test point.
The coverage gap is defined as:

Ogap = (1 — ) — P{y’t C CV*}. (3)

Using the calibration set, test set, and the definition
of the coverage gap, we derive an upper bound on
this gap (Barber et al., 2023). This bound highlights
that the weight quantiles and the non-conformity
score calculation methods are the key factors influ-
encing the theoretical coverage in event prediction.
It also guides our method to reduce the coverage
gap in order to maintain coverage while improving
efficiency.

Definition 3 Upper Bound for the Coverage Gap.
The coverage gap for a test data point d’* =
(XJt,yIt) € Dy is bounded by

Yop wi drv (e, dr)

D “)

6gap —

where dpvy denotes the total variation distance
(Clarkson and Adams, 1933), and w; are user-
defined weights chosen to make the upper bound
small. Let ¢ denote the set containing all non-
conformity scores from the calibration set D, to-
gether with the score of the selected test point d’*:

= (s,... s?"Lc,sjt). 3)

i ’ 9%

For each k, let ¢y, be the permutation obtained by
swapping the test score si* with the k-th calibration
score sf’“ :

_ (1 te—1 _jt _tk+1 tne tk
G = (87", .8 st s L s, 8.

(2 K3 (6)

We provide a detailed proof of Eq.4 in Appendix
A.2. Eq.4 provides a unified framework that
encompasses both the exchangeable and non-
exchangeable settings in conformal prediction,
making it particularly suitable for real-world event
prediction tasks.

4 Methodology

We propose CFEP, an end-to-end optimization pro-
cedure that reduces the upper bound of the coverage
gap between the calibration and test sets, thereby
improving efficiency while maintaining guaranteed
coverage. Fig. 2 illustrates our proposed CFEP
framework, which consists of two modules: non-
conformity score diffusion and efficiency-aware op-
timization. The non-conformity score diffusion is
designed to produce stable non-conformity scores
by integrating both the temporal dynamics and the
topological structure of the temporal knowledge
graph. After obtaining the diffused non-conformity
scores, the efficiency-aware optimization assigns
differentiated weights to them in order to improve
the efficiency of the prediction sets.

4.1 Non-conformity score diffusion

The associations among events are captured by
both the temporal dynamics and the topological
structure of the temporal knowledge graph. By in-
corporating these temporal and topological cues
into the computation of non-conformity scores, we
encourage similar events to exhibit similar non-
conformity scores, thereby enhancing the general-
ization capability of the scores. This section first
explains how to select neighboring events that cap-
ture both topological and temporal characteristics,
and then describes how the non-conformity scores
are diffused through these neighboring events.
Neighbor Events. Neighbor events of an event
include both temporal neighbors and topological
neighbors. Formally, given an event efl occurring
at timestamp t; with event type i, its temporal
neighbors are defined as follows:

N = {ef

i,t1 J

Jeef) =1, |t =t <ta},
)
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Figure 2: Overview of CFEP. The non-conformity score diffusion incorporates both the temporal information
and the topological structure of the temporal knowledge graph to obtain scores with strong generalization. The
efficiency-aware optimization is to maintain high efficiency while ensuring the required coverage.

where the function f(-,-) indicates whether two
events share a common entity. tg is the prede-
fined temporal range threshold. Topological neigh-
bors Ni‘?f refer to events that occur at the same
timestamp and share common nodes, which corre-
sponds to tst = 0 in Eq.7. Temporal neighbors and
topological neighbors, respectively, represent the
temporal information and structural information of
events in a temporal knowledge graph. By incorpo-
rating these two types of information, robust non-
conformity scores can be obtained (Zargarbashi
et al., 2023).

Topological and temporal non-conformity
scores. The influence of each neighboring event
varies; for example, the announcement of a policy
may trigger a sequence of subsequent events. To
obtain non-conformity scores with strong general-
ization, we introduce the topological and temporal
non-conformity scores defined as follows:

A
Z 3§'+|Ntir| Z 32,

jeNte i gentrr
(®)

where \; and A2 denote how the non-conformity
score is influenced by temporal neighbors and struc-
tural neighbors, respectively. A\g = (1 — A1 — A2).
st denotes the non-conformity score of the i-th
event type at timestamp ¢. We initialize the diffu-

sion process using the non-conformity score st =

lyi — F(X5)],
tion. Note that each event type ¢ at time ¢ consists
of the events occurring within a historical time win-
dow, denoted as E! = {eg_hﬂ, eﬁ_h”, bt
The temporal and topological neighbors of event
type i as N} = Ui:t_hH N and N> =

T
lt tpo
T=t—h+1 Ni,T .

S —)\08 +
Ipr"I

4.2 Efficiency-aware optimization

The nonconformity scores are used to construct the
prediction set, and different scores lead to differ-
ent levels of efficiency. If the prediction set is too
inefficient, its applicability in real-world scenarios
becomes limited. To reduce the coverage gap be-
tween the calibration and test sets, we optimize the
parameters w; to obtain a highly efficient predic-
tion set while still ensuring the required coverage.
To obtain a more precise quantile, we introduce a
soft selection mechanism to determine the target
quantile, defined as follows:

(1—04)‘

P A e )
= i | Pi = Z?:l o—w; /T

q:SwBa

where T' is a hyperparameter controlling the
softness of the prediction set assignment,

{sm(t), ©(tn)} denotes the sorted
non-conformity scores, and = {w’ win}
represents the set of weight parameters. The
computed quantile serves as the threshold for
constructing the prediction set. To improve the
efficiency of the prediction set while maintaining
the required coverage, we design a loss function to
optimize the weighting parameters:

= |cumsum(2) —

T |R| ) g

I

where s(Xf, yt) denotes the nonconformity score
for event type ¢, o is the sigmoid function, ¢ is the
differentiable quantile obtained from Eq. 9 and 7
is a hyperparameter that controls the sharpness of
the assignment.

Lepp = (10)

5236



5 Experiments

In this section, we analyze several key aspects to
demonstrate the effectiveness of CFEP: (i) we eval-
uate CFEP on three benchmark real-world datasets,
where CFEP achieves the best overall performance
(Section 5.5); (ii) we conduct ablation studies to
examine the necessity of each module in CFEP
(Section 5.6); (iii) we perform parameter analysis
on the nonconformity score diffusion module to
justify our parameter choices (Section 5.7); (iv) we
carry out robustness analysis to investigate whether
CFEP can produce robust nonconformity scores un-
der noisy conditions (Section 5.8); (v) we present a
case study to illustrate the superiority of CFEP over
existing event prediction models (Section 5.9).

5.1 Dataset

To evaluate the effectiveness of our approach in
real-world scenarios, we conduct experiments on
the Global Database of Events, Language, and
Tone (GDELT) (Leetaru and Schrodt, 2013), a
public dataset that offers comprehensive cover-
age of worldwide information. GDELT extracts
events from daily news articles and categorizes
them into 20 main categories and multiple subcate-
gories based on the Conflict and Mediation Event
Observations (CAMEO) guidelines (Boschee et al.,
2015). The dataset records the entities, event
type, timestamp, geolocation, and source news
text for each event. We select three locations with
a high frequency of conflict-related events from
the GDELT dataset: Egypt, Iran, and Israel. The
time period spans from February 2015 to March
2022, and the temporal granularity is one day. The
specific dataset statistics are presented in Table 1.
We split the data into train, validation, calibration
train, calibration validation, and test datasets in a
5:1:1:1:2 ratio.

Table 1: Dataset Statistics.

Dataset  #urls |R| #Events #Entities #Days
Egypt 96,081 225 96,081 2,594 2,584
Iran 223,616 236 223,616 2,988 2,584
Israel 345,611 236 345,611 3,456 2,584

5.2 Evaluation Metrics

To rigorously evaluate the performance of CFEP,
we adopt two widely used metrics: coverage and
efficiency. Coverage measures the reliability of un-
certainty estimation by quantifying the proportion

of instances in which the prediction set contains
the true labels. Efficiency evaluates the precision
of the prediction set. The metrics are defined as
follows:

) 1 Cil
efficiency := —— ) (11)
Y7 1Dy ZD Vil

1

coverage : D iez’;t I(y; € Cy).  (12)
where C; is the prediction set and y; is the corre-
sponding ground-truth label. We further normalize
efficiency by dividing it by the size of the predic-
tion set |Y;|. Larger prediction sets can increase
coverage, but they also reduce predictive precision.
Striking an appropriate balance between these two
metrics is essential for reliable uncertainty quan-
tification. We set the target coverage to 0.95, i.e.,
a = 0.08.

5.3 Baselines

We compare CFEP against several baseline meth-
ods. (1) non-conformity score based methods.
They construct prediction sets by computing dif-
ferent forms of non-conformity scores. We se-
lect representative methods: TPS (Sadinle et al.,
2019), APS (Romano et al., 2020), RAPS (An-
gelopoulos et al., 2020) and DAPS (Zargarbashi
et al., 2023). (2) GNN based methods. We select
CF-GNN (Huang et al., 2023), which uses a GNN
to calibrate the non-conformity scores. (3) non-
exchangeable based methods. They address the
non-exchangeability problem that arises in graph-
structured data. Representative approaches include:
NEX (Barber et al., 2023) and NAPS (Clarkson,
2023). (4) stochastic block model based methods.
UGNN (Davis et al., 2024) samples and aggregates
predictions from randomly partitioned graph struc-
tures to model uncertainty. To evaluate the effec-
tiveness of these conformal prediction methods, we
select four widely used event prediction models:
Glean (Deng et al., 2020), MTG (Han and Ning,
2022), TGN (Rossi et al., 2020), and tCompGCN
(Vashishth et al., 2020).

5.4 Main Results

The experimental results are summarized in Table
2. CFEP consistently achieves the predefined cov-
erage while maintaining high efficiency across all
backbone event prediction models and three public
datasets. This demonstrates that the nonconformity
score diffusion module effectively generates robust
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Table 2: Performance of comparison methods (%). The best results are highlighted in bold, and the second-best
indicates that the method reaches the target coverage (95%) while X indicates the opposite.

results are underlined.

Egypt
Model Glean MTG TGN tCompGCN
Coverage T Efficiency | | Coverage{  Efficiency | | Coverage{  Efficiency | | Coverage?  Efficiency |
TPS 0.87 £0.02x 457 =£0.11 | 0.79 £0.00X 5.69 £0.01 | 0.81 £0.01x 4.65=+0.03 | 0.99 £ 0.00 7.30 £ 0.02
APS 1.00 £ 0.00 8.37 £ 0.00 | 1.00 £+ 0.00 8.37 £ 0.00 | 1.00 £+ 0.00 8.37 £ 0.00 | 1.00 £+ 0.00 7.33 £0.00
RAPS | 1.00 + 0.00 8.37+0.00 | 0.68+0.03 X 5.12+0.01 | 1.00 = 0.00 8.37 £ 0.00 | 1.00 £ 0.00 8.37 £ 0.00
DAPS 0.99 £+ 0.01 428 £0.22 | 0.84 £0.01 X 5.40+£0.02 | 1.00 £ 0.00 8.37£0.00 | 0.92£0.00X 5.60 =+ 0.00
CF-GNN | 0.85+0.06 X 435+0.01 | 0.76 £0.01 X 4.99+£0.03 | 0.66 £0.01 X 4.92+0.05| 0.71 £0.00X 5.19 + 0.05
NEX 0.99 £ 0.01 4.65£0.04 | 0.99 £ 0.00 4.71 £0.01 | 1.00 £ 0.00 8.37 £ 0.00 | 1.00 £+ 0.00 7.30 £ 0.02
NAPS | 1.00 £ 0.00 8.37 £0.00 | 1.00 £ 0.00 8.37 £ 0.00 | 1.00 £ 0.00 8.37+£0.00 | 1.00 £ 0.00 7.30 £ 0.05
UGNN | 090 +£0.00X 5.17£0.16 | 0.99 = 0.00 5.48 £0.09 | 0.97 = 0.00 4.26 £0.00 | 0.98 £ 0.00 3.68 + 0.01
CFEP 0.97 £0.01 3.30 £ 0.03 | 0.98 £0.00 3.31 £0.00 | 0.97 = 0.01 3.13 £ 0.06 | 0.96 + 0.01 2.97 + 0.06
Iran
Model Glean MTG TGN tCompGCN
Coverage T Efficiency | | Coverage{  Efficiency | | Coverage !  Efficiency | | Coverage T  Efficiency |
TPS 0.84£0.01 X 5.01+0.01 | 0.89+£0.00X 3.69+0.00 | 1.00 % 0.00 537+£0.00 | 094 £0.00X 3.88+0.01
APS 092 +£0.00X 4.56+0.00 | 1.00 = 0.01 3.06 £ 0.02 | 1.00 = 0.00 5.37 £0.00 | 1.00 = 0.00 3.51 £ 0.00
RAPS 1.00 £ 0.00 5.37 £0.00 | 1.00 £ 0.00 5.37 £0.00 | 1.00 £ 0.00 5.37 £0.00 | 1.00 £ 0.00 5.37 £ 0.00
DAPS 1.00 £ 0.00 3.80 £ 0.00 | 1.00 £ 0.00 3.78 £0.01 | 1.00 £ 0.00 5.37 £0.00 | 1.00 £ 0.00 4.75 £ 0.00
CF-GNN | 0.79 £0.00 X 4.16 £0.00 | 0.80 £0.00X 4.20=£0.00 | 0.59 £0.01 X 4.80£0.04 | 0.79 £ 0.00 X 3.16 =+ 0.00
NEX 1.00 £ 0.00 4.02 £0.01 | 1.00 £ 0.00 4.07 £0.04 | 1.00 £ 0.00 5.37 £0.04 | 1.00 = 0.00 4.00 £ 0.01
NAPS 1.00 £ 0.00 4.01 £0.01 | 1.00 £ 0.00 3.07 £0.01 | 1.00 £ 0.00 4.05 £0.01 | 1.00 £ 0.00 3.01 £0.01
UGNN | 1.00 £ 0.00 5.37 £0.01 | 1.00 £ 0.00 3.37 £0.01 | 1.00 £ 0.00 4.234+0.01 | 091 +0.00X 5.37+0.00
CFEP 0.98 £ 0.00 2.39 +0.00 | 0.98 +0.00 2.41 +0.00 | 0.97 = 0.00 2.48 +0.00 | 0.98 +0.00 2.40 £ 0.00
Israel
Model Glean MTG TGN tCompGCN
Coverage T Efficiency | | Coverage {  Efficiency | | Coverage !  Efficiency | | Coverage T  Efficiency |
TPS 0.81 £0.00X 4.11£0.01 | 0.85+0.00X 4.19+0.00 | 0.84 £0.00 ¥ 3.65+0.20 | 0.82 £0.00 X 3.19 £0.01
APS 1.00 £ 0.00 2.19 £ 0.01 | 1.00 = 0.00 2.19 £ 0.01 | 1.00 = 0.00 3.85+£0.01 | 1.00 = 0.00 2.19 £ 0.01
RAPS 1.00 £ 0.00 3.85 £ 0.00 | 1.00 = 0.00 3.85 £ 0.00 | 1.00 = 0.00 3.85 £ 0.00 | 1.00 = 0.00 3.85 £ 0.00
DAPS 0.92+£0.00X 3.14+£0.00 | 1.00 £ 0.00 2.14 £ 0.00 | 1.00 £ 0.00 2.31 £ 0.00 | 1.00 £ 0.00 2.14 £ 0.00
CF-GNN | 0.84 £0.00 X 3.17+0.00 | 0.84 £0.00 X 3.16£0.00 | 0.59 £0.01 X 3.65+0.01 | 0.84 £0.01 X 3.17 £0.01
NEX 1.00 + 0.00 2.14 £ 0.00 | 1.00 = 0.00 2.19 £ 0.01 | 1.00 = 0.00 3.78 £0.01 | 1.00 = 0.00 2.19 £ 0.01
NAPS 1.00 £ 0.00 2.19 £ 0.01 | 1.00 = 0.00 2.19 £ 0.01 | 1.00 = 0.00 3.85 £ 0.01 | 1.00 = 0.00 2.19 £ 0.01
UGNN | 1.00 £ 0.00 3.85 £ 0.01 | 1.00 &+ 0.00 2.30 £ 0.01 | 1.00 £ 0.00 3.85£0.01 | 1.00 + 0.00 3.85 £ 0.01
CFEP 0.97 £ 0.00 1.75 £ 0.01 | 0.98 £ 0.00 1.80 £ 0.00 | 0.98 £ 0.00 1.86 £ 0.01 | 0.98 £ 0.00 1.80 £ 0.00
nonconformity scores, and the efficiency-aware Table 3: Ablation Study (%).
optimization module reduces the upper bound of oyt
the coverage gap by adjusting weighted quantiles, Model Glean MTG
resulting in more compact prediction sets. No- Coverage T Efficiency | | Coverage{ Efficiency |
. w/otpo | 0.96 £0.01 3.68 £0.00 | 0.96 £ 0.00 3.56 & 0.00
tably, nonconformlty Score-based, GNN-baSCd, and wlotpr | 0.95+0.00 3.5440.00 | 0.97 +0.00 3.49 + 0.00
stochastic block model-based methods fail to meet w/o Lefr | 0.96£0.01  3.70 +£0.00 | 0.97 £0.00 3.75 + 0.00
CFEP | 0.97 £0.01 3.30 £+ 0.03 | 0.98 & 0.00 3.31 £ 0.00

the target coverage across all datasets, reflecting
the strong temporal dynamics in event data. Mod-
els that perform well under the exchangeability
assumption do not generalize effectively to event
prediction tasks. While NEX and NAPS attempt
to address nonconformity, CFEP achieves signifi-
cantly higher efficiency. For instance, on the Egypt
dataset, CFEP improves efficiency over NEX by
41%, 42%, 167%, and 145% across the four back-
bone models, highlighting the effectiveness of the
efficiency-aware optimization.

5.5 Ablation Study

To verify the effectiveness of the components in
CFEP, we conduct an ablation study: (1) Remov-

ing temporal neighbors and topological neighbors,
denoted as w/o tpr and w/o tpo, respectively. (2)
Removing the efficiency-aware loss Le¢r, denoted
as w/o Lerr. We select the Egypt dataset and use
Glean and MTG as the backbone event prediction
models. The results are reported in Table 3. In the
non-conformity score diffusion module, removing
either temporal neighbors or topological neighbors
leads to a clear performance degradation, indicat-
ing that both temporal and topological uncertainty
propagation in temporal knowledge graphs are es-
sential for learning robust nonconformity scores.
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(a) Temporal knowledge graph
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(b) Prediction results

Glean: Consult Q CFEP: {Consult, protest} Q

Figure 3: A real sample selected from the test set.

Notably, removing L leads to a degradation in
efficiency, demonstrating that the efficiency-aware
optimization module effectively reduces the size of
the prediction sets.

Table 4: Parameter Analysis for Non-conformity Score
Diffusion.

Glean
Coverage Efficiency
095 +£0.01 1.92+0.01
0.97 £0.01 1.75 £0.01
0.96 £0.00 1.85£0.00
0.94 £0.01 1.58+0.01
0.94 £0.00 1.52+0.00
093 £0.01 1.46+0.01
0.93 £0.01 1.50 £0.00
093 £0.01 1.64 £+0.01
093 £0.01 1.61=+0.01
0.92+0.01 1.5240.01
091 £0.00 1.26 £0.00
0.87 £0.00 1.16 £0.00
091 £0.00 1.25+0.00

MTG
Coverage Efficiency
0.94 £0.00 1.87 £0.00
0.98 £ 0.00 1.80 £ 0.00
0.96 £0.00 1.95£0.00
0.94 £0.00 1.97 £0.00
0.94 £0.00 1.82+0.00
0.94+0.00 2.1340.00
0.93 £0.00 1.92 £0.00
092 £0.01 1.53+0.01
091 £0.01 1.27+0.01
091 +0.00 1.2340.00
0.90 £0.00 1.16 £0.00
0.90 £0.00 1.13 £0.00
0.90 £0.00 1.10 £0.00

A1 Ao

0.00  0.00
0.01 0.01
0.02 0.01
0.03  0.01
0.04 0.01
0.02 0.02
0.03 0.02
0.05 0.01
0.01 0.05
0.1 05

1.0 0.0
00 1.0

5.6 Parameter Sensitivity Analysis

We empirically investigate the impact of A\; and A,
in Eq. 8 on the performance of CFEP. The parame-
ter analysis is conducted on the Israel dataset using
Glean as the backbone event prediction model. We
choose this dataset because events evolve rapidly
over time, making it a representative benchmark
for examining the sensitivity of CFEP to parame-
ter variations. The results are reported in Table 4.
Specifically, A; controls the contribution of topo-
logical neighbors to the nonconformity score, while
Ao governs the contribution of temporal neighbors.
The experimental results indicate that increasing

the parameters generally reduces the size of the pre-
diction set, thereby sacrificing coverage. Setting
both A\; and A5 to small values (A\; = Ay = 0.01)
mitigates the influence of topological and temporal
neighbors, achieving the optimal balance between
coverage and efficiency.

Coverage on Israel Dataset Efficiency on Israel Dataset

0.990
0.975
90960 g,
©0.945 S
20.930 o] ./\v\\‘
G o915 &
0.900{ —e— CFEP  —m— NEX 1] —e— cFEP  —=— NEX
0.885{ —— DAPS —+— DAPS
087075 10 15 20 1 5 10 15 20

Training noise level Training noise level

Figure 4: Efficiency and Coverage vs Training noise
level in Israel.

5.7 Robustness Analysis

In real-world applications, data inevitably contain
noise, and the conformal prediction methods are
required to maintain reliable predictions even un-
der extreme conditions. We conduct experiments
on the Israel dataset using MTG as the backbone
event prediction model and select DAPS and NEX
as baseline methods, as they achieve strong per-
formance in the Israel dataset. Poisson noise is
injected into the training and calibration data to
analyze how coverage and efficiency vary with in-
creasing noise levels. As shown in Fig. 4, CFEP
demonstrates substantially stronger robustness than
DAPS and NEX. By incorporating both temporal
and topological neighbors, CFEP learns robust non-
conformity scores that preserve the target coverage
while maintaining high efficiency even in noisy
scenarios. DAPS exhibits greater robustness than
NEX, which can be attributed to its ability to in-
tegrate structural information and global relation-
ships. NEX primarily emphasizes explicit reduc-
tion of prediction set size, leading to nonconformity
scores that are more sensitive to noise.

5.8 Case Study

We select a real test sample to illustrate the differ-
ence between CFEP and existing event prediction
models. We use Glean, a representative method
that performs point predictions by learning tempo-
ral knowledge graphs, to represent current event
prediction approaches. As shown in Fig. 3 (a), a
temporal knowledge graph is constructed from the
selected test sample, with the ground truth event
at the future timestamp being a protest. Fig. 3 (b)
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shows that Glean predicts the event with the high-
est probability, which is a Consult event. CFEP
produces a prediction set {Consult, Protest} that
includes the true label. The point predictions pro-
duced by Glean do not provide information about
prediction confidence, and errors can result in sig-
nificant losses, making them difficult to use in prac-
tical decision-making. CFEP generates prediction
sets with guaranteed coverage while maintaining
high efficiency, thereby providing substantial sup-
port for informed decision-making.

6 Related Work

6.1 Event Prediction

Research on event prediction spans a wide range of
domains, including criminal activities (Sun et al.,
2023; Jhee et al., 2023; Hu et al., 2024; Qin et al.,
2025; LIN et al., 2024), political events (Deng et al.,
2024a; Thida, 2026; Gwak et al., 2024; Shahi et al.,
2024; von der Maase, 2025), and stock markets
(Liu et al., 2024; Koa et al., 2024; Saberironaghi
et al., 2025; Chiu et al., 2025). Early approaches
to event prediction employ machine learning tech-
niques (Kallus, 2014), which rely on statistical fea-
tures to predict events. Recently, researchers have
used deep learning methods to automatically ex-
tract event features (Deng et al., 2024b; Wu et al.,
2020). To represent event structures, some re-
searchers model events as graphs and leverage se-
mantic information from event texts to derive rich
representations, such as topic-related keywords,
document embeddings, causal effects, knowledge
graphs (Deng et al., 2021, 2020, 2022b,a), and con-
textual information (Ma et al., 2023; Han and Ning,
2022). However, none of these methods consider
uncertainty quantification for event prediction.

6.2 Conformal Prediction

Vovk (Vovk et al., 2005b, 2017) first offers predic-
tion sets with guaranteed confidence levels based
on a predefined coverage rate. Since its inception,
numerous studies have focused on both advancing
its theoretical foundations (Tibshirani et al., 2019;
Xu and Xie, 2021; Campos et al., 2024; Gibbs
et al., 2025) and improving practical applications
(Fannjiang et al., 2022; Lu et al., 2022; Quach
et al., 2023; Mossina et al., 2024; Ernez et al.,
2023; Pantelidis et al., 2025; Silva-Rodriguez et al.,
2025; Everink et al., 2025). Given its inherent ro-
bustness, a key challenge in applying conformal
prediction across different domains is enhancing

efficiency (Ndiaye, 2022; Straitouri et al., 2023).
The design of an effective non-conformity score
plays a critical role in improving the efficiency
of prediction sets while maintaining exchange-
ability guarantees. Several notable approaches,
including TPS (Sadinle et al., 2019), APS (Ro-
mano et al., 2020), and RAPS (Angelopoulos et al.,
2020), achieve higher efficiency by employing
distinct strategies for computing non-conformity
scores. More recently, several studies have ex-
tended conformal prediction to graph-structured
domains (Huang et al., 2023; Zhao et al., 2024;
Zargarbashi and Bojchevski, 2024; Zhang et al.,
2025; Song et al., 2024). (Zargarbashi et al., 2023)
proposed a diffusion-based non-conformity score
that incorporates topological information for graph-
based conformal prediction. In contrast to these
studies, our work targets the domain of event pre-
diction over temporal knowledge graphs, where the
standard exchangeability assumption breaks down.

7 Conclusion

In this paper, we introduce CFEP, a framework that
applies conformal prediction to event prediction.
Our primary objective is to integrate nonconfor-
mity theory into the event prediction framework
and demonstrate that the exchangeability assump-
tion is violated in this domain due to the temporal
dependencies of events. Through theoretical analy-
sis, we propose an upper bound to effectively ad-
dress the coverage gap. CFEP incorporates the non-
conformity score diffusion module, which simul-
taneously considers both topological and temporal
neighbors to generate robust nonconformity scores,
while the efficiency-aware optimization module ad-
justs the quantile weights to produce prediction
sets that achieve high efficiency without compro-
mising coverage. Experiments on three real-world
datasets show that CFEP outperforms existing base-
line methods in terms of both efficiency and cover-
age.

Limitations

CFEP inherits the representational limitations of
the underlying event prediction model. When
the backbone model produces poorly calibrated or
noisy outputs, CFEP may yield conservative predic-
tion sets with reduced efficiency. Moreover, CFEP
currently assumes a predefined event type space
during calibration, which limits its direct applica-
bility to entirely unseen event types. In future work,
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we plan to further enhance the representational ro-
bustness of CFEP so that it remains effective even
when the backbone model provides suboptimal pre-
dictions.

Ethics Statement

Regarding the potential risks associated with our
work, we provide the following clarifications. This
work focuses on developing an uncertainty quan-
tification framework for event prediction and is
intended solely for research purposes. It should not
be directly used for policy-making or operational
decision-making. In the case of processing event
text with pre-trained language models, we freeze
the model parameters and employ the model in an
offline setting to effectively mitigate the risk of data
leakage. No Al assistance was applied in any of the
experiments. Al was only used to assist in refining
the language of the paper to enhance clarity. The
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Table 5: Important notations and descriptions.

Notation Description
head entity, event type, tail entity and
5,7,0,C
event text
E,R,C sets of entities, event types and event texts
F() the transformation function
f) event prediciton model
E the set of events
et the event of type ¢ occurring at timestamp ¢
Xt the representation of the event type ¢
’ at timestamp ¢
o the nonconformity score of the event type ¢
' at timestamp ¢

A Theory Analysis

A.1 Analysis of Non-Exchangeability in Event
Prediction

Table 5 summarizes the important notations and
their corresponding descriptions used in this paper.
We theoretically analyze the violation of exchange-
ability in event prediction. Before presenting the
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theoretical framework, we define the calibration
and test sets in event prediction.

Definition 4 Calibration Set and Test Set. Given
the set of events of type i extracted from the
temporal knowledge graph, denoted as Eigt
{ez .€.2, ..., et} C E with timestamps satisfying
tp < - < L The nonconformity scores for each
event type i are 3 The sets of events in the cali-
bration set and the test set are defined as E. and
E,, respectively:

DC:(ECSt’Xt’y“ Z) E<t t h+1:t

13)

Dy = (Ef', Xyl sh), EFt = el (14)
where D. N Dy = @ and E. N E; = @. X, y!,
and st denote the feature representation, ground-
truth label, and nonconformity score of event type
i at timestamp t, respectively. E= denotes the set
of events extracted from the temporal knowledge
graph Gt—h+12,

We begin by establishing that exchangeability holds
for event prediction on static graphs, followed by
an analysis showing that it is violated in temporal
knowledge graphs. In a static graph G = (V| E),
given a training dataset Dy, a validation dataset Dy,
a calibration dataset D, and a test dataset Dy, if a
model mapping data points X to Y and a function
mapping X' x ) satisfy the assumption in Eq. (15),
then the exchangeability condition can be main-
tained:

5(% Y; {Zi, Yi Yie DUD, » {afj }jeDCUDL)

= 5(90, Y; {%i, Yi Yie DD, » {%(j)}jeDcth)
(15)

where 7 denotes a permutation over the events
in the calibration and test sets. S is the non-
conformity score function. In general, event predic-
tion models satisfy Eq. (15) because they depend
solely on the graph structure and event attributes
and do not take the temporal order into account. In
a temporal knowledge graph, the graph topology,
the labels of event types, and the features of events
all evolve. The violation of exchangeability arises
for two reasons. First, the nonconformity scores of
the calibration and test sets inherently depend on
time, causing them to follow different distributions.
Second, training an event prediction model requires
temporal information, meaning that the ordering of
nodes and edges in the temporal graph influences
the model’s predictions. Both factors result in a
violation of Eq. (15).

Proposition 1 Non-Exchangeability in Event
Prediction. Suppose there exists an event
type i such that (sfl, cel sf’“) ~ P and
(szk“,...,sﬁ”) ~ P, a¢. Then, the probability
of selecting n. nonconformity scores to form the
calibration set can be written as

HPt ) H Priai(s;’),

j=k+1

P(E.| E.,) =

and for any permutation 7 of the indices, it holds
that

P(EC | Ect) 7é P(ETr(c) | Ect)‘
Despite this, existing studies have not examined

conformal prediction in the context of event predic-
tion.

A.2 Proof for the Upper Bound on Coverage
under Non-Exchangeability

Given a calibration set D. and a randomly se-
lected test instance from Dy, we compute the non-
conformity scores for all samples in the calibra-
tion set as well as for the test instance. Let ¢, =
(s1,...,s!m) denote the set of non-conformity
scores obtained from the calibration set D.. Each
s' is computed as the average of non-conformity

scores across all event types at time ¢:

S ‘R‘ZSZ,

1€ER

(16)

where R represents the set of event types,
and s! is the non-conformity score of event
type ¢ at time ¢t. When incorporating the
j-th test sample from D;, we define ¢; =

(s1,...,s!m, s/t) as the augmented set of non-
conformity scores. Furthermore, we use qﬁ? =
(s1,..., stk=1 glt glk+1 glne slh) to repre-

sent a permutation in which the test score s’ is
swapped with the k-th calibration score.
According to conformal prediction theory, when
the non-conformity scores fail to satisfy the ex-
changeability assumption, the prediction event can

be characterized as:

ne+1
WY PR Q1a<z & a) ,

i=1
(17)
where §(-) denotes sorting the non-conformity
scores in ascending order. Here, w; are predefined
weights satisfying > &; = 1. Under the ex-
changeability assumption, these weights reduce to
uniform values, i.e., ©; = 1/(n. + 1).
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Eq. 17 illustrates the effect of violating ex-
changeability. To preserve coverage guarantees,
it is therefore sufficient to show that the quantile
computed from any permuted set <I>§k> does not ex-
ceed that derived from ®;. Formally, we aim to
establish

Ne
Qi-a (Z w; - 0o, + d}nc+15nc+1>

i=1
ne+1

> Q1-a ( > @ 5¢(k>> :
i=1 !

From this, it is evident that the inequality holds
when the test instance has the largest non-
conformity score. Thus, it remains to verify the
condition when the test score is not the maximum.
Consider a specific permutation (I>§-k). The corre-
sponding weighted quantile can be expressed as:

(18)

k—1 Tl
~ .ot 15y, glnetl ~.6ti tk
W;S” + wps e + W;S™" + Wp.418".
i=1 i=k+1

19)
Meanwhile, the quantile computed from ®; can be
rewritten as

k—1 Ne
~. gt 1 7, gtk ~ogli tne+1
wis”* + wrs™* + Wis™" + w418 .
i=1 i=k+1

(20)
To ensure that the inequality holds for any permuta-
tion <I>§-k), it suffices to show that the quantile from
(k)

. . j

the two expressions yields (@y,, 1 — @) (stre+t —
s'%). For this to be non-negative, it is necessary that
Wn.+1 > Wk, given that exchangeability violation
implies stne+! > stk where st corresponds to the
score responsible for the violation. Consequently,

Yt ¢ CIt = sl € (I>§-k). This leads to

®; is no smaller than that from ®."". Subtracting

Py ¢ C) = P(s™ € () =
ne+1

3 @i -Pie o).

=1

2D

By applying the total variation distance, we further
obtain

ne+1
Py ¢ 0 < 3 @i (B(i € 3)
; ( T @

k
+ dTv((I)j, (I)S- ))>,

which can be rewritten as

E Z w; | + Z(:}Z . dTV((bj» (I)gk))
i€, i=1 (23)
<a+ @ dry(@,00).
=1

B Methodology
B.1 Algorithm of CFEP

The overall procedure of the proposed method is
summarized in Algorithm 1. We first train the event
prediction model on the training and validation sets.
The trained model is then used to obtain event rep-
resentations as well as the corresponding logits,
which serve as the basis for computing the base
non-conformity scores. Next, CFEP is trained on
the calibration set. During the Non-Conformity
Score Diffusion stage, we aggregate both topolog-
ical neighbors and temporal neighbors for each
event category, resulting in temporally and topo-
logically diffused non-conformity scores for each
event. After obtaining the diffused non-conformity
scores across the entire calibration set, we estimate
the quantile threshold ¢ through a differentiable
procedure proposed in this work and further opti-
mize a weighted quantile in the Efficiency-aware
Optimization stage. During inference on the test
set, we construct the prediction set by comparing
the non-conformity scores with the weighted quan-
tile obtained by CFEP, thereby producing predic-
tion sets that guarantee coverage while achieving
high efficiency.

B.2 Time Complexity

The time complexity of the CFEP method can be
analyzed by considering the key steps involved in
both the training and inference phases.

First, the event prediction model is trained on the
temporal knowledge graph. This step typically in-
volves learning a model that captures the temporal
and relational dependencies between events. The
training time for this model depends on the specific
architecture used (e.g., Graph Neural Networks,
LSTM, or Transformer models) and is denoted as
O (Tirain), where Tipain is the time complexity of the
prediction model training process. Depending on
the model complexity, this can vary, but it is gen-
erally proportional to the size of the graph and the
number of training epochs.
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Figure 5: Efficiency and Coverage vs Training Data Size on Egypt and Iran.
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Figure 6: Efficiency and Coverage vs Pre-defined mis-coverage level on Egypt and Iran.

Second, for each event type ¢ € R, the non-
conformity score s! is calculated. This process
involves comparing the predicted event labels with
the true labels, which can be done in O(n) time,
where n is the number of event types. Each non-
conformity score captures how "unexpected" or
"non-conforming" a given prediction is, and this
calculation is done individually for each event type
in the dataset.

Once the non-conformity scores are computed,
the next step is to diffuse these scores across the
temporal and topological neighbors of each event.
The diffusion process involves propagating the non-
conformity scores through the graph, taking into
account both temporal relationships (i.e., events
occurring within a certain time window) and topo-
logical relationships (i.e., events that are connected
through shared entities or relationships). The time
complexity of this operation is proportional to the
number of edges in the graph, O(|E|), where |E|
is the number of edges in the temporal knowledge
graph. This step typically involves a message-
passing or graph traversal mechanism, which en-
sures that each event’s score is updated based on
its neighbors.

Finally, the quantile threshold for conformal pre-
diction is computed by sorting the non-conformity
scores. This sorting step ensures that the prediction
set can be constructed according to the desired cov-
erage level 1 — .. Sorting n non-conformity scores
requires O(nlogn) time, which is the dominant
complexity in the quantile computation.

Therefore, combining all the steps, the overall
time complexity of CFEP is given by the following

expression:

Terep = O(Tirain) +O0(n-k)+O(|E[)4+O(nlogn)

(24)
where Ty i the training time of the event pre-
diction model, n is the number of event types, k
represents the average number of neighbors per
event, |E| is the number of edges in the tempo-
ral knowledge graph, and n log n accounts for the
sorting of non-conformity scores.

C Experiments

C.1 Dataset

The majority of existing benchmark datasets are
constructed from different curated subsets of
GDELT and ICEWS. For instance, the commonly
used ICEWS14 and ICEWS18 datasets represent
event records extracted from the ICEWS corpus
(Han et al., 2021) for the years 2014 and 2018,
respectively. Nevertheless, these datasets do not
preserve the original news articles from which the
events are derived. Instead, they only retain struc-
tured event attributes, including the head entity,
tail entity, event type, and timestamp. The omis-
sion of raw news text substantially limits semantic
analysis, as textual context plays a critical role in
capturing event semantics and interpreting the un-
derlying meanings of events. Building upon the
SeCoGD (Ma et al., 2023), we further perform ad-
ditional data cleaning to remove noisy records from
the dataset.
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Algorithm 1 CFEP: Conformal Event Prediction
with Temporal Knowledge Graph

Require: Temporal knowledge graph G‘~h+1¢;

event prediction model f(-); transformation
function F'(+); train set Dyin, valid set Dyajig,
calibration set D,,yjp; miscoverage level «; dif-
fusion weights \g, A1, A2
1. Stage 1: Event Prediction Model Training
2: Train f(-) on historical temporal graphs
Obtain event representations X' =
f(gt7h+1:t)
4: Compute logits y* = F(X?)
5: Stage 2: Non-Conformity Score Diffusion
6: for all (X!, y') € Deap do
7
8
9

el

forall: € R do
Compute base score st < |yt — |
Identify topological neighbors /\/;tpO

10: Identify temporal neighbors A/;™"
11: Compute non-conformity scores
12: end for

13: end for

14: Collect diffused scores S = {s!}

15: Stage 3: Quantile Estimation

16: Sort S in ascending order

17: Compute quantile threshold ¢

18: Stage 4: Efficiency-aware Optimization

19: Optimize prediction set size by minimizing
efficiency loss Les

C.2 Implementation

We reproduce the event prediction models using
publicly available implementations whenever the
original authors have provided code. In cases
where code is not available, we implement the
models from scratch based on the methodologi-
cal descriptions provided in the corresponding pa-
pers. During reproduction, we carefully follow the
hyperparameter settings, training procedures, and
evaluation protocols specified in the original works
to ensure faithful replication of the reported per-
formance. Additionally, any necessary adaptations
to accommodate dataset differences or framework
updates are explicitly documented to maintain re-
producibility. During training, we set the node and
edge embedding dimensions to 32 for all event pre-
diction models. Each method is trained for five
runs, each consisting of 20 epochs, with a batch
size of 2. The reported results are averaged over
the five runs. When training the conformal pre-
diction models, we freeze the parameters of the

event prediction model. The conformal prediction
methods are reproduced based on the implemen-
tations provided in the original papers, and their
training procedures follow those used for the event
prediction models. The transformation function F'
is defined as a linear function. We perform exper-
iments on Ubuntu 22.04.3 LTS with an NVIDIA
A100 and utilize PyTorch to implement all meth-
ods.

C.3 Baselines Introduction

We elaborate on the baseline methods considered
in our experimental evaluation, with a particular
focus on conformal prediction based approaches.
Specifically, TPS (Sadinle et al., 2019), APS (Ro-
mano et al., 2020), and RAPS (Angelopoulos et al.,
2020) represent fundamental conformal prediction
techniques, differing primarily in how the target
quantile is computed and subsequently used to
form the prediction set. These methods serve as
canonical references for evaluating coverage guar-
antees and efficiency trade-offs in conformal infer-
ence. DAPS (Zargarbashi et al., 2023) introduces
a graph-aware non-conformity score tailored for
static graph settings, making it a strong baseline
for assessing whether explicitly modeling structural
information can improve conformal prediction per-
formance. When applied to event prediction, we
extend DAPS to incorporate both topological neigh-
bors and temporal neighbors. CF-GNN (Huang
et al., 2023) further advances this line of work by
adopting a model-based framework that integrates
APS-style non-conformity scores with graph neu-
ral networks. Through end-to-end optimization,
CF-GNN incorporates topological dependencies
directly into the learning process, thereby enhanc-
ing the expressiveness of the conformal scoring
mechanism under structured data scenarios. Be-
yond exchangeable settings, NEX (Barber et al.,
2023) explicitly targets the violation of the ex-
changeability assumption in time series data. It
addresses temporal distribution shifts by design-
ing non-exchangeable conformal scores, making it
particularly relevant for sequential prediction tasks.
Similarly, NAPS (Clarkson, 2023) relaxes the ex-
changeability assumption in graph domains by in-
troducing structure-aware weighting schemes for
conformal scores, enabling the method to better
reflect relational dependencies in static networks.
UGNN (Davis et al., 2024) extends conformal pre-
diction to temporal graphs under the assumption
of exchangeability. However, UGNN was origi-
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nally designed for static GNN backbones such as
GCN, GAT, and GraphSAGE, which restricts its
direct compatibility with temporal GNN architec-
tures. To ensure a fair and meaningful comparison,
we adapt UGNN by first extracting node represen-
tations from the temporal GNN and then applying
an additional projection layer to obtain the final
predictive outputs.

C.4 Parameter Analysis

To further investigate the impact of different param-
eters on CFEP, we vary the predefined miscoverage
level « and the size of the training data. Experi-
ments are conducted on the Egypt and Iran datasets,
and NAPS and NEX are chosen as baseline meth-
ods as they exhibit strong performance in the main
results. Fig. 5 illustrates that, as the amount of
training data decreases, CFEP consistently pre-
serves the predefined coverage while achieving
superior efficiency, yielding the best overall per-
formance among all methods. This observation
suggests that CFEP can learn stable and robust non-
conformity scores even under limited-data regimes
by effectively exploiting both temporal and topo-
logical neighborhood information. In comparison,
DAPS demonstrates better performance than NEX,
which is likely attributable to its joint modeling
of temporal and topological neighbors, allowing it
to remain more resilient to reductions in training
data. Fig. 6 shows that, despite the increase in
the predefined mis-coverage level, CFEP consis-
tently maintains strong coverage while achieving
relatively high efficiency compared with the base-
line methods. NEX outperforms DAPS, indicating
that jointly incorporating structural and temporal
features in DAPS under varying mis-coverage lev-
els may introduce additional noise, which in turn
leads to an expansion of the prediction sets.
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