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Abstract

Previous work on cross-document event coref-
erence resolution (CDECR) primarily focused
on enhancing semantic coherence between
event mentions, largely overlooking the crit-
ical aspect of temporal coherence. To ad-
dress this issue, we propose CohTP, a novel
Temporal Cohorence-driven event coreference
framework. CohTP explicitly models and en-
forces temporal constraints by first constructing
a temporal event graph via a fine-tuned natural
language inference (NLI) model. The graph is
then refined using an Edge-Aware GNN to re-
solve conflicts and partitioned into ordered time
segments, where undirected edges group con-
temporaneous events. Event coreference reso-
lution is subsequently performed within these
temporally coherent segments, where event rep-
resentations are further augmented with tempo-
rally consistent contexts. Experiments on the
ECB+, GVC, WEC, and ECB+META datasets
show that CohTP outperforms several state-of-
the-art baselines.

1 Introduction

Cross-document event coreference resolution
(CDECR) aims to cluster event mentions that re-
fer to the same real-world occurrence across mul-
tiple text sources. This task is crucial for many
downstream tasks such as question answering
(Ramesh et al., 2023), topic detection (Vahidnia,
2023) and information extraction (Yan et al., 2023),
While significant progress has been made in within-
document settings, CDECR remains particularly
challenging due to the scarcity of direct lexical and
contextual cues that link mentions scattered across
different documents.

Existing approaches (Cattan et al., 2021; Yu
et al., 2022; Chen et al., 2025a) typically address
this challenge by learning enriched representations
of event mentions. As illustrated in Figure 1(a),
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Figure 1: (a) Existing methods encode all event mention
pairs and perform coreference resolution. (b) Our ap-
proach partitions it into ordered segments {T1, T2, ...},
and then resolves coreference only within each segment.

most previous methods overlook a fundamental
temporal constraint: coreferent events must neces-
sarily occur within overlapping or identical time pe-
riods. This oversight often leads to false positives,
where semantically similar but temporally disjoint
events (e.g., “the company launched product A”
and “the company launched product B” months
apart) are incorrectly clustered together.

To address this issue, we propose CohTP1, a
novel framework that incorporates temporal coher-
ence into cross-document event coreference reso-
lution. As shown in Figure 1(b), different from
existing approaches, we sort the event mentions
according to the time of occurrence and partition
them into temporal segments for constructing can-
didate coreference event mention pairs in the same
segments. Specifically, CohTP includes three main
stages: 1) constructing and refining a temporal
event graph to capture event temporal relations,
2) partitioning events into temporally coherent seg-
ments based on the refined graph, and 3) resolving
coreference within each segment using temporally-
augmented event representations. By restricting
coreference predictions to temporally consistent
segments, our framework inherently eliminates im-
possible coreference links and significantly reduces
the candidate search space. Moreover, we enhance

1https://github.com/chenxinyu-nlp/CohTP
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event representations with temporally coherent con-
texts, selectively incorporating information from
adjacent segments to incorporate temporal coher-
ence information into event mentions for CDECR.
The contributions of this paper are as follows:

• We propose CohTP, a novel temporal coher-
ence framework that explicitly models tem-
poral constraints for more accurate cross-
document event coreference resolution.

• We introduce a temporal graph refinement ap-
proach that combines an Edge-Aware GNN
with rule-based processing to ensure tempo-
rally consistent event partitions.

• We propose a temporal context augmentation
method that constructs narratively coherent
event representations by incorporating adja-
cent events, achieving performance improve-
ments than existing coherence approaches.

2 Related Work

Event coreference resolution is a more challeng-
ing task than entity coreference resolution due to
the complex structures of event mentions (Yang
et al., 2015), most researchers took event corefer-
ence resolution as a pairwise similarity problem. In
the within-document event coreference task, they
resolved coreferent events via feature engineering
(Chen and Ji, 2009; Bejan and Harabagiu, 2010;
Krause et al., 2016), multi-task learning (Lu and
Ng, 2017, 2021), and event representation enhanc-
ing (Tran et al., 2021; Xu et al., 2022, 2023), etc.

Early cross-document event coreference resolu-
tion task contains holistic model on nominal and
verbal mentions (Lee et al., 2012), unsupervised
method (Bejan and Harabagiu, 2014), iteratively
unfolding inter-dependencies method (Choubey
and Huang, 2017), and efficient sequential pre-
diction paradigm(Allaway et al., 2021). Recent
methodologies for CDECR can be categorized into
three main strands.
Feature Representation Early approaches lever-
aged argument information to enrich event repre-
sentations (Barhom et al., 2019; Yu et al., 2022).
Subsequent work incorporated discourse struc-
ture, with Chen et al. (2023) constructing cross-
document rhetorical structures and Gao et al.
(2024) combining within-document rhetoric with
cross-document lexical chains. Ahmed et al.
(2024a) utilized cross-document Abstract Mean-
ing Representation (X-AMR) to capture event-
argument structures, which can implicitly associate

temporal information via arguments like Arg-time.
Most recently, Chen et al. (2025a) enhanced se-
mantic coherence between event contexts through
textual augmentation, demonstrating the value of
discourse-level connections.
Encoder Enhancement Another line focuses on
model architecture improvements. Caciularu et al.
(2021) pre-trained a cross-document language
model on document sets, while Held et al. (2021)
developed fine-grained classifiers for local feature
extraction. They aim to capture deeper linguistic
patterns without explicit structural constraints.
Data Augmentation Addressing data scarcity, re-
searchers have employed various augmentation
strategies. Ahmed et al. (2023) used lemma heuris-
tics to balance positive and negative pairs, Ravi
et al. (2023) leveraged commonsense temporal re-
lations from knowledge bases to guide event un-
derstanding, modeling generic event scripts rather
than document-specific factual timelines. Ding
et al. (2024) developed rationale-centric counterfac-
tual augmentation, and Min et al. (2024) leveraged
LLMs to summarize event mentions for enhanced
comprehension.

Among them, Ravi et al. (2023), Ahmed et al.
(2024a) and Gao et al. (2024) have integrated tem-
poral information, which served as a supplementary
feature within a unified representation or as exter-
nal guidance. In contrast, our work CohTP is the
first to: 1) explicitly model pairwise temporal rela-
tions to build a global temporal graph; 2) use the
graph to partition events into temporally coherent
segments; and 3) impose temporal consistency as
a hard constraint by restricting coreference resolu-
tion within segments, thereby directly eliminating
impossible links. This represents a paradigm shift
from using time as a soft feature to leveraging it as
a foundational, structural constraint.

3 Event Partition on Temporal Relation

We detail the construction and refinement of tem-
poral graphs to partition events into ordered time
segments in this section. As illustrated in Figure 2,
we first employ a fine-tuned BERT-NLI model to
predict temporal relations between event mention
pairs and construct an initial temporal graph. The
graph is then optimized through an Edge-Aware
GNN with unsupervised losses to resolve tempo-
ral conflicts. Finally, events are partitioned into
distinct time segments based on the refined graph.
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Figure 2: Framework of Temporal Graph Construction and Partitioning.

3.1 Temporal Relation Initialization

The MAVEN-ERE dataset (Wang et al., 2022)
contains rich temporal annotations including BE-
FORE, CONTAINS, SIMULTANEOUS, OVER-
LAP, BEGINS-ON and ENDS-ON relations. To
adapt this schema to CDECR, we consolidate CON-
TAINS, SIMULTANEOUS, and OVERLAP into a
unified SAMETIME category, representing events
occurring within the same time period. The BE-
FORE relation is correspondingly defined as events
occurring in distinct time periods, providing sim-
plified yet effective temporal constraints for subse-
quent processing.

To establish foundational temporal constraints
for subsequent graph refinement, we first construct
an initial temporal graph through supervised pre-
training. We employ a fine-tuned Natural Language
Inference (NLI) model for initial temporal relation
prediction. Specifically, we adapt BERTLarge to pre-
dict temporal relations by modeling the task as an
NLI problem: for each event mention pair (ei, ej),
we generate hypothesis templates (e.g., “Event A
occurs before Event B” or “Event A occurs at the
same time as Event B”) and predict the temporal
probability distribution pij = [pBF

ij , p
ST
ij ], where

pBF
ij and pST

ij refer to the probabilities of event men-
tion ei being BEFORE and SAMETIME relative
to ej respectively. To eliminate directional bias,
we simultaneously predict the temporal relation of
symmetric sample (ej , ei) to obtain the distribution
pji = [pBF

ji , p
ST
ji ]. A temporal graph G is initially

constructed where nodes store event mention fea-

tures and edges store bidirectional probability dis-
tributions. In this graph, a SAMETIME relation
is represented by an undirected edge, while a BE-
FORE relation is represented by a directed edge
pointing from the earlier event to the later one. The
model achieves 78.4% accuracy on the binarized
MAVEN-ERE test set.

3.2 Temporal Graph Refinement

The initial temporal graph inevitably contains pre-
diction errors and logical inconsistencies, which
require global refinement for reliable event parti-
tioning.
Refinement Objective In the initial temporal
graph G = (V, E ,R), each node vi ∈ V stores
feature xi of the event mention ei, here xi =
BERTLarge(ctx(ei)), ctx(ei) denotes the context
of event mention ei. Edges ⟨vi, vj⟩ ∈ E store
temporal relations with probability distribution
pij = [pBF

ij , p
ST
ij ]. To address the limitations of

local predictions and ensure global temporal con-
sistencies, the objective is to learn a refinement
function fθ(·) that produces a conflict-minimized
graph G′

= fθ(G) that satisfies the symmetry and
transitivity temporal consistency constraints:

pST
ij = pST

ji ,

pBF
ij > τ ∧ pBF

jk > τ ⇒ pBF
ik > τ,

pST
ij > τ ∧ pST

jk > τ ⇒ pST
ik > τ,

(1)

where τ is the confidence threshold (empirically set
to 0.5) for accepting a temporal relation prediction.
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Edge-Aware Graph Neural Network To effec-
tively propagate temporal information and resolve
conflicts across the graph, we propose a novel Edge-
Aware Graph Neural Network (EA-GNN) to update
node and edge representations.

Specifically, we first send event mention feature
xi to a BiLSTM to capture sequential semantics
h
(0)
i and initialize the edge ⟨vi, vj⟩ representation

as r
(0)
ij = pij . Second, we jointly update node

and edge representations by a message passing
mechanism, which incorporates edge semantics
into neighbor message of j to i (denoted as m(l)

j→i).
We finally perform attention-based node aggrega-
tion to update node representations. The updating
process can be formalized as follows.

m
(l)
j→i = ψ

([
h
(l)
j ⊕ r

(l)
ij

])
,

αij = softmax
(
aT · tanh(W[h

(l)
i ⊕m

(l)
j→i])

)
,

h
(l+1)
i = ϕ

([
h
(l)
i ⊕

∑
j
αijm

(l)
j→i

])
,

r
(l+1)
ij = ϕ

([
h
(l+1)
i ⊕ h

(l+1)
j ⊕ r

(l)
ij

])
,

(2)

where both ϕ(·) and ψ(·) are implemented as MLP
with ReLU activations, ϕ(·) transforms edge fea-
tures and ψ(·) processes messages for aggregation.
⊕ denotes concatenation, and aT is a learnable
attention vector.

After K (K is set to 3) layers, we compute the
final edge probabilities as a gated combination of
all layers’ outputs:

r
(final)
ij = softmax

(∑K

k=1
γkW

(k)r
(k)
ij

)
, (3)

where γk are learned layer importance weights,
and W(k) are projection matrices. This multi-layer
approach captures hierarchical temporal dependen-
cies while mitigating gradient vanishing issues.
Temporal-aware Consistencies To further explicit
supervision signals to enforce fundamental tempo-
ral logic rules, we design three unsupervised losses
that directly encode temporal consistency princi-
ples at different levels.

To address common transitivity violations in the
initial graph. For every event triplet (ei, ej , ek), we
enforce transitivity through conditional probability
maximization:

Ltrans = − 1

|T |
∑

(i,j,k)∈T
log

(
r
(l)
ik · vijk + ϵ

)
, (4)

where T is the set of event triplets, and vijk is the
expected temporal vector:

vijk =





[1, 0]T if pBF
ij > τ ∧ pBF

jk > τ

[0, 1]T if pST
ij > τ ∧ pST

jk > τ

r
(0)
ik otherwise

. (5)

To correct the prediction asymmetry caused by the
directional NLI. For symmetric SAMETIME rela-
tions, we minimize distributional divergence:

Lsym =
1

|P|
∑

(i,j)∈P
∥pij − pji∥1 , (6)

where P is the set of symmetric edge pairs.
To prevent over-correction, we preserve initial

semantic tendencies:

Lsem =
1

|V|
∑

(i,j)∈V
KL

(
r
(l)
ij ⊕ (g(h

(0)
i ,h

(0)
j ))

)
,

(7)
where g is a temporal direction classifier pretrained
on MAVEN-ERE. The combined optimization ob-
jective is:

L = λtransLtrans + λsymLsym + λsemLsem, (8)

with λtrans = 1.0, λsym = 0.6, λsem = 0.5 empiri-
cally tuned.

These complementary losses enable holistic tem-
poral consistency while maintaining semantic plau-
sibility throughout the refinement process.

3.3 Training and Inference
We first fine-tune BERT-NLI2 model on MAVEN-
ERE to predict temporal relations between event
mention pairs that the initial temporal probabil-
ity distributions of CDECR datasets are annotated,
which are used to train our EA-GNN. During in-
ference, all samples are processed through the pre-
trained BERT-NLI to construct temporal graphs,
which are refined by the EA-GNN for event coref-
erence resolution.

3.4 Residual Conflict Correction
Although EA-GNN significantly reduces global
temporal conflicts, its output may still contain resid-
ual inconsistencies. To ensure the reliability of sub-
sequent segmentation steps, we apply a rule-based
post-processing stage to eliminate these remain-
ing symmetric and transitive conflicts. For sym-
metric conflicts, if an edge (ei, ej) is predicted as

2transformers.BertForSequenceClassification
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Figure 3: Framework of Temporal-aware Coreference Resolution.

SAMETIME while its symmetric edge (ej , ei) is
BEFORE, we adopt the relation with higher confi-
dence, that is, we remove the one with lower con-
fidence and retain the one with higher confidence.
For transitive conflicts3, we examine all event men-
tion triplets (ei, ej , ek). When an inconsistency is
detected, we calculate the joint probability sum of
all possible temporal relation combinations and cor-
rect the predictions of the edges within the triplet
to the conflict-free combination with the highest
joint probability. This step ensures the logical con-
sistency of the temporal graph.

3.5 Temporal Partitioning

We partition the event mentions into ordered time
segments T = {T1, T2, ..., TM} based on the ob-
tained temporal graph. This partition satisfies: 1)
events connected by undirected SAMETIME edges
are grouped into the same segment Tm, forming
clusters of contemporaneous events; 2) and the
directed ‘BEFORE‘ edges establish the temporal
ordering between segments, ensuring that for any
a < b, all events in Ta temporally precede those
in Tb. This structure enables us to represent com-
plex temporal relationships through a simplified
timeline of event clusters.

3Details and an illustrative example are available in Ap-
pendix A.

4 CDECR with Temporal Coherence

Our framework of temporal coherence-enhanced
approach for cross-document event coreference res-
olution is shown in Figure 3. Following temporal
partitioning, we first employ a cross-time corefer-
ence recovery mechanism that utilizes large lan-
guage models to correct low-quality temporal pre-
dictions between adjacent segments. For candidate
coreferent event mention pairs within the same time
segment, we then construct temporally coherent
contextual representations, which are encoded by
LongFormer and processed through an MLP for
coreference prediction.

4.1 Cross-Time Coreference Recovery

To alleviate the risk of incorrectly separating coref-
erent events across different time segments due
to faulty temporal predictions, we correct poten-
tially erroneous BEFORE predictions between adja-
cent segments by a cross-time coreference recovery
mechanism. Specifically, we collect event pairs pre-
dicted as BEFORE between neighboring segments
Tε±1 and the target segment Tε, and fine-tune the
BERT-NLI model on these samples while moni-
toring performance on the MAVEN-ERE temporal
test set (detailed in Appendix B). Samples whose
inclusion causes performance degradation are re-
garded as low-quality predictions, which account
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for approximately 32% of all BEFORE predictions.
These samples are subsequently submitted to GPT-
4 for re-evaluation4, with approximately 65% of
them being corrected (from BEFORE to SAME-
TIME). This intervention effectively recovers coref-
erent events that were incorrectly dispersed across
different segments due to initial temporal predic-
tion errors. We also report the performance using
other LLMs for temporal correction in Appendix C.

4.2 Temporal Context Augmentation

Following temporal partitioning, we perform coref-
erence resolution enhanced by temporal coherence.
For candidate coreferent event pairs (ei, ej) within
the same time segment Tε, we augment their con-
textual representations to improve disambiguation.
Specifically, we employ the coherence computation
module Coh(·) proposed by Chen et al. (2025a) to
select the most coherent contextual events eprev
from the preceding segment Tε−1 and enext from
the subsequent segment Tε+1 for both ei and ej :

ei,prev = argmaxek∈Tε−1
Coh([hk,hi]),

ei,next = argmaxel∈Tε+1
Coh([hi,hl]).

(9)

We then construct augmented sequences Si and Sj

for event mention ei and ej as follows.

Si = [ctx(ei,prev); ctx(ei); ctx(ei,next)],

Sj = [ctx(ej,prev); ctx(ej); ctx(ej,next)],
(10)

where ctx(e) is the context of event mention e.

4.3 Coreference Scoring

We encode Si and Sj by LongFormer (Beltagy
et al., 2020) to obtain representations fi and fj .
Then we compute the coreference confidence score
through a multi-layer perceptron (MLP):

θij = MLP([fi; fj ]), Sij = Sigmoid(θ). (11)

4.4 Training Objective and Inference

We train our coreference model by minimizing the
binary cross-entropy loss over all candidate event
mention pairs. Given the set of all candidate pairs

4We randomly select 50 samples of temporal relation ex-
traction tasks in MAVEN-ERE, and used ChatGPT, GPT-4
and LLaMa-7B to predict the temporal relations of these 50
samples respectively, and achieved accuracy of 54%, 62%
and 60% respectively, so we choose GPT-4 to intervene in
low-quality prediction. The prompt of temporal relation re-
evaluation is available in Appendix L.1.

P and their coreference labels yij ∈ {0, 1}, the
loss function is defined as:

Lcr = − 1

|P|
∑

(i,j)∈P
[yij logSij+

(1− yij) log(1− Sij)].

(12)

During inference, we group the test set docu-
ments using the method of Barhom et al. (2019).
Within each resulting topic cluster, we treat all
event mention pairs as candidates for coreference.
These candidate pairs are then processed by our
CDECR model to generate pairwise coreference
scores. Finally, we apply best-first clustering
(Huang et al., 2019) to these scored pairs to form
the final coreference chains.

5 Experiment and Discussion

5.1 Experimental Settings

Datasets We evaluate our event coreference model
on ECB+ (Cybulska and Vossen, 2014), GVC
(Vossen et al.), WEC (Eirew et al., 2021) and
ECB+META (Ahmed et al., 2024b) datasets. To
ensure comparability with prior work at the founda-
tional level, we aligns with established benchmarks
in two key aspects: 1) using gold-standard data
for both training and inference, 2) and maintaining
consistency of data partitioning with Bugert et al.
(2021), and Ahmed et al. (2024b) on ECB+, GVC,
and ECB+META datasets respectively. In addition,
we provide a separate comparison with Cattan et al.
(2021) under the setting of extracted mentions in
Appendix D.
Metrics and Hyperparameters Pairwise F1 and
the overall CoNLL-F1 score is used to streamline
evaluation and enhance interpretability. The details
of metrics are available in Appendix E. Besides,
the details of hyperparameters and the performance
under different configurations are available in Ap-
pendix G.
Backbones We evaluate CohTP with different
encoder combinations, which is available in Ap-
pendix F.

5.2 Experimental Results

Table 1 shows evaluation results over the ECB+,
GVC, WEC, ECB+META1 and ECB+METAm test
sets. Our results include comparisons with high-
performing systems from recent years and several
different aspect of ablations. The details of existing
baselines are available in Appendix H.
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System ECB+ GVC WEC ECB+META1 ECB+METAm

Existing Baselines

CD-DCE 76.9 | 88.5 - | 87.3 58.8 | 65.9 61.4 | 72.0 46.1 | 56.2
MP - | - - | - - | - - | 71.4 - | 55.6
KD - | 86.4 - | 83.0 - | - - | - - | -
LLM-Min - | 86.7 - | 87.4 - | - - | - - | -
DSSI - | 85.5 - | - - | 65.0 - | - - | -
CD-DRS - | 86.4 - | - - | - - | 69.2 - | 51.8
HT 67.7 | 77.2 68.1 | 73.4 40.3 | 48.5 46.1 | 56.2 42.3 | 50.1

LLM Intervention
All Samples 74.3 | 85.2 73.6 | 80.8 55.3 | 61.4 56.3 | 65.1 41.7 | 49.6
No Intervention 68.5 | 79.3 64.8 | 70.6 56.8 | 62.5 59.4 | 58.2 38.3 | 44.1

LLM Substitutability
LLaMa-Only 63.1 | 71.4 58.8 | 65.7 49.7 | 55.4 53.4 | 62.2 41.1 | 47.5
LLaMa+Temp 65.8 | 76.8 63.1 | 71.2 51.8 | 58.0 58.1 | 66.0 42.9 | 49.7

Our Model CohTP 77.4 | 88.9 80.4 | 87.7 59.7 | 66.7 62.8 | 72.2 48.3 | 56.6

Temporal Impact
w/o Temporal 76.4 | 86.6 78.9 | 85.8 58.5 | 65.1 61.6 | 70.1 46.7 | 54.3
w/o Temp&Coh 74.9 | 83.9 76.6 | 80.4 56.6 | 63.6 59.5 | 68.4 44.2 | 50.5

Graph Refinement
w/o Trans 76.6 | 87.4 78.7 | 85.5 56.0 | 63.1 62.3 | 70.4 44.5 | 52.9
w/o Sym 76.8 | 88.1 79.0 | 86.1 57.9 | 64.7 62.0 | 71.0 45.4 | 53.3
w/o Sem 77.1 | 88.3 79.5 | 86.2 58.2 | 64.9 62.6 | 70.9 45.8 | 53.6

Table 1: Pairwise | CoNLL-F1 scores of cross-document event coreference resolution on ECB+, GVC, WEC,
ECB+META1 and ECB+METAm datasets, where “-” represents the result that has not been reported. The complete
metrics including MUC, B3, and CEAFe for all datasets are provided in Appendix J Table 12, 13, 14, 15, 16.

Our method CohTP significantly (P < 0.01,
t-test) outperforms most of these baselines on
CoNLL-F1 score, which indicates the effectiveness
of temporal coherence in CDECR.

Compared with the SOTA baseline CD-DCE,
which relies on computationally expensive dis-
course rhetoric structure (DRS), our CohTP of-
fers a more efficient pathway by leveraging tem-
poral coherence. While CD-DCE’s complex struc-
tural modeling achieves strong performance, our
method achieves comparable (even slightly supe-
rior on ECB+, with +0.5 Pairwise-F1 and +0.4
CoNLL-F1) results without the need for complex
discourse parsing. This demonstrates that temporal
constraints provide a computationally more effi-
cient and equally effective inductive bias for event
coreference resolution. On average across all evalu-
ated datasets, our CohTP processed each event men-
tion pair in 1.1 seconds, significantly faster than
CD-DCE’s 2.1 seconds. CohTP is nearly twice as
fast, demonstrating its superior overall efficiency.
A detailed breakdown is provided in Appendix I.

5.3 Ablation and Discussion

Impact of Temporal Information In Table 1, “w/o
Temporal” represents using only the coherence
computation function Coh(·) to match texts that
are semantically coherent with the specific event
mention context, thereby obtaining enhanced nar-
rative texts [ctx(eprev), ctx(e), ctx(enext)] for event
coreference resolution, with the entire process ex-

cluding any temporal information (e.g., temporal
graphs, temporal partitioning), “w/o Temp&Coh”
represents removing coherence information from
the “w/o Temporal” setup, i.e., using only ctx(e)
for event coreference resolution. It can be seen that
removing temporal cues (w/o Temporal) reduces
CoNLL-F1 by 2.3 points on ECB+ (88.9→86.6)
and 1.9 points on GVC (87.7→85.8). When both
temporal and coherence information are eliminated
(w/o Temp & Coh), the performance drop widens to
5.0 points on ECB+ (88.9→83.9) and 7.3 points on
GVC (87.7→80.4). This substantial degradation
demonstrates that while coherence alone aids in
event coreference resolution, the incorporation of
temporal information is crucial for imposing hard
constraints against impossible coreference links
across different time periods, thereby effectively
reducing false positives and leading to more robust
coreference resolution.
Impact of LLM Intervention Strategies GPT-4
intervening on all samples (All Samples) lowers
ECB+ CoNLL-F1 by 3.7 points (88.9 →85.2), as
blanket corrections introduce noise. Without any
intervention (No Intervention), performance drops
sharply by 9.6 points (88.9→79.3), resulting in
more false coreference due to unaddressed SAME-
TIME errors. In contrast, CohTP corrects about
65% of critical erroneous BEFORE predictions,
boosting recall by 2.8% without sacrificing preci-
sion. It indicates that CohTP achieves an optimal
balance between precision and recall.
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Besides, the analysis on LLM Substitutability
and Graph Refinement impact are available in Ap-
pendix J.3 and J.5.
Recover Window Analysis Additionally, we also
extend the cross-time recovery mechanism beyond
adjacent segments to assess its potential for recov-
ering coreferent pairs separated by larger temporal
gaps. Specifically, we varied the recovery window
δ in the target segment Tε, considering Tε±δ for δ
= 0 (no intervention), 1 (adjacent only, our original
setting), 2, 3, and 4. Table 2 reports the results on
ECB+.

RW RR(%) P R F1 CoNLL
δ=0 0.0 72.8 64.7 68.5 79.3
δ≤1 64.9 90.7 67.5 77.4 88.9
δ≤2 69.5 89.5 68.0 77.3 88.5
δ≤3 71.1 88.6 68.4 77.2 88.3
δ≤4 72.0 86.8 68.7 76.7 88.1

Table 2: Results on different sizes of recovery window.
RW=Recovery Window, RR=Recovery Rate. P, R, and
F1 represent the scores of precision, recall, and F1 of
pairwise prediction, respectively.

Our original design (δ=1) strikes the optimal bal-
ance, achieving the highest F1 scores. Extending
recovery to non-adjacent segments introduces more
false positives (hurting precision) and offers only
marginal recall gains, leading to no improvement
(or even degradation) in overall coreference perfor-
mance. Given that only 3.5% of gold coreferent
pairs are separated by ≥2 segments (as shown in
our multi-segment split analysis), the practical ben-
efit of broader recovery is limited. Nevertheless, we
appreciate this suggestion and will include this anal-
ysis in the final version, while noting that exploring
more sophisticated multi-hop recovery methods
(e.g., graph-based propagation) is a promising di-
rection for future work.

5.4 Error Analysis
Errors of Temporal Relation Prediction To di-
rectly quantify the effect of our temporal rela-
tion prediction, we conducted an analysis on a
randomly selected topic from the ECB+ dataset.
27.8% of the gold-standard coreferent pairs were
incorrectly predicted as BEFORE, these pairs were
placed into separate temporal segments and ex-
cluded from coreference resolution, constituting
the primary source of recall loss introduced by
our framework. Among the remaining candidate
coreferent pairs, compared to the baseline without

any temporal information, the inclusion of it cor-
rected erroneous coreference links for 68.1% of
these pairs, while maintaining originally correct
predictions for 22.2%, while only 9.7% introduce
new errors.

These error and correction cases reveal the lay-
ered nature of temporal information expression in
text. Cases misjudged as BEFORE often rely heav-
ily on discourse-level inference or external knowl-
edge, lacking explicit temporal adverbials on the
surface syntactic level, which makes it difficult for
the model to capture their sequential relationship.
In contrast, the successfully corrected SAMETIME
cases involve distinct event arguments (e.g., dif-
ferent participants or locations), where semantic
models tend to conflate them while the temporal
model can effectively differentiate. The minority
of cases that introduce new errors mostly involve
ambiguities in temporal expression.
Errors in Graph Refinement We analyze tempo-
ral consistency in refined graphs from the ECB+
test set, where refinement quality is measured by
conflict rate reduction (we set 60% as the thresh-
old) after processing. In well-refined subgraphs
with over 60% conflict reduction, 73.3% of cases
correct coreference errors present in the initial
graph, 14.6% maintain originally correct predic-
tions, while 12.1% introduce new inconsistencies.
Mechanistic analysis indicates that successful re-
finement typically occurs in densely-connected sub-
graphs where temporal information can propagate
effectively through multiple paths, allowing the EA-
GNN to resolve local prediction errors via global
consistency constraints.

This substantial error correction rate demon-
strates that effective subgraph refinement signif-
icantly improves coreference accuracy. For poorly-
refined subgraphs with under 60% conflict reduc-
tion, 61.4% maintain original results, 29.8% intro-
duce additional coreference errors, and only 8.8%
correct existing mistakes. We observe that these
subgraphs often suffer from sparse connectivity or
contain clusters of mutually reinforcing incorrect
predictions that create stable but erroneous local
minima during refinement. This pattern indicates
that inadequate refinement of subgraphs primarily
degrades rather than enhances coreference reso-
lution performance, particularly when the initial
temporal predictions contain systematic biases in
specific event types.
Impact of LLM Intervention Examining all LLM-
corrected temporal relations reveals that 77.2%
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of interventions properly resolve coreference er-
rors, 12.9% maintain previous correct decisions,
while 9.9% incorrectly modify valid temporal rela-
tions. The high success rate (77.2%) demonstrates
LLM’s effectiveness in handling challenging tem-
poral cases, particularly in scenarios requiring com-
monsense understanding of event durations and typ-
ical sequences that may not be explicitly stated in
text. The 9.9% error rate suggests need for more
precise intervention criteria, with analysis show-
ing that these errors often occur when documents
contain technical or domain-specific temporal ex-
pressions that fall outside the LLM’s training distri-
bution. Notably, 80.5% of successful interventions
involve correcting BEFORE relations to SAME-
TIME, confirming that cross-time coreference re-
covery is the primary benefit of LLM integration.
This pattern aligns with our expectation that LLMs
excel at identifying contemporaneous events de-
scribed with varying temporal expressions, whereas
our base temporal model might over-segment these
into separate time periods due to surface-level lin-
guistic differences.

5.5 Case Study
We present a concrete case from the ECB+ test set
to illustrate how our temporal coherence framework
resolves coreferent event mentions. The example
involves multiple earthquake type events across
eight sentences.

Context S1: Indonesia ’s West Papua province
was hit by a magnitude 6.1 ⟨earthquake⟩ today , the
latest powerful tremor to shake the region where
five people were killed and hundreds injured at the
weekend when buildings were destroyed .

Context S2: A strong ⟨earthquake⟩ rattled In-
donesia ’s West Papua province Wednesday just
days after a powerful quake levelled buildings and
killed one person .

Context S3: Atururi said a 10-year-old girl was
⟨killed⟩ and at least 40 people were injured in the
⟨earthquakes⟩ , which rekindled bitter memories of
similar deadly quakes that hit the town in 2002 .

Context S4: A series of powerful ⟨earthquakes⟩
rocked Manokwari , the capital of West Papua , on
Sunday , killing four people , injuring dozens and
destroying hundreds of buildings .

Context S5: A series of earthquakes ⟨killed⟩ a 10-
year-old girl and injured dozens Sunday in remote
eastern Indonesia and briefly triggered fears of
another tsunami in a country still recovering from
such a disaster in 2004 .

Consider three key event mentions: the
⟨earthquake⟩ in context S1 (“Indonesia’s West
Papua province was hit by a magnitude 6.1 earth-
quake today”), the ⟨earthquake⟩ in context S2 (“A
strong earthquake rattled Indonesia’s West Papua
province Wednesday”), and the ⟨earthquakes⟩ in
context S4 (“A series of powerful earthquakes
rocked Manokwari... on Sunday”). While these
mentions share similar semantics and location, they
refer to distinct seismic events occurring at differ-
ent times.

Our temporal analysis successfully distinguishes
these events through explicit time cues: “today”
in S1, “Wednesday” in S2, and “Sunday” in S4.
The BERT-NLI classifier identifies these as tem-
porally distinct occurrences, while the EA-GNN
refinement reinforces these temporal distinctions
in the graph structure. The temporal partitioning
module subsequently places these events into sep-
arate time segments, preventing them from being
considered as coreference candidates.

Meanwhile, our method correctly identifies
coreferent events that share both semantic and tem-
poral consistency. For instance, the ⟨killed⟩ events
in context S3 (“a 10-year-old girl was killed”) and
context S5 (“A series of earthquakes killed a 10-
year-old girl”) are properly clustered together as
they refer to the same casualty incident within com-
patible timeframes.

This case demonstrates two key advantages of
our approach: it effectively separates temporally
distinct but semantically similar events that would
cause false positives in baseline methods, while
successfully identifying genuine coreference links
through joint temporal-semantic analysis. The ex-
plicit modeling of temporal constraints proves par-
ticularly valuable in news scenarios where multiple
related events occur in close succession but repre-
sent distinct real-world occurrences.

6 Conclusion

We proposed a novel framework CohTP for
CDECR that leverages the constraint that corefer-
ent events must occur within overlapping time peri-
ods. Our approach constructs and refines temporal
graphs to partition events into coherent segments,
then performs coreference resolution within these
segments while incorporating temporally-aware
context augmentation. Experiment results on sev-
eral datasets demonstrate that our proposed method
outperforms several state-of-the-art baselines.
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Limitations

Our method still suffers from several shortcom-
ings, which will be addressed in our future work.
First, we only perform coreference resolution on
golden mentions. The upstream task span detection
is also important for coreference resolution. Sec-
ond, the performance of our temporal segmentation
framework heavily relies on the initial temporal re-
lation predictions. Errors in the temporal graph
construction phase can propagate to subsequent
coreference resolution. Third, the granularity of
temporal partitioning presents challenges, overly
fine-grained segments may separate truly corefer-
ent events, while overly coarse segments may in-
clude temporally incompatible events. Fourth, in
the rule-based post-processing for resolving transi-
tive conflicts, we employ a sum of probabilities as
a practical heuristic to approximate joint likelihood.
While effective (as shown in ablation studies), a
product of probabilities would be more principled
from a probabilistic graphical model perspective.
Exploring this represents a valuable direction for
future refinement of the framework. In future work,
we plan to develop more robust temporal relation
classifiers that better handle complex event dura-
tions and fuzzy temporal expressions. We will also
explore adaptive temporal partitioning strategies
that dynamically adjust segment granularity based
on event density and characteristics. Finally, we
aim to extend our temporal coherence framework
to multilingual and multimodal settings, exploring
methods to establish temporal consistency across
different languages and modalities (e.g., text and
video), thereby enhancing the broader applicability
of our approach.
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A Rule-based Residual Conflict
Correction

A.1 Conflict Detection

We identify two primary types of temporal conflicts
in the refined temporal graph:

• Symmetric Conflicts: Occur when (ei, ej) is
predicted as SAMETIME but (ej , ei) is pre-
dicted as BEFORE, violating the symmetry
property.

• Transitive Conflicts: Arise from violations
of temporal transitivity rules across event
triplets (ei, ej , ek), where the relations be-
tween (ei, ej) and (ej , ek) imply a specific
relation between (ei, ek) that contradicts the
model’s prediction.

Table 3 shows the transitive conflict patterns for
event triplet (ei, ej , ek).

Pattern (ei, ej) (ej , ek) (ei, ek) Conflict
1 B B B
2 B B S ✓
3 B S B
4 S B B ✓
5 S B B
6 S B S ✓
7 S S B ✓
8 S S S

Table 3: Transitive Conflict Patterns for Event Triplet
(ei, ej , ek). B = BEFORE, S = SAMETIME; ✓ indi-
cates conflict presence.

A.2 Conflict Correction

For symmetric conflicts, we adopt the relation with
higher confidence score, removing contradictory
bidirectional connections and retaining only the
unidirectional relation.

For transitive conflicts, we employ a joint proba-
bility maximization approach. Given initial predic-
tions:

• pred(ei, ej) = (SAME, [0.2, 0.8]),

• pred(ej , ek) = (BEFORE, [0.9, 0.1]),

• pred(ei, ek) = (SAME, [0.3, 0.7]),

we calculate joint probabilities for valid patterns as
table 4:

Pattern (ei, ej) (ej , ek) (ei, ek) Sum
B-B-B 0.2 0.9 0.3 1.4
B-S-B 0.2 0.1 0.3 0.6
S-B-B 0.8 0.9 0.3 2.0
S-S-S 0.8 0.1 0.7 1.6

Table 4: Probability calculation example.

Dataset Sum Product ∆(Sum - Product)
ECB+ 88.9 88.7 +0.2
GVC 87.7 87.4 +0.3
WEC 66.7 66.1 +0.6
ECB+META1 72.2 71.7 +0.5
ECB+METAm 56.6 56.2 +0.4

Table 5: CoNLL-F1 scores for different conflict resolu-
tion strategies.

The S-B-B pattern achieves the highest joint
probability (2.0), therefore we correct the predic-
tions to:

• (ei, ej): SAMETIME

• (ej , ek): BEFORE

• (ei, ek): BEFORE (corrected from SAME-
TIME).

A.3 Comparison of Conflict Resolution
Strategies

We conducted a comparative experiment replacing
the heuristic sum of probabilities with the more
principled product of probabilities. Table 5 shows
the performance difference on the CoNLL-F1 met-
ric across all datasets.

While the product of probabilities is theoret-
ically more grounded for assessing joint likeli-
hood, the heuristic sum of probabilities yields

29162



marginally superior performance across all bench-
marks. The consistent but small performance gap
(0.2-0.6 F1 points) suggests that in the context of
our temporally-constrained graph, the sum heuris-
tic serves as a robust and effective approximation
for selecting the most consistent temporal pattern.
Therefore, we retain the sum of probabilities in our
final model, as it provides better performance.

B Details of Performance Monitoring

To identify candidate samples whose labels are
likely incorrect and would degrade the model’s
temporal reasoning capability if learned. We mon-
itor a highly sensitive metric—the aggregate shift
in the model’s predictive confidence for the cor-
rect labels across the entire MAVEN-ERE test set.
This detects harmful “cognitive drift” even when
no prediction flips from correct to incorrect.

For each candidate sample S, we perform a min-
imal update (a few steps with a low learning rate)
and compute the sum of probability changes for
the correct class over all test samples. Consider a
test set with 4 samples. Table 7 shows the model’s
predictions before and after the update with the
candidate S.

The Total Aggregate Impact is: (+0.0002) + (-
0.0001) + (+0.0003) + (-0.0006) = -0.0002.

A negative total proves that S’s influence, in ag-
gregate, degrades the model’s confidence on estab-
lished facts, thus flagging it as a low-quality sample.
This method is far more sensitive and principled
than monitoring accuracy.

This diagnostic is computationally manageable
because it is highly parallelizable. Each sample’s
test is independent. On an RTX 4090, we can run
6 diagnostics concurrently. This reduces the total
wall-clock time for processing all low-confidence
samples to a highly practical about 2 hours. This
targeted investment is justified, as it precisely iden-
tifies the 32% of samples that benefit most from
LLM correction, leading to significant overall per-
formance gains.

C Temporal Correction by Other LLMs

Table 6 presents the zero-shot and few-shot tem-
poral correction performance of GPT-3.5-Turbo,
LLaMa-7B, Flan-T5, and our GPT-4 model across
all evaluation datasets.

D Performance on Extracted Mentions

Following established practices (e.g., Cattan et al.
(2021)), we evaluated our method using both gold
and predicted mentions in Table 8 and the results
show the CoNLL-F1 is 62.8, much lower than that
using gold mentions (88.9). The performance drop
(-26.1) is consistent with patterns in prior work
(e.g., Cattan et al. (2021) reported a drop from 81.0
to 54.4), highlighting the challenge of error prop-
agation from mention detection. Despite this, our
temporal coherence framework provides a relative
advantage, and we plan to explore joint modeling
for mention detection and coreference in future
work.

E Metrics

While previous studies often report MUC (Vilain
et al., 1995), B3 (Bagga, 1998), and CEAFe (Luo,
2005) metrics individually, we focus on Pairwise F1
and the overall CoNLL-F1 score to streamline eval-
uation and enhance interpretability. The Pairwise
F1 score offers a direct assessment of the model’s
ability to perform the fundamental task of classi-
fying coreference links, which is the basis of our
approach. The CoNLL-F1 score, as the standard
blend of MUC, B3 , and CEAFe, provides a unified
and robust summary of system performance, miti-
gating the bias of any single metric and facilitating
direct comparison with the majority of existing lit-
erature.

F Backbones Evaluation

We experiment with DeBERTa-v3-large(He et al.,
2021) and ModernBERT-large(Warner et al., 2025)
for both temporal relation prediction and corefer-
ence resolution. Table 10 reports the CoNLL-F1
scores on ECB+.

G Hyperparameters

For temporal relation initialization, we fine-tune
BERT-large with a batch size of 16 over 5 epochs,
using a learning rate of 2e-5 and dropout rate of 0.1.
The graph layers and hidden states dimensional of
EA-GNN are set to 3 and 256 respectively. We
train our EA-GNN with a batch size of 8 for 50
epochs at learning rate 5e-5 and dropout 0.2. In the
temporal-aware coreference resolution stage, we
use Longformer-base to encode augmented event
sequences, with batch size 8, 10 training epochs,
learning rate 1e-5, and dropout 0.1. Our imple-
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LLM Setting ECB+ GVC WEC ECB+META1 ECB+METAm
No Invervention - 79.3 70.6 62.5 58.2 44.1

GPT-3.5-Turbo
Zero-shot 84.7 76.5 64.6 65.0 48.5

Few-shot(k=4) 86.0 78.8 65.8 67.5 50.8

LLaMa-7B
Zero-shot 81.5 73.9 63.0 62.0 46.0

Few-shot(k=4) 83.2 76.0 64.5 64.8 48.5

Flan-T5
Zero-shot 80.8 73.2 62.8 61.5 45.5

Few-shot(k=4) 82.5 75.4 64.2 64.0 47.9

GPT-4 (Ours)
Zero-shot 87.5 83.0 65.5 70.5 54.0

Few-shot(k=4) 88.9 87.7 66.7 72.2 56.6

Table 6: CoNLL-F1 of Large Language Models for Temporal Correction

TS Predorig PredS
update IV

s1 [0.3, 0.7];(ST) [0.298, 0.702] +0.002 (P)
s2 [0.8, 0.2];(ST) [0.801, 0.199] -0.001 (N)
s3 [0.6, 0.4];(BF) [0.603, 0.397] +0.003 (P)
s4 [0.1, 0.9];(BF) [0.094, 0.906] -0.006 (N)

Table 7: Predictions before and after the update.
TS=Test Sample, Predorig represents original prediction,
whose format is “[pBF , pST ]; (gold label)”, PredS

update
represents prediction after updating with S, IV=Impact
Value, P=Positive-impact, N=Negative-impact.

MUC B3 CEAFe CoNLL

Cattan
Gold 83.5 82.4 77.0 81.0
Predicted 65.9 53.0 44.3 54.4

Ours
Gold 90.5 89.4 86.7 88.9
Predicted 72.8 62.2 53.5 62.8

Table 8: ECB+ performance comparison under the set-
ting of extracted mentions.

mentation utilizes the Adam optimizer across all
stages.

As shown in Table 9 (using ECB+ as an exam-
ple), the ablation study on the two key hyperparam-
eters reveals the following patterns:

1) Fixing K=3: Our chosen hidden dimension
of 256 is optimal. Reducing it to 128 causes a sig-
nificant performance drop (-1.4 CoNLL-F1), while
increasing it to 512 yields no improvement, indi-
cating 256 is a sufficient and efficient choice.

2) Fixing Hidden Dim=256: Our choice of K=3
is also optimal. Using fewer layers (K=2) leads
to insufficient message passing (-1.6 CoNLL-F1),
while more layers (K=4) result in over-smoothing
and a performance drop.

Hidden Dim K CoNLL

ECB+
128|256|512 3 87.5|88.9|88.7

256 2|3|4 87.3|88.9|88.1

GVC
128|256|512 3 86.8|87.7|87.6

256 2|3|4 86.9|87.7|87.2

WEC
128|256|512 3 65.6|66.7|66.4

256 2|3|4 65.8|66.7|66.4

ECB+META1
128|256|512 3 71.4|72.2|71.8

256 3|4|5 71.1|72.2|72.0

ECB+METAm
128|256|512 3 55.8|56.6|56.3

256 3|4|5 55.5|56.6|56.5

Table 9: Performance using different hyperparameters.

TR Backbone CR Backbone CoNLL-F1
BERT-Large LongFormer 88.9
DeB3-Large LongFormer 88.8
MoB-Large LongFormer 88.9
BERT-Large DeB3-Large 87.5
MoB-Large DeB3-Large 87.9
BERT-Large MoB3-Large 89.1
DeB3-Large MoB-Large 89.1
MoB-Large MoB-Large 89.4

Table 10: ECB+ results on different combination of
backbones. TR=Temporal Relation, CR=Coreference
Resolution, DeB3=DeBERTA-v3, MoB=ModernBERT.

H Details of Existing Baselines

CD-DCE proposed by Chen et al. (2025a) en-
hanced semantics coherence between event con-
texts to improve CDECR; Metaphoric paraphras-
ing(Ahmed et al., 2024b) (MP) is the research that
proposed ECB+META dataset. Nath et al. (2024)
implemented knowledge distillation (KD) methods
for event coreference scoring. Min et al. (2024)
combined the strengths of LLMs and SLMs (LLM-
Min), leading to significant performance improve-
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ments. Gao et al. (2024) enhanced CDECR by dis-
course structure and semantic information (DSSI).
Chen et al. (2023) constructed cross-document dis-
course rhetoric structure (CD-DRS) to capture the
global interaction between event mentions.

Additionally, we implement a temporal con-
straint baseline HT5 that relies on the HeidelTime
temporal normalizer for comparison. HT achieves
CoNLL-F1: 77.2 on ECB+, which is significantly
lower than our CohTP’s 88.9 (-11.7 points). The
performance gap underscores that rule-based tem-
poral normalization, while useful, is insufficient for
robust CDECR due to limited coverage and inabil-
ity to capture implicit temporal relationships. Our
data-driven approach effectively overcomes these
limitations.

I Efficiency Comparison: CohTP vs.
CD-DCE

We provide a detailed breakdown using a sample of
document cluster from the ECB+ dataset contain-
ing approximately 400 event mention pairs and all
experiments were conducted on the same NVIDIA
RTX 4090 GPU to ensure a fair comparison.

CohTP CostCohTP(s) CostCD-DCE(s) CD-DCE
TRI 41.2 98.5 DP
TGR 59.4 123.6 TIC

RCC+TP 33.5
252.0 Coh(·)

CTCR 183.6
TCA 59.1 153.8 MFR
CP 64.8 198.6 CP

Total cost 441.6 826.5 Total cost

Table 11: Cost details of CohTP and CD-DCE, where
TRI=Temporal Relation Initialization, TGR=Temporal
Graph Refinement, RCC=Residual Conflict Correc-
tion, TP=Temporal Partitioning, CTCR=Cross-Time
Coref. Recovery, TCA=Temporal Context Augmen-
tation, CP=Coreference Prediction, DP=Document
Proprocessing, TIC=Training Instance Construction,
MFR=Mention Feature Representation.

From Table 11, we can infer that the CTCR step,
which invokes GPT-4 for only 32% of samples,
takes 183.6s. If applied to all samples, this step
would scale to 573.8s, increasing CohTP’s total
time to 827.2s, which would exceed CD-DCE’s
total 822.0s. This demonstrates that our selective

51) Using HeidelTime for explicit temporal expression
extraction; 2) Applying TF-IDF similarity to find the most
relevant document within the same topic for fallback temporal
anchors; 3) Ensuring 100% temporal coverage for all event
mentions.

intervention strategy is crucial for maintaining the
efficiency edge.

J Experimental Results on All Metrics

J.1 Baseline Comparison

Table 12 shows the performance comparison of
complete metrics with our CohTP with existing
baselines. CohTP outperforms these baselines on
all metrics.

ECB+ MUC B3 CEAFe CoNLL
CD-DCE 90.3 89.0 86.3 88.5
KD 87.9 86.8 84.5 86.4
LLM-Min 88.2 87.8 84.1 86.7
DSSI 86.6 85.4 81.3 84.4
CD-DRS 88.3 87.3 83.6 86.4
HT 81.1 77.3 73.3 77.2
CohTP 90.5 89.4 86.7 88.9
GVC MUC B3 CEAFe CoNLL
CD-DCE 93.2 86.5 82.3 87.3
KD 92.9 84.3 71.7 83.0
LLM-Min 92.8 87.2 82.1 87.4
HT 79.7 72.4 67.7 73.4
CohTP 93.5 87.3 82.4 87.7
WEC MUC B3 CEAFe CoNLL
CD-DCE 82.5 67.1 48.2 65.9
DSSI 81.8 65.8 47.3 65.0
HT 66.5 51.0 28.0 48.5
CohTP 83.1 68.0 49.1 66.7
ECB+META1 MUC B3 CEAFe CoNLL
CD-DCE 74.1 73.2 68.7 72.0
MP - - - 71.4
CD-DRS 70.1 72.0 65.5 69.2
HT 58.5 55.0 55.1 56.2
CohTP 74.2 73.5 68.9 72.2
ECB+METAm MUC B3 CEAFe CoNLL
CD-DCE 58.8 57.3 52.4 56.2
MP - - - 55.6
CD-DRS 54.3 52.8 48.3 51.8
HT 53.2 49.9 47.2 50.1
CohTP 59.1 57.9 52.7 56.6

Table 12: Complete metrics of our model and existing
baselines.

J.2 LLM Intervention Results

Table 13 shows the complete metrics of different
LLM intervention strategies. Our strategy performs
best among other strategies across all metrics.
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ECB+ MUC B3 CEAFe CoNLL
All Samples 87.1 85.6 82.9 85.2
No Intervention 84.9 78.5 74.6 79.3
CohTP 90.5 89.4 86.7 88.9
GVC MUC B3 CEAFe CoNLL
All Samples 84.5 80.2 77.7 80.8
No Intervention 77.8 69.6 64.4 70.6
CohTP 93.5 87.3 82.4 87.7
WEC MUC B3 CEAFe CoNLL
All Samples 79.5 63.0 45.0 62.5
No Intervention 77.0 62.5 44.7 61.4
CohTP 83.1 68.0 49.1 66.7
ECB+META1 MUC B3 CEAFe CoNLL
All Samples 67.5 65.8 62.0 65.1
No Intervention 61.0 58.5 55.1 58.2
CohTP 74.2 73.5 68.9 72.2
ECB+METAm MUC B3 CEAFe CoNLL
All Samples 52.5 50.0 46.3 49.6
No Intervention 47.0 44.5 40.8 44.1
CohTP 59.1 57.9 52.7 56.6

Table 13: Results of LLM Intervention Analyses

J.3 LLM Substitutability Results

Table 14 shows the complete metrics regarding
LLM substitutability under different settings. Com-
paring our method with pure LLM-based corefer-
ence resolution highlights the critical role of tempo-
ral integration. When using LLaMa alone (LLaMa-
Only), the model achieves only 71.4 CoNLL-F1 on
ECB+, due to the absence of temporal guidance.
However, when enhanced with temporal graphs
(LLaMa + Temp), the performance improves to
76.8 F1. We employ LLaMa-7B following Chen
et al. (2025b), where it demonstrated state-of-the-
art performance in direct coreference resolution.
This improvement underscores the advantage of
dedicated temporal modeling over standalone LLM
inference6.

J.4 Temporal Impact Results

Table 15 shows the complete metrics for ablations
on the temporal component, which indicates the
effectiveness of combination of temporal and co-
herence information across all metrics.

6The prompts for event coreference with and without tem-
poral information is available in Appendix L.2 and L.3 re-
spectively.

ECB+ MUC B3 CEAFe CoNLL
LLaMa-Only 77.9 70.8 65.5 71.4
LLaMa+Temp 82.7 75.2 72.6 76.8
CohTP 90.5 89.4 86.7 88.9
GVC MUC B3 CEAFe CoNLL
LLaMa-Only 71.8 64.9 60.5 65.7
LLaMa+Temp 78.1 71.1 64.3 71.2
CohTP 93.5 87.3 82.4 87.7
WEC MUC B3 CEAFe CoNLL
LLaMa-Only 71.5 55.0 39.7 55.4
LLaMa+Temp 73.0 56.5 44.5 58.0
CohTP 83.1 68.0 49.1 66.7
ECB+META1 MUC B3 CEAFe CoNLL
LLaMa-Only 66.5 61.8 58.3 62.2
LLaMa+Temp 69.5 65.8 62.7 66.0
CohTP 74.2 73.5 68.9 72.2
ECB+METAm MUC B3 CEAFe CoNLL
LLaMa-Only 51.5 47.0 44.0 47.5
LLaMa+Temp 53.5 49.0 46.6 49.7
CohTP 59.1 57.9 52.7 56.6

Table 14: Results of LLM Substitutability Analyses

J.5 Graph Refinement Results

Table 16 shows the complete metrics for abla-
tions on the graph refinement module. The tran-
sitivity component demonstrates the most signifi-
cant impact among temporal refinement losses7.
Removing transitivity constraints (w/o Trans)
causes CoNLL-F1 drops of 1.5 points on ECB+
(88.9→87.4) and 2.2 points on GVC (87.7→85.5),
representing the largest performance degradation
across all ablation settings. This substantial decline
occurs because transitivity violations directly prop-
agate errors through event chains - a single incor-
rect relation can corrupt multiple downstream pre-
dictions. The symmetry and semantic constraints
show milder effects, with F1 reductions of 0.6-1.6
points across datasets. These results confirm that
maintaining transitive closure is fundamental to
temporal consistency, as it ensures coherent event
ordering across multi-hop connections in the graph.

K Graph Refinement Performance

We report the temporal conflict rates before and
after EA-GNN refinement across the five evalu-
ation datasets in Table 17. The EA-GNN con-

7The temporal conflict rates before and after EA-GNN
refinement across the four evaluation datasets are available in
Appendix K.
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ECB+ MUC B3 CEAFe CoNLL
w/o Temporal 88.5 87.2 84.1 86.6
w/o Temporal&Coh 86.0 84.5 81.2 83.9
CohTP 90.5 89.4 86.7 88.9
GVC MUC B3 CEAFe CoNLL
w/o Temporal 91.5 85.5 80.4 85.8
w/o Temporal&Coh 88.5 81.5 71.2 80.4
CohTP 93.5 87.3 82.4 87.7
WEC MUC B3 CEAFe CoNLL
w/o Temporal 81.5 65.8 48.0 65.1
w/o Temporal&Coh 80.2 64.5 46.1 63.6
CohTP 83.1 68.0 49.1 66.7
ECB+META1 MUC B3 CEAFe CoNLL
w/o Temporal 72.5 71.8 66.0 70.1
w/o Temporal&Coh 71.0 70.5 63.7 68.4
CohTP 74.2 73.5 68.9 72.2
ECB+METAm MUC B3 CEAFe CoNLL
w/o Temporal 57.5 56.2 49.2 54.3
w/o Temporal&Coh 55.5 54.2 41.8 50.5
CohTP 59.1 57.9 52.7 56.6

Table 15: Results of Temporal Impact Analyses

sistently reduced temporal conflicts by 58.8% to
66.9%, with the highest reduction on ECB+ (from
24.5% to 8.1%) and the lowest on METAm (from
33.5% to 13.8%). These results demonstrate the
robust effectiveness of our graph refinement ap-
proach in improving temporal consistency across
diverse datasets.

L LLMs Prompts

L.1 Prompt for Temporal Relation
Verification

Verify the temporal relationship between two
events.

Event A: “{event_a_context}”
Event B: “{event_b_context}”
Current Prediction: {predicted_relation} (confi-

dence: {confidence_score:.2f})
Supporting evidence from nearby events:
- {adjacent_event_1}
- {adjacent_event_2}
Instructions:
1. Analyze the temporal relationship between

Event A and Event B
2. Consider the supporting evidence from adja-

cent events
3. Output ONLY one of: “BEFORE”, “SAME-

TIME”, or “UNCLEAR”

ECB+ MUC B3 CEAFe CoNLL
w/o Trans 89.0 88.0 85.2 87.4
w/o Sym 89.5 88.7 86.1 88.1
w/o Sem 89.7 88.9 86.3 88.3
CohTP 90.5 89.4 86.7 88.9
GVC MUC B3 CEAFe CoNLL
w/o Trans 91.5 85.5 79.5 85.5
w/o Sym 92.2 86.2 80.0 86.1
w/o Sem 92.4 86.3 79.9 86.2
CohTP 93.5 87.3 82.4 87.7
WEC MUC B3 CEAFe CoNLL
w/o Trans 80.5 65.5 43.3 63.1
w/o Sym 81.5 66.5 46.1 64.7
w/o Sem 81.7 66.7 46.3 64.9
CohTP 83.1 68.0 49.1 66.7
ECB+META1 MUC B3 CEAFe CoNLL
w/o Trans 72.5 71.8 66.9 70.4
w/o Sym 73.0 72.3 67.7 71.0
w/o Sem 72.9 72.2 67.6 70.9
CohTP 74.2 73.5 68.9 72.2
ECB+METAm MUC B3 CEAFe CoNLL
w/o Trans 57.0 55.8 45.9 52.9
w/o Sym 57.5 56.3 46.1 53.3
w/o Sem 57.8 56.6 46.4 53.6
CohTP 59.1 57.9 52.7 56.6

Table 16: Results of Graph Refinement Analyses

4. Do not include any explanations or additional
text

Output:

L.2 Prompt for Event Coreference Resolution

Determine if the following two event mentions re-
fer to the same real-world event.

Event Mention 1: “{mention_1_text}” Context
1: “{mention_1_context}”

Event Mention 2: “{mention_2_text}” Context
2: “{mention_2_context}”

Instructions:
- Analyze whether these two mentions describe

Dataset Conflict Rate Reduction
ECB+ 24.5%|8.1% 66.9%
GVC 31.2%|11.7% 62.5%
WEC 33.6%|12.8% 61.9%
ECB+META1 28.8%|10.9% 62.2%
ECB+METAm 33.5%|13.8% 58.8%

Table 17: Temporal conflict rate on average before and
after (before|after) EA-GNN refinement.
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the same specific occurrence
- Consider semantic similarity, arguments, and

contextual clues
- Output ONLY “YES” or “NO”
- Do not provide explanations
Answer:

L.3 Prompt for Temporal-aware Event
Coreference Resolution

Determine coreference considering temporal con-
straints.

Event Mentions:
- Mention 1: “{mention_1_text}” (Time:

{time_segment_1})
- Mention 2: “{mention_2_text}” (Time:

{time_segment_2})
Temporal Graph Information: {rele-

vant_temporal_relations}
Instructions:
1. Check if events are temporally compatible

(same or adjacent time segments)
2. Analyze semantic similarity and coreference

clues
3. Respect temporal constraints - events in dis-

tant segments cannot be coreferent
4. Output ONLY “COREFERENT” or “NON-

COREFERENT”
Answer:
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